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Summary

Genotoxic risk from exposure to pharmaceutical compounds has historically been
focussed on dichotomous hazard characterisation, with little regulatory acceptance of risk
assessment paradigms. The regulations focus on testing novel compounds with outdated
genotoxicity test systems. Recent overwhelming support of the Benchmark Dose (BMD)
methodology provides the baseline for advanced exposure risk assessments. Novel flow
cytometric in vitro DNA damage response assays (MultiFlow and ToxTracker) have been
developed that provide quantitative dose-response information that can be used in a high-
throughput screening environment. In the following work, BMD modelling is applied to the
MultiFlow and ToxTracker biomarker dose-response datasets. This work demonstrates that
the MultiFlow dose-response biomarker datasets are amenable to BMD analysis for a set of
clastogens and aneugens, and that the biomarker dose-responses correlate with dose-
responses from the gold-standard in vitro micronucleus assay. A detailed appraisal of BMD
confidence intervals (CIs) is provided for a selection of 10 clastogens requiring metabolic
activation (with S9), demonstrating the criticality of using BMD uncertainty measures in
comparative potency analysis. A comparative potency algorithm is developed and utilised in
machine learning to distinguish four S9-dependent groupings: high and low-level
potentiation, no effect, and diminution. A deep dive case study is presented for MultiFlow
and ToxTracker analysis of Topoisomerase II Poisons, where BMD CI potency ranks are
shown to correlate broadly with compound structural information. The Adverse Outcome
Pathway (AOP) for Topoisomerase-II Poisoning is developed upon, and the Lhasa Derek
Nexus alerts are mapped to the AOP. A Quantitative Structural Activity Relationship model
is developed using Topoisomerase-II Poison molecular descriptors and BMD measurements
from MultiFlow and ToxTracker biomarkers that correspond to Key Events relative to the
Topoisomerase-1I Poison AOP. This thesis provides an all-encompassing report of in vitro
DNA damage response biomarker BMD analysis for compound potency ranking and read

acCross.

i



Table of Contents

AACKNOWLEDGMENTS ..ttt sttesteeteeteeuteeuteeutesusesusesueesueesueasseanbeenbeeabeeaseaasesasesaeeeaeeeheanbeenbeenbeenbeeabeeabeeateeuteenbensaesbaenneas I
SUMMARY L.ttt ettt et eib e e s e e e s e b bt e e s e aba e e e s s be e e s e b b e s et e aba e e e s b b e e e e e b b e e e s b et e et a e e e s R et e e s e a e e e s aa e e s sanbeeeeas I
TABLE OF CONTENTS.cetiuuttteiiiurttesiireessiitteessirteesessae e s sba e e e s abe e e e ssbb e e e sab e e e s e aba e e s s b e e e e e s b e e e s e sb e e e s aabaeesenbaeesanbaeeesanbaeenes Il
LIST OF TABLES ..eetiutttet ittt sttt sttt sttt ettt e e s bt e e st e e s bb e e e e s b bt e s e b b e e s s bbb e e e s s b e e e s e ab e e e s s abaee e s aaba s e s enbaseseabaeeas X
LIST OF FIGURES. ¢ uutttetittite ittt sttt sttt st e et e e s b e e s bbb e e e s b e e e e s b b e e s s bbb e e s aab e e e s e b e e e s sabbeeesaabasesenraeesannnees XI
AABBREVIATIONS ...ettettettesttesteeteeuteeuteeutesutesatesaeesueesueabeeabeaabeeabeeabesaeesatesaeesheabeanbeenbeeabeeabeeabesabeeaeenstanbeenbeenbeensas XXIX
CHAPTER 1. GENERAL INTRODUCTION ....coioiiiueeiiiiisiunneiniissnneessssssssesssssssssesssssssssesssssssssesssssssssssssssssssssssssans 1
1.1 THE PRACTICE OF GENETIC TOXICOLOGY ...uuvveeiirrieseiretessirteessnttesssrasessssaessssbaeessssbasesansssessanraeesssssesesansnasssansesesas 1
O D) \VV: W0 o T Lo To T= Y L=l o Lo [ T Y SRS 1
1.1.1.1 DNA-reactive geNOTOXIC COMPOUNDS ......eeruieeiriereeerieeiteeseesteeteesseesaeeseesseesseeesseesseessessseessesssesssesssessnsesssees 3
1.1.1.2 Non-DNA Reactive GENOLOXIC COMPOUNGS......cccuerrieeireerierieeteeseeseessseesseeseeesseesseessseesseessessnsessseessessssesssees 3

1.2 INDUSTRIAL GENOTOXICITY ASSESSMENT REGULATORY LANDSCAPE ......uvviiiiiiiiiiiiiieneireee sttt sene e snnee e 4
1.2.1 Stage 1: The Standard IN Vitro TESt BALLEIY ........cccueeeueesieesisesieesieesiieesiteesiseesitassssssssssssssssesssasseens 4
1.2.2 Stage 2: Inclusion of an In Vivo GENOLOXICItY TESL ......c..cccvueeeuresieesiiesiieeeiieessieessieseseesssesesssessinasiseens 6
1.2.3 Hazard and Risk ASS€SSMENT PAIAQIGIMS ........ccceevcuveeiieesiieesisesieesieessieesieessieestesesssassssasssssessssasseens 9
1.3 DOSE RESPONSE RELATIONSHIPS IN GENETIC TOXICOLOGY ..uevveriiurrieiiiiriieiiirtessiieeesssireresssseessinreeessnnesesesnneessanseeesas 9
1.3.1 Linear and ThreShold DOSE RESPONSES...........ceeceeeieeeiieeiieesisesieestsesitaesseesssessstessssssssssssssssssssasseens 9
1.3.2 The No Observed Effect LEVEI (NOEL) ........ccuueeceeeciieeiiessieesisesteesitesiaesitaestaasiaessseastaassseassssaesseas 14
1.3.3 Threshold DOSe RESPONSE MOUEIS .........c..cecuveecueesiieeiiisesieesisesie ettt s e ettt e s etaesteessseesstaasssesssseaenses 18
1.3.3.1 Use of the Threshold Dose-Response Model in Industry: The Viracept STOry......ccoceeveeveereescieeseeseesireenns 21

1.3.4 The Benchmark Dose-ReSPONSE MOUEL...........cccuuevcueeeiiisiieeiisesieesitesieesiaesiaessteassieesstaasssasssseaesses 23

B TR 3t R D - | = T Y o =S PP OUPPUTPN 23
1.3.4.2 Dose-Response Modelling of ContinUoUs ENAPOINTS.......cceeiercieiieerieeieeieesee e e e e saeeseesaeesreessaesseenes 23

O B0 B 1 =N =11V 1 Y o o o - ol o SRS 24
1.3.4.4 BMD Modelling of In Vitro GenotoxiCity ENAPOINTS.......ccceeeiieieiiieeiieiecree st ee et see e snee e 28

1.4 MODERN GENOTOXICITY IN VITRO TEST SYSTEMS ..ceiiurrieiiiuiiieiiiiieeiiiite ettt e srate s e s ira e s snae e s s sibe s e s ssnasessnnes 30
1.4.1 High Content FIOW CYtOMELIIC ASSAYS .....vveiuureeireesitieeiiisssiieeiiesesseessisesissesssssssssssssssssesssssssssesssssssssess 31
1.4.2 Litron’s MicroFlow In Vitro MiCrONUCIEUS ASSQY .......cccuevcveecesesieeiiiesieesisesissesiseesssesssssesssessssssnses 33
1.4.3 Litron’s MultiFlow In Vitro Cellular DNA DAMQAGE ASSQY .....cc.vveeueeeriresiresiiesiieesiieesisessissasisessssssssens 36
1.4.4 Toxys’ ToxTracker In Vitro Fluorescent Reporters of DNA DAMAQGE.........ccccveeeueesvveeieesiveeieasieennnnns 37
1.5 THE 21°" CENTURY GENOTOXICITY RISK ASSESSMENT FRAMEWORK ....veuveeuteeutesutesitesitesieesueesieesseeteensesnsessesneesnnesae 39
1.5.1 Quantitative Structural Activity Relationships and ReAd ACIOSS .........cccueevuveevvesiveeiiesiieeieseseeensens 40
1.5.2 Mode Of ACLION INFOIMQALION ......ccveeeiiieeiiesiieeieestteectte et e sttt stt ettt s e e stta e s taestaesseestaasseassssaenses 42
1.5.3 MOAEIN TESTE SYSTOIMS ...t e eeee e ettt e e ettt e e ettt e e e sttt a e e et e s e e asssaeeaatsaaaeasssaaeeasssassasssaanas 44
LB THESIS AIMS eetieiiitiie ittt ettt s e e e s b bt e e e s b e e e e e bbb e e s e b b e e e s a b e s e s e bb e e e s eabbe e e s sba e e s enbasesnnaes 44
CHAPTER 2. GENERAL MATERIALS AND METHODS. ....cccottiiiurtiiiiisinneiiiiisssnnessssssssesssssssssesssssssssssssssssssesssssns 47

il



2.1 GENERAL MATERIALS AND IMIETHODS ...cvvuuuneeeretttuneeeeererssteeeeersesssnnaeeessessssnnsesesssssssnseessssssssnneeessssssssnneesssssssnnnns 47

2.2 GENOTOXICITY ASSAY DATA SOURCES ....cvvttiiirireiiitiesiiiiteessirteeseirt e sibte e s sire e e s sbas s e s esbaeessnbe e s s baeeesensaeessnbeeesas 47
2.2.1 MICTOFIOW DOLASELS......cueeeeeeet ettt ettt ettt et e st e et e et e saeete e e e e eteesesanesaeanas 47
2.2.2 MUILIFIOW DOEASOLS ...ttt ettt ettt et ettt e st e eteete e e e e eseenesaeesaeanas 48
2.2.3 TOXTIACKET DALASELS ...ttt ettt ettt st eatenteete e e e e etaenesanesaeeeas 49

2.3 BENCHMARK DOSE (BIMID) IMIODELLING ....eeeeuvteeeeuteeeeetteeeeeureeeeeisseeeeassseeaassesaeanssssesasssassassssesesssesesessssessasesasnn 49

2.4 WORKING IN PROAST ..ottt ittt sttt ettt st e s s ib e e s a e e e s bbb e e s s bb e e e s e ba e e e snbaeessnaeeeeas 53
2.4.1 PROAST VAIiQDIES SEIECLION. ........cc.eeeeeeeeieeieeeeeeet ettt ettt ettt eae e 56
2.4.2 BMD MOEI SEIECEION ...ttt ettt sttt ettt et aeete s e satesaee e 56

2.5 MACHINE LEARNING ALGORITHIMS .vteiiuriteiiiiireiiirtessiirteessiireeeseiat e s sineeessmrteessbassesembaeessnbeessebseeesansnesssanseeesas 57
2.5.1 Unsupervised Hierarchical CIUSTEIING ...........coueecuieeiieesiiesiieesiiieesiiessiveesitassiteesteaessassstsesseessaessseenans 57
2.5.2 K-Nearest NeigRDOUE ANGIYSIS .........cccueeciiesieeiisesieesitee e e saessteessttesstessssseessesssstasssssessaesssesssseesans 58

CHAPTER 3. BENCHMARK DOSE MODELLING OF /N VITRO MULTIFLOW ENDPOINTS FOR COMPOUND

POTENCY RANKING AND COMPARISON WITH THE CURRENT /N VITRO MICRONUCLEUS ASSAY. ......c.cceeeuneee 60
R A N T ] o TU ot T | PP PPRR PPN 60
3.1.1 The In Vitro MultiFlow Assay Endpoints as Candidates for Continuous BMD Modelling................... 64

3.1.2 BMD Modelling to Provide Test Article POteNCY RANKS..........ccueecuersveeiiseiieesiisesieesisesissesisessiseenans 64

3.1.3 Correlation of BMD Confidence Intervals ACross TeSt SYSLEMS.........cueeevuereveesiesesiieesiiresiinesiseesieenns 66

3.1.4 Estimation of Test Article Potency from BMD Confidence Interval Correlation...............cccccccvevvueenns. 70

3.1.5 In Vitro Micronucleus Scoring via Flow Cytometry with the Litron MicroFlow Assay............cc.ccueu... 71

3.1.6 Are MultiFlow Biomarker Responses Capable of Determining Usable Genotoxic Potency Ranks?... 72

3.2 MATERIALS AND IMIETHODS ...vttiiiitiesiittee ettt ettt sttt ettt b e s s bt e e s abb e e e s bbb e e s sbb e e e s bbeeesmsneessnaeeesas 73
I B D o o LY =1 YT OTTOPPI 74
3.2.1.1 MultiFlow Assay Specific Information Pertaining to the Dataset ..........ccccevveeriiiereeriecieerce e ee e 74
3.2.1.2 MicroFlow Assay Specific Information Pertaining to the Dataset ........c.cccevveevvieriesiecse e 78

3.2.2 DALADASE CUIQLION. ..ottt ettt ettt et te et st e at e e bt e st e te e e eseeateenesanesaeanas 81
3.2.3 WOIKING IN PROAST ..ottt ettt e ttte ettt et e ettt e s ta e s e e s asaesats e e st s sassaeseaaastasassaesasaasssasssaanats 85
3.2 BMD ANGIYSIS....vseriresiisesieeeieesiteeieesstee ettt e atte sttt e s sta ettt asateesateasasaasatsasasessassaesssaassaensssesssaesssassseanass 86
3.2.4.0 CritiCal EffECE SIZ@ ..eeeerteeeieieeteete sttt sttt sttt s h e b e he e b e ae e b e s he et e benaeenennean 86
3.2.4.2 Confidence Interval DetermMiNation ..........occiereerenereere ettt sttt ettt b e s e e s st eesbesaeeeesnean 87

R I e YV =Y 4 IO 0TI o T =1 = o o PSR 87

B3 RESULTS 1ttt ettt ettt sttt s et e bbb e et e e a e et b b e e s s b bt e e s r et e s b e e s snbeeeeas 88
3.3.1 MultiFlow Assay Biomarker BMD Response MOAelling.............cccuevcveeciusesiieesiiesieesisesiisesiivesiseanans 88
T8 0 1 =T e =T o TS 88
S T 0 0 AR Y o 1 PP UPPUTPTN 89

S T8 0 B o 1 JR PP PUPPUPPN 95

2R 0t Y 1= 0T == o PP PPRNE 100

S I8 0t Y o 1 PSPPI PPUTPRN 101

v



TR R 0 1 ROt 104

3.3.2 MicroFlow Assay Micronucleus Frequency BMD Response Modelling .............ccccoeecvvvevvevesivvennnnn. 106
TR 0t =Ty o= T o T 107
S A A Y o TN == o PSPPSR 115

3.3.3 Compound MultiFlow Biomarker Response Potencies Correlated with in vitro Micronucleus

RESPONSE POLENICIES ...t ettt ettt et e e e ettt e e e e e e et e e e e e e esasssbneeaaeeeaaans 117
TR T 701 =T o =T o T 118

S T T A Y o T == o PSPPSR 120

B Yol U TSy PP UPP PPN 121
3.4.1 Dose-Responses for the MultiFlow Biomarker and MicroFIOW RESPONSES ..........ccceecvvevceresivvennnnn. 121
3.4.1.1 General Observed Trends and OULHEIS .......c..ci ittt st sb s sre e 121
3.4.1.2 Unbound ConfideNnCe INTEIVAIS ......cc.eiiuiiuieiesieeteet ettt st et b st sb e et n e eneene e eae 121
3.4.1.3 Differences Among the Individual Underlying Dose-Response Shapes........ccccevcueereereercieeneesieeeseeeneeenees 122
3.4.1.4 Confidence INLEIrVAl PrECISION .....coueeiiiiieeieiesiee ettt sttt st b e et s b et e s e ne e s e neeene 124
3.4.1.5 Critical Effect Size DetermMiNation .........cccocerereerieieie ettt sttt ettt sb e st be b esee s eneeneneeeae 124
B Y V] =Y g I O 0TI o T 1= o o 125

3.5 CONCLUDING REMARKS: QUANTITATIVE DOSE-RESPONSE MODELLING OF MULTIFLOW BIOMARKER RESPONSES ........... 127

CHAPTER 4. COMPARATIVE POTENCY ANALYSIS. A CRITICAL REANALYSIS OF QUANTITATIVE IN VITRO

GENOTOXICITY POTENCY COMPARISON DATA. ....coiiiiuttiiiissneeeiiisssssesissssssssssssssssssesssssssssssssssssssssssssssansesses 129
4.1 INTRODUCTION .iuvtieiiuirtresiireessisttee s ettt e seasae e s sbat e e e eba e e e ssb b e e s sab bt e e s ab e e e s s ba e e e s ab e e e s e sb e e e s aaba e e e snbaeesenbasesannnees 129

4. 1.0 BIVID IMBEIICS ....eneeeeeeeeeeeee ettt ettt ettt ettt et ae et et et e s se bt e st e st et et e aseese e st easestessasbasaeannens 129

4.1.2 Why use a BMD CONFideNnCe INTEIVAI? .........ccueecueeeeiieiiiesieesiteeieeseesieessieesseasstaesstasssssaesssaesaseens 131

4.1.3 BMD Confidence Intervals in Comparative POtency ANGIYSES ..........cceecvveviveeecivsesiieeiiresiisesisnesinnans 132

4.1.4 Instances where BMD Confidence Intervals Have Not Been Used in BMID Potency Comparative

YT 1A KT 137
4.1.4.1 Quantitative Comparisons of In Vitro Genotoxicity Potential of Lipophilic Phycotoxins........c.cccccevcverevenne 137
4.1.4.2 BMD Ratios to Determine Study Duration Adjustment FActors ..........ccevverereceereesie e see e 138
4.1.4.3 Published MultiFlow Data Comparing S9 Concentration Impact on Genotoxic Potency .........ccccevevevevenne 139

4.1.5 A Hypothesis Developed from the Tian et al. (2020) Publication ...............ccceeevueevveeecvuresiiresiivasnnnn, 140

4.2 MATERIALS AND IVIETHODS ...ttt ittt st st b s b s s ba s ab s s ab e s st e s s bs e st e s an e ans 141

4.2.1 In Vitro GENOLOXICItY DATASEL .......cccoeonneeeeeieeeeeeeee ettt e e ettt e e e e e ssseeeeeeeas 142

4.2.2 DALADASE CUIGLION......c..eeueeeeiiiiieiisiieiteteestt sttt sttt sttt sae sttt nesseanesaesaeeas 144

4.2.3 WOIKING i1 PROAST ...ttt ettt ettt ettt ettt et ettt et e et e et e saeesae e be e beenes 147
4.2.3.1 Obstacles Associated With the Data ProCESSING ......cccueeveerieeiieieecie e e ee et e e sre s e sseesreesseesnneenns 147

1Y D Vo Lo | SRR 148
4.2.4.1 Critical Effect Size SElECTiON ........ooiiiiiiiieeee e 149
4.2.4.2 Confidence Interval Determination and PIOTEING.........ccccvereeeiieereenie ettt e sree e enne 149

4.2.5 'S9 potency ratio ClS" AIGOItRIM ...........cocuveeiieeiie ettt ettt e e st e st e s steestaesstaesssaesaseens 150

4.2.6 Unsupervised Hierarchical CIUSTEIING ...........ccueecueeeieeiiiesieesieeeieesieescieessieessteasstsesssasssseassssaesaseens 150



£, 3 RESULTS trtuueeeeeeeruuneseeereesssnaeeessessssnnaesessssssssnssesssssssssnsessssssssnnesesssssssnnseesssssssnsnesesssssssnnsesessssssnnnneesssssssnnnns 151

4.3.1 Problems Associated with Compound Subgrouping BMD ANQIYSES ..........ccceecvveeevueeiieresiiresirasnnn, 151
4.3.2 BMD Confidence INterval POLENCY PIOLS ..........cccueeeeieiiiesieesiieeieesieescieessieesstassstsesssssssssssssssesseens 153
4.3.3 BMD Confidence INtervals RAAGE PIOLS .........cceccueeeieeiiiesisesieeeieeseeeeessteessvasstessiasesssaesssaasaneens 164
4.3.4 59 POLENCY RATIO CIS ..ottt ettt et e ettt e e e e e et e e e e e e eeassseeeaeeens 173
4.3.5 Unsupervised Hierarchical CIUStEring RESUILS............cocueeeueeiiieeiiescieeeiiessiesseasseessivsesesesssaesseens 181
4.4 DISCUSSION ..evieiiurtieiiittte ittt e sttt e s eirt e e sebae e s sbe e e e s s b bt e e s bbb e e s s b bt e e s ab e e e s s b e e e s s b e e e s esb e e e s aaba e e e s nbeeesenbasesanraees 183
4.4.1 Problems Associated with Compound Subgrouping BMD ANQIYSES ..........ccceecveeivueesivresiiresiresnnn, 183
4.4.2 BMD Confidence INterval POLENCY PIOLS ..........cccueeeeeeiiiesieesiieeieesieesiieessieesitesssssessssssssssssssaesaseens 183
4.4.3 BMD Confidence INterval RAAQT PIOLS...........cueecueeeieeiiiesisesieeeieesaeeeieessieesiteassssessssssssssssssaasaneens 185
4.4.4 59 POLENCY RATIO CIS ..ottt ettt e e e ettt e e e e e ettt e e e e e e eeassseeeeeeens 186
4.4.5 59 POtency RALIO Cl RANGE .........cooeeeeaeeeeeeeee ettt ettt e e e e ettt e e e e e e essseeeaeeens 187
4.5 CONCLUDING REMARKS ....cttiiurtteiiitieeiiiittte sttt e st e s s sbre e e siabe e s sba e s s eab et e s ssaae s s sab et e s e sba e e s sabaeeesaabeeesenbasesannaees 188

CHAPTER 5. IN VITRO MECHANISTIC GENOTOXICITY AND POTENCY DETERMINATIONS FOR THE

TOPOISOMERASE Il INHIBITOR CLASS OF COMPOUNDS. .....ccceemmuueunniiiiiiiiiiniinmnmmmnssssssiiiimsssssssssses 191
oI A 1 T ] o TH ot 1T | OO PP OPPPRPTN 191
5.1, 0 TOPON INRIBITOLS ...ttt e e ettt e e ettt e e e ettt e e e e etsa s e e essaaeassaaaesassesenssseas 191

5.1.2 Genotoxic Concentration-Response Studies TOPO-II POISONS ...........cccueecverseeesivseiieesisesiisesisesineans 195

5.1.3 Primary Hypothesis: High-Throughput Mechanistic Genotoxicity Assays for Robust Topo-Il Poison

Comparative GenotoXiC POLENCY ANGIYSIS .......cveecueieeieeeiiesiieesieesete ettt esie et e s te e s teessteesstesssseassssaesaseens 197
5.1.3.1 MultiFlow and ToxTracker Assay Mechanistic INformation...........cccevreieceene e 197
5.1.3.2 MultiFlow and ToxTracker Assay Potency INformation ........cccecveceenierce e 200

5.1.4 Secondary Hypothesis: Potency Ranks Accounted for with Structural and Mechanistic Information

.................................................................................................................................................................. 201
5.2 MATERIALS AND IMIETHODS ....coiutiiiiiiiiitiisiti sttt ab s s b e s s sba e s b e saa e sat s 202
R D Lo (o LY =4 3N 203
5.2.1.1 MultiFlow Assay Specific Information Pertaining to the Dataset ........cccccveveerieriieereesee e 204
5.2.1.2 ToxTracker Assay Specific Information Pertaining to the Dataset..........cccecceeveerieeseescierce e 205

5.2.2 DAtADASE CUIGLION......c..eouveeeiiiiieiisiieiteeetestt sttt sttt sttt sttt ss e sae sttt nesseanesae s eas 206
5.2.3 WOIKING i1 PROAST ...ttt ettt ettt ettt ettt et st e et e satesae e be e beenas 211
1Y 0 Vo Lo | SRR 211
5.2.4.1 Critical Effect Size Determination ..........c.coviiiiiiieiiiriereeeee et 212
5.2.4.2 Confidence Interval Determination ..........cccciiriiiiiiiiineeeeee et 213
LI BV (=Y 4 I O 0 Y o T 1= o o S 213

5.2.5 Derek Nexus Structural ACtiVity KNOWIEAGE .........cc.ueeeuveeeeieiiieeiiesiieeieeesiesseaeseessisesiaessiaesseens 214
5.2.6 Fluorescence ANiSOtropy ASSAY DOLA ..........ccceeecveesieeiiiiesisesieesieesieesiteesstaesstasssssessssssssssssssaesseens 214
LT T Y = L1 or= LY = Y2 LS 215

TR 8 =1 U] 1P 215

vi



5.3.1 BMD Analyses MultiFlow Biomarker DOSE-RESPONSES ..........cuveevuvesciveeiivesiieesiivsssieessssssssssssssesiseens 215

5.3.2 Various CES Values HYypotheSiS TESLING ........ccueecueeeueeiiresisesieesieesiieesiisessseesssasssssesssssssssssssssssseens 220
5.3.3 BMD Confidence INterval POLENCY RANKS............cveeeueeiieeeieesiieeieesiieesitessieesitvassssesssssssssssssssesseens 225
5.3.4 BMD Analyses ToxTracker Biomarker RESPONSES ........c..eeeuvecueeeiieesiireeiieesiieesisissssesssssssssssssssiseens 229
5.3.4.1 Marker Specific CES HYpPOthesis TESTING ......ceeuiecierieriieceesee ettt ee e e e teesaeeseeeneesneeeneas 234
5.3.4.2 BMD Confidence Interval POtENCY RANKS ......ccueecuieiiieeiieciesee ettt ee e e s 238
5.3.5 Mechanistic Biomarker CroSS-COrrelQtions...............ocueevueeeeseesieesieesieeie ettt ettt 240
5.3.6 Derek Nexus Structural ACtiVity KNOWIEAGE .........cc.eoeeueeeeeieiiieeiiesiieecieessiescta e ssivaesvaesiaesseens 244
5.3.7 Topo-Il Poison Potency FIUOrescent ANiSOIrOPY ASSQY......cuueiueeevueesieesiivesseesisessssessssssssssssssssseens 254
5.4 DISCUSSION eeiiuuriieiiitite ittt sttt e sttt s et e s sb bt e s s b b e e s s bt e e s ab e e e s e bbb e e s aab e e e s s b b e e e s e bb e e e sbba e e s s bbeeesansneeesnbeeesas 256
5.4.1 Topo-Il Poison BMD Potency and Assay Mechanistic INformation .............ccceecueeevueecvvvescvnesivvennnn, 256
5.4.2 IMPACE Of CES CROICE ...ttt ettt ettt ta ettt e e ate e st estaastaasataesasaasssasnssassstaenaseans 258
5.4.3 Compound Structural Information Supports BMD Potency RANKS ...........cccoueeeveevvveesivsesiieesivesnnn, 258
5.4.4 Comparing Potencies with the BIOCheMIiCOl ASSQY .........eeeueesuveeiiresiiieeiiiessieeiiessiessssssisssiaesseens 263

5.5 CONCLUDING REMARKS: IN VITRO MULTIPLEXED ASSAYS PROVIDE COMPOUND CLASS SPECIFIC MECHANISTIC AND POTENCY

INFORMATION «.eetttutieeeeerettruneeeeeeeesssnnaeeeessssssneaeseessssssaneesssssssnsnsessssssssnsseessssssssnnsesssssssnnneeessssssssnnsessssssssnneeeesssses 264

CHAPTER 6. USING THE TOPOISOMERASE-II ADVERSE OUTCOME PATHWAY TO DEVELOP A QUANTITATIVE

STRUCTURAL ACTIVITY RELATIONSHIP MODEL FOR PREDICTING GENOTOXIC POTENCY.......cccoccverrrissuneenns 265
(o3 A T o TU ot 1T | OO PP PP PPN 265
6.1.1 Adverse Outcome Pathways in Genetic TOXICOIOGY .........ccueveueeciuiesiieeiiresiiiesiiiesieessiveesesssiaesseens 266
6.1.2 The TOPOiSOMEIASE I POISON AP ...........oeeeeeeeeeeeeeeeeeeeeeteeeettteaeeteteaeeettsaeeestaaaestsaaeessssaessassnas 270
6.1.3 In Vitro Genotoxicity Biomarkers and the Topoisomerase Il POiSON AOP ..........ccccvuevcvveevvevesivnesnnnn. 273
6.1.4 Quantitative Structural Activity Relationships in Genetic TOXiCOIOGY ........cccvvvveeiveesiivresieresieesnnn, 274
6.2 MATERIALS AND IMIETHODS ...vetiiitieeiiitie sttt ee sttt e a e s siba e e s s ab e e e s ba e e e s mb e e e s s bb e e e senbneeesnaeeesas 277
L A D Lo s K =4 XS ORI 277
6.2.1.1 DEIrek NEXUS DatASELS. ...c.ueiuieuieiirteeietiettete st sttt ettt st et e s bt et e b sb e et e bt e st et e sbeeneenbeeseenseseeeneenseeneenneneens 277
6.2.1.2 Topo-ll Poison Compound Molecular DESCIIPLONS......ucuiecierierteeseeseesteesteeseesereesreeseeeteesreeseeesaeesseeenes 278
6.2.1.3 Topo-Il POiSON BIMID POtENCY IMIELIICS ...ceeeuiiieiiiieieiie ettt ettt et e et sabte e s ste e e sab e e e sabeeessaeesnne 280

6.2.2 AOP MOPPING ..t ettt e et ettt et e e e ettt et e e e e e ettt e e e e e e e s asbsnneeaaeeeaaans 281
6.2.3 QSAR Model Development: K-Nearest Neighbour ANQIYSIS............ccoeeeuveeceesiveeieesiisesiieesisesnnens 281
L 2L U 1P PP PPN 283
6.3.1 Derek Nexus Database Mapping to the TOPO-1l POISON AOP ..........ccueeeuveecvesiiveeiiesiisesiesesisesnnens 283
6.3.2 In Vitro MultiFlow and ToxTracker Biomarkers Mapped to the Topo-Il Poison AOP....................... 288
6.3.3 Topo-1l Compound Molecular DESCIIPLOIS ..........ueeuveeeeeeiieesieesieesieesitessteesteessteesstvsssseaesssaesaseens 288
6.3.4 K-Nearest NeigRDOUIS ANGIYSIS.........ccuueeueeeiieeiiesiiesieesieessteestteesite ettt e staestaessseesatassssessssssesaneens 289
6.3.4.1 ChOICE O BIVID IMIBLIIC. ...ttt ettt ettt ettt st et bt et e b sb et e bt e st et e s bt eme e bt eae et e sbeeneenbeeneenneneens 290
6.3.4.2 K-Nearest Neighbours Analysis Compound Molecular Descriptor Combinations with BMD Potency ....... 299
LT N Ny Vo T T Y o 7 G USSRt 300

vii



6.3.4.2.2 24-N0OUT P53 ...ttt e et e et sae e 301

6.3.4.2.3 24-h0UI PH3B ..ottt et b et b e bbb e h e e bttt e ehe et e b e aeebeshe et e nneeaes 302
6.3.4.2.4 REKN-GFP ...ttt bt b e e h et s bt e b e e bt et e s e e s ae e b e bt e ae et e she et e b e e Rt e b e sre et e nnenas 303
6.3.4.2.5 BSCI2-GFP ...ttt sttt b e h et s h e et b e b et e e e a e b e bt e a e e b e ehe et e bt e ae e b e sbe et e nnenas 304
6.3.4.2.6 BEZ2-GFP ... s e s e s e e e 305
6.3.4.3 K-Nearest Neighbours Analysis Compound Molecular Descriptors without BMD Potency ........c.ccceeuee.e.. 306
L R UL o PR 308
6.4.1 Derek Nexus Database Topo-Il POiSON AOP MAPPING........c.ccecueecureseieeiiresiieesiieesiseesisesssessssssssseens 308
6.4.2 KEs Aligned with MultiFlow and ToXTracker BiOMQIKErs ...........ccc.ccoeeeuveeceesiiieeieesiivsesisssisesnnens 311
6.4.3 A QSAR Model for KE Associated DNA DAMAGE .........cc.eeecueeeeeeeiisesieesiiesiseesisesssssesisssssesssssssseens 313
6.4.3.1 Influence of BMD Metric on Model OULCOME ........ccooiiiriiiiiiiiiineeeer e 314
6.4.3.2 Compound Structural Properties for Predicting BMD POLENCY ....ccveeveerieeieerie e see et 315

6.5 CONCLUDING REMARKS: DEREK NEXUS AOP NETWORK AND PROOF-OF-CONCEPT PREDICTIVE /N VITRO GENOTOXICITY

QSAR IVIODEL DEVELOPMENT ..etttuuueeeererersneaeseesssssunneeeesssssssnesessssssssneessssssssnesessssssssnssesessssssniesessssssssnneesssssssnnnns 320
CHAPTER 7. GENERAL DISCUSSION. ....c.ccuitteiieeirencrentrencrascressesssssssesssesssasssssssasssssssnssssssssssssssasssnsssasssnsssnsssnnes 322
7.1 GENERAL DISCUSSION ...uiieeetiiiiieeeeeetttttieeeeeeetsteeeeessesssnneseesssssnnnsessssssssnnesessssssssnnsessssssssneseessssssnnneesesssssnnnns 322
7.2 FINDINGS OF THIS THESIS «.eeetvtuuueeeerrressuieeeesssssuneeesssssssnnesessssssnsneessssssssnesessssssssnnsessssssssnsesesssssssnnesesesssssnnnns 322

7.2.1 BMD Modelling is Applicable to In Vitro Flow Cytometric Genotoxicity Biomarker Dose-Response
Data for Compound Potency Determinations (Chapter 3 and Chapter 5). ........ccccueevvevvvevcveesvenesirennnnn, 323
7.2.2 In Vitro Genotoxicity Biomarker Derived Comparative Potency Analyses Should Consider the BMD
Confidence INLEIVAIS (CAAPLEE 4) ...ooueeeeeeeeieeeeeeeeet ettt s e et e st e et e et e ettt e s taesataasteasteasaseasassaenaseens 324
7.2.3 Compound Structural Information Supports BMD Potency Ranks for the Topo-Il Poison Class of
COMPOUNTS (CRGPLEE 5.ttt ettt e s e st e st e et e e aata ettt esataasstaassassateasssessassaansneens 325
7.2.4 The Derek Nexus Database can be Mapped to an AOP Network for the Topo-Il Poison Compounds
(0T o1 =T > SRR 326
7.2.5 Predictive genotoxic potency QSAR models can be built based on the Topo-Il Poison AOP KEs

(0T o1 =T 2 SRR 328
7.3 IN ViITRO GENOTOXICITY BMD POTENCY DETERMINATIONS: IMPLICATIONS IN COMPOUND DEVELOPMENT......ccvrunneenn. 329
7.3.1.1 Implications to In Vitro GENOLOXICItY TESTING?...cccvevierieecierieeeesee e se e e see e e sreesreeereesseesseeeneesseeeneas 329
7.3.1.2 Implications of AOPS in GENEtIC TOXICOIOZY? .. .uieuiiriieriiecieseeeieestee e steesreeseeesreesreesreesseesaeesneeeneesseeenes 330
7.3.1.3 Implications of QSAR in GENELIC TOXICOIOZY? ...veevierreerireiiesteeeteeseestesteesreesseesseesseesseeeseesseesseesseesseesnees 330

7.4 CONCLUDING REMARKS ...ctiuttteiiintieeiiitie sttt et e sttt e s s e e s b e e s saba e e s s sab e e e s ebae e e s aba e e s s bb e e e sensneeesnaeeesas 331
7.5 FUTURE WORK «..ettieiiitiie ittt sttt ettt s s e e s e b e s sab e e e s e bb e e e s aba e e e s bb e e e s s bbe e e s enbneeesnaeeesas 332
APPENDICES.......cootiittttiiiiinttiiiiissteesiisssseesiissssssssssssssssessssssssssssssssssssesssssssssessssssssessssssssssssesssssnsessssssnsesss 333
LIST OF APPENDICES ..veetiuurtteseureresisseessisittesessresesesseessmbteessbttsesaabaeeesasbb e e s s b bt e e s aba e e e ssbb e e s s b bt e e s anbaeeesanbaeessnbeeesas 333
APPENDIX 1. PUBLISHED LITERATURE (DERTINGER ET AL., 2019) ..iiuuriiiiiiiieeeeieee ettt ettt ettt e et e 334
APPENDIX 2. PUBLISHED LITERATURE (WHEELDON ET AL., 2021) ..nnuiiieiiiiieeeeiiee ettt e ettt e eetaee e et eeeearae e e e e 355
APPENDIX 3. PUBLISHED LITERATURE (WHEELDON ET AL., 2020) ....uuviieiiiiieeeeiiee e et e ettee e et e eetaee e e et e e e eearaeeeeanaeas 368



APPENDIX 4. GENETIC TOXICOLOGY ASSOCIATION (GTA) 2019 ANNUAL MEETING. POSTER PRESENTATION ......cccuvveeennee.. 380
APPENDIX 5. TOPO-II POISON 4-HOUR BMD D0OSE-RESPONSE CURVES FOR MIULTIFLOW BIOMARKER RESPONSES............... 381
APPENDIX 6. TOPO-II POISON 4-HOUR BMD CONFIDENCE INTERVALS FOR MULTIFLOW BIOMARKER RESPONSES................ 384

APPENDIX 7. INDIVIDUAL DOSE-RESPONSE CURVES FOR THE MULTIFLOW AND TOXTRACKER SYSTEM BIOMARKER RESPONSES

RESULTING FROM TOPO-II POISON EXPOSURE ...uuuiieieiiiiiieeeeeeeeetiiieeeeeeetsiaeeeesessssnnnesesssesssnnaeeessssssssneseesssssssnneeeesseses 387
APPENDIX 8. RICHARD WILLIAMS AWARD ABSTRACT ... eeeeertrtuneeeeerersrnnaeeessesssuesessssssssnmesesssssssnmmesessssssnmneeesssssssnnnns 394
APPENDIX 9. TOPO-II POISON DEREK NEXUS NETWORK IMAPPING BY LHASA ...cevvviieeeeeieiiriiiieeeeeeeetieeeeeeseersnnneeeeeseessnnnns 395
APPENDIX 10. COMPLEX TOPO-POISON DEREK NEXUS MAPPED AOP NETWORK vuuieeereeiriiieeeerererinieeeeseessnneeeeeesessnnnns 396
GLOSSARY ....ceiiieieeicenereeirentrnscresssnscesssesssessrasesesssssssesssnssssssasssssssasssssssssssassssssssssssssssssasssnsssnsesnsssnssssssanssnssnas 397
REFERENCES.......ccueteiteiiteereeiteeereneressrnncrassrascesssesssesssasssasssasesasssnssssssssssssssesssasssnsssasssnsssssssnsessssasssnssnnsenassnnne 398

X



List of Tables

TABLE 3.1. COMPOUNDS STUDIED IN THE IMIULTIFLOW ASSAY .....cciiiiiiiiiiii ittt e e e e e e e e e e e e e e e e e eeeeees 75
TABLE 3.2. COMPOUNDS STUDIED IN THE IMIICROFLOW ASSAY .....cooiiiiiiiiiiicececcccce ettt e e e e e e e e e e e e e eeeens 78
TABLE 3.3. REPLICATION OF THE MULTIFLOW DATABASE COLUMNS, ROWS, AND HEADERS FORMATTED PER PROAST STRICT DATA
FORMATTING REQUIREIMIENTS.. ... uuuuuuuuununenenenensaasasasasasssasesssesesesesesesasesasasssssssssssssssasesssssssesesesasesesesesssesesssensnens 83
TABLE 3.4. REPLICATION OF THE MICROFLOW DATABASE COLUMNS, ROWS, AND HEADERS FORMATTED PER PROAST STRICT DATA
FORMATTING REQUIREIMIENTS. ... uuuuuuuuuuuneneneneneaaasasasasasasssesesesesesesesesasasasasasssssssssssssssssssssssssssesasesesesssssesesesessnens 84
TABLE 4.1. CLASTOGEN COMPOUNDS WITH MULTIFLOW DOSE-RESPONSE DATASETS WITH AND WITHOUT LOW CONCENTRATION
LY X (002 77 V) ISR 143
TABLE 4.2. REPLICATION OF MULTIFLOW DATABASE COLUMNS, ROWS, AND HEADERS FORMATTED PER PROAST STRICT DATA
FORMATTING REQUIREIMIENTS.......uuuuuuuuuueuenenennnnaaaasasasasasssssesesesesesasesesasasasasasassassssasssasssssssssssesesssesesesesssesessnens 146

TABLE 4.3. COMPOUND/BIOMARKER COMBINATION BMID RATIOS AND ‘S9 POTENCY RATIO CIS’ (ORIGINAL AND LOG SCALE)

COMPARED WITH THE TIAN ET AL. (2020) ‘S9 POTENTIATION RATIOS’ .......uiiiiiiiiienieeiieeeieeesttessieseseeeeseaeesseesees 175
TABLE 5.1. Toro-Il COMPOUNDS STUDIED IN THE MULTIFLOW ASSAY AND THEIR IDENTIFICATION ....ccvuuueeeeererninneeeeeeeennnnnns 205
TABLE 5.2. Toro-1l COMPOUNDS STUDIED IN THE MULTIFLOW ASSAY AND THEIR IDENTIFICATION ....ccvuueeeeerernrineeeeeeennnnnns 206

TABLE 5.3. REPLICATION OF THE MULTIFLOW DATABASE COLUMNS, ROWS, AND HEADERS FORMATTED PER PROAST STRICT DATA
FORMATTING REQUIREIMIENTS......uuuuuuuuuuunenenenaneaeasasasasasasasesesesesesesesesesasesasasssasssssssasssasasssssesesssesesesesesesesesesenens 209

TABLE 5.4. REPLICATION OF THE MICROFLOW DATABASE COLUMNS, ROWS, AND HEADERS FORMATTED PER PROAST STRICT DATA
FORMATTING REQUIREIMIENTS.......uuuuuuuuuuunnneneneneneasasasasasasssssesesesesesesesesasasasasesssssssssssasasasssssssssesesesesesesesesesesseen 210

TABLE 5.5. ToPO-1l POISON COMPOUND SUBCLASSIFICATION AND DEREK NEXUS ALERT DESCRIPTIONS ......cccevvvvieiereierennnnns 245

TABLE 5.6. INHIBITORY POTENCIES (ICs0S) VERSUS HUMAN TOPO-11A AND B BY 7 TOPO-II POISONS COMMON IN THE (SHAPIRO

AND AUSTIN, 2014) PUBLICATION TO THOSE STUDIES IN THE MULTIFLOW AND TOXTRACKER ASSAYS. ......c.ceevvveerueeenns 254
TABLE 6.1. TOPO-1l POISON COMPOUNDS. ABBREVIATIONS AND IDENTITIES. ...cceeeiiiiiiiiiiiiiiiiccecieeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeeens 278
TABLE 6.2. LEVEL ID LABELS FOR THE DEREK NEXUS ALERTS AND KEY WORDS MAPPED TO THE TOPO-II POISON AOP .......... 284
TABLE 6.3. MULTIFLOW AND TOXTRACKER BIOMARKERS CORRESPONDING TO THE DEREK NEXUS MAPPED KES.................... 288
TABLE 6.4. TOPO-1l POISON COMPOUND IMOLECULAR DESCRIPTORS .....ccoeiiiiiiiiiiiiiiiiiieeeeeeeeeeeeeeeeeeeeeeeeeeeeee e e e e s e seseseseeeeens 288



List of Figures

FIGURE 1.1. TyPes OF DNA DAMAGE INDUCED BY PHYSICAL AND CHEMICAL AGENTS. FIGURE ADAPTED FROM KLAASSEN (2007). ... 2
FIGURE 1.2. FLOW CHART SHOWING THE STAGE 1 IN VITRO GENOTOXICITY TESTING PROCESS INVOLVED IN COMPOUND HAZARD
IDENTIFICATION. FIGURE ADAPTED FROM (COMMITTEE ON MUTAGENICITY OF CHEMICALS IN FOOD, 2011).......ceeeuvreennnns 6
FIGURE 1.3. FLOW CHART SHOWING THE STAGE 2 IN VIVO GENOTOXICITY TESTING PROCESS INVOLVED IN COMPOUND HAZARD
IDENTIFICATION. FIGURE ADAPTED FROM (COMMITTEE ON MUTAGENICITY OF CHEMICALS IN FOOD, 2011).......ceeeeurreeennes 8
FIGURE 1.4. DOSE-RESPONSE RELATIONSHIPS OF MMS (A), EMS (B), MNU (C), AND ENU (D) FOR MICRONUCLEUS FREQUENCY IN
THE AHH-1 CELL LINE. POINTS REPRESENT THE MEAN OF DUPLICATE TREATMENTS. BARS REPRESENT SD. *, INDICATES THE
FIRST STATISTICALLY SIGNIFICANT INCREASES IN CHROMOSOME DAMAGE AT 0.85 uG/ML MMS (A), 1.40 uc/ML EMS (B),
0.15 uG/mML NMU (C), AND 0.50 puG/ML ENU (D). %MN/BN, PERCENTAGE OF BINUCLEATED CELLS CONTAINING ONE OR
MORE MICRONUCLEI. IMAGE TAKEN DIRECTLY FROM (DOAK ET AL., 2007 ). c..vvieeeiiiieeeeiieeeeiieeeeeteeeeeeteeeeevneeeeeireeaeas 11
FIGURE 1.5. DOSE-RESPONSE RELATIONSHIPS OF MMS (A), EMS (B), MNU (C), AND ENU (D) FOR HPRT GENE MUTATION
FREQUENCY (MF) — THE NUMBER OF 6-THIOGUANINE RESISTANT CLONES/10° CLONE-FORMING CELLS. POINTS REPRESENT THE
MEAN MUTATION FREQUENCY CALCULATED FROM 100X 96-WELL PLATES WHERE EACH DOSE EXPOSURE WAS PERFORMED IN
TRIPLICATE. BARS REPRESENT SD. *, INDICATES THE FIRST STATISTICALLY SIGNIFICANT INCREASES IN MF AT 1.25 puG/mML
MMS (A), 1.40 uc/mL (B), 0.0075 puG/ML MNU (C), AND 0.40 puG/ML ENU (D). IMAGE TAKEN DIRECTLY FROM (DOAK
ET AL, 2007) . o etiee ettt ettt e ettt e et e e e ettt e e e taeeeeeaaaeeeabeeaeeaabaeeeaaaaaeeaabaeaeaaataeeeasaaeeeaataeaeeasbaeeeasaeeeeasraaaann 12
FIGURE 1.6. DEPICTION OF A NON-LINEAR DOSE-RESPONSE CURVE. HYPOTHETICAL DOSES/CONCENTRATIONS ARE PLOTTED ON THE X
AXIS, WITH AN ARBITRARY INCREASE IN BIOLOGICAL RESPONSE ON THE Y AXIS. THE HIGHEST DOSE THAT CORRESPONDS TO A
NON-STATISTICALLY SIGNIFICANT INCREASE IN BIOLOGICAL RESPONSE COMPARED TO BACKGROUND SERVES AS THE NOEL. THE
LOWEST DOSE THAT CORRESPONDS TO A STATISTICALLY SIGNIFICANT INCREASE IN BIOLOGICAL RESPONSE COMPARED TO
BACKGROUND SERVES AS THE LOEL. evviiiiiiiiiiiiiiiiiiiiiiiiiiitiiii e e e e e e e e e e e e e e e e as 15
FIGURE 1.7. HYPOTHETICAL DATA FOR TWO ANIMAL STUDIES A, AND B WITH 95% CONFIDENCE LIMITS SHOWN. FIGURE TAKEN
DIRECTLY FROM CRUMP (1984). ...t eeieiee ettt ettt e e e ettt e e e ettt e e e e tae e e eeateeeeeeabaeeeeasaaeeeasbaeaeenssaeeeansseeesasreaaaan 17
FIGURE 1.8. DEPICTION OF A HYPOTHETICAL SUBLINEAR DOSE-RESPONSE DATASET WHICH IS MATHEMATICALLY FIT ACCORDING TO THE
‘HOCKEY STICK’ FUNCTION yd = a+ b X b —td X 1d > td.90% CONFIDENCE INTERVALS ARE INDICATED. THE
LOWER LIMIT OF THE CONFIDENCE INTERVAL (LLCI) ASSOCIATED WITH THE THRESHOLD DOSE (TD) YIELDS A DASHED LINE,
TERMED THE ‘BROKEN HOCKEY STICK’ DOSE-RESPONSE. FIGURE TAKEN DIRECTLY FROM (LUTZ AND LuTzZ, 2009)................ 19
FIGURE 1.9. THE KEY CONCEPTS OF THE BMD APPROACH ARE SHOWN ON A HYPOTHETICAL FITTED DOSE RESPONSE CURVE. THE MEAN
RESPONSE VALUES ARE SHOWN AS TRIANGLES, WITH THEIR ASSOCIATED CONFIDENCE INTERVALS. THE SOLID BLUE CURVE IS THE
FITTED DOSE RESPONSE MODEL. THE POINT ESTIMATE OF THE BMD IS CALCULATED ASSOCIATED WITH THE GIVEN 10% CES.
THE DASHED CURVES REPRESENT THE MODEL UNCERTAINTY AND CORRESPOND TO THE LOWER AND UPPER 95% ONE-SIDED
CONFIDENCE BOUNDS, RESPECTIVELY. THE INTERSECTION OF THE DASHED CURVES WITH THE HORIZONTAL LINE FORMS THE
LOWER AND UPPER BOUNDS OF THE BMD, CORRESPONDING TO THE BMDL AND BMDU, RESPECTIVELY. IMAGE MODIFIED
FROM EFSA (2017) TO CHANGE THE ACRONYM BMR TO CES WITH A VALUE OF 10%.....cceviveieieriniieeieeenireesveesvee e 25
FIGURE 1.10. BMD CONFIDENCE INTERVAL POTENCY RANKS OF IN VITRO MICRONUCLEUS RESPONSES FROM THE BENZIMIDAZOLE

COMPOUNDS RELATIVE TO COLCHICINE AND BISPHENOL-A. FINITE CONFIDENCE INTERVALS FOR MOST COMPOUNDS BAR

Xi



ROTENONE, DIETHYLSTILBESTEROL AND THIABENDAZOLE. COMPOUNDS WITH INFINITE CONFIDENCE INTERVAL BOUNDS ARE
SHOWN WITH DASHED LINES ACROSS THE POTENCY PLOT. ABBREVIATIONS: HL = HUMAN LYMPHOCYTES; CHOK1 = CHINESE
HAMSTER OVARY CELLS; AHH1 = HUMAN LYMPHOBLASTOID. FIGURE TAKEN DIRECTLY FROM WILLS ET AL. (2016A). ......... 29

FIGURE 1.11. DEPICTION OF A FLOW CYTOMETER’S FLUID CELL AND OPTICS SYSTEM WITH A SINGLE LASER. THE CELL SCATTERS LIGHT
IN THE FORWARD DIRECTION TO A FORWARD SCATTER (FSC) DIODE, AND AT A 90° ANGLE THROUGH A SERIES OF FILTERS TO
PHOTOMULTIPLIER TUBES (PMT) SPECIFIC TO DIFFERENT WAVELENGTHS OF LIGHT (SSC, FL1, 2, AND 3). FIGURE ADAPTED
FROM HENEL AND SCHMITZ (2007)..veeeeeuteeeeetieeeeeteeeeeiteeeeeiteeeeeeteeeeeeasaaeesabesaeeassaeeeesssessassesaseassseesasseeseassenaann 32

FIGURE 1.12. BIVARIATE PLOTS FROM FLOW CYTOMETRIC ANALYSIS OF WHITE BLOOD CELLS. LIST MODE AND ‘GATING” IDENTIFIES
SUBSETS OF THE POPULATION. FOR EXAMPLE, SUBSETS INCLUDING CD3, CD4 AND CD45 POSITIVE CELLS HAVE BEEN

QUANTIFIED USING THE RESPONSES FLUORESCENCE-BASED LABELLING. FIGURE ADAPTED FROM HENEL AND SCHMITZ (2007).

.................................................................................................................................................................... 33
FIGURE 1.13. QUANTITATIVE DETERMINATION OF CELL CYCLE DISTRIBUTION ON A CYTOX FLUORESCENCE HISTOGRAM. FIGURE

ADAPTED FROM BRYCE ET AL. (2007). «eveeeeitiieeeeiie e et e e ettt e eeette e e e etteeeeetteeeeeaaaeeeetseeaeessaeeeeessseaeassseseaansaeeeannsens 34
FIGURE 1.14. TOXTRACKER REPORTER CELL LINES AND ASSOCIATED ENDPOINTS. FIGURE ADAPTED FROM (HENDRIKS ET AL., 2015).

.................................................................................................................................................................... 38

FIGURE 1.15. SCHEMATIC SHOWING A GENERALISATION OF AN AOP NETWORK THAT BEGINS AN INTERACTION OF A STRESSOR WITH
THE GENETIC MATERIAL OR MACHINERY, KNOWN AS THE MOLECULAR INITIATING EVENT (MIE). A SERIES OF CELLULAR
RESPONSES FOLLOW THAT ARE KNOWN AS KEY EVENTS (KES) IN SEQUENCE OF BIOLOGICALLY PLAUSIBLE ORDER. KES ARE
CONNECTED BY KEY EVENT RELATIONSHIPS (KERS) THAT DESCRIBE THE RELATIONSHIP BETWEEN THE KES. THE KES ON THE
CELLULAR LEVEL PROMOTE THE EVENTUAL ADVERSE OUTCOME (AQ), WHICH IN THE CASE OF GENOTOXICITY COULD BE
ANEUPLOIDY, OR MUTAGENICITY AND CHROMOSOME BREAKS DEPENDING ON THE MODE OF ACTION OF THE EXPOSED
CHEMICAL. FIGURE ADAPTED FROM VILLENEUVE ET AL, (2014). c..eeriiieeiiie ettt ettt e e et 43

FIGURE 1.16. LAYOUT OF THE RESULTS CHAPTERS IN THIS THESIS .eeeteteietetetereeeeeeeeeeeeeeeeeeesesesssssesssssssssssssssssssssssssssssssssasnnnns 46

FIGURE 2.1. ILLUSTRATION OF THE SHAPES OF THE DOSE RESPONSES CORRESPONDING TO THE VARIOUS DESCRIPTIVE MODELS.
PARAMETERS: A, BACKGROUND RESPONSE; B, POTENCY; C, MAXIMUM EFFECT; D, RATE OF CHANGE (EFFECT ON
SLOPE/CURVATURE). FIGURE ADAPTED FROM SLOB (2002)......ccuveeeurieeureeereeereeeireeesseeesteeesseeessseessseessesssessasesssesen 52

FIGURE 2.2. FLOW CHART SHOWING THE GENERAL BMD DATA ANALYSIS PROCESS FLOW USING PROAST. CHAPTER 3 AND 5 USED
OPTIONS 5 AND 6 TO GENERATE CROSS-CORRELATIONS OF BMD CONFIDENCE INTERVALS BETWEEN SYSTEMS...ccevererererennes 55

FIGURE 3.1. GRAPHIC REPRESENTING THE MULTIFLOW PROCESSING STEPS INVOLVED IN DATA ACQUISITION FROM THE ASSAY’S DNA
DAMAGE RESPONSE BIOMARKERS. RELEVANT MAMMALIAN CELLS ARE PREPARED BY CELL MEMBRANE LYSIS TO EXPOSE NUCLEAR
CONTENT. FLUORESCENT ANTIBODIES SPECIFIC TO THE DNA DAMAGE RESPONSE MARKERS (TH2AX FOCI, NUCLEAR P53, P-H3)
BIND TO THEIR RESPECTIVE NUCLEAR EPITOPES. THE CELLS AND THEIR SUSPENSIONS ARE PREPARED FOR FLOW CYTOMETRIC
(FCM) ANALYSIS. LATEX MICROSPHERES ACT AS COUNTING BEADS TO ENUMERATE CELL-TO BEAD RATIOS FOR THE EVALUATION
OF RELATIVE NUCLEI COUNTS OR RELATIVE POPULATION DOUBLING. FIGURE ADAPTED WITH PERMISSION FROM LITRON LTD.
COPYWRITE 2006, 1.uvtttuiiiiiiiiiiiiiie s s s e s s s s s e s s s s e se s s sessseeesesesasasasasasasasasasaasasaeaaaeseeeeaseeeeesesaseseseseseeeseseranannes 61

FIGURE 3.2. JMP SOFTWARE DERIVED UNSUPERVISED CLUSTERING RESULTS SHOWN ON A 2-DIMENSIONAL DENDROGRAM FOR 21
ANEUGENS BASED ON THE DOSE-RESPONSE FOR EACH BIOMARKER WHICH WAS CONVERTED INTO AREA UNDER THE CURVE

(AUC) FOR THE ANALYSIS. THE BIOMARKERS ARE PLOTTED ON THE X-AXIS WITH THE TEST COMPOUNDS DISPLAYED ON THE Y-

Xil



AXIS. TWO DISTINCT CLADES ARE PRESENT AND DENOTED BY KINASE INHIBITORS (KI) AND TUBULIN BINDERS (TB) BASED ON
THE KNOWN ACTIVITIES OF THESE COMPOUNDS. THE BOTTOMMOST GRAPH REPRESENTS THE HORIZONTAL DISTANCES BETWEEN
CLUSTERS. FIGURE TAKEN DIRECTLY FROM DERTINGER ET AL. (2019). ..uuviiiieiiee et ettt ettt e e e e 63
FIGURE 3.3. PLOTTED BMD CONFIDENCE INTERVALS FROM THE IN VITRO (UPPER PANEL) AND IN VIVO (LOWER PANEL)
MICRONUCLEUS ASSAY FOR 7 GENOTOXICANTS. BMD CONFIDENCE INTERVALS PLOTTED FROM MOST POTENT (MEL) TO LEAST
POTENT (HU) COMPOUND RANK ORDER. THE X-AXIS REPRESENTS L0OG10 BMD FOR MICRONUCLEI ANALYSED WITH A BMR
(SYNONYMOUS TO CRITICAL EFFECT SIZE, CES) OF 200%. ABBREVIATIONS MEL = MELPHALAN, CHL = CHLORAMBUCIL, THI =
THIOTEPA, AZA = AZATHIOPRINE, MMS = METHYL METHANESULFONATE, PRS = 1,3-PROPANE SULTONE, HU = HYDROXYUREA.
FIGURE TAKEN DIRECTLY FROM BEMIS ET AL, (2016)....eeieeuiieeeitiieeecieeeeeiteeeeeieeeeeeiteeeeeaaeeeeeavaeaeessseeeeeasseeeensreaaaan 65
FIGURE 3.4. PLOTTED BMD CONFIDENCE INTERVALS CALCULATED FROM MICRONUCLEI FREQUENCY DOSE-RESPONSE DATASETS FOR
CULTURED HUMAN LYMPHOCYTES EXPOSED TO DIFFERENT FORMS OF IONISING RADIATION CONDITIONS. THE X-AXIS
REPRESENTS LOG10 BMD FOR MICRONUCLEI ANALYSED WITH A CRITICAL EFFECT SIZE (CES) oF 50%. BMD CONFIDENCE
INTERVALS PLOTTED FROM MOST POTENT (NEUTRON_13.7-MEV) TO LEAST POTENT (Y-RAY_662KEV) IONISING RADIATION
CONDITION RANK ORDER. POTENCY IS DEPICTED ON THE X-AXIS WITH A SHADED ARROW IN THE DIRECTION OF DECREASING
POTENCY FROM LEFT TO RIGHT. FIGURE ADAPTED FROM WILLS ET AL. (2016A). ....uviiieeiiieeeeiiieeeetiee ettt 66
FIGURE 3.5. THE SIMPLICITY OF THE BMD CONFIDENCE INTERVAL CORRELATION METHOD IS SHOWN IN THIS FIGURE. BMD
CONFIDENCE INTERVALS FOR 6 HYPOTHETICAL TEST-ARTICLES (A TO F) ARE SHOWN PLOTTED IN POTENCY RANK ORDER FOR THE
TWO TEST SYSTEMS (UPPERMOST 2 PANELS). THE SOFTWARE ‘PROAST’ PRODUCES A CROSS-CORRELATION PLOT WHERE THE
BMD CONFIDENCE INTERVALS ARE CROSS-CORRELATED ON A DOUBLE LOG PLOT (BOTTOMMOST PANEL). A DASHED BLACK LINE
ENCOMPASSES MOST BMD CONFIDENCE INTERVALS TO DEPICT THE STRENGTH OF THE CORRELATION WITHIN APPROXIMATELY
0.5-LOG. TEST-ARTICLE ‘F’ IS HIGHLIGHTED HERE WITH ‘RED ARROWS’ POINTING FROM THE RESPECTIVE BMD CONFIDENCE
INTERVAL ORIGIN FROM THE TEST SYSTEMS SHOWN IN THE UPPERMOST PANELS. «..uuvteeeeerieesnrreeesureeessssreeesssneessnsseeesns 67
FIGURE 3.6. BMD CONFIDENCE INTERVAL CROSS-CORRELATION PLOT FOR IN VITRO VERSUS IN VIVO MICRONUCLEUS FREQUENCIES
FOR A SERIES OF SELECT TEST COMPOUNDS. FIGURE ADAPTED FROM SOETEMAN-HERNANDEZ ET AL. (2015). .....ccecuuneee. 69
FIGURE 3.7. BMD CONFIDENCE INTERVAL CROSS-CORRELATION PLOT FOR IN VITRO VERSUS IN VIVO MICRONUCLEUS FREQUENCIES
FOR SEVERAL TESTED CLASTOGENIC COMPOUNDS. SMALL WIDTH CONFIDENCE INTERVALS (HIGH PRECISION) WERE OBTAINED
FROM BMD ANALYSIS FROM BOTH SYSTEMS. FIGURE ADAPTED FROM BEMIS ET AL. (2016). c..vvvveeeriieeeiiiee e, 70
FIGURE 3.8. BMD CONFIDENCE INTERVAL CROSS-CORRELATION PLOT FOR IN VITRO MICRONUCLEUS VERSUS IN VIVO TUMOUR
INCIDENCE FOR SEVERAL TESTED COMPOUNDS. DASHED DIAGONAL LINES ARE DRAWN TO ENCOMPASS MOST OF THE BMD
CONFIDENCE INTERVALS. ROUND BLACK CIRCLES ARE DRAWN AROUND SELECT BMDL INTERSECTS WHICH REPRESENT READ-
ACROSS VALUES FOR PREDICTIVE BMDL VALUES IN THE COMPARATOR TEST SYSTEM. FIGURE ADAPTED FROM SOETEMAN-
HERNANDEZ ET AL. (2015). c.nuttiieeiiiie ettt ettt e ettt e ettt e e e ettt e e e e abe e e eeaeaaeeeabeeaeeessaeeeesssaeeesbasaeasseeesansseaeeasreaaann 71
FIGURE 3.9. MATERIALS AND IMEETHOD FLOW CHART...ciiiiiiiiiiiiieieieieieieeeeeeeeeteeeeeeeesee e e eeeeea e aeese s e sasesesesesesesasesesssesesssssasnnnnn 73
FIGURE 3.10. BMD MODELLING CURVES FOR THE ‘CLASTOGENSA’ SUBGROUP ANALYSED WITH COMPOUND AS THE COVARIATE LEVEL
FOR rTH2AX DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10-MM ON THE X-AXIS AND LOG-10 rH2AX
MEDIAN FLUORESCENCE RESPONSE ON THE Y-AXIS. COLOURED POINTS AND CURVES CORRESPOND TO THE DOSE-RESPONSE

CURVE FOR EACH RESPECTIVE COMPOUND. SUMMARY STATISTICS ARE PRESENTED ON THE RIGHT HAND SIDE INCLUDING THE

Xiii



MODEL PARAMETERS (A,C,D). CES 0.5 (50%). CEDL AND CEDU ARE SYNONYMOUS WITH BMDL AND BMDU.
EXPONENTIAL MODEL 5 RETURNED DOSE-RESPONSES FOR ALL COMPOUND EXCEPT FOR ‘AZA. ...ocieiiiieeeiiieeceiiee e 89
FIGURE 3.11. PROAST GENERATED INDIVIDUAL DOSE-RESPONSE CURVES FOR EACH LEVEL OF THE ‘CLASTOGENSA” COVARIATE TH2AX
BIOMARKER DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10 MM ON THE X-AXIS AND THE LOG10
rH2AX MEDIAN FLUORESCENCE RESPONSE ON THE Y-AXIS. FURTHER SCRUTINY OF ‘AZA” DOSE RESPONSE SHOWS A WEAK DOSE-
RESPONSE WITH A REDUCTION OF TH2AX RESPONSE IN THE TOP 10 CONCENTRATIONS EVALUATED. «.eveierereieiereieeeeeeeeennn 90
FIGURE 3.12. BMD CONFIDENCE INTERVALS PLOTTED FOR THE ‘CLASTOGENSA’ COVARIATE SUBGROUP rH2AX BIOMARKER DOSE-
RESPONSES. ALL COMPOUNDS RETURNED UPPER AND LOWER BOUND FINITE CONFIDENCE INTERVALS EXCEPT FOR ‘AZA” WHICH
DID NOT CALCULATE A CONFIDENCE INTERVAL SINCE THERE WAS NO DOSE-RESPONSE FOR SAID COMPOUND. THE BOUND
CONFIDENCE INTERVALS SPANNED A MAXIMUM DISTANCE OF 1-LOG UNIT. ciiiiiiiiiiiiiiiiiiccccccccccccceceeececececececeeeeeeeeeeeeeees 91
FIGURE 3.13. BMD MODELLING CURVES FOR THE ‘CLASTOGENSB’ SUBGROUP ANALYSED WITH COMPOUND AS THE COVARIATE LEVEL
FOR TH2AX BIOMARKER DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10-MM ON THE X-AXIS AND
LoG-10 rH2AX MEDIAN FLUORESCENCE RESPONSE ON THE Y-AXIS. COLOURED POINTS AND CURVES CORRESPOND TO THE
DOSE-RESPONSE CURVE FOR EACH RESPECTIVE COMPOUND. SUMMARY STATISTICS ARE PRESENTED ON THE RIGHT HAND SIDE
INCLUDING THE MODEL PARAMETERS (A,C,D). CES 0.5 (50%). CEDL AND CEDU ARE SYNONYMOUS WITH BMDL AND
BMDU. EXPONENTIAL MODEL 5 RETURNED DOSE-RESPONSES FOR ALL COMPOUNDS. ....uuuuuunnnereresesesesesesesesesesesasesens 92
FIGURE 3.14. PROAST GENERATED INDIVIDUAL DOSE-RESPONSE CURVES FOR EACH LEVEL OF THE ‘CLASTOGENSB’ COVARIATE TH2AX
BIOMARKER DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10 MM ON THE X-AXIS AND THE LOG10
rH2AX MEDIAN FLUORESCENCE RESPONSE ON THE Y-AXIS. FITTED DOSE-RESPONSE CURVES FOR ALL COMPOUNDS. THE ‘FUL’
AND ‘MEN’ COMPOUNDS EXHIBIT A DIFFERENT DOSE-RESPONSE CURVE SHAPE COMPARED TO THE OTHER COMPOUNDS. ...... 93
FIGURE 3.15. BMD CONFIDENCE INTERVALS PLOTTED FOR THE ‘CLASTOGENSB’ COVARIATE SUBGROUP rH2AX BIOMARKER DOSE-
RESPONSES. ALL COMPOUNDS RETURNED UPPER AND LOWER BOUND FINITE CONFIDENCE INTERVALS. THE CONFIDENCE
INTERVALS SPANNED A MAXIMUM DISTANCE OF 1-LOG UNIT EXCEPT FOR THE ‘FUL’ AND ‘MEN’ COMPOUNDS WHOSE
CONFIDENCE INTERVALS SPANNED BETWEEN APPROXIMATELY 1.5- AND 2.5-LOG UNITS, RESPECTIVELY. cceeevereierererererenennns 94
FIGURE 3.16. BMD MODELLING CURVES FOR THE ‘CLASTOGENSA’ SUBGROUP ANALYSED WITH COMPOUND AS THE COVARIATE LEVEL
FOR P53 BIOMARKER DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10-MM ON THE X-AXIS AND LOG-
10 P53 MEDIAN FLUORESCENCE RESPONSE ON THE Y-AXIS. COLOURED POINTS AND CURVES CORRESPOND TO THE DOSE-
RESPONSE CURVE FOR EACH RESPECTIVE COMPOUND. SUMMARY STATISTICS ARE PRESENTED ON THE RIGHT HAND SIDE
INCLUDING THE MODEL PARAMETERS (A,C,D). CES 0.5 (50%). CEDL AND CEDU ARE SYNONYMOUS WITH BMDL AND
BMDU. EXPONENTIAL MODEL 5 RETURNED DOSE-RESPONSES FOR ALL COMPOUNDS. NOTABLY, ‘AAF’ AND ‘CIS’ RETUNED
INFINITE CEDUS. ..eieiiiiiiiiiiet ettt ettt et eaeaeaaaaaee e e ababs b as e aeae st aasasasnsasasesssasasesens 95
FIGURE 3.17. PROAST GENERATED INDIVIDUAL DOSE-RESPONSE CURVES FOR EACH LEVEL OF THE ‘CLASTOGENSA’ COVARIATE P53
BIOMARKER DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10 MM ON THE X-AXIS AND THE LOG10 P53
MEDIAN FLUORESCENCE RESPONSE ON THE Y-AXIS. FITTED DOSE-RESPONSE CURVES FOR ALL COMPOUNDS. THE ‘AAF’
COMPOUND P53 RESPONSES DID NOT EXHIBIT A DOSE-RESPONSE CURVE WITH CONCENTRATION-RESPONSE SCATTER OBSERVED
IN THE COMPOUND SPECIFIC PLOT. THE ‘CIS’ COMPOUND EXHIBITED A DIFFERENT DOSE-RESPONSE CURVE SHAPE COMPARED TO

THE OTHER COMPOUNDS.....eetvtttutneeeerrerssuneeeeessessssaeeesssssssnaesessssssssseesssssssnnsesessssssssneeesssssssnnsesessssssssneesssssssnnnns 96

X1V



FIGURE 3.18. BMD CONFIDENCE INTERVALS PLOTTED FOR THE ‘CLASTOGENSA’ COVARIATE SUBGROUP P53 BIOMARKER DOSE-
RESPONSES. ALL COMPOUNDS RETURNED UPPER AND LOWER BOUND FINITE CONFIDENCE INTERVALS EXCEPT FOR ‘AAF’ AND
‘C1S’ WHOSE DOSE-RESPONSE CONFIDENCE INTERVALS RETURNED AN INFINITE UPPER BOUND EVIDENT WITH THE DASHED
DRAWN CONFIDENCE INTERVAL IN THE CASE OF ‘CIS’. THE BOUND CONFIDENCE INTERVALS SPANNED A MAXIMUM DISTANCE OF
1-LOG UNIT. THERE ARE SOME VERY SMALL PRECISE BMD CONFIDENCE INTERVALS, NOTABLY ‘BLS’, ‘EMS’ AND ‘ENU’......... 97

FIGURE 3.19. BMD MODELLING CURVES FOR THE ‘CLASTOGENSB’ SUBGROUP ANALYSED WITH COMPOUND AS THE COVARIATE LEVEL
FOR P53 BIOMARKER DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10-MM ON THE X-AXIS AND LOG-
10 P53 MEDIAN FLUORESCENCE RESPONSE ON THE Y-AXIS. COLOURED POINTS AND CURVES CORRESPOND TO THE DOSE-
RESPONSE CURVE FOR EACH RESPECTIVE COMPOUND. SUMMARY STATISTICS ARE PRESENTED ON THE RIGHT HAND SIDE
INCLUDING THE MODEL PARAMETERS (A,C,D). CES 0.5 (50%). CEDL AND CEDU ARE SYNONYMOUS WITH BMDL AND

BMDU. EXPONENTIAL MODEL 5 RETURNED DOSE-RESPONSES FOR ALL COMPOUNDS. NOTABLY, ‘OLA’” RETUNED AN INFINITE

FIGURE 3.20. PROAST GENERATED INDIVIDUAL DOSE-RESPONSE CURVES FOR EACH LEVEL OF THE ‘CLASTOGENSB’ COVARIATE P53
BIOMARKER DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10 MM ON THE X-AXIS AND THE LOG10 P53
MEDIAN FLUORESCENCE RESPONSE ON THE Y-AXIS. FITTED DOSE-RESPONSE CURVES FOR ALL COMPOUNDS. THE ‘NQO’ AND
‘OLA” COMPOUNDS P53 RESPONSES EXHIBITED A SCATTER AMONGST THE DOSE-RESPONSE CURVES, PARTICULARLY AT HIGHER
CONCENTRATIONS. 1vvvtuteuuuuuuununnnnnnnnnnnnnenesnnnnnsnnsnssasasasasssssssssesesesssesesasasasasesasasssssesssasasssssesesssesasesesesesesesesesarsnnes 99

FIGURE 3.21. BMD CONFIDENCE INTERVALS PLOTTED FOR THE ‘CLASTOGENSB’ COVARIATE SUBGROUP P53 BIOMARKER DOSE-
RESPONSES. ALL COMPOUNDS RETURNED UPPER AND LOWER BOUND FINITE CONFIDENCE INTERVALS EXCEPT FOR ‘OLA” WHOSE
DOSE-RESPONSE CONFIDENCE INTERVAL RETURNED AN INFINITE UPPER BOUND. THE BOUND CONFIDENCE INTERVALS SPANNED

A MAXIMUM DISTANCE OF APPROXIMATELY 1.5-LOG UNIT. THERE ARE SEVERAL SMALL PRECISE BMD CONFIDENCE INTERVALS.

FIGURE 3.22. BMD MODELLING CURVES FOR THE ‘ANEUGEN’ SUBGROUP ANALYSED WITH COMPOUND AS THE COVARIATE LEVEL FOR
P-H3 BIOMARKER DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10-MM ON THE X-AXIS AND LOG-10 P-
H3 FREQUENCY RESPONSE ON THE Y-AXIS. COLOURED POINTS AND CURVES CORRESPOND TO THE DOSE-RESPONSE CURVE FOR
EACH RESPECTIVE COMPOUND. SUMMARY STATISTICS ARE PRESENTED ON THE RIGHT HAND SIDE INCLUDING THE MODEL
PARAMETERS (A,C,D). CES 0.5 (50%). CEDL AND CEDU ARE SYNONYMOUS WITH BMDL AND BMDU. EXPONENTIAL
MODEL 5 RETURNED DOSE-RESPONSES FOR ALL COMPOUNDS. NOTABLY, ‘CAR’ RETUNED AN INFINITE CEDU.................. 101

FIGURE 3.23. PROAST GENERATED INDIVIDUAL DOSE-RESPONSE CURVES FOR EACH LEVEL OF THE “ANEUGEN’ COVARIATE P-H3
BIOMARKER DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10 MM ON THE X-AXIS AND THE LOG10 P-
H3 FREQUENCY RESPONSE ON THE Y-AXIS. FITTED DOSE-RESPONSE CURVES FOR ALL COMPOUNDS. THE ‘CAR” ‘DES’ AND ‘EST’
COMPOUNDS EXHIBITED SOME SCATTER. «.uuuuuuuuuunnneasasasasasasasssesesesesesesesasasasasasassssassssssasasasssssssssasesesesesssesssssesssen 102

FIGURE 3.24. BMD CONFIDENCE INTERVALS PLOTTED FOR THE ‘ANEUGENS’ COVARIATE SUBGROUP P-H3 BIOMARKER DOSE-
RESPONSES. ALL COMPOUNDS RETURNED UPPER AND LOWER BOUND FINITE CONFIDENCE INTERVALS EXCEPT FOR ‘CAR’ WHOSE
DOSE-RESPONSE CONFIDENCE INTERVAL RETURNED AN INFINITE UPPER BOUND EVIDENT WITH THE DASHED DRAWN
CONFIDENCE INTERVAL. THE BOUND CONFIDENCE INTERVALS SPANNED A MAXIMUM DISTANCE OF APPROXIMATELY 1-LOG UNIT
EXCEPT FOR ‘DES” WHOSE CONFIDENCE INTERVAL SPANNED OVER 3-LOG UNITS. THERE ARE SEVERAL SMALL PRECISE BMD

CONFIDENCE INTERVALS. «evtvtuuueeeeertrusunneeeessssssnnaesesssssssnnseeessssssssnesesssssssssesessssssssnnsessssssssnseesesssssssnneesssssssnnnneeens 103

XV



FIGURE 3.25. BMD MODELLING CURVES FOR THE ‘“ANEUGEN’ SUBGROUP ANALYSED WITH COMPOUND AS THE COVARIATE LEVEL FOR
P53 BIOMARKER DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10-MM ON THE X-AXIS AND LOG-10
P53 MEDIAN FLUORESCENCE RESPONSE ON THE Y-AXIS. COLOURED POINTS CORRESPOND TO THE DOSE-RESPONSE CURVE FOR
EACH RESPECTIVE COMPOUND. SUMMARY STATISTICS ARE PRESENTED ON THE RIGHT HAND SIDE INCLUDING THE MODEL
PARAMETERS (A,C,D). CES 0.5 (50%). CEDL AND CEDU ARE SYNONYMOUS WITH BMDL AND BMDU. EXPONENTIAL
MODEL 5 RETURNED DOSE-RESPONSES FOR ALL COMPOUNDS. NOTABLY, ‘DES’ AND ‘GLI" RETUNED INFINITE CEDUS........ 104
FIGURE 3.26. PROAST GENERATED INDIVIDUAL DOSE-RESPONSE CURVES FOR EACH LEVEL OF THE ‘ANEUGEN’ COVARIATE P53
BIOMARKER DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10 MM ON THE X-AXIS AND THE LOG10 P53
MEDIAN FLUORESCENCE RESPONSE ON THE Y-AXIS. FITTED DOSE-RESPONSE CURVES FOR ALL COMPOUNDS. THE ‘DES’ AND ‘GLI’
COMPOUNDS EXHIBITED SOME SCATTER, WITH A WEAK DOSE-RESPONSE VISIBLE IN THE ‘GLI" INDIVIDUAL CURVE................ 105
FIGURE 3.27. BMD CONFIDENCE INTERVALS PLOTTED FOR THE ‘ANEUGENS’ COVARIATE SUBGROUP P53 BIOMARKER DOSE-
RESPONSES. ALL COMPOUNDS RETURNED UPPER AND LOWER BOUND FINITE CONFIDENCE INTERVALS EXCEPT FOR ‘DES’ ‘GLI’
WHOSE DOSE-RESPONSE CONFIDENCE INTERVAL RETURNED AN INFINITE UPPER BOUND EVIDENT WITH THE DASHED DRAWN
CONFIDENCE INTERVAL IN THE CASE OF ‘DES’. THE BOUND CONFIDENCE INTERVALS SPANNED A MAXIMUM DISTANCE OF
APPROXIMATELY 0.75-LOG UNITS. THERE ARE SEVERAL SMALL PRECISE BMD CONFIDENCE INTERVALS....vvvvvvvvvvvrerernnennn 106
FIGURE 3.28. BMD MODELLING CURVES FOR THE ‘CLASTOGENA” SUBGROUP ANALYSED WITH COMPOUND AS THE COVARIATE LEVEL
FOR MICRONUCLEUS PERCENT DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10-MM ON THE X-AXIS
AND LOG-10 MICRONUCLEUS PERCENT RESPONSE ON THE Y-AXIS. COLOURED POINTS AND CURVES AND CORRESPOND TO THE
DOSE-RESPONSE CURVE FOR EACH RESPECTIVE COMPOUND. SUMMARY STATISTICS ARE PRESENTED ON THE RIGHT HAND SIDE
INCLUDING THE MODEL PARAMETERS (A,C,D). CES 0.5 (50%). CEDL AND CEDU ARE SYNONYMOUS WITH BMDL AND

BMDU. EXPONENTIAL MODEL 5 RETURNED DOSE-RESPONSES FOR ALL COMPOUNDS. NOTABLY, ‘CIS’ RETUNED AN INFINITE

FIGURE 3.29. PROAST GENERATED INDIVIDUAL DOSE-RESPONSE CURVES FOR EACH LEVEL OF THE ‘CLASTOGENA’ COVARIATE
MICRONUCLEUS BIOMARKER DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10 MM ON THE X-AXIS AND
THE LOG10 MICRONUCLEUS PERCENT RESPONSE ON THE Y-AXIS. FITTED DOSE-RESPONSE CURVES FOR ALL COMPOUNDS. THE
‘CIS’ COMPOUNDS EXHIBITED SOME SCATTER WITH A WEAK DOSE-RESPONSE VISIBLE. ....uuvvreeerureeeeerreeeesareeeeesnreeeeennenns 108

FIGURE 3.30. BMD CONFIDENCE INTERVALS PLOTTED FOR THE ‘CLASTOGENSA’ COVARIATE SUBGROUP MICRONUCLEUS PERCENT
RESPONSE DOSE-RESPONSES. ALL COMPOUNDS RETURNED UPPER AND LOWER BOUND FINITE CONFIDENCE INTERVALS EXCEPT
FOR ‘CIS” WHOSE DOSE-RESPONSE CONFIDENCE INTERVAL RETURNED AN INFINITE UPPER BOUND EVIDENT WITH THE DASHED
LINE DRAWN CONFIDENCE INTERVAL. THE BOUND CONFIDENCE INTERVALS SPANNED A MAXIMUM DISTANCE OF
APPROXIMATELY 1-LOG UNIT. THERE ARE SEVERAL SMALL PRECISE BMD CONFIDENCE INTERVALS. ...evvvvvvrerervrnrererenenenens 109

FIGURE 3.31. BMD MODELLING CURVES FOR THE ‘CLASTOGENB’ SUBGROUP ANALYSED WITH COMPOUND AS THE COVARIATE LEVEL
FOR MICRONUCLEUS PERCENT DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10-MM ON THE X-AXIS
AND LOG-10 MICRONUCLEUS PERCENT RESPONSE ON THE Y-AXIS. COLOURED POINTS AND CURVES AND CORRESPOND TO THE
DOSE-RESPONSE CURVE FOR EACH RESPECTIVE COMPOUND. SUMMARY STATISTICS ARE PRESENTED ON THE RIGHT HAND SIDE
INCLUDING THE MODEL PARAMETERS (A,C,D). CES 0.5 (50%). CEDL AND CEDU ARE SYNONYMOUS WITH BMDL AND
BMDU. EXPONENTIAL MODEL 5 RETURNED DOSE-RESPONSES FOR ALL COMPOUNDS. NOTABLY, ‘MEL” AND ‘MTX’ RETUNED A

CEDL VALUE THAT WAS NOT DISTINGUISHABLE FROM . ..uuuuiiiieeiiiiiieieeeeeeiiiieeeeeretssneeeeeessssnneeeessesssnnesesssssssnnnneeens 110

XVvi



FIGURE 3.32. PROAST GENERATED INDIVIDUAL DOSE-RESPONSE CURVES FOR EACH LEVEL OF THE ‘CLASTOGENB’ COVARIATE
MICRONUCLEUS BIOMARKER DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10 MM ON THE X-AXIS AND
THE LOG10 MICRONUCLEUS PERCENT RESPONSE ON THE Y-AXIS. FITTED DOSE-RESPONSE CURVES FOR ALL COMPOUNDS. THE
‘MEL’ AND ‘MTX’ COMPOUNDS EXHIBITED SHOW A STEEP DASHED LINE FROM INTERSECT WHICH CORRESPONDS TO THE CEDL
NOT BEING DISTINGUISHABLE FROM 0 AND NO EVIDENCE OF A DOSE-RESPONSE IN THESE INSTANCES. THE ‘MMC’, ‘NQO’, AND
‘TOP’ COMPOUNDS ANALYSED WITH CES OF 50% RESULT IN BMD METRICS IN THE LOW HIGHLY VARIABLE REGIONS OF THE
DOSE RESPONSE CURVES, INDICATED WITH THE RED ARROWS.....uvvvrreeeeeseeuurreeeeeeseesinsseseessesesasssssssssesssesssssssseesssennns 111
FIGURE 3.33. BMD CONFIDENCE INTERVALS PLOTTED FOR THE ‘CLASTOGENSB’ COVARIATE SUBGROUP MICRONUCLEUS PERCENT
RESPONSE DOSE-RESPONSES. ALL COMPOUNDS RETURNED UPPER AND LOWER BOUND FINITE CONFIDENCE INTERVALS. THE
BOUND CONFIDENCE INTERVALS SPANNED A MAXIMUM DISTANCE OF APPROXIMATELY 1.5-LOG UNITS. NOTE THAT ‘MEL’ AND
‘MTX’ ARE NOT INCLUDED SINCE THERE WAS NO EVIDENCE OF A DOSE-RESPONSE AND HENCE NO DETERMINABLE BMD
CONFIDENCE INTERVALS. ©1vtuuuuuuuuunnennnenenananenennnnnsnsasasasasssssesssssesesesssesesasasesasssssssssssssssssasssssssssesesesesesesesesesesessnens 112
FIGURE 3.34. BMD MODELLING CURVES FOR THE ‘MMC’, ‘NQO’, AND ‘TOP’ CONCATENATED SUBGROUP ANALYSED WITH
COMPOUND AS THE COVARIATE LEVEL FOR MICRONUCLEUS PERCENT DOSE-RESPONSES. DOUBLE-LOG PLOT WITH
CONCENTRATION IN LOG10-MM ON THE X-AXIS AND LOG-10 MICRONUCLEUS PERCENT RESPONSE ON THE Y-AXIS. COLOURED
POINTS AND CURVES AND CORRESPOND TO THE DOSE-RESPONSE CURVE FOR EACH RESPECTIVE COMPOUND. SUMMARY
STATISTICS ARE PRESENTED ON THE RIGHT HAND SIDE INCLUDING THE MODEL PARAMETERS (A,C,D). CES WAS INCREASED TO
1.0 (100%) FOR THIS ANALYSIS WITH THE AIM TO IMPROVE BMD METRIC OUTCOMES. CEDL AND CEDU ARE SYNONYMOUS
WITH BMDL AND BMDU. EXPONENTIAL MIODEL 5 RETURNED DOSE-RESPONSES FOR ALL COMPOUNDS WITH CALCULABLE
CEDLS AND CEDUS. ...ttt s s e s e s e e e s e e e s e e e s e s e e e e e e e e e e e e e e aaaaaaaaaaaaaaaaaeaaaeeeaeaeatenasesesasereresenenans 113
FIGURE 3.35. BMD CONFIDENCE INTERVALS PLOTTED FOR THE ‘MMC’, ‘NQO’, AND ‘TOP’ CONCATENATED SUBGROUP
MICRONUCLEUS PERCENT RESPONSE DOSE-RESPONSES WITH A CES OF 0.1 (100%). ALL COMPOUNDS RETURNED UPPER AND
LOWER BOUND FINITE CONFIDENCE INTERVALS. THE BOUND CONFIDENCE INTERVALS SPANNED A MAXIMUM DISTANCE OF
APPROXIMATELY 0.5-LOG UNITS. 1iiiiiiiiiiiiiiiiiiiiiiiiiei e it eeeeeeeeeee et e e teteeeee e et et et e e s e e e e s e s e e e s e s e s e s e s e sasesesasesesssssnsesssesnsasnnn 114
FIGURE 3.36. BMD MODELLING CURVES FOR THE ANEUGENS SUBGROUP ANALYSED WITH COMPOUND AS THE COVARIATE LEVEL FOR
MICRONUCLEUS PERCENT DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10-MM ON THE X-AXIS AND
LOG-10 MICRONUCLEUS PERCENT RESPONSE ON THE Y-AXIS. COLOURED POINTS AND CURVES AND CORRESPOND TO THE DOSE-
RESPONSE CURVE FOR EACH RESPECTIVE COMPOUND. SUMMARY STATISTICS ARE PRESENTED ON THE RIGHT HAND SIDE
INCLUDING THE MODEL PARAMETERS (A,C,D). CES 0.5 (50%). CEDL AND CEDU ARE SYNONYMOUS WITH BMDL AND

BMDU. EXPONENTIAL MODEL 5 RETURNED DOSE-RESPONSES FOR ALL COMPOUNDS WITH CALCULABLE CEDLS AND CEDUS.

FIGURE 3.37. PROAST GENERATED INDIVIDUAL DOSE-RESPONSE CURVES FOR EACH LEVEL OF THE ‘ANEUGEN’ COVARIATE
MICRONUCLEUS BIOMARKER DOSE-RESPONSES. DOUBLE-LOG PLOT WITH CONCENTRATION IN LOG10 MM ON THE X-AXIS AND
THE LOG10 MICRONUCLEUS PERCENT RESPONSE ON THE Y-AXIS. FITTED DOSE-RESPONSE CURVES FOR ALL COMPOUNDS. CLEAR
DOSE-RESPONSE FOR ALL COMPOUNDS. vvvvvvvrerurusesssnssssssssssssssssssssssssssssssnsssnsssnsnsnsnsnsnsnsnsnnnnnnnsnsesesssssssssssesssssssens 116

FIGURE 3.38. BMD CONFIDENCE INTERVALS PLOTTED FOR THE ‘ANEUGENS’ COVARIATE SUBGROUP MICRONUCLEUS PERCENT
RESPONSE DOSE-RESPONSES. ALL COMPOUNDS RETURNED UPPER AND LOWER BOUND FINITE CONFIDENCE INTERVALS. THE

BOUND CONFIDENCE INTERVALS SPANNED A MAXIMUM DISTANCE OF APPROXIMATELY 1-LOG UNIT. ...cevveriraiiniieeeeeaannee 117

Xvil
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Chapter 1. General Introduction

Genotoxicity Assessment in Industry

1.1 The Practice of Genetic Toxicology

Genetic toxicology is a subset of toxicology that evaluates the effects of chemical and
physical agents on DNA. Permanent changes to DNA through mutations can have deleterious
effects to the organism or offspring. Broader damage to DNA, for example unscheduled
DNA synthesis, sister chromatid exchanges, and DNA strand breaks, can manifest into
adverse health effects if left unchecked or unrepaired. Since its inception, genotoxicity has
served as a proxy for cancer, as genotoxins are often viewed as carcinogens and cancer as a
genetic disease characterised by mutations (Jenkins et al., 2010). Genetic toxicology testing
covers a broad spectrum of endpoints that are assessed indirectly through measuring DNA
repair or measuring the direct production of gene mutations or chromosome alterations.
Consequentially, the new chemical entities that are designed by the pharmaceutical,
biotechnology, chemical and cosmetic industries require assessment and regulation for

genotoxic risk (Dearfield et al., 2017).
1.1.1 DNA Damage Mechanisms

There are many and varied types of DNA damage that are induced by exogenous
agents including chemicals and ionising and non-ionising radiations. Such damage includes
single- and double- strand breaks in the DNA backbone, crosslinks between DNA bases and
proteins, and addition of chemical groups to the DNA bases (adducts). As a consequence of
the induced DNA damage, mutations can form as a result of errors in DNA repair or
replication (Klaassen, 2007, Miller and Miller, 1971). In somatic cells, mutations in critical
genes such as tumour suppressor genes can lead to unregulated cell replication and cancer
(Loeb and Loeb, 2000). Broadly speaking, chemicals can induce DNA damage through two
categories: 1) By reacting directly with DNA as adducts at specific base locations (Heflich
and Neft, 1994); or 2) indirectly in a non-DNA reactive fashion, typically through reactivity
with the DNA replication machinery and/or mechanisms related to gene expression, for

example interference with DNA synthesis pathways (Galloway et al., 1998), effects of



reactive oxygen species (Cooke et al., 2003, Evans et al., 2004), or Topoisomerase 11

inhibition (McClendon and Osheroff, 2007).

The following drawing by Klaassen (2007) (Figure 1.1) proficiently outlines the
spectrum of DNA damage that is induced by different physical and chemical agents. The
focus of this thesis is on genotoxicity risk from industrially produced chemical agents, and so

the types of DNA damage induced by irradiation will not be expanded upon.
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Figure 1.1. Types of DNA damage induced by physical and chemical agents. Figure adapted from
Klaassen (2007).



1.1.1.1 DNA-reactive genotoxic compounds

Most DNA-reactive compounds are electrophilic and hence react with proteins and
DNA'’s electron-rich nucleophilic centres. The Swain Scott constant (s value) serves as a
standard measure of electrophilicity of alkylating agents (Swain and Scott, 1953). High s
value compounds are able to target highly nucleophilic centres (the N7-position of Guanine
(N7G), N3-position of Adenine (N3A)), contrasting low s value compounds are less sensitive
to the nucleophilicity of their target; thus, do not discriminate between high and low centres
of nucleophilicity and are able to efficiently alkylate Oxygen atoms (e.g., 05-position of
Guanine (O6G)). Such compounds include potent alkylating agents that can react with DNA
in either a mono- or bi-functional mechanism. Monofunctional alkylating agents target the
N7G, N3A and O6G reactive sites, and include the alkane sulfonates methyl
methanesulfonate (MMS) and ethyl methanesulfonate (EMS), and the N-Nitrosamine group
of compounds (Beranek, 1990). Bifunctional alkylating agents include nitrogen mustards that
can target multiple DNA active sites simultaneously leading to DNA adduct formation or
inter-strand cross-linking (Shahin et al., 2001). These DNA reactive compounds usually lead
to mutations in the DNA sequence, and/or clastogenicity where the integrity of the

chromosomes is impacted.
1.1.1.2 Non-DNA Reactive Genotoxic Compounds

Not all genotoxic compounds interact directly with the DNA backbone. Such agents
that lead to indirect genotoxicity can be equally as potent as direct DNA reactive compounds
(Lutz, 1998). Some classical examples include a subset of aneugens that are known to
interact with the cellular mitotic machinery, such as the vinca alkaloid tubulin poisons
Vincristine and Vinblastine that inhibit tubulin production leading to potentially uneven
chromosome separation during mitosis (Owellen et al., 1972; Dhamodharan et al., 1995).
Another mechanism of indirect DNA damage includes that influenced by the Topoisomerase
II poisons, including etoposide that covalently interacts with the Topoisomerase Il enzyme
active site (Hande, 1998; Baldwin and Osheroff, 2005), leading to an overwhelming increase
in enzyme mediated DNA double strand breaks and replication fork collapse (McClendon
and Osheroff, 2007). Topoisomerase II Poisons can induce deleterious cellular perturbation,
and inherited mutations and chromosome rearrangements can be inherited from and cells that

do not induce apoptosis (Montecucco et al., 2015). The latter has been implicated in the



development of treatment-related acute myeloid leukaemia (AML) in 2-3% of cancer patients

treated with etoposide (Bueno et al., 2009; Pendleton et al., 2014).
1.2 Industrial Genotoxicity Assessment Regulatory Landscape

Originally, exogenous agents were thought to be responsible for approximately 85%
of human cancers (Wood, 1969). In as long ago as 1775, Percival Pott fascinatingly observed
an increase in scrotal cancers in chimney sweeps (Androutsos, 2006). Pott’s findings can be
considered an early epidemiological study. Of course, exposure to chimney Soot is limited to
the few individuals with historical occupational exposure; however, Pott’s work highlights
the risk of exposure to hazardous substances. The advancements in access to healthcare and
the broader use of consumer products means that more of the world’s population are exposed
to exogenous compounds that are industrially synthesised which could pose a genotoxic risk.
In the regulated industry of compound development, including the pharmaceutical,
biotechnology, and chemical sectors; genotoxicity is conservatively assessed through hazard
identification which merely identifies if a compound falls into the binary classification of
genotoxic or not. Specific regulatory genotoxicity guidelines describe and standardise the
assays which are used in industry to hazard assess genotoxic compounds. Specifically, the
pharmaceutical sector adheres to guidelines set by the International Conference on
Harmonisation of Technical Requirements for Registration of Pharmaceuticals for Human
Use (ICHS2R1). Assessment for genotoxic hazard follows a 2-step process of performing in

vitro (stage 1) and in vivo (stage 2) assays.
1.2.1 Stage 1: The Standard In Vitro Test Battery

The work by Kirkland et al. (2005) has been key to the inclusion of the core in vitro
test battery in the regulatory assessment of a compound’s genotoxic potential. The authors
concluded that the use of a combination of three common assays (Ames bacterial reverse
mutation assay, in vitro mouse lymphoma assay, in vitro chromosome aberration assay and/or
in vitro micronucleus assay) increases the sensitivity and predictability to detect a rodent
carcinogen. The three-test battery is mostly applicable to cosmetic products, whereas
pharmaceutical products are advised to follow a two-test battery (Kirkland et al., 2011). This
is practical since no single test can detect all genotoxic mechanisms relevant to
carcinogenesis. The ICHS2 guideline on genotoxicity testing and data interpretation for

pharmaceutical intended for human use recommends the use of a bacterial reverse mutation



assay, with the addition of an in vitro mammalian test (ICH, 2008). Kirkland et al. (2005)
highlighted the poor specificity of the assays, where the rate of false positives is high (75-
95%), which can be reduced by the inclusion of multiple assays in the battery. Well
characterised compounds with negative results in the stage 1 tests are generally concluded to
be non-genotoxic. Based on the predicate that the in vifro standard battery is predictive of in
vivo genotoxicity, compounds which elucidate a positive response in any of the stage 1 tests
are required to undergo follow-up in vivo genotoxicity testing in stage 2 tests. The United
Kingdom Committee on Mutagenicity Guidance on a Strategy for Genotoxicity Testing of
Chemical Substances (Committee on Mutagenicity of Chemicals in Food, 2011) outline the
stages involved in testing of compounds for regulatory assessment of genotoxic potential. A

flow chart covering the stage 1 approach is shown in Figure 1.2.
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Figure 1.2. Flow chart showing the stage 1 in vitro genotoxicity testing process involved in

compound hazard identification. Figure adapted from Committee on Mutagenicity of

Chemicals in Food (2011).

1.2.2 Stage 2: Inclusion of an In Vivo Genotoxicity Test

Due to differences in compound toxicokinetic properties between in vitro and in vivo

test systems, the inclusion of an in vivo assay is recommended in the standard battery, and as

a follow up to a positive in vitro test result. Various guidelines including ICHS2,

recommends that an in vivo follow up assay should be performed in a relevant test species



using appropriate tissues based on a weight of evidence approach and expert judgement
(Thybaud et al., 2007). Some common assays include the rodent bone marrow chromosome
aberration assay to detect clastogenicity, the transgenic rodent mutation (TGR) assay to
detect gene mutations, and the rodent comet assay to detect a wide range of DNA damage
effects. A more recent assay includes the in vivo Pig-a (phosphatidylinositol glycan, Class A)
assay (Dobrovolsky et al., 2010), which offers an efficient follow up to in vitro mutagenicity
positive results (Aardema, 2013). Although specificity is higher in the in vivo assays than the
standard battery in vitro assays, the question of the relevance of the assays persists. For
example, (Tweats et al., 2007) highlights critical compounds that are positive in vivo without
demonstrating evidence of genotoxicity in the standard in vitro assays. Physiological issues
including disturbances in animal body temperature and increases in erythropoiesis were
hypothesised to contribute to the observations made by (Tweats et al., 2007). The following
flow chart (Figure 1.3) from (Committee on Mutagenicity of Chemicals in Food, 2011)

summarises the step 2 process involved in current genotoxicity in vivo follow up testing.
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1.2.3 Hazard and Risk Assessment Paradigms

Despite some of the technical drawbacks associated with the standard genotoxicity
test assays — of which expansion upon is out of scope of this thesis — the main issue
associated with the application of the standard battery is that the results assign a dichotomous
outcome to the compounds genotoxic potential. Generally, a single high concentration of test
compound is applied to the in vitro genotoxicity assays, and high (maximum tolerated dose)
doses for in vivo studies (Cimino, 2006), which is consistent with the hazard assessment
approach, dubbed “screen and bin” (Pottenger and Gollapudi, 2010). However, there is a
growing interest in understanding a substance’s potential genotoxic risk to exposed persons,
of which a detailed dose-response analysis is required (Gollapudi et al., 2013b). Over the past
two decades, several researchers have focussed their efforts on understanding the detailed
dose-response relationships of genotoxic compounds in various tests systems, which better
encompasses the essential aspects of risk assessment. The next section focusses on dose-

response relationships in genetic toxicology which is the central theme of this thesis.
1.3 Dose Response Relationships in Genetic Toxicology

"All things are poison, and nothing is without
oison; the dosage alone makes it so a thin
p 8 g
is not a poison."

Paracelsus, c. 1564
1.3.1 Linear and Threshold Dose Responses

Direct acting genotoxic agents have long been assumed to follow a linear dose-
response relationship (Henderson et al., 2000). DNA damage induction in the linear model is
believed to be directly proportional to dose; implying that there are no genotoxic doses,
however low, that are without finite risk of genetic damage and hence cancer. The linear
concept has been implemented due to a combination of historic experimental data and

precautionary postulate (Jenkins et al., 2010).

In practical terms, low dose linear extrapolation has been implicated in regulatory
limits for controlling potentially genotoxic impurities in pharmaceutical products (ICH,
2013). Briefly, the allowable levels for lifetime exposure to genotoxicants was developed by

the US FDA by using the TDso (dose of statistically significant increase in tumours in 50% of



animals) from over 700 carcinogens in chronic animal carcinogenicity studies, where
carcinogenicity was concluded to be the most sensitive endpoint from exposure to chemicals
(Gold et al., 1948; 1989; 1995). The FDA concluded that for combined food and drink
consumption, 0.025 pug/kg bw/day, or 1.5 pg/person/day (for a 60 kg individual), presents
negligible concern for carcinogenic substances. The regulatory limit concept was termed the
“Threshold of Toxicological Concern”, and later applied to pharmaceutical genotoxic
impurities where a TTC value of 1.5 pg/person/day is associated with a 1 in 10 increased
lifetime risk of cancer (Boobis et al., 2017). Although the TTC concept is useful in screening
and prioritization, the limit presents practical challenges since it is inherently highly

conservative.

The linear model has been challenged by several researchers (Hengstler et al., 2003;
Pottenger and Gollapudi, 2010; Gollapudi et al., 2013a; Guerard et al., 2015; Calabrese,
2019) as fallacious since the model assumes a dichotomous situation where a compound is
either genotoxic or not, without considering the effect of dose. The role of dose in
mutagenicity testing is a critical issue, and inappropriately high doses are suggested to be
responsible for false positive results in in vitro genotoxicity tests (Kirkland et al., 2007). High
doses are often used to maximise exposure to the low sensitivity genotoxicity test systems to
increase the chance of detecting a genotoxic agent. However, this has far-reaching
consequences when assuming the effects are induced in a linear fashion, and high doses are

extrapolated down to the low dose region.

There are theoretical arguments against linear dose-response relationships for human
genotoxic exposure, including epithelial barrier exclusion; water soluble genotoxin
detoxification and excretion; cellular and nuclear membrane barriers reducing access of
genotoxins to the nucleus; DNA repair mechanisms; DNA redundancy; and
apoptosis/autophagy (Jenkins et al., 2010). DNA repair is crucial since it is central to genome
stability, and DNA repair pathways have been shown to repair specific DNA damage types
(Riches et al., 2008). Hence, it is plausible that DNA repair has a direct impact on the
linearity of genotoxicity, particularly at low doses where DNA repair mechanisms may not be

overwhelmed.

Experimental evidence to attempt to dispel genotoxic linear dose relationships include
a pivotal study in 2007 by scientists at Swansea University titled “Mechanistic Influences for

Mutation Induction Curves after Exposure to DNA-Reactive Carcinogens” (Doak et al.,
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2007). The researchers generated in vitro genotoxicity study data for the model DNA reactive
alkylating agents’ methyl methanesulfonate (MMS), ethyl methanesulfonate (EMS),
methylnitrosourea (MNU) and ethylnitrosourea (ENU). Human lymphoblastic AHH-1 cells
were exposed to varying concentrations of the test compounds and analysed for chromosome
damage in the cytokinesis blocked in vitro micronucleus assay and point mutations in the
hypoxanthine phosphoribosyl transferase (HPRT) assay. Figure 1.4 and Figure 1.5 show the
dose-response relationships for MMS, EMS, MNU and ENU responses in the in vitro

micronucleus assay and the HPRT forward mutation assay, respectively.
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Figure 1.4. Dose-response relationships of MMS (A), EMS (B), MNU (C), and ENU (D) for
micronucleus frequency in the AHH-1 cell line. Points represent the mean of duplicate
treatments. Bars represent SD. *, indicates the first statistically significant increases in
chromosome damage at 0.85 pg/mL MMS (A), 1.40 ug/mL EMS (B), 0.15 pg/mL NMU (C),
and 0.50 png/mL ENU (D). %Mn/Bn, percentage of binucleated cells containing one or more

micronuclei. Image taken directly from Doak et al. (2007).
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Figure 1.5. Dose-response relationships of MMS (A), EMS (B), MNU (C), and ENU (D) for
HPRT gene mutation frequency (MF) — the number of 6-thioguanine resistant clones/10°
clone-forming cells. Points represent the mean mutation frequency calculated from 100x 96-
well plates where each dose exposure was performed in triplicate. Bars represent SD. *,
indicates the first statistically significant increases in MF at 1.25 ng/mL MMS (A), 1.40
pg/mL (B), 0.0075 pg/mL MNU (C), and 0.40 ng/mL ENU (D). Image taken directly from
(Doak et al., 2007).

Examination of the dose-response relationships with respect to chromosome damage
in Figure 1.4 indicates regions of the curve where there is no statistically significant increase
in response compared to background, ranging between 0 to 0.80 pg/mL for MMS and 0.135
png/mL for EMS. Sharp statistically significant increases in micronuclei frequency were then
observed corresponding to concentrations of 0.85 and 1.4 pg/mL for MMS and EMS,
respectively. The alkylnitrosoureas, MNU and ENU, exhibited contrasting dose-responses
compared to the alkylmethanesulfonates, MMS and EMS, where no clear statistically
significant increase in response was observed at either tested concentration. Similar dose-
response relationships were observed in the curves for HPRT MF for the
alkylmethanesulfonates, with where there is no statistically significant increase in response

compared to background both MMS and EMS within 0 to 1.0 and 0 to 1.2 pg/mL,
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respectively. Statistically significant increases occurred at 1.25 pg/mL for MMS and 1.4
pg/mL for EMS.

The linear-dose responses observed for MNU and ENU findings were consistent with
the prevailing belief that DNA reactive agents induce DNA adducts in a linear manner, where
a single DNA-reactive interaction has the potential to form a neoplasm (Kirsch-Volders et al.,
2000). However, most importantly the studies demonstrated that a threshold dose-response
exists in vitro for the alkyl methanesulfonates MMS and EMS. An understanding of the
genotoxic mode of action of the alkylsulfonates (MMS, EMS) and nitrosoureas (MNU, ENU)
was critical to the study’s conclusions. The study by Doak et al. (2007) took into
consideration the potential for cytoprotective mechanisms to counteract DNA insult after
exposure to genotoxic agents. The authors discussed that the doses that did not induce a
statistically significance increase in micronucleus frequency relative to background, observed
in the micronucleus assay with MMS and EMS exposure, are likely due to the repair of N7-
alkyl-Guanine adducts, and the repair of O%-alkyl-Guanine adducts could yield the same dose
response for these compounds in the HPRT assay. Doak et al. (2007) describe that at the low
concentration EMS and MMS exposure level, the rate of DNA adduct repair is faster than the
rate of formation; however, at concentrations equal to and greater than the statistically
significant increases, repair pathways such as error-free Base Excision Repair (BER) and
Methyl Guanine Methyl Transferase (MGMT) are working at their full capacity and adducts

start to escape repair, yielding adverse effects.

The research by Doak et al. (2007) was the first published instance of the in vitro
genotoxic dose response characteristics of low concentration alkylating agents. Moreover, the
data demonstrated the plausibility of a threshold mechanism for EMS and MMS exposure to
mammalian cells. These datasets lead to a paradigm shift in genetic toxicology and have led
to the advances in genotoxicity assessment since 2007. Other researchers have confirmed the
presence of threshold responses in a variety of test systems (Gocke and Wall, 2009; Pottenger
et al., 2009; Bryce et al., 2010). Experimental data of non-DNA reactive agents such as
spindle poisons supported theories of non-linear threshold dose-response relationships

(Johnson and Parry, 2008) for said class of compounds.
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1.3.2 The No Observed Effect Level (NOEL)

As experimental evidence emerged that some genotoxins display non-linear dose
responses, attention turned to understanding how dose-responses could be used to derive
biologically meaningful points of departure (PoD) to inform regulatory decision making. In
this context, the PoD is defined as the dose corresponding to the first observed biological
response in the dose-response curve (Sturla, 2018). In other fields of toxicological sciences
since the early 20" century, sigmoidal (S-shaped) dose response curves have been implied as
standard, where a marked increase in response between 20-80%, and asymptotically
approaching 0 or 100% at the tails of the distribution (Calabrese, 2005). These sigmoidal
curves provided data driven support that thresholds exist at low doses in classical toxicity
endpoints. Thus, the no-observed-effect-level (NOEL) [or no-observed-adverse-effect-level,
(NOAEL), where the effect is adverse] serves as the PoD along the dose response curve and
have formed an integral part of non-clinical risk assessment to determine acceptable intakes
to non-carcinogenic compounds. Support for use of the NOEL/NOAEL approach is primarily
driven by its ease of use, as depicted by the simplicity in determining the PoD as highlighted
in Figure 1.6 below. The investigating scientist simply has to test the statistical significance
of each dose/concentration relative to the preceding dose or concomitant background

response.

14



LOEL

Biological response

NOEL

| | | I | |
0 20 40 60 80 100 120

Increasing dose/concentration

Figure 1.6. Depiction of a non-linear dose-response curve. Hypothetical doses/concentrations
are plotted on the X axis, with an arbitrary increase in biological response on the Y axis. The
highest dose that corresponds to a non-statistically significant increase in biological response
compared to background serves as the NOEL. The lowest dose that corresponds to a
statistically significant increase in biological response compared to background serves as the

LOEL.

The shape of the dose-response curve draws parallels with that of the in vitro
micronucleus and HPRT MF curves for EMS and MMS shown in section 1.3.1 (Figure 1.4
and Figure 1.5). In fact, the low dose region of said curves can be considered the NOEL,
with the first concentration corresponding to a statistically significant increase in response
being regarded as the LOEL. Since these studies evaluate genotoxic endpoints, some
researchers refer to associated PoDs as NOGELs or LOGELs, where the acronym’s ‘G’

stands for genotoxic.

Opposition for the NOEL/LOEL approach has been postulated by Crump (1984). His

research posed serious objections including difficulties with the effect of sample size, and the
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restriction to the design of the toxicological study. Firstly, with respect to the effect of sample
size, Crump (1984) hypothesised that larger studies naturally demonstrate a higher
probability of showing a statistically significant result compared to smaller studies, thus
yielding a skewed lower PoD. In practical terms, study directors are penalized by using larger
studies to demonstrate safety, and so regulatory agencies set minimum requirements for
group size. Secondly, with respect to study design, Crump (1984) describes that dose-
responses are under-utilized. For example, a NOEL is determined based on whether an effect
is observed or not, and generally disregards the magnitude of the effect and the relationship
amongst the effect observed at the other dose levels. Put another way, the dose-response
trend is ignored. Crump (1984) outlined a hypothetical model for two experiments A, and B,
to aid in presentation of his reasoning, as shown in Figure 1.7. Experiment A shows a sharp
increase in dose response with increasing dose, whereas experiment B shows a flatter dose-
response which is consistent with a linear model with intercept at the origin. Since there is a
sharp decrease in response with decreasing dose in experiment A, compared to experiment B,
the NOEL for experiment A should be larger than the NOEL for experiment B. However,
since the response at d2a was barely significant, the NOEL for experiment A is dia, which is

lower than the NOEL d»g for experiment B.
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Figure 1.7. Hypothetical data for two animal studies A, and B with 95% confidence limits
shown. Figure taken directly from Crump (1984).

The same dose-response constrictions are applicable to genotoxicity tests. The
emerging evidence that some genotoxic agents may display threshold mechanisms, and the
need for accurate dose-response analysis led to the formation of the Health and
Environmental Sciences Institute (HESI) Genetic Toxicology Technical Committee (GTTC)
Quantitative Analysis Workgroup (QAW) in 2010-2011 (Gollapudi et al., 2011).

The subgroup of the QAW assembled to assess the use of the NOEL approach using
data for the induction of micronuclei and gene mutations in vitro and in vivo for the
alkylating agents MMS and EMS (Gollapudi et al., 2013b). The workgroup tested their proof
of concept using published in vitro data from the Doak et al. (2007) pivotal study, and in vivo
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data from Lebaron et al. (2008). The data were selected since the in vitro endpoints contained
additional replicates at the four dose levels surrounding the NOEL, allowing the scoring of
10,000+ cells at the same PoD dose region, whilst the in vivo studies also evaluated >10,000
cells per replicate. Gollapudi and colleagues performed simple statistical evaluations of the
datasets including analysis of variance (ANOVA), and one-sided Dunnett’s testing, to
determine the NOGELSs and LOGELSs. The researchers outlined the same critical limitations
that were highlighted by Crump (1984), primarily that the derivation of a NOEL is influenced
by study design restricted to the dose levels that are tested. But what about the doses between
dose levels? The NOEL (and NOAEL) dose-response model effectively ignores the inter-
dose regions and fails to account for measures of uncertainty that are associated with the

experimental results (Gollapudi et al., 2013Db).

One could argue that the NOEL approach is simple to use and does not require the
analyst to have an advanced understanding of statistics; however, when test results do not
provide evidence of an obvious dose-response curve, the data is unsuitable for determining a
NOEL, and hence fails to establish a PoD to determine health-based guidance values for
human exposure scenarios. Gollapudi et al. (2013) highlight that the main consequence is that

compounds that could have tremendous societal value cease development.
1.3.3 Threshold Dose Response Models

The limitations associated with the use of NOEL determination, including restrictions
to the tested doses, and lack of transparency around uncertainty measurements, lead to the
development of mathematical models to determine the Threshold Effect Level (Td) (Lynch et
al., 2003; Lutz and Lutz, 2009). The Td was defined as the statistically identified dose
(importantly not limited to one of the tested doses) at which the effect is indistinguishable
from the background level, and at which it is possible to observe an increase in response

above the background level (Gollapudi et al., 2013b).

The Td models are based upon decision rules that are applied to the statistical
analyses of the dose response datasets. Two models are described in the literature, the bi-
linear hockey stick model (Lutz and Lutz, 2009), and the broken stick model (Lynch et al.,
2003). Put simply, the models include hypothesis testing to confirm or reject the presence of
a linear dose-response. If the model rejects the linear dose-response argument, a more

advanced statistical model to determine the Td is needed. The bilinear hockey stick model
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developed by Lutz and Lutz (2009) (Figure 1.8) is a relatively simple mathematical model,
with the functiony (d) = a+b X (b—td) X 1[d > td] [summand = 0 for d <td]. This
function is explained by the dose-response starting with a straight line with slope 0 followed
through to the threshold dose #d and continues with a straight line with slope » > 0. The
parameters a, td, and b are estimated for best fit according to a ‘hockey stick’ shape along the
dose response, as shown in Figure 1.8. An advantage of this model is that confidence
intervals can be calculated, with a level of significance usually equal to 90%. The lower limit
of the confidence interval associated with the threshold dose (LLCI td) is the inflection point
where the change in gradient is at its maximum. One of the benefits of the mathematical

model is that the associated uncertainty of the measurements is included.

4 ’
=

LLCI td td Dose

Figure 1.8. Depiction of a hypothetical sublinear dose-response dataset which is
mathematically fit according to the ‘hockey stick’ function y (d) = a+ b X (b —td) X

1 [d > td]. 90% confidence intervals are indicated. The lower limit of the confidence
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interval (LLCI) associated with the threshold dose (td) yields a dashed line, termed the
‘broken hockey stick’ dose-response. Figure taken directly from Lutz and Lutz (2009).

The hockey stick model introduced by Lutz and colleagues (2009) was not intended to
support a mathematic threshold. However, the intent was to provide a toxicologist with a tool
to test the degree of deviation from linearity for a given dose response. Johnson and
colleagues (2009) used the hockey stick model to further evaluate the in vitro micronucleus
induction and HPRT mutation data for MMS, EMS, MNU and ENU data previously
published by Doak et al. (2007). The results of the analysis showed that the hockey stick
model best described the dose-responses for both MMS and EMS in the micronucleus assay;
and MMS, EMS and surprisingly ENU in the HPRT assay. However, the mathematical
model showed that MNU was linear in both assays. One of the major discussion points in the
Johnson et al. (2009) paper was that it is imperative for toxicologists have tools to use that
provide objectivity in dose-response analysis. Without such tools, the toxicologist defaults to
an unreliably subjective (sometimes by eye) interpretation of the shape of a dose-response
curve. The hockey stick model does provide a useful tool for determining if a threshold dose-
response exist, and it provides a measure of uncertainty, which is an advantage over the
NOEL method; however, there are limitations in the data requirements which can make its
use disadvantageous. An input prerequisite is that there are multiple dose levels above and
below the threshold dose (Gollapudi et al., 2013b), which would usually be derived from
dose-range finding experiments up to maximum tolerated dose, followed by the definitive
study with an additional equally spaced five dose groups plus a solvent control group (Lutz
and Lutz, 2009). Additionally, the Td from hockey stick model is influenced by effects of the
top dose, indicative of sub- or supra-linearity effects (saturation or high dose toxicity)

(Gollapudi et al., 2013b).

A follow up study by Johnson et al. (2014) compared the Lutz hockey stick model
with other bi-linear dose-response models. Johnson et al. (2014) introduced a similar bilinear
model to the Lutz hockey stick model, called the segmented model (Muggeo, 2008), which
also determines the best-fitting bi-segmented linear model where the first segment from zero
dose to inflection point is horizontal, and the second segment with a positive slope. However,
unlike the Lutz hockey stick model, the segmented model does not require iterative removal
of the top dose due to supra-linearity (Johnson et al., 2014a). With the segmented approach,

the inflection points where the dose-response changes are called the ‘breakpoint dose’ (BPD)
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— synonymous to the threshold dose introduced by Lutz. Similarly, 90% confidence intervals
can be calculated associated with the BPD that can be interpolated to the PoD. Johnson et al.
(2014) also utilized penalized smoothing splines, which is a set of flexible statistical
techniques that does not assume linearity or any specific non-linear function. The smoothing
splines analysis is advantageous because it can be applied to datasets such as cell or colony
counts and incidence frequencies that are generally non-normally distributed data with

heterogenous variances (Johnson et al., 2014a).

Johnson and colleagues (2014) used the methods to compare the PoDs that were
derived from each bi-linear statistical model and concluded that the PoDs are heavily
influenced by study design including dose selection and spacing, consistent with other
researchers findings. An advantage is that the PoDs are more conservative than those derived
from the NOEL models, which may complement available mechanistic data to support a
threshold effect. However, the influence of study design on the derivation of the PoD is far
from ideal and fails to address the same concern that Crump (1984) expressed with the NOEL
approach. Moreover, biostatisticians argue that dose-thresholds in a strict sense are
implausible in toxicological dose-response relationships, and that the question toxicologists
should be asking is “what size of an effect can the organism subsist, and when is the effect

adverse?” (Slob, 1999).
1.3.3.1 Use of the Threshold Dose-Response Model in Industry: The Viracept Story

The pretext for modern genotoxicity risk assessment was set with a high-profile case
in the first decade of this millennium. This introduction chapter would be incomplete without
acknowledging the contamination of the HIV protease inhibitor, Viracept (nelfinavir) with a
well-known DNA-alkylating mutagen, ethyl methanesulfonate (EMS) which led to a global
recall by the manufacturer and legal Market Authorisation Holder (MAH), pharmaceutical
company Hoffman-La Roche (herein referred to as Roche) in June 2007 (Miiller and Singer,
2009). During the time of the contamination issue, all compounds in the DNA alkylating
agent chemical class were generally assumed to demonstrate a linear dose-effect relationship
for carcinogenic risk, where virtually no “safe-dose” of exposure exists (Bos et al., 2004;
Miiller et al., 2006). Regulators considered that levels of the EMS impurity had to be
controlled at a level below the Threshold of Toxicological Concern (TTC) for lifetime excess
carcinogenic risk not greater than 1 in 100,000 to 1 in 1 million (Lutz, 2009; ICH, 2013). At

the time, EMS was considered a Class 2 impurity where genotoxic potential was understood,
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however carcinogenic potential was unknown (ICH, 2013). Subsequently, regulatory
authorities considered that Viracept tablets contained more than 1,000 times the permissible
levels of EMS and hence posed an unacceptable carcinogenic risk to human health (Miiller

and Singer, 2009).

However, the TTC limits imposed by the regulatory authorities are based on linear
dose-response assumptions. The in vitro genotoxicity research that emerged from Swansea
University academics that refuted linear dose-response relationships for EMS and MMS
(discussed in detail in section 1.2.1 of this introduction) encouraged scientists at Roche to
pursue a quantitative risk assessment of Viracept EMS contamination. Thus, Roche received
regulatory authority support to initiate in vivo studies to define a threshold for EMS
mutagenicity and clastogenicity suitable extrapolation to human exposure assessment. To this
end, EMS was studied alongside ENU by daily oral-gavage exposure in an acute 7-day
mouse bone marrow micronucleus study, and in a 2-armed subchronic 28-day daily repeat
exposure and acute single exposure lacZ gene mutation test using CD2-lacZ80/HazfBR mice
(Muta™Mouse assay) (Gocke et al., 2009). Bone marrow preparations were made on day 8,
approximately 24-hours following the terminal exposure in the 7-day mouse micronucleus
test. Bone marrow, liver and small intestine (duodenum/ileum) tissue were taken for analysis
following necropsy on either day 31 of the 28-day exposure, or either days 7 or 31 of the

acute exposure in the Muta™Mouse study.

The results of the studies were analysed using the bilinear hockey stick model
(discussed earlier) to determine a potential threshold effect level (Td) (Gocke and Wall,
2009). The in vivo genotoxicity study results were consistent with the findings from Doak et
al. (2007), where EMS displayed a distinct threshold dose response for genotoxicity.
Ultimately, the experimentally derived mouse NOELs were used to calculate a Permissible
Daily Exposure (PDE) of 104 pg/day (Miiller and Gocke, 2009). Scientists at Roche were
able to demonstrate that patients potentially exposed to 0.055 mg/kg/day EMS by oral
administration of Viracept, were exposed to levels of EMS clearly below the threshold

exposure level for genetic damage (Miiller et al., 2009).

The series of studies performed by scientists at Roche and Swansea University were
early examples of successfully utilising genotoxic mode of action information together with
dose-response information to quantitatively risk assess human exposure to DNA reactive

compounds.
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1.3.4 The Benchmark Dose-Response Model

When Crump originally raised valid objections to the NOEL approach, he responded
by introducing a new mathematical dose-response model called the “Benchmark Dose”
(BMD) as an alternative to the NOEL (Crump, 1984). The BMD was defined by Crump as “a
statistical lower confidence limit on the dose corresponding to a small increase in effect over

the background level, somewhat in the order of a 10% change”.
1.3.4.1 Data Types

It is important to note the main types of data that can be produced by toxicological
studies for dose response analysis. Quantal data in toxicological studies are typically animal
incidence data, for example the number of animals with tumours are examples of quantal
data. Continuous data types in toxicological studies specify the degree of the effect, for
example organ weights or relative percent of micronucelated cells in the bone marrow are
examples of continuous data. Genotoxicity data is of the continuous data type, so the focus of

this section is on the same data type.

Continuous dose-response data includes the dose-levels and the associated response
levels, where there will be inherent variation about a nonzero value in the control group
(Crump, 1984). The BMD model supposes that the response values are normally distributed,
following the Central Limit Theorem of probability. This has practical implications in the
data analysis of results from toxicological studies since if a non-normal distribution were
assumed, knowledge of the individual response values in the test systems (e.g., animals, cells,
etc.) would be required, which is seldom possible. Moreover, Crump explains that the choice
of the normal distribution is unimportant since it only governs the error structure, without
influencing the dose response (Crump, 1984). This is impactful since it implies that the dose-

response relationship can be defined independently from the experimental error.
1.3.4.2 Dose-Response Modelling of Continuous Endpoints

As previously mentioned, the BMD model includes fitting a dose-response model to
the toxicological data and estimating the dose at a given level of response. Factors such as
sample size and shape of the dose-response curve are accounted for in the BMD approaches
mathematical models (Crump, 1984), which is advantageous over the NOEL and Td

approaches. The BMD approach estimates the measurable effect (benchmark response,
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BMR) and the critical effect (benchmark dose, BMD), where the BMR for continuous data
corresponds to a biologically relevant percent change compared to the background response
level (e.g., 50%, 10%) (Macgregor et al., 2015). The BMR is a pre-requisite for BMD
modelling, and is a value set by the toxicologist that is determined to be a biologically
meaningful change in the size of the effect that is acceptable or non-adverse (Slob, 2002).
The BMR and BMD terminology is often interchangeable with CER (critical effect response)
or CES (critical effect size), and CED (critical effect dose) that was introduced by (Slob,
2002) to be specific to BMD modelling of continuous data types. As mentioned, since this
thesis presents continuous genotoxicity data, the acronym CES will be used from hereon in.
BMD will be used interchangeable with CED throughout this thesis, since CED appears as an
acronym in the BMD modelling software described in the general materials and methods

section (chapter 2.3), and BMD is commonly referred to in literature and guidance.

Before the BMD (or CED) is estimated, the BMD approach fits a family of
mathematical models that best describe the dose-response. It has been postulated that no
single dose-response model can fully describe a given dose-response according to the
underlying biological mechanisms, and hence descriptive models are more appropriate. The
mathematical models are described by (Slob, 2002) and summarised in the general materials

and methods section of this thesis (chapter 2.3).
1.3.4.3 The BMD Approach

As previously mentioned, the BMD is the dose level estimated from the fitted dose
response curve of the family of nested exponential or hill models. The BMD is associated
with a biologically relevant and specified change in response, the critical effect size (CES).
Model uncertainty is accounted for when fitting the models to the dose response dataset,
which is the statistical confidence level, usually the 95% confidence (EFSA, 2017). The term
‘BMDL’ corresponds to the lower limit of the one-sided 95% confidence interval of the
BMD (Gollapudi et al., 2013b). For example, when related to a CES of 10%, the BMDL for
continuous endpoints corresponds to the lower 95% confidence limit of the dose that
produces a 10% increase in response compared to the concomitant background response, or
control values (Gollapudi et al., 2013b). These key concepts are depicted in Figure 1.9 and
further described in the figure legend.
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Figure 1.9. The key concepts of the BMD approach are shown on a hypothetical fitted dose
response curve. The mean response values are shown as triangles, with their associated
confidence intervals. The solid blue curve is the fitted dose response model. The point
estimate of the BMD is calculated associated with the given 10% CES. The dashed curves
represent the model uncertainty and correspond to the lower and upper 95% one-sided
confidence bounds, respectively. The intersection of the dashed curves with the horizontal
line forms the lower and upper bounds of the BMD, corresponding to the BMDL and BMDU,
respectively. Image modified from EFSA (2017) to change the acronym BMR to CES with a
value of 10%.

The confidence limits around the BMD will be tighter for better studies and models
(Haber et al., 2018), and the associated BMDL will reward better designed studies. The
BMDL can be used as the PoD in lieu of other dose response metrics (Td, NOEL/NOAEL) in
reference dose setting in safety assessments. The previously cited publications by Gollapudi
et al. (2013b) and Johnson et al. (2014a), as well as a publication by Macgregor et al. (2015)

unanimously support the BMD approach as the favoured dose response modelling approach
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for quantitative datasets. Their research compared the PoDs derived from the different
available dose response models (NOEL, Td, and BMD) and concluded that the BMD
approach is optimal for analysing genotoxicity dose response datasets; and the authors re-
emphasised the advantages stated by biostatisticians (Slob, 2002; Slob and Setzer, 2014) that
the BMD approach has additional benefits over other methods, including the fact that the
BMD can be any dose when considering the full dose response, conveyance of uncertainty

measurements, and flexibility in parameterisation.

Despite overwhelming support from expert groups, the BMD approach suffers from
lack of adaption. Whilst the BMD approach is conceptually simple, as shown by Figure 1.9,
several reasons impede its universal use. Firstly, calculation of a BMDL requires
mathematical interpretation using dose response modelling software. Although the BMD
modelling softwares are user friendly and freely available (e.g., BMDS, PROAST), advocates
for identifying a NOEL rely on manually visualising the dataset (Haber et al., 2018), which is
a rather unsophisticated approach and poor reason against using a more statistically robust
method. Another issue relates to some study datasets not being amenable to BMD analysis,
where only mean values are reported without the group-size or measurements of variability.
Haber et al. (2018) reasons that said studies are inherently low quality and unworthy of use in
risk assessment. For most genotoxicity continuous datasets of high quality, metrics are
generated that allow the application of the BMD approach (Gollapudi et al., 2013b; Johnson
et al., 2014a).

A more worthy debate over the universal implementation of the BMD approach
includes the choice of the CES. This is a crucial issue which is the focus of most hesitancy to
rely on the approach for reference dose setting. Regulatory bodies avoid providing fixed CES
values, however EFSA (2017) and the US EPA (2012) agree that the choice of CES for
continuous data shall be biologically meaningful and defendable. However, the two
regulatory agencies disagree on what change in response is determinably biologically
adverse. The US EPA (2012) recommends that a change corresponding to 1 standard
deviation (SD) in the control response may be an appropriate CES value. Haber et al. (2018)
explains that this is based on the work by Crump (1995) who demonstrated that when
responses are normally distributed with control variation within 1%, and exposure results in a
shift of the normal distribution, that changing the mean response by 1.1 SDs results in

abnormal response levels in an additional 10% of the test animals. EFSA are somewhat less
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flexible, with a recommendation of a 5% change in the mean response being biologically
relevant. Haber et al. (2018) indicate that the 5% value is since the BMDLos approximates to
the NOAEL from a re-analysis of National Toxicology Program (NTP) studies. EFSA
postulates that a higher CES value may be appropriate for endpoints with larger within-group
variability, which is similar to the US EPA 1 SD approach (Haber et al., 2018). These
recommendations have been criticized, as summarized by White et al. (2020). The authors
state that in endpoints with low response variability, it is unlikely that a 1SD change from
control can be deemed adverse. On the other hand, 1SD in high control variability endpoints
could yield large CESs and higher corresponding BMDs that are unfavourable from a
regulatory standpoint. The same concerns are applicable to genotoxicity endpoints, and some
authors note that 10% is too low for said endpoints. Zeller et al. (2016) proposed a novel
method to determine endpoint specific CESs by scrutinizing the historical background
response values before defining what a biologically meaningful response would be. The
researchers determined in vivo chromosome aberration and mutagenicity endpoint specific
CESs in the range of 34-76%. A similar theory presented by Slob (2017) determines how
endpoint specific CESs can be determined by utilizing the dose response models parameters,
specifically ¢ (maximal fold change), and the within-group variation. Slob (2017) presented
results of endpoint specific effect size determination from 27 endpoints, which included in
vivo micronuclei frequency, Pig-a mutation frequency, and transgene mutation frequency in
BigBlue® rat liver, and found that all CESs should be much higher than the values
recommended by EFSA and the US EPA. Slob (2016) found endpoint specific CESs in the
range of 45-80% are more statistically defensible. Although the approaches proposed by Slob
(2016) and Zeller et al. (2017) offer statistically robust options to determine an appropriate
CES, White et al. (2020) states that it requires the analysis of large datasets containing dose

response data from a variety of studies and compounds, which to date, does not exist.

The choice of CES for determining a reference dose for use in safety assessment is
therefore crucial and should be justified. To date, only data from in vivo studies are suitable
for extrapolation to a human based safety guidance value since there are too many
inconsistencies in in vitro studies including differences in toxicokinetic and tissue-specific
metabolism (Macgregor et al., 2015). However, the extent to which the CES impacts the
outcome of BMD modelling of in vitro endpoints remains understudied. Since in vitro
endpoints are not considered applicable to PoD extrapolation, it is reasonable to surmise that

the choice of CES is less important if the tested hypothesis is not impacted to a determinable
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extent. One published study by Bemis et al. (2016) performed BMD modelling to compare
micronucleus frequency responses between in vitro and in vivo systems. The researchers
utilized various CES values including 5, 50, 100, 200, and 400% to inform the BMD values
at various points along the dose-response curves. The resulting BMDs and their confidence
intervals were used to rank the compounds and provide a comparison between the two
systems, and the authors demonstrated that the choice of CES did not influence the outcome

of the system cross-correlations.
1.3.4.4 BMD Modelling of In Vitro Genotoxicity Endpoints

Most of the focus of the BMD approach has been on the advantages and
disadvantages of using the approach to determine a PoD from in vivo toxicology/genotoxicity
studies for application to human risk assessment. However, the use of BMD confidence
intervals has been used to define relative compound potency. The term ‘potency’ in
compound genotoxicity ranking refers to the comparison of BMD metrics between

compounds, or test systems, depending on the hypothesis being tested.

Research performed by individuals at the Dutch National Institute of Public Health
and the Environment (RIVM) utilised the potency information derived from BMD estimates
and their confidence intervals (ClIs) and applied it to compound potency ranking within
endpoints, as well as comparative potency analyses across endpoints (Hernandez et al., 2010;
Hernandez et al., 2011a; Hernandez et al., 2011b; Soeteman-Hernandez et al., 2015;
Soeteman-Herndndez et al., 2016). These studies by RIVM highlight that comparative BMD
potency correlations are a statistically robust and efficient mechanism to compare compound
potencies between systems. The same researchers built computational algorithms that permit
combined analysis of multiple dose-response datasets for a shared endpoint. In doing so,
multiple BMDs can be defined for dose-response relationships that vary by a covariate (e.g.,
compound, sex, cell type, exposure scenario, etc.), known as the BMD combined covariate
approach (Slob and Setzer, 2014). The referenced studies demonstrate that comparative
potency analysis of in vivo genotoxicity endpoints such as in vivo micronucleus assay may be

used as a predictor for carcinogenic potency of the same compound.

With respect to performing BMD analysis of in vitro genotoxicity studies results,
several publications report on using the BMD confidence intervals to inform in vitro

genotoxicity compound potency. Different studies by Soeteman-Hernandez et al. (2015) and
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Bemis et al. (2016) compared BMD confidence intervals of compounds with varying
genotoxic MOAs from the in vitro and in vivo micronucleus endpoints and concluded that the
potency of a compound from the in vitro micronucleus endpoint may be used to predict the
potency of the same compound and endpoint for the in vivo assay. A prominent study by
Wills et al. (2016a) used the BMD combined covariate approach to analyse, of interest, in
vitro micronucleus frequencies for Chinese hamster ovary (CHO-K1) cells, primary human
lymphocyte (HL) cells and human lymphoblastoid cell line AHH-1 cells exposed to well-
characterised aneugens. The authors demonstrated that the BMD combined covariate
approach provides a rigorous potency ranking for the series of aneugens that were examined
in vitro, where the selected aneugens yielded finite confidence intervals except for rotenone,
diethylstilbesterol, and thiabendazole, which exhibited infinite upper bounds. The confidence
interval potency rank plot obtained by Wills et al. (2016a) is shown in Figure 1.10 below.
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Figure 1.10. BMD confidence interval potency ranks of in vifro micronucleus responses
from the benzimidazole compounds relative to colchicine and bisphenol-A. Finite confidence
intervals for most compounds bar rotenone, diethylstilbesterol and thiabendazole.
Compounds with infinite confidence interval bounds are shown with dashed lines across the
potency plot. Abbreviations: HL = human lymphocytes; CHOK1 = Chinese hamster ovary
cells; AHH1 = human lymphoblastoid. Figure taken directly from Wills et al. (2016a).
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One of the observations that Wills et al. (2016) made was the degree of overlap/non-
overlap present in the potency plot for the aneugens. The authors highlighted that the
confidence interval represents the range in which the true BMD lies, and hence one can only
statistically defend potency differences when there is no apparent overlap between intervals.
For the aneugens presented in Figure 1.10, Wills et al. (2016) scrutinised the potency ranks
in relation to the compound structure and the mechanism of action of the compound. As an
example, the benzimidazole compounds, oxibendazole, flubendazole, and mebendazole all
have large moieties in the 5-position that can competitively inhibit colchicine binding, that
the other benzimidazoles lack. The authors suggest that the differences in compound structure
relate to the apparent differences in potencies observed from BMD combine covariate
comparative potency analysis. This study was the first published example of using BMD
analysis to relate compound mode of action to genotoxic potency and supports that in vitro

genotoxicity data maybe suitable for potency ranking and mode of action determination.

One of Wills et al. (2016) major concluding remarks highlights that in vitro
genotoxicity data is more useful than providing a binary risk characterisation of whether a
compound is genotoxic or not. This is due to the suitability of the data for the interpolation of
in vitro genotoxicity potency metrics, which may be useful in screening and prioritisation.
Additionally, the authors conclude that BMD confidence intervals can serve as a starting
point for developing compound groupings when supported by mechanistic data for read
across and data gap filling. However, the study uses good quality data from a well
characterised assay and uncertainties exist on how the same theoretical approach could be

expanded to other assay types, and for other classes of compounds.
1.4 Modern Genotoxicity In Vitro Test Systems

Johnson et al. (2014b) reviewed the status of genotoxicity test systems and
highlighted the critical limitations of standard assays used in genetic toxicology, including
low sensitivity and specificity, and how the assays are used to dichotomise genotoxic hazard.
Considering the growing appreciation of quantitative analysis and interpretation of
genotoxicity test data, including quantitative dose-response analysis endorsed by the same
authors, Johnson et al. (2014b) underlined the acute need for more reliable experimental
methods which produce high quality data suitable for quantitative dose-response analysis. To
this end, Johnson et al. (2014b) noted that the most promising advancements include the

development of flow cytometric assays that benefit from miniaturisation and high throughput
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automation, allowing the rapid scoring of high quantities of cellular content. The specifics of
some select assays will be focussed on in the next few sections, particularly those that are
cellular based and use novel biomarkers to quantify different types of DNA damage. Other
modern assays have been developed which evaluate toxicogenomic signatures (Li et al.,

2015; 2017), however these assay types are out of scope of this thesis.
1.4.1 High Content Flow Cytometric Assays

Three broad types of assays have added enormous value to the genotoxicity scientific
literature over the past one to two decades. They include Litron’s in vitro micronucleus assay
(named MicroFlow®), and the in vitro DNA damage response assay (named MultiFlow®) by
the same company; and Toxys’ in vitro stem-cell gene-expression based assay for the
detection of DNA damage, oxidative, and cellular stress (named ToxTracker). The assays all
have one major advantage in common: that fluorescent biomarker responses are scored and
analysed using automated flow cytometry, which offers the benefit of being able to score
thousands of cells almost instantaneously (Adan et al., 2017) compared to the low throughput

manual read out genotoxicity test methods.

The basics of flow cytometry have been reviewed in (Henel and Schmitz, 2007)
where it is described that the essence of flow cytometry is the coordinated use of 3
components: the fluidics, the optics, and the computer system. Firstly, the fluidics system
carries cells through the cytometer. Hydrodynamic focussing involves a pressurized stream of
fluid into which cells are injected and sent single file as they pass through a flow cell.
Secondly, as the cells pass through the flow cell, they intersect 1 or 2 lasers. Upon reaching
this interrogation point, the cell’s attributes are analysed based on the ability of the cells to
scatter light and emit fluorescent light if the cells are labelled with fluorescently tagged
reagents. The cell scatters the laser light which is collected along the same axis of the laser
(forward scatter), and at a 90° angle to the beam (side scatter). In addition to the lasers, the
optics system also incorporates several other elements including a forward scatter photodiode
that collects forward scatter laser light, and a series of filter and mirrors directed to multiple
photomultiplier tubes that detects side scatter laser light. The flow cytometers can be
configured with combinations of detectors and filter sets that are specific to wavelengths of
light. The photomultiplier tubes collect photons of laser light and generate an electrical signal

that is sent to the flow cytometers computer for processing — where the generated signals are
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proportional to the amount of scattered light or fluorescence detected by the photomultiplier

tubes. The basic structure of the flow cytometer is shown in Figure 1.11.
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Figure 1.11. Depiction of a flow cytometer’s fluid cell and optics system with a single laser.
The cell scatters light in the forward direction to a forward scatter (FSC) diode, and at a 90°
angle through a series of filters to photomultiplier tubes (PMT) specific to different
wavelengths of light (SSC, FL1, 2, and 3). Figure adapted from Henel and Schmitz (2007).

The forward and side scatter, and fluorescent data are stored as parameters and
referred to as ‘list mode’. A process called ‘gating’ involves the identification of a subset of a
population of cells based on the expression of markers. The data output is generally displayed
as single-parameter histograms, or dual-parameter (bivariate) dot plots. Figure 1.12 shows an
example of a bivariate output of list mode and gating data of flow cytometric analysis of
white blood cells to identify and quantify subsets of the cellular population, which is a

common use for flow cytometry in clinical haematology laboratories.
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Figure 1.12. Bivariate plots from flow cytometric analysis of white blood cells. List mode
and ‘gating’ identifies subsets of the population. For example, subsets including CD3, CD4
and CDA45 positive cells have been quantified using the responses fluorescence-based

labelling. Figure adapted from Henel and Schmitz (2007).

The three flow cytometric assays (MicroFlow, MultiFlow, and ToxTracker) are
introduced in the next three subsections, and data from the assays are used to test the

hypotheses presented in this thesis.
1.4.2 Litron’s MicroFlow In Vitro Micronucleus Assay

Flow cytometric methods that analyse micronuclei frequency offer numerous
advantages over the manual microscopic method that preceded their inception. Litron
laboratories introduced their enhanced method for detecting in vitro micronuclei via flow
cytometric analysis from L5178Y mouse cells in 2006 (Avlasevich et al., 2006), and
extended the same method in 2007 to metabolically competent human lymphoblastoid TK6
cells (Bryce et al., 2007). The flow cytometric method is described by (Bryce et al., 2007)
which labels necrotic and mid/late-stage apoptotic cells with the ethidium monoazide
fluorescent dye. Following a series of washing and cytoplasmic membrane stripping, cells are
incubated with RNase and a nucleic acid dye (SYTOX Green), which provides a suspension
of free nuclei and micronuclei that are differentially stained (EMA-/CYTOX+) relative to
chromatin associated with dead/dying cells (EMA+/CYTOX+). Briefly, the gating strategy

discriminates between nuclei and micronuclei from apoptotic chromatin by excluding EMA+
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chromatin from analysis (Avlasevich et al., 2011). The method also incorporates latex beads
which aim to serve as a measure of cellular survival (or cytotoxicity) and are readily
distinguishable by discriminating between side scatter from forward scatter in the data output
bivariate plot (Bryce et al., 2007). Cytotoxicity limits have been shown to be an important
element in the micronucleus assays, as some agents induce spurious genotoxic effects due to
their cytotoxicity (Lorge et al., 2008). In addition to the ease of scoring micronuclei, another
advantage associated with the flow cytometric method include SYTOX fluorescence’s ability
discriminate cell cycle effects as shown in an example with etoposide exposure, where an
increase in forward scatter is associated with different cell cycle stages as show in the

histogram presented in Figure 1.13.
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Figure 1.13. Quantitative determination of cell cycle distribution on a CYTOX fluorescence

histogram. Figure adapted from Bryce et al. (2007).

Following the assays development, an international multi-lab trial for scoring
micronuclei in mouse lymphoma L5178Y cells was conducted in 2008 including labs from
Litron, Novartis, Johnson & Johnson and GlaxoSmithKline (Bryce et al., 2008). The

laboratories studied a limited number of compounds including the genotoxicants mitomycin
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¢, etoposide, vinblastine, and the non-genotoxicants sucrose, staurosporine, and
dexamethasone; with the latter two being challenging compounds due to their potent
apoptotic potential. Key findings included 1) good concordance between flow cytometric
results compared with manual scoring results of dose-dependent increases in micronuclei for
the tested compounds; and 2) discrepancies amongst different methods for determining
measures of cytotoxicity and the top dose to select for optimal sensitivity for micronuclei
detection. However, the labs agreed that the latex counting beads performed the best

compared to different measures of cytotoxicity.

Avlasevich et al. (2011) outlined some of the knowledge gaps associated with the use
of flow cytometric analysis of micronuclei. One major challenge that the authors highlighted
includes the relatively high false positive micronucleus events, caused by chromatin
fragments produced during apoptosis. The authors credit that EMA+ events can filter out
DNA originating from apoptotic cells, however it fails to differentiate between chromatin
fragments that originate before membrane integrity has been compromised. The authors
concluded that EMA labelling is not absolute in overcoming the false positive rate, and
refinement of the cytotoxicity measures may improve the situation, including assessing cell-
to-bead ratios pre- and post-treatment rather than nuclei to bead ratios. Avlasevich et al.
(2011) continued to expand that for mammalian cell lines, the EMA/SYTOX staining
strategy is well suited, however it was unclear at the time of the compatibility for the
approach with primary cell lines. For example, the microscopic-based protocol includes
treating cells with cytochalasin B to ensure cells have completed one mitosis, which benefits
primary cells like human lymphocytes where only a small fraction of the population
undergoes division upon mitogen stimulation. The recommendation by Avlasevich et al.
(2011) was to include an additional fluorescent label to discriminate chromatin from divided

cells, which may help overcome the issue related to low sensitivity from cell lysis.

Despite some of the valid concerns relating to the potential for false positive events,
the MicroFlow assay offers a high content, high throughput and high precision platform
(Johnson et al., 2014b) which adds tremendous value to laboratories that may screen high

number of compounds for genotoxic potential (Lukamowicz et al., 2011).
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1.4.3 Litron’s MultiFlow In Vitro Cellular DNA Damage Assay

Although the in vitro micronucleus assay is regarded as a gold standard assay,
including endorsement from OECD as an accepted test method (OECD, 2016), the issues
surrounding false positivity rate remain a concern that has not fully been resolved in flow
cytometric test systems for the same endpoint. Bryce et al. (2014) introduced a hypothesis
that the in vitro micronucleus assay would benefit from alternative measures of cytotoxicity
and the application of additional biomarkers that can distinguish between clastogenic or
aneugenic activity. To this end, the same laboratory developed a separate high-throughput
flow cytometric follow-up assay that includes a panel of biomarkers that are multiplexed into

a single add-and-read assay in lysed TK6 cells.

Several publications from the assay developers describe the multiplexed flow
cytometric assay in detail and explain that the combination of biomarkers are relevant to
DNA damage response pathways and aneuploidy induction (Bryce et al., 2014; 2016;
Bernacki et al., 2016; Bryce at al., 2017; 2018). Specifically, the so called MultiFlow DNA
Damage Assay includes the following biomarkers: 1) the detection of DNA double strand
breaks through phosphorylation of H2AX at serine 139 (YH2AX); 2) the identification of
mitotic cells through the phosphorylation of histone H3 at serine 10 (p-H3); and 3) nuclear
p53 content as an indication of nuclei counts which could be interpreted as treatment related
cytotoxicity. Additionally, the use of gating logic allows the interpretation of polyploidy
events (Bryce et al., 2016). Like the MicroFlow assay, MultiFlow also includes latex beads
that aim to provide information related to direct cytotoxicity measures. The assay is
compatible with microtiter wells including 96-well plates allowing for the study of multiple

concentrations of several compounds in one single analysis.

Original validation studies with a diverse set of compounds including 31 clastogens
(of which 4 require exogenous metabolic activation with rat liver S9), 14 aneugens, and 39
non-genotoxicants was published in 2016 (Bryce et al., 2016). The study evaluated exposure
to test compounds over two timepoints, 4 hours, and 24 hours. Based on the a-priori mode of
action of the training set compounds, increased YH2AX fluorescence was characteristic of a
clastogen exposure with generally similar responses at the 4- and 24-hour timepoints.
Interestingly, some a-priori non-genotoxic compounds were responsive at the 24-hour
YH2AX timepoint. Aneugenic agents displayed an increase in p-H3 positive events at both

the 4- and 24-hour timepoints, with a higher magnitude in the 4-hour timepoint. The p53
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biomarker exhibited a time-dependent response profile where both clastogen and aneugen
exposure resulted in modest increases in p53-associated fluorescence at 4-hours, dramatically
increasing at 24-hours. The proportion of polyploidy nuclei follow the expected pattern
where the early timepoint is unresponsive to a wide variety of compounds, however aneugens

displaying a strong signal at the 24-hour timepoint.

The assay developers employed advanced data analysis strategies that make use of
machine learning tools to create models that can predict the mode of action of the test
compound (Bryce et al., 2016; 2018). Specifically, training sets with known mode of action
information were incorporated into logistic regression, The laboratory concluded that the
combination of biomarker responses can be used to predict the genotoxic mode of action of a
compound. Despite advantages associated with the use of pattern recognition tools of the
multiplexed assay, the original design of the assay included applications that maintain
dichotomisation of genotoxicity to an extent, i.e., the compound is either a clastogen, an

aneugen, or not genotoxic.
1.4.4 Toxys’ ToxTracker In Vitro Fluorescent Reporters of DNA Damage

A parallel between the MultiFlow and the ToxTracker assays is that they both make
use of biomarkers that respond to indirect measures of DNA damage. In the ToxTracker
system, six genetically stable mouse embryonic stem cell lines are used which contain green
fluorescent protein constructs that report on a distinct aspect of cellular perturbation. The
assay’s endpoints can be loosely categorised into the modes of action that they describe —
namely DNA damage, p53 mediated cellular stress, oxidative stress, and protein stress
(Hendriks et al., 2011; 2015). The cell lines eloquently make use of cell cycle control to

report on the types of damage induced as shown in Figure 1.14.
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Figure 1.14. ToxTracker reporter cell lines and associated endpoints. Figure adapted from

(Hendriks et al., 2015).

Briefly, with respect to DNA damage, two major signalling proteins associated with
DNA damage response include the ataxia telangiectasia mutated (ATM) and ataxia
telangiectasia and Rad3-related protein (ATR) serine/threonine protein kinases. DNA double
strand breaks recruit ATM for efficient repair, whereas ATR kinase becomes activated upon
DNA replication stalling (Abraham, 2001; Reinhardt et al., 2009). Phosphorylation of
checkpoint kinase 2 (Chk2) is ensued upon activation of ATM, whereas Chk1 is activated by
ATR. Both Chkl1 and Chk2 are involved in inhibiting cell cycle progression leading to
apoptosis by inhibiting CDC25 phosphatase and the p53 tumour suppressor (Meek, 2009).
The Berardinelli-Seip congenital lipodystrophy 2 (Bscl2) gene encodes a protein that was
identified in Berardinelli-Seip congenital lipodystrophy patients that completely lack
adipocyte differentiation. Hendriks et al. (2015) describes how induction of Bscl2 in mES
cells in response to DNA damage is associated with the ATR-Chk1 DNA damage signalling
pathway. A second biomarker, Rtkn, is involved in modulating the Rhotekin protein which is
involved in cytokinesis, cell growth and transformation (Thumkeo et al., 2013). The Rtkn
gene is upregulated upon cellular exposure to DNA damaging agents. Activation of Rtkn is
associated with the NF-«xB cytokine signalling pathway, where preferential upregulation
versus ATR related DNA damage maybe indicative of aneugenic modes of action,
demonstrated by the activation of NF-kB by mitotic spindle poisons. The B-cell translocation

gene 2 (Btg2) expression is associated with the p53 response to DNA damage, which has a
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pivotal role in cellular stress response. Btg2 is associated with regulation of the G1/S cell

cycle checkpoint (Cortes et al., 2000).

The sulfiredoxin-1 protein is encoded by the Srxnl gene and has an important role in
the defence against oxidative stress by reducing oxidised cysteines in peroxiredoxins in the
peroxisomes (Hendriks et al., 2011). Srxnl is modulated by the nuclear factor (erythroid-
derived 2)-like 2 (Nrf2) signalling pathway. Nrf2 is normally retained in the cytoplasm by
interaction with the Keap1 protein, however upon increased levels of reactive oxygen
species, Nrf2 becomes dissociated from Keapl where it is translocated to the nucleus and is
subsequently associated with antioxidant response element promoters. Conversely, Biliverdin
reductase B is preferentially expressed upon oxidative stress by another related gene, Bvlrb,
that does not contain an Nrf2 binding motif. Finally, a sixth marker monitors activation of the
unfolded protein response. DNA damage-inducible transcript 3 (Ddit3) is associated with cell

cycle arrest, apoptosis, and the endoplasmic reticulum stress response.

The combination of these biomarkers elucidates the genotoxic mode of action of
tested compounds. (Hendriks et al., 2015) describes how whole genome transcriptional data
of mES cells after exposure to various genotoxic agents associates with the responsiveness of
the individual biomarkers. Stable cell lines are formed from the tagging of green fluorescent
protein (GFP) reporters for Rtkn, Btg2, Blvrb, and Ddit3. Via flow-cytometry, the fold-
change in GFP reporter induction is determined after exposure of test compounds to the
reporter cell lines for 24 hours. As with the MultiFlow assay, the ToxTracker system offers
the opportunity to generate high quality mechanistic data for with a variety of compound

concentration exposures.
1.5 The 21 Century Genotoxicity Risk Assessment Framework

Despite the efforts of genotoxicity experts in the above referenced works to convey
state-of-the-art science, the regulatory landscape regarding genotoxic hazard remains risk
averse as reflected in regulatory guidance. This is in part likely due to the level of public
concern pertaining to genotoxicity and potential cancer risk. The standard genotoxicity test
battery remains common practice in drug development. Additionally, despite growing
appreciation of statistically robust dose-response modelling, regulatory authorities continue
to enforce manufacturers to control mutagenic impurities below compound specific

Acceptable Intake (Al) levels, Permissible Daily Exposure (PDE) levels, or TTC limits (ICH,
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2013). The Viracept® contamination case studies presented above concerns compounds with
well characterized genotoxic modes of action that are electrophilic and “direct” DNA reactive
molecules. Following workshops at the 6" International Workshop on Genotoxicity Testing
(Iguazu, Brazil, 2013) and the Health and Environmental Science Genetic Toxicology
Testing Committee annual meeting (Washington DC, USA, 2015), a pivotal article by
Dearfield et al. (2017) outlined the “Next Generation Testing Strategy for Assessment of
Genomic Damage”. The authors acknowledge that novel small molecules, gene editing tools,
and biologics are being developed because of advances in drug development technology and
the need to treat life-threatening pathologies. The authors describe that relating to
genotoxicity, novel molecules are being engineered that specifically lack electrophilic DNA
reactive moieties, however non-electrophilic compounds may induce genotoxic damage by
mechanisms that are not mutagenic, clastogenic or aneugenic. The field of genotoxicity must
advance synergistically with regulatory acceptance. To this end, Dearfield et al. (2017)
outlined a framework that involves a paradigm shift from a “one size fits all” dichotomous
genotoxic hazard identification approach, to a more flexible approach that realises the
underlying genotoxic mechanisms that affect adverse outcomes. The framework encompasses
already accepted risk assessment approaches that are commonplace to other disciplines in
toxicology. Key elements of risk assessment include planning and scoping, quantitative
assessment of dose-response results, and exposure assessment. The overall aim is to realise
the risk of humanly relevant exposures, with preference to data obtained from in vitro studies
or in vivo studies where the minimum number of animals are used. The goal is ambitious, and
the next 3 subsections evaluate some of the key elements proposed in the next generation risk

assessment approach.
1.5.1 Quantitative Structural Activity Relationships and Read Across

(Quantitative) Structure Activity Relationships [(Q)SAR] utilise in silico systems to
predict potential compound toxicity. Within the available (Q)SAR software models, some use
expert-based rules to predict toxicity in a non-quantitative SAR manner, whilst others assign
a probability of an adverse outcome — responsible for the quantitative definition of the model

(Barber et al., 2017).

Expert SAR models are a form of artificial intelligence where toxicity information is
collated and organised into a knowledge base and used to replicate the decision-making that

human experts would make (Tripathi, 2011; Barber et al., 2017). Successful expert SAR
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models are advantageous since the output is a transparent format that can be understood,
challenged, and judged by the user. Such systems have been applied with success for the
prediction of mutagenicity by the collation of ‘structural alerts’ into software that identifies
the moieties and presents the user with a prediction and reason. Freely available software
examples include Toxtree (Benigni et al., 2008), and the OECD QSAR Toolbox (Dimitrov et
al., 2016). Examples of proprietary QSAR software used in industry are Lhasa Limited’s
Derek Nexus and Sarah Nexus, that perform expert rule based, and statistical probabilistic

model-based estimation of genotoxic potential, respectively (Barber et al., 2017).

Some of the benefits that (Q)SAR models have brought to industry include an
unbiased read-out for genotoxic potential, and the ability to translate the results into
screening and prioritisation. On the latter topic, Dearfield et al. (2017) describes that the
(Q)SAR prioritisation outcome could be used concomitantly with in vitro testing, and more
specifically identify the appropriate in vitro assays that would establish a detailed quantitative
understanding of genotoxic potential. Dearfield et al. (2017) elaborates more on this point
and highlights specific examples of where (Q)SAR models have successfully positively
impacted industry. One specific case exists for the pharmaceutical industry where impurities
can be screened in silico for bacterial mutagenic potential using results from two
complementary (Q)SAR models, one being an expert rule-based, and another statistical based
(Amberg et al., 2016). However, since bacterial mutagenicity is only applicable to
compounds that are primarily direct DNA-reactive, Dearfield et al. (2017) implies that
models built upon compounds that are positive in bacterial mutagenicity assay do not provide
sufficient coverage of the totality of potential DNA damaging effects. On a limited case-by-
case basis, the REACH (Registration, Evaluation, Authorisation, and Restriction of
Chemicals) regulatory framework accepts information from (Q)SAR models where the
weight of evidence, supplemented with in vitro test results may waive the necessity to

perform in vivo testing (REACH, 2007).

Another application of (Q)SAR results is to the domain of analogue searching (read
across) that relies on relating a compound of interest to structures and functional groups of
related compounds with a toxicological endpoint of interest (Grace et al., 2017). In other
words, if toxicity information is available for a similar compound, said toxicity information
can apply to the compound of interest. Dearfield et al. (2017) states that read across methods

can be qualitative (i.e., related substance A is mutagenic due to X functional group, so
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substance B is also likely to be mutagenic due to the presence of the same functional group),
or quantitative where the known potency of a related compound is ‘read across’ to the
compound under investigation. Such quantitative approach presumes that compounds with
similar functional groups exert similar toxic potency and would share a similar PoD on a

dose-response curve.

Although it is encouraging to see the adaption of QSAR models in industry, most
read-across approaches are applicable to ecotoxicology and human health hazards including
skin sensitization (REACH, 2007). The practical application of the models to genotoxicity
assessment still dichotomises genotoxic potential into the hazard assessment framework, with
restrictive low dose control limits (ICH, 2013). Although Dearfield et al. (2017) theorises the
use of QSAR models for genotoxic potency read-across, little has been published where a
QSAR model makes use of dose-response information to inform relative genotoxic potency

of compounds within a compound class of interest.
1.5.2 Mode of Action Information

An integral piece of the next generation approach hypothesised by Dearfield et al.
(2017) is the use of mechanistic understanding of biological pathways involved in toxicity,
dubbed Mode of Action (MOA). The International Programme on Chemical Safety (IPCS)
from the World Health Organisation (WHO) and the ILSI Risk Sciences Institute (ILSI RSI)
provides a framework for establishing and using MOA information in a structured approach
involving a series of key events along a causal pathway to a pathological or disease outcome

(Boobis et al., 2006; 2008).

MOA is closely related to the growing field of adverse outcome pathways (AOPs) in
genetic toxicology, with the two approaches being distinct where MOA is chemical or agent
specific, whereas AOPs can apply to groups or sub-groups of compounds (Dearfield et al.,
2017). The AOP programme was launched by the OECD in 2012 and defines AOPs as
structured sequences of events that lead to an adverse health effect (Yauk et al., 2015). The
application of AOPs to genotoxic MOAs have been reviewed by Sasaki et al. (2020). The
publication was a result of a 2017 workshop at a HESI GTTC workshop held in Delaware
(USA) which established work groups that would develop and publish AOPs relevant to the
following genotoxic MOAs: aurora kinase inhibition and tubulin binding that lead to

aneuploidy; and inhibition of topoisomerase II, production of cellular reactive oxygen
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species, and inhibition of DNA synthesis, that lead to mutation and/or chromosome breakage
by indirect DNA interaction. For each of the AOPs, the starting point is the Molecular
Initiating Event (MIE) which is the initial interaction of a compound with DNA or its
molecular machinery. A series of Key Events (KEs) and Key Event Relationships (KERs)
describe the progression of the biological response, where the KEs are directly or indirectly
measurable, and the KERs can optimally be quantitatively described by dose-response
relationships if data is available. The key concepts of the AOP approach are visualised in

Figure 1.15 below.
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Figure 1.15. Schematic showing a generalisation of an AOP network that begins an
interaction of a stressor with the genetic material or machinery, known as the molecular
initiating event (MIE). A series of cellular responses follow that are known as Key Events
(KEs) in sequence of biologically plausible order. KEs are connected by Key Event
Relationships (KERs) that describe the relationship between the KEs. The KEs on the cellular
level promote the eventual adverse outcome (AQO), which in the case of genotoxicity could be
aneuploidy, or mutagenicity and chromosome breaks depending on the mode of action of the

exposed chemical. Figure adapted from Villeneuve et al. (2014).

Strong proponents of the AOP approach imagine a situation where the AOP provides
a framework for incorporation of new assays that supports KEs to gain regulatory approval
(Yauk et al., 2015). Opponents voice opinions that the AOPs are a mere rearrangement of
already understood biological principles (personal communication, Rosalie Elespuru, US
FDA). However, without a simple holistic approach such as AOPs that are endorsed by major
organisations such as the OECD, it is difficult to imagine regulators changing practice from

risk averse hazard characterisation. From a more practical perspective, AOPs could provide
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the basis for realising key data and test gaps, and potentially facilitate grouping and read

across.
1.5.3 Modern Test Systems

To be able to move away from the hazard assessment assay types already briefly
introduced in section 1.2, Dearfield et al. (2017) idealises that more modern test systems that
specifically address the underlying biological MOA are required. The assays should be
selected based on the rational biological argument and knowledge base that has been
collected from QSAR and AOP databases, including data gaps and uncertainties. Only then
shall a biological assay be selected. For example, a bacterial mutagenicity test would be inapt
to assess the humanly relevant risk of exposure to a compound which has a structural alert for

a tubulin binding property.
1.6 Thesis Aims

This thesis investigates the application of the BMD approach to novel in vitro
genotoxicity test systems with the aim of realising some of the main themes postulated by
Dearfield et al. (2017) in the ‘next generation testing strategy for assessment of genomic
damage’. Prior to the initiation of the research presented in this thesis, BMD modelling had
only been applied to datasets from ‘gold standard’ genotoxicity endpoints such as in vitro
micronuclei, where limited mechanistic information can be derived. Contrastingly, high
quality datasets with large numbers of tested concentrations of compounds accompanied the
advent of high throughput multiplexed genotoxicity assays such as MultiFlow and
ToxTracker. One of the key themes of the next generation genotoxicity assessment strategy is
to encourage a paradigm shift from hazard assessment to a risk assessment approach that
encompasses quantitative dose-response understanding of genotoxic potential coupled with

mode of action information.

The two key questions asked in this research are “can BMD modelling be applied to
multiplexed genotoxicity biomarker quantitative data? And, if so, what additional mode of
action information can be derived from BMD modelling of the quantitative dose-response
biomarker data?”. In testing the overarching hypotheses, two key concepts developed by
previously cited authors are emulated in this thesis: namely, 1) the use of the BMD combined
covariate approach to rank potencies and perform comparative correlations between test

systems developed by scientists at RIVM (Hernandez et al., 2010; 2011a; 2011b, Soeteman-
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Hernéndez et al., 2015; 2016); and 2) the use of the BMD combined covariate approach and

compound structural information for potency determinations previously explored by Wills et
al. (2016a).

This thesis is subdivided into 4 results chapters (chapters 3 to 6) that is an all-
encompassing report of the progressive hypotheses that were developed over the course of

the research period. The layout of the thesis is summarised in Figure 1.16.
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Chapter 3

Is MultiFlow data suitable
for BMD modelling? And
how does it compare with
results from a gold
standard assay?

Data Source:

Litron provided
MultiFlow (YH2AX, pH3,
p53) and MicroFlow in
vitro micronucleus raw
data

Methods Used:
Database curation, BMD

modelling, BMD
correlations

Chapter 4

Chapter 5

Is the use of BMD point
estimates statistically
robust for comparative
potency analyses of in
vitro genotoxicity
biomarker datasets?

Data Source:

Litron provided
MultiFlow (YH2AX, pH3,
p53, RNC) raw data for
10 clastogens in the
presence and absence of
S9 exposure

Methods Used:

Database curation,
Pubchem searches, BMD
modelling, BMD
correlations, potency rank
validation, literature
search

Can in vitro genotoxicity
biomarker BMD potency
ranks be derived for the
Topoisomerase II Poison
compounds?

Data Source:

Litron provided
MultiFlow (YH2AX, pH3,
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provided ToxTracker raw
data; literature derived
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assay summary data
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Database curation, BMD
modelling, BMD
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validation, literature
search, Derek Nexus
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Figure 1.16. Layout of the results chapters in this thesis

Chapter 6

Do in vitro genotoxicity
biomarkers map to the
Topoisomerase II Poison
Adverse Outcome
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a QSAR Model be built

L using the same AOP?

Data Source:

Raw data structural alerts
from Lhasa Ltd,
molecular descriptor raw
data from the ChEMBL
database

Methods Used:

HESI GTTC AOP
application, literature
search, structural alert to
KE network mapping, K-
Nearest Neighbour
Analysis
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Chapter 2. General Materials and Methods.

2.1 General Materials and Methods

This chapter provides an account of the general materials and methods and their

theory that are central to this thesis.
2.2 Genotoxicity Assay Data Sources

All raw data was kindly provided by collaborating scientists throughout the research
period. Specifically, Litron Laboratories provided data from the MicroFlow and MultiFlow
assay flow cytometric datasets, Toxys provided data from the ToxTracker assay flow
cytometric datasets. The following subsections describe the acquisition of the MicroFlow,
MultiFlow, and ToxTracker assay raw data and the transformation of the raw data into

numerical values suitable for quantitative dose-response analysis.
2.2.1 MicroFlow Datasets

MicroFlow data was utilised to test the hypothesis presented in results chapter 3. As
briefly describe in the introduction section, the MicroFlow assay is a flow cytometric assay
that involves the incubation of mammalian cell cultures with test compounds of interest.
Next, necrotic, and mid/late-stage apoptotic cells with ethidium monoazide fluorescent dye,
followed by washing and cell membrane lysis and incubation with RNase and CYTOX green
nucleic acid green to provide a suspension of free nuclei and micronuclei that are
differentially stained (EMA-/CYTOX+) relative to chromatin associated with dead/dying
cells (EMA+/CYTOX+). Additionally, latex particles are included to serve as counting
beads, whereby flow cytometric nuclei to bead ratio measurements are an indirect measure of
cytotoxicity/cell survival (Avlasevich et al., 2006; 2011). To generate in vitro micronuclei
data for testing under the hypotheses presented in this research project, all test compounds
were exposed to human lymphoblastoid TK6 cells for 24 hours and treated per the standard
MicroFlow protocol described by Avlasevich et al. (2006). Importantly, the incidence of
micronuclei was determined through the acquisition of at least 20,000 gated nuclei per

culture.

Important aspects of the MicroFlow assay study design relative to quantitative dose

response data analysis includes the acquisition of solvent control micronuclei frequencies,
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and at least 4 different concentrations of test compound exposure — as necessitated for dose-
response analysis by Slob and Setzer (2014). Raw data was provided by Litron Laboratories
for a set of 34 reference genotoxicants (subsets of aneugens and clastogens) which included
solvent controls for DMSO, and between 8 to 20 evenly spaced concentrations of test
compounds. Relevant flow cytometric data was provided in Excel format which included the
compound name, the concentration (M), percent micronuclei, and percent relative nuclei

count to serve as a measure of cytotoxicity.
2.2.2 MultiFlow Datasets

MultiFlow datasets were utilised to test the hypotheses presented in all results
chapters (chapters 3,4,5, and 6). Applicable MultiFlow biomarkers included yYH2AX for the
quantification of DNA double strand breaks, p-H3 for the quantification of mitotic cells, and
p53 as a pan-genotoxic and nuclei content biomarker. Like the MicroFlow assay datasets, the
MultiFlow datasets included percent RNC derived from the addition of latex counting beads
to inform treatment-related cytotoxic effects. To generate MultiFlow endpoint data for testing
under the hypotheses presented in this research project, TK6 cells were exposed to all test
compounds and treated per the standard MultiFlow protocol described by (Bryce et al., 2016;
2017). Flow cytometric analyses were performed at the 4- and 24-hour sampling times,

except where otherwise indicated in the specific results chapters.

Raw data was provided by Litron Laboratories for the diverse sets of reference
genotoxicants (subsets of aneugens clastogens, and Topoisomerase Il Poisons indicated in the
specific results chapters of this thesis) which included solvent controls, and multiple evenly
spaced concentrations of test compounds. Relevant flow cytometric data was provided in
Excel format which included the compound name, the concentration (uM), YH2AX and p53
median fluorescence intensity, p-H3 for both 4- and 24-hr sampling points, and RNC
frequency for the 24-hr sampling point. As described in (Bernacki et al., 2016, Bryce et al.,
2016; 2017) the YH2AX and p53 endpoint measurements are based on median fluorescence
intensity; the p-H3 endpoint measurements are the proportion of p-H3 positive events that
exhibit propidium iodide-associated fluorescence of 4n and greater DNA content relative to
the number of total events with 2n and greater DNA content; and, RNC is based on the nuclei
to counting bead ratios. The provision of median fluorescence intensity values (for the

YH2AX and p53 endpoints), and cellular event frequency values (for the p-H3 and RNC
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endpoints) allows the variation within the controls to be expressed and considered within

dose-response analyses.
2.2.3 ToxTracker Datasets

The ToxTracker biomarkers loosely relate to the genotoxic modes of action that they
describe — namely Bscl2-GFP and Rtkn-GFP for DNA damage, Btg2-GFP for p53 activation,
Srxn1-GFP and Blvrb-GFP for oxidative stress, and Ddit3-GFP for protein damage. Only the
DNA damage (Bscl2-GFP and Rtkn-GFP) and p53 responsive (Btg2-GFP) biomarkers were
considered applicable to the hypotheses being tested in this thesis. Hence, Srxn1-GFP, Blvrb-
GFP, and Ddit3-GFP biomarker responses were not evaluated in the results chapter of this

thesis. ToxTracker dose-response datasets were used and reported in chapter 5 of this thesis.

Raw data was provided by Toxys for the Topoisomerase II Poisons indicated in
chapter 5 of this thesis. Data included solvent controls, and 5 evenly spaced concentrations of
test compounds. Briefly, mouse embryonic stem (mES) cells that were GFP tagged for the
assays specific biomarkers were exposed to a test set of 6 Topo-II Poison compounds.
Following a 24-hour period of incubation, the induction of GFP was measured by flow
cytometry. The reporter activity was determined as the mean fluorescent intensity from 5,000
intact cells. The median fluorescence values were formatted into and Excel spreadsheet

together with the corresponding compound and concentration in pg/mL.
2.3 Benchmark Dose (BMD) Modelling

The BMD approach includes fitting a family of mathematical models that best
describe the dose-response. The mathematical models are central to the BMD approach

applied to this thesis. The mathematical theory is described herein.

It has been postulated that no single dose-response model can fully describe a given
dose-response according to the underlying biological mechanisms, and hence descriptive
models are more appropriate (Slob, 2002). Since not all models are suitable for risk
assessment purposes, Slob (2002) considers the following important points relevant in the
development of the family of dose-response models to be applied to toxicological data: a)
toxicological continuous measurements are non-negative, and hence polynomial functions
(y = a + bx + c¢x? + --+) shall be excluded; b) fundamentally, threshold models are hard to

defend and shall not be considered plausible; 3) relative sensitivity between populations is
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important and shall be expressed as one of the models parameters. This is relevant to
toxicological studies since observations can be different between study groups, e.g., inter-
species, inter-sex, inter-human, inter-cell line etc. Slob (2002) expands on this point by
explaining that responses between groups can only be defined as equally sensitive when the
background response is equal for all doses. This is often achievable when two populations
have responses that do not differ in background for a given endpoint. However, take the
example of body weight differences between males and females that usually differ. An equal
response in both sexes is defined by Slob (2002) as:

maleBW(d) _ femaleBW(d)
maleBW(0)  femaleBW(0) ’

for every dose d,

where Slob (2002) uses the same reasoning of population sensitivity and expresses it for the

dose-response model in the form:

y = af (x) (Equation 1)

Such equation (1) describes that two different populations which may differ in background
value a (body weights in this example), can be characterized by the same dose-response
function f{x), whereby they are considered equally sensitive. Differences in sensitivity can be

expressed in terms of a dose (potency) factor, and can be estimated by obeying:
y =af (%) (Equation 2)

Slob (2002) states that the function f(x) in equation 2 should obey f{0) = 1, which exponential
functions are capable of achieving. Thus, Slob (2002) proposes the following set of flexible
exponential models which can be tested for goodness of fit (using Log likelihood ratios), and

that level off at high doses whilst not changing much at low doses:

Model 1: y = awitha > 0

Model 2: y = a exp (;—C)witha>0
nd
Model3:y=aexp<i(g) )witha>0, b>0d =1

Model4:y=a[c—(c—l)exp(—%)]witha>0, b>0
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ModelS:yza[c—(c—l) exp (—%)d]witha>0,b >0,c>0d =1,

where the continuous endpoint is denoted by y, and the dose by x. The parameters a, b, ¢, and
d describe the shape of the dose-response, with the 5 models including additional parameters
as the model becomes more complex. Parameter a corresponds to the level of the endpoint at
dose 0, synonymous to the response of the background. As previously introduced, parameter

b reflects the sensitivity of the subject, which can also be interpreted as the potency/efficacy

of the test chemical, and b% is directly proportional to potency in the exponential model (Slob
and Setzer, 2014). Models 4 and 5 include the additional parameter c, with the models
levelling off at high doses (value ac), and hence, parameter c represents the maximum fold
change. Parameter d is used to constrain values equal to or larger than 1, thereby preventing
the slop of the function at dose 0 being infinite and reflects the impact of dose on the rate of

change in the response (Slob and Setzer, 2014).

The appropriate model is selected by performing the log-likelihood ratio test (Slob,
2002) which tests whether the additional parameters result in a statistically significant
improvement of fit at P = 0.05 (Gollapudi et al., 2013b). Slob (2002) depicted the shapes of

the different dose-response models and is shown in Figure 2.1.
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y = a exp(x/b) y =a|[c- (c- 1)exp(x/b)]
c=0
‘_
T d= T d=1
y = a exp((x/b)’) y =alc-(c- 1)exp((x/b)’)

. |/
— |/

Figure 2.1. Illustration of the shapes of the dose responses corresponding to the various

descriptive models. Parameters: a, background response; b, potency; ¢, maximum effect; d,

rate of change (effect on slope/curvature). Figure adapted from Slob (2002).

EFSA (2009) describes that selection of the optimum model from the nested set of
models best describes the dose response. EFSA (2009) explains a linear dose response fits a

2-paramter model, whereas a sigmoidal curve fits a minimum 3-parameter model.

EFSA (2009) introduced that Hill models are also suitable for describing the dose-
response in addition to exponential models. Hill models built on the same 4 parameters (a, b,

¢, and d) and have the following formulae:
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Hillmodel 1: y = a

x
(b+x)

Hill model 2: y = a [1 —

xd

Hill model 3: y = a [1 —

(bd+x%)

Hill model 4: y = a _1 + (C—l)x]

b+x

Hill model 5: y = a [1+ S 27]

Slob and Setzer (2014) analysed the goodness of fit of both the exponential and hill
four-parameter models to continuous data resulting from the following study types:
subchronic toxicity study endpoints (body weight, relative liver weight, and relative kidney
weight); acetylcholinesterase activity; in vivo and in vitro micronucleus assays; local lymph
node assay; and whole culture rat embryo development effects test. They demonstrated
similar fits from fitting either exponential or hill models to the dose response datasets. And
even if some differences occur in goodness of fit, the shapes of the dose response curves were
visually difficult to distinguish (Slob and Setzer, 2014). Despite (EFSA, 2017) continuing to
recommend fitting both exponential and hill models to dose response datasets, based on the
findings of Slob and Setzer (2014), only the exponential models were used in the BMD

modelling presented in this thesis.
2.4 Working in PROAST

The BMD modelling for the research presented this thesis was performed using
PROAST which is an open-source statistical software package developed by the Dutch
National Institute for Public Health and the Environment (RIVM) written for operation in the
R statistical programme (Slob, 2018). A recent web-based version is available, however lacks
much of the more complex functions needed for testing the hypotheses presented in this

thesis. Due to this, versions of PROAST were operated in R.

The versions 61.2 and 69.1 of PROAST were used over the course of the research
presented in this thesis. Specific version instances are reported in the methods section of each

results chapter. The different software versions are progressive iterations where software
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functionalities were improved, however still function by using the same mathematical

functions and under the same principles.

Data needed to be formatted for import into PROAST. The database curation and
specifics related to the data formatting are specified in each results chapter. However, in
general, dataset formatting must follow strict PROAST formatting requirements where
special characters and spaces are not permitted. Heading rows need to be formatted to specify
the response data types in each column (continuous, binary, ordinal, quantal), or if the data is
not a response variable (compound name, test condition etc). Since these data formats are
highly specific to the data type under evaluation, the specific formats are presented in each

results chapter under the chapter materials and methods sections.

PROAST works by navigating a series of questions mainly including variables
selection, choice of CES, choice of BMD model (exponential and/or hill), and various output
options. PROAST was used for BMD modelling including the calculation of BMD
confidence intervals (chapter 3, 4, and 5) and for correlating BMD confidence intervals
between systems (chapter 3, and 5) depending on the hypothesis being tested. The BMD
combined covariate approach was the preferred method used in each results chapter where
BMD analysis was performed (chapter 3, 4, and 5). The following flow chart (Figure 2.2)
shows the general process flow using PROAST for BMD analysis:
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1. Dose response data
fitting

2. Check dose-
response fitting

3. Confidence interval
determination

5. Combine data from
both systems

6. Plot data

A four-parameter exponential model was fitted to the combined datasets.
Compound was selected as the combined covariate. The resulting «—
exponential BMD model was used for further analysis.

|

The model’s fitting was checked visually by plotting the data and fits on
double Log scales for each individual subgroup (compound). Poorly fit
models could be improved by removing top concentrations where
relatively high cytotoxicity was observed.

4. Repeat steps 1 to 3 per
system

|

Confidence intervals (CIs) were then calculated and saved for each sub-
group in ‘bigtables’ (PROAST notation)

Matching CEDs and ClIs for both systems were combined in a ‘crosstable’
(PROAST notation). This permitted the collation of BMD metrics from
different test systems for correlation.

‘Crosstable’ data was then plotted to permit system comparison.
Additional information was then overlaid such as dashed horizontal lines
encompassing the confidence intervals to study the order of magnitude of
which they compare.

Figure 2.2. Flow chart showing the general BMD data analysis process flow using PROAST. Chapter 3 and 5 used options 5 and 6 to generate

cross-correlations of BMD confidence intervals between systems.
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2.4.1 PROAST Variables Selection

The following general variables were selected using the PROAST navigation questions.

Any specific differences are indicated in the results chapters:

e Dependent variable — always ‘concentration (uM)’

e Response for analysis by set of models — biomarker response (either 4-hour or 24-
hour YH2AX, 4-hour or 24-hour p-H3, 4-hour or 24-hour p53, Rtkn-GFP, Bscl2-GFP,
Btg2-GFP).

e Model selection — always exponential

Further settings were changed when there were large numbers of compounds to be tested.
The number of compounds for combined covariate analysis were restricted to small groups to

reduce the processing time required for analysis.
2.4.2 BMD Model Selection

One of the major differences between PROAST v61.2 and v69.1 is the choice of
BMD model selection options. PROAST v61.2 provides the option to select the model with
the appropriate covariate dependent parameters, whereas PROAST v69.1 permits model 3 or
model 5 selection options. To this end, the data presented in chapters 3 and 5 utilised
PROAST v61.2 where the maximum four-parameter exponential model (model 5) was
always selected. The data presented in chapter 4 utilised PROAST v69.1 where the BMD
model varied between exponential model 3 and 5. The exponential model 3 and 5 formulae

are as follows:

d
Model3:y=aexp<i(§) )witha>0, b>0d =1

Exponential Model 5: y = a [c —(c—1) exp (— %)d] witha > 0,b > 0,c>0,d =1,

where y denotes the continuous endpoint, and the dose by x. Parameter a = the level of the
endpoint at dose 0; b = potency/efficacy of the test compound on the shape of the response; c
= maximum fold-change in response; and d = rate of change in the response constrained to

values equal to or larger than 1.
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2.5 Machine Learning Algorithms

Advanced statistical analysis of some data presented in this thesis was performed using
machine learning (ML) algorithm techniques. The ML methods include unsupervised
(hierarchical clustering) or supervised (k-nearest neighbours) techniques described in the

following 2 subsections.
2.5.1 Unsupervised Hierarchical Clustering

Unsupervised hierarchical clustering (also called hierarchical cluster analysis) is a
method of cluster analysis which looks for patterns in datasets and arranges them based on
similarities or differences. The methods are unsupervised in the sense that the data does not
require domain knowledge or labels provided by experts (Hirano et al., 2004), and algorithms
work intuitively to determine the best groups to describe the trends in the datasets.
Hierarchical clustering has been widely used in the biological sciences to determine
groupings in complex datasets such a gene expression patterns (Herrero et al., 2001) and
cancer cell histopathological markers (Au et al., 2004). The data outputs can be regarded as
unbiased interpretations of the underlying datasets that does not rely solely on human

interpretation.

In quantitative datasets, clustering is usually based on analysis of the distances
between data points (Ward and Hook, 1963). Hirano et al. (2004) describes that the main type
of algorithm for hierarchical clustering is agglomerative hierarchical clustering in which
vectors initially receive an independent cluster. The algorithm proceeds to seek the most
similar pair of clusters and merges them into one cluster. The process is repeated until all
initial clusters are merged into a single cluster. Agglomerative hierarchical clustering
contains several options for determining how to merge clusters, including the simplest single
linkage which groups similarity based on the closest pair, complete linkage which groups
based on the furthest pair, or Ward’s method which is based on the sum of squares within a

cluster (Hirano et al., 2004).

Unsupervised hierarchical cluster analysis was used for data analysis presented in
chapter 4 of this thesis. Analysis was performed using JMP software’s unsupervised
clustering platform (JMP, v12.0.1) using distances based on Ward’s method. Ward’s
minimum variance method is a method of agglomerative hierarchical clustering that

expresses the distance between two clusters as the ANOVA sum of squares between the two
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clusters summed over all the variables (Ward and Hook, 1963). Firstly, a Euclidean space is
determined based on the squared Euclidean distance between data points (vectors) which can

be expressed by the following sum of squares formula from (Spencer, 2013):
*@q) = P1—q)* + P2~ @)* + -+ (0 —4)* + -+ (Pn — 4)*
where d represents distance and p, q are data points in the Euclidean space.

Secondly, distances are arranged into clusters based on the distance centroids, and
then iteratively arranged based on Ward’s method which can be expressed as the following

formula joining two clusters K and L from (JMP, 2021):

I — 112
DKL - 1 1
N TN,

where 1) Ni is the number of observations in Cx and Cy is the Kth cluster, subset of {1, 2,
..., n) of which n is the number of observations; 2) X is the sample mean vector and X is the
mean vector for cluster C; and 3) ||x|| is the square root of the sum of the squares of the
element of x (the Euclidean length of vector x). The result is a 2-dimensional dendrogram
where the distance between clusters is based on the error sum of squares. A benefit of using
Ward’s method is that the algorithm takes into consideration the variation in the dataset
(Murtagh and Legendre, 2014), which is advantageous in clustering since regions of high
density and regions of high dissimilarity can be accurately represented in the clustering
dendrogram. The reason for the selection of Ward’s method in the JMP clustering method

was due to its application as a preferred clustering algorithm.

The data for unsupervised hierarchical clustering included BMD metrics (BMDL,
BMD, and BMDU) for the MultiFlow biomarker responses from clastogens exposed to TK6
cells for up to 24-hours in the presence and absence of low dose rat liver S9, as presented in

chapter 4.
2.5.2 K-Nearest Neighbour Analysis

K-Nearest Neighbour analysis is a form of supervised ML that trains itself to
recognise patterns in datasets (Kramer, 2013). (KNN) analysis was performed on data

presented in chapter 6 of this thesis. Regression KNN analysis is a non-parametric

58



classification method developed by Fix (1985) and later expanded by Altman (1992). Put
simply, a scatter plot is the simplest format to organise data and introduce bivariate
relationships as mentioned by Altman (1992). In practical terms using statistical modelling
software, the scatter plot is referred to as a metric space where the distances between the

members are defined (Hackeling, 2017).

SPSS version 26 was used for the KNN analysis reported in this thesis. The distances
in the metric space were calculated by SPSS based on the Euclidean distance which refers to
a straight line between points. Gongalves et al. (2014) describes that the Euclidean distance is
the square root of the sum of the squared differences between the origin (i) and the

destination (j) values for all variables, and can be represented by the following formula:

aG ) = jzz_l(xw ~ X

where X;,, represents the value of vector i; X, represents the value of vector j; p is the

number of portions in the sample; and v is the number of individuals in the sample.

The Euclidean distances are used in the KNN classification algorithm. Distances are
compared based on the pre-determined variable ‘k’. The hyperparameter ‘k’ represents how
many neighbours can be used in the estimation. The k variable was determined as 3 by
rounding up vn where maximum » was 8 (maximum number of target compounds studied in
a single metric space). KNN neighbours were visually compared using the SPSS graphical

outputs, or by using the Euclidean distance metrics computed by SPSS.

The data for KNN analysis included BMD metrics (BMDL, BMD and BMDU), and
molecular descriptor variables (molecular weight, LogP, and polar surface area) for 9
Topoisomerase-1I Poison compounds. More detail on the compounds and molecular

descriptors is presented in chapter 6.
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Chapter 3. Benchmark Dose Modelling of In Vitro
MultiFlow Endpoints for Compound Potency Ranking
and Comparison with the Current In Vitro Micronucleus

Assay.

3.1 Introduction

The following chapter determines the amenability of MultiFlow biomarker dose-
response information to BMD analysis, and to ultimately provide genotoxic potency ranking
of tested clastogens and aneugens compared with the gold-standard micronucleus assay!.
Despite expert consensus that the benchmark dose (BMD) approach is the most appropriate
method to perform for dose-response analysis of genotoxicity datasets (Gollapudi et al.,
2013b, Macgregor et al., 2015), previous work had only evaluated the utility of BMD
modelling to standard genotoxicity endpoints, with no published work existing in which the
BMD methodology was applied to novel genotoxicity biomarker response screening tests.
Additionally, the in vitro MultiFlow assay had been developed as a follow-up to in vitro
micronucleus positive events, which maintained the paradigm of dichotomising genotoxicity
into pass/fail criteria by evaluating the fold-increase in biomarker responses relative to

control.
3.1.1. The In Vitro MultiFlow Assay’s Dichotomisation of Genotoxicity

The in vitro MultiFlow assay includes several biomarkers that efficiently quantifies
DNA damage by the flow cytometric analysis of phosphorylation of H2AX (yH2AX) for
DNA double strand breaks, phosphorylation of histone H3 (p-H3) for mitotic cells, and
nuclear p53 content for global DNA damage and treatment-related cytotoxicity. The
following graphic summarises the processing steps involved in the acquisition of DNA

damage response data using the MultiFlow assay (Figure 3.1).

! The work presented in this chapter was published in “Predictions of Genotoxic Potential, Mode of Action,
Molecular Targets, and Potency via a Tiered MultiFlow® Assay Data Analysis Strategy” (Dertinger et al.,
2019), with a copy of the research article available in Appendix 1.
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MultiFlow™ Processing

One Step
Add-and-Read
Assay

Reagents
added to
cells Outer membranes
lyse, nuclei stained

Fluorescent antibodies
bind nuclear epitopes

Orange = nucleic acid dye
Anti-yH2AX = dsDNA breaks
Anti-p-H3 = mitotic cells

Anti-p53 = p53 nuclear translocation
~ = Counting Beads

Nuclei & counting
beads ready for FCM
analysis

Figure 3.1. Graphic representing the MultiFlow processing steps involved in data acquisition
from the assay’s DNA damage response biomarkers. Relevant mammalian cells are prepared
by cell membrane lysis to expose nuclear content. Fluorescent antibodies specific to the DNA
damage response markers (YH2AX foci, nuclear p53, p-H3) bind to their respective nuclear
epitopes. The cells and their suspensions are prepared for flow cytometric (FCM) analysis.
Latex microspheres act as counting beads to enumerate cell-to bead ratios for the evaluation

of relative nuclei counts or relative population doubling. Figure adapted with permission

from Litron Ltd. Copyright 2016.

The assay performs by measuring the biomarker responses at the 4- and 24-hour
timepoints in multi-well plates via flow cytometry. The biomarker responses are prepared for

statistical analysis by converting the reported median fluorescence (for yYH2AX and p53) or

frequency (p-H3) values into fold-change values relative to plate specific solvent controls
(Bernacki et al., 2016; Bryce et al., 2016). The assay developers introduced a novel data
analysis strategy that involves supervised machine learning, specifically multinomial logistic
regression analysis for the categorisation of chemicals into one of three modes of action
(MOA) — clastogens, aneugens, or non-genotoxicants. Briefly, algorithms were developed
that provide probability scores indicative of a compound’s mode of action from intra- and

inter-laboratory validation studies using a priori mode of action information for between 67
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and 103 selected training set test compounds (Bryce et al., 2016; 2017; 2018). The logistic
regression output determines whether a test compound is classed as either clastogenic,

aneugenic, or non-genotoxic based upon a models’ probability score.

In the interlaboratory validation, Litron used an analogy to the Global Evaluation
Factor (GEF) criteria employed in the Mouse Lymphoma Assay (MLA) to determine whether
a biomarker’s response was significant compared to the distribution of the solvent control
data from the seven proficient laboratories involved in the validation (Pfizer, Servier Group,
Orion Pharma, Sanofi-Aventis Deutschland, Sanofi, Bayer AG, and Roche Pharma).
Aggregate data from the replicated studies performed at the seven laboratories showed that
assay sensitivity and specificity values were 92.1% and 96.2%, respectively, when using the
GEF approach (Bryce et al., 2017). The assay has since been evaluated further by using real-
world test compounds provided by Merck & Co. (Dertinger et al., 2019), and by performing
unsupervised hierarchical clustering machine learning tools to determine if patterns are
present which may inform further information on genotoxic molecular targets (Dertinger et
al., 2019). For example, Figure 3.2 shows dose-response Area Under the Curve (AUC)
unsupervised clustering results for a series of select aneugenic compounds. Distinct clusters
exist for kinase inhibitors and tubulin binders based on a priori compound mechanistic

information.
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Figure 3.2. JMP software derived unsupervised clustering results shown on a 2-dimensional
dendrogram for 21 aneugens based on the dose-response for each biomarker which was
converted into Area Under the Curve (AUC) for the analysis. The biomarkers are plotted on
the x-axis with the test compounds displayed on the y-axis. Two distinct clades are present
and denoted by Kinase Inhibitors (KI) and Tubulin Binders (TB) based on the known
activities of these compounds. The bottommost graph represents the horizontal distances

between clusters. Figure taken directly from Dertinger et al. (2019).

The novel ability for the MultiFlow assay to discriminate between different genotoxic
modes of action offers a clear advantage over the traditional in vitro genotoxicity assays
which preceded its inception. However, the published literature presents the assays results in
a dichotomous call of genotoxic potential which maintains the hazard characterisation
paradigm. Whilst the assay developers use the dose-response information in a useful manner

to determine concentration-dependent biomarker response fold-increases for genotoxic mode
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of action calls, and for unsupervised machine learning through AUC measurements, the assay

endpoints had not been reported on the utility of BMD modelling.

3.1.1 The In Vitro MultiFlow Assay Endpoints as Candidates for Continuous BMD
Modelling

The different data types (quantal, continuous) for BMD modelling have already been
summarised in the introduction chapter (section 1.3.4.1) based on the discussion from Slob
(2002). The in vitro MultiFlow assay produces continuous data. The criteria for datasets to be
suitable for continuous BMD modelling includes at least 3 evenly spaced dose/concentration
groups plus a solvent control group (Haber et al., 2018); and, either individually reported
responses for each repeat of dose/concentration level, or summary statistics including group
means and standard deviations (Slob, 2002). Thus, the in vitro MultiFlow assay biomarker
responses were identified as suitable candidates for continuous BMD modelling since
individual median fluorescence intensity values are reported for each concentration level, and
multiple concentration levels are tested in addition to a solvent control. The use of median
fluorescence values in the concentration and solvent control groups, versus the use of fold-
increase values allows the response in the controls to be considered which is a fundamental

principle in BMD modelling of continuous endpoints (Slob, 2002).
3.1.2 BMD Modelling to Provide Test Article Potency Ranks

Prominent researchers have utilised the output of the BMD modelling approach to
rank test article genotoxicity in order of potency for the test system evaluated. Graphical
interpretation of test article potency is achieved by plotting BMD confidence intervals on a
Log scale with each respective test article presented on the y-axis. The efficient single
combined analysis of dose-responses from multiple test articles is permitted when the ‘test
article’ is selected as a covariate in the BMD analysis. The resulting confidence intervals
have been used to rank test article potency yielded from dose-response studied in multiple in
vitro and in vivo test systems. For example: Bemis et al. (2016) presented BMD confidence
intervals in rank order for 7 genotoxicants tested in both the in vitro and in vivo micronucleus
assays Figure 3.3; and Wills et al. (2016a) displayed the genotoxic potency of different low-

dose ionising radiation regimes exposed to cultured human lymphocytes Figure 3.4.
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Figure 3.3. Plotted BMD confidence intervals from the in vitro (upper panel) and in vivo
(lower panel) micronucleus assay for 7 genotoxicants. BMD confidence intervals plotted
from most potent (mel) to least potent (hu) compound rank order. The x-axis represents
Log10 BMD for micronuclei analysed with a BMR (synonymous to critical effect size, CES)
of 200%. Abbreviations mel = melphalan, chl = chlorambucil, thi = thiotepa, aza =
azathioprine, mms = methyl methanesulfonate, prs = 1,3-propane sultone, hu = hydroxyurea.

Figure taken directly from Bemis et al. (2016).
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Figure 3.4. Plotted BMD confidence intervals calculated from micronuclei frequency dose-
response datasets for cultured human lymphocytes exposed to different forms of ionising
radiation conditions. The x-axis represents Log10 BMD for micronuclei analysed with a
critical effect size (CES) of 50%. BMD confidence intervals plotted from most potent
(Neutron 13.7-MeV) to least potent (y-ray 662keV) ionising radiation condition rank order.
Potency is depicted on the x-axis with a shaded arrow in the direction of decreasing potency

from left to right. Figure adapted from Wills et al. (2016a).

The outputs from the aforementioned studies can be interpreted as an efficient
representation of the rank order potencies for the test articles that were studied. However, the
datasets used in the referenced articles were from well characterised test systems, with
nothing published on how novel genotoxicity test systems can inform compound potency

using the same methodology.
3.1.3 Correlation of BMD Confidence Intervals Across Test Systems

Whilst BMD confidence intervals can be plotted and interpreted to represent the
relative potency of a test article, several researchers have postulated that the potency of a

compound in one test system may be comparable in a different test system. Thus, a method
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for correlating BMD confidence intervals has been widely reported on by the developers of

the PROAST BMD modelling software at the Dutch National Institute of Public Health and

the Environment (RIVM). The method is simple to execute as demonstrated in the following

graphical depiction (Figure 3.5).
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Figure 3.5. The simplicity of the BMD confidence interval correlation method is shown in

this figure. BMD confidence intervals for 6 hypothetical test-articles (A to F) are shown

plotted in potency rank order for the two test systems (uppermost 2 panels). The software

‘PROAST’ produces a cross-correlation plot where the BMD confidence intervals are cross-

correlated on a double Log plot (bottommost panel). A dashed black line encompasses most

BMD confidence intervals to depict the strength of the correlation within approximately 0.5-
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Log. Test-article ‘F’ is highlighted here with ‘red arrows’ pointing from the respective BMD

confidence interval origin from the test systems shown in the uppermost panels.

The BMD confidence interval correlation method has been applied by several
researchers to demonstrate the correlation between compound potency evaluated by in vitro
and in vivo micronuclei test systems. Correlation of in vitro and in vivo micronuclei from
various test compounds by Soeteman-Hernandez et al. (2015) (Figure 3.6) led the
researchers to discuss a generalisation that in vivo confidence intervals tend to be smaller
than those derived from in vitro test systems, and that observed scatter in the in vitro test
system may be due to the fact that the in vitro test system does not account for toxicokinetic
properties in the same manner that an in vivo system does. However, the researchers mention
an important point that the in vitro datasets are limited by a poor statistical power from the

low number of test concentrations and replicates.
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Figure 3.6. BMD confidence interval cross-correlation plot for in vitro versus in vivo
micronucleus frequencies for a series of select test compounds. Figure adapted from

Soeteman-Hernandez et al. (2015).

Another example includes a study by Bemis et al. (2016) who applied the same BMD
confidence interval correlation method for a series of clastogens applied to in vitro and in
vivo micronucleus test systems. In this example, there was considerably less scatter, and the
width of the confidence intervals were comparably small between the two test systems
(Figure 3.7). Notably, the micronuclei frequencies obtained for BMD analysis in the Bemis
et al. (2016) study were from flow cytometric analysis in comparison to the manual scoring
techniques employed by Soeteman-Hernandez et al. (2015), which may account for the
higher precision obtained in the Bemis et al. (2016) study since flow cytometric analyses can

score large number of cells for a large range of test article concentrations.
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Figure 3.7. BMD confidence interval cross-correlation plot for in vitro versus in vivo
micronucleus frequencies for several tested clastogenic compounds. Small width confidence
intervals (high precision) were obtained from BMD analysis from both systems. Figure

adapted from Bemis et al. (2016).

This method provides an effective measure of the potency differences observed from

compounds studied in two comparative systems and can be applied to test several hypotheses.
3.1.4 Estimation of Test Article Potency from BMD Confidence Interval Correlation

Soeteman-Hernandez et al. (2015) used BMD confidence interval cross-correlation
plots to estimate the carcinogenic potency of a compound from the in vitro micronucleus
assay Figure 3.8. One may challenge the applicability of the extrapolation, given the
acknowledged toxicokinetic differences between in vitro and in vivo test systems; however,
the proof-of-concept approach demonstrates how the BMD confidence interval cross-
correlation plots can be used as an efficient graphical predictive tool for cross-system potency

comparisons.
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Figure 3.8. BMD confidence interval cross-correlation plot for in vitro micronucleus versus
in vivo tumour incidence for several tested compounds. Dashed diagonal lines are drawn to
encompass most of the BMD confidence intervals. Round black circles are drawn around
select BMDL intersects which represent read-across values for predictive BMDL values in

the comparator test system. Figure adapted from Soeteman-Hernandez et al. (2015).

3.1.5 In Vitro Micronucleus Scoring via Flow Cytometry with the Litron MicroFlow

Assay

Litron’s MicroFlow assay is one of the flow-based approaches which is the preferred
method for characterising micronuclei in vitro (Johnson et al., 2014b, Verma et al., 2017). In
2010, Bryce et al. (2010) used the same assay and exposed human lymphoblastoid TK6 cells
to 22 closely spaced concentrations of 8 different genotoxicants. After data acquisition, Bryce

et al. (2010) demonstrated that the MicroFlow data is amenable to dose-response relationship
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modelling. However, the authors used the bi-linear hockey stick model which was discussed

in detail in the introduction chapter and in the publication by Lutz and Lutz (2009).

The suitability of BMD modelling applied to the MicroFlow assay data has been
demonstrated by other authors. The earlier presented example in Figure 3.7 where Bemis et
al. (2016) correlated in vitro and in vivo micronuclei included data from the in vitro
MicroFlow assay. From an industry perspective, Allemang et al. (2018) used the in vitro
MicroFlow assay to assess micronuclei after exposure of 15 pyrrolizidine alkaloids to in vitro
cultured HepaRG cells. Amongst some of their findings was that the MicroFlow assay is
amendable to BMD analysis, and that the resulting BMD confidence intervals adequately
characterise the potency differences observed amongst the 15 pyrrolizidine alkaloids that

were tested in the in vitro liver cell line that the researchers selected.

Based on these limited publications in which BMD modelling was applied to
MicroFlow datasets, and the fact that the MicroFlow assay has received endorsement as a
preferred flow cytometric genotoxicity assay (Johnson et al., 2014b, Verma et al., 2017) with
an inter-laboratory validation (Bryce et al., 2008) and demonstrated to be comparable to an
OECD endorsed method (OECD 487, in vitro mammalian cell micronucleus test) in terms of
scoring proficiency (Bryce et al., 2008), it is plausible to regard data from the MultiFlow
assay as gold-standard for drawing comparisons against. In fact, many of the tests using the
same assay in industry for regulatory submission purposes will be performed according to
Good Laboratory Practices (US Code of Federal Regulations Title 21 Part 58 or OECD
equivalent) which ensures characterisation of the test article, proficient laboratory analysts,

calibrated equipment, and quality data reporting.

3.1.6 Are MultiFlow Biomarker Responses Capable of Determining Usable Genotoxic

Potency Ranks?

Several questions were raised upon collaboration with Litron Laboratories. Primarily,
although useful to industry, the notion that the MultiFlow assay was designed as a follow up
to positive in vitro micronucleus responses was challenged since this approach maintains the
hazard characterisation paradigm that the genetic toxicologists are advocating against. In the
aim to achieve a paradigm shift, Litron Laboratories supported the assessment of BMD
modelling to their datasets to test the hypothesis of whether the MultiFlow datasets were

amendable to BMD analysis. If said hypothesis was proven correct, in the context of
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MultiFlow biomarker responses, it would be interesting to know if distinct potency rank
orders for tested compounds are obtainable and how the potencies compare to those from the
micronucleus endpoint. To this end, this chapter aims to describe the BMD modelling that
was performed on the MutliFlow biomarker response datasets, and how potency information
compares with that from the micronucleus endpoint to further inform the utility of the
MultiFlow assay beyond a hazard assessment approach, and towards a quantitative risk

assessment paradigm.

3.2 Materials and Methods

1: Consultation with Litron
for Hypothesis
Development

2: In Vitro MultiFlow and
MicroFlow Genotoxicity
Dataset Database Curation

3: Combined Covariate
BMD Analyses

Iterations due
to large group

sizes of
4: Confidence Interval compounds
Determination and
Plotting

5: System Confidence
Interval Cross Correlation

Figure 3.9. Materials and Method Flow Chart
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3.2.1 Datasets

Raw data for analysis was provided by the collaborating scientists at Litron
Laboratories. Raw data in this chapter is defined as tabulated median fluorescence, or median
relative frequency data outputs from flow cytometric analysis performed at Litron

Laboratories.

All raw datasets required database curation including formatting, database
maintenance and data handling prior to further analyses. Specific information is included in

the following subsections.

MultiFlow assay raw data took the format of an Excel spreadsheet with headings
including compound name, a priori mode of action information (clastogen, aneugen),
concentration (uM), median fluorescence data for each compound and concentration level for
the biomarkers YH2AX and p53, median relative frequency values for p-H3, polyploidy,
RNC (Relative Nuclei Count), and RPD (Relative Population Doubling). All measurements

were performed at the 24-hour sampling timepoint.

MicroFlow assay raw data took the format of an Excel spreadsheet with headings
including compound name, a priori mode of action information (clastogen, aneugen),
concentration (uUM), median relative percent scores for micronuclei, EMA, G1 phase cells, S
phase cells, G2M cells, polyploidy cells, and RNC. An additional column of calculated
cytotoxicity was provided in the Excel spreadsheet. All measurements were performed at the

24-hour timepoint.
3.2.1.1 MultiFlow Assay Specific Information Pertaining to the Dataset

Litron Laboratories performed the benchtop experiments to acquire the MultiFlow
dataset for analysis. The assay has been extensively discussed in the published literature
(Bryce et al., 2014; 2016; 2017; 2018). Briefly, human lymphoblastoid TK6 cells were
prepared using the reagents and instructions specified in the MultiFlow DNA damage kit —
p53, YH2AX, Phosphohistone-H3. Cell suspensions were exposed to a total of 44 training set
compounds including an array of clastogens and aneugens (Table 3.1.) and processed for
flow cytometric analysis at the 4- and 24-hour timepoints. Literature information was used to
determine if an exogenous source of metabolic activation (S9) would be required. Only data

from the 24-hour timepoint was included in this analysis.
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Table 3.1. Compounds Studied in the MultiFlow Assay

a priori Mammalian Cell

Compound Compound CAS No. Genotoxicity & MoA
Abbreviation Classifications

AMG-900 amg 945595-80-2 Genotoxic; Aneugen
Carbendazim car 10605-21-7 Genotoxic; Aneugen
Colchicine col 64-86-8 Genotoxic; Aneugen
Diethylstilbestrol des 56-53-1 Genotoxic; Aneugen
17B-Estradiol est 50-28-2 Genotoxic; Aneugen
Fisetin fis 528-48-2 Genotoxic; Aneugen
Flubendazole flu 31430-15-6 Genotoxic; Aneugen
Griseofulvin gli 126-07-8 Genotoxic; Aneugen
Mebendazole meb 31431-39-7 Genotoxic; Aneugen
Nocodazole noc 31430-18-9 Genotoxic; Aneugen
Noscapine nos 128-62-1 Genotoxic; Aneugen
Paclitaxel pac 33069-62-4 Genotoxic; Aneugen
Vinblastine sulfate vin 143-67-9 Genotoxic; Aneugen
Vincristine sulfate vis 2068-78-2 Genotoxic; Aneugen
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a priori Mammalian Cell

Compound
Compound CAS No. Genotoxicity & MoA
Abbreviation
Classifications

2-Acetylaminofluorine aaf 53-96-3 Genotoxic; Clastogen
Aphidicolin aph 38966-21-1 Genotoxic; Clastogen
Azathioprine aza 446-86-6 Genotoxic; Clastogen
Azidothymidine azt 30516-87-1 Genotoxic; Clastogen
Benzo[a]pyrene bap 50-32-8 Genotoxic; Clastogen
Bleomycin sulphate bls 9041-93-4 Genotoxic; Clastogen
Camptothecin cam 7689-03-4 Genotoxic; Clastogen
Chlorambucil chl 305-03-3 Genotoxic; Clastogen
Cisplatin cis 15663-27-1 Genotoxic; Clastogen

Cyclophosphamide )
cpm 6055-19-2 Genotoxic; Clastogen

monohydrate

Cytosine arabinoside cya 147-94-4 Genotoxic; Clastogen

7,12- .
dba 57-97-6 Genotoxic; Clastogen

Dimethylbenzanthracene

Ethyl methanesulfonate ems 62-50-0 Genotoxic; Clastogen
Etoposide etp 33419-42-0 Genotoxic; Clastogen

76




a priori Mammalian Cell

Compound Compound CAS No. Genotoxicity & MoA
Abbreviation Classifications
5-Fluorouracil ful 51-21-8 Genotoxic; Clastogen
Glycidamide gly 5694-00-8 Genotoxic; Clastogen
Hydralazine HCl hyd 304-20-1 Genotoxic; Clastogen
Hydrogen peroxide hyp 7722-84-1 Genotoxic; Clastogen
Hydroxyurea hyu 127-07-1 Genotoxic; Clastogen
Melphalan mel 142-82-3 Genotoxic; Clastogen
Menadione men 58-27-5 Genotoxic; Clastogen
Mitomycin C mmc 50-07-7 Genotoxic; Clastogen
Methyl methanesulfonate mms 66-27-3 Genotoxic; Clastogen
Methotrexate mtx 59-05-2 Genotoxic; Clastogen
4-Nitroquinoline 1-oxide nqo 56-57-5 Genotoxic; Clastogen
Olaparib ola 763113-22-0 Genotoxic; Clastogen
1,3-Propane sultone psu 1120-71-4 Genotoxic; Clastogen
Thiotepa thi 52-24-4 Genotoxic; Clastogen
Temozolomide tmz 85622-93-1 Genotoxic; Clastogen
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a priori Mammalian Cell
Compound
Compound CAS No. Genotoxicity & MoA
Abbreviation
Classifications
Topotecan top 123948-87-8 Genotoxic; Clastogen

3.2.1.2 MicroFlow Assay Specific Information Pertaining to the Dataset

Litron Laboratories performed the benchtop experiments to acquire the MicroFlow
dataset for analysis. The assay has been extensively discussed in the published literature
(Avlasevich et al., 2006; Bryce et al., 2008; 2010; Avlasevich et al., 2011). Briefly, 38
compounds were evaluated for in vitro micronuclei formation using human lymphoblastoid
TK6 cells from the same treated cultures as the MultiFlow assay. The MicroFlow analyses
were conducted at the 24-hour timepoint and accomplished via flow cytometric analysis. For
the micronucleus endpoint, compound concentrations were limited to those that resulted in <
55% reduction to RNCs consistent with the approach of Avlasevich et al. (2006). Table 3.2
summarises the subset (n=38) of clastogens and aneugens that were evaluated for micronuclei

in this analysis.

Table 3.2. Compounds Studied in the MicroFlow Assay

a priori Mammalian Cell
Compound
Compound CAS No. Genotoxicity & MoA
Abbreviation
Classifications

Aphidicolin adc 38966-21-1 Genotoxic; Aneugen
Azathioprine azp 446-86-6 Genotoxic; Aneugen
Carbendazim car 10605-21-7 Genotoxic; Aneugen
Colchicine col 64-86-8 Genotoxic; Aneugen
Diethylstilbestrol des 56-53-1 Genotoxic; Aneugen
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a priori Mammalian Cell

Compound Compound CAS No. Genotoxicity & MoA
Abbreviation Classifications
17B-Estradiol est 50-28-2 Genotoxic; Aneugen
Flubendazole flu 31430-15-6 Genotoxic; Aneugen
Griseofulvin gli 126-07-8 Genotoxic; Aneugen
Mebendazole meb 31431-39-7 Genotoxic; Aneugen
Nocodazole noc 31430-18-9 Genotoxic; Aneugen
Noscapine nos 128-62-1 Genotoxic; Aneugen
Paclitaxel pac 33069-62-4 Genotoxic; Aneugen
Vinblastine sulfate vin 143-67-9 Genotoxic; Aneugen
Vincristine sulfate vis 2068-78-2 Genotoxic; Aneugen
Azidothymidine azt 30516-87-1 Genotoxic; Clastogen
Benzo[a]pyrene bap 50-32-8 Genotoxic; Clastogen
Bleomycin sulphate bls 9041-93-4 Genotoxic; Clastogen
Camptothecin cam 7689-03-4 Genotoxic; Clastogen
Chlorambucil chl 305-03-3 Genotoxic; Clastogen
Cisplatin cis 15663-27-1 Genotoxic; Clastogen
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a priori Mammalian Cell

Compound Compound CAS No. Genotoxicity & MoA
Abbreviation Classifications
Cytosine arabinoside cya 147-94-4 Genotoxic; Clastogen
Ethyl methanesulfonate ems 62-50-0 Genotoxic; Clastogen
N-Ethyl-N-Nitrosourea enu 759-73-9 Genotoxic; Clastogen
Etoposide etp 33419-42-0 Genotoxic; Clastogen
5-Fluorouracil ful 51-21-8 Genotoxic; Clastogen
Glycidamide gly 5694-00-8 Genotoxic; Clastogen
Hydralazine HCl hyd 304-20-1 Genotoxic; Clastogen
Hydrogen peroxide hyp 7722-84-1 Genotoxic; Clastogen
Hydroxyurea hyu 127-07-1 Genotoxic; Clastogen
Menadione men 58-27-5 Genotoxic; Clastogen
Mitomycin ¢ mmc 50-07-7 Genotoxic; Clastogen
Methyl methanesulfonate mms 66-27-3 Genotoxic; Clastogen
4-Nitroquinoline 1-oxide nqo 56-57-5 Genotoxic; Clastogen
Olaparib ola 763113-22-0 Genotoxic; Clastogen
1,3-Propane sultone psu 1120-71-4 Genotoxic; Clastogen
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a priori Mammalian Cell

Compound
Compound CAS No. Genotoxicity & MoA
Abbreviation
Classifications
Thiotepa thi 52-24-4 Genotoxic; Clastogen
Temozolomide tmz 85622-93-1 Genotoxic; Clastogen
Topotecan top 123948-87-8 Genotoxic; Clastogen

3.2.2 Database Curation

The PROAST software requires data to be formatted for analysis including the

following specific strict rules:

e All decimal points in point format not comma format

e Empty cells are not allowed

e Spaces between text or units are not allowed

e The raw data takes the format of the data matrix. In this case, the data matrix was the

compound names, concentration values, a priori mode of action information, median

fluorescence, median relative frequency, or percent values.

e FEach column must have a header which describes the data in the data matrix

e Four rows must exist above the data matrix and complete according to the following

rules:

o First line: a one-word title that describes the data. In this case the MicroFlow

data had the heading “MicroFlow”, and the MultiFlow data had the heading

“MultiFlow”.

o Second line: the number of columns in the data matrix

o Third line: includes a numerical code for the data type in the column (see

below)

o Fourth line: a one-word title for the column. The column title choices for the

MultiFlow and MicroFlow datasets are presented in Table 3.3 and Table 3.4.

o Fifth and further lines: the data matrix.

e Data types (third line)
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o 0 — for all columns not representing a response variable

o 1 —continuous data. In our case, all MultiFlow biomarker response variables
(YH2AX, p-H3, p53), and all MicroFlow median relative percent micronuclei
scores are continuous data.

o 2 —Dbinary data (e.g., yes/no response in individual animals)

o 3 - ordinal data (e.g., histopathology scores of severities)

o 4 —quantal data (e.g., number of responding animals per number of animals in
the group)

o 5 —continuous data that are nested (e.g., fetal weights within litters)

o 6 — quantal data that are nested (e.g., number of fetuses affected within litters)

o 10— mean (continuous) response in a dose group

Data types 2 to 10 are out of scope of the MultiFlow and MicroFlow assay result
variables. Hence the third line for the MicroFlow and MultiFlow databases all included either

a value of 0 or 1.

Since not all variables are relevant to the hypotheses that were being tested in this
study, some columns were excluded from analyses. For example, although the MultiFlow
assay provides information relative to polyploidy through the evaluation of propidium iodide
gating logic — said column was excluded from the database. Percent RNC and RPD columns
were maintained since the data are indicative of treatment related cytotoxicity effects which
could prove important in interpreting the BMD analysis outputs. Additionally, the MicroFlow
data includes information on cell cycle effects which were not in scope of the hypotheses
tested in this study and so the columns were removed. However, the percent RNC column
was maintained as well as the cytotoxicity column. Cytotoxicity is calculated at 100% minus
the %RNC at 24 hours. An extra column was added to each of the MicroFlow and MultiFlow
databases to serve as a three-letter compound code. The three-letter compound code
abbreviation information was added purposefully to reduce clutter in the graphical outputs
that would be caused due to lengthy compound names. Some examples include ‘est’ for ‘17f3-
Estradiol” and ‘mmc’ for ‘mitomycin ¢’. Refer to sections 3.2.1.1 and 3.2.1.2 for the full list
of compounds and their abbreviations of which were tested in each assay. Table 3.3 and
Table 3.4 summarise the final selected database columns, rows, and headers formats for the

MultiFlow and MicroFlow datasets, respectively.
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Table 3.3. Replication of the MultiFlow database columns, rows, and headers formatted per PROAST strict data formatting

requirements

Row
Number

1 MultiFlow

2 9

3 0 0 0 1 1 1 1 1 1

4 Compound | Compound.abbreviation | a.priori MOA | Conc. uM | g H2AX? | pH3? | p53%? | RNC.perc? | Cytotoxicity.perc?
5 and Data Matrix...
more. ..

2 All MultiFlow biomarker data was acquired at the 24-hour sampling time
3 Cytotoxicity was calculated at 100% minus the %RNC at 24-hours.
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Table 3.4. Replication of the MicroFlow database columns, rows, and headers formatted per PROAST strict data formatting

requirements
Row
Number
1 MicroFlow
2 6
3 0 0 0 1 1 1
4 Compound Compound.abbreviation | a.priori. MOA Conc. pM MN.perc* RNC.perc*
5 and Data Matrix...
more...

4 All MicroFlow data were aquired at the 24-hour sampling time
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Once the Excel databases were formatted according to the strict rules prescribed by
PROAST, the Excel sheets were transformed into tab delimited files (.txt) and stored in a

working repository.
3.2.3 Working in PROAST

PROAST v61.2 operating in the R statistical suite was used for the BMD analyses
presented in this chapter. The ‘MENU’ version of PROAST was used to navigate through the
data and variables selection process in the BMD analyses. Firstly, the .txt files were imported
into PROAST and analysed independently. The ‘continuous’ data type was selected from the
MENU option, and ‘concentration’ selected as the ‘independent variable’. Settings were
changed to analyse the clastogens separately from the aneugens. Upon being prompted to
select whether a ‘covariate’ is required, ‘compound’ was selected as the covariate.
Additionally, based on multiple trials of prior feasibility testing of compound covariate BMD
analysis, further subdivision of large groups of compounds was determined to be necessary
since PROAST cannot handle the analysis of large groups of compounds when the modelling
software is operating on a standard desktop computer. Since there were 24 clastogens for
analysis with micronuclei frequency data, and 30 clastogens for analysis with MultiFlow
biomarker data, further subdivision was necessary into 2 groups of clastogens for each assay.
Groups of 15 compounds for analysis was a feasible number based on the prior trials.
Therefore, the clastogens were subdivided into 2 groups in alphabetical order according to

the following summary:

e MultiFlow assay biomarker response data — Clastogens group A (clastogensa): aaf to
etp; Clastogens Group B (clastogensb): ful to top.
e MicroFlow assay micronuclei frequency data — Clastogens Group A (clastogena): adc

to gly; Clastogens Group B (clastogensb): hyd to top.

Since there was a manageable group of aneugens for each test system (n=14), no further
subdivision was deemed necessary and all aneugens were analysed together in the
‘compound covariate’ selection subgroup. Further successful navigation through the
PROAST MENU interface was based on in-depth knowledge of the BMD modelling

approach, and the steps are described in the following sections.

85



3.2.4 BMD Analysis

BMD analysis of the MultiFlow DNA damage response markers was performed
according to the appropriate biomarker to assess the a priori mode of action. (Bryce et al.,
2016; 2017; 2018) previously described that the clastogenic mode of action is best predicted
by increases in the MultiFlow assay’s YH2AX and p53 biomarker responses, whereas
increases in the MultiFlow assay’s phosphohistone-H3 (pH3) and p53 responses are
associated with an aneugenic mode of action. Therefore, the 24-hour YH2AX and p53
responses were analysed for clastogens, and the pH3 and p53 responses were analysed for

aneugens in the compound subgroups described in section 3.2.3.

The automatic selection of the maximal exponential model was selected from the
PROAST menu which defaulted to model 5. The exponential model 5 equation is presented
below for the analysis of all endpoints (24-hour YH2AX, p53, p-H3 and micronuclei percent).
As described in the Materials and Methods chapter of this thesis (Chapter 2.3), model 5
represents the 4-parameter model where the following information is considered: a) the
response within the controls; b) potency/efficacy of the compound on the shape of the
response; ¢) the maximum fold-change in the response; and d) the rate of change in the
response. A Hill model was not included in the analyses. The maximal exponential model
was selected based on it containing the greatest number of parameters for describing the dose
response. The choice to exclude a Hill model from the analyses was based on the work of
(Slob and Setzer, 2014) where it was demonstrated that the shape and steepness of dose-

response curves do not differ between the results of either exponential or Hill models.
Exponential Model 5: y = a [c —(c—1) exp (— %)d] witha >0,b > 0,c>0,d =1,

where y denotes the continuous endpoint, and the dose by x. Parameter a = the level of the
endpoint at dose 0; b = potency/efficacy of the test compound on the shape of the response; ¢
= maximum fold-change in response; and d = rate of change in the response constrained to

values equal to or larger than 1.
3.2.4.1 Critical Effect Size

Since BMD modelling had not previously been performed on MultiFlow biomarker
response data, there was obviously no prior experience of the critical effect size (CES) to

select to attempt to model the response data. On the other hand, one published example of
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BMD modelling of micronucleus frequency data had examined the impact of selecting
different CESs on the resulting BMD metrics. Bemis et al. (2016) had applied several CESs
to the in vitro MicroFlow micronucleus frequency data used in their analysis, with CESs of 5,
50, 100, 200, and 400%. The authors showed that the BMD confidence intervals are similar
when calculated using different CESs, and that the BMD confidence interval precision (ratio
between the BMDU/BMDL) hardly changes with differing CES values. For this reason, an
arbitrary CES value of 50% was originally selected for the BMD analyses of MicroFlow
micronuclei frequency data presented in this chapter. The same original CES of 50% was
applied consistently to the MultiFlow biomarker response datasets since for comparison
purposes. However, three clastogens (mitomycin ¢, 4-Nitroquinoline 1-oxide, and topotecan)
as a further covariate were iteratively re-analysed using a CES of 100% for their micronuclei
responses only based on poor performance with a CES of 50% (more detail in the results
section of this chapter). BMD model curves were formulated for each of the compound
covariate groups and for each level (compound) of the covariate for compound specific dose-

response scrutiny.
3.2.4.2 Confidence Interval Determination

The PROAST standard 90% confidence intervals were calculated for each level
(compound) of the covariate and save in an R data file. The confidence intervals were
automatically plotted by PROAST in a Log plot. Note that PROAST v61.2 standard output

did not organise each level of the covariate (compound) in order of potency rank order.
3.2.4.3 System Cross-Correlation

To perform system cross-correlations, the previously determined 90% confidence
intervals for each covariate of the MicroFlow and MultiFlow assay biomarker responses were
re-imported into PROAST and the ‘f.bigtable’ function was used to collate a tabulated format
for the confidence interval values. In doing so, irrelevant columns were removed from the file
by following the steps in the PROAST menu options. A .txt file was generated by PROAST
that contained the BMD confidence bounds and the relevant labels for each of the associated
factors that were originally present in the other columns of the dataset. The file was saved in
the working directory as a ‘bigtable’. A ‘bigtable’ was created for each endpoint’s BMD
analysis, i.e., the micronuclei percent, 24-hour YH2AX, p53 median fluorescence and p-H3

frequency data. Finally, a new working directory was created and the relevant ‘bigtable’ .txt
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files were copied into the new working directory and the ‘f.cor.table’ PROAST function was
used to begin the process of iteratively creating a BMD correlation plot. A ‘crosstable’ was
created, where the confidence intervals from both systems are present for each dataset
according to the chosen covariate. The ‘crosstable’ was used upon entering the ‘f.cor.plot’
command with 2 different endpoints of choice labelled on the x and y axes, respectively.
Since the goal was to correlate the confidence intervals from compounds assessed for
micronuclei frequency with relevant MultiFlow biomarkers, the following correlations were

created based on the compound mode of action under study:

e C(Clastogens: Micronucleus frequency versus YH2AX and p53 biomarkers

e Aneugens: Micronucleus frequency versus p-H3 and p53 biomarkers
3.3 Results
3.3.1 MultiFlow Assay Biomarker BMD Response Modelling

BMD modelling of the MultiFlow datasets was performed with compound as
covariate per endpoint combination as described in the materials and methods section of this
chapter. The results of the BMD modelling are presented in the next subsections of this

chapter, thus informing the responsiveness of the biomarker data to BMD modelling.
3.3.1.1 Clastogens

Clastogens were subdivided into two groups for covariate analysis as described in
section 3.2.3: Clastogens group A (clastogensa): aaf to etp; Clastogens Group B
(clastogensb): ful to top. Refer to Table 3.1. for the full list of compound abbreviations.
BMD model analysis outputs for the clastogen compounds are presented in the subsections

herein.
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3.3.1.1.1 yH2AX
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Figure 3.10. BMD modelling curves for the ‘clastogensa’ subgroup analysed with compound as the covariate level for yYH2AX dose-responses.
Double-log plot with concentration in Log10-uM on the x-axis and Log-10 YH2AX median fluorescence response on the y-axis. Coloured points
and curves correspond to the dose-response curve for each respective compound. Summary statistics are presented on the right hand side

including the model parameters (a,c,d). CES 0.5 (50%). CEDL and CEDU are synonymous with BMDL and BMDU. Exponential Model 5

returned dose-responses for all compound except for ‘aza’.
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Figure 3.11. PROAST generated individual dose-response curves for each level of the
‘clastogensa’ covariate YH2AX biomarker dose-responses. Double-log plot with
concentration in Log10 pM on the x-axis and the Log10 YH2AX median fluorescence
response on the y-axis. Further scrutiny of ‘aza’ dose response shows a weak dose-response

with a reduction of YH2AX response in the top 10 concentrations evaluated.
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Figure 3.12. BMD confidence intervals plotted for the ‘clastogensa’ covariate subgroup

YyH2AX biomarker dose-responses. All compounds returned upper and lower bound finite

log10- CED-0.5
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etp

confidence intervals except for ‘aza’ which did not calculate a confidence interval since there

was no dose-response for said compound. The bound confidence intervals spanned a

maximum distance of 1-Log unit.
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Figure 3.13. BMD modelling curves for the ‘clastogensb’ subgroup analysed with compound as the covariate level for yYH2AX biomarker dose-
responses. Double-log plot with concentration in Log10-uM on the x-axis and Log-10 YH2AX median fluorescence response on the y-axis.
Coloured points and curves correspond to the dose-response curve for each respective compound. Summary statistics are presented on the right

hand side including the model parameters (a,c,d). CES 0.5 (50%). CEDL and CEDU are synonymous with BMDL and BMDU. Exponential
Model 5 returned dose-responses for all compounds.
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Figure 3.14. PROAST generated individual dose-response curves for each level of the
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‘clastogensb’ covariate YH2AX biomarker dose-responses. Double-log plot with

concentration in Log10 pM on the x-axis and the Log10 YH2AX median fluorescence

response on the y-axis. Fitted dose-response curves for all compounds. The ‘ful’ and ‘men’

compounds exhibit a different dose-response curve shape compared to the other compounds.
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Figure 3.15. BMD confidence intervals plotted for the ‘clastogensb’ covariate subgroup
YyH2AX biomarker dose-responses. All compounds returned upper and lower bound finite
confidence intervals. The confidence intervals spanned a maximum distance of 1-Log unit
except for the ‘ful” and “‘men’ compounds whose confidence intervals spanned between

approximately 1.5- and 2.5-Log units, respectively.

94



3.3.1.1.2 p53
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Figure 3.16. BMD modelling curves for the ‘clastogensa’ subgroup analysed with compound as the covariate level for p53 biomarker dose-
responses. Double-log plot with concentration in Log10-uM on the x-axis and Log-10 p53 median fluorescence response on the y-axis. Coloured
points and curves correspond to the dose-response curve for each respective compound. Summary statistics are presented on the right hand side
including the model parameters (a,c,d). CES 0.5 (50%). CEDL and CEDU are synonymous with BMDL and BMDU. Exponential Model 5

returned dose-responses for all compounds. Notably, ‘aaf” and ‘cis’ retuned infinite CEDUs.
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Figure 3.17. PROAST generated individual dose-response curves for each level of the
‘clastogensa’ covariate pS3 biomarker dose-responses. Double-log plot with concentration in
Logl10 uM on the x-axis and the Log10 p53 median fluorescence response on the y-axis.
Fitted dose-response curves for all compounds. The ‘aaf” compound p53 responses did not
exhibit a dose-response curve with concentration-response scatter observed in the compound
specific plot. The ‘cis’ compound exhibited a different dose-response curve shape compared

to the other compounds.
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Figure 3.18. BMD confidence intervals plotted for the ‘clastogensa’ covariate subgroup p53
biomarker dose-responses. All compounds returned upper and lower bound finite confidence
intervals except for ‘aaf” and ‘cis” whose dose-response confidence intervals returned an
infinite upper bound evident with the dashed drawn confidence interval in the case of ‘cis’.
The bound confidence intervals spanned a maximum distance of 1-Log unit. There are some

very small precise BMD confidence intervals, notably ‘bls’, ‘ems’ and ‘enu’.
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Figure 3.19. BMD modelling curves for the ‘clastogensb’ subgroup analysed with compound as the covariate level for p53 biomarker dose-
responses. Double-log plot with concentration in Log10-uM on the x-axis and Log-10 p53 median fluorescence response on the y-axis. Coloured
points and curves correspond to the dose-response curve for each respective compound. Summary statistics are presented on the right hand side
including the model parameters (a,c,d). CES 0.5 (50%). CEDL and CEDU are synonymous with BMDL and BMDU. Exponential Model 5

returned dose-responses for all compounds. Notably, ‘ola’ retuned an infinite CEDU.
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Figure 3.20. PROAST generated individual dose-response curves for each level of the
‘clastogensb’ covariate p53 biomarker dose-responses. Double-log plot with concentration in
Logl10 uM on the x-axis and the Log10 p53 median fluorescence response on the y-axis.
Fitted dose-response curves for all compounds. The ‘nqo’ and ‘ola’ compounds p53
responses exhibited a scatter amongst the dose-response curves, particularly at higher

concentrations.
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Figure 3.21. BMD confidence intervals plotted for the ‘clastogensb’ covariate subgroup p53

biomarker dose-responses. All compounds returned upper and lower bound finite confidence

intervals except for ‘ola’ whose dose-response confidence interval returned an infinite upper

bound. The bound confidence intervals spanned a maximum distance of approximately 1.5-

Log unit. There are several small precise BMD confidence intervals.

3.3.1.2 Aneugens

No subdivision of the aneugen compounds was necessary as described in section

3.2.3. Refer to Table 3.1. for the full list of compound abbreviations. BMD model analysis

outputs for the aneugen compounds are presented in the subsections herein.
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3.3.1.2.1 p-H3
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Figure 3.22. BMD modelling curves for the ‘aneugen’ subgroup analysed with compound as the covariate level for p-H3 biomarker dose-
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responses. Double-log plot with concentration in Log10-uM on the x-axis and Log-10 p-H3 frequency response on the y-axis. Coloured points

and curves correspond to the dose-response curve for each respective compound. Summary statistics are presented on the right hand side
including the model parameters (a,c,d). CES 0.5 (50%). CEDL and CEDU are synonymous with BMDL and BMDU. Exponential Model 5

returned dose-responses for all compounds. Notably, ‘car’ retuned an infinite CEDU.
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Figure 3.23. PROAST generated individual dose-response curves for each level of the
‘aneugen’ covariate p-H3 biomarker dose-responses. Double-log plot with concentration in
Logl10 uM on the x-axis and the Log10 p-H3 frequency response on the y-axis. Fitted dose-
response curves for all compounds. The ‘car’ ‘des’ and ‘est’ compounds exhibited some

scatter.
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Figure 3.24. BMD confidence intervals plotted for the ‘aneugens’ covariate subgroup p-H3
biomarker dose-responses. All compounds returned upper and lower bound finite confidence
intervals except for ‘car’ whose dose-response confidence interval returned an infinite upper
bound evident with the dashed drawn confidence interval. The bound confidence intervals
spanned a maximum distance of approximately 1-Log unit except for ‘des’ whose confidence

interval spanned over 3-Log units. There are several small precise BMD confidence intervals.
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Figure 3.25. BMD modelling curves for the ‘aneugen’ subgroup analysed with compound as the covariate level for p53 biomarker dose-
responses. Double-log plot with concentration in Log10-puM on the x-axis and Log-10 p53 median fluorescence response on the y-axis. Coloured
points correspond to the dose-response curve for each respective compound. Summary statistics are presented on the right hand side including
the model parameters (a,c,d). CES 0.5 (50%). CEDL and CEDU are synonymous with BMDL and BMDU. Exponential Model 5 returned dose-

responses for all compounds. Notably, ‘des’ and ‘gli’ retuned infinite CEDUs.
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Figure 3.26. PROAST generated individual dose-response curves for each level of the
‘aneugen’ covariate p5S3 biomarker dose-responses. Double-log plot with concentration in
Logl0 uM on the x-axis and the Log10 p53 median fluorescence response on the y-axis.
Fitted dose-response curves for all compounds. The ‘des’ and ‘gli’ compounds exhibited

some scatter, with a weak dose-response visible in the ‘gli’ individual curve.
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Figure 3.27. BMD confidence intervals plotted for the ‘aneugens’ covariate subgroup p53
biomarker dose-responses. All compounds returned upper and lower bound finite confidence
intervals except for ‘des’ ‘gli’ whose dose-response confidence interval returned an infinite
upper bound evident with the dashed drawn confidence interval in the case of ‘des’. The
bound confidence intervals spanned a maximum distance of approximately 0.75-Log units.

There are several small precise BMD confidence intervals.

3.3.2 MicroFlow Assay Micronucleus Frequency BMD Response Modelling

With the goal of comparing potency metrics obtained from the MultiFlow biomarker
responses with the micronucleus endpoint, one needed to obtain similar dose-response
potency metrics from the micronucleus datasets. Thus, BMD modelling of the MicroFlow
datasets was performed with compound as covariate as described in the materials and
methods section of this chapter. The results of the BMD modelling are presented in the next

subsections of this chapter.
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3.3.2.1 Clastogens
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Figure 3.28. BMD modelling curves for the ‘clastogena’ subgroup analysed with compound as the covariate level for micronucleus percent
dose-responses. Double-log plot with concentration in Log10-uM on the x-axis and Log-10 micronucleus percent response on the y-axis.
Coloured points and curves and correspond to the dose-response curve for each respective compound. Summary statistics are presented on the
right hand side including the model parameters (a,c,d). CES 0.5 (50%). CEDL and CEDU are synonymous with BMDL and BMDU.

Exponential Model 5 returned dose-responses for all compounds. Notably, ‘cis’ retuned an infinite CEDU.
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Figure 3.29. PROAST generated individual dose-response curves for each level of the
‘clastogena’ covariate micronucleus biomarker dose-responses. Double-log plot with
concentration in Log10 pM on the x-axis and the Log10 micronucleus percent response on
the y-axis. Fitted dose-response curves for all compounds. The ‘cis’ compounds exhibited

some scatter with a weak dose-response visible.
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Figure 3.30. BMD confidence intervals plotted for the ‘clastogensa’ covariate subgroup
micronucleus percent response dose-responses. All compounds returned upper and lower
bound finite confidence intervals except for ‘cis’ whose dose-response confidence interval
returned an infinite upper bound evident with the dashed line drawn confidence interval. The
bound confidence intervals spanned a maximum distance of approximately 1-Log unit. There

are several small precise BMD confidence intervals.
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Figure 3.31. BMD modelling curves for the ‘clastogenb’ subgroup analysed with compound as the covariate level for micronucleus percent
dose-responses. Double-log plot with concentration in Log10-uM on the x-axis and Log-10 micronucleus percent response on the y-axis.
Coloured points and curves and correspond to the dose-response curve for each respective compound. Summary statistics are presented on the
right hand side including the model parameters (a,c,d). CES 0.5 (50%). CEDL and CEDU are synonymous with BMDL and BMDU.

Exponential Model 5 returned dose-responses for all compounds. Notably, ‘mel’ and ‘mtx’ retuned a CEDL value that was not distinguishable

from 0.
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Figure 3.32. PROAST generated individual dose-response curves for each level of the
‘clastogenb’ covariate micronucleus biomarker dose-responses. Double-log plot with

concentration in Log10 pM on the x-axis and the Log10 micronucleus percent response on

distinguishable from 0 and no evidence of a dose-response in these instances. The ‘mmc’,
‘nqo’, and ‘top’ compounds analysed with CES of 50% result in BMD metrics in the low

highly variable regions of the dose response curves, indicated with the red arrows.

the y-axis. Fitted dose-response curves for all compounds. The ‘mel’ and ‘mtx’ compounds

exhibited show a steep dashed line from intersect which corresponds to the CEDL not being

111



hyd

hyp

hyu

men

mms

ola

psu

thi

tmz

| | I I | !

05 00 0.5 1.0 15 2.0
log10- CED-0.5

Figure 3.33. BMD confidence intervals plotted for the ‘clastogensb’ covariate subgroup
micronucleus percent response dose-responses. All compounds returned upper and lower
bound finite confidence intervals. The bound confidence intervals spanned a maximum
distance of approximately 1.5-Log units. Note that ‘mel’ and ‘mtx’ are not included since
there was no evidence of a dose-response and hence no determinable BMD confidence

intervals.
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Figure 3.34. BMD modelling curves for the ‘mmc’, ‘nqo’, and ‘top’ concatenated subgroup analysed with compound as the covariate level for

micronucleus percent dose-responses. Double-log plot with concentration in Log10-uM on the x-axis and Log-10 micronucleus percent response

on the y-axis. Coloured points and curves and correspond to the dose-response curve for each respective compound. Summary statistics are

presented on the right hand side including the model parameters (a,c,d). CES was increased to 1.0 (100%) for this analysis with the aim to

improve BMD metric outcomes. CEDL and CEDU are synonymous with BMDL and BMDU. Exponential Model 5 returned dose-responses for

all compounds with calculable CEDLs and CEDU .
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Figure 3.35. BMD confidence intervals plotted for the ‘mmc’, ‘nqo’, and ‘top’ concatenated
subgroup micronucleus percent response dose-responses with a CES of 0.1 (100%). All
compounds returned upper and lower bound finite confidence intervals. The bound

confidence intervals spanned a maximum distance of approximately 0.5-Log units.
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3.3.2.2 Aneugens
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CEDL-=st  2.42%
CEDU-=st 7.351
CEDL-flu 0.0255
CEDU-flu 0.08108
CEDLgli 2.109
CEDUgli 6.288
CEDL-msb 0.1444
CEDU-meb 0.3235
CEDL-noc 0.008703
CEDU-noc 0.01737
CEDL-nozs 2.724
CEDU-noz  4.555
CEDL-pac 0.003375
CEDU-pac 0.006214
CEDL-vin 0.0004385
CEDU-vin 0.0008%04

Figure 3.36. BMD modelling curves for the aneugens subgroup analysed with compound as

the covariate level for micronucleus percent dose-responses. Double-log plot with

concentration in Log10-puM on the x-axis and Log-10 micronucleus percent response on the

y-axis. Coloured points and curves and correspond to the dose-response curve for each

respective compound. Summary statistics are presented on the right hand side including the

model parameters (a,c,d). CES 0.5 (50%). CEDL and CEDU are synonymous with BMDL

and BMDU. Exponential Model 5 returned dose-responses for all compounds with calculable

CEDLSs and CEDUs.

115



<,
i

amgqg est

v ] w w w
s s © s
o o o =
© © “© b = 1
2 7 =2 7 = o H
T T T
4 -2 0 2
«@ ] o g
g @ i
o o o
© © o
2 7 = ] S
col
w & ] i g
w w -
o o o
w5 o w
= 7 1 2 7 =2 7
T T T T T T T
4 -2 0 2
vin

w w o
w: “@ “@
o o o
w w w
= 7 o= S QI

T T T T

-4 -2 0 2

Figure 3.37. PROAST generated individual dose-response curves for each level of the
‘aneugen’ covariate micronucleus biomarker dose-responses. Double-log plot with
concentration in Log10 pM on the x-axis and the Log10 micronucleus percent response on
the y-axis. Fitted dose-response curves for all compounds. Clear dose-response for all

compounds.
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Figure 3.38. BMD confidence intervals plotted for the ‘aneugens’ covariate subgroup
micronucleus percent response dose-responses. All compounds returned upper and lower
bound finite confidence intervals. The bound confidence intervals spanned a maximum

distance of approximately 1-Log unit.

3.3.3 Compound MultiFlow Biomarker Response Potencies Correlated with in vitro

Micronucleus Response Potencies

Following the feasibility studies and determination that the MultiFlow biomarker
response datasets are amenable to BMD response-modelling, the BMD analysis results
presented in the next subsections of this chapter serve as the basis to determine whether
MultiFlow biomarker(s) could provide a reliable indication of a chemicals’ genotoxic

potency as measured by the in vitro micronucleus assay.
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3.3.3.1 Clastogens
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Figure 3.39. Cross-correlation plots for the tested clastogen BMD ClIs. The x and y axes represent Log10 concentration of compounds in pM.
CES of 50% for all BMD analyses. The dashed parallel lines were drawn to encompass most of the BMD Cls. The dashed square box default
PROAST output encompassing finite BMD CIs except outliers. Left Panel: in vitro MN versus YH2AX responses. Right Panel: in vitro MN
versus p53 responses. Compound ‘ola’ lies outside the general observed trend, with an unbound upper CI in the p53 endpoint. Compound ‘cis’
displays an unbound upper CI in the p53 endpoint. Abbreviation: BMD = Benchmark Dose, CI = Confidence Interval, MN = micronucleus.
Figure from Dertinger et al. (2019).
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Figure 3.40. Cross-correlation plots for the tested clastogen BMD Cls that were re-analysed with CES 100% in the in vitro micronucleus
endpoint, but remained constant at 50% in the YH2AX and p53 biomarkers. The x and y axes represent Log10 concentration of compounds in
uM. The dashed parallel lines were drawn to encompass most of the BMD ClIs. The dashed square box default PROAST output encompassing
finite BMD ClIs. Left Panel: in vitro MN versus YH2AX responses. Right Panel: in vitro MN versus p53 responses. BMD = Benchmark Dose, CI

= Confidence Interval, MN = micronucleus. Figure from Dertinger et al. (2019).
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3.3.3.2 Aneugens
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Figure 3.41. Cross-correlation plots for the tested aneugen BMD Cls. The x and y axes represent Log10 concentration of compounds in pM. The
dashed parallel lines were drawn to encompass most of the BMD Cls. The dashed square box default PROAST output encompassing finite BMD
Cls except outliers. Left Panel: in vitro MN versus p-H3 responses. Right Panel: in vitro MN versus p53 responses. The compounds ‘car’, ‘gli’,

and ‘des’ lie outside the general observed trends. Additional dashed lines with terminating circles were drawn on the right panel to show how the
Cl intersects from one axis can be used to predict the intersect with another axis with a margin of uncertainty. Abbreviation: BMD = Benchmark

Dose, CI = Confidence Interval, MN = micronucleus. Figure from Dertinger et al. (2019).
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3.4 Discussion

The aim of this present chapter is to determine the amenability of MultiFlow biomarker
dose-response information to BMD analysis, and to ultimately provide genotoxic potency
ranking of tested clastogens and aneugens compared with the gold-standard micronucleus
assay. To test this, several training set clastogens and aneugens MultiFlow biomarker and
micronucleus dose-response datasets were obtained and subjected to BMD dose-response

modelling and confidence interval determination and correlation.
3.4.1 Dose-Responses for the MultiFlow Biomarker and MicroFlow Responses
3.4.1.1 General Observed Trends and Outliers

Overall, most tested compounds returned reliable dose-response metrics when assessed
by the exponential BMD dose-response Model 5 used in these analyses. It was promising to
see fitted dose-response curves with minimum scatter for the majority of compound and
biomarker response combinations. Some outliers as already highlighted in the results sections

included the following:

e (lastogens
o YH2AX — ‘aza’ no dose-response; ‘ful’ and ‘men’ different dose-response
shape
o p53 - ‘aaf’, ‘cis’, and ‘ola’ infinite BMDUs; ‘nqo’ high degree of scatter
o Micronucleus — ‘cis’ infinite BMDU; ‘mmc’, ‘nqo’, and ‘top” CES50% BMDs
in the low dose region.
e Aneugens
o p-H3 — ‘car’ infinite BMDU; ‘des’ and ‘est’ with varying degrees scatter, with
des exhibiting the most. The ‘des’ confidence has the maximum width
compared to other confidence intervals.

o P53 —‘des’ and ‘gli’ infinite BMDU .
3.4.1.2 Unbound Confidence Intervals

With respect to the instances where an unbound BMDU is observed, this is indicative of
the model uncertainty which indicates that there may not be any reliable dose-response

information available for these compounds. Wills et al. (2016a) describes that in this respect,
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the fact that a lower BMD confidence bound can be calculated highlights the strength of the
BMD approach. Applying the same reasoning to the MultiFlow biomarker response results
provides conclusive information that a dose-related effect (above the CES of 50%) will most
likely occur at concentrations higher than the established BMDL. This information may
prove useful to the investigating laboratory that concentration selections could be refined to

improve the reliability of the dose-response model.
3.4.1.3 Differences Among the Individual Underlying Dose-Response Shapes

Some dose-responses that exhibited underlying dose-response patterns that fluctuated in
direction compared to others were highlighted as anomalies, specifically ‘ful’ and ‘men’ in
the clastogen YH2A X biomarker dose-response models as re-shown in the following Figure

3.42.
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Figure 3.42. PROAST generated individual BMD dose-response curves for ‘ful” and ‘men’
in the YH2AX biomarker dose-response models in which there was observed fluctuation in

the dose-response directions.

There are some plausible explanations for said fluctuation. The most likely explanation is
due to biological variability within the controls or test compounds fluorescence interference
which could have been resolved with repeat benchtop experiments. Another plausible
explanation is the phenomenon of biological hormesis, or J-shaped dose-response curves
depicting low dose stimulation and high dose inhibition. Hormesis is manifested in
toxicological endpoints such as glutathione-s-transferase (GST)-positive foci in hepatic

carcinogenesis (Fukushima et al., 2005), and as an adaptive response to chemical and
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physical mutagens (Calabrese and Blain, 2005). In a biological context, these low-dose
effects can be attributed to overcompensation which can restore the homeostatic balance
(Calabrese and Baldwin, 2001). Regardless of the cause of the observations in the ‘ful” and
‘men’ YH2AX biomarker dose-responses, this is an interesting observation but a further in-
depth discussion of biological hormesis is out of scope of the aims of this chapter, and there
is insufficient data to warrant further investigation into the effects observed in these results.
Specific to the aims of this results chapter, the BMD model still obtained BMD confidence
intervals for these two compounds (‘ful’ and ‘men’), however the confidence interval widths
spanned the maximum distances of 1.5- and 2.5-Log units, respectively, which is double the
distance observed from the other confidence intervals. The presence of wide confidence
intervals in these examples directly relates to the high level of uncertainty in the underlying

datasets.

The generation of PROAST individual dose-response curves for each level of the
covariate (compound) for each dose response model followed by individual scrutiny of the
dose-responses remains crucial in the interpretation of the BMD model outputs. Whilst it is a
labour intensive and iterative process, some may advocate for the development of automated
tools or macros to replicate the BMD model process. One cannot fully support this notion, as
can be highlighted by taking a closer look at the ‘nqo’ and ‘ola’ compound dose-response
curves for the p53 biomarker (reshown in Figure 3.43 below). The general trend of both
compounds is an increase in response as concentration increases until a decrease in response
from the 7" from last concentration in ‘nqo’ and 8 from last concentration in ‘ola’. When
referring to the original raw data, the same concentrations correspond to high levels of
treatment-related cytotoxicity (>70%). It is therefore imperative to include expert human
judgment in the dose-response analysis interpretation to account for events such as this, and
one contends that a fully automated model would miss these nuances. Whilst recalculation of
the BMD model was not performed in this proof-of-concept study, an investigating scientist
may wish to remove the uppermost concentrations that correspond to treatment-related
cytotoxicity to improve the reliability of the BMD model. This would be especially important
when using the data to define reference values for determining safety levels such as
acceptable intakes, which is out of scope of this thesis and in vitro genotoxicity data in

general.
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Figure 3.43. PROAST generated individual BMD dose-response curves for ‘nqo’ and ‘ola’
in the p53 biomarker dose-response models in which there were observed top dose treatment-

related cytotoxicity effects.
3.4.1.4 Confidence Interval Precision

On the topic of the comparison of confidence interval widths, it was promising to see
confidence intervals generally spanning in the 1 order of magnitude (1-Log) range. As
originally theorised by Slob and Setzer (2014) and later experimentally demonstrated by
Wills et al. (2016a), the ratio between the BMDU and BMDL relates directly to the precision
of the BMD estimate, with smaller BMDU to BMDL ratios being the more precise estimate.
There were many instances in the BMD dose-response outputs where very small confidence
intervals (<0.5Log) existed in comparison to some other confidence intervals, which accounts
for the high degree of precision in the BMD model of the compound dose-responses in those
instances. Some examples include the aneugen p53 dose-responses. Contrastingly, some very
wide confidence intervals were observed, for example the aneugen ‘des’ p-H3 BMD dose-
response confidence interval with a confidence interval of 3 orders of magnitude, which
coincides with the high degree of scatter observed in the individual dose-response curve for

the same compound.
3.4.1.5 Critical Effect Size Determination

A CES of 0.5 (50%) appeared to be appropriate for most of the compound and biomarker
response combinations analysed in this study. An in-depth assessment on the correct CES to
select for MultiFlow biomarker dose-response modelling was not a hypothesis in scope of

this results chapter; however, suffice to say that good quality dose-response metrics were
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obtained for most analyses with the goal of determining potency ranking metrics for the
tested compounds in the MultiFlow and MicroFlow endpoints. The findings are consistent
with the published literature where a CES 50% appears to be the preferred metric for the in
vitro micronucleus endpoint (Bemis et al., 2016, Zeller et al., 2016). However, it was deemed
necessary to re-analyse the clastogens (‘mmc’, ‘nqo’, and ‘top’) in the micronucleus endpoint
with a CES of 100%. As indicated in Figure 3.32, a BMD analysis with a CES of 50%
yielded BMD estimates that reside in the lower doses of the dose-response curve which are
associated with high levels of uncertainty. Endpoint specific critical effect sizes have been
reviewed in the literature (Zeller et al., 2016; Slob, 2017), with some advocates for
determining an appropriate CES based on the background and maximum response levels.
Zeller et al. (2016) highlights the level of uncertainty in the low dose region of the curve.
Other authors show that the choice of CES is unimportant when the scope and aim of BMD
modelling is to determine compound response confidence intervals for potency ranking
(Bemis et al., 2016). To this end, a CES of 100% was implemented for the dose-response
analysis of these compounds which yielded bound confidence intervals suitable for

comparative BMD potency analyses.
3.4.1.6 System Cross-Correlation

The BMD potency metrics served as a basis for determining whether MultiFlow
biomarker(s) could provide a reliable indication of chemicals’ genotoxic potency as measured
by the in vitro micronucleus assay. To this end, the BMD confidence interval cross-

correlation plots were formulated as presented in section 3.3.3.

As shown in Figure 3.39, Figure 3.40, and Figure 3.41, the BMDs in the MultiFlow
biomarker responses were plotted against the micronucleus response BMDs on a double-log
scale. As proposed by the developers of the cross-system correlation plots (Soeteman-
Hernandez et al., 2015; 2016), in opposition to representing correlation with a numerical
coefficient value, a simpler approach is to show a linear relationship with intercept zero
equalling a straight line in a double-log plot. Therefore, two lines with unity slope were
drawn on each correlation plot in such a manner that most of the BMD confidence intervals
were encompassed between the lines. The distribution of BMD positions within the two lines
shows approximate linearity, differing by a proportionality constant. Furthermore, the vertical

distance between the two lines translates into an uncertainty margin given by the estimation
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of a BMD on the y axis based on a specified BMD on the x axis, and vice versa. The

uncertainty margin is used as a measure of correlation between two endpoints.

For the aneugens, when comparing micronucleus induction to p53 responses, the cross-
system plots show good correlation, with most of the compounds located between the two
lines (Figure 3.41). Taking the microtubule binder nocodazole (‘noc’) as an example, the
horizontal dashed line intersections with the sloped dashed lines may be considered as the
respective upper and lower bounds of the uncertainty range for the in vitro MN endpoint. The
intercepts of approximately -3 and -1 on the Log scale correspond to lower and upper bounds
of 1073 =0.001 and 107" = 0.1 uM, respectively. Hence, the in vitro micronucleus BMD for
nocodazole is estimated to lie between 0.001 and 0.1 uM considering an uncertainty margin
of approximately 1-Log. In fact, the in vitro micronucleus potency for nocodazole in the
dataset represented in Figure 3.41 has both the BMDL and BMDU either side of -2-Log, and
hence within the estimated potency of -3- and -1-Log estimated from the p53 response. The
micronucleus vs. 24 hr p-H3 system plot also indicates the BMDs for most compounds in
both systems are proportionally related (Figure 3.41), however the two lines are drawn
further apart than the micronucleus vs. 24 hr p53 system (i.e., 2-Log vs. 1-Log). In both
cases, micronucleus vs. p53 and micronucleus vs. p-H3, the data are randomly scattered with

good correlation.

For the clastogens, good correlation is observed for micronucleus vs. YH2AX and
micronucleus vs. p53, with BMDs randomly scattered between the two diagonal lines of the
unity slopes, with distances of approximately 3- and 2-Log, respectively, for each system
(Figure 3.39). The in vitro micronucleus BMD100 CI for compounds ‘mmc’, ‘nqo’, and
‘top’, plotted against BMD50 YH2AX and p53 endpoints show similar correlation with BMD
ClIs lying within approximately 2-Log for both systems (Figure 3.40).

The correlations observed here are consistent with those of other genotoxicity endpoints
which have been compared using similar methodologies. Bemis et al. (2016) compared in
vitro micronucleus responses against in vivo micronucleus responses for a group of seven
clastogens. Similarly, Soeteman-Hernandez et al. (2015) assessed the ability to predict in vivo
micronucleus potency from in vitro micronucleus data. BMD confidence intervals spanned
two orders of magnitude, with in vivo BMD confidence intervals generally showing smaller

than those from in vitro studies.
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3.5 Concluding Remarks: Quantitative Dose-Response Modelling of MultiFlow

Biomarker Responses

The applicability of the BMD approach to the MultiFlow biomarker responses has been
demonstrated in this results chapter. In fact, during the time of these research efforts, this was
the first instance of applying BMD quantitative dose-response modelling to the MultiFlow

biomarker responses.

The strong correlation of MultiFlow biomarkers to bona fide genomic damage in the form
of micronuclei demonstrates the relevance of the MultiFlow biomarkers to detect genetic
damage from cellular exposure to small molecules. Furthermore, the correlations suggest that
potency determinations based on MultiFlow endpoints, at least on a rank-order basis, are
likely comparable to those derived from the micronucleus assay. This bolsters the use case
whereby the constellation of MultiFlow assay biomarkers serves as a reliable genotoxicity
screening tool that is predictive of in vitro micronuclei formation, with the benefit of
providing more mechanistic information. Finally, dose-response analyses of novel
biomarkers such as those in the MultiFlow assay are worth pursuing further because they
reflect the paradigm shift that has been transitioning genotoxicity away from a simple binary
yes/no characteristic to a quantitative metric that has the potential to better inform risk
assessments as margin of exposure and other toxicological principles can be considered
(Pottenger and Gollapudi, 2010; Johnson et al., 2014b; Macgregor et al., 2015; Dearfield et
al., 2017).

In the context of a practical industrial use case, the MultiFlow biomarker to in vitro
micronucleus correlations presented in this chapter could have enormous value in a high-
throughput screening laboratory. For example, a pharmaceutical company that has a program
to develop a blockbuster drug with upwards of 1,000 candidate compounds to screen would
have to determine genotoxic risk from exposure to the selected compound(s). The company
would be bound to performing regulatory genotoxicity studies to meet the requirements of the
ICH S2 (ICH, 2008) guideline which would include a bacterial reverse mutation assay, and
an in vitro mammalian test for chromosome damage which could optionally be an in vitro
micronucleus assay. With the aim of reducing the high risk of failure and reducing the time
and cost investment of performing the in vitro micronucleus assay on high-potency

compounds that might never reach the clinic, a laboratory could perform MultiFlow
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screening of all candidate compounds and only select low-potency low-risk compounds to

subject to GLP assay testing for regulatory submission purposes.

Additionally, the findings from this chapter led to further research questions on the broad
topic of “what other uses do MultiFlow biomarker BMD metrics serve beyond quantitative
compound potency ranking?”. There was the strong belief that the MultiFlow assay could be
used beyond the hazard-identification paradigm that it was designed to serve by broad mode
of action classification and engaged discussions with the researchers at Litron influenced
their support for further collaboration to explore BMD analysis in more use cases. Extra
collaboration was pursued on a case-study level basis including evaluating the statistical
robustness of BMD confidence interval comparison in a S9 dependent manner presented in
the next chapter (Chapter 4), and by assessing the genotoxic response of the Topoisomerase
II specific class of compounds presented in Chapter 5. Lessons learned from the data analyses
presented in this results chapter were applied when testing future hypotheses. Extra care was
taken during interpretation of dose-responses relative to hormesis and/or toxic doses

responses at high concentrations.
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Chapter 4. Comparative Potency Analysis. A Critical
Reanalysis of Quantitative in vitro Genotoxicity Potency

Comparison Data.

4.1 Introduction

As demonstrated in the previous results chapter, it was tremendously encouraging to be
able to view the Litron MultiFlow biomarker response data in a quantitative potency sense as
opposed to the assay developer’s originally intended data analysis fold-increase metrics that
dichotomises genotoxic hazard. The use of BMD confidence intervals permitted the
genotoxic potency ranking of the MultiFlow biomarker response datasets for a set of training
set clastogens and aneugens. The chapter also highlighted some caveats of the use of the
BMD approach, including the accurate interpretation of the BMD metrics such as the BMDL
and BMDU values. This results chapter includes an in-depth review of the accurate use of
BMD confidence intervals associated with the BMDL/BMDU ratio when using the metrics
for performing comparative potency analyses across subgroups included in the analysis®. This
discussion is warranted since it became apparent during this research project that some
disagreement exists on which BMD metrics should be used to perform comparative potency
analysis. This results chapter highlights a published case example and presents a re-analysis
of the same dataset to inform a more statistically robust approach to performing comparative
BMD potency analyses. The more statistically robust method includes the development and
use of a simple novel algorithm for comparing potencies between conditions using the entire

confidence interval.
4.1.1 BMD Metrics

As briefly described in the introduction chapter of this thesis, the key concept of the
BMD approach includes the estimation of the BMD value based on a biologically relevant
response effect size using computational algorithms that permit the fitting of a response curve

using a family of nested exponential (Slob, 2002) or hill models (EFSA, 2017). Inevitable

5 The data presented in this results chapter was published in “The Use of Benchmark Dose Uncertainty
Measurements for Robust Comparative Potency Analyses” (Wheeldon et al., 2021) and some passages in this
chapter have been quoted verbatim from the same article. A copy of the research article is available in Appendix
2. The same research article won best paper published in the Environmental and Molecular Mutagenesis journal
by a student researcher for the year 2021.
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existing uncertainty in experimental datasets can be considered by calculating a confidence
interval for the BMD. The range delineated between the upper (BMDU) and lower (BMDL)
confidence bounds is associated with the BMD confidence uncertainty measurements and can
be interpreted as the precision of the estimated BMD. Figure 4.1 illustrates the BMD

confidence interval concept.

Experimental Data Model Interpolation
A Mean response _/ Best fitting curve
! Uncertainty in mean | |-~ 7 Plausible dose-response descriptions
: response - Confidence interval determination

Response

BMR - pre-specified change in mean response
relative to control mean response e.g. 10%
greater than control

; |

:
[ __Bmiy
0 \ J Dose

UNCERTAINTY sur!ounding the true
BMD: e.g. in the dose that causes a
response 10% greater than negative
control

Figure 4.1. An illustrative example of the key concepts involved in the BMD analysis of
dose-response data. Based on the predefined benchmark response (BMR, or Critical Effect
Size CES in PROAST language), the BMD is estimated by the interpolation from the fitted
dose-response curve. The calculated confidence intervals for the BMD consider the
uncertainty in the underlying data. The dashed red curves are based on the parameters in the
BMD model, and together they make up the confidence interval for the BMD. As an

illustrative example, the black horizontal line that intersects the range of red dashed curves
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results in the BMDL and BMDU, the lower and upper 90% confidence bounds of the BMD
estimate, respectively, with the width of the confidence interval representing the precision of

the measurements. Figure adapted from Wills et al. (2016a).

The definition of the BMD as the ‘potency’ estimate, and the BMDL to BMDU ratio as
the likely potency range as defined by Wills et al. (2016a) shall be considered the central

argument in this chapter.
4.1.2 Why use a BMD Confidence Interval?

As previously stated, BMD confidence intervals convey the underlying uncertainty in the
dataset. The lower bound of the BMD 90% (or 95%) confidence interval (BMDL) derived
from in-vivo toxicity studies has implications in reference dose-setting for human safety-
based guidance values (EFSA, 2017; White et al., 2020). As a conservative approach, the
BMDL is used as the dose-response curve PoD. Contrastingly, in vitro data remains restricted
to potency ranking and mode of action determinations due to the limited toxicokinetic
influence from the in vitro methods (Wills et al., 2016a). In scope of this thesis, and in vitro
data in general, the use of BMD confidence intervals is equally as important as regarded in
human exposure safety assessment. Studies have demonstrated that the precision of the BMD
confidence interval directly influences the interpretation of the result, with large

BMDU/BMDL ratios being generally unusable (Slob and Setzer, 2014).

In the vast number of cases, bound confidence intervals yield reliable estimates of the
BMD, however unbound upper confidence limits indicate that there is no reliable dose-
response upon which one can infer conclusions (Slob and Setzer, 2014; Wills et al., 2016a).
One should therefore consider it naturally imperative to account for the precision of the BMD
confidence interval when drawing inferences from BMD dose-response datasets. This is
especially important when applying the ‘combined covariate’ BMD modelling approach with
a shared covariate within or across and endpoint, since the outcome of the analysis is usually
used to compare potencies across the covariate levels that were analysed. This can be
illustrated by referring to the BMD confidence intervals obtained by Wills et al. (2016a) from
the BMD analysis of select aneugens micronucleus frequency data that was already presented
in the introduction chapter (Figure 1.10). 3 compounds yielded unbound BMDUs and hence
it would be inappropriate to determine the potency of said compounds relative to the other

compounds with bound BMD confidence intervals plotted in the same graph.
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Moreover, Wills et al. (2016a) outlined a crucial point that due to uncertainty in the
underlying dataset, the BMD confidence interval represents the range in which the true BMD
point estimate lies. Wills et al. (2016a) continues to explain how alleged potency differences
are only statistically defendable when the confidence intervals do not overlap, and hence this
bolsters the argument that looking solely at BMD values would be a poor practice when

making inferences from BMD modelling results.
4.1.3 BMD Confidence Intervals in Comparative Potency Analyses

The BMD ‘combined covariate’ approach has been used in several research publications
to compare potencies among subgroups since being introduced by Slob and Setzer (2014).
Plotting confidence intervals ordered by the geometric mean (midpoint) is a visually intuitive
way to compare BMDs and assess differences in potency across the subgroups of the analysis
(Wills et al., 2016a). Most published studies that draw conclusions on potency differences do
so by visually comparing the position of the confidence intervals in comparison with another.
For example, Allemang et al. (2018) performed BMD analyses to evaluate the relative
genotoxic potency of 15 pyrrolizidine alkaloids via in vitro micronuclei formation in
HepaRG cells. The authors were able to show 4 distinct separate potency groupings of the
pyrrolizidine alkaloid chemicals tested (Figure 4.2) and was a valuable addition to the
scientific literature demonstrating quantitative genotoxic potency interpretation of the

pyrrolizidine alkaloids class of compounds.
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Figure 4.2. Plotted confidence intervals for the BMD analysis of 15 pyrrolizidine alkaloids
studied in the in vitro micronucleus assay. 4 distinct potency groupings are visible being
lasiocarpine as the most potent, a subsequent lower potent group of compounds (riddelliine to
echimidine), subsequently europine, and the final 8 compounds forming the lowest potency

group. Figure adapted from Allemang et al. (2018).

BMD comparative potency analysis extends further than testing the potency comparison
of compounds within the same endpoint. The comparison of potency of a compound between
different test systems can also be an interesting hypothesis, for example the comparative
potency analysis of how a genotoxic compound performs in different in vitro cell lines or
under different in vivo treatment duration regimens. Seo et al. (2019) were interested in how
DNA damage is expressed between two different metabolically competent HepG2 and
HepaRG in vitro liver cell lines. The BMD confidence intervals for 4 carcinogens were
plotted in the Log scale (Figure 4.3) and the resulting plots were used to compare the
resulting genotoxic potency compared between the two cell lines for the 4 compounds that
were tested. Comparative potency analysis based on the BMD confidence intervals plots
revealed that generally both the HepaRG and HepG2 cell lines are equally sensitive at
detecting genotoxic responses for the tested compounds. This was inferred since the BMD

confidence intervals largely overlap.

133



4NCO — B[a]P —
BMD10D- BMD1004 —
———t ——l
BMD50A BMDS0 r—
——{ Pr—
BMD104 BD10
———{ r-,-—
—_— = —=paRli — ®  HepaRG
BMDS5 s HepG2 BMD3 s HepG?
A N N o N N N N N N N N
Q'Q 9 \Q Q9° QQ Q- N \5 '\@
ENU — T
BMD100- — BIMD100- —
[ — e —
EMDS0- . BMD
el | ————
BMD10- BMD104 -
—— = Hepakl — »  HenaRG
BNDS _— 4 lepi? BIMD3 — a2  Hep32
A N N Q o o o N Q ?
& w A " ®

BMD and Its confidence Intervals

Figure 4.3. BMD confidence interval plots of the 4 genotoxic carcinogens 4NQO (4-
Nitroquinoline 1-oxide), B[a]P (Benzo[a]Pyrene), ENU (N-ethyl-N-nitrosourea), and MMS
(methyl methanesulfonate) exposed to two different in vitro liver cell lines (HepaRG and
HepG2) and evaluated for DNA damage via the comet assay. Plot shows how the measured
genotoxic BMD potency measurements are comparable with overlapping BMD confidence
intervals in the different in vitro liver cell lines. Interestingly, the authors chose to identify
BMD point estimates with triangular or square points on the confidence interval plots. Figure

adapted from Seo et al. (2019).

Other authors used the BMD confidence interval plots from the combined covariate
approach to assess reproducibility from an interlaboratory validation study of the in vivo Pig-
a assay (Johnson et al., 2016). Quantitative dose-response data from 13 different Japanese
was procured where rats were exposed to N-nitroso-N-ethylurea (ENU) under the same
conditions. Red blood cell (RBC) and reticulocyte (RET) mutant frequency data was
subjected to BMD dose-response modelling. In this example, laboratory was selected as the
covariate in the BMD model. BMD confidence intervals were plotted on a Log scale and
scrutinized for overlap or non-overlap. The confidence interval plot is shown in Figure 4.4
and the authors concluded that the overlap of confidence intervals can be interpreted as

“equipotency” which demonstrates a reasonable level of interlaboratory reproducibility.
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Figure 4.4. BMD confidence intervals of dose-responses from rats exposed to ENU and
sampled at the week-4 period and analysed for RET mutant frequency. The laboratory was
selected as the covariate in the BMD analysis. The lab code is shown on the right-hand side
of each plot corresponding to the confidence interval. Exponential and Hill models were used
in the analysis and plotted concomitantly. Overlapping confidence intervals were interpreted
as equipotent demonstrating laboratory reproducibility. Figure taken directly from Johnson et

al. (2016).

Another important question is which organ and/or tissue is the most sensitive to
analyse to assess the effects of a genotoxic compound following exposure in an in vivo
model. Specifically, this question must be answered when evaluating tissues from a 2-year or
transgenic rodent carcinogenicity study for regulatory submission purposes in compliance
with the ICH S1B guideline (ICH, 1998). To this end, Wills et al. (2016b) performed
combined covariate BMD analysis with a tissue-specific covariate from 28-day repeat dose
benzo[a]pyrene oral exposure in vivo MutaMouse studies. BMD confidence intervals for
MutaMouse LacZ mutant frequencies for each tissue-specific level of the covariate were
plotted on a Log scale in order of decreasing potency (Figure 4.5). The order of potency can
be interpreted as the tissue-specific sensitivity to exposure from the genotoxic
benzo[a]pyrene. The rank order from greatest to lowest for tissue-sensitivity was small

intestine > bone marrow > glandular stomach or lung > liver.

135



BMD Confidence Intervals:
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Figure 4.5. BMD confidence intervals of dose-responses from 28-day repeat dose
benzo[a]pyrene oral exposure in vivo MutaMouse studies analysed for LacZ mutant
frequencies. Tissue type served as the covariate in the BMD analysis. BMD confidence
intervals were plotted for the exponential and Hill fitted dose-response models and
decreasing orders of potency was interpreted as decreasing tissue-specific sensitivity to
exposure to the test compound. Abbreviations: SI = small intestine; BM = bone marrow; GS

= glandular stomach; Lg = lung; Lv = liver. Figure taken directly from Wills et al. (2016b).

In the 4 studies just summarised, potency comparisons were performed by visually
comparing the relative positions of the confidence intervals. A benefit of performing
combined covariate BMD analysis is that the precision of the BMD improves thus increasing
the likelihood of having distinctly separate BMD confidence intervals that can been used to
draw conclusions on statistically significant differences in compound potency (Slob and
Setzer, 2014; Wills et al., 2016a). This is generally sufficient to make conclusions such as
compound potency rank order within an endpoint, interlaboratory variability, or the cell- or
tissue-specific sensitivity to a genotoxic compound. However, some recent publications have
aimed to derive numerical values from the BMD comparative potency analyses. It is
hypothesised that a numerical value adds an extra element of quantitative meaning to the

result of the comparative potency analysis. The recent published examples are highlighted in
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the next subsections of this chapter, along with the associated issues pertaining to the

interpretation of the approaches.

4.1.4 Instances where BMD Confidence Intervals Have Not Been Used in BMD Potency

Comparative Analysis

In contradiction to the previously referenced pivotal studies where potency comparisons
were made by visually comparing BMD confidence intervals, other studies have used the
BMD metrics values (BMD, BMDL and BMDU) to make potency comparisons. One
example highlighted in this section includes using the BMD-BMD ratio to make comparative
potency decisions without considering the uncertainty associated with the BMD

measurements.

4.1.4.1 Quantitative Comparisons of In Vitro Genotoxicity Potential of Lipophilic

Phycotoxins

Le Hegarat et al. (2020) were interested in the comparative potency of the
phycotoxins okadaic acid (OA) and dinophysistoxins 1 and 2 (DTX-1 and 2) with respect to
DNA damage responses including YH2AX and phosphohistone-H3 (p-H3) in proliferative in
vitro liver HepaRG cells. Briefly, the experimental method included exposing multiple
concentrations of the test compounds to in vitro cultures of HepaRG cells for 24-hours and
sampling the cells followed by a sequence of washing, tagging of fluorescent antibodies, and
plating for evaluation by cellular imaging and high content analysis for the yYH2AX and p-H3
biomarkers. Data analysis included BMD modelling of the YH2AX and p-H3 biomarker dose-
responses to compare the genotoxic potencies. The researchers concluded that DTX-1 was
the most potent compound based on the compound having the lowest BMD value. Taking a
closer look at the results in the research article shows that DTX-1 and DTX-2 have
overlapping BMDLs. As stated by Wills et al. (2016a), the BMD confidence interval
represents the range in which the true BMD can lie, and hence the drawing a conclusion
based on a BMD point estimate disregards the level of uncertainty related by the BMD
confidence intervals. Another issue with the results presented in the article is that the BMDU
values were not reported so it is not conclusive whether bound or unbound confidence

intervals were obtained.
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4.1.4.2 BMD Ratios to Determine Study Duration Adjustment Factors

Other researchers have also disregarded the BMD measures of uncertainty by using
the BMD ratio in comparative analysis. White et al. (2020) used different published dose-
response datasets for the peripheral blood Pig-a gene mutation assay from rats treated with
aristolochic acid (AA) or methyl methanesulfonate (MMS) for 3 and 28-days. BMD
modelling was performed to compare the BMD ratio of Pig-a bed blood cell (RBC) mutant
frequency from the 3-day and 28-day treatment regimens. Comparing BMD point estimate
ratios across the 2 treatment regimens yielded BMD ratios (in the original scale) of 11.7 for

aristolochic acid exposure, and 5.2 for MMS exposure (Figure 4.6).

28 day repeat 28 day repeat
dose dose
3 day repeat 3 day repeat
dose dose
BMD,,, Ratio = 7.7/0.66 = 11.7 BMD,, Ratio = 23.8/4.6 = 5.2
T T T T T T T T T T T
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Figure 4.6. BMD Confidence Intervals from Pig-a bed blood cell (RBC) mutant frequency
from the 3-day and 28-day treatment regimens of aristolochic acid (AA) or methyl
methanesulfonate (MMS). Figure adapted from White et al. (2020).

The context of the comparative analysis was to assess whether study duration
adjustment factors (AFs) in the range of 6-10 (recommended by regulatory guidance) are
appropriate for determining health-based guidance values when applied to PoDs derived from
nonclinical studies where the treatment duration is less than chronic. Comparison of the

BMD ratio suggests that a conservative AF value of 10 is appropriate; however, the use of the
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BMD point estimate disregards the uncertainty (potency range) of the dose-response. The
true potency range would be expressed as the comparison between the 28-day BMDU and 3-
day BMDL, to the 28-day BMDL and 3-day BMDU. This represents the minimum and
maximum difference in potency between the 2 test conditions. Therefore, for aristolochic
acid exposure, the potency ratio between 28-days and 3-days exposure is 6.74 to 20.64
mg/kg/day. Similarly, for MMS exposure, the potency ratio between 28-days and 3-days
exposure is 2.31 to 11.83 mg/kg/day. One now ponders whether an AF >10 would be more
appropriate in these instances given the upper range of uncertainty in the BMD metrics from
this comparative analysis? The issues concerning AF derivation is beyond the scope of this

work and the reader is encouraged to refer to the original article by White at al. (2020).

4.1.4.3 Published MultiFlow Data Comparing S9 Concentration Impact on Genotoxic
Potency

Tian et al. (2020) published their findings on the use of a low concentration rat liver
S9 enzyme/cofactor mix and how it influences the outcome of compound genotoxic potencies
when evaluated using the MultiFlow assay. MultiFlow assay results have been extensively
published for the p53-proficient TK6 human lymphoblastoid cell line. These cells cannot
reliably detect pro-genotoxicants without a source of exogenous metabolic activation. The
conventional approach for overcoming this limitation is to test compounds in the presence
and absence of rat liver microsomes (known as the S9 fraction) with required cofactors
(Ames et al., 1973). Tian and colleagues (2020) recently presented several problem
statements associated with the use of rat liver S9. Supply continuity of Aroclor-induced rat
liver S9 provides a challenge, where users will have to transition to an alternate induction
scheme, for example phenobarbital/B-napthoflavone. High concentration S9 (2-4% v/v final)
is inherently cytotoxic, and most assay protocols call for a washing step to remove test
chemical and S9 enzymes after a relatively short exposure period (generally 3-4 hours). This
is suboptimal to high-throughput systems since the step is not easily automated. Moreover,
centrifugation and aspiration can potentially impact cell health and numbers which may be

incorrectly attributed to test compound toxicity as opposed to the impact of processing.

Tian et al. (2020), investigated the use of phenobarbital/B-napthoflavone-induced rat
liver S9 at maximal non-cytotoxic concentration (0.25% v/v final) in the MultiFlow assay.
The laboratory was able to maintain the S9 enzyme/co-factor mix with cells and test

compound for the entire exposure period of 24-hour in the TK6-based assay. The
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investigators focused on 15 chemicals: 8 of which are clastogens that are known to require
metabolic activation to maximize formation of DNA-reactive metabolites; 5 are
cytotoxicants; and 2 are direct acting clastogens that do not require metabolic activation. In
addition to determining compound mode of action using biomarker responses, the authors
applied the BMD approach with the aim of calculating a numerical ‘S9 potentiation ratio’
value, which served as a comparison metric obtained by division of the BMD value in the
absence of S9 by the BMD value in the presence of S9. The authors presented the ‘S9

potentiation ratio’ values in a table alongside the compound and S9 concentration condition.
4.1.5 A Hypothesis Developed from the Tian et al. (2020) Publication

The primary shortcoming highlighted in the ‘S9 potentiation ratio’ technique
proposed by Tian et al. (2020) is that comparing BMD point estimates ignores the associated
uncertainty related to the BMD estimation. Using the same logic highlighted by Wills and
colleagues (2016), it is irreconcilable to rely upon a BMD point estimate to robustly compare
potencies, since the associated BMD confidence interval represents the range in which the

true BMD lies.

Whilst reflecting on this primary hypothesis, the authors of the Tian et al. (2020)
manuscript at Litron laboratories were consulted for a discussion on the merit for further
analysis of the same dataset. Whilst the authors initially acknowledged much of the same
shortcoming related to the BMD point estimate relative to the uncertainty reported in the
BMD confidence intervals, the authors were insistent that a numerical value is a practically
favourable approach to easily inform the potency differences of a compound tested in the
MultiFlow system under different S9 concentration conditions. Whilst the scientific literature
advocates that graphical representation of BMD confidence intervals is the simplest method
to interpret potency differences between covariates (Slob and Setzer, 2014; Wills et al.,
2016a; Wills et al., 2016b; Wills et al., 2017; White et al., 2020), a common ground was
reached and a further hypothesis developed which questioned whether it was possible to
determine a more statistically robust value compared to the ‘S9 potentiation ratio’ proposed

by Tian et al. (2020).

Primarily, it was stressed that the use of a BMD point estimate value does not provide
an accurate representation of the likely potency range of the test compound. Said another

way, the BMD point estimates and associated ’S9 potentiation ratio’ comparison metrics did

140



not convey information about the uncertainty of the measurements that are consistent with the

BMD uncertainty measurement approach that is advocated in the scientific literature.

This chapter focuses on the reanalysis and augmentation of the published Tian et al.
(2020) dataset. Specifically, the BMD uncertainty measurements that relate to the relative
genotoxic potency of the 10 clastogenic compounds are conveyed in detail. To this end, an
‘S9 potency ratio CIs’ is calculated using the BMD uncertainty measurements (BMDL and
BMDU) between S9 exposure conditions (the presence and absence of S9) based on a novel
developed algorithm, and said ratios were utilised to derive robust potency conclusions as a

follow up to the Tian et al. (2020) work.
4.2 Materials and Methods

The following flow chart (Figure 4.7) summarises the methodology steps that were
followed to arrive at the results presented in this chapter. Each subsection of this materials

and methods chapter provides detail on steps 2 to 7 from the flow chart.
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1: Consultation with Litron
for Hypothesis Development

2: In Vitro Genotoxicity
Dataset Database Curation

3: Combined Covariate BMD
Analyses

4: Confidence Interval
Determination and Plotting

5: BMD Metrics Plotting
Radar Plots and Potency Plots

6: ‘S9 potency ratio Cls’
Algorithm Development

7: Unsupervised Clustering

Figure 4.7. Materials and Methods Flow Chart
4.2.1 In Vitro Genotoxicity Dataset

The data were derived from a previously published article in which 15 compounds
were studied using the in vitro MultiFlow DNA Damage Assay in the presence and absence
of low dose (0.25% v/v) S9 (Tian et al. 2020) and provided by Litron Laboratories in Excel
format. As previously mentioned, the Tian et al. (2020) data included 8 direct acting
clastogens that require metabolic activation, 5 cytotoxicants and 2 direct acting clastogens
that do not require metabolic activation. In this reanalysis the focus was on the 10 clastogens
since this is where Tian et al. (2020) suggested the greatest differences in potency between
S9 exist. The raw data were provided by Litron Laboratories and included 4- and 24-hour

p53, YH2AX, and 24 hour RNC responses for the 10 clastogens: 2-acetylaminofluorene, 2-
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aminoanthracene, 7,12-dimethylbenzanthracene, benzo[a]pyrene, cyclophosphamide,
dibenzo[a,l]pyrene (also known as dibenzo[def,p]chrysene), diethylnitrosamine, mitomycin
C, 2-amino-1-methyl-6-phenylimidazo[4,5-b]pyridine (PhIP), and resorcinol. The identity of

the 10 clastogen compounds is provided in Table 4.1.

Table 4.1. Clastogen Compounds with MultiFlow Dose-Response Datasets with and
without Low Concentration S9 (0.25% v/v)

Compound CAS No.
2-Acetylaminofluorene 53-96-3
2-Aminoanthracene 613-13-8
7,12-Dimethylbenzanthracene 57-97-6
Benzo[a]pyrene 50-32-8
Cyclophosphamide monohydrate 6055-19-2
Dibenzol[a,l]pyrene 191-30-0
Diethylnitrosamine 55-18-5
Mitomycin C 50-07-7
2-amino-1-methyl-6-phenylimidazo [4,5-b]pyridine (PhIP) 105650-23-5
Resorcinol 108-46-3

Biomarker responses included YH2AX and p53 since these biomarkers have been
demonstrated responsive for the clastogenic mode of action in the MultiFlow assay (Bryce et
al., 2016; Bryce et al., 2018), thus excluding the p-H3 biomarker from analysis. Moreover,
the same biomarker dose-response dataset was included in the original Tian et al. (2020)

publication.
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4.2.2 Database Curation

The PROAST software requires data to be formatted for analysis including the following

specific strict rules:

e All decimal points in point format not comma format

e Empty cells are not allowed

e Spaces between text or units are not allowed

e The raw data takes the format of the data matrix. In this case, the data matrix was the

compound names, concentration values, a priori mode of action information, median

fluorescence, median relative frequency, or percent values.

e FEach column must have a header which describes the data in the data matrix

e Four rows must exist above the data matrix and complete according to the following

rules:

O

First line: a one-word title that describes the data. In this case the MicroFlow
data had the heading “metabolism”.

Second line: the number of columns in the data matrix

Third line: includes a numerical code for the data type in the column (see
below)

Fourth line: a one-word title for the column. The column title choices for the

MultiFlow dataset are presented in Table 4.2.

e Data types (third line)

O

O

0 — for all columns not representing a response variable

1 — continuous data. In our case, all MultiFlow biomarker response variables
(YH2AX, p53).

2 — binary data (e.g., yes/no response in individual animals)

3 — ordinal data (e.g., histopathology scores of severity)

4 — quantal data (e.g., number of responding animals per number of animals in
the group)

5 — continuous data that are nested (e.g., fetal weights within litters)

6 — quantal data that are nested (e.g., number of fetuses affected within litters)

10 — mean (continuous) response in a dose group
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Data types 2 to 10 are out of scope of the MultiFlow assay result variables. Hence the

third line for the MultiFlow databases all included either a value of O or 1.

Only the pertinent biomarker response raw data was provided by Litron Laboratories
including median fluorescence raw data for the YH2AX and p53 biomarker responses at both
the 4-hour and 24-hour timepoints, the percent RNC frequency data at both the 4-hour and
24-hour timepoints, chemical name, concentration (uM), and S9 condition [with or without
low concentration S9 (0.25% v/v)]. Table 4.2 summarises the final selected database
columns, rows, and headers formats for the MultiFlow dataset. Once the Excel database was
formatted according to the strict rules prescribed by PROAST, the Excel sheet was

transformed into tab delimited file (.txt) and stored in a working repository.

Tian et al. (2020) performed BMD analysis on individual compounds with the S9
exposure (with or without [+/-] 0.25% v/v S9) condition serving as the covariate. Hence,
individual dose-response curves on a compound basis already existed for this dataset. Here,
the individual dose-response curves were scrutinized so that compounds and/or endpoints
with little to no evidence of a dose-response could be disqualified from reanalysis. Hence, the
following compound/biomarker combinations were excluded from reanalysis: 4-hour p53
dose responses for diethylnitrosamine; 24-hour p53 dose-responses for diethylnitrosamine;

and 24-hour YH2AX dose responses for 7,12-dimethylbenzanthracene.
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Table 4.2. Replication of MultiFlow database columns, rows, and headers formatted per PROAST strict data formatting requirements

Row
Number
1 metabolism
2 9
3 0 0 1 1 1 1 1 1 1
4 Chemical | S9.condition® | Conc.uM | p53.4hr | p53.24hr | g H2AX.4hr | g H2AX.24hr | Perc.RNC.4hr Perc.RNC.24hr
5and Data Matrix...
more...

¢ S9.condition was denoted as “without.S9” or “with.S9” in the data matrix following the strict PROAST data format conditions
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4.2.3 Working in PROAST

PROAST v69.1 software package (http://www.proast.nl) operating in the R statistical
suite was used for the BMD analyses presented in this chapter. The ‘MENU’ version of
PROAST was used to navigate through the data and variables selection process in the BMD
analyses. Firstly, the .txt file was imported into PROAST for analysis. The ‘continuous’ data
type was selected from the MENU option, and ‘concentration’ selected as the ‘independent

variable’.
4.2.3.1 Obstacles Associated with the Data Processing

Previous experience (illustrated in Chapter 3) where compound serving as the
covariate demonstrated that good quality potency ranks can be determined for compound
studied with the MultiFlow assays biomarkers responses. For the study reported in this
chapter similar high quality potency ranks were desired, and hence combined covariate
analysis was the preferred method. In this respect, multiple analyses were performed to

overcome several challenges in the data analysis.

Firstly, a low processor speed of one of the computers that was used impeded the
concomitant analysis of all 10 chemicals in a single combine covariate analysis. To overcome
this obstacle and use the same standard computer (§GB RAM), combined covariate analysis
was performed using groups of compounds by grouping compounds for analysis into broadly
similar chemical structural similarities where preferable, or by hypothesized mode of action.
Compounds were therefore grouped into; 1) the aromatic amines 2-acetylaminofluorine, 2-
aminoanthracene, and PhIP ((2-amino-1-methyl-6-phenylimidazo(4,5-b)pyridine)); 2) the
polyaromatic hydrocarbons benzo[a]pyrene, dibenzo[a,L]pyrene, and 7,12-
dimethylbenz[a]anthracene (dimethylbenzanthracene); 3) the alkylators diethylnitrosamine,
and mitomycin ¢; and a 4" group containing cyclophosphamide and resorcinol that did not
belong into the other groups. Although performing BMD analysis by small groups of similar
compounds appears to be a viable option, it became apparent that the influence of the

groupings needed to be evaluated for the introduction of bias.

Secondly, a more powerful computer (16 GB RAM) was utilised to perform BMD
analysis of all 10 compounds concurrently with ‘chemical’ selected as the covariate in the
combined covariate analyses. In doing so, this ensured that there was no introduction of bias

into the analysis whilst being consistent with the state-of-the-art literature where compound
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as the combined covariate results in precise BMD confidence intervals due to conserved

dose-response shape parameters (Slob and Setzer, 2014; Wills et al., 2016a).

For both of these groups of analyses where either BMD analysis was performed by
sub-groupings or with all 10 compounds, settings where changed in the PROAST MENU
option to analyse “with.S9” separately from “without.S9” since this is considered a separate
covariate. In the Tian et al. (2020) study, compounds were analysed separately with S9
condition (with/without S9) serving as the covariate. This meant that 10 sets of BMD
analyses had to be performed (one for each compound) for each biomarker (4- and 24-hour
p53, 4- and 24-hour YH2AX, and 24-hour RNC), totalling 50 BMD analysis outputs. One
contended that including all 10 compounds in a single analysis would significantly reduce the
workload of a laborious process of repeating analysis on a compound basis with S9 condition

serving as the covariate, as well as increasing the precision of the BMD.
4.2.4 BMD Analysis

The MENU option of PROAST v69.1 was navigated to select the appropriate
parameters to perform BMD analysis of the MultiFlow biomarker response dataset. The
responses included each of the MultiFlow biomarkers consistent with the Tian et al. (2020)

analyses — being 4- and 24-hour p53, 4- and 24-hour YH2AX, and 24-hour RNC responses.

PROAST v69.1 included the option to select either model 3 or model 5 when
performing BMD analysis to reflect the latest BMD guidance recommended by EFSA
(EFSA, 2017). In doing so, the model with the lowest Akaike Information Criterion (AIC) is
selected for calculating the BMD confidence interval. In brief, AIC provides the means for
model selection based on the quality of each model considering the prediction error within
each model (McElreath, 2018; Taddy, 2019). The AIC analyses resulting in the selection of
the either model 3, or maximal 4-parameter exponential model (model 5) based on the
models containing the appropriate number of parameters for describing the dose responses
(Slob and Setzer, 2014; EFSA, 2017). The exponential model equations are presented in the
materials and methods chapter of this thesis (Chapter 2.3). Briefly, the model parameters
include the following: a) the response within the controls; b) potency/efficacy of the
compound on the shape of the response; c¢) the maximum fold-change in the response; and d)

the rate of change in the response. The four parameter model contains all parameters (a,b,c,
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and d), whereas model 3 lacks parameter ‘c’ where the maximum fold change in the response

1s not considered.
4.2.4.1 Critical Effect Size Selection

Consistent with the approach utilized by Tian et al. (2020), an arbitrary critical effect
size (CES) of 0.3 was selected for this reanalysis. A CES of 0.3 represents a 30% change in
response compared to the concomitant control. CES -0.3 for the RNC endpoint represents a
30% decrease in response for this endpoint analyses. There is a lack of consensus on the
appropriate choice of CES reported in the literature (White et al., 2020) and a lengthy
discussion on CES falls outside the scope of this thesis. Briefly, Chapter 3 of this thesis
demonstrated that a CES of 0.5 produces compound genotoxicity potency ranks for the
MultiFlow biomarker responses, and a CES of 0.3 is in the same order of magnitude as 0.5.
In any event, we justify the use of CES 0.3 for these in vitro endpoints since the resulting
BMDs do not lie in the extremities of the dose response curves where the associated

uncertainties could be relatively high.
4.2.4.2 Confidence Interval Determination and Plotting

PROAST default 90% BMD confidence intervals were obtained for each compound
and endpoint combination in the presence and absence of S9 and were graphically plotted by
the software. The value of the BMD is a point estimate with an associated level of precision
(the ratio between the BMDL and BMDU) and to demonstrate that the BMD is not the
geometric midpoint of the confidence interval, the BMD was included in re-plotting of the

confidence intervals in Excel. The confidence intervals were plotted on a compound basis.

The MultiFlow biomarkers response fold-increase values have been graphically
represented in radar plots in a previous publication to rapidly discriminate non-responsive
biomarkers from those that are responsive for a particular compound (Dertinger et al., 2019).
Thus, it was explored if the same radar plots could add value to confidence interval
discrimination of the high-content MultiFlow compound/biomarker response combination
datasets in scope of this study. To this end, radar plots were created in excel using the BMDL
and BMDU values obtained in this BMD analysis. One issue associated with the plotting of
the BMD metrics in radar plots was how to present unbound confidence intervals in the form
of infinite BMDU values. This issue was overcome by restricting the infinite BMDU to the

BMDL value and marking the data point with a different marker.
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4.2.5 ‘S9 potency ratio CIs’ Algorithm

In keeping with the position expressed by Litron Laboratories that numerical values
are valuable in potency comparison, the BMD confidence intervals obtained in the analysis
were used to calculate an ‘S9 potency ratio CI” that is derived for each compound and
endpoint BMD analysis that returned a dose response by comparing the BMDU +S9 to
BMDL -S9, to the BMDL +S9 to BMDU -S9. The ‘S9 potency ratio CI” is synonymous with
the magnitude of the potency difference (range) exhibited for each compound/endpoint
combination after exposure to S9. Although there were only 2 experimental conditions (+/-
S9) included here, the same algorithm could apply to 2 or more experimental conditions
where one potency is compared to another potency of interest. The ‘S9 potency ratio CIs’
were calculated in the original scale so that the values can be compared to the ‘S9
potentiation ratios’ values obtained from BMD-BMD ratios by Tian et al. (2020). Values
greater than 1 represent increased compound potency for a particular endpoint after S9
exposure, whilst values less than 1 confer the inverse. 0 values represent Cls that overlap and

hence potency differences are statistically indefensible.
4.2.6 Unsupervised Hierarchical Clustering

Previous publications have used unsupervised hierarchical clustering techniques to
derive more information from the MultiFlow biomarker response datasets (Dertinger et al.,
2019). The data outputs can be regarded as unbiased interpretations of the underlying datasets
that does not rely solely on human interpretation. To the same point and inspired by Litron
Laboratories use of hierarchical cluster analysis of MultiFlow biomarker responses, it was
hypothesised whether unsupervised hierarchical clustering could add unbiased interpretation
of the comparative potency of compounds studies in the MultiFlow assay with and without

low concentration S9.

Lower and upper values of the ‘S9 potency ratio CIs’ (algorithm described in the
results and discussion sections) were evaluated using JMP software’s unsupervised clustering
platform (JMP, v12.0.1). Lower and upper ‘S9 potency ratio CI’ values associated with the
following 5 biomarkers were used as variables: 4-hour p53, 24-hour p53, 4-hour YH2AX, 24-
hour YH2AX and 24-hour RNC. The analysis options were set as follows: clustering method
= hierarchical; method for calculating distances between clusters = ‘Ward’; data as usual =

‘Standardize Robustly’; data visualization = ‘Dendrogram,” with ‘two-way clustering’.
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4.3 Results
4.3.1 Problems Associated with Compound Subgrouping BMD Analyses

To demonstrate whether unfavourable bias would be introduced by performing BMD
analysis on the small subgroups of compounds based on structural similarities, the BMD
confidence intervals in rank order for aromatic amines and polycyclic aromatic hydrocarbons
in the 4- and 24-hour p53 timepoint/biomarker combination is included in Figure 4.8 where
compounds were evaluated either as a large group or small subgroup combined covariate.
This timepoint/biomarker combination is shown as a general example out of the other
timepoint/biomarker combinations. The figure shows that although the confidence intervals
for each compound/biomarker combination reside in the same order of magnitude compared
between the large group or small subgroup combined covariate, the confidence intervals are
generally more precise when the compounds are analysed in the larger group combined

covariate.
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Figure 4.8. BMD confidence intervals plotted in rank order by Log midpoint with CES 0.3. X-axis Log10 concentration pM. Panels A and D
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show the results of analysis by combined covariate as a large group of compounds. Panels B and E are the aromatic amine (AA) subgroup, and

panels C and F are the polycyclic aromatic hydrocarbon (PAH) subgroup. Panels A and D only show the compounds in scope of this comparison

to reduce clutter in the image. AAs highlighted in red and PAHs in green.
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4.3.2 BMD Confidence Interval Potency Plots

Values of the BMD, BMDL and BMDU were estimated and collated for all
compounds (+/- S9) and biomarker responses that were included in the BMD analysis. The
BMD confidence intervals were plotted for each compound with +/-S9 confidence intervals
side-by-side (Figure 4.9 to Figure 4.18). The BMD point estimates are included in the
comparative potency plots to aid in graphical representation of the BMD point estimate
relative to the corresponding BMDL and BMDU. This is important since some individuals
misinterpret the BMD to be at the midpoint (or geometric mean) between the BMDL and
BMDU. This is a misconception as evident by the differing lengths of the confidence
intervals either side of each BMD point estimate displayed in Figure 4.9 to Figure 4.18.
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2-Acetylaminofluorine BMD Confidence Intervals
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Figure 4.9. BMD Confidence Intervals for 2-acetylaminofluorene. 4-hour p53 biomarker With S9 infinite BMDU indicated with dashed positive
direction lines. BMD point estimates are displayed as data points. Figure from Wheeldon et al. (2021).
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2-Aminoanthacene BMD Confidence Intervals

4 hr p53 Without 59 _— e

24 hr yH2AX Without 9

24 hr yH2AX With S9 —_—
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Figure 4.10. BMD Confidence Intervals for 2-aminoanthracene. 4-hour p53 biomarker Without S9 infinite BMDU indicated with dashed
positive direction line. BMD point estimates are displayed as data points. Figure from Wheeldon et al. (2021).
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7,12-Dimethylbenzanthracene BMD Confidence Intervals

24 hr RNC With 59 -

4 hr yH2AX Without 59

Figure 4.11. BMD Confidence Intervals for 7,12-dimethylbenzanthracene. 4-hour YH2AX biomarker With S9 yielded a zero value lower
confidence bound. BMD point estimates are displayed as data points. Figure from Wheeldon et al. (2021).
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Benzo[a]pyrene BMD Confidence Intervals

24 hr yH2AX With S9

Concentration [Logl0 uM

Figure 4.12. BMD Confidence Intervals for benzo[a]pyrene. 24-hour RNC endpoint Without S9 yielded a disproportionately high BMD with
infinite BMDU indicated as a dashed line spanning the width of the plot. BMD point estimates are displayed as data points. Figure from
Wheeldon et al. (2021).
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Cyclophosphamide BMD Confidence Intervals

24 hr yH2AX Without 59 -

24 hr yH2AX With S9 ——
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Figure 4.13. BMD Confidence Intervals for cyclophosphamide. 4-hour p53 biomarker With S9 infinite BMDU: indicated with dashed positive

direction line. BMD point estimates are displayed as data points. Figure from Wheeldon et al. (2021).
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Dibenzo[a,l]pyrene BMD Confidence Intervals

4 hr p53 With.59

24 hr yH2AX Without S9 -

24 hr yH2AX With 59 —a—

Figure 4.14. BMD Confidence Intervals for dibenzo[a,l]pyrene. 24-hour RNC biomarker Without S9 yielded a disproportionately high BMD
with infinite BMDU: BMD restricted and only displaying the BMDL. BMD point estimates are displayed as data points. Figure from Wheeldon
et al. (2021).
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Diethylnitrosamine BMD Confidence Intervals

24 hr RNC With 59 -

24 hr yH2AX With 59

Figure 4.15. BMD Confidence Intervals for diethylnitrosamine. 24-hour YH2AX endpoint Without S9 yielded a disproportionately high BMD

with infinite BMDU: indicated as a dashed line spanning the width of the plot. BMD point estimates are displayed as data points. Figure from
Wheeldon et al. (2021).
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Mitomycin C BMD Confidence Intervals

24 hr RNC Without.59
24 hr yH2AX With .59
24 hr yH2AX Without 59 =
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Figure 4.16. BMD Confidence Intervals for mitomycin C. 2-sided confidence intervals were obtained for all endpoint’s BMD analyses. BMD
point estimates are displayed as data points. Figure from Wheeldon et al. (2021).
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PhIP BMD Confidence Intervals
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Figure 4.17. BMD Confidence Intervals for PhIP. 24-hour p53 biomarker Without S9 and 4-hour p53 biomarker Without S9 infinite BMDUs
indicated with dashed positive direction lines. BMD point estimates are displayed as data points. Figure from Wheeldon et al. (2021).
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Resorcinol BMD Confidence Intervals

4 hr pS3 With.59

4 hr yH2AX Without S9

24 hr RNC With 59 ——

24 hr yH2AX With 59 E—

24 hr yH2AX Without 59 -

Figure 4.18. BMD Confidence Intervals for resorcinol. 2-sided confidence intervals were obtained for all timepoint/biomarkers’ BMD analyses.

BMD point estimates are displayed as data points. Figure from Wheeldon et al. (2021).
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4.3.3 BMD Confidence Intervals Radar Plots

The same BMD confidence intervals (values of the BMDLs and BMDUSs) were
plotted for each compound +/-S9 in radar plots (Figure 4.19 to Figure 4.28).

2-Acetylaminofluorene: BMD Confidence Intervals [Log10 uM]
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Figure 4.19. Radar plot for 2-Acetylaminofluorine. MultiFlow biomarkers are depicted on

the Y axes. BMDL and BMDU values plotted on the X axes in a Logl0 uM scale. An

unbound confidence interval limit (infinite, BMDU) in the 4-hour p53 biomarker response is

depicted with a large triangle datapoint fixed to the same value as the BMDL. There is a

marked increase in potency in the presence of S9 in the 24-hour YH2AX biomarker response.
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2-Aminoanthracene: BMD Confidence Intervals [Log10 uM]
24hr RNC
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4hr p53 24hr yH2AX

Figure 4.20. Radar plot for 2-Aminoanthracene. MultiFlow biomarkers are depicted on the Y
axes. BMDL and BMDU values plotted on the X axes in a Log10 uM scale. An unbound
confidence interval limit (infinite, BMDU) in the 4-hour p53 biomarker response is depicted

with a large triangle datapoint fixed to the same value as the BMDL.
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7,12-Dimethylbenzanthacene: BMD Confidence Intervals [Log10 uM]
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Figure 4.21. Radar plot for 7,12-Dimethylbenzanthracene. MultiFlow biomarkers are
depicted on the Y axes. BMDL and BMDU values plotted on the X axes in a Log10 uM

scale.

166




Benzo[a]pyrene: BMD Confidence Intervals [Log10 uM]

—e—BMDL-59
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Figure 4.22. Radar plot for Benzo[a]pyrene. MultiFlow biomarkers are depicted on the Y
axes. BMDL and BMDU values plotted on the X axes in a Log10 uM scale. An unbound
confidence interval limit (infinite, BMDU) in the 24-hour RNC biomarker response is

depicted with a large triangle datapoint fixed to the same value as the BMDL.
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Cyclophosphamide: BMD Confidence Intervals [Log10 puM]
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Figure 4.23. Radar plot for Cyclophosphamide. MultiFlow biomarkers are depicted on the Y
axes. BMDL and BMDU values plotted on the X axes in a Log10 uM scale. An unbound
confidence interval limit (infinite, BMDU) in the 4-hour p53 biomarker response is depicted

with a large triangle datapoint fixed to the same value as the BMDL.
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Dibenzo[a,L]pyrene: BMD Confidence Intervals [Log10 uM]
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Figure 4.24. Radar plot Dibenzo[a,L]pyrene. MultiFlow biomarkers are depicted on the Y
axes. BMDL and BMDU values plotted on the X axes in a Log10 uM scale. An unbound
confidence interval limit (infinite, BMDU) for the 24-hour RNC biomarker response is

depicted with a large triangle datapoint fixed to the same value as the BMDL.
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Diethylnitrosamine: BMD Confidence Intervals [Log10 uM]
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24hr yH2AX 4hr yH2AX

Figure 4.25. Radar plot for Diethylnitrosamine. MultiFlow biomarkers are depicted on the Y
axes. BMDL and BMDU values plotted on the X axes in a Log10 uM scale. An unbound
confidence interval limit (infinite, BMDU) in the 24-hour YH2AX biomarker response is
depicted with large triangle datapoint fixed to the same value as the BMDL.
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Mitomycin C: BMD Confidence Intervals [Log10 uM]
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Figure 4.26. Radar plot for Mitomycin C. MultiFlow biomarkers depicted on the Y axes.
BMDL and BMDU values plotted on the X axes in a Log10 uM scale.
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PhIP: BMD Confidence Intervals [Log10 uM]
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Figure 4.27. Radar plot for PhIP. MultiFlow biomarkers are depicted on the Y axes. BMDL

and BMDU values plotted on the X axes in a Logl0 uM scale. Unbound confidence interval

limits (infinite, BMDUSs) for the 4-hour p53 and 24-hour p53 biomarkers are depicted with

large triangle datapoints fixed to the same values as the BMDLs.
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Resorcinol: BMD Confidence Intervals [Log10 uM]
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Figure 4.28. Radar plot for Resorcinol. MultiFlow biomarkers depicted on the Y axes.
BMDL and BMDU values plotted on the X axes in a Log10 uM scale.

4.3.4 S9 Potency Ratio CIs

Tian et al., (2020), derived S9 potentiation ratios by comparative analysis of the BMD
point estimates across the S9 exposure conditions for each compound and endpoint. There is
a concern that the use of BMD point estimates can misrepresent the potency effect of S9 in
the in vitro MultiFlow system that the authors examined since the BMD measure of

uncertainty is disregarded.

The BMD ClIs obtained in this re-analysis were used to calculate an ‘S9 potency ratio CI’
that is derived for each compound and endpoint BMD analysis that returned a dose response
by comparing the BMDU +S9 to BMDL -S9, to the BMDL +S9 to BMDU -S9. The ‘S9
potency ratio CI’ is synonymous with the magnitude of the potency difference (range)

exhibited for each compound/endpoint combination after exposure to S9. More context and
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commentary on this concept are provided in the discussion section 4.4.4 of this chapter. The
values are displayed in Table 4.3 in comparison with the S9 potentiation ratios from Tian et

al. (2020).
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Table 4.3. Compound/Biomarker Combination BMD Ratios and ‘S9 Potency Ratio CIs’ (original and Log scale) compared with the

Tian et al. (2020) ‘S9 Potentiation Ratios’

S9 Potentiation

BMD-BMD S9 Potency Ratio CI | S9 Potency Ratio CI
Compound Biomarker | Ratio from Tian et
Ratio Range [pM] Range [Log10 pM]?
al. (2020) [uM]
4 hr p53 NC No DR No DR No DR
24 hr p53 NC 1.89 0 0
2-Acetylaminofluorine 4 hr yYH2AX >2.6 1.14 0 0
24 hr yYH2AX >8.9 34.23 8.53 -704.02 0.93-2.85
24 hr RNC 0.53 0.33 0.18-0.55 -0.74 to -0.26
4 hr p53 >7 No DR No DR No DR
2-Aminoanthracene 24 hr p53 >22 108.72 57.26 - 278.80 1.76 —2.45
4 hr yYH2AX 167 74.55 46.03 - 126.81 1.66 -2.10
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S9 Potentiation

BMD-BMD S9 Potency Ratio CI | S9 Potency Ratio CI
Compound Biomarker | Ratio from Tian et
Ratio Range [uM] Range [Log10 pM]?
al. (2020) [uM]
24 hr yH2AX 16.3 8.95 2.51-21.59 0.40—-1.33
24 hr RNC >26.2 295.11 79.87 - 3004.35 1.90 -3.48
4 hr p53 >32.9 49.90 16.63 - 418.60 1.22 -2.62
24 hr p53 23.7 18.06 9.52 -34.87 0.98 —1.54
7,12-Dimethylbenzanthracene | 4 hr YH2AX 88.7 28.07 No DR No DR
24 hr yH2AX NC No DR No DR No DR
24 hr RNC 21.8 24.43 8.59 - 73.37 0.93-1.87
4hr p53 NC 3.06 1.54-7.23 0.19-0.86
Benzo[a]pyrene
24 hr p53 >80 9.14 4.98 -17.88 0.70 - 1.25

176




S9 Potentiation

Compound NN, [ BMD-BMD S9 Potency Ratio CI | S9 Potency Ratio CI
Ratio Range [uM] Range [Log10 pM]?
al. (2020) [uM]
4 hr yYH2AX >463 1357.44 629.63 - 3448.28 2.80-3.54
24 hr yYH2AX 1.8 x10° 11.18 3.47-34.73 0.54—-1.54
24 hr RNC >31.4 No DR No DR No DR
4 hr p53 NC No DR No DR No DR
24 hr p53 870 702.02 535.64 —923.65 293-2.97
Cyclophosphamide 4 hr yH2AX >101 158.03 115.69 —227.54 2.06 -2.36
24 hr yYH2AX 3249 1589.81 305.34 - 5922.33 248 -3.77
24 hr RNC 797 963.44 466.40 — 2405.30 2.67-3.38
Dibenzol[a,l]pyrene 4 hr p53 >56 148.74 88.94 —316.87 1.95-2.50
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S9 Potentiation

Compound NN, [ BMD-BMD S9 Potency Ratio CI | S9 Potency Ratio CI
Ratio Range [uM] Range [Log10 pM]?
al. (2020) [uM]
24 hr p53 >962 1162.83 50.24 — 1578.48 1.70 -3.20
4 hr yYH2AX 22,727 4666.876 24.49 - 6,967.37 1.39-3.84
24 hr yYH2AX >38,462 22167.08 6325.46 - 130,672.27 3.80-5.12
24 hr RNC >1220 No DR No DR No DR
4 hr p53 NC No DR No DR No DR
24 hr p53 NC No DR No DR No DR
Diethylnitrosamine 4 hr yYH2AX >3.5 5.90 3.64 —10.47 0.56 —1.02
24 hr yH2AX >10 No DR No DR No DR
24 hr RNC NC 3.58 1.53-9.10 0.18—-0.96
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S9 Potentiation

BMD-BMD S9 Potency Ratio CI | S9 Potency Ratio CI
Compound Biomarker | Ratio from Tian et
Ratio Range [uM] Range [Log10 pM]?
al. (2020) [uM]
4 hr p53 0.51 0.52 0.37-1.06 -0.43-0.03
24 hr p53 0.73 0.27 0.20-0.36 -0.70 —-0.44
Mitomycin C 4 hr yYH2AX 0.82 0.44 0.31-0.62 -0.51--0.21
24 hr yH2AX 0.25 0.07 0.01-0.19 -2.00--0.72
24 hr RNC 0.31 0.21 0.12-0.36 -0.92 --0.44
4 hr p53 >3.1 No DR No DR No DR
PhIP 24 hr p53 >34.6 No DR No DR No DR
4 hr yYH2AX >1633 4719.67 1436.10 —33,246.07 3.16 —4.52
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S9 Potentiation

BMD-BMD S9 Potency Ratio CI | S9 Potency Ratio CI
Compound Biomarker | Ratio from Tian et
Ratio Range [uM] Range [Log10 pM]?
al. (2020) [uM]
336.19 -
24 hr yH2AX >781 2067.12 2.53 -8.28
189,075,630.25
24 hr RNC >18.2 703.43 230.83 —6142.75 2.36-3.79
4 hr p53 NC 0.22 0 0
24 hr p53 0.11 0.07 0.0498 — 0.0937 -1.30--1.03
Resorcinol 4 hr yYH2AX 0.26 0.23 0.1502 - 0.3594 -0.82 --0.44
24 hr yH2AX 0.05 0.03 0.0026 — 0.0659 -2.59 —-1.18
24 hr RNC 0.047 0.04 0.0202 — 0.0645 -1.69 —-1.19
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4.3.5 Unsupervised Hierarchical Clustering Results

As previously mentioned, the ‘S9 potency ratio CI’ values span several orders of
magnitude. To objectively define the range of ‘S9 potency ratio CIs’ obtained, the lower and
upper values (Log scale) of each ‘S9 potency ratio CI” were analyzed via unsupervised
hierarchical clustering. The clustering was based on squared Euclidean distance ‘Ward’s
method’ (Ward and Hook 1963) between points. The resulting groups are presented in
Figure 4.29 in the form of a two-dimensional dendrogram with accompanying heat map. The
upper and lower values of the ‘S9 potency ratio CIs’ associated with the in vitro biomarkers
(4-hour p53, 24-hour p53, 4-hour YH2AX, 24-hour YH2AX, and 24-hour RNC) are displayed
on the X axis. Compounds are plotted on the Y axis. The heat map represents the order of
magnitude difference in ‘S9 potency ratio ClIs’. Compound/biomarker combinations where
S9 exposure increased genotoxic potency are displayed with varying intensities of red on the
heat map, whereas compounds and endpoints where S9 exposure decreased potency are
displayed with varying intensities of blue on the heat map. Compound/biomarker
combinations where the dose-response following S9 exposure was not statistically
significantly different were plotted as zero values and displayed as grey blue on the heatmap.
Additionally, the clustering platform could not accommodate missing values for
compound/biomarker combinations that showed no dose-response. In these instances, a zero

value was entered to accommodate the clustering method.
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Figure 4.29. JIMP software unsupervised hierarchical clustering results are shown as a two-
dimensional dendrogram with heatmap for the 10 clastogens ‘S9 potency ratio CIs’. The
values of the lower and upper confidence limits of the ‘S9 potency ratio CIs’ were included
in the analysis. The lower and upper bound of the ‘S9 potency ratio S9 ClIs’ are plotted on the
X axis per biomarker combination, and compounds on the Y axis. Increasing intensities of red
indicate a strong tendency for S9 exposure to increase the genotoxic potency of a compound
for a specific biomarker response. An increasing intensity of blue indicates the converse,
where the presence of S9 decreases the genotoxic potency of a compound for a specific
biomarker response. Grey blue represents compound/biomarker combinations where the
dose-response following S9 exposure was not statistically significantly different (overlapping
ClIs), or where a zero value was included to accommodate the clustering method in instances
where no S9 potency ratio Cls were obtained (infinite BMDUSs). There are 4 distinct clades
that group compounds into 1) high, 2) low, 3) zero, and 4) negative (as a subset of clade 3),
effects on potency because of S9 exposure. Abbreviation: DMBA = 7,12-
Dimethylbenzanthracene. Figure from Wheeldon et al. (2021).
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4.4 Discussion
4.4.1 Problems Associated with Compound Subgrouping BMD Analyses

Whilst the confidence intervals calculated by either large group or small subgroup
combined covariate analysis generally resided in the same order of magnitude, the general
trend was that confidence intervals calculated from large group combined covariate analysis
were more precise. This is consistent with the published literature that shows that increasing
the number of levels in the covariate results in more precise confidence intervals (Wills et al.,
2016a). Since the hypothesis under test presented in this chapter was to determine if a more
statistically robust comparative potency metric could be developed, it was concluded that bias
could not be ruled out by performing BMD analysis on the small compound subgroups. To
this end, a more powerful computer (16GB RAM) had to be used to conduct the analyses

with up to 10 compounds in the combined covariate.
4.4.2 BMD Confidence Interval Potency Plots

ClIs that span a maximum of approximately 1-2 Log units (i.e., 1-2 orders of
magnitude) are considered good quality and consistent with other BMD CI spans that are
reported in the literature for other in vitro genotoxicity systems (Soeteman-Herndndez et al.
2015; Bemis et al. 2016; Wills et al. 2016; Allemang et al. 2018). While most compounds’
BMD analysis yielded tightly bound CIs, some displayed wide Cls or dose responses with
unbound upper confidence limits. Specifically, the 4-hour p53 biomarker response for 2-
acetylaminofluorene -S9 yielded an infinite BMDU (BMD 3.88 Log10 uM, BMDL 3.42
Logl10 uM, BMDU Infinite Log10 uM) (Figure 4.9). Secondly, both the 4-hour and 24-hour
p53 (Figure 4.17) biomarker responses for PhIP -S9 yielded unbound BMDUs (BMD 4.39
Logl10 uM, BMDL 3.03 Log10 pM, BMDU Infinite Log10 pM; BMD 5.20 Log10 pM,
BMDL 3.22 Log10 pM, BMDU Infinite Logl10 uM, respectively). The 4-hour YH2AX
biomarker response for 7,12-Dimethylbenzanthracene returned a zero BMDL value
indicating that the lower bound of the BMD is not significant from zero (Figure 4.11). These
limited instances where dose-response analysis yielded an infinite BMDU are considered to
have exhibited no evidence of a dose-response relationship, and hence are unsuitable for
drawing statistically robust conclusions from the analyses. In the single instance of a zero

BMDL, the resulting BMDL to BMDU ratio is unobtainable (problems associated with
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division by 0), and hence justifies omission of this compound/biomarker combination for

further analysis.

In addition to having unbound BMDUs, some compounds also displayed BMD
estimates that are grossly disproportionate to the BMDs from other biomarkers or S9
condition for the same compound. The BMD ClIs for these instances were not plotted, since
the relative disproportionality would make the other Cls appear comparatively small. These
instances are indicated in the comparative potency plots with either dashed lines spanning the
entire graph range, or the BMD restricted and only displaying the BMDL. Specifically, the
24-hour RNC biomarker response -S9 for benzo[a]pyrene [BMD 12.33 Log10 uM] (Figure
4.12 dashed line), the 24-hour RNC biomarker response -S9 for dibenzo[a,l]pyrene [BMD
11.99 Log10 pM] (Figure 4.14 BMD restricted and only displaying the BMDL), and the 24-
hour YH2AX biomarker response -S9 for diethylnitrosamine [BMD 20.74 Log10 pM]
(Figure 4.15 dashed line). These biomarker responses also yielded infinite BMDUs, and
consequently displayed no evidence of a dose response upon which one can then accurately

define potency.

Consistent with the approach advocated for in the scientific literature, visual scrutiny
of each compound’s BMD potency plot allows efficient visual discrimination of the potency
difference of each compound/biomarker combination that results from S9 exposure.
Compound/biomarker combinations where the S9 exposure condition yielded BMD CIs that
largely overlap results in potency differences that are statistically insignificant. Conversely,
non-overlapping Cls are statistically significant and show that the S9 condition exerts an

impact on the compound’s potency in the same in vitro biomarker response.

For the most part, as one would expect, the tested clastogens that require metabolic
activation to exert genotoxic effects show an increase in potency when exposed to the low
concentration S9 system. This is evidenced by +S9 CIs that reside in more potent regions of
the comparative potency plot by several orders of magnitude compared to -S9 Cls. An outlier
is 2-acetylaminofluorene where all biomarker responses except for 24-hour YH2AX and 24 -
hour RNC display Cls that reside in the same order of magnitude (Figure 4.9). This suggests
that S9’s potentiating effect was restricted to these endpoint/timepoint combinations. The
comparative potency plots also show that the direct acting clastogens, mitomycin C and

resorcinol, were not potentiated by S9 — rather, to a certain extent —, the presence of S9
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slightly decreased their genotoxic potency (Figure 4.16 and Figure 4.18). Both compounds
do not require metabolic activation to exert genotoxic effects, and the decrease in potency in

the presence of S9 may be due to cytotoxic effects from the use of S9.
4.4.3 BMD Confidence Interval Radar Plots

BMD metrics (BMDL and BMDU) are presented in radar plots to show the effect of S9
across the test compounds that elicited a relevant dose-response across each endpoint. This
approach offers a simple and immediate visual interpretation of the effect on potency of S9
across the biomarkers tested in the MultiFlow assay, in a similar way to how Dertinger et al.
(2019) uses radar plots to show the magnitude of effects in responsive MultiFlow biomarkers.
The radar plots include the relevant biomarker responses on the Y axes with the BMDL and
BMDU values plotted on the X axes in a Log10 uM scale. It is not possible to plot an
unbound (infinite) upper confidence interval (BMDU) on the radar plot. This issue was
handled by restricting the BMDU to the same value of the BMDL and highlighting this with
a large triangular datapoint. Notice how these data points cause a distinct skew comparative
to the trend observed in the bound BMDy data points. This observation emphasises that the
use of BMD point values does not accurately represent the range of potency effects in a

dataset.

Two groups can be deciphered from the radar plots that are consistent with the test
compound mode of action. The clastogens overall show a remarkable difference in the
genotoxic potency of the test compound in the presence of S9 compared to its absence. This
is evident by the distinct shift to higher potency (more negative values in the Log scale) by
the blue lines (BMDL/U +S9) on the radar plots in Figure 4.19 to Figure 4.28. The outliers
include mitomycin C (Figure 4.26) and resorcinol (Figure 4.28). As opposed to the other
clastogens, mitomycin ¢ and resorcinol were less potent in the presence of S9 as evident by

the blue lines (BMDL/U +S9) residing in the more positive region of the Log scales.

The plotting of the BMD confidence intervals in radar plots is novel and there are no
published studies reporting the same method. The BMD confidence interval plots were
presented during manuscript peer review with 2 reviewers in favour, and 1 reviewer
vehemently opposed for reasons related to the historic precedent of displaying BMD
confidence intervals in standard potency plots (like those in Figure 4.9 to Figure 4.18).

Whist one understands that most reviewers are used to seeing the standard potency plots, the
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radar plots offer a nuanced method to viewing comparative potency metrics which some

genetic toxicologists could become accustomed to.
4.4.4 S9 Potency Ratio ClIs

As previously highlighted, Tian et al., (2020) derived S9 potentiation ratios by
comparative analysis of the BMD point estimates across the S9 exposure conditions for each
compound and endpoint. There is a concern that the use of BMD point estimates can
misrepresent the potency effect of S9 in this in vitro system since the BMD measure of

uncertainty is disregarded.

Tian et al. (2020), correctly pointed out that the BMD estimate can be beyond the top
concentration used in the benchtop experiment. In these instances, the authors calculated the
‘S9 potentiation ratio’ by restricting the BMD to the top concentration (denoted with a
greater than (>) symbol in the tabulated results section of their article). However, these tight
BMD restrictions led to mischaracterization of the true BMD ratio. It is contended that one
should only limit BMD values for graphical display where the value is disproportionately
larger than other endpoints and S9 conditions for the same compound. In the BMD analysis
reported in this re-analysis, disproportionately high BMD values also coincided with
unbound BMDU.

The BMD ClIs obtained in this re-analysis were used to calculate an ‘S9 potency ratio
CI’ that is derived for each compound and endpoint BMD analysis that returned a dose
response by comparing the BMDU +S9 to BMDL -S9, to the BMDL +S9 to BMDU -S9. The
‘S9 potency ratio CI’ is synonymous with the magnitude of the potency difference (range)
exhibited for each compound/endpoint combination after exposure to S9. Although there
were only 2 experimental conditions (+/- S9) included here, the same algorithm could apply
to 2 or more experimental conditions where one potency is compared to another potency of
interest. The ‘S9 potency ratio CIs’ were calculated in the original scale so that the values can
be compared to the ‘S9 potentiation ratios’ values obtained from BMD-BMD ratios by Tian
et al. (2020). Values greater than 1 represent increased compound potency for a particular
endpoint after S9 exposure, whilst values less than 1 confer the inverse. 0 values represent
ClIs that overlap and hence potency differences are statistically indefensible. The BMD-BMD
ratios from this analysis are also shown for comparative purposes. The S9 potency ratios in

the Log scale were also displayed for the sole purpose of aiding in demonstration of
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differences in orders of magnitude. The values were displayed in Table 4.3 in comparison

with the S9 potentiation ratios from Tian et al. (2020).

Comparing the ‘S9 potency ratio CIs’ with the S9 potentiation ratio obtained by Tian
et al. (2020) shows that in almost all cases, the ‘S9 potentiation ratio’ that was derived from
BMD point estimates is either mischaracterized through tight restrictions on the BMD (where
the researchers denoted these ratios with a > sign) or is in the upper range of the ‘S9 potency

ratio CI” range, indicating a tendency for over estimation of the S9 bioactivation effect.

Calculating an ‘S9 potency ratio CI” for these experiments accurately conveys the
uncertainty measurements which should be accounted for when assessing potency
comparisons across conditions. The ‘S9 potency ratio CIs’ calculated here can be summarised
by stating that S9 increases the potency of the compounds ranging from approximately 1-2
orders of magnitude (Log10 uM) for lower potency differences, to approximately 3-5 orders
of magnitude (Log10 uM) for higher potency differences. The effect of SO is statistically
insignificant for some compound/endpoint combinations where BMD Cls overlap. In other
instances, S9 exposure decreased potency (expressed as negative values) of compounds by

approximately 0.4 to 2.0 orders of magnitude.
4.4.5 S9 Potency Ratio CI Range

As previously mentioned, the ‘S9 potency ratio CI’ values span several orders of
magnitude. To objectively define the range of ‘S9 potency ratio CIs’ obtained, the lower and
upper values (Log scale) of each ‘S9 potency ratio CI’ were analysed via unsupervised
hierarchical clustering. The clustering was based on squared Euclidean distance ‘Ward’s
method’ (Ward and Hook 1963) between points. The resulting groups are presented in
Figure 4.29 in the form of a two-dimensional dendrogram with accompanying heat map. The
upper and lower values of the ‘S9 potency ratio CIs’ associated with the in vitro biomarkers
(4hour p53, 24-hour p53, 4-hour YH2AX, 24-hour YH2AX, and 24-hour RNC) are displayed

on the X axis. Compounds are plotted on the Y axis.

The heat map represents the order of magnitude difference in ‘S9 potency ratio CIs’.
Compound/biomarker combinations where S9 exposure increased genotoxic potency are
displayed with varying intensities of red on the heat map, whereas compounds and

biomarkers where S9 exposure decreased potency are displayed with varying intensities of
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blue on the heat map. Compound/biomarker combinations where the dose-response following
S9 exposure was not statistically significantly different were plotted as zero values and
displayed as grey blue on the heatmap. Additionally, the clustering platform could not
accommodate missing values for compound/biomarker combinations that showed no dose-

response. In these instances, a zero value was entered to accommodate the clustering method.

There are 4 distinct clades identified in the dendrogram: 1) Chemicals whose genotoxic
potency was dramatically increased in the presence of S9 (dibenzo[a,l]pyrene,
cyclophosphamide, 2-aminoanthracene, and PhIP); 2) chemicals whose genotoxic potency
was increased in the presence of S9 (dimethylbenzanthracene, benzo[a]pyrene, and 2-
acetylaminofluorene); 3) chemicals whose genotoxic potency was not increased in the
presence of S9 (mitomycin c, resorcinol, and diethylnitrosamine); and 4) a subset of clade 3,
clade 4, whose genotoxic potency was reduced in the presence of S9 (mitomycin ¢, and

resorcinol; indicated by a strong dark blue in the heat map).

The clustering results demonstrate that distinct groups exist that best describe the
range of S9-dependent effects into high, low, zero and negative categories. The division of
the S9 potency ratio Cls into groups follows application of quantitative metrics allowing
objective interpretation in a hazard-based scale context. It is likely that when a more diverse
set of clastogens are analysed, it will be possible to detect further subdivisions of potency
effect (e.g., low, medium, high, very high). The same clustering method could be applied to
other dose-response comparative analyses. Several examples are envisioned, for instance the
study of compound potency effects between different exposure durations (subchronic vs.
chronic dosing regimens), between different target tissues (liver vs. bone marrow), or

between different in vitro cell lines (liver HepaRG vs. HepG2, or V79 versus CHO).
4.5 Concluding Remarks

The results of the data analysis presented in this results chapter illustrate the necessity to
utilise the full BMD Cls to draw conclusions from dose-response datasets. It has been
demonstrated through re-assessment of the previously published MultiFlow dataset (Tian et
al., 2020) that in comparative potency analysis, the use of BMD point estimates can yield
mischaracterised or over-estimated potency ratios during instances where the width of the Cls

varies considerably between conditions.
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Interpretation of BMD Cls relies upon visual scrutiny by the genetic toxicologist, and it is
speculated that one could be overwhelmed with the results from hundreds of compounds
from in vitro screening experiments. Therefore, the genetic toxicologist may wish to use
effective statistical methods such as hierarchical clustering to aid in data interpretation. When
objectively considering the range of ‘S9 potency ratio CIs’ presented in the analyses
presented in this results chapter, one is provided with a scale of high to low, zero, and
negative S9 potency effects. While the potency effect of S9 has been illustrated in the in vitro
MultiFlow genotoxicity test system, the same approach can be applied to any comparative
genotoxicity potency analysis. It is proposed that investigators apply the following stepwise
approach when performing comparative potency analysis of 2 or more experimental

conditions using the BMD methodology:

e Utilise the results of combined covariate BMD analyses to plot BMD Cls that represent
potency across the endpoints evaluated under different dependent variables. For graphical
purposes only, limit disproportionately high BMDs that display infinite BMDU values.

e Derive the lower and upper values of ‘potency ratio CIs’ between conditions by
comparing BMDU condition 1 to BMDL condition 2, and BMDL condition 1 to BMDU
condition 2 (ad infinitum), respectively.

e Objectively identify groups in the data that best describe the magnitude of the difference
in potency observed between conditions. Whilst a genetic toxicologist can successfully
identify patterns in CI plots of a few experimental conditions (a small number of
compounds, animal sex, limited number of cell lines, etc.) via visual techniques, it is
contended that hierarchical clustering may add significant value to the interpretation of
large datasets, particularly those from in vitro screening experiments of large numbers of
compounds and biomarker combinations. Whilst this was shown in radar plots and
hierarchical clustering techniques in this chapter, visual techniques could take the form of

the novel ToxPi program graphical outputs (https://toxpi.org/).

There were several challenges that had to be overcome in this phase of the research

project, namely:

e Overcoming the obstacle associated with computer low processing power and addressing
this with the most scientifically robust solution. The resolution was using a higher-

powered computer since the introduction of bias could not be ruled out.
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¢ Influencing one peer reviewer in the submission of the manuscript that the comparative
potency plots were best kept in compound specific format so that the side-by-side

comparison of biomarker responses could be visualised.

Ultimately one of the peer-reviewers stated that “the clear guidance on data consolidation,
BMD analysis, and subdivision into few categories is exemplary” which attests to the value

that this work brings to the literature.
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Chapter 5. In Vitro Mechanistic Genotoxicity and Potency
Determinations for the Topoisomerase II Inhibitor Class

of Compounds.

5.1 Introduction

Previous results chapters in this thesis demonstrated the general amenability of the
MultiFlow biomarker responses to BMD modelling for compound potency ranking beyond
hazard characterisation. Reported in this results chapter, two hypotheses were developed. The
primary hypothesis was whether the multiplexed MultiFlow and Toxys ToxTracker
biomarker responses could provide robust potency ranks within a specific compound mode of
action (MOA). The secondary hypothesis was inspired by the work of Wills et al. (2016a)
who generated robust potency ranks from in vitro micronucleus data for the benzimidazole
class of compounds where the potency rank order was accounted for with knowledge of the
compound structures and mechanisms of action. To this end, the Topoisomerase-II (Topo-II)
Inhibitor class of compounds was selected for the specific case study reported in this results

chapter to test the two hypotheses developed in this chapter’.
5.1.1 Topo-II Inhibitors

Deweese and Osheroff (2008) explain that each human cell contains approximately 2
m of DNA that is condensed into a nucleus that is approximately 10 um in diameter, and that
accessing the genetic material is a topological challenge since it is anchored to the
chromosome scaffold with the two strands of the double helix being supercoiled. The DNA’s
topological properties can only be altered when the double helix is broken. Two aspects of
DNA topology affect nuclear processes. Firstly, DNA strand separation is required to
overcome the negatively supercoiled nature of the DNA double helix. The linear movement
of tracking enzymes such as helicases and polymerases causes compression of the double

helix into a shorter region, leading to increasingly overwound sections in the DNA making it

7 The data presented in this results chapter was published in “Benchmark Dose Analysis of DNA Damage
Biomarker Responses Provides Compound Potency and Adverse Outcome Pathway Information for the
Topoisomerase II Inhibitor Class of Compounds” (Wheeldon et al., 2020) and some passages in this chapter
have been quoted verbatim from the same article. A copy of the research article is available in Appendix 3. The
data was also presented at the 2019 Genetic Toxicology Association annual meeting in Delaware USA and won
best poster award. A copy of the poster is available in Appendix 4.
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more difficult to open the two strands of the DNA double helix. Secondly, intramolecular
knots and intermolecular tangles that are produced during DNA replication need to be
resolved to prevent cell lethality and to prepare the genetic material for the next cycle of
mitosis or meiosis. Figure 5.1 illustrates the supercoiling of DNA ahead of DNA tracking

enzymes.
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Figure 5.1. Schematic showing: A) Chromosomal DNA tethered to membranes or
chromosome scaffold (red spheres) and unable to rotate; B) The yellow bars represent
replication machinery which traverse along DNA causing compression of the DNA into small
segments resulting in acute overwinding (positive supercoiling); and C) Precatenanes include
translated torsional stress from the pre-replicated DNA which must be resolved. Figure

adapted from Deweese and Osheroff (2008).

Type II topoisomerases are abundant in prokaryotic and eukaryotic cells (Holm et al.,
1985; Earnshaw and Heck, 1985; Earnshaw et al., 1985; Dal Ben et al., 2007) and regulate

the topological state of DNA during replication, transcription, and repair (Isaacs et al., 1998;
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Nitiss, 2009). The enzyme covalently binds to DNA during replication and characterised by
the enzymes catalytic cycle, an ATP-coupled reaction cleaves a temporary double-strand
break in the DNA’s backbone, thus creating a transient cleavage complex through which
another DNA duplex can pass (Deweese and Osheroff, 2008). Strand passage is followed by
subsequent DNA break ligation restoring the DNA structure. Therefore, the series of various
DNA cleavage-religation reactions serve to resolve the torsional stress associated with

DNA’s super helical nature (Berger, 1998) explained above and in Figure 5.1.

Proliferating cells cannot survive without the function of the Topo-II enzyme,
however the cleavage-complex associated DNA double strand breaks can be potentially
deleterious. Deweese and Osheroff (2008) eloquently described Topo-II to assume a Dr.
Jekyll/Mr. Hyde character where the enzyme has a dual persona; on the one hand being
essential to cell viability, but conversely has the capacity to fragment the genome. Levels of
cleavage complexes are tolerated in vivo as readily reversible intermediates. However, when
levels of the enzyme drop below a critical concentration, daughter chromosomes can remain
entangled following replication resulting in cell death from mitotic arrest (Ross et al., 1984;
Deweese and Osheroff, 2008; Nitiss, 2009). Conversely, cleavage complex stabilisation
intermediates can block DNA replication machinery such as replication forks, transcription
complexes or DNA tracking enzymes. The resulting disrupted cleavage complexes can lead
to conversion of the transient DNA strand breaks to permanent DNA double-stranded breaks.
An accumulation of DNA breaks can result in potential chromosome aberrations and other
DNA damaging effects. Other cellular events including apoptotic pathways (Solary et al.,
1994) can be initiated in the amount of DNA breaks is overwhelming. Figure 5.2 from
Deweese and Osheroff (2008) summarises the effects when the Topo-II mediated critical

balance is offset.
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Figure 5.2. Schematic showing the effects if the level of Topo-II complexes become too low
(left arrow) resulting in mitotic failure, and too high (right arrow) leading to apoptosis or
permanent rearrangements of DNA in the form of translocations which can lead to specific

cancers. Figure taken from Deweese and Osheroff (2008).

In scope of the genotoxicity risk assessment theme central to this thesis, a particular
class of compounds of interest are the Topoisomerase-II (Topo-II) Inhibitors. This specific
class of compounds were selected since they are potent genotoxicants with a pharmaceutical
mechanism of action of interest (Hande, 1998) that target the Topo-II enzyme. Numerous
compounds are known to perturb the DNA cleavage-religation action of Topo-II (Burden and
Osheroff, 1998) and can be separated into two categories. Compounds belonging to the first
category are known as catalytic inhibitors and tend to lower the overall activity of the Topo-II
enzyme (Deweese and Osheroff, 2008) by hijacking the binding of the Topo-II enzyme to
DNA or by inhibiting ATP action (Larsen et al., 2003). The second category includes
compounds that increase levels of Topo-II-DNA cleavage complexes (Nelson and Kastan,
1994) that tend to ‘poison’ the Topo-II enzyme and convert it to a cellular toxin (Deweese
and Osheroff, 2008). For this reason, these specific compounds are referred to as Topo-II
Poisons with a distinguished mechanism of action different to the Topo-II Catalytic

Inhibitors.
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Many of the frontline chemotherapeutic agents used in the treatment of human
systemic and solid tumours such as etoposide, the most active broad-spectrum antibiotics
such as ciprofloxacin, and naturally occurring dietary isoflavonoid compounds such as
genistein, target the Topo-II enzyme as Topo-II Poisons. Topo-II Poisons act via two
different pathways by either inhibiting the ability of the enzyme to ligate cleaved DNA
molecules, or by enhancing the forward rate of base scission. There are two mechanisms in
which the Topo-II Poisons interact with the Topo-II-DNA complex, via forming noncovalent
interactions at the Topo-II-DNA interface, or in a redox-dependent manner to covalently
adduct to the enzyme at amino acid residues outside the active site (Wilstermann and
Osheroff, 2003; McClendon and Osheroff, 2007; Deweese and Osheroff, 2008). The focus of

this chapter is limited to Topo-II Poisons.

A particular Topo-II Poison and its exposure impact to human health includes the
well-studied Etoposide compound, which is a podophyllotoxin toxin derivative from the
American Mayapple (Hande, 1998). The compound was first synthesised in 1966 and
approved for use in cancer therapy by the US FDA in 1983 (Montecucco et al., 2015).
Epidemiological studies performed in the 1980s and 1990s demonstrated that patients treated
with high dose etoposide in their chemotherapy regimen for metastatic germ cell tumours
were at a significantly higher risk of developing secondary acute myeloid leukaemia in the
years following initial etoposide exposure (Winick et al., 1993; Kollmannsberger et al., 1998;
Felix, 2001). It was later shown that low dose etoposide exposure leads to MLL gene
rearrangements in vitro in mouse embryonic stem cells, foetal liver-derived CD34+
hematopoietic stem cells (HSCs), and cord blood-derived CD34+ HSCs. The MLL gene
rearrangements lead to chromosomal abnormalities and genomic instability (Baldwin and
Osheroff, 2005; Bueno et al., 2009). Therefore, it is important to understand the dose-
response relationship and potential adverse health outcomes that could result from Topo-II

Poison exposure.
5.1.2 Genotoxic Concentration-Response Studies Topo-1I Poisons

Some recent studies have assessed the concentration-response profile of some Topo-II
Poisons in genotoxicity test systems. A study by Lynch et al. (2003) used micronucleus
frequency dose-response data from mouse lymphoma cells exposed to varying concentrations

of the Topo-II Poisons etoposide, doxorubicin, genistein and ciprofloxacin. The researchers
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applied the broken stick model to demonstrate that a threshold dose-response existed for the

tested Topo-II Poisons in the micronucleus frequency datasets.

A more recent study by Gollapudi et al. (2019) aimed to investigate the in vitro
concentration-response relationships for the Topo-II Poison etoposide by performing BMD
analysis of a flow-cytometric TK6 cell micronucleus dataset. The researchers found that
increasing concentrations of etoposide exposure vastly increased micronucleus frequency
compared to control in which they were able to derive BMD metrics from the dose-responses.
The results with respect to etoposide genotoxic potency published by Gollapudi et al. (2019)
are similar to the results obtained from genotoxic potency ranking of MicroFlow
micronucleus frequency data presented in Chapter 3 of this thesis and published in Dertinger

et al. (2019) where etoposide was one of the training set compounds.

One of the shortcomings of using micronucleus frequency data for Topo-II Poison
potency ranking is that the frequency endpoint and dose-response relationships are
representative of other clastogens which does not discriminate the mode of action from other
genotoxic clastogens. An important aspect of indirect induced DNA damage from Topo-II
mediated genotoxicity is the concept of a threshold of clastogenicity (Miiller and Kasper,
2000). So, to add mechanistic information to the Topo-II mediated induced clastogenicity
weight of evidence, one of the advantages of the Lynch et al. (2003) study was the inclusion
of the TARDIS (trapped in agarose DNA immunostaining) assay which the authors explain is
an immunohistochemical method that localises Topo-II-DNA in situ with the nucleus using
specific antibodies. In doing so, a relative measure is provided of stabilised cleavage complex
formation that can help to differentiate Topo-II mediated clastogenicity from other
clastogenic mechanisms. However, performing multiple assays in parallel increases the time
and resource investment needed to characterise a compound’s mechanism of action. To this
end, the advent of high throughput multiplexed assays may provide mechanistic information
to add to the weight of evidence supporting a compound’s hypothesised mechanism of action

in a multi-compound assessment.

196



5.1.3 Primary Hypothesis: High-Throughput Mechanistic Genotoxicity Assays for

Robust Topo-1I Poison Comparative Genotoxic Potency Analysis
5.1.3.1 MultiFlow and ToxTracker Assay Mechanistic Information

Based on the known mechanism of action of the Topo-II Poisons in which DNA
double strand breaks precede mitotic arrest, one would expect signals to be responsive in the
main in vitro high-throughput genotoxicity test systems that are the focus of this thesis. For
instance, the MultiFlow assays YH2AX biomarker should be responsive to Topo-II Poison
mediated DNA double strand breaks. Replication fork collapse would lead to delays in cell
cycle progression and associated nuclear translocation of p53 (Yoon et al., 2004), hence one
would expect that the MultiFlow assay’s p53 biomarker signals should increase with
exposure to Topo-II Poisons eliciting cell cycle delay. Mitotic cells are associated with
phosphorylation of Histone H3 at serine 28 (Hans and Dimitrov, 2001), and hence one would
expect Topo-II Poison mediated mitotic arrest to be associated with a decrease in expression

of p-H3 in the same MultiFlow biomarkers response compared to healthy dividing cells.

With respect to existing data from the MultiFlow assay for Topo-II Poison
compounds, previously published data included mode of action classification which classified
select Topo-II Poisons into the clastogen class of compounds by Dertinger et al. (2019).
Although the authors interestingly identify the group of Topo-II Poison compounds as a
distinct clade separate from other clastogens via the unsupervised hierarchical clustering
technique (Figure 5.3), this was an observation based on a priori knowledge of the
compound’s mechanism. Further in-depth information to support the Topo-II Poison
classification of compounds was not provided in the article, probably because it was out of

scope of the same publication.
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Figure 5.3. 2-Dimensional dendrogram from unsupervised hierarchical cluster analysis of the
MultiFlow biomarker dose-response Area Under the Curve (AUC) measurements from tested
compounds with a priori mode of action information. The Topo-II Poison compounds

etoposide, teniposide, mitoxantrone, and genistein all cluster in the same region depicted with

the clade labelled TI. The red arrows have been added to the figure to highlight the location
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of the Topo-II inhibitor compounds. Key: TI = Topo-II Inhibitor; C-L = Cross-Linker. Figure
adapted from Dertinger et al. (2019).

Additionally, the Toxys ToxTracker assay’s biomarker responses could provide
additional or complementary mechanistic information for the Topo-II Poison compounds in
addition to the MultiFlow biomarker responses. Again, based on the known mechanism of
action of the Topo-II Poison compounds, the ToxTracker biomarker responses are expected
to perform in line with the following events specific to biomarkers responsive to DNA
damage effects: The Rtkn biomarker should exhibit an increase in response associated with
ATM recruitment to DNA double strand breaks; the Btg2 biomarker should exhibit an
increase in response associated with p53 activation upon cell cycle stalling; and, the Bscl2
biomarker should exhibit an increase in response indicative of being activated by the ATR-

Chkl1 signalling pathway in response to stalled DNA replication forks (Hendriks et al., 2011).

With respect to existing data from the ToxTracker assay on the responsiveness of the
biomarkers to exposure to Topo-II compounds, Hendriks et al. (2015) included exposure of
etoposide and doxorubicin to the assay’s six green fluorescent protein (GFP) tagged mouse
embryonic stem cell reporter lines. GFP expression in genes associated with DNA damage
response was evaluated by flow cytometry. A compound is classed as genotoxic if a greater
than 1.5-fold increase in GFP-induction is achieved in the Bscl2 and Rtkn DNA damage
reporters. Figure 5.4 shows the GFP-biomarker response heat maps for the tested compounds

including etoposide and doxorubicin.
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Figure 5.4. Heat maps showing the relative fold-increase levels in GFP induction in the
ToxTracker 6 mES cell line biomarker responses. The Topo-II Poison compounds Etoposide
and Doxorubicin (outlined here with red boxes) show strong very strong induction in the
DNA damage response biomarkers Rtkn and Bscl2. There is some activation of the Btg2
reporter indicative of stalled replication forks, as well as the oxidative stress response
reporters Srxnl and Blvrb. There appears to be no expression of the unfolded protein
response Ddit3 biomarker for both compounds in these heat maps. Figure adapted from

Hendriks et al. (2015).
5.1.3.2 MultiFlow and ToxTracker Assay Potency Information

The same comparison can be made between the MultiFlow and ToxTracker assays
that the results are interpreted in the paradigm of hazard characterisation. Little potency
information can be derived from the biomarker response metrics presented in the assay data
interpretation. The most one can conclude is that perhaps doxorubicin is ‘more potent’ than

etoposide based on stronger induction of the DNA damage response biomarkers Figure 5.4
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studied in the ToxTracker assay, and that etoposide is ‘more potent’ than teniposide due to
the same argument in the MultiFlow assay Figure 5.3; however, the magnitude and levels of
uncertainty are missing in the comparative potency determinations based on comparing fold-

increase metrics.

It has already been demonstrated that the MultiFlow assay biomarker responses can
produce robust potency metrics when evaluated by BMD modelling across a range of
compound classes [Chapter 3 and Dertinger et al. (2019)]. There is limited existing published
data on BMD analysis of the ToxTracker biomarker responses. One recent article by
Cappellini et al. (2018) published the results of their study of exposure of cobalt-based
nanoparticles to the ToxTracker assay. The researchers performed BMD analysis of the
resulting biomarker dose-response datasets which proved amenable to BMD analysis when
dose-responses were evident. Some other researchers have initiated collaborative projects
with Toxys including BMD analysis of the ToxTracker datasets (personal communication
Giel Hendriks, Toxys B.V.) This provides some indication that the ToxTracker assay
biomarker dose-response datasets for the Topo-II Poison compounds should be responsive to

BMD analysis.

Thus, the primary hypothesis pertains to the suggestion that the combination of
biomarker potency information from the in vitro high throughput assays could add valuable
detailed quantitative mechanistic information about the Topo-II Poison class of compounds
beyond the published in vitro micronucleus (Lynch et al., 2003; Gollapudi et al., 2019) and
MultiFlow and ToxTracker assay hazard characterisation data (Hendriks et al., 2015;
Dertinger et al., 2019). No previously published literature existed where novel biomarker
responses had been assessed via BMD modelling for robust potency determinations for the

Topo-II Poison class of compounds.

5.1.4 Secondary Hypothesis: Potency Ranks Accounted for with Structural and

Mechanistic Information

It is important to acknowledge that the findings of Wills et al. (2016a) inspired the
secondary research hypothesis developed in this results chapter. Specifically, Wills et al.
(2016a) demonstrated that the BMD combined covariate approach applied to in vitro
micronucleus dose-responses for the benzimidazole class of compounds permitted robust

compound potency ranks (BMD confidence interval potency plot presented in Introduction
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Chapter Figure 1.10). The researchers scrutinised patterns in the confidence intervals in the
potency rank plot and suggested that the observed potency differences are on account of
compound structure. The authors proposed that the large moiety in the 5-position of
oxibendazole, mebendazole, and flubendazole may account for the higher potency than
benomyl and carbendazim that lack the same structural feature — which are all benzimidazole
derivatives that are known to competitively inhibit colchicine binding. Colchicine binding
site inhibitors act by a common mechanism via binding to the colchicine site on tubulin, and
subsequently inhibit tubulin assembly and suppressing microtubule formation (Lu et al.,
2012). Wills et al. (2016a) describes that diethylstilboestrol and the structurally similar
compound bisphenol-A display lower potencies likely due to the former compound’s non-
specific action at the colchicine binding site, and the latter compound’s effect on promoting
spindle poison polymerisation through stabilisation of the microtubule. The other
benzimidazoles albendazole oxide and thiabendazole showed lower potency whilst also
acting at the colchicine binding site. Wills et al. (2016a) concluded that emphasis on
compound mechanism of action and potency is needed in multi-compound genotoxicity

assessments.

To this end, it was hypothesised if the same approach could be applied to generating
genotoxic potency ranks within the Topo-II Poison class of compounds, however with dose-
response data from the MutliFlow and ToxTracker assay’s DNA damage response
biomarkers to provide more mechanistic information to support potential genotoxic potency

ranks of the same chemicals.
5.2 Materials and Methods

The following flow chart (Figure 5.5) summarises the methodology steps that were
followed to arrive at the results presented in this chapter. Each subsection of this materials

and methods chapter provides detail on steps 2 to 6 and 8 from the flow chart.
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1: Consultation with Litron and
Toxys for Hypothesis Development

2: In Vitro Genotoxicity Dataset
Database Curation

3: Combined Covariate BMD
Analyses MultiFlow and ToxTracker
Biomarker Dose-Response Datasets

4: Confidence Intervals
Determination and Plotting

5: MultiFlow and ToxTracker DNA
Damage Response Biomarker
Potency Correlation

6: Lhasa Derek Nexus Knowledge
Base Search

7: Visual Interpretation of Potency
Plots with Literature Search

8: Validation of MultiFlow and
ToxTracker Topo-Il Poison Potencies
with a Biochemical Assay

Figure 5.5. Materials and Methods Flow Chart
5.2.1 Datasets

Raw data for BMD analysis was provided by the collaborating scientists at Litron
Laboratories and Toxys. Raw data for BMD analysis in this chapter is defined as tabulated

median fluorescence, or median relative frequency data outputs from flow cytometric
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analysis performed at Litron Laboratories and Toxys B.V. Raw data for analysis other than
BMD analysis was either obtained from the Lhasa Derek Nexus software programme (section

5.2.5) or from literature (section 5.2.6).

MultiFlow assay raw data took the format of an Excel spreadsheet with headings
including compound name, concentration (uM), median fluorescence data for each compound
and concentration level for the biomarkers YH2AX and p53, median relative frequency values
for p-H3, polyploidy, RNC (Relative Nuclei Count), and RPD (Relative Population
Doubling). All measurements were performed at the 4-hour and 24-hour sampling timepoint

and indicated in the column heading.

ToxTracker assay raw data took the format of an Excel spreadsheet with a maximum
of 2 individual compounds reported separately per Tab. Tab headings including well, reporter
name, treatment (compound name), concentration (nug/mL), mean GFP values, induction
compared to control, cell concentration compared to control and survival compared to control
for all biomarker responses specific to Bscl2, Btg2, Rtkn, Srxnl, Blvrb, and Ddit3. All

measurements were performed at the 24-hour timepoint.
5.2.1.1 MultiFlow Assay Specific Information Pertaining to the Dataset

Litron Laboratories performed the benchtop experiments using Topo-II Poisons to
acquire the MultiFlow dataset for analysis. The assay has been extensively discussed in the
published literature (Bryce et al., 2014; 2016; 2017; 2018). Briefly, human lymphoblastoid
TK6 cells were prepared using the reagents and instructions specified in the MultiFlow DNA
damage kit — p53, YH2AX, Phosphohistone-H3. Cell suspensions were exposed to a total of 8
Topo-II Poison compounds (Table 5.1) and processed for flow cytometric analysis at the 4-
and 24-hour timepoints. Reported raw data were restricted to those concentrations that did not
exceed the MultiFlow assay’s cytotoxicity limit, that is, the top concentration of each
chemical had to exhibit <80% reduction to RNC at the 24-hour time point. In the absence of
excessive cytotoxicity, the top concentration was 1 mM, or the lowest precipitating

concentration, whatever was lower.
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Table 5.1. Topo-1II Compounds Studied in the MultiFlow Assay and their Identification

Compound Compound CAS No.
Abbreviation

Ciprofloxacin cip 85721-33-1
Doxorubicin dox 23241-92-8

Emodin emo 518-82-1
Etoposide etp 33419-42-0
Flumequine flm 42835-25-6

Genistein gen 446-72-0
Mitoxantrone mit 65271-80-9
Teniposide ten 29767-20-2

5.2.1.2 ToxTracker Assay Specific Information Pertaining to the Dataset

Toxys B.V. performed the benchtop experiments to acquire the ToxTracker dataset
for analysis. The assay has been extensively discussed in the published literature (Hendriks et
al., 2011; 2015). Briefly, mouse embryonic stem (mES) cells that were GFP tagged for the
assays specific biomarkers were exposed to a test set of 6 Topo-II Poison compounds (Table
5.2) at 5 test concentrations. Emodin and etoposide were exposed with and without S9.
Although neither compound requires metabolic activation to form genotoxic metabolites, the
exposure to S9 was included in the standard protocol. Following a 24-hour period of
incubation, the induction of GFP was measured by flow cytometry. The reporter activity was

determined as the mean fluorescent intensity from 5,000 intact cells.
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Table 5.2. Topo-1II Compounds Studied in the MultiFlow Assay and their Identification

Compound CAS No.
Doxorubicin 23241-92-8
Daunorubicin 20830-81-3

Emodin (+/- S9) 518-82-1
Etoposide (+/- S9) 33419-42-0
Mitoxantrone 65271-80-9
Teniposide 29767-20-2

5.2.2 Database Curation

The PROAST software requires data to be formatted for analysis including the following

specific strict rules:

e All decimal points in point format not comma format
e Empty cells are not allowed
e Spaces between text or units are not allowed
e The raw data takes the format of the data matrix. In this case, the data matrix was the
compound names, concentration values, median fluorescence, median relative
frequency, or percent values.
e Each column must have a header which describes the data in the data matrix
e Four rows must exist above the data matrix and complete according to the following
rules:
o First line: a one-word title that describes the data. In this case the MicroFlow
data had the heading “MicroFlow”, and the ToxTracker data had the heading
“ToxTracker”.

o Second line: the number of columns in the data matrix
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o Third line: includes a numerical code for the data type in the column (see
below)

o Fourth line: a one-word title for the column. The column title choices for the
MultiFlow and ToxTracker datasets are presented in Table 5.3 and Table 5.4,
respectively.

o Fifth and further lines: the data matrix.

e Data types (third line)

o 0 — for all columns not representing a response variable

o 1 —continuous data. In our case, all MultiFlow biomarker response variables
(YH2AX, p-H3, p53), and all ToxTracker biomarker (Bscl2, Btg2, and Rtkn)
GFP values are continuous data.

o 2 —Dbinary data (e.g., yes/no response in individual animals)

o 3 —ordinal data (e.g., histopathology scores of severities)

o 4 —quantal data (e.g., number of responding animals per number of animals in
the group)

o 5 —continuous data that are nested (e.g., fetal weights within litters)

o 6 — quantal data that are nested (e.g., number of fetuses affected within litters)

o 10— mean (continuous) response in a dose group

Data types 2 to 10 are out of scope of the MultiFlow and ToxTracker assay result
variables. Hence the third line for the MicroFlow and ToxTracker databases all included

either a value of 0 or 1.

Since not all variables are relevant to the hypotheses that were being tested in this
study, some columns were excluded from analyses. For example, although the MultiFlow
assay provides information relative to polyploidy through the evaluation of propidium iodide
gating logic — said column was excluded from the database. Percent RNC and RPD columns
were maintained since the data are indicative of treatment related cytotoxicity effects which
could prove important in interpreting the BMD analysis outputs. Additionally, the
ToxTracker data includes information on relative GFP induction compared to control, cell
concentration compared to control and survival compared to control. GFP and induction
scores are not in scope of the hypotheses tested in this study and so the columns were
removed. However, the relative survival column was maintained as well as an indicator of

test article induce cytotoxicity. Additionally, the focus was on the DNA damage response
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biomarkers including Bscl2, Btg2, and Rtkn that are hypothesised to be responsive to Topo-II
Poisons (5.1.3.1), and hence the oxidative damage Srxnl and Blvrb, and the unfolded protein
response biomarker Ddit3 were not included in the analyses. Table 5.3 and Table 5.4
summarise the final selected database columns, rows, and headers formats for the MultiFlow

and ToxTracker datasets, respectively.

The ToxTracker data concentration units were provided in pg/mL. One of the latter
steps in the process was to compare the potencies obtained from the ToxTracker biomarker
responses with those obtained from the MultiFlow biomarker responses. Hence, to normalise
the concentration to the same molar concentration units, the ToxTracker concentrations were
converted from pg/mL to uM using the molecular weight of the compounds per PubChem
(https://pubchem.ncbi.nlm.nih.gov/) by searching the compound using the CAS numbers
provided in Table 5.2. Transformation from pg/mL to uM is achieved by normalising the
mass concentration to g/L and then division by the molecular mass in g/mol, followed by
conversion to uM units. For example, one of the tested concentrations of emodin was 125
pg/mL, which equals 0.125 g/L, and the same compound has a molecular weight of 270.24
g/mol (https://pubchem.ncbi.nlm.nih.gov/#query=emodin). Therefore, the molar
concentration is 0.46 uM (0.125 g/L + 270.24 g/mol x 1000).
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Table 5.3. Replication of the MultiFlow database columns, rows, and headers formatted per PROAST strict data formatting

requirements

Row
Number

1 MultiFlow

2 10

3 0 1 1 1 1 1 1 1 1

4 Compound | Conc.uM | 4hr.gH2AX | 24hr.gH2AX | 4hr.pH3 | 24hr.pH3 | 4hr.p53 | 24hr.p53 | RNC.perc | Cytotoxicity.perc®
5 and Data Matrix...
more...

8 Cytotoxicity was calculated at 100% minus the %RNC at 24-hours.
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Table 5.4. Replication of the MicroFlow database columns, rows, and headers formatted per PROAST strict data formatting

requirements
Row
Number
1 ToxTracker
2 8
3 0 0 0 1 1
4 Compound | Conc.uM Bscl2 GFP Bscl2_ Surv® Btg2 GFP Btg2 Surv’ Rtkn GFP Rtkn Surv®
5and Data Matrix...
more. ..

® Surv = Relative Survival metrics provided in the ToxTracker datasets
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Once the Excel databases were formatted according to the strict rules prescribed by
PROAST, the Excel sheets were transformed into tab delimited files (.txt) and stored in a

working repository.
5.2.3 Working in PROAST

PROAST v61.2 (for MultiFlow data) or v69.1 (for ToxTracker data) software
package (http://www.proast.nl) operating in the R statistical suite was used for the BMD
analyses presented in this chapter. The ‘MENU’ version of PROAST was used to navigate
through the data and variables selection process in the BMD analyses. Firstly, the .txt files
were imported into PROAST and analysed independently. The ‘continuous’ data type was
selected from the MENU option, and ‘concentration’ selected as the ‘independent variable’.
The MENU option of the PROAST package was navigated to select the appropriate
parameters to perform BMD analysis of the MultiFlow and ToxTracker biomarker response
dataset. The MultiFlow responses included each of the MultiFlow biomarkers — being 4- and
24-hour p53, 4- and 24-hour YH2AX, and 4- and 24-hour p-H3. The ToxTracker responses
included each of the ToxTracker biomarkers under test — being Bscl2-GFP, Btg2-GFP, and
Rtkn-GFP.

5.2.4 BMD Analysis

For the MultiFlow biomarker responses (24-hour YH2AX, p53, and p-H3) consistent
with the approach reported in Chapter 3.2.4 of this thesis, the selection of the maximal 4-
parameter model (model 5) was selected from the PROAST menu (equation below). The
maximal exponential model was selected based on it containing the greatest number of
parameters for describing the dose response. A Hill model was not included in the analyses
based on the work of (Slob and Setzer, 2014) who demonstrated that the shape and steepness

of dose-response curves do not differ between the results of either exponential or Hill models.
Exponential Model 5: y = a [c —(c—1) exp (— %)d] witha >0,b > 0,c>0,d =1,

where y denotes the continuous endpoint, and the dose by x. Parameter a = the level of the
endpoint at dose 0; b = potency/efficacy of the test compound on the shape of the response; ¢
= maximum fold-change in response; and d = rate of change in the response constrained to

values equal to or larger than 1.
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For the ToxTracker dataset PROAST v69.1 included the option to select either model
3 or model 5 when performing BMD analysis to reflect the latest BMD guidance
recommended by EFSA (EFSA, 2017). In doing so, the model with the lowest Akaike
Information Criterion (AIC) is selected for calculating the BMD confidence interval. In brief,
AIC provides the means for model selection based on the quality of each model considering
the prediction error within each model (McElreath, 2018; Taddy, 2019). The AIC analyses
resulting in the selection of the maximal 4-parameter exponential model based on it
containing the greatest number of parameters for describing the dose response (Slob and
Setzer, 2014; EFSA, 2017). A Hill model was not included in the analyses based on the work
of (Slob and Setzer, 2014), who demonstrated that the shape and steepness of dose-response

curves do not differ between the results of either exponential or Hill models.
5.2.4.1 Critical Effect Size Determination

For the MultiFlow datasets, different values of CES were selected to determine if
choice of CES impacted the potency rank order of the Topo-II poisons evaluated in the
MultiFlow assay. To this end, the following CESs were trialled for the MultiFlow biomarker
response BMD analyses: 4- and 24-hour YH2AX 0.1 (10%), 0.5 (50%) and 1.0 (100%); 4-
and 24-hour p53 0.1 (10%), 0.2 (20%) and 0.5 (50%); and 4- and 24-hour p-H3 0.1 (10%),
0.2 (20%) and 0.5 (50%). The CES values for the yH2AX biomarker were selected to bracket
the CES ranges (0.2-0.4) recommended by Zeller et al. (2016) for the same biomarker
response. The CES values for the p53 and p-H3 biomarker responses were arbitrarily selected
to determine if more conservative CES values impacts the potency rank order compared to
the previous experience of CES 0.3 and 0.5 for the same biomarkers (Chapter 3 and Chapter

4). Potency rank orders were visually compared across all biomarker responses.

For the ToxTracker datasets, PROAST v69.1 includes the option to calculate and use
an endpoint specific CES based on maximum response and within group variance described
in Slob (2017). An endpoint specific CES can be termed a marker specific CES for these in
vitro biomarker responses. Thus, the option was selected and resulted in marker specific
CESs for the ToxTracker biomarker responses. For proof-of-concept, a CES of 0.5 (50%)
was also selected to provide potency comparison with the MultiFlow biomarker responses

under the marker specific CES conditions.
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5.2.4.2 Confidence Interval Determination

The PROAST standard 90% confidence intervals were calculated for each level
(compound) of the covariate and save in an R data file. The confidence intervals were
automatically plotted by PROAST in a Log plot. Note that PROAST v61.2 standard output
does not organise each level of the covariate (compound) in order of potency rank order.
Manual rearrangement of the potency rank order was performed for the MultiFlow
compounds by ranking the compounds by Log midpoint and numbering them from 1 to 8.

PROAST v69.1 standard output ranks confidence intervals in rank order by Log midpoint.
5.2.4.3 System Cross-Correlation

To perform system cross-correlations, the previously determined 90% confidence
intervals for each covariate of the MicroFlow and ToxTracker assay biomarker responses
were re-imported into PROAST and the ‘f.bigtable’ function was used to collate a tabulated
format for the confidence interval values. In doing so, irrelevant columns were removed from
the file by following the steps in the PROAST menu options. A .txt file was generated by
PROAST that contained the BMD confidence bounds and the relevant labels for each of the
associated factors that were originally present in the other columns of the dataset. The file
was saved in the working directory as a ‘bigtable’. A ‘bigtable’ was created for each
endpoint’s BMD analysis, i.e., 4- and 24-hour YH2AX, p53 median fluorescence, p-H3
frequency data, Bscl2-GFP, Btg2-GFP, and Rtkn-GFP. Finally, a new working directory was
created and the relevant ‘bigtable’ .txt files were copied into the new working directory and
the ‘f.cor.table’ PROAST function was used to begin the process of iteratively creating BMD
correlation plots. A ‘crosstable’ was created, where the confidence intervals from two
systems are present for each dataset according to the chosen covariate. The ‘crosstable’ was
used upon entering the ‘f.cor.plot’ command with 2 different biomarker responses of choice

labelled on the x and y axes, respectively.

Since the goal was to correlate the confidence intervals from compounds assessed for
similar mechanistic responses to DNA damage in the MultiFlow and ToxTracker assays, the
following correlations were created based on the a-priori knowledge of Topo-II Poison

genotoxic mechanisms of action:

e DNA double strand breaks: MultiFlow YH2AX induction versus ToxTracker Rtkn-

GFP expression
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e p53 dependent cell cycle delay: MultiFlow p53 induction versus ToxTracker Btg2-
GFP expression
e Stalled replication forks cell cycle delay/mitotic arrest: MultiFlow p-H3

downregulation versus ToxTracker Bscl2-GFP expression
5.2.5 Derek Nexus Structural Activity Knowledge

An important step in performing risk characterization of chemicals is evaluating
compound read across (analogue searching). The methodology involves comparing com-
pounds of interest to one of familiarity with respect to compound structure and known
toxicological effects (Dearfield et al., 2017). Expert rule-based Quantitative Structure-
Activity Relationship [(Q)SAR] software programs have been developed and are used in
industry genotoxicity assessments. Although these methodologies are typically utilized for
classifying compounds based on their bacterial mutagenic potential, the expert rule-based
software, Derek Nexus, can provide useful structural alert information to aid in further
compound sub-categorization. Typically, the approach is restricted to qualitative hazard
identification (ie, substance X has known mutagenic potential) (Amberg et al., 2016; Barber
et al., 2017), however can provide structural alert information for other measures of
genotoxicity (such as chromosome aberrations) and other toxicological endpoints such as
skin sensitisation and hepatotoxicity (Segall and Barber, 2014). To this end, the Derek Nexus
database was utilised to search for structural alerts and to provide compound structural
information specific to the Topo-II Poison compounds tested in the MultiFlow and

ToxTracker systems.
5.2.6 Fluorescence Anisotropy Assay Data

One step in the process was to compare the Topo-II Poison compound potencies obtained
from the in vitro high throughput flow cytometric methods (MultiFlow and ToxTracker) with
another quantitative test system with the aim of the comparison maybe providing more
mechanistic information and to test for the introduction of bias. To this end, a study by
(Shapiro and Austin, 2014) was identified in which the authors developed a high-throughput
fluorescence anisotropy-based assay specific to human Topo-II. The assay measures ATP-
dependent relaxation of supercoiled plasmid DNA by the Topo-II enzyme. The assay was
used to compare potency amongst 19 compounds, 7 of which match with the compounds

studied in the MultiFlow and ToxTracker assays.
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5.2.6.1 Statistical Analysis

The reported summary data (mean, standard deviation, and number of replicates) from the
Shapiro and Austin (2014) publication of the Topo-II a and  enzyme inhibitory potencies
(ICso uM) measured in triplicate were used to calculate the Logio of the mean and subsequent
standard errors and plotted in Excel. Logio was used to transform the data to approximate
normality (Feng et al., 2014). Standard error of the mean (SEM) was used since it provides
the margin of error associated with the ICso value, which can be regarded as somewhat
related to the BMD confidence intervals used to relate the level of uncertainty associated with
the BMD estimate. SEM for each compound’s ICso potency was calculated using the

following formula:

SEM (0%) = —
0x) = —
Vn

where:

o = standard deviation

X = the sample’s mean

n = the sample size.

5.3 Results

5.3.1 BMD Analyses MultiFlow Biomarker Dose-Responses

Four parameter exponential BMD models applied to the MultiFlow biomarker
responses resulted in good dose-response for most compounds. The following exceptions
were observed in all CES selected for BMD analysis: Ciprofloxacin yielding no dose
response in the 4- and 24-hour YH2AX biomarkers (Figure 5.6), and marginal scatter in the
4-hour p53 and 4-hour p-H3 biomarkers dose-responses (Figure 5.7); and flumequine
yielded no dose-response in the 24-hour p53 and 4-hour p-H3 biomarker (Figure 5.8), and

marginal scatter in the 24-hour p-H3 biomarker dose-response (Figure 5.9).
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Figure 5.6. BMD dose-response models for ciprofloxacin in the 4-hour (left panel) and 24-
hour (right panel) YH2AX biomarker responses. Large amounts of scatter are visible across

all concentrations tested yielding no dose-response. Abbreviation: cip = ciprofloxacin.
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Figure 5.7. Individual dose-responses for ciprofloxacin tested in the 4-hour p53 (left panel)
and 4-hour p-H3 (right panel) biomarker responses. Marginal scatter is observed in both

curves which impacts the precision of the BMD estimate.

216



4-hour p-H3

Exponential model

24-hour p53
fim

- FAY
Q_ —
c o

o, &
g % .
i A‘@ 2o
g sl g

RS e © ®
g £ o .
: 5 17
y I I I I
4 2 0 2 o o T

T T T T T T T

T
05 00 05 10 15 20 25 30
log10-Concentration.uM

Figure 5.8. Individual dose-response curve (left panel) and BMD dose-response (right panel)
for flumequine tested in the 24-hour p53 (left panel) and 4-hour p-H3 (right panel) biomarker
responses with CES of 0.5. No dose-response was returned in either biomarker response.

Abbreviation: flm = flumequine.
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Figure 5.9. Individual dose-response curve for flumequine tested in the 24-hour p53
biomarker. Marginal scatter was observed in the dose-response curve. Abbreviation: flm =

flumequine.

The dose-responses responded in the direction expected upon exposure to Topo-II
Poisons. I.e., the YH2AX and p53 biomarkers were induced indicative of double strand breaks
and cell cycle delay, respectively. The p-H3 biomarker became downregulated because of
replication fork blockage and mitotic arrest. Dose-response curves for the 24-hour sampling
time for each biomarker are shown in Figure 5.10, Figure 5.11, and Figure 5.12 for

illustration purposes to show the direction of the dose-response for the biomarker responses.
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Dose-response curves for the 4-hour biomarker responses can be found in Appendix 5. Topo-

II Poison 4-hour BMD Dose-Response Curves for MultiFlow Biomarker Responses.
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Figure 5.10. BMD dose-response model for the Topo-II Poisons exposure to TK6 cells 24-

hour YH2AX biomarker response. Induction (increase) of the YH2AX response is indicative

of DNA double strand breaks from Topo-II Poison exposure.
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Figure 5.11. BMD dose-response model for the Topo-II Poisons exposure to TK6 cells 24-

hour p53 biomarker response. Induction (increase) of the p53 response is indicative of cell

cycle delay from Topo-II Poison exposure.
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Figure 5.12. BMD dose-response model for the Topo-II Poisons exposure to TK6 cells 24-
hour p-H3 biomarker response. Downregulation (decrease) of the p-H3 response is indicative

of replication fork blockage and mitotic arrest from Topo-II Poison exposure.
5.3.2 Various CES Values Hypothesis Testing

The following CESs were used for the MultiFlow biomarker response BMD analyses:
4- and 24-hour YH2AX 0.1 (10%), 0.5 (50%) and 1.0 (100%); 4- and 24-hour p53 0.1 (10%),
0.2 (20%) and 0.5 (50%); and 4- and 24-hour p-H3 0.1 (10%), 0.2 (20%) and 0.5 (50%). The
resulting confidence intervals were plotted in a Log scale for each level of the covariate for
each CES. Figure 5.13 shows the 24-hour YH2AX biomarker confidence interval plot,
Figure 5.14 for the 24-hour p53, and Figure 5.15 for the 24-hour pH3. Only the confidence

interval plots for the 24-hour timepoint biomarker responses are shown herein since
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consistency was observed in the 4-hour timepoint (all 4-hour plots can be found in Appendix

6. Topo-II Poison 4-hour BMD Confidence Intervals for MultiFlow Biomarker Responses).
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24-hour yH2AX BMD Confidence Interval Plots with Different CESs
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Figure 5.13. BMD Confidence Interval Plots resulting from different CES values. CED (Critical Effect Dose) denoted on the x-axis
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corresponding to the indicated CESs in percent. Panel left to right CES 0.1 (10%), 0.5 (50%) and 1.0 (100%) for the 24-hour YH2AX biomarker

responses to Topo-II Poison compounds. The compound abbreviations cited on the right-hand side of each panel correspond to the compound

identification information in Table 5.1. The potency rank order does not differ between the three different CESs.
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24-hour p53 BMD Confidence Interval Plots with Different CESs
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Figure 5.14. BMD Confidence Interval Plots resulting from different CES values for the 24-hour p53 biomarker responses to Topo-II Poison
compounds. CED (Critical Effect Dose) denoted on the x-axis corresponding to the indicated CESs in percent. Panel left to right CES 0.1 (10%),
0.2 (20%) and 0.5 (50%). Compound abbreviations on the right-hand side of each panel following the abbreviations in Table 5.1. The potency
rank order does not differ between the three different CESs.
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24-hour p-H3 BMD Confidence Interval Plots with Different CESs
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Figure 5.15. BMD Confidence Interval Plots resulting from different CES values for the 24-hour p-H3 biomarker responses to Topo-II Poison
compounds. CED (Critical Effect Dose) denoted on the x-axis corresponding to the indicated CESs in percent. Panel left to right CES 0.1 (10%),
0.2 (20%) and 0.5 (50%). Compound abbreviations on the right-hand side of each panel following the abbreviations in Table 5.1. The potency
rank order does not differ between the three different CESs.
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5.3.3 BMD Confidence Interval Potency Ranks

PROAST v62.1 did not produce confidence interval plots in rank order arranged by
confidence interval Log midpoint. It was deemed ideal to display the confidence interval
plots with decreasing potency from left to right of the plot consistent with the confidence
interval plots in the literature (Wills et al., 2016a; 2016b; 2017). Since PROAST v62.1
ordered the confidence intervals by alphabetical or numerical order, this issue was overcome
by manually coding the potencies in rank order from 1 to 8 for the maximum number of
compounds tested. Thus, PROAST v62.1 generated BMD confidence interval plots in
potency rank ordered arranged by Log midpoint. Each biomarker response BMD confidence
interval plots are presented in Figure 5.16, Figure 5.17, and Figure 5.18. Since the potency
rank order did not differ based on the choice of CES, a CES of 0.5 (50%) was selected for all

further data analysis and interpretation.

There were very small confidence intervals obtained for most compounds in the
MultiFlow biomarker responses, generally in the order of approximately 0.25-0.50 orders of
magnitude, which demonstrates excellent BMD precision in these analyses. The least potent
Topo-II Poisons ciprofloxacin and flumequine were problematic showing some instances of

disproportionately large or infinite BMDUS in the confidence interval potency plots.
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4-hour yH2AX BMD Confidence Interval Plot
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Figure 5.16. BMD confidence interval plots for the yH2AX biomarker responses. Confidence intervals are plotted in potency rank order with
decreasing potency from left to right. There were very small bound confidence intervals for most compounds. No dose-response for
ciprofloxacin in the 4-hour YH2AX biomarker and infinite BMDU in the 24-hour YH2AX biomarker shown as a dashed line confidence interval.
Flumequine’s BMDU was disproportionally larger, so plotting was restricted in the BMDU in the 24-hour YH2AX biomarker response. x-axis
represents Log10 concentration (uM). Figure adapted from Wheeldon et al. (2020).
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4-hour p53 BMD Confidence Interval Plot
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Figure 5.17. BMD confidence interval plots for the p53 biomarker responses. Confidence intervals are plotted in potency rank order with
decreasing potency from left to right. x-axis represents Log10 concentration (uM). There were very small bound confidence intervals for most
compounds. Flumequine’s BMDU was disproportionally larger, so plotting was restricted in the BMDU in the 24-hour p53 biomarker response.
Figure adapted from Wheeldon et al. (2020).
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4-hour p-H3 BMD Confidence Interval Plot
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Figure 5.18. BMD confidence interval plots for the p-H3 biomarker responses. Confidence intervals are plotted in potency rank order with
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decreasing potency from left to right. x-axis represents Log10 concentration (uM). There were very small bound confidence intervals for most

compounds. Unbound confidence intervals for ciprofloxacin and flumequine shown as dashed lines in the 4-hour p-H3 plot. Figure adapted from

Wheeldon et al. (2020).
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5.3.4 BMD Analyses ToxTracker Biomarker Responses

Exponential model 5 was selected as the best model to describe the dose-responses of
the ToxTracker GFP-biomarker responses after exposure of mES cells to the Topo-II Poison
compounds tested in the system. The exponential model 5 contains the full complement of
dose-response model parameters consistent with other genotoxicity dose-response analyses
reported in the literature (Slob and Setzer, 2014; EFSA, 2017). In general, excellent dose-
response curves were returned for most compounds and ToxTracker biomarkers responsive to
DNA damage. The exception was doxorubicin whose 2" concentration above the control
seemed to be an outlier (Figure 5.19). BMD model dose-response curves (endpoint specific
CES and CES 0.5) for the Topo-II Poisons tested in ToxTracker DNA damage response
biomarkers Rtkn-GFP, Btg2-GFP, and Bscl2-GFP are shown in Figure 5.20, Figure 5.21,
and Figure 5.22, respectively.

Rtkn-GFP Btg2-GFP Bscl2-GFP
Doxorubicin-- Doxorubicin-- Doxorubicin--
5 A A R A
A a

Figure 5.19. Dose-response curves for doxorubicin in the Rtkn-GFP, Btg2-GFP, and Bscl2-
GFP biomarker responses showing the 2" concentration above the control outlier circled in

red.

The dose-responses responded in the direction expected upon exposure to Topo-1I
Poisons. I.e., the Rtkn-GFP biomarker was induced indicative of DNA double strand breaks,
the Btg2-GFP biomarker was induced due to p53 activation and cell cycle delay, and the
Bscl2-GFP biomarker was induced from because of ATR recruitment to checkpoint 1
inducing mitotic arrest. The direction of the dose-response curves for each biomarker is
evident in Figure 5.20, Figure 5.21, and Figure 5.22. Individual dose-response curves for

each level (compound) of the covariate for each biomarker can be found in Appendix 7.
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Individual Dose-Response Curves for the MultiFlow and ToxTracker System Biomarker

Responses Resulting from Topo-II Poison Exposure
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Figure 5.20. BMD dose-response model for the Topo-II Poisons exposure to mES cells for 24-hour and evaluated for Rtkn-GFP expression

using the ToxTracker assay. Induction (increase) of the Rtkn-GFP response is indicative of DNA double strand breaks from Topo-II Poison

exposure. Left panel endpoint specific CES of 0.354. Right panel fixed CES 0.5.
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Figure 5.21. BMD dose-response model for the Topo-II Poisons exposure to mES cells for 24-hour and evaluated for Btg2-GFP expression
using the ToxTracker assay. Induction (increase) of the Btg2-GFP response is indicative of p53 recruitment and cell cycle delay from Topo-II

Poison exposure. Left panel endpoint specific CES of 0.232. Right panel fixed CES 0.5.
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Figure 5.22. BMD dose-response model for the Topo-II Poisons exposure to mES cells for 24-hour and evaluated for Bscl2-GFP expression
using the ToxTracker assay. Induction (increase) of the Bscl2-GFP response is indicative of stalled replication forks recruiting ATR for

checkpoint 1 control. from Topo-II Poison exposure. Left panel endpoint specific CES of 0.179. Right panel fixed CES 0.5.
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5.3.4.1 Marker Specific CES Hypothesis Testing

The marker specific CESs calculated by PROAST for the ToxTracker biomarker
responses were 0.354 (35.4%) for Rtkn-GFP, 0.232 (23.3%) for Btg2-GFP, and 0.179
(17.9%) for Bscl2-GFP. BMD confidence interval plots were automatically generated by
PROAST v69.1 and arranged the BMD confidence intervals by Log midpoint with
decreasing potency from left to right. The BMD confidence intervals of each biomarker with
a marker specific CESs was compared with those derived from a CES 0.5 (50%). Figure 5.23
shows the comparison of BMD confidence intervals for Rtkn-GFP, Figure 5.24 for Btg2-
GFP, and Figure 5.25 for Bscl2-GFP.
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Rtkn-GFP BMD Confidence Intervals Plots with Different CESs

log10- CED-0.354

Figure 5.23. BMD confidence interval plots for the Rtkn-GFP biomarker response with a marker specific CES (left panel) versus a fixed CES of

0.5 (50%) (right panel).
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Btg2-GFP BMD Confidence Intervals Plots with Different CESs
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Figure 5.24. BMD confidence interval plots for the Btg2-GFP biomarker response with a marker specific CES (left panel) versus a fixed CES of

0.5 (50%) (right panel).
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Bscl2-GFP BMD Confidence Intervals Plots with Different CESs
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Figure 5.25. BMD confidence interval plots for the Bscl-2-GFP biomarker response with a marker specific CES (left panel) versus a fixed CES
of 0.5 (50%) (right panel).
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5.3.4.2 BMD Confidence Interval Potency Ranks

BMD confidence interval plots were generated by PROAST v69.1 arranged by
decreasing potency via confidence interval Log midpoint for the ToxTracker biomarkers
responsive to DNA damage. Each biomarker response BMD confidence interval plots are
presented in Figure 5.26. Confidence intervals were generated using CES 0.5 (50%) for all
biomarker dose-responses to be consistent with the MultiFlow endpoint BMD analyses for

further data analysis and comparative results interpretation.

BMD confidence intervals were generally wider than those obtained from the
MultiFlow assay’s biomarker responses, with maximum confidence interval width in the

order of 1-Log.
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Figure 5.26. BMD confidence interval plots for the ToxTracker biomarker responses specific to DNA damage. Confidence intervals are plotted

in potency rank order with decreasing potency from left to right. There were bound confidence intervals for all compound and biomarker

combinations with maximum span of approximately 1 order of magnitude. x-axis represents Log10 concentration (LM).
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5.3.5 Mechanistic Biomarker Cross-Correlations

The confidence intervals from compounds assessed for similar mechanistic responses to
DNA damage in the MultiFlow and ToxTracker assays were correlated based on the a-priori

knowledge of Topo-II Poison genotoxic mechanisms of action, including:

e DNA double strand breaks: MultiFlow YH2AX induction versus ToxTracker Rtkn-
GFP expression Figure 5.27.

e p53 dependent cell cycle delay: MultiFlow p53 induction versus ToxTracker Btg2-
GFP expression Figure 5.28.

e Stalled replication fork cell cycle delay/mitotic arrest: MultiFlow p-H3

downregulation versus ToxTracker Bscl2-GFP expression (Figure 5.29).
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Figure 5.27. Cross-correlation plots for the same Topo-II Poisons tested in the MultiFlow and ToxTracker assay biomarkers indicative of DNA
double strand breaks. The x and y axes represent Log10 concentration of compounds in pM. The dashed parallel lines were drawn to encompass
most of the BMD CIs. The dashed square box default PROAST output encompassing finite BMD ClIs. All CIs lie within the dashed lines
showing a magnitude of approximately 1-Log. Left Panel: 4-hour YH2AX versus Rtkn-GFP responses. Right Panel: 24-hour YH2AX versus
Rtkn-GFP responses. Abbreviation: BMD = Benchmark Dose, CI = Confidence Interval.
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Figure 5.28. Cross-correlation plots for the same Topo-II Poisons tested in the MultiFlow and ToxTracker assay biomarkers indicative of p53
dependent cell cycle delay. The x and y axes represent Log10 concentration of compounds in uM. The dashed parallel lines were drawn to
encompass most of the BMD ClIs. The dashed square box default PROAST output encompassing finite BMD ClIs except outliers. Most Cls lie
within the dashed lines except for teniposide which is an outlier in the 24-hour p53 biomarker dose-response. Correlation of between 1 and 2
orders of magnitude for the biomarkers. Left Panel: 4-hour p53 versus Btg2-GFP responses. Right Panel: 24-hour p53 versus Btg2-GFP

responses. Abbreviation: BMD = Benchmark Dose, CI = Confidence Interval.
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Figure 5.29. Cross-correlation plots for the same Topo-II Poisons tested in the MultiFlow and ToxTracker assay biomarkers indicative of stalled
replication forks and mitotic arrest. The x and y axes represent Log10 concentration of compounds in uM. The dashed parallel lines were drawn
to encompass most of the BMD Cls. The dashed square box default PROAST output encompassing finite BMD ClIs. The dashed square box
default PROAST output encompassing finite BMD Cls. All CIs lie within the dashed lines showing a magnitude of approximately 1-2-Log. Left
Panel: 4-hour p53 versus Btg2-GFP responses. Right Panel: 24-hour p53 versus Btg2-GFP responses. Abbreviation: BMD = Benchmark Dose,

CI = Confidence Interval.
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5.3.6 Derek Nexus Structural Activity Knowledge

Derek Nexus was searched to find compound structural features that may relate to
genotoxic potency. The alert descriptions and structural information were found in the Derek
Nexus database relating to the individual compounds. The information permitted the
grouping of Topo-II Poison compounds into the following 4 different sub-classes:
Anthraquinones (mitoxantrone, daunorubicin, doxorubicin); podophyllotoxins (teniposide

and etoposide); quinolones (ciprofloxacin and flumequine) and an isoflavone (genistein).

The Topo-II Poison compound sub-classes, Derek Nexus alerts and compound

structures are presented in Table 5.5.
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Table 5.5. Topo-1I Poison Compound Subclassification and Derek Nexus Alert Descriptions

Compound Sub- Topo-1I Poison
Derek Nexus Alert Description Compound Structure
Class Compound
H
;.
’/ H
H. _~
o :
Hydroxylated l _» H ]
Anthraquinone Mitoxantrone anthraquinone/Hydroquinone “ ’ ’ ”
derivative; Ethanolamine ’ H J
0 0 N_
T,
H
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Compound Sub-
Class

Topo-1I Poison

Compound

Derek Nexus Alert Description

Compound Structure

Anthraquinone

Daunorubicin

Hydroxylated
anthraquinone/Hydroquinone
derivative; Anthracycline; Alkyl

aldehyde or precursor.

= ||llll....'\'.
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Compound Sub-
Class

Topo-II Poison

Compound

Derek Nexus Alert Description

Compound Structure

Anthraquinone

Doxorubicin

Hydroxylated anthraquinone and/or

derivative; Anthracycline

= ||llll....(.

0—H
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Compound Sub-
Class

Topo-1I Poison

Compound

Derek Nexus Alert Description

Compound Structure

Anthraquinone

Emodin

Hydroxylated anthraquinone or

precursor; Anthraquinone derivative
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Compound Sub-
Class

Topo-1I Poison

Compound

Derek Nexus Alert Description

Compound Structure

Podophyllotoxin

Teniposide

Podophyllotoxin or analogue;

Thiophene
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Compound Sub-
Class

Topo-II Poison

Compound

Derek Nexus Alert Description

Compound Structure

Podophyllotoxin

Etoposide

Podophyllotoxin or analogue
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Compound Sub-
Class

Topo-1I Poison

Compound

Derek Nexus Alert Description

Compound Structure

Quinolone

Ciprofloxacin

Halogenated quinolone-3-

carboxylic acid

|
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Compound Sub-
Class

Topo-1I Poison

Compound

Derek Nexus Alert Description

Compound Structure

Quinolone

Flumequine

Quinolone-3-carboxylic acid
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Compound Sub-
Class

Topo-II Poison

Compound

Derek Nexus Alert Description

Compound Structure

Isoflavone

Genistein

4'7-Dihydroxyisoflavone or

derivative; Enol ether

Iz—0Q
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5.3.7 Topo-1I Poison Potency Fluorescent Anisotropy Assay

The summary statistics for the same Topo-II Poison compounds studied in the

fluorescent anisotropy assay as the MultiFlow and ToxTracker assays reported in this chapter

were exported from the publication by Shapiro and Austin (2014). The summary statistics

(mean and standard deviation) as they appear in Shapiro and Austin (2014) are replicated in

Table 5.6.

Table 5.6. Inhibitory potencies (ICsos) versus human Topo-IIa and B by 7 Topo-II

Poisons common in the Shapiro and Austin (2014) publication to those studies in the

MultiFlow and ToxTracker assays.

Topo-II Poison Compound Topo-Ila ICso (nM) Topo-1If ICso (nM)
Daunorubicin 1.6 £0.2 1.1+0.2
Doxorubicin 1.5+0.2 1.1+0.3
Etoposide 8.1£3.0 15+6.9
Teniposide 14+0.3 3.7+ 14
Mitoxantrone 10405 0.5+0.2
Genistein 41+1.0 35+1.0
Ciprofloxacin 110 £25 111 £15

Means + standard deviations of 3 replicates.

The summary statistics were Log10 transformed to approximate to a normal

distribution and the Log10 values of the standard deviations were used to calculate standard

errors. Log10 means and standard errors were plotted in order of Log10 midpoint (mean)

(Figure 5.30).
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Summary Statistics for Topo-Il Poison Inhibitory Concentrations (ICg,)
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Figure 5.30. Log10 mean inhibitory (ICsos) potencies and standard errors plotted for the matching 7 Topo-II Poison compounds reported in
(Shapiro and Austin, 2014). Log10 means shown with the black square datapoints. Uncapped standard errors plotted in the horizontal direction.

x-axis Log10 ICso concentration in uM units. Compounds and Topo-II enzyme isomer plotted on the y-axis.
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5.4 Discussion
5.4.1 Topo-II Poison BMD Potency and Assay Mechanistic Information

In general, the BMD dose response analyses results reported in this results chapter
demonstrated that the MultiFlow and ToxTracker assays can generate high quality potency
information for classes of compounds of interest. In this instance, the Topo-II compounds
were tested due to their unique genotoxic mechanisms of action. The BMD dose-responses
were high quality with very small confidence intervals (approximately 0.25-0.50 orders of
magnitude) for most compounds MultiFlow assay biomarker responses — with ciprofloxacin
and flumequine being the exceptions. Ciprofloxacin and flumequine yielded a combination of
no dose-response or varying degrees of scatter in the BMD analyses of the MultiFlow
biomarker dose-response as shown in Figure 5.6, Figure 5.7, Figure 5.8, and Figure 5.9.
Instances where ciprofloxacin and flumequine dose-responses exhibited scatter resulted in
wider confidence intervals compared with other compounds with better dose-response
relationships, which relates to the underlying uncertainty in the dose-response datasets for the
same compounds. It is suggested that the uncertainty may be reduced to some extent with
repeat experiments, however these compounds demonstrated the lowest potency among all
the tested Topo-II Poisons in these experiments, which also relates to the efficacy of the

MultiFlow tests system with low sensitivity to low potent compounds.

The ToxTracker assays GFP-biomarker dose-responses also responded well to BMD
modelling with good quality small confidence intervals (approximately 1 order of magnitude)
being returned for all Topo-II Poison compounds across all DNA damage response GFP-
biomarkers. Although the confidence intervals were larger than those obtained for the same
compounds in the MultiFlow biomarker responses, 1-Log is still considered good quality and
consistent with other good quality BMD confidence intervals reported in the literature
(Soeteman-Hernandez et al., 2015; 2016). The most plausible explanation for the
comparative difference in confidence interval width between the two systems is the lower
number of concentration levels tested in the ToxTracker system compared to the MultiFlow
assay — where only 5 concentrations levels of each Topo-II Poison compound were included
for exposure to the mES cells in the ToxTracker assay, compared to the range of 11-20 Topo-
II Poison compound concentration levels exposed to the TK6 cells in the MultiFlow assay.
Increasing the number of concentration levels results in more precise BMD estimates (Wills

et al., 2016b).
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Exposure to Topo-II Poisons results in DNA double strand breaks, stabilisation of the
Topo-II-DNA cleavage complex resulting in replication fork collapse, cell cycle delay, and
mitotic arrest (Berger, 1998; Lynch et al., 2003; Deweese and Osheroff, 2008). In the same
respect, the MultiFlow and ToxTracker assays responded as expected regarding the Topo-II
Poison mechanism of action. Increases in DNA double strand breaks was associated with
YH2AX induction in the MultiFlow assay, and Rtkn-GFP activation in the ToxTracker assay.
Nuclear p53 translocation was associated with an increase in p53 signal in the MultiFlow
assay and accompanied with Btg2-GFP induction in the ToxTracker assay. Btg2 is a
component of the p53-dependent DNA damage response and is involved in regulation of the
G1/S cell cycle checkpoint. A normally dividing cell would undergo mitosis as the cell cycle
progresses, with accompanied phosphorylation of histone H3 in late G2 phase (Hans and
Dimitrov, 2001). With a cell cycle that has been delayed due to Topo-II Poison activity,
histone H3 phosphorylation would be expected to be downregulated due to mitotic arrest.
This has been demonstrated in the MultiFlow assay where decreases in p-H3 signals were
evident after exposure to Topo-II Poisons. The Topo-II Poison compounds form a unique
response in the MultiFlow assay that does not align with the typical mode of action signals
that the assay was developed for. For example, classical clastogens typically result in strong
induction signals in the YH2AX and p53 endpoints, with either no response or modest
reduction in p-H3 responses. Aneugens respond with dramatic increases in the p-H3 and p53
biomarkers with no response in the YH2AX biomarker (Bryce et al., 2016). Thus, a
compound mode of action call is made based on these prototypical MultiFlow biomarker
signal responses. In the case of Topo-II Poisons, strong inductions of YH2AXs and p53
biomarkers corresponding to clastogen mode of action is accompanied with a strong
downregulation of p-H3 — which is a departure from the prototypical signals used to
dichotomise compound mode of action in the MultiFlow assay. In the ToxTracker system,
exposure to Topo-II Poison compounds resulted in an increase in Bscl2-GFP expression
which follows ATR recruitment to DNA lesions resultant from replication stress (Hendriks et
al., 2015). In the case of Topo-II Poison mechanism of action, replication fork collapse is the
plausible explanation for the increase in Bscl2-GFP expression observed in these
experiments. The BMD confidence intervals plots reported in this chapter (sections 5.3.3 and
5.3.4.2) and published in Wheeldon et al. (2020) were the first instances where Topo-1I
Poison genotoxicity was related to potency based on mechanistic biomarker responses for a

specific compound class mechanism of action quantitative risk assessment. The cross-
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correlation plots show that compound potencies are comparable across mechanistic

biomarkers responsive to the same types of DNA damage.
5.4.2 Impact of CES Choice

The choice of CES was demonstrated to be inconsequential to the BMD confidence
interval potency rank orders obtained in the MultiFlow and ToxTracker datasets BMD
analyses. This finding is consistent with other researchers that have studied varying values of
CES in other test systems, namely the micronucleus endpoint (Bemis et al., 2016). The main
reason for testing different CES values in the MultiFlow assay was as a proof-of-concept to

rule out the influence of CES on the BMD potency plot rank order.

Since there was limited prior published experience of BMD modelling the
ToxTracker biomarker responses, it was deemed imperative to also determine the influence
of CES on the resulting BMD potency rank order in said test system. The newer method of
calculating an endpoint (or marker) specific CES based on within-group variance (Slob,
2017) was selected for the ToxTracker BMD dose-response analysis. An arbitrary CES of 0.5
(50%) was also selected for BMD modelling of the ToxTracker biomarker dose-responses
consistent with the MultiFlow assay. Again, the choice of a marker specific CES or 0.5
(50%) was inconsequential on the BMD confidence interval potency rank order. Thus, for all
further analyses, a CES of 0.5 (50%) was kept constant across all biomarker BMD response

analyses.
5.4.3 Compound Structural Information Supports BMD Potency Ranks

Toxicologists often rely on in silico system results to augment their expert judgement.
Derek Nexus is one of the gold-standard in silico systems used in industry utilising a strong
knowledge based on compound structural alerts that relate to toxicity (Barber et al., 2017).
The Derek Nexus structural alerts presented in Table 5.5 were given that relate to toxicity,
especially for inducing chromosome damage which was outlined in the Derek Nexus
“reasoning summary” results. The alert descriptions permitted the grouping of the Topo-II
compounds into 4 sub-classes: 1) Anthraquinones (mitoxantrone, daunorubicin, doxorubicin);
podophyllotoxins (teniposide and etoposide); quinolones (ciprofloxacin and flumequine) and
an isoflavone (genistein). This was particularly useful to provide an unbiased classification of

compounds, which would be valuable to a non-chemist.
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Based on the same application of compound structure and genotoxic mechanism
information to account for potency as Wills et al. (2016a) did for the benzimidazole
compounds, the Derek Nexus alerts and MultiFlow and ToxTracker mechanistic BMD
potency ranks was applied to the Topo-II Poison compounds assessed in these experiments.
Confidence interval rank orders in Figure 5.16, Figure 5.17, Figure 5.18, and Figure 5.26
were scrutinised together with the Derek Nexus structural alerts and a literature search for
supporting information. In general, the potent chemotherapeutic compound anthraquinone
mitoxantrone is the most potent Topo-II Poison compound tested, and the quinolone

antibiotic compounds ciprofloxacin and flumequine were the least potent.

Of the podophyllotoxin derivatives, teniposide was consistently more potent than
etoposide in all MultiFlow biomarkers, and the Btg2-GFP and Bscl2-GFP ToxTracker
biomarker responses. Both compounds were equipotent for DNA double strand breaks
measured by Rtkn-GFP activation in the ToxTracker biomarker. Teniposide and etoposide
contain four planar fused rings with fundamental Topo-II binding activity dependent on a 4-
hydroxy group ring on the chiral centre (Long, 1992). Evidence suggests that both teniposide
and etoposide are non-intercalative in nature based on experiments that show both
compounds have a weak affinity for DNA (Ross et al., 1984; Chow et al., 1988). The
difference in structure between teniposide and etoposide is the presence of a thiophene ring
(Figure 5.31), which was also characterised in the Derek Nexus structural alerts. Compounds
with sulthydryl reactive groups such as those present in teniposide have been shown to be
potent Topo-II Poisons that appear to act by covalently adducting to the Topo-II enzyme
(Wang et al., 2001). The thiophene ring’s hydrophobic reaction with the Topo-II enzyme
(Chow et al., 1988) would account for the contribution in orders of magnitude greater

potency observed for teniposide compared to etoposide.
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Thiophene ring :
Sulfhydryl groups adduct to Topo-II enzyme
N 0

Teniposide Etoposide

Figure 5.31. Compound structures for the podophyllotoxins teniposide (left) and etoposide
(right) that both contain four planar fused rings and differ by a thiophene ring in teniposide

which is outlined with a labelled circle in the figure.

With respect to the anthraquinone derivatives mitoxantrone, daunorubicin,
doxorubicin and emodin: the presence of hydroxylated planar DNA-intercalative rings
(Awasthi et al., 2019) makes the compounds highly DNA reactive (Ribaudo et al., 2019;
Cérdenas and Nogueira, 2020). The BMD confidence intervals for daunorubicin and
doxorubicin overlapped in the BMD analyses of all three ToxTracker DNA damage
biomarker responses, indicating that both compounds are equipotent in these systems. It is
suggested that this is because the two molecules are near identical in structure (Figure 5.32).
Mitoxantrone was the most potent compound in most of the biomarker responses but had
overlapping BMD confidence intervals with teniposide in the 24-hour p35 and 4-hour p-H3,
Rtkn-GFP and Btg2-GFP biomarker responses, and doxorubicin in the 24-hour p53
biomarker response. This suggests that mitoxantrone is equipotent to teniposide and
doxorubicin in the same biomarkers. The repeating ethanolamine moieties in mitoxantrone’s
structure (Figure 5.33) compared to the other anthraquinone derivatives may account for the
higher potency observed for mitoxantrone due to possible strengthened reaction with the
Topo-1I enzyme. This hypothesis can be supported by examining the other anthraquinone
emodin, which displayed several orders of magnitude lower potency in the MultiFlow and

ToxTracker biomarker responses, yet emodin’s structure is closely related to mitoxantrone
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(Figure 5.33) but lacks the ethanolamine moieties and is less elaborate in structure than the

other anthraquinones daunorubicin and doxorubicin.
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Figure 5.32. Compound structures for daunorubicin and doxorubicin which are nearly

identical molecules.
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Figure 5.33. Compound structures for mitoxantrone (left) and emodin (right) which are
closely related anthraquinone molecules that differ significantly by the addition of repeating
ethanolamine moieties in the case of mitoxantrone which is outlined with a labelled circle in

the figure.
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The isoflavone compound genistein was equipotent to emodin in the tested MultiFlow
biomarker responses, with overlapping confidence intervals in most timepoint/biomarker
combinations. The two structures are closely related (Figure 5.34) which likely accounts for

their similar observed genotoxic potencies in the DNA damage response biomarkers.
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Figure 5.34. Compound structures for genistein (left) and emodin (right) which have closely

related structures.

The least potent compounds in all tested biomarkers were the synthetic antimicrobial
fluoroquinolones ciprofloxacin and flumequine (Figure 5.35). The clinical efficacy of the

antimicrobial fluoroquinolones is attributed to targeting of bacterial Topo-II’s, Gyrase, and

Topoisomerase IV through the formation of a water-metal (Mg2+) ion “bridge” anchor
between the fluoroquinolone drug and the gyrase/topoisomerase IV enzyme’s serine and
acidic residues (Aldred et al., 2013; Aldred et al., 2014a; 2014b; 2016). On the other hand, in
silico molecular docking studies show that fluoroquinolones form hydrogen bonds and have
good binding affinity for the active site of Topo-II (Jadhav and Karuppayil, 2017; Sayin et
al., 2018). However, the data reported in this results chapter was derived from in vitro
cellular systems — so extrapolation is questionable from limited in silico studies to the
potency in an in vitro system. Human Topo-II enzymes are deficient in the serine and acidic
residues present in bacterial gyrase/topoisomerase IV enzymes; hence, they are unable to

interact with the fluoroquinolones via the critical “bridge” anchor mechanism (Aldred et al.,

262



2013). The lack of specificity for human Topo II enzymes can explain the difference in

potency observed between the fluoroquinolones and the other classes of Topo II poisons.

Ciprofloxacin Flumequine

Figure 5.35. Compound structures for the synthetic antimicrobial fluoroquinolones

ciprofloxacin (left) and flumequine (right).
5.4.4 Comparing Potencies with the Biochemical Assay

There is overall concordance between the potency rank order obtained from the
MultiFlow and ToxTracker biomarkers and the fluorescence anisotropy-based assay, with
mitoxantrone being the most potent, and the fluoroquinolones ciprofloxacin and flumequine
being the least potent. There was a considerable amount of overlapping error observed in the
fluorescence anisotropy-based assay compared to the in vitro genotoxicity tests systems
evaluated in this results chapter. Interestingly, the observed potencies from the fluorescence
anisotropy assay match with the MultiFlow p-H3 endpoint regarding the rank order of
doxorubicin in relation to mitoxantrone and teniposide, in comparison to the assays
evaluating DNA double-strand break repair foci, YH2AX, and genotoxicity, p53. Genistein’s
potency in the fluorescence anisotropy assay overlaps that of teniposide. This is highly
dissimilar to the potencies of genistein observed in all the tested MultiFlow endpoints where
potency was several orders of magnitude different. The observed differences in genistein’s
potency could be accounted for by the major differences in assay systems, i.e., extracellular
vs. cellular. In addition to Topo-II poisoning, genistein concurrently inhibits tyrosine kinase

activity, with consequential G2/M arrest (Markovits et al., 1989; Spinozzi et al., 1994; Yan et
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al., 2012). The effects of this activity would not be present in an extracellular system. It is
proposed that further mechanistic investigation and understanding of the in vitro
toxicokinetic characteristics of the assays could provide more understanding of the

compound’s response.

5.5 Concluding Remarks: In Vitro Multiplexed Assays Provide Compound Class

Specific Mechanistic and Potency Information

The analyses of the MultiFlow and ToxTracker responses to DNA damage presented
in this chapter demonstrate the utility of the assay’s biomarker dose-responses beyond
genotoxic hazard characterisation. This chapter presents novel findings relating to dose-
response potency and mechanistic information for the Topo-II Poison class of compounds
with a unique mechanism of action. The use of compound structure activity related
information provides evidence to substantiate genotoxic potency in a robust and detailed
genotoxic risk assessment for the compounds of interest. In fact, coupling the compound
structure activity information with mechanistic property information derived from the
multiplexed in vitro assays adds significant information to support the genotoxic risk from
exposure to the compounds under study. Additionally, this could be considered in the
framework of read across, where toxicological information from a characterised molecule is
applied to a molecule with similar structure with lacking toxicological data (Schultz et al.,
2015; Ball et al., 2016). When sections of the data from this chapter was presented in a poster
presentation at the Genetic Toxicology Association annual meeting in Delaware (USA) in
2019, scientists from Lhasa Ltd became interested in the application of their Derek Nexus
structural alert database to quantitative BMD potency information. This was the first instance
where quantitative potency information had been applied to compound genotoxicity
information derived from the Derek Nexus database. Derek Nexus compound structural alerts
have been used elsewhere in the field of toxicology for in silico read across predictions for
quantitative measures of skin sensitisation potential (Chilton et al., 2018; Macmillan and
Chilton, 2019). The conversations with scientists from Lhasa Ltd at the GTA annual meeting
fuelled further hypothesis development of how potency information and structural alerts can
be used in the context of genotoxicity risk assessment, and findings are presented in the next

chapter of this thesis.
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Chapter 6. Using the Topoisomerase-I11 Adverse Outcome
Pathway to Develop a Quantitative Structural Activity
Relationship Model for Predicting Genotoxic Potency.

6.1 Introduction

Previous results chapters in this thesis demonstrated the generalisation of comparative
BMD potency analysis to the Litron MultiFlow and Toxys ToxTracker multiplexed in vitro
genotoxicity biomarkers, as well as using the same biomarkers to perform in depth
mechanistic and potency analyses for the Topoisomerase II (Topo-II) Poison class of
compounds. Compound potency ranks were supported with Topo-II Poison qualitative
compound structural information from the Derek Nexus database. Genetic Toxicologists have
recently adopted the Adverse Outcome Pathway (AOP) process to describe the biological
pathway leading to an adverse genotoxic outcome. It is hypothesised that Derek Nexus
database alerts and the in vitro MultiFlow and ToxTracker biomarkers correspond to Key
Events (KEs) associated with the Topo-II Poison AOP. The aim of this results chapter is to
test this hypothesis by mapping the Topo-II Poison AOP KE:s to relevant Derek Nexus alerts
and in vitro biomarker responses that can substantiate KEs. Further hypotheses were

developed whereby the following questions were asked and tested in this results chapter!®:

a) Do compound structural properties correlate with potency relative to activating
different Topo-II Poison AOP KEs?
b) Can the potency of a nearest neighbour be predicted based on structural activity

relationships (SAR)?

If the hypotheses hold true in this proof-of-concept study, it will be possible to develop
Quantitative (Q)SAR models to predict compound potency for Topo-II KEs within the same
AOP.

10 The data presented in this results chapter was published in “Benchmark Dose Analysis of DNA Damage
Biomarker Responses Provides Compound Potency and Adverse Outcome Pathway Information for the
Topoisomerase II Inhibitor Class of Compounds” (Wheeldon et al., 2020) and some passages in this chapter
have been quoted verbatim from the same article. A copy of the research article is available in Appendix 3. The
data presentation was also shortlisted for the prestigious Lhasa Ltd Richard Williams Memorial Award. A copy
of the abstract is available in Appendix 8.
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6.1.1 Adverse Outcome Pathways in Genetic Toxicology

In May 2017 at the Health and Environmental Sciences Institute (HESI) Genetic
Toxicology Technical Committee (GTTC) workshop in Delaware (USA), the current
understanding of various chromosome damaging modes of action (MOAs) were evaluated.
The workshop participants discussed the application of Adverse Outcome Pathways (AOPs)
to genetic toxicology MOAs which could establish standardised documented protocols that
describe the established genotoxic pathways relative to chromosome damage (Sasaki et al.,
2020). The outcome of the workshop was that AOPs can identify testing and data gaps that

would be integral to a compound risk assessment.

Sasaki et al. (2020) describe that the concepts of MOA and AOPs are similar;
however, MOAs are specific to the description of adverse outcomes (AOs) for individual
chemicals or chemical groups whereas AOPs can be applied to a variety of agents. The
definition of an AOP from OECD (2018) is “a sequence of events commencing with initial
interaction(s) of a stressor with a biomolecule within an organism that causes a perturbation
in its biology (i.e., molecular initiating event, MIE), which can progress through a dependent
series of intermediate Key Events (KEs) and culminate in an Adverse Outcome (AO)
considered relevant to risk assessment or regulatory decision making”. The AOP framework
is used in other disciplines of toxicology and has been successfully used to advance the
development of novel assays in the Integrated Assessment and Testing Approach (IATA)
(Tollefsen et al., 2014) such as pivotal in vitro skin sensitisation assay example (Patlewicz et
al., 2014). As such, AOPs can significantly contribute to the advancement of modern testing
approaches for regulatory submission purposes (Tollefsen et al., 2014). The Organisation for
Economic Cooperation and Development (OECD) developed the AOP Knowledge Base

(KB) web platform (https://aopwiki.org/) which stores, and shares peer-reviewed user

developed AOPs. Some fundamental concepts described by OECD (2018) that are applicable
to AOPs include:

e An AOP is specific to the MIE rather than being chemical-specific.

e KEs relative to the AOP should be directly or indirectly measurable and essential
to the progression of the toxicological response.

e Connections between the KEs are termed Key Event Relationships (KERs), which
can be described quantitatively (e.g., dose-response relationships), semi-

quantitatively, or qualitatively depending on the depth of available knowledge.
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¢ One key objective of the AOP process is to support predictive toxicology based on

inferences from the KEs.

A generalised AOP network was shown in the introduction chapter (Figure 1.15).

The key concepts are defined as the following consistent with OECD (2018) and applied to

genotoxic pathways as outlined by Sasaki et al. (2020). Figure 6.1 illustrates an example

AQOP structure.

e MIE: Molecular Initiating Event. The initial point of chemical interaction on the

molecular level which is a specialised Key Event that starts the AOP.

o KE: Key Event. A measurable and essential change in biological state that leads to

a specific toxic outcome.

e AO: Adverse Outcome. In the context of genotoxicity, this is the end of the

pathway with an adverse genotoxic event (cellular) compared to an organism level

response. The AO is a specialised KE of regulatory importance.

e KER: Key Event Relationship. A relationship that connects the KEs identifying a

direct link between an upstream and downstream KE.

Chemical
Structure and
Properties

Molecular
Initiating Event

Cellular Response

Organism
Response

Exposure to a
Genotoxicant

KER n+5

KER n+4

Delivery to the
genetic
material/machinery

Interaction with
genetic
material/machinery

KER n

KEn

-—)

KER n+1

7

Figure 6.1. Schematic of an AOP network that begins with a stressor (in this case a

KER n+2

KER n+3

Adverse
Outcome

genotoxicant) being exposed to an organism where it is delivered to and interacts with the

genetic material or machinery, known as the molecular initiating event. A series of cellular

responses follow that are known as Key Events (KEs) which are essential to the progression

of the AOP. KEs are connected by Key Event Relationships (KERs) that describe the

relationship between the KEs and can be sequential (KERq+1 linking KEn to KEn+1) or indirect
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(KERGg+4 linking KE;, to KEn+2). The KEs on the cellular level promote the eventual adverse
outcome on the organism level, which could be aneuploidy, or mutagenicity and chromosome

breaks depending on the mode of action of the exposed stressor.

There are limited genotoxicity AOPs published in the scientific literature. One of the
earliest published cases was “alkylation of DNA in male premeiotic germ cells leading to
heritable mutations” (Yauk et al., 2015) which describes the biological plausibility and
empirical evidence supporting germ cell mutations and subsequent mutations in the off spring
of exposed males to compounds capable of alkylating DNA. The AOP consists of the MIE in
which male premeiotic germ cell’s DNA is alkylated; KE1 in which there is insufficient of
incorrect DNA repair in male premeiotic germ cells; KE2 where there is an increase in
mutations in male premeiotic germ cells; and the AO where the offspring inherits an increase
in mutations. The published AOP includes a detailed account of the biological plausibility of
each of the MIE, KEs and AO, detail on how each is measured or detected, and a weight of
evidence of the relationships between the KEs (KERs). One example is the relationship
between the MIE and KE1, where alkylation of DNA in male premeiotic germ cells leads
directly to insufficient or incorrect DNA repair. This KER is based on overwhelming of the
DNA repair capacity, specifically the DNA repair mechanism involving O%-methylguanine-
DNA methyltransferase (MGMT) primarily responsible for removing alkyl groups from
alkylated DNA (Grombacher et al., 1998; Kaina and Christmann, 2002). DNA repair is
dogma (Lindahl and Wood, 1999; Wood et al., 2001), and a detailed weight of evidence
account is provided by Yauk et al. (2015) which highlights the empirical evidence supporting
the KER. The AOP by Yauk et al. (2015) includes an account of how each KE can be
measured or detected, including highlighting any OECD accepted assays such as the
transgenic rodent mutation reporter mouse models (OECD TG 488) which can include an
evaluation of the exposure effects to the sperm in the vas deferens or caudal epididymis. The
AOP also highlights alternative assays than those accepted by OECD, including applying
single-molecule PCR to identify tandem repeat mutations in sperm. Overall, this AOP is a
very detailed account of the pathway leading to heritable mutations in offspring from males
exposed to high doses of alkylating agents. The AOP was published according to the OECD
guidelines including an assessment of the overall weight of evidence supporting the AOP’s
features and highlighting any knowledge or data gaps associated with measuring or

identifying the KEs.
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The HESI GTTC workshop manuscript by Sasaki et al. (2020) includes less
developed AOPs for genotoxic outcomes compared to the “alkylation of DNA in male
premeiotic germ cells leading to heritable mutations” AOP published by Yauk et al. (2015).
The intent of the Sasaki et al. (2020) manuscript was to summarise the AOP frameworks for a
select set of genotoxic outcomes including two proposed AOPs associated with aneugenicity,
and three proposed AOPs associated with clastogenicity or mutagenicity via non-DNA

reactive and indirect mechanisms.

With respect to aneugenicity, the proposed AOPs include “binding to the catalytic
domain of AURKSs leading to aneuploidy induction” and “binding to tubulin leading to
aneuploidy and polyploidy induction”. The former AOP background involves the control of
chromosome segregation relying on cyclin-dependent kinases (CDKs), polo-like kinases
(PLKs), aurora kinases (AURKSs), and NimA-related NEK kinases, which are essential to the
mitotic process by regulation of the centrosome cycle, formation of the mitotic spindle, and
sister chromatid attachment (Bavetsias and Linardopoulos, 2015). Central to the AOP is
selective inhibition of AURKSs causing monopolar spindles and cell cycle arrest (Girdler et
al., 2006; Carpinelli and Moll, 2008). The proposed AOP includes the stressor chemical
binding to the catalytic domain of aurora kinases (the MIE), followed by catalytic inhibition
of aurora kinases (KE1), cytokinesis inhibition and increase in binucleated cells (KE2),
increase of multipolar spindles in 2" mitotic division (KE3), and finally aneuploidy (the
AOQ). The latter AOP related to aneuploidy includes stressors binding and perturbation of
tubulin, which includes a pathway leading to aneuploidy which is widely accepted in the
genetic toxicology community. The AOP network (Figure 6.2) proficiently outlines the steps
from a chemical binding to tubulin (the MIE), to abnormal depolymerisation/stabilisation of
microtubules (KE1), mitotic abnormalities (KE2), activation of the spindle assembly
checkpoint (KE3), leading to either mitotic slippage (KE4a) or incorrect chromosome
alignment and segregation (KE4b). The adverse outcome associated with KE4a is polyploidy,
whereas KE4b leads to aneuploidy. The AOP network makes it easier to visualise the

different adverse outcome mechanisms (Figure 6.2).
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Figure 6.2. Proposed AOP for “binding to tubulin leading to aneuploidy and polyploidy
induction”. The AOP network proficiently shows the two distinctly different KE4a and b that

can lead to different adverse outcomes. Figure taken from Sasaki et al. (2020).

The aneugenicity AOPs are relatively well developed in the publication by Sasaki et
al. (2020) due to the interest in the targets for the treatment of tumours. The proposed AOPs
related to clastogenicity, and mutagenicity include the non-DNA reactive mechanisms
including inhibition of Topo-II or of DNA synthesis, and indirect DNA damage associated
with oxidative stress mechanisms. These three AOPs are less well developed compared to the
aneugenicity AOPs, however the draft schemes are outlined in the same publication of which
it is intended that the AOPs will be further developed by HESI GTTC workgroups. It is also
acknowledged that the AOPs share common KEs and AOs which should expedite the
development of the AOPs where information can be shared across the common KEs. Once
the AOPs are developed, they are intended to be used to understand the MIE and develop

testing strategies that can realise the KEs that lead to clastogenic or mutagenic outcomes.
6.1.2 The Topoisomerase II Poison AOP

A particular AOP of interest in scope of this thesis is the Topo-II Poison AOP since
the same class of compounds were studied for BMD derived potency measurements in the
previous results chapter of this thesis. The proposed HESI GTTC AOP for clastogenicity and

mutagenicity associated with Topo-II poisoning is illustrated in Figure 6.3:
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Figure 6.3. Proposed AOP for stressors binding to the DNA-Topo-II cleavage complex leading to stabilisation of the cleavage complex,
disrupted replication forks and DNA double strand breaks, leading to inadequate repair and chromosome breaks and rearrangements or an

increase in gene mutations. Figure taken from Sasaki et al. (2020).
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It is not the purpose of this results chapter to provide the detailed Topo-II Poison AOP
(which is still under preparation by the HESI GTTC workgroup), however some of the main
features of the AOP are warranted for further discussion. As explained in detail in the
previous results chapter, the Topo-II enzyme is involved in the essential molecular process of
resolving topological constraints in the genetic material (McClendon and Osheroff, 2007;
Berger, 1998; Deweese and Osheroff, 2008). A Topo-II Poison compound irreversibly binds
to the DNA-Topo-II cleavage complex and therefore increases in cleavage complexes ensue
and inhibit the ability of the enzyme to relegate cleaved DNA molecules (Lynch et al., 2003;
McClendon and Osheroff, 2007). The MIE is specific to the Topo-II Poison stressors that
bind to the DNA-Topo-II cleavage complex (Wilstermann and Osheroff, 2003); however,
Sasaki et al. (2020) states that an assay to identify and quantify a DNA-protein covalently
bound complex such as the in vivo complex of enzymes assay does not directly measure
binding of the agent to DNA-Topo-II and more work would be required to strengthen the
biological plausibility of the MIE. The subsequent key events are outlined as: KE1
stabilisation of the cleavage complex; KE2 DNA double strand breaks; KE3 disrupted
replication forks; KE4 inadequate DNA repair; AO1 increases in gene mutations; and AO2
chromosome breaks and rearrangements. It is acknowledged that stabilisation of the cleavage
complex can lead directly to DNA double strand breaks (KE1 to KE2), or DNA double strand
breaks can also be caused by disrupted replication forks (KE3 to KE2).

Aside from the HESI GTTC AOP workgroup, an AOP for exposure to Topo-II
Poisons has been published specific to describing the link between Topo-II inhibition and the
development of infant leukaemia in which rearrangements of the mixed-lineage leukaemia
(MLL) gene produce abnormal fusion proteins in infant B-cell acute lymphoblastic leukaemia
(Pendleton et al., 2014; Pelkonen et al., 2017). The AOP is published in the online AOP Wiki

(https://aopwiki.org/aops/202). The researchers proposed an AOP which starts with the

formation of MLL gene rearrangements by Topo-II Poisoning, leading to fusion genes and
ultimately acute leukaemia by global genetic dysregulation (Pelkonen et al., 2017). The AOP
begins with the same MIE and KE1 as the HESI GTTC Topo-II Poison AOP in which the
stressor binds and stabilises the DNA-Topo-II cleavage complex. However, the Pelkonen et
al. (2017) AOP focuses on the MIE occurring in utero and progresses with the hallmark KE
which includes Topo-II Poisons targeting the MLL breakpoint cluster region (Aplan et al.,
1996) yielding DNA double strand breaks that can cleave the MLL gene (Stanulla et al.,
1997). The MLL gene can be rearranged with other genes if DNA double stand breaks are not
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repaired by DNA repair mechanisms, resulting in the formation of fusion genes (Meyer et al.,
2009). The AOP authors (Pelkonen et al., 2017) support the plausibility of the AOP KEs by
describing various in vitro and in vivo systems that can assess fusion gene products through
immunofluorescence techniques. The authors conclude by outlining some of the knowledge
gaps in the AOP which includes lack of understanding on the specific embryonic target cell
that is susceptible to Topo-II Poison insult leading to infant leukaemia, and the role of
epigenetic features involved in influencing the initiation and progression of the disease. The
main difference between the HESI GTTC Topo-II Poison AOP and the “inhibitor binding to
topoisomerase I leading to infant leukaemia” AOP is the latter’s culmination with adverse
event visible on the organism level, whereas the genotoxic AOP proposed by HESI GTTC
stops at the level where the genotoxic mode of action (aneugenicity, chromosome damage,

mutagenicity) is evident.
6.1.3 In Vitro Genotoxicity Biomarkers and the Topoisomerase II Poison AOP

Most of the assays summarised by Sasaki et al. (2020) are well characterised assays
which can be used to identify and measure the AOPs KEs. For example, stabilisation of the
cleavage complex can be measured by identifying trapped complexes using gel
electrophoresis techniques such as TARDIS (trapped in agarose DNA immunostaining)
(Lynch et al., 2003). KE2 associated DNA double strand breaks can be measured by
assessing YH2AX foci. Disrupted replication forks associated with KE3 induce the replication
stress response ataxia telangiectasia mutated protein (ATM) and Rad3-relayed protein (ATR).
Biochemical phosphorylation assays can be used to measure the ATR dependent
phosphorylation of checkpoint kinase 1 (Chk1) which is a specific marker of replication
stress. Sasaki et al. (2020) highlights that an indirect measure of inhibition of replication can
be obtained from the ToxTracker Bscl2-GFP marker which relies on the activation of ATR
and Chk]1. Identification and measurement of chromosome breaks/rearrangement and
increased gene mutations adverse outcomes include well characterised OECD accepted
assays such as chromosome aberration, micronucleus, and Ames bacterial reverse mutation

assay.

In the previous results chapter, it was demonstrated that the in vitro MultiFlow
biomarkers (p53, YH2AX and p-H3) and ToxTracker (Rtkn-GFP, Bscl2-GFP, and Btg2-GFP)
biomarkers respond to the Topo-II Poison compounds mechanisms of action. Whilst Sasaki et

al. (2020) stated that the ToxTracker Bscl2-GFP offers an indirect measurement of inhibition
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of replication, it is hypothesised that the other ToxTracker biomarkers and the MultiFlow
biomarkers could offer information relative to supporting the KEs in the Topo-II Poison

AQP.
6.1.4 Quantitative Structural Activity Relationships in Genetic Toxicology

Characterising a compounds structure and structural properties is central to compound
development. A genetic toxicologist frequently uses in silico tools to augment their expert
judgement and has been proposed by Dearfield et al. (2017) as crucial to the genetic
toxicology risk-assessment. In the previous results chapter, a qualitative dataset consisting of
compound structural features was used to scrutinise the potency patterns observed from the
Topo-II Poisons studied in the multiplexed in vitro genotoxicity biomarker responses. An
expert rule-based system, Lhasa’s Derek Nexus, was used to derive the compound structural
information. Derek Nexus is an expert knowledge system that includes a series of structural
alerts arranged by endpoints that builds predictive models for toxicity risk (Marchant et al.,
2008). Derek Nexus utilises a strong knowledge base of primarily Ames bacterial
mutagenicity data to augment the user’s expert judgment (Barber et al., 2017); however, also
includes expert-rule based information on DNA damage like chromosome aberrations and
micronuclei. In Derek Nexus, a prediction is derived by comparing structural alerts of target
compounds (known as toxicophores) with compounds that are coded as structural patterns in
its knowledge base (Honma, 2020). The transparency of the Derek Nexus prediction is
attributed to the referenced related literature which the genetic toxicologist can use to add to
the risk assessment weight of evidence. Derek Nexus has regulatory toxicology applications
and is widely used by industry scientists to predict a compound’s DNA reactivity per [CHM7
(ICHM7R1, 2013). Whilst the ICHM?7 approach is commonplace to genetic toxicologists, the
Derek Nexus database includes other alerts not restricted to DNA reactivity. Upon
presentation of the same Topo-II Poison in vitro genotoxic potency dataset and conclusions to
the scientists at Lhasa, it was hypothesised whether the alerts within the Derek Nexus
database could relate to the Topo-II Poison AOP Key Events and whether the in vitro
MultiFlow and ToxTracker biomarkers could be assigned (mapped) to the KEs within the

Derek Nexus database. This forms the primary hypothesis relative to this results chapter.

The majority of the predictive (Q)SAR models focus on the ability to predict the
mutagenicity outcome in the Ames test (Benigni and Bossa, 2018) by using different

statistical or expert-rule based evaluation techniques. The two main expert rule-based

274



systems include Derek (already briefly introduced), and ToxTree. The ToxTree mutagenicity
predictions use a decision tree implementing the Benigni/Bossa rules (Benigni, 2008) based
on the identification of structural alerts known to exert carcinogenic/mutagenic properties
(Contrera, 2013), mainly through direct DNA interaction. An advantage of the ToxTree
predictions is that the software is freely available and easy to navigate, and that the decision
tree is transparent to aid in interpretation of the mutagenicity prediction result. Like Derek
Nexus, ToxTree provides literature references for the mentioned structural alerts indicative of
mutagenicity (Honma, 2020). Some disadvantages of ToxTree include its dichotomous result
(mutagenic or not) versus Derek Nexus results that are provided as ‘inactive, equivocal,
plausible” which could be overturned by expert judgment with supporting evidence (Foster et

al., 2020).

The other (Q)SAR systems are based on statistical evaluation. Some examples of
statistical based (Q)SAR software include Lazar (lazy structure-activity relationships), Sarah

Nexus, and Leadscope. Lazar (https://lazar.in-silico.ch/predict) uses fragments of the query

compound to compare them to the training set of over 10,000 compounds from 2 different
database sources (Kazius/Bursi and the benchmark dataset) (Maunz et al., 2013). A series of
statistical algorithms including k-nearest neighbours and multi-linear regression analyses to
compare the results of the applicability domain (number of neighbours, similarity of
neighbours) and assign a probability of mutagenicity to the query compound. An advantage
of the Lazar approach is its ease of use in a freely available web-based application. However,
the system lacks transparency and is irreproducible due to its proprietary algorithms and is
poorly validated with low consideration of biological mechanisms (Maunz et al., 2013).
Sarah Nexus was developed by the same developers as Derek Nexus (Lhasa Ltd.) and uses
compound structural fingerprint information together with a self-organising hypothetical
network (SOHN) to produce an activity hypothesis for test compounds based on compound
substructures that relate mutagenic activity in the training set (Hanser et al., 2014).
Predictions are based on similarity scores of test and query compounds, and the result is
transparent with percent similarity and probability scores reported in the user interface. The
outcome of the analysis is either positive, negative, equivocal, or out of domain (Honma,
2020) for bacterial mutagenicity predictions. The Leadscope statistical (Q)SAR model for
mutagenicity prediction is based on models that are constructed from publicly available
Ames mutagenicity data (Roberts et al., 2000). The compound structural descriptors include

27,000 structural features related to common structures present is small molecules. Partial
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logistic regression models are used to predict Ames mutagenicity outcome based on the
selected descriptors (independent variables) and a database of Ames mutagenicity data
(responding variables) (Honma, 2020). Similarly, to Sarah Nexus, the Leadscope outcome
includes probability scores related to the test query compound and structures in the training
set which can augment an experts review of the model’s predicted outcome. The drawback to
these three statistical models is that the associated training set complex compound structural
information is not easy to calculate by the non-chemist or non-computer scientist, which
would usually involve using complex modelling systems to evaluate the compound structural

features.

The previous results chapter used qualitative information such as the presence of
hydroxylated anthraquinone rings, sulfhydryl groups, and planar rings to support the in vitro
genotoxic potency estimates of the Topo-II Poisons. It is acknowledged that Quantitative
Structural Activity Relationship (QSAR) models include the construction of predictive
models as a function of more in-depth structural and molecular information that is more
comprehensive than qualitative measures of compound structure used to account for potency
in the previous results chapter. However, the genotoxicity (Q)SAR models described in the
last few paragraphs relate structural information to the outcome in the bacterial mutagenicity
assay, or apical endpoints like chromosome damage and micronucleus. Since genotoxicity is
broader than just mutagenicity — and as the novel biomarkers replace the chromosomal
damage and micronucleus apical endpoints — there is the urgent need for (Q)SAR models to
evolve to predict the outcome in the same novel assays. Another critique relates to the
dichotomous outcome of the previously mentioned (Q)SAR models that predicts (with a level
of uncertainty) whether a compound is genotoxic or not, which is consistent with the hazard
characterisation paradigm and ignores the dose-response and potency of the compound.
Additionally, (Q)SAR models that predict assay outcomes relative to an AOP KE would be
ideal. With respect to the Topo-II Poisons focussed on in the previous and this results
chapter, it would be beneficial if the QSAR model could predict potency of a query
compound for the Topo-II KE assays. Thus, after testing the primary hypothesis of whether
the Derek Nexus alerts map to the Topo-II Poison AOP KEs, a secondary hypothesis of
whether in vitro genotoxic potency for the same assays mapped to the KEs can be predicted
using compound structural information. The following two specific questions evolved and are

aimed to be answered in the next sections of this results chapter:
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a) Do compound structural properties correlate with potency, relative to activating
different Topo-II Poison AOP KEs?
b) Can the potency of a nearest neighbour be predicted based on structural activity

relationships (SAR)?
6.2 Materials and Methods
6.2.1 Datasets

The following datasets constitute the raw data obtained to test the hypotheses in this

results chapter.
6.2.1.1 Derek Nexus Datasets

The scientists at Lhasa Ltd performed an initial preliminary mapping of their Derek
Nexus database into an attempted AOP framework. This was achieved by exporting alert key
words from the database relating to a query compound and assigning an appropriate Key
Event name. The query compounds were the same Topo-II Poison compounds studied in the
previous results chapter and reiterated in Table 6.1. For example, all Topo-II Poison
compounds fired the alert for carcinogenicity which was renamed “malignant neoplasm” and
denoted a tissue response (tissue). Within each alert the supporting knowledge-based
literature key words were used to ascertain whether they correspond to molecular interactions
(molecular) or cellular outcomes (cell). Supporting assays were also ascertained from the
knowledge-based literature key words. Thus, the alerts and key words from the preliminary
mapping were provided as raw data in a network Clustify Summary Statistics File (.cys)

where data entries were classed as the following level IDs:

e Compound
e Molecular
o Cell

e Organism
e Tissue

e Assay
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Table 6.1. Topo-II Poison Compounds. Abbreviations and Identities.

Compound Compound CAS No.
Abbreviation

Ciprofloxacin Cip 85721-33-1
Daunorubicin Dan 20830-81-3
Doxorubicin Dox 23241-92-8

Emodin Emo 518-82-1
Etoposide Etp 33419-42-0
Flumequine Flm 42835-25-6

Genistein Gen 446-72-0
Mitoxantrone Mit 65271-80-9
Teniposide Ten 29767-20-2

An exported text file of the Lhasa preliminary level IDs is provided in Appendix 9.

Topo-II Poison Derek Nexus Network Mapping by Lhasa.

6.2.1.2 Topo-1I Poison Compound Molecular Descriptors

One of the hypotheses being tested is whether compound structural information can

be used to build a predictive model for Topo-II compound potency for a KE biomarker. As

briefly mentioned in the introduction chapter, most statistical QSAR methodologies use
detailed compound structural information to build the QSAR model training sets. Such
information is known as compound descriptors which are usually represented as 1-
dimensional (1D), 2-dimensional (2D) or 3-dimensional (3D) representations of chemical

structures (Cortés-Ciriano et al., 2020). In general, 1D descriptors are the simplest and
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represent information calculated from the molecular formular including count and types of
atoms and the molecular weight (Chandrasekaran et al., 2018). 2D descriptors are more
complex than 1D descriptors and describe molecules based on their topological features
(Nettles et al., 2006) including information on the size, shape, and electron distribution of the
molecule (Chandrasekaran et al., 2018). 3D descriptors provide a richer profile of a
compounds molecular description including information on tautomers, charge distribution,
and atomic alignment (Nettles et al., 2006). Examples of 3D properties include information
from quantum mechanics calculations, but also include descriptors calculated from the polar

and nonpolar surface area of the molecule (Chandrasekaran et al., 2018).

As cheminformatics becomes more advanced, so do the available models to calculate
molecular descriptors. However, one does not need to be a computer scientist to derive
compound descriptor information. For example, a freely available web-based application
‘Mordred’ can calculate over 1800 2D and 3D molecular descriptors relative to the query
compound (Moriwaki et al., 2018). This provides a challenge, where one is faced with an
overwhelming amount of molecular descriptor information. The question becomes which

descriptor(s) to select to include in testing the hypothesis presented in this chapter?

A literature search was performed to narrow down descriptors that are commonly
used in QSAR models. A common 3D descriptor, the n-octanol-water partition coefficient
Kow (or LogP) has been successfully applied in numerous studies to predict the acute toxicity
and cytotoxic potency of query compounds (Halle et al., 1991; Saito et al., 1993; Sun et al.,
2020; Mombelli and Pandard, 2021). Of note is the inverse relationship between LogP and
acute toxicity to aquatic species predicted by the OECD QSAR toolbox which has REACH
regulatory acceptance (Mombelli and Pandard, 2021). The octanol water coefficient (LogP)
value is the ratio of concentrations of a compound in a mixture of two immiscible solvents at
equilibrium and can be experimentally derived or computed (Johanson, 2010). Thus, partition
coefficients are a measure of a solute’s hydrophobicity and are used in drug design as a proxy
for a compound’s membrane permeability (Speight, 2018). One study demonstrated that
LogP is an important descriptor in the genotoxic potency in E.Coli (Mersch-Sundermann et
al., 1994), whilst another demonstrated the relationship between LogP and the genotoxic
potential of quinolone antibiotics in the SOS bioassay (Hu et al., 2007). A simple 1D
descriptor used widely in QSAR analysis is the compound’s molecular weight (MW). A

successful predictive model which uses MW is the Derek Nexus quantitative skin
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sensitisation (EC3) potency predictor (Macmillan and Chilton, 2019) where the training set
was built using Local Lymph Node Assay quantitative data, and compound MW. The skin
sensitisation Molecular Initiating Event (MIE) is the interaction of the compound with skin
peptides/proteins (Maxwell et al., 2014) and most skin sensitisers are electrophilic (Roberts
and Aptula, 2014). This draws parallels with genotoxicity where most DNA reactive
compounds are electrophilic, and specifically where the Topo-II Poison AOP MIE also
includes interaction with a protein (Topo-II enzyme) to form the DNA-Topo-II enzyme
cleavage complex. Another 3D descriptor used in cheminformatics is the calculated polar
surface area (PSA), which is the ratio of a compound’s surface belonging to polar atoms and
is a descriptor that correlates well with passive transport through membranes used in drug
development (Ertl et al., 2000). Like the application of LogP, PSA has also been
demonstrated to be an important predictor of bacterial mutagenicity (Votano et al., 2004).
Therefore, based on some examples where these molecular descriptors have been used to
develop QSAR models, it was decided to us the same molecular descriptors for the Topo-II
Poison compound analyses presented in this results chapter: molecular weight, LogP, and

polar surface area.

The ChEMBL database (https://www.ebi.ac.uk/chembl/) was used to search for

compound molecular descriptor data specifically molecular weight, LogP and polar surface

area for the 9 Topo-II Poison compounds in Table 6.1.
6.2.1.3 Topo-1I Poison BMD Potency Metrics

Genotoxic potency has been consistently presented as a range based on the width of
the calculated BMD confidence intervals. Therefore 3 potency metrics are provided from the
analysis (BMDL, BMD and BMDU). The values of the BMDL, BMD, and BMDU (or
CEDL, CED, and CEDU) were obtained from the same analyses presented in previous results

chapter for the following MultiFlow and ToxTracker biomarker responses:

e 4-and 24-hour yYH2AX
e 4-and 24-hour p53
e 4-and 24-hour p-H3

e Rtkn-GFP
e Bscl2-GFP
e Btg2-GFP
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Separate databases for each biomarker were curated in Excel which included the
BMD metrics values, molecular weight, LogP and polar surface area and their Log
transformed values. All databases were transformed into a .csv text file for further statistical

analyses.
6.2.2 AOP Mapping

The Derek Nexus network Clustify Summary Statistics File (.cys) was used to edit the
mapping of Derek Nexus alerts according to the proposed HESI GTTC Topo-II Poison AOP
presented in the introduction section of this chapter. Editing was performed using the

Cytoscape v3.8.0 software programme (https://cytoscape.org/) which is an open-source

bioinformatics platform for the creation of complex networks. The Level IDs were renamed

to the following to be consistent with the AOP framework terminology:

e Compound —> Stressor
e Molecular > MIE

e Cell > KE

e Organism 2 AO

e Tissue > AO

e Assay > Test

Links that represent the KERs were made between the different KEs by creating a shared
node in Cytoscape by formatting the data entries as either ‘source’ or ‘target’ nodes
according to the alerts in the Derek Nexus database export results. MultiFlow and
ToxTracker biomarkers were added intuitively to the respective KE that they align to. The
Lhasa proposed Cytoscape neural network was too complex and not optimised for illustration
of the Derek Nexus alerts mapped to the Topo-II Poison AOP. Furthermore, their proposed
MIEs of ‘DNA nucleobase reaction with electrophile’ and ‘protein reaction with electrophile’
were combined with the ‘Topoisomerase II poisoning’ MIE due to the reasoning that the

molecular events relate to binding to the DNA-Topo-II cleavage complex.
6.2.3 QSAR Model Development: K-Nearest Neighbour Analysis

Various statistical modelling techniques have been reported in the literature for building
predictive QSAR models to for compound biological action. The techniques include decision

trees (Contrera, 2013; Macmillan and Chilton, 2019), logistic regression modelling and
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artificial neural networks (Saito et al., 1993) and classification techniques such as nearest
neighbour analysis (Mattioni et al., 2003). There is extensive debate as to which model
performs the best; however, for this proof-of-concept study in this results chapter it was
decided to use the K-Nearest Neighbours algorithm since the aim was to determine if
compound structural information can be used to identify compound genotoxic potential

relative to its nearest neighbour.

The K-Nearest Neighbours algorithm represents a simple method for performing
classification tasks (discreet variables) or regression analysis (continuous variables).
(Hackeling, 2017) describes that the basis of the K-Nearest Neighbours method is described
in its title, where neighbours are representations of training instances within a metric space. A
metric space can be a graph where distances between variables are defined. The distances
between neighbours in the metric space can be calculated using a metric function. The
hyperparameter ‘k’ represents how many neighbours can be used in the estimation. Since the
variables included in this results chapter are continuous data type, the K-Nearest Neighbours
modelling performed will be regression analysis. A classical K-Nearest Neighbours
regression example provided by Hackeling (2017) is whether a person’s height and sex can
be used to predict their weight. Applying K-Nearest Neighbours regression analysis to the
hypotheses presented in this results chapter includes using the algorithm to predict if
compound molecular descriptors can be used to predict genotoxic potency. To this end, the
BMD metrics and molecular descriptors were used as variables for K-Nearest Neighbours

regression analysis.

K-Nearest Neighbours analysis was performed using SPSS v26. The biomarker
specific database files (6.2.1.3) were imported into SPSS as text files. Nearest neighbour
analysis was selected from the ‘Analyze’ function, and the variables were assigned to the

following instances:

e Compound - Target

e BMD metrics (LogBMDL, LogBMD, LogBMDU) - Features
e Log Molecular Weight!! - Features

e LogP > Features

! Molecular Weight values were Log transformed
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e Log Polar Surface Area!? > Features

K-Nearest Neighbours analysis was performed iteratively to test the performance of the
following combination of molecular descriptors relative to BMD potency: LogP vs. Log
Polar Surface Area; Log Polar Surface Area vs. Log Molecular Weight; Log Molecular
Weight vs. LogP. K-Nearest Neighbours analysis was also performed using only the
molecular descriptors in the same combination without including the BMD potency metrics.
K-Nearest Neighbours distance outputs were visually compared. Number of nearest
neighbours (value of k) was set as 3 (rounded vn where maximum » was 8). Distance
computation was based on the Euclidean distance (more detailed information on Euclidean
distance is provided in the general methods chapter 2.5 of this thesis). Dataset partitions
included the default setting of 70:20 training to holdout percent ratios. V-fold cross-
validation was not performed since the value of n was relatively small. All other settings
were held at default. Predictor space graphical outputs were exported for K-Nearest

Neighbours distance evaluation.
6.3 Results
6.3.1 Derek Nexus Database Mapping to the Topo-1I Poison AOP

Combining the ‘DNA nucleobase reaction with electrophile’ and ‘protein reaction
with electrophile’ with the ‘Topoisomerase II poisoning” MIE significantly simplified the
network. Additionally, some alerts are indicative of oxidative stress related DNA damage
mechanisms, namely “uncoupling of oxidative phosphorylation”, “radical species
generation”, and “exogenous oxidant increase”. These three KEs were combined into a single
KE named “ROS generation” and mapped to the “Topoisomerase II Poisoning” and “DNA
double-strand break (DSB)” KEs. The complexity of the network with these 3 KEs added can
be found in Appendix 10 (Appendix 10. Complex Topo-Poison Derek Nexus Mapped AOP
Network). The formatted level IDs aligning the AOP network to the AOP framework are
summarised in Table 6.2. The final Derek Nexus alert and key word database mapped to the

Topo-II Poison AOP network and is shown in Figure 6.4.

12 Polar Surface Area values were Log transformed
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Table 6.2. Level ID Labels for the Derek Nexus Alerts and Key Words Mapped to the

Topo-II Poison AOP

Level ID Name
Ciprofloxacin STRESSOR
Daunorubicin STRESSOR

Doxorubicin STRESSOR
Emodin STRESSOR
Etoposide STRESSOR
Flumequine STRESSOR

Genistein STRESSOR

Mitoxantrone STRESSOR
Teniposide STRESSOR
Topoisomerase II poisoning MIE
Non-covalent interaction with DNA MIE
Estrogen receptor (ER) binding MIE
Tubulin binding MIE
Gyrase inhibition MIE
Mitotic dysregulation KE
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Level ID Name
Tumour suppressor protein p53 signalling pathway dysregulation KE
ROS Generation KE
DNA damage repair KE
DNA double-strand break (DSB) KE
Micronucleus formation KE
MultiFlow 4- and 24-hour p-H3 TEST
MultiFlow 4-hour and 24-hour p53 TEST
MultiFlow 4- and 24-hour gamma-H2AX TEST
Transgenic Rodent Study TEST
Rodent Carcinogenicity Study TEST
Mouse Lymphoma Assay TEST
In Vivo Uds Assay TEST
In Vivo Micronucleus Test TEST
In Vivo Chromosome Aberration Test TEST
In Vitro Uds Assay TEST
In Vitro Micronucleus Test TEST
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Level ID Name

In Vitro Hgprt Assay TEST

In Vitro Comet Assay TEST

In Vitro Chromosome Aberration Test TEST

Ames Test TEST

ToxTracker Rtkn-GFP TEST

ToxTracker Btg2-GFP TEST
Mitochondrial dysfunction AO
Inherited DNA mutation AO
Chromosome structural damage AO
Malignant neoplasm AO
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Figure 6.4. Derek Nexus Alerts and Key Words Mapped as a Topo-II Poison AOP Network. Key: Pink parallelogram = STRESSOR; green
square = MIE; blue diamond = KE; red octagon = AO; black triangle = TEST.
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6.3.2 In Vitro MultiFlow and ToxTracker Biomarkers Mapped to the Topo-II Poison
AOP

The MultiFlow and ToxTracker biomarkers were intuitively mapped to the KEs
corresponding to the types of DNA damage they respond to according to Table 6.3. The
ToxTracker Bscl2-GFP biomarker indicative of replication fork stress did not correspond to

any alerts or key words in the Derek Nexus database.

Table 6.3. MultiFlow and ToxTracker Biomarkers Corresponding to the Derek Nexus
Mapped KEs

Mapped MultiFlow and ToxTracker
Derek Nexus AOP Network Node KE
Biomarker Responses

DNA double-strand breaks (DSB) 4- and 24-hour YH2AX, Rtkn-GFP

Tumour suppressor protein p53 signallin
bp P P s s 4- and 24-hour p53, Btg2-GFP
pathway dysregulation

Mitotic dysregulation 4- and 24-hour p-H3

6.3.3 Topo-II Compound Molecular Descriptors

The following table (Table 6.4) summarises the molecular descriptor data obtained
for each compound from the ChEMBL database. All values were Log transformed for further

statistical analyses to approximate to the normal distribution.

Table 6.4. Topo-1I Poison Compound Molecular Descriptors

Molecular Weight Polar Surface Area
Compound LogP .
g.mol! D)
Ciprofloxacin 331.35 -0.85 74.57
Daunorubicin 527.53 1.34 185.84
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Molecular Weight Polar Surface Area
Compound LogP )
g.mol! D)
Doxorubicin 543.53 0.53 206.07
Emodin 270.24 3.82 94.83
Etoposide 588.56 1.16 160.83
Flumequine 261.25 242 59.3
Genistein 270.24 3.08 90.9
Mitoxantrone 444.49 0.75 163.18
Teniposide 656.66 2.78 160.83

6.3.4 K-Nearest Neighbours Analysis

K-Nearest Neighbours analysis followed a tiered approach summarised in the K-

Nearest Neighbours analysis flow chart (Figure 6.5). The results of the K-Nearest

Neighbours analyses are presented in the following subsections.
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1: Test the influence of
BMDL, BMD, or BMDU
on KNN distances

2: Select appropriate
BMD metric

3: Run KNN analysis
BMD and molecular
descriptors

4: Evaluate KNN
distances

5: Run KNN analysis
molecular descriptors
without BMD metrics

6: Compare KNN
distances with BMD
potency ranks

Repeat for
each

biomarker

Figure 6.5. K-Nearest Neighbours analysis flow chart

6.3.4.1 Choice of BMD Metric

A fundamental issue needed to be resolved relating to the influence of using either a

BMDL, BMD, or BMDU value to build the K-Nearest Neighbours QSAR model. For

potency differences to be statistically significantly determined, one should compare the
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relative overlap/non-overlap of BMD confidence intervals as advocated in the scientific
literature and other chapters of this thesis. Unfortunately, all BMDL, BMD and BMDU
values could not be incorporated into the K-Nearest Neighbours analysis matrix space with
the molecular descriptors that are fundamental to defining the QSAR nearest-neighbours. A
maximum of 3 axes could be included in the SPSS K-Nearest Neighbours analysis matrix
space and this would leave no space for plotting molecular descriptors if all 3 BMD metrics
were included. To overcome this obstacle, the ToxTracker Rtkn-GFP and Bsc2-GFP
biomarker response BMD metrics were selected for iterative K-Nearest Neighbours analysis
in the following order to determine whether using BMDL, BMD, or BMDU introduced bias

or changed the outcome:

1. BMDL
a. LogP vs. Log Polar Surface Area
b. Log Polar Surface Area vs. Log Molecular Weight
c. Log Molecular Weight vs. LogP

a. LogP vs. Log Polar Surface Area
b. Log Polar Surface Area vs. Log Molecular Weight
c. Log Molecular Weight vs. LogP

3. BMDU
a. LogP vs. Log Polar Surface Area
b. Log Polar Surface Area vs. Log Molecular Weight
c. Log Molecular Weight vs. LogP

The Rtkn-GFP and Bscl2-GFP biomarkers were selected since the resulting Topo-II
Poison BMD confidence intervals were the widest or most variable, respectively, compared
to all other ToxTracker and MultiFlow BMD confidence intervals for the same compounds.
The wider BMD confidence intervals in the Rtkn-GFP biomarker responses corresponds to
greater levels of uncertainty in the BMD analyses for this biomarker which was suggested
may have an influence on the K-Nearest Neighbours analyses. Conversely, comparably
smaller confidence intervals correspond to lower uncertainty, and it was suggested may have
less influence on the K-Nearest Neighbours analyses. Variable width confidence intervals
within the Bscl2-GFP biomarker BMD analyses correspond to the variation in the precision

of the BMD estimates across the compound covariate studies in the same biomarker
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response. It was also deemed necessary to evaluate the impact of this variation on the K-
Nearest Neighbours analysis. Figure 6.6, Figure 6.7, and Figure 6.8 report the K-Nearest
Neighbours analysis results for the Rtkn-GFP biomarker responses, and Figure 6.9, Figure
6.10, and Figure 6.11 for the Bscl2-GFP biomarker responses.
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BMDL, BMD, or BMDU vs. LogP and LogPSA Molecular Descriptors KNN Matrix Space Plots: Rtkn-GFP Biomarker Responses

BMDL BMD BMDU
4.00- 4.00~ 4.00
Emo Emo Emo
o O o
3.00- Ten 3.00 Ten 3.00- Ten
° L]
a
;?'200— ;72.00— :3'2.00"
Etp Etp i Etp
Danio o Dan ¢ * Dan .
1.00 1.00 & 1.00]
Mit | © Mit Mit | ©
Dox o Dox & Dox.-©

0.00 0.00. 0.00
%09 ®0p 0o
o B > Pt ) e
Cgo{-ﬂg e 200 &% L e——h 0 oy, % e 200
%097 AU ~og, — 210 Loy, _—— 210
~any 70 A 2 320 A 0.4 — 220
RS 20 g s 20 gps Y % _— 220 o esh

230 230

Figure 6.6. ToxTracker Rtkn-GFP biomarker response K-Nearest Neighbours Matrix Space Plots evaluating the influence of BML, BMD, or
BMDU values on the K-Nearest Neighbours distance metrics for the LogP and LogPSA Topo-II Poison compound molecular descriptors. K-
Nearest Neighbours distances are visualised in 3-dimensional matrix space plots where the distances between nearest neighbours can be
visualised by order of magnitude in the Log scales. Data points are labelled by compound abbreviations per Table 6.1. CEDL, CED, and CEDU
as PROAST notations correspond to BMDL, BMD, and BMDU, respectively. Abbreviations: KNN = K-Nearest Neighbours; PSA = Polar
Surface Area; MW = Molecular Weight.
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BMDL, BMD, or BMDU vs. LogPSA and LogMW Molecular Descriptors KNN Matrix Space Plots: Rtkn-GFP Biomarker Responses
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Figure 6.7. ToxTracker Rtkn-GFP biomarker response K-Nearest Neighbours Matrix Space Plots evaluating the influence of BML, BMD, or
BMDU values on the K-Nearest Neighbours distance metrics for the LogPSA and LogMW Topo-II Poison compound molecular descriptors. K-
Nearest Neighbours distances are visualised in 3-dimensional matrix space plots where the distances between nearest neighbours can be
visualised by order of magnitude in the Log scales. Data points are labelled by compound abbreviations per Table 6.1. CEDL, CED, and CEDU
as PROAST notations correspond to BMDL, BMD, and BMDU, respectively. Abbreviations: KNN = K-Nearest Neighbours; PSA = Polar
Surface Area; MW = Molecular Weight.
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BMDL, BMD, or BMDU vs. LogMW and LogP Molecular Descriptors KNN Matrix Space Plots: Rtkn-GFP Biomarker Responses

BMDL

o
280 Ten

Log MW

260 o

Log_MW

2.60

2.50

Ten

BMD

Etp

Dan &
e

Mit

H Dox:

290 7

270 4

Log_ MW

BMDU
Etp
Ten o
Dan .
Mit ©
Oo
\\\
o2 S s Emo
%lqh" \\

2o~ W

Figure 6.8. ToxTracker Rtkn-GFP biomarker response K-Nearest Neighbours Matrix Space Plots evaluating the influence of BML, BMD, or

BMDU values on the K-Nearest Neighbours distance metrics for the LogMW and LogP Topo-II Poison compound molecular descriptors. K-

Nearest Neighbours distances are visualised in 3-dimensional matrix space plots where the distances between nearest neighbours can be

visualised by order of magnitude in the Log scales. Data points are labelled by compound abbreviations per Table 6.1. CEDL, CED, and CEDU

as PROAST notations correspond to BMDL, BMD, and BMDU, respectively. Abbreviations: KNN = K-Nearest Neighbours; PSA = Polar

Surface Area; MW = Molecular Weight.
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BMDL, BMD, or BMDU vs. LogP and LogPSA Molecular Descriptors KNN Matrix Space Plots: Bscl2-GFP Biomarker Responses
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Figure 6.9. ToxTracker Bscl2-GFP biomarker response K-Nearest Neighbours Matrix Space Plots evaluating the influence of BML, BMD, or
BMDU values on the K-Nearest Neighbours distance metrics for the LogP and LogPSA Topo-II Poison compound molecular descriptors. K-
Nearest Neighbours distances are visualised in 3-dimensional matrix space plots where the distances between nearest neighbours can be
visualised by order of magnitude in the Log scales. Data points are labelled by compound abbreviations per Table 6.1. CEDL, CED, and CEDU

as PROAST notations correspond to BMDL, BMD, and BMDU, respectively. Abbreviations: KNN = K-Nearest Neighbours; PSA = Polar
Surface Area; MW = Molecular Weight.
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BMDL, BMD, or BMDU vs. LogPSA and LogMW Molecular Descriptors KNN Matrix Space Plots: Bscl2-GFP Biomarker Responses
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Figure 6.10. ToxTracker Bscl2-GFP biomarker response K-Nearest Neighbours Matrix Space Plots evaluating the influence of BML, BMD, or
BMDU values on the K-Nearest Neighbours distance metrics for the LogPSA and LogMW Topo-II Poison compound molecular descriptors. K-
Nearest Neighbours distances are visualised in 3-dimensional matrix space plots where the distances between nearest neighbours can be

visualised by order of magnitude in the Log scales. Data points are labelled by compound abbreviations per Table 6.1. CEDL, CED, and CEDU

as PROAST notations correspond to BMDL, BMD, and BMDU, respectively. Abbreviations: KNN = K-Nearest Neighbours; PSA = Polar
Surface Area; MW = Molecular Weight.
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BMDL, BMD, or BMDU vs. LogMW and LogP Molecular Descriptors KNN Matrix Space Plots:
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Figure 6.11. ToxTracker Bscl2-GFP biomarker response K-Nearest Neighbours Matrix Space Plots evaluating the influence of BML, BMD, or

BMDU values on the K-Nearest Neighbours distance metrics for the LogMW and LogP Topo-II Poison compound molecular descriptors. K-

Nearest Neighbours distances are visualised in 3-dimensional matrix space plots where the distances between nearest neighbours can be

visualised by order of magnitude in the Log scales. Data points are labelled by compound abbreviations per Table 6.1. CEDL, CED, and CEDU
as PROAST notations correspond to BMDL, BMD, and BMDU, respectively. Abbreviations: KNN = K-Nearest Neighbours; PSA = Polar

Surface Area; MW = Molecular Weight.
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6.3.4.2 K-Nearest Neighbours Analysis Compound Molecular Descriptor Combinations
with BMD Potency

The BMD values were selected to proceed with K-Nearest Neighbours analyses. A
detailed discussion of the justification for the choice of using the BMD point estimate metric
for K-Nearest Neighbours analysis is included in the discussion section 6.4.3.1. The
following subsections present the results of the K-Nearest Neighbours analyses within each
MultiFlow and ToxTracker biomarker response. Only the 24-hour responses for the

MultiFlow assay are displayed in the following subsections as a proof of concept.
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6.3.4.2.1 24-hour YH2AX

BMD vs. Molecular Descriptor KNN Matrix Space Plots: 24-hour yH2AX Biomarker Responses
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Figure 6.12. MultiFlow 24-hour YH2AX biomarker response K-Nearest Neighbours 3-Dimensional Matrix Space Plots built with BMD values
for the Topo-II Poison compounds and plotted in relative space with LogP and LogPSA values (left panel), LogPSA and LogMW values (centre
panel) and LogMW and LogP values (right panel). K-Nearest Neighbours distances are visualised in 3-dimensional matrix space plots where the
distances between nearest neighbours can be visualised by order of magnitude in the Log scales. Data points are labelled by compound
abbreviations per Table 6.1. CED PROAST notation correspond to BMD. Abbreviations: KNN = K-Nearest Neighbours; PSA = Polar Surface
Area; MW = Molecular Weight.
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6.3.4.2.2 24-hour pS3

BMD vs. Molecular Descriptor KNN Matrix Space Plots: 24-hour p53 Biomarker Responses

BMD and LogP vs. LogPSA BMD and LogPSA vs. LogMW

4.005

' _Emo : T : Dox
' 0 A
' 230
3.00 ; Ten b ° Mit
' ° ; Flm 220 - . Etp ‘o
Gen R i
. 2.00 : 3 < S Ten
o ' : =
o ' -d
= : : 5 200
1.00 o Etp : ‘ Emo
' - : 0
: ) H ; Gen:
° Mit : 190 ’
0.00- - Dox : o
: . - s - N
‘ et ' Cip_ | Fim
-1.00 : A ) 170 - <
Yo Cip “a ~
Qo 20 T e 2 Qogy 20 — e
20, = 5 % 0, el :
~any % B 'y 280 W
g 29 1og M
LW_PSA

Log_MW

40 7

BMD and LogMW vs. LogP

. Etp
Ten! e ° ', Dox
° ',
Mit
Cip
A
o Gen
mo ..
v Flm
] = -1.00
G, /\o/o.oo =
%020 = 5500 1.0
~ny 3.00 BT

Figure 6.13. MultiFlow 24-hour p53 biomarker response K-Nearest Neighbours 3-Dimensional Matrix Space Plots built with BMD values for

the Topo-II Poison compounds and plotted in relative space with LogP and LogPSA values (left panel), LogPSA and LogMW values (centre

panel) and LogMW and LogP values (right panel). K-Nearest Neighbours distances are visualised in 3-dimensional matrix space plots where the

distances between nearest neighbours can be visualised by order of magnitude in the Log scales. Data points are labelled by compound

abbreviations per Table 6.1. CED PROAST notation correspond to BMD. Abbreviations: KNN = K-Nearest Neighbours; PSA = Polar Surface

Area; MW = Molecular Weight.
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6.3.4.2.3 24-hour pH3

BMD vs. Molecular Descriptor KNN Matrix Space Plots: 24-hour p-H3 Biomarker Responses

BMD and LogP vs. LogPSA BMD and LogPSA vs. LogMW BMD and LogMW vs. LogP
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Figure 6.14. MultiFlow 24-hour p-H3 biomarker response K-Nearest Neighbours 3-Dimensional Matrix Space Plots built with BMD values for
the Topo-II Poison compounds and plotted in relative space with LogP and LogPSA values (left panel), LogPSA and LogMW values (centre
panel) and LogMW and LogP values (right panel). K-Nearest Neighbours distances are visualised in 3-dimensional matrix space plots where the
distances between nearest neighbours can be visualised by order of magnitude in the Log scales. Data points are labelled by compound
abbreviations per Table 6.1. CED PROAST notation correspond to BMD. Abbreviations: KNN = K-Nearest Neighbours; PSA = Polar Surface
Area; MW = Molecular Weight.
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6.3.4.2.4 Rtkn-GFP

BMD vs. Molecular Descriptor KNN Matrix Space Plots: Rtkn-GFP Biomarker Responses
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Figure 6.15. ToxTracker Rtkn-GFP biomarker response K-Nearest Neighbours 3-Dimensional Matrix Space Plots built with BMD values for
the Topo-II Poison compounds and plotted in relative space with LogP and LogPSA values (left panel), LogPSA and LogMW values (centre
panel) and LogMW and LogP values (right panel). K-Nearest Neighbours distances are visualised in 3-dimensional matrix space plots where the
distances between nearest neighbours can be visualised by order of magnitude in the Log scales. Data points are labelled by compound
abbreviations per Table 6.1. CED PROAST notation correspond to BMD. Abbreviations: KNN = K-Nearest Neighbours; PSA = Polar Surface
Area; MW = Molecular Weight.
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6.3.4.2.5 Bscl2-GFP

BMD vs. Molecular Descriptor KNN Matrix Space Plots

: Bscl2-GFP Biomarker Responses
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Figure 6.16. ToxTracker Rtkn-GFP biomarker response K-Nearest Neighbours 3-Dimensional Matrix Space Plots built with BMD values for

the Topo-II Poison compounds and plotted in relative space with LogP and LogPSA values (left panel), LogPSA and LogMW values (centre

panel) and LogMW and LogP values (right panel). K-Nearest Neighbours distances are visualised in 3-dimensional matrix space plots where the

distances between nearest neighbours can be visualised by order of magnitude in the Log scales. Data points are labelled by compound

abbreviations per Table 6.1. CED PROAST notation correspond to BMD. Abbreviations: KNN = K-Nearest Neighbours; PSA = Polar Surface

Area; MW = Molecular Weight.
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6.3.4.2.6 Btg2-GFP

BMD vs. Molecular Descriptor KNN Matrix Space Plots: Btg2-GFP Biomarker Responses
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Figure 6.17. ToxTracker Btg2-GFP biomarker response K-Nearest Neighbours 3-Dimensional Matrix Space Plots built with BMD values for
the Topo-II Poison compounds and plotted in relative space with LogP and LogPSA values (left panel), LogPSA and LogMW values (centre
panel) and LogMW and LogP values (right panel). K-Nearest Neighbours distances are visualised in 3-dimensional matrix space plots where the
distances between nearest neighbours can be visualised by order of magnitude in the Log scales. Data points are labelled by compound
abbreviations per Table 6.1. CED PROAST notation correspond to BMD. Abbreviations: KNN = K-Nearest Neighbours; PSA = Polar Surface
Area; MW = Molecular Weight.
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6.3.4.3 K-Nearest Neighbours Analysis Compound Molecular Descriptors without BMD
Potency

K-Nearest Neighbours analysis was repeated without BMD metrics to validate the
impact of only molecular descriptor variables on K-Nearest Neighbours distances. This is an
important step to assess whether molecular descriptor K-Nearest Neighbours distances are
predictive of compound genotoxic potency without the K-Nearest Neighbours model
factoring in the BMD metrics in the training sets. Thus, K-Nearest Neighbours analyses were
performed using the following combination of compound molecular descriptors: LogP vs.
Log Polar Surface Area; Log Polar Surface Area vs. Log Molecular Weight; and Log
Molecular Weight vs. LogP. Results are shown in Figure 6.18.
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Molecular Descriptor KNN Matrix Space Plots
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Figure 6.18. K-Nearest Neighbours 2-Dimensional Matrix Space Plots built with molecular descriptors LogP, LogPSA, and LogMW values for

the Topo-II Poison compounds. K-Nearest Neighbours distances are visualised in 2-dimensional matrix space plots where the distances between

nearest neighbours can be visualised by order of magnitude in the Log scales. Data points are labelled by compound abbreviations per Table 6.1.

Abbreviations: KNN = K-Nearest Neighbours; PSA = Polar Surface Area; MW = Molecular Weight.
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6.4 Discussion
6.4.1 Derek Nexus Database Topo-II Poison AOP Mapping

In the case of the 9 Topo-II Poisons included in this study, the Derek Nexus knowledge-
based database contains relevant key words that describe the molecular and cellular
perturbations that lead to chromosome damage, inherited mutations, and a potential
malignant neoplasm. However, as Derek Nexus is currently utilised, the user must read the
report in detail to interpret the linkages between the compounds molecular and cellular
interactions to understand the potential adverse outcomes. The Derek Nexus output is also
currently only utilised to determine what assays describe the adverse outcome with little
focus on the intermittent steps. By performing this Derek Nexus database mapping to the
AOP, equal weighting is designated to the description of the cellular and molecular events
that lead to the adverse outcomes relative to the outcomes themselves. Additionally, the
mapping aligns the molecular and cellular Derek Nexus database key words and alerts to the
AOP framework. To this end, the mapping revealed that the Derek Nexus database
adequately describes the following Topo-II Poison AOP events (AOP can be visualised in
Figure 6.3):

1. MIEs:

1. The main Topo-II Poison MIE where the compound binds to the DNA-Topo-II
cleavage complex. This was characterised by key words in the database which
mention “Topoisomerase II Poison” or “Topoisomerase II Inhibition”. 8 of the 9
compounds contained these key words in the Derek Nexus database. However,
Genistein did not contain any key words to fire the “Topoisomerase Il Poisoning”
alert despite this property of the compound being well described in the scientific
literature. This attests to one of the deficiencies of the database which would need
further refinement. The Derek Nexus AOP network in Figure 6.4 currently has
this MIE described as “Topoisomerase II Poisoning” which would need to be
corrected to “Binding to the DNA-Topo-II Complex” when this AOP network is
integrated into Lhasa’s software framework since “Topoisomerase II Poisoning”
is not an adequate description for an MIE as these special KEs need to be able to
be identifiable and measurable. There is a current link available in the AOP Wiki
for this MIE (https://aopwiki.org/events/1252) which provides a starting point for
the available test to identify and measure binding to a DNA-Topo-II Cleavage
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. KEs:

Complex such as the in vivo complex assay (Rodriguez-Cortez and Menéndez,
2020). Further development of this MIE will occur as the HESI GTTC workgroup
experts convene to develop this AOP.

Another important MIE shown in Figure 6.4 is the “non-covalent interaction with
DNA” MIE which identifies compounds that are DNA intercalators such as the
anthraquinone derivatives with highly DNA reactive hydroxylated planar rings
(Ribaudo et al., 2019). This MIE accounts for the relatively higher genotoxic
potency of these compounds compared to non-intercalative compounds. There is
no current description of this MIE in the AOP Wiki. The most promising method
for evaluation DNA intercalation comes from (Snyder et al., 2004) who developed
an in silico 3-dimentional computational DNA-docking algorithm to predict DNA
intercalative potential which shows concordance with the Chinese hamster V-79
cell-based bleomycin amplification system, which is a cell-based assay to predict
frameshift mutagenicity of intercalative agents (Snyder and Diehl, 2000, Snyder
and Strekowski, 1999).

Two compounds included key words alluding to “gyrase inhibition” which formed
a designated MIE in this AOP network. The same alert corresponded to the
quinolone antibiotics ciprofloxacin and flumequine that target DNA gyrase
(Evans-Roberts et al., 2016) in bacterial cells where the same compounds exert
their pharmacological properties.

Two additional MIEs were distinguished based on key words present in the Derek
Nexus database, including “estrogen receptor binding” and “tubulin binding”.
Although both MIEs do not align with the HESI GTTC AOP, these may be

important off-target effects for consideration in compound development.

. As previously mentioned, some alerts are indicative of oxidative stress related

DNA damage mechanisms, namely “uncoupling of oxidative phosphorylation”,
“radical species generation”, and “exogenous oxidant increase”. These three KEs
were combined into a single KE named “ROS generation”. It is suggested that this
KE could be linked with the oxidative stress AOP in the AOP Wiki and which
would provide users of the Derek Nexus mapped AOP additional tools to assess

oxidative stress related damage potential for Topo-II Poison compound exposure.
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2. The main Topo-II Poison AOP KE of “DNA double-strand breaks” emulates in
this Derek Nexus mapped AOP with the “DNA double-strand breaks (DSB)” KE.
This is one of the fundamental KEs from the Topo-II Poison AOP. There is an
existing KE in the AOP Wiki for “DNA Double Strand Breaks”
(https://aopwiki.org/events/1461) which could be linked to the Derek Nexus AOP
network. This KE aligns with the “DNA double strand breaks” KE2 from the
HESI GTTC Topo-II Poison AOP Figure 6.3.

3. The “DNA double-strand breaks (DSB)” KE links to the “DNA damage repair”
KE in the Derek Nexus AOP network. This KE indirectly links with the
“inadequate repair” KE4 from the HESI GTTC Topo-II Poison AOP Figure 6.3,

since DNA damage that is not adequately repaired can lead to chromosome
structural damage or inherited mutations. The DNA damage response is indirectly
quantifiable in biological test systems by measuring p53 expression since it is well
accepted that endogenous and exogenous DNA damage is largely reverted by the
action of elaborate DNA-repair mechanisms, largely involving the p53 protein
(Lee et al., 1995, Liu and Kulesz-Martin, 2001). Hence, “DNA damage response”
can be a defined KE in this AOP network.

4. The “tumour suppressor protein p53 signalling pathway dysregulation” KE is
related to the “DNA damage response” KE through the translocation of p53 to the
nucleus upon DNA damage. Genistein contained key words matching the
“estrogen receptor (ER) binding” MIE in the Derek Nexus database. There are
several publications that report on the coordinated link between ER inhibition and
p53 dysregulation (Konduri et al., 2010, Hurd et al., 1997, Dinda et al., 2002),
especially in ER+ breast cancers (Bailey et al., 2012). The progression of cells
through the cell cycle is blocked by p53 protein translocation to the nucleus in the
G1 phase of replication (Levine et al., 1991). Mutations in the p53 protein fail to
block the progression of the cell cycle or fail to bind to the p53 tumour-suppressor
gene targets which have been demonstrated to be the single most common genetic
alterations observed in human cancers (Levine et al., 1991). This KE links to the
“malignant neoplasm” AO. This KE can be indirectly measured through the
upregulation of p53 protein expression coordinated with ER binding activity.

5. An additional KE “mitotic dysregulation” was identified associated with the

“tubulin binding” MIE and “DNA double-strand breaks” KE. With respect to the
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3. AOs:

latter, this “mitotic dysregulation” KE could be indicative cell cycle delay and
mitotic arrest following exposure to Topo-II Poisons. “Micronucleus formation”
was separated out as a distinct KE since the associated assays can be used to
distinguish micronucleus formation because of aneugenicity or clastogenicity
aligned with this AOP by using the cytokinesis-block micronucleus (CBNM)
assay in combination with fluorescence in situ hybridization (FISH) technique

using specific centromeric probes for chromosomes (Chung et al., 2002).

The AOs “chromosome structural damage” and “inherited DNA mutation” align
with the HESI GTTC Topo-II Poison AOP Figure 6.3 and have assays from the
standard test battery associated with them. This enforces the fact that the standard
test battery recognises the adverse outcome whilst not considering much of the
preceding biological events.

The ultimate “malignant neoplasm” AO takes this AOP network further than the
HESI GTTC AOP which is more focused on genotoxic outcome. Including
“malignant neoplasm” in this instance maps the alert for rodent carcinogenicity
and shows the outcome on the organism level.

An interesting other AO was “mitochondrial dysfunction” which was fired by the
anthraquinone molecules based on their effects on collapse of the mitochondrial

membrane potential and activation of caspases (Yan et al., 2008).

6.4.2 KEs Aligned with MultiFlow and ToxTracker Biomarkers

The key feature of the Derek Nexus AOP network was the intuitive mapping of the

MultiFlow and ToxTracker biomarkers to the AOP KEs. This mapping demonstrates “how

can this KE be measured or identified” according to one of the AOP key principles (OECD,
2018). It was already acknowledged in the HESI GTTC proposed Topo-II Poison AOP that
YH2AX foci can detect DNA double-strand breaks, and that the indirect measure of inhibition

of replication can be obtained from the ToxTracker Bscl2-GFP biomarker (Sasaki et al.,

2020). This Derek Nexus AOP network mapping provides additional KEs in the AOP

network that novel biomarkers can be used to identify and measure the KE. Namely:

1. Mapping of the ToxTracker Rtkn-GFP and MultiFlow YH2AX biomarkers to the “DNA
double-strand breaks (DSB)” KE. Topo-II Poisons increase the forward rate of DNA

double-strand break formation and inhibit DNA double-strand break repair, leading to the
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manifestation of poorly tolerated breaks. Phosphorylated histone H2AX (YH2AX) is
produced as a response to nuclear DNA double-strand breaks. The MultiFlow assay uses
anti-yH2AX-Alexa Fluor® 647 to directly measure YH2AX expression. The Rtkn-GFP
biomarker is responsive to DNA double-strand breaks that recruit ATM for DNA repair
(Hendriks et al., 2015) and is strongly upregulated by genotoxic agents that cause DNA
damage.

. Mapping of the MultiFlow p-H3 biomarker to the “mitotic dysregulation” KE. The
phosphorylation of histone H3 at serine 10 is fundamental in both chromatin de-
condensation during transcriptional activation (Clayton et al., 2000; Nowak and Corces,
2000) and chromosome compaction during cell division (de la Barre et al., 2000). As the
cell cycle progresses through G2 checkpoints, strong correlation is observed between
histone H3 phosphorylation and chromatin condensation (Van Hooser et al., 1998). The
MultiFlow assay uses an anti-phospho-histone H3-PE marker to quantify the frequency of
mitotic cells (Bryce et al., 2016).

. Mapping of the MultiFlow p53 biomarker to the “DNA damage repair” KE. The
scientific community recognises that DNA damage can be reverted by the action of
elaborate DNA-repair mechanisms, many involving the p53 protein (Lee et al., 1995; Liu
and Kulesz-Martin, 2001). Coupled with cell cycle control, p53’s role in the DNA
double-strand break repair pathways, Non-Homologous End Joining (NHEJ), and
Homologous Recombination (HR) is especially significant. The more error-prone
process, NHEJ, is active throughout the cell cycle, however more prominent during G1
where the outcome seems to be via effects on halting apoptosis (Gao et al., 1998; 2000).
HR is predominantly present during late S and G2 with coordinated DNA-DSB repair in
synergy with ATM/ATR checkpoint kinases (Romanova et al., 2004; Boehden et al.,
2005). The cellular responses to Topo II inhibitor-mediated genotoxicity include nuclear
p53 translocation in response to DNA-DSBs. As the cell cycle progresses through G1 to S
and G2 phases, p53 acts in a coordinated manner with the cell cycle checkpoints to
induce NHEJ- and HR-mediated DNA double-strand break repair and recombination. In
concomitant response with YH2AX, p53 expression indicates a response to genome
damage. Since the MultiFlow assay measures biomarker expression in detergent-liberated
nuclei, p53 nuclear translocation resulting from genotoxic stress can be directly measured

using the MultiFlow assay’s anti-p53-FITC reagent that labels the N-terminal domain of
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p53. The ToxTracker Btg2-GFP biomarker activation corresponds to activation of the p53

response upon DNA damage and can be an indirect measure of p53 activation.

Overall, the Derek Nexus database rearranged into an AOP network shows the types of
DNA damage that can be measured versus the current regulatory paradigm of measuring the
adverse outcome. It is important to acknowledge the complex crosstalk between some of the
biomarkers, for example the preferential upregulation of Rtkn-GFP is coordinated with NF-
kB cytokine signalling and is associated with compounds that have an aneugenic mode of
action; however, concomitant upregulation of the Bscl2-GFP biomarker suggests that the
ATR-Chkl DNA damage signalling pathway is activated due to stalled replication forks
(Hendriks et al., 2015). There is no “stalled replication forks” KE in the Derek Nexus Topo-II
Poison AOP Network Figure 6.4 since there were no key words present in the database to
suggest the same KE, however it is suggested that this KE can be added in future work by
Lhasa since there is evidence that Bscl2-GFP activation is an indirect measure of stalled
DNA replication forks (Sasaki et al., 2020). This KE would be directly before the “DNA
double-strand breaks (DSB)” KE in the Derek Nexus Topo-II Poison AOP Network.

6.4.3 A QSAR Model for KE Associated DNA Damage

The expert mapping of the Derek Nexus key words into an AOP network led to
developing the secondary hypotheses aimed at using the KE associated tests to develop a
proof-of-concept QSAR model to predict compound potency. In this respect, the following

questions were asked:

a. Do compound structural properties correlate with potency, relative to activating
different Topo-II Poison AOP KEs?
b. Can the potency of a nearest neighbour be predicted based on structural activity

relationships (SAR)?

With the aim of answering these questions, the molecular weight. LogP, and Polar
Surface Area molecular descriptors were selected for developing a QSAR model predictive
of Topo-II Poison compound potency from a BMD metrics training set. The QSAR model
was built using the K-Nearest Neighbours algorithm and nearest neighbour distances were
evaluated for performance of the model compared to BMD confidence interval based

comparative potency measurements that were derived in the previous results chapter.
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6.4.3.1 Influence of BMD Metric on Model Qutcome

The K-Nearest Neighbours model could only accommodate a single type of BMD
metric (BMDL, BMD or BMDU) into the 3-dimensional data space matrix. As previously
mentioned, this violates the principle advocated in the scientific literature that the full BMD
confidence interval shall be utilised for comparative potency analyses (Wills et al., 2016b;
2017). Nonetheless, the impact of selecting either BMD metric on the K-Nearest Neighbours
distances was evaluated. Figure 6.6 to Figure 6.11 shows the impact of using either a
BMDL, BMD or BMDU value on the K-Nearest Neighbours distances when factored with
the combination of molecular descriptors assessed in this QSAR model development. When
comparing the K-Nearest Neighbours distances between compounds plotted across the three
panels (corresponding to BMDL, BMD, and BMDU values — left to right) it is evident that
the choice of BMD metric does not influence the K-Nearest Neighbours distances observed
between plotted compounds, irrespective of the molecular descriptor selected. The Rtkn-GFP
biomarker was selected as the BMD confidence intervals were consistently wider than other
biomarkers studied and presented in the previous results chapter. Additionally, the Bscl2-
GFP biomarker was selected since the BMD confidence intervals widths across the
compound studies were more variable than those obtained from other biomarkers studied and
presented in the previous results chapter. It is evident from the K-Nearest Neighbours matrix
plots in Figure 6.6 to Figure 6.11 that the impact of the choice of BMD metric does not
impact the outcome of K-Nearest Neighbours distances even when there are wide or variable
BMD confidence interval widths. These observations are based on superimposable K-Nearest
Neighbours matrix plots within each figure where the relative position of each plot does not
alter based on the selection of either BMD metric. This is likely because BMD confidence
intervals in all cases were relatively small, spanning a maximum of 1-2 Log units where the
BMD point estimate is approximately the midpoint. It can be suggested that the impact of
selection of BMD metric will be greater in instances with confidence intervals where the
BMD point estimate is not the midpoint, with relatively large positive direction confidence
intervals. However, in this proof-of-concept approach, the BMD value was arbitrarily
selected for further analysis since there was no impact of selection of BMD metric on

compound K-Nearest Neighbours plots in the superimposable matrix spaces.
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6.4.3.2 Compound Structural Properties for Predicting BMD Potency

In general, the K-Nearest Neighbours analysis results of each MultiFlow or ToxTracker
biomarker response presented in Figure 6.12 to Figure 6.16 show that the molecular
descriptors perform well in correlating compound structure with BMD potency. Each figure
shows the results of including the BMD value and the iterative combination of molecular
descriptors (LogP vs. Log Polar Surface Area, Log Polar Surface Area vs. Log Molecular
Weight, and Log Molecular Weight vs. LogP) in the K-Nearest Neighbours analysis training
sets. From each figure the general trend is based on some common observations: where the
greatest distances exist between the anthraquinone molecules and the quinolone antibiotics;
emodin and genistein show the least K-Nearest Neighbours distance and cluster in the same
order of magnitude in the MultiFlow biomarker responses where they were both studied; and,
there is a distinct cluster of compounds belonging to the potent podophyllotoxin compounds
(teniposide, etoposide) and the potent anthraquinone compounds (mitoxantrone, doxorubicin,
and daunorubicin) and all cluster where the K-Nearest Neighbours distance between the
members of the cluster is smaller than the K-Nearest Neighbours distance between them and

the cluster of emodin and genistein.

A specific observation relates to the relative performance of the different combinations of
molecular descriptors based on K-Nearest Neighbours distances compared to observed BMD
potencies in the in vitro genotoxicity biomarkers. Compounds with similar molecular weights
(emodin and genistein) and compounds with similar polar surface area measurements
(teniposide, etoposide, and mitoxantrone) form clusters in the same order of magnitude for
BMD potency when both measurements (Log Molecular Weight and Log Polar Surface
Area) are included in the K-Nearest Neighbours models. This observation is illustrated in
Figure 6.19 where similar molecular weight and polar surface area measurements cluster in
2D and 3D KNN matrix plots. The BMD confidence interval plots of the same compounds
are shown for the 24-hour YH2AX biomarker response where the BMD potencies cluster in
the same manner. This suggests that measurements of polar surface area and molecular
weight may perform as the best molecular descriptors to predict the genotoxic potencies of
the compounds studied in this results chapter. It is also interesting to observe that flumequine
has a similar molecular weight to emodin and genistein, however has a considerably lower
polar surface area measurement than the same two compounds. This translates to greater K-

Nearest Neighbours distances for flumequine compared to emodin and genistein, and a
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flumequine BMD potency several orders of magnitude different than the same two
compounds. This reinforces that molecular weight and polar surface area measurements in

tandem may be superior BMD genotoxic potency prediction descriptors.
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measurement shows distinctly different BMD potency in the right panel, and a larger K-Nearest Neighbours distance than emodin and genistein
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It can therefore be concluded that the molecular descriptors can be used to predict
genotoxic potency of a compound based on its nearest neighbours in a training set. This can
be illustrated by taking the plot of doxorubicin in a 2D matrix as an example and comparing
the K-Nearest Neighbours distances of its nearest neighbours (Figure 6.20). If we imagine
that we only know the molecular weight and polar surface area descriptors of doxorubicin,
we could predict its relative potency rank position based on known BMD potencies of its K-
nearest neighbours (mitoxantrone, etoposide, and teniposide). For example, the built 3D K-
Nearest Neighbours matrix plot for YH2AX induction shows that mitoxantrone and teniposide
are more potent that etoposide. The 2D K-Nearest Neighbours matrix plot for Log Molecular
Weight and Log Polar Surface Area for the same compounds plus doxorubicin shows that the
K-Nearest Neighbours distance between doxorubicin and etoposide (0.5) is less than the K-
Nearest Neighbours distances between doxorubicin and teniposide (0.6) and doxorubicin and
mitoxantrone (0.6) would suggest that doxorubicin’s potency is closer to etoposide than
teniposide and mitoxantrone, hence one could comparatively rank doxorubicin’s potency for

DNA double strand breaks relative to etoposide, teniposide and mitoxantrone.
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6.5 Concluding Remarks: Derek Nexus AOP Network and Proof-of-Concept Predictive
in vitro Genotoxicity QSAR Model Development

The HESI GTTC proposed AOPs are intended to provide the basis for organising key
biological events associated with genotoxic outcomes (Sasaki et al., 2020) as well as
outlining the tests that can be used to identify and measure the occurrence of key events in
biological test systems. The scientists at Lhasa describe how an AOP network can advance
compound risk assessment (Ball et al., 2021) by imagining some use cases that could emerge
from the application of AOPs to risk assessment, including: 1) what genotoxic properties
exist of similar compounds?; 2) what AOP is applicable to a query compound?; and 3) what
biological tests are appliable to the AOP? The organisation of key words from the Derek
Nexus knowledge database into an AOP network makes the first practical use of the proposed
HESI GTTC Topo-II Poison AOP and takes it beyond the current conceptual framework that
the AOPs currently stand. The Derek Nexus AOP network shows the chemical stressors
which have been included in this first example use case, the associated MIEs, KEs, and AOs
based on similar key words shared amongst the compounds and the knowledge used to build
the AOP network. The associated standard battery biological tests and novel in vitro
genotoxicity biomarker assays have been intuitively added to the AOP network KEs and
AOs. It is suggested that the Derek Nexus knowledge database can be improved to include
replication fork collapse as a key word including an indication that Bscl2-GFP activation is
an indirect measure of stalled DNA replication forks (Hendriks et al., 2015; Sasaki et al.,
2020). The Derek Nexus Topo-II Poison AOP network that has been developed in this results
chapter can be included in Lhasa’s Kaptis software platform

(https://www.lhasalimited.org/products/kaptis.htm) that is intended to combine AOP

knowledge in a meaningful way to be used in risk assessment (Ball et al., 2021).

The development of a proof-of-concept QSAR model using the KE associated tests from
the Derek Nexus AOP network has been reported in this results chapter. For example, BMD
potency metrics from YH2AX and Rtkn-GFP biomarker responses associated with the DNA
double strand breaks KE in the AOP network were used to build genotoxic potency
predictive models based on simple effective molecular descriptors. The models performed
well based on the LogP, molecular weight, and polar surface area molecular descriptors that
have been demonstrated to perform well in QSAR predictive algorithms used elsewhere in

genotoxicity systems, particularly for Ames mutagenicity predictions (Mersch-Sundermann
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et al., 1994; Votano et al., 2004). It is suggested that the molecular weight and polar surface
area descriptors perform best for predictive potency determination — which could be
explained by the combination of the descriptor’s account of nucleus membrane permeability,
surface of reactive atoms, and molecular similarity. The use of the same molecular
descriptors in this results chapter, together with BMD potency metrics from the study of
Topo-II Poison compounds in multiplexed in vitro genotoxicity systems demonstrates the
utilisation of molecular descriptors in building predictive algorithms for genotoxicity
measures that are broader than just mutagenicity. In doing so, it was possible to fulfil the
hypotheses of whether compound structural properties correlate with potency relative to
activating the different Topo-II AOP key events, and whether potency of a nearest neighbour
could be predicted using SAR techniques.

This approach is novel in the sense that QSAR and BMD metrics are utilised in a single
predictive potency algorithm. A concern from one of the assay developer’s (Litron, personal
communication) is that the QSAR predictive models may one-day replace the need to
perform the benchtop experiments using their assay. For this goal to ever be reached, it is
suggested that it would be necessary for significant advanced validation and expansion of the
QSAR model presented in the proof-of-concept method presented in this result chapter on a
relatively small group of specific compounds. Comparing this idea with the industry use case
where QSAR methods can be used in lieu of performing an Ames test for pharmaceutical
impurities under ICH M7 (ICH, 2013) demonstrates that it could take decades for regulation
to catch up. Moreover, the Ames test is still widely used today more than 40 years after its

development.
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Chapter 7. General Discussion.

7.1 General Discussion

The purpose of the project was to investigate the application of the Benchmark Dose
(BMD) approach to novel in vitro genotoxicity test systems. This has important implications

because:

1. BMD modelling had only previously been performed on ‘gold standard’ genotoxicity
endpoints such as in vitro micronuclei, where limited mechanistic information can be
derived.

2. Novel flow cytometric in vitro genotoxicity tests had been initially developed as a
follow up to positive micronucleus tests (Bryce et al., 2014).

3. There is a real impetus for a paradigm shift from genotoxic hazard identification to
risk-assessment which involves the use of novel in vitro test systems that can inform

mechanism of action information for detailed genotoxicity risk assessments.

In addition, this study provides an in-depth stepwise application of BMD modelling to
specific in vitro genotoxicity systems that demonstrates the use of the biomarkers dose-
response datasets for potency and MOA determinations. This is consistent with the
quantitative dose-response analysis framework of genetic toxicology where the data informs
a decision beyond genotoxic/non-genotoxic (Gollapudi et al., 2013b). This all-encompassing
report realises some of the main themes from the ‘next generation testing strategy for

assessment of genomic damage’ from Dearfield et al. (2017), specifically:

1. Modern test systems that can be used to determine compound MOA information.
2. Use of quantitative dose-response modelling to genotoxicity datasets.
3. Quantitative Structural Activity Relationships (QSAR) for read across in genotoxicity

risk assessments.
7.2 Findings of this Thesis

The following sub-sections include an account of the main findings of this thesis and
their implications in genotoxicity dose-response modelling for compound potency
determinations in risk-assessments. A summary of the conclusions from each of the results

chapters are:
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e [nvitro flow cytometric genotoxicity biomarker (MultiFlow and ToxTracker) dose-
response datasets are suitable for BMD analysis to derive compound potency
determinations that correlate well with the gold-standard micronucleus endpoint
(chapters 3 and 5).

e Use of BMD point estimates in comparative potency analyses mischaracterises or
overestimates potency differences. By not considering the BMD confidence intervals
which include measures of dose-response uncertainty, false assumptions or misleading
results pertaining to compound potency can be derived. The BMD confidence intervals
should be considered (chapter 4).

e Compound structure supports BMD potency determinations from in vitro genotoxicity
biomarker responses for the Topoisomerase II (Topo-II) Poison class of compounds
(chapter 5). The application of the BMD dose-response methodology to compound
classes of interest supports compound classification and leads to opportunities for
read-across.

e The Derek Nexus database can be reorganised into an Adverse Outcome Pathway
(AOP) network for the alerts relating to Topo-II Poison compounds (chapter 6).

¢ A QSAR model built on molecular descriptors of the Topo-II Poison compounds
predicts genotoxic potency based on BMD measurements of the AOP Key Events
(chapter 6). The application of this methodology provides a predictive quantitative
genotoxicity read-across method that is superior to the current categorical QSAR read-

outs, for example Ames mutagenicity.

7.2.1 BMD Modelling is Applicable to In Vitro Flow Cytometric Genotoxicity
Biomarker Dose-Response Data for Compound Potency Determinations (Chapter 3 and

Chapter 5).

There is overwhelming support from the expert scientific community that the BMD
approach is the most appropriate to describe dose-response relationships of genotoxicity
datasets (Gollapudi et al., 2013b; Macgregor et al., 2015). Previously, BMD modelling of in
vitro datasets extended as far as characterising compound potency from standard endpoints —
such as micronucleus — and correlating the potency with an in vivo comparison (Soeteman-
Hernandez et al., 2015; Bemis et al., 2016; Soeteman-Hernandez et al., 2016). With the
advent of the novel flow cytometry-based biomarker assays for characterising DNA damage

such as Litron’s MultiFlow and Toxys’ ToxTracker assay (Johnson et al., 2014b; Hendriks et
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al., 2015; Bryce et al., 2016), it was imperative to determine if the resulting datasets were
amenable to BMD analysis for comparative potency determinations beyond the positive
micronucleus follow up testing that one of the assays had been developed for (Bryce et al.,
2014). Chapter 3 of this thesis reports the application of the BMD approach to MultiFlow
DNA damage response biomarkers (YH2AX, p53, and p-H3) for a series of aneugens and
clastogens, and determination of comparative compound potency correlations with the in
vitro micronucleus endpoint for the same compounds. Chapter 5 also shows how BMD
potency determinations can be derived from the ToxTracker biomarker responses for DNA
damage (Rtkn-GFP, Bscl2-GFP, and Btg2-GFP). Through BMD potency correlations it was
demonstrated that the MultiFlow in vitro DNA damage response biomarkers are predictive of
potency in the in vitro micronucleus assay (Figure 3.39 to Figure 3.41). This has
implications in high-throughput screening laboratories in drug development where potency
predictions of candidate compounds could be made before investing in costly studies required
for regulatory submissions. For example, an R&D department investigating 1000+ candidate
compounds could screen for in vitro mechanistic genotoxicity information and correlate the
candidate compound’s potency to predict a regulatory genotoxicity assay outcome, including
in vitro and in vivo micronucleus endpoints. This approach could reduce the risk of failure

during late preclinical phases of drug development programs.

7.2.2 In Vitro Genotoxicity Biomarker Derived Comparative Potency Analyses Should

Consider the BMD Confidence Intervals (Chapter 4)

Since the utility of BMD modelling to the MultiFlow biomarker dose-response
datasets was demonstrated and published together with collaborating scientists at Litron
(Dertinger et al., 2019), researchers began using the BMD method to test different
comparative potency hypotheses. One example in the scientific literature was the use of
BMD modelling of the MultiFlow dose-response datasets to assess the impact of low
concentration S9 on the potency of several clastogens requiring an exogenous source of
metabolic activation (Tian et al., 2020). The researchers used BMD point estimates to make
their comparative potency conclusions. An associated shortcoming was identified in results
chapter 4 of this thesis where the same researchers did not consider dose-response uncertainty
or BMD confidence intervals in their comparative potency analyses. Prominent experts in the
field have described that potency differences can only be alleged when BMD confidence
intervals do not overlap (Wills et al., 2016a; 2016b, 2017). Using the same logic, Chapter 4
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reports on a re-analysis of the Tian et al. (2020) MultiFlow dataset but uses BMD confidence
intervals in the potency comparisons. It was demonstrated that the use of BMD point
estimates in the same dataset mischaracterised or overestimated the impact of S9 on
genotoxic potency. The use of BMD confidence intervals remained a contentious topic in
discussion with collaborating scientists at Litron, who expressed that some of their clients
prefer single numerical values of comparison. To meet this demand and test a hypothesis if it
was possible to combine BMD confidence intervals with simple means of comparison, a
novel algorithm was developed, and the output values used to perform unsupervised
hierarchical clustering. The results of the clustering showed that distinct groups exist that best
describe the range of S9-dependent effects into high, low, zero and negative categories
(Figure 4.29). The method of performing statistical evaluation through hierarchical
clustering objectively considering the range of potency differences, removing the influence of
bias from the evaluating genetic toxicologist. The findings presented in results chapter 4 has
implications in aiding with data interpretation where it is speculated that a genetic
toxicologist could be overwhelmed with the results from hundreds of compounds from in

vitro screening experiments.

7.2.3 Compound Structural Information Supports BMD Potency Ranks for the Topo-11
Poison Class of Compounds (Chapter 5).

The basis of results chapter 5 was to use the in vitro genotoxicity biomarker dose-
response datasets to perform robust potency analyses of compounds within a MOA of
interest. The results chapter combined BMD derived potency information and in vitro
genotoxicity biomarker (MultiFlow and ToxTracker) dose-response datasets for the Topo-II
Poison class of compounds. This compound class was selected since it presented a special
interest within the HESI GTTC MOA workgroup. The in vitro genotoxicity biomarkers
responded as expected upon assessment of cells exposed to Topo-II Poisons. Specifically, the
Topo-II Poison mechanisms of action were demonstrated in a dose-dependent manner
including replication fork collapse, DNA double strand breaks, cell cycle delay and mitotic
arrest. By using BMD modelling, it was possible to determine potency ranks for the 9 Topo-
II Poison compounds that were studied. A prominent article by Wills et al. (2016a) used
compound structural information to account for BMD derived potency differences of
benzimidazole compound evaluated via the in vitro micronucleus endpoint. The same

approach was applied to the Topo-II Poison compounds in this study using compound
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structural information derived from an expert rule based QSAR system (Derek Nexus). The
data obtained in chapter 5 shows that Topo-II Poison compound potency differences can be
accounted for based on their structural differences. In general, for all in vitro genotoxicity
biomarker dose-responses: the podophyllotoxin and anthraquinone derivative compound
grouped in the more potent end of the scale; the structurally similar podophyllotoxin emodin
to the isoflavone genistein was considered equipotent; and the anthraquinone antibiotics were
the least potent. Further differences observed within the podophyllotoxin and anthraquinone
compounds were scrutinised based on subtle differences in their compound structures.
Results chapter 5 demonstrated that combining compound structural activity information with
BMD dose-response potency information derived from the in vitro genotoxicity mechanistic
biomarkers adds significant information to support the genotoxicity risk assessment related to
the exposure of specific compounds. This was the first instance where quantitative potency
information had been applied to compound genotoxicity information derived from the Derek
Nexus database. In fact, the broader implication of work presented in chapter 5 could be
applied to read-across where toxicological information from a characterised molecule is
applied to a molecule with similar structure with lacking toxicological data. Substance
grouping and read-across is one of the main alternatives for data gap filling that reduces the
number of animals used in toxicological research in the European Union (Schultz et al., 2015;
Ball et al., 2016), which has gained regulatory acceptance in the field of industrial chemical
registration, cosmetics development. However, little guidance or regulatory acceptance of
modern read-across methods (except for Ames bacterial mutagenicity QSAR predictions)
exist for genotoxicity risk from exposure to pharmaceutical compounds or their impurities.
This is one of the central issues to regulatory toxicology testing, that the industry experts try
to progress, but are tied to the current regulations, and any gains that are made end up being

diminished by ensuring that industry adheres to out of date policies and practices.

7.2.4 The Derek Nexus Database can be Mapped to an AOP Network for the Topo-11
Poison Compounds (Chapter 6).

MOA is synonymous to the AOP framework, except that MOAs are specific to the
description of adverse outcomes (AOs) for individual chemicals or chemical groups whereas
AOPs can be applied to a variety of agents. The definition of an AOP from (OECD, 2018) is
“a sequence of events commencing with initial interaction(s) of a stressor with a biomolecule

within an organism that causes a perturbation in its biology (i.e., molecular initiating event,
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MIE), which can progress through a dependent series of intermediate Key Events (KEs) and
culminate in an Adverse Outcome (AO) considered relevant to risk assessment or regulatory
decision making”. Chapter 6 was concerned with utilising the proposed HESI GTTC AOP for
Topo-II Poisons previously described by (Sasaki et al., 2020). Previous discussions with the
scientists at Lhasa Ltd led to the development of the hypothesis of whether the Derek Nexus
knowledge database could be reorganised into an AOP network. To this end, chapter 6
reports the comprehensive mapping of the Derek Nexus database based on key words into an
AOP format aligned with the HESI GTTC proposed Topo-II Poison AOP. The major KEs of
“DNA double strand breaks” and “inadequate repair” are included in the Derek Nexus AOP
as “DNA double-strand breaks (DSB)” and “DNA damage repair”. However, the main
shortcoming of the Derek Nexus based AOP is related to the lack of key words associated
with the “disrupted replication forks” KE proposed by the HESI GTTC AQOP. It was
suggested that the Derek Nexus knowledge base could be improved to include the same key
words associated with disrupted replication forks or replication fork blockage due to
replication stress from the mechanism of Topo-II poisoning (Hendriks et al., 2015; Sasaki et
al., 2020). The main advantage of performing the Derek Nexus mapping was to include
visualisation of KEs in contrast to the AOs usually associated with compound exposure in the
MOA framework. It was then possible to associate the in vitro genotoxicity biomarkers with
the KEs in the AOP network. To this end, the MultiFlow YH2AX and ToxTracker Rtkn-GFP
biomarkers were mapped to the “DNA double-strand breaks (DSB)” KE; the MultiFlow p-H3
biomarker was mapped to the “mitotic dysregulation” KE; and the MultiFlow p53 and
ToxTracker Btg2-GFP biomarkers were mapped to the “DNA damage repair” KE. A further
KE could be added if the Derek Nexus database was improved to include knowledge related
to “replication stress” or “disrupted replication forks”. The ToxTracker Bscl2-GFP biomarker
could be associated with the same KE since activation of the same biomarker suggests that
the ATR-Chk1l DNA damage signalling pathway is activated due to stalled replication forks
(Hendriks et al., 2015). The development of this AOP network using the Derek Nexus
knowledge base forms the first practical use of the HESI GTTC proposed Topo-II Poison
AOP. The AOP network could be integrated into the Lhasa Kaptis system
(https://www.lhasalimited.org/products/kaptis.htm) which is proposed to be developed for

storing and accessing AOPs for risk assessment purposes.
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7.2.5 Predictive genotoxic potency QSAR models can be built based on the Topo-II
Poison AOP KEs (Chapter 6).

Chapter 6 includes the development of a proof-of-concept QSAR method for
predicting compound genotoxic potency relative to the types of DNA damage measured for
each KE in the Topo-II Poison AOP. The following hypothesis questions were developed and

presented in the same results chapter:

c. Do compound structural properties correlate with potency, relative to activating
different Topo-II Poison AOP KEs?
d. Can the potency of a nearest neighbour be predicted based on structural activity

relationships (SAR)?

With respect to hypothesis question a, it was determined that the molecular weight,
LogP, and polar surface area molecular descriptors are good structural activity relationship
measures that correlate with BMD potency for the 9 Topo-II Poisons presented in the same
results chapter. The K-Nearest Neighbours algorithm was used as a statistical regression
method for building the QSAR model tested in the same results chapter. The K-Nearest
Neighbours distances were used to infer conclusions from the QSAR models in which
molecular descriptors were plotted relative to BMD potency. Hypothesis question b was
fulfilled based on measures of K-Nearest Neighbours by comparing the trained models
containing BMD metrics versus K-Nearest Neighbours models without BMD metrics. It was
demonstrated that the potency rank order of a query compound can be determined relative to
other compounds in the QSAR model by interpreting the K-Nearest Neighbours distance
metrics. This approach is novel in the sense that QSAR and BMD metrics are utilised in a
single predictive algorithm. Additionally, the QSAR model developed in chapter 6 utilised
measures of potency, which aligns with the paradigm shift towards quantitative genotoxicity
risk assessment (Gollapudi et al., 2013b; Macgregor et al., 2015; Dearfield et al., 2017), and
therefore more superior than other QSAR models that are only predictive of mutagenic
dichotomy (Maunz et al., 2013; Benigni and Bossa, 2018; Roberts et al., 2000). One issue
pertaining to the QSAR method developed in chapter 6 was the use of the BMD point
estimate due to limitations in the number of variables that can be loaded into the K-Nearest
Neighbours algorithm. Although it was determined that the choice of BMD versus the
combination of confidence limits (BMDL and BMDU) did not influence the K-Nearest

Neighbours distance metrics between plotted points in this instance, it is suggested that lower
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quality dose-response datasets may not display the same level of reproducibility than the
QSAR model built in chapter 6. This would be more impactful where large levels of
uncertainty in the fitted dose response would translate to wider overlapping confidence
intervals for compounds in a combined covariate (Wills et al., 2016a). Therefore, it is
imperative that only good quality dose-response datasets that yield narrow confidence

intervals are used to build QSAR models for predicting genotoxic potency.

7.3 In Vitro Genotoxicity BMD Potency Determinations: Implications in Compound

Development.
7.3.1.1 Implications to In Vitro Genotoxicity Testing?

In vitro genotoxicity testing methods remain an integral part of compound safety
assessment. Depending on the assay performed, the tests can be valuable to high-throughput
screening for R&D prioritisation, and as part of the standard test battery for regulatory
submission purposes. Several publications have demonstrated the utility of dose-response
analysis of in vitro genotoxicity tests — such as the in vitro micronucleus endpoint — in
compound potency ranking (Soeteman-Hernandez et al., 2015; Bemis et al., 2016; Wills et
al., 2016a; Allemang et al., 2018). The findings presented in this thesis have added valuable
contributions to the literature with regards to the utility of the BMD approach to compound
potency ranks from dose-response datasets from multiplexed in vitro genotoxicity biomarker
responses. The additions to the literature include demonstrating that compound potency from
multiplexed DNA damage biomarkers can inform potency in a standard battery endpoint such
as the in vitro micronucleus (Dertinger et al., 2019); that statistically robust potency
comparisons across different treatment conditions can be made using BMD confidence
intervals from in vitro DNA damage response biomarkers (Wheeldon et al., 2021); and that
BMD robust potency comparisons can be made for a compound class of interest with
supporting mechanistic and compound structural information (Wheeldon et al., 2020). Some
individuals have suggested the development of in vitro to in vivo extrapolation methods,
where in vitro genotoxicity tests could replace in vivo alternatives (White et al., 2020);
however, this remains a contentious topic due to pharmacodynamic and pharmacokinetic
differences observed between in vitro and in vivo systems. For now, we advocate that in vitro
genotoxicity tests — particularly in vitro genotoxicity biomarker responses — remain valuable
to acquiring data for BMD analysis and potency ranking consistent with prominent

researchers in the genetic toxicology discipline (Wills et al., 2016a; 2016b; White et al.,
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2020). BMD potency ranking is a highly valuable tool for high-throughput laboratories in
compound R&D, with the findings presented in this thesis and published in the literature

provide a great foundation for laboratories to use in their development efforts.
7.3.1.2 Implications of AOPs in Genetic Toxicology?

The genetic toxicology community has already embraced the application of MOA
knowledge to compound safety assessment (Dearfield et al., 2017); however, MOA remains
focussed on evaluating the different types of adverse outcomes (AOs) associated with the
different MOAs (clastogenicity, aneugenicity, mutagenicity). The advantage of the AOP
framework is that the sequence of perturbing key biological events (KEs) that lead to adverse
outcomes are highlighted in the AOP, and this can lead to the use and development of
appropriate tests to identify and measure the KE (OECD, 2018; Sasaki et al., 2020). The
HESI GTTC MOA workgroup have begun to develop AOPs for the main indirect and non-
DNA reactive types of DNA damage, including those related to two key types of aneugenic
molecular initiating events (aurora kinase inhibition and tubulin binding) and three associated
with molecular initiating events (oxidative stress DNA damage, inhibition of DNA synthesis,
and Topoisomerase II Inhibition) leading to clastogenic outcomes. The genetic toxicology
community remains intent on developing and embracing the use of AOPs to realise
knowledge gaps associated with genotoxic KEs and AOs, and to develop new tests in the
framework of Integrated Approaches to Testing and Assessment (IATA) (OECD, 2018) and
Non-Animal Methods (NAMSs). The findings presented in this thesis relate to a specific
application of the AOP framework to structure existing knowledge in a manner which could
be used by genetic toxicology risk assessors and regulators, specifically outlining the types of
novel in vitro DNA damage biomarker responses that apply to KEs for the Topo-II Poison
AOP.

7.3.1.3 Implications of QSAR in Genetic Toxicology?

Although the use of QSAR in genetic toxicology has advanced with the adoption of
the use of various methods in regulatory guidance (ICH, 2013), its application remains
constrained to predicting the outcome of Ames mutagenicity (Barber et al., 2017; Benigni
and Bossa, 2018). As has been discussed in this thesis, mutagenicity is not a comprehensive
measure of genotoxicity since there are different types of genotoxic adverse outcomes,

particularly as compound development advances to avoid DNA reactive molecules. Other
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QSAR methods have been successfully developed and are utilised to predict toxicities
ranging from skin sensitisation (Macmillan and Chilton, 2019), acute toxicity (Mombelli and
Pandard, 2021) and cytotoxicity (Sun et al., 2020). Of note, the adoption of QSAR methods
for predicting skin sensitisation potential was possible due to the development of the skin
sensitization AOP and international consorted efforts to replace animal testing of skin
sensitisation (Maxwell et al., 2014; Chilton et al., 2018). As the development and application
of indirect and non-DNA reactive genotoxic AOPs gain grounds, it is suggested that QSAR
methods predictive of KEs associated with genotoxic adverse outcomes could be developed.
Data presented in this thesis has shown how simple QSAR methods are predictive of
genotoxic potency of the main KEs associated with Topo-II poisoning, where BMD was
central to the development of the QSAR model. Significant refinement and validation of
QSAR models using BMD measurements of comparative compound potency would be
needed, and it is difficult to imagine the pace of regulatory change adopting the use universal
use of the same methods. However, the application of novel predictive genotoxic QSAR
models like the one presented in this thesis could add significant value to a genetic toxicology
laboratory. One could imagine the use of the QSAR model to predict the relative potency of a
query compound to define the concentration range of a query compound for in vitro testing
without the need to run prior concentration range-finding experiments. This could improve

the throughput of the laboratory and reduce some of the time spent in R&D activities.
7.4 Concluding Remarks

The “Next Generation Testing Strategy for Assessment of Genomic Damage”
conceptual framework described by Dearfield et al. (2017) includes using information
pertaining to MOA, modern test systems, dose-response modelling, and QSAR to advance
genotoxicity risk assessment. This can only be achieved with an accompanying regulatory
paradigm shift from a hazard identification to exposure-based risk assessment. The data
presented in this thesis provides a strong foundation for advancing the use of the preferred
BMD approach with modern test systems like the MultiFlow and ToxTracker DNA damage
response biomarkers. This thesis also shows how BMD potency metrics can be used in the
context of genotoxic AOPs to develop novel QSAR methods for predicting genotoxic
potency of a query compound. To this end, when taken together, the approaches presented in

this thesis form the basis of a next generation testing strategy.
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7.5 Future Work

For further adoption of the BMD approach to genotoxicity risk-assessment approaches,

some of the uncertainties that were highlighted in this thesis would need further development.

Therefore, the findings in this thesis would have been strengthened if the following could be

further investigated:

A limited number of Topo-II Poison compounds were studied for comparative potency
analysis. A broader set of pharmaceutical Topo-II Poison compounds would add to the
findings presented in this thesis by producing a richer profile of potency metrics.

The KNN method utilised to develop the QSAR method could not accommodate the
BMDL and BMDU values in addition to the BMD point estimate used to build the
predictive model. This violates the principle that the BMD confidence interval should be
considered when determining comparative potency differences. Although it was
demonstrated that there was no impact due to the presence of good quality distinct
confidence intervals, it was suggested that poorer quality datasets may be unsuitable for
QSAR model development. A more advanced QSAR model should be developed to
include the BMD confidence intervals.

Most of the in-depth hypothesis testing in this thesis was focussed on Topo-II Poisons. It
would be interesting to see if the same hypotheses could hold valid when tested on
compounds with different MOAs, such as aurora kinase inhibitors leading to aneuploidy,

or tubulin binders leading to aneuploidy and polyploidy.
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The in vitro MultiFlow® DNA Damage Assay multi-
plexes YH2AX, p53, phospho-histone H3, and poly-
ploidization biomarkers into a single flow cytometric
analysis. The current report describes a tiered sequen-
tial data analysis strategy based on data generated

performance from the ML ensemble: 35/40 (88%)
concordance with a priori genotoxicity expectations
and 21/24 (88%) agreement with expected mode of
action (MoA). A second tier applied unsupervised
hierarchical clustering fo the biomarker response

from exposure of human TKé cells to a previously dcta cmd these qnolyses were found to 0 group ¢ certain

(2) phosphorylation of histone H3 at serine 10 (p-H3) to
identify mitotic cells, (3) nuclear p53 content as an indicator
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of nuclei counts to provide information about treatment-related
cytotoxicity and cytostasis. Relative to individual standard
in vitro genotoxicity assays, an advantage of the MultiFlow

Perform MultiFlow® DNA Damage Assay, Collect 4 and 24 hr Data

|
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A priori mammalian
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TABLE |. (Continued)

A priori mammalian
Chemical CAS No__source Chemical cell genotoxicit

TK6 cells were purchased from ATCC® (cat. no. CRL-8015). Cells test chemical per well. The highest concentration tested was 1 mM, and
were grown in a humidified atmosphere at 37°C with 5% CO», and were  the 19 additional concentrations were tested using a square root dilution
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scheme—that is, each concentration differed from the one above by a fac-  top concentration was 1 mM or the lowest precipitating concentration,
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MDS50 CIs for in vitro MN vs. BMDS0 24 hr p53 responses in TK6 cells, (BMD, Benchmark Dose; CI confidence interval; MN, micronucleus).

349



Environmental and Molecular Mutagenesis. DOI 10.1002/em

Tiered Data Analysis Strategy 529

350



Environmental and Molecular Mutagenesis. DOI 10.1002/em

530 Dertingeretal.

351



Environmental and Molecular Mutagenesis. DOI 10.1002/em
Tiered Data Analysis Strategy 531

2015. Histone markers identify the mode of action for compounds genotoxicity, reproductive toxicity, and carcinogenicity of ethyl
positive in the TK6 micronucleus assay. Mutat Res 777:7-16. methanesulfonate. Toxicol Lett 190:254-265.

352



Environmental and Molecular Mutagenesis. DOI 10.1002/em
532  Dertingeret al.

Gollapudi BB, Johnson GE, Hemdndez LG, et al. 2013. Quantitative Kimura A, Miyata A, Honma M. 2013. A combination of in vitro comet

op esooneo o oobio o pd _icronpclone to sing bupop moboh K&

lated histones HZAX and H3 quanufication in different cell lines 2012, Avallable at: hup://Www.accessdata.lda.gov/drugsatida_
for genotoxicity screening. Arch Toxicol 90:1983-1995. docs/label/2012/019643s0851bl.pdf. Accessed October 12, 2018.

353



Environmental and Molecular Mutagenesis. DOI 10.1002/em
Tiered Data Analysis Strategy 533

Moon JL, Kim SY, Shin SW, Park J-W. 2012. Regulation of brefeldin A- Slob W, Setzer RW. 2014. Shape and steepness of toxicological dose—
induced ER stress and apoptosis by mitochondrial NADP+ response relationships of continuous endpoints. Critical Reviews in

induces aneuploidy as well as polyploidy in cultured human lym- www.accessdata.fda.gov/drugsatfda_docs/label/2002/20412S017.pdf.
phocytes. Mutagenesis 14:51-56. Accessed October 12, 2018.

Slob W. 2016. A general theory of effect size, and its consequences for
defining the benchmark response (BMR) for continuous endpoints. Accepted by—
Crit Rev Toxicol 47:342-351. B. Gollapudi

354



Appendix 2. Published Literature (Wheeldon et al., 2021)

Received: 10 July 2020 I Revised: 2 January 2021 l Accepted: 6 January 2021

DOI: 10.1002/em.22422

RESEARCH ARTICLE

Environmental
Mutagenesis and

% WILEY

Environmental and Fﬁ
Molecular Mutagenesis %

The use of benchmark dose uncertainty measurements for
robust comparative potency analyses

Ryan P. Wheeldon?

| Stephen D. Dertinger? | Steven M. Bryce? |

Jeffrey C. Bemis? | George E. Johnson®

institute of Life Science, Swansea University
Medical School, Swansea University,
Swansea, UK

2Litron Laboratories, Rochester, New York

Correspondence

Ryan P. Wheeldon, Swansea University
Medical School, Swansea University, Swansea
SA2 8PP, UK.

Email: r.wheeldon.702067@swansea.ac.uk

Funding information
National Institute of Environmental Health
Sciences, Grant/Award Number:

R44ES029014

Accepted by: P. White

1 | INTRODUCTION

An appreciation of dose-response analysis of genotoxicity data has
accompanied a shift from a hazard identification testing approach, toward
quantitative assessment of genotoxicity for risk assessment purposes
(Macgregor et al., 2015; Dearfield et al., 2017). Under the auspices of the

Abstract

The Benchmark Dose (BMD) method is the favored approach for quantitative dose-
response analysis where uncertainty measurements are delineated between the upper
(BMDU) and lower (BMDL) confidence bounds, or confidence intervals (Cls). Little has
been published on the accurate interpretation of uncertainty measurements for potency
comparative analyses between different test conditions. We highlight this by revisiting a
previously published comparative in vitro genotoxicity dataset for human lymphoblastoid
TKé6 cells that were exposed to each of 10 clastogens in the presence and absence (+/-)
of low concentration (0.25%) S9, and scored for p53, yH2AX and Relative Nuclei Count
(RNC) responses at two timepoints (Tian et al., 2020). The researchers utilized BMD point
estimates in potency comparative analysis between S9 treatment conditions. Here we
highlight a shortcoming that the use of BMD point estimates can mischaracterize potency
differences between systems. We reanalyzed the dose responses by BMD modeling
using PROAST v69.1. We used the resulting BMDL and BMDU metrics to calculate “S9
potency ratio confidence intervals” that compare the relative potency of compounds +/—
S9 as more statistically robust metrics for comparative potency measurements compared
to BMD point estimate ratios. We performed unsupervised hierarchical clustering that
identified four S9-dependent groupings: high and low-level potentiation, no effect, and
diminution. This work demonstrates the importance of using BMD uncertainty measure-
ments in potency comparative analyses between test conditions. Irrespective of the
source of the data, we propose a stepwise approach when performing BMD modeling in
comparative potency analyses between test conditions.

KEYWORDS
BMD, comparative, DNA damage, potency, uncertainty

Quantitative Analysis Workgroup (QAW) of the Health and Environmen-
tal Sciences Institute Genetic Toxicology Technical Committee (HESI
GTTC), different statistical methods for assessing dose-response relation-
ships in genetic toxicology studies have been evaluated (Gollapudi
et al, 2013). An overall conclusion was that the benchmark dose (BMD)
approach for analyzing dose-response data derived from genotoxicity
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studies exhibits the most favorable characteristics. The BMD for continu-
ous data is defined as the dose that results in a predetermined change,
typically ranging between 1 and 10% in the response rate of an adverse
effect relative to existing background incidence (Macgregor et al., 2015).
Unlike other dose-response analysis methods such as the No Observed
Genotoxic Effect Level (NOGEL) approach, the BMD method is advanta-
geous since it is not restricted to the study concentration/dose selection.
The BMD method evaluates the entire range of concentrations/doses
within the dataset while providing measures of uncertainty such as confi-
dence limits (Crump, 1984; Slob, 2002). The uncertainty in the estimation
of the BMD is defined as the range delineated between the upper
(BMDU) and the lower (BMDL) confidence bounds.

BMDs and their associated confidence intervals (Cls) can be inter-
preted in a manner that conveys the potency of the studied test article.
For example, Cls have been plotted to illustrate compound potency
ranking from in vivo carcinogenicity and genotoxicity studies, as well as
providing empirical comparisons across endpoints. Additionally, com-
bined analysis can be performed for multiple dose-response datasets
for a shared endpoint differentiated by one or more covariates (Slob
and Setzer, 2014). This is known as the BMD combined covariate
approach. A prominent study by Wills and colleagues (Wills et al., 2016)
applied the BMD combined covariate approach to in vitro genotoxicity
data and demonstrated that the precision of the BMD increases when
compound, or another condition that pertains to mode of action (MoA),
serves as the covariate. The precision of the BMD is defined by the
ratio of the BMDL to the BMDU and has potential implications for reg-
ulatory decision making when used to define a Point of Departure
(PoD) for extrapolation to a human exposure limit (White et al., 2020).

Wills et al. (2016) states that as Cls represent the range in which
the true BMD lies, potency differences are only statistically defend-
able when there is no apparent overlap between intervals. Thus, eval-
uation of the entire BMD CI (BMDL and BMDU) is imperative to
drawing potency conclusions from BMD analysis of dose-response
datasets. Researchers have used BMD Cls of chemical classes of inter-
est to plot compound genotoxic and/or carcinogenic potency in rank
order (Hernandez et al., 2011; Soeteman-Hernandez et al., 2015a;
Soeteman-Hernandez et al., 2015b; Wills et al., 2016, 2017). Some
prominent examples where BMD Cls were used in comparative gen-
otoxicity potency analyses include studies by Allemang et al. (2018)
and Wheeldon et al. (2020). Allemang et al. (2018) performed BMD
analyses to evaluate the relative genotoxic potency of 15 pyrrolizidine
alkaloids (PAs) via in vitro micronuclei formation in HepaRG cells.
Wheeldon et al. (2020) performed BMD analyses to evaluate the com-
parative genotoxic potency of 8 Topoisomerase Il poisons studied in
human lymphoblastoid TKé cells using the MultiFlow DNA damage
response assay. Both publications identified the utility of BMD Cls in
compound comparative genotoxicity potency analyses to support read
across and MoA determination for a limited number of compounds of
interest. In all of the aforementioned studies, compound potency
comparisons within and between genotoxicity endpoints were always
performed by scrutinizing the shape and steepness of the underlying
dose-response curve, and by graphically representing the BMD Cls.
Potency comparisons and measures of correlation were consistently

evaluated by Cls spanning orders of magnitude versus deriving
numerical values for comparison purposes.

Herein we consider a previously published in vitro genotoxicity
dataset where the authors performed BMD analyses and drew conclu-
sions without considering the uncertainty associated with the BMD
measurements. Tian et al. (2020) investigated the use of phenobarbital/
B-napthoflavone-induced rat liver S9 at maximal non-cytotoxic concen-
tration (0.25% vol/vol final) in a flow cytometry based multiplexed DNA
damage response assay. The laboratory was able to maintain the S9
enzyme/co-factor mix with cells and test compound for the entire expo-
sure period of 24 hr in the TKé-based assay. The investigators focused
on 15 chemicals: 8 of which are clastogens that are known to require
metabolic activation to maximize formation of DNA-reactive metabo-
lites; 5 are cytotoxicants; and 2 are direct acting clastogens that do not
require metabolic activation. In addition to determining compound MoA
through the use of biomarker responses, the authors applied the BMD
approach with the aim of calculating a numerical “S9 potentiation ratio”
value, which served as a comparison metric obtained by division of the
BMD value in the absence of S9 by the BMD value in the presence of
S9. Upon further consideration of this approach, we believe that there
are significant shortcomings in the use of solely a BMD point estimate in
their comparative potency analysis. Using the same logic highlighted by
Wills et al. (2016); it is irreconcilable to rely upon a BMD point estimate
to robustly compare potencies, since the BMD ClI represents the range
in which the true BMD lies. To our knowledge, there are no published
reports that critique the use of a BMD point estimate, and how this dif-
fers from use of BMD Cls in comparative analysis between experimental
conditions. Herein, the Tian et al. (2020) data is re-analyzed to further
inform use of the same in vitro genotoxicity/low concentration S9
dataset. Primarily, we stress that the use of a BMD point estimate value
does not provide an accurate representation of the likely potency range
of the test compound. Said another way, the BMD point estimates and
associated “S9 potentiation ratio” comparison metrics did not convey
information about the uncertainty of the measurements that are consis-
tent with the BMD uncertainty measurement approach that is advocated
in the scientific literature.

This current report focuses on reanalysis and augmentation of the
previously published Tian et al. (2020) dataset. Specifically, we convey the
BMD uncertainty measurements that relate to the relative genotoxic
potency of the 10 clastogenic compounds. To this end, we calculate “S9
potency ratio Cls” using the BMD uncertainty measurements (BMDL and
BMDU) between S9 exposure conditions (the presence and absence of
S9) and utilize said ratios to derive robust potency conclusions as a follow
up to the Tian et al. (2020) work. Readers are encouraged to refer to the
original Tian and colleagues' article for further context (Tian et al., 2020).

2 | MATERIALS AND METHODS
21 |

In vitro genotoxicity dataset

The data were derived from a previously published article in which
15 compounds were studied using the in vitro MultiFlow® DNA
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Damage Assay in the presence and absence of low dose (0.25%
vol/vol) 9 (Tian et al. 2020). The in vitro MultiFlow DNA Damage
Assay multiplexes several biomarkers that are responsive to diverse forms
of DNA damage into a single flow cytometric analysis. The multiplexed
biomarkers include: (a) phosphorylation of H2AX at serine 139 (yH2AX)
for the detection of DNA double strand breaks, (b) phosphorylation of
histone H3 at serine 10 (p-H3) to identify mitotic cells, (c) nuclear p53
content as an indicator of p53 activation, (d) frequency of 8n+ cells to
monitor polyploidization, and (e) relative nuclei counts (RNC) to provide
information about treatment related cytotoxicity (Bryce et al., 2016). A
detailed description of the assay falls out of scope of this article; thus,
interested readers are encouraged to refer to several publications that
describe the MultiFlow assay (Bryce et al., 2016; Bryce et al., 2017; Bryce
et al, 2018; Dertinger et al., 2019). As previously mentioned, the Tian
et al. (2020) data included 8 direct acting clastogens that require meta-
bolic activation, 5 cytotoxicants and 2 direct acting clastogens that do not
require metabolic activation. In this reanalysis, we focused on the
10 clastogens, since this is where Tian et al. (2020) suggested the greatest
differences in potency between S9 exist. The raw data were provided by
Litron Laboratories and included 4 and 24 hr p53, yH2AX, and 24 hr
RNC responses for the 10 clastogens: 2-acetylaminofluorene, 2-
aminoanthracene, 7,12-dimethylbenzanthracene, benzo[a]pyrene, cyclo-
phosphamide, dibenzo[a,|Jpyrene (also known as dibenzo[def p]chrysene),
diethylnitrosamine, mitomycin C, 2-amino-1-methyl-6-phenylimidazo
[4,5-b]pyridine (PhIP), and resorcinol.

2.2 | BMD analyses
Tian et al. (2020), performed BMD analysis on individual compounds
with the S9 exposure (with or without [+/—] 0.25% vol/vol S9) condi-
tion serving as the covariate. Hence, individual dose-response curves
on a compound basis already existed for this dataset. Here, the indi-
vidual dose-response curves were scrutinized so that compounds and/or
endpoints with little to no evidence of a dose-response could be dis-
qualified from reanalysis. Hence, we excluded 4 hr p53 dose responses
for diethylnitrosamine; 24 hr p53 dose-responses for diethylnitrosamine;
and 24 hr yH2AX dose responses for 7,12-dimethylbenzanthracene.
PROAST version 69.1 operating in R 4.0.2 was used to analyze
the continuous dose-response data (http://www.proast.nl) for the
4 hr and 24 hr yH2AX, 4 hr and 24 hr p53, and 24 hr RNC endpoints.
We applied the exponential model as a sequence of nested models
with increasing number of parameters (EFSA 2009; Slob and
Setzer 2014; EFSA 2017). In this reanalysis, compound was selected
as the covariate—differing from Tian et al. (2020) where S9 condition
was the covariate—since this includes more dose-responses in a sin-
gle analysis to increase the precision of the BMDs. PROAST provided
the option to select model 3 or 5 from the family of models. In doing
so, the number of parameters were increased to test whether the
associated log likelihood is significantly increased, thus informing if
the additional parameters were required for describing the dose-
response (Slob, 2002; EFSA, 2009; Slob and Setzer, 2014; EFSA,
2017). Either model 3 or 5 was finally automatically selected as the
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most appropriate model to describe the shape of the dose-response
curve. Readers are advised to refer to Slob and Setzer (2014) for
detailed information about the dose response models (including
models 3 and 5) and their algorithms.

Consistent with the approach utilized by Tian et al. (2020), an
arbitrary critical effect size (CES) of 0.3 was selected for this
reanalysis. A CES of 0.3 represents a 30% change in response com-
pared to the concomitant control. CES —0.3 for the RNC endpoint
represents a 30% decrease in response for this endpoint analyses.
There is a lack of consensus on the appropriate choice of CES
reported in the literature for in vivo endpoints (White et al., 2020),
thus a lengthy discussion on CES falls outside the scope of this report.
In any event, we justify the use of CES 0.3 for these in vitro endpoints
since the resulting BMDs do not lie in the extremities of the dose
response curves where the associated uncertainties could be
relatively high.

The value of the BMD is a point estimate with an associated
level of precision (the ratio between the BMDL and BMDU), thus
90% BMD Cls were obtained for each compound and endpoint com-
bination in the presence and absence of S9 and were graphically
plotted.

2.3 | Unsupervised clustering

Lower and upper values of the “S9 potency ratio Cls” (algorithm
described in the results and discussion section) were evaluated using
JMP software's unsupervised clustering platform (JMP, v12.0.1). Lower
and upper “S9 potency ratio CI” values associated with the following
5 biomarkers were used as variables: 4 hr p53, 24 hr p53, 4 hr yH2AX,
24 hr yH2AX, and 24 hr RNC. The analysis options were set as follows:
clustering method = hierarchical; method for calculating distances
between clusters = “Ward”; data as usual = “Standardize Robustly”;
data visualization = “Dendrogram,” with “two-way clustering.”

3 | RESULTS AND DISCUSSION

3.1 | BMD confidence intervals
Values of the BMD, BMDL, and BMDU were estimated and collated
for all compounds (+/— S9) and endpoints that were included in the
BMD analysis. The BMD Cls were plotted for each compound with
+/-S9 Cls side-by-side (Figures 1-10). The BMD point estimates are
included in the comparative potency plots to aid in graphical represen-
tation of the BMD point estimate relative to the corresponding BMDL
and BMDU. This is important since some individuals misinterpret the
BMD to be at the midpoint (or geometric mean) between the BMDL
and BMDU. This is a misconception as evident by the differing lengths
of the Cls either side of each BMD point estimate displayed in
Figures 1-10.

Cls that span a maximum of approximately 1-2 Log units (i.e.,
1-2 orders of magnitude) are considered good quality and consistent
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2-Acetylaminofluorine BMD Confidence Intervals
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FIGURE 1
direction lines. BMD point estimates are displayed as data points

BMD confidence intervals for 2-acetylaminofluorene. 4 hr p53 endpoint with S9 infinite BMDU indicated with dashed positive

2-Aminoanthacene BMD Confidence Intervals
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FIGURE 2 BMD confidence intervals for 2-aminoanthracene. 4 hr p53 endpoint without S9 infinite BMDU indicated with dashed positive

direction lines. BMD point estimates are displayed as data points

with other BMD ClI spans that are reported in the literature for
other in vitro genotoxicity systems (Soeteman-Hernandez
et al, 2015a; Bemis et al., 2016; Wills et al., 2016; Allemang
et al., 2018). While most compound's BMD analysis yielded tightly
bound Cls, some displayed wide Cls or dose responses with
unbound upper confidence limits. Specifically, the 4 hr p53 end-
point for 2-acetylaminofluorene —S9 yielded an infinite BMDU

(BMD 3.88 Log10 pM, BMDL 3.42 Logl0 uM, BMDU Infinite
Log10 puM) (Figure 1). Second, both the 4 hr and 24 hr p53
(Figure 9) endpoints for PhIP -S9 yielded unbound BMDUs (BMD
4.39 Log10 pM, BMDL 3.03 Log10 pM, BMDU Infinite Log10 pM;
BMD 5.20 Log10 pM, BMDL 3.22 Log10 pM, BMDU Infinite
Logl0 uM, respectively). The 4 hr yH2AX endpoint for
7,12-dimethylbenzanthracene returned a zero BMDL value
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7,12-Dimethylbenzanthracene BMD Confidence Intervals
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FIGURE 3 BMD confidence intervals for 7,12-dimethylbenzanthracene. 4 hr yH2AX endpoint with S9 yielded a zero value lower confidence

bound. BMD point estimates are displayed as data points

Benzo[a]pyrene BMD Confidence Intervals
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FIGURE 4 BMD confidence intervals for benzo[a]pyrene. 24 hr RNC endpoint without S9 yielded a disproportionately high BMD with
infinite BMDU: indicated as a dashed line spanning the width of the plot. BMD point estimates are displayed as data points

indicating that the lower bound of the BMD is not significant from
zero. We considered these limited instances where dose-response
analyses yielded infinite BMDUs to have exhibited no evidence of
dose-response relationships, and hence are unsuitable for drawing
statistically robust conclusions from the analyses. In the single
instance of a zero BMDL, the resulting BMDL to BMDU ratio is
unobtainable (problems associated with division by 0), and hence
justifies omission of this compound/endpoint combination from
further analysis.

In addition to having unbound BMDUs, some compounds also
displayed BMD estimates that are grossly disproportionate to the
BMDs from other endpoints or S9 condition for the same compound.
The BMD Cis for these instances were not plotted, since the relative
disproportionality would make the other Cls appear comparatively
small. These instances are indicated in the comparative potency plots
with dashed lines spanning the entire graph range. Specifically, the
24 hr RNC endpoint —S9 for benzo[a]pyrene [BMD 12.33 Log10 uM]
(Figure 4), the 24 hr RNC endpoint —S9 for dibenzola,l]pyrene [(BMD
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Cyclophosphamide BMD Confidence Intervals
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FIGURE 5 BMD confidence intervals for cyclophosphamide. Two-sided confidence intervals were obtained for all endpoint's BMD analyses.

BMD point estimates are displayed as data points

Dibenzofa,llpyrene BMD Confidence Intervals
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FIGURE 6 BMD confidence intervals for dibenzo[a,l]pyrene. 24 hr RNC endpoint without S9 yielded a disproportionately high BMD with
infinite BMDU: BMD restricted and only displaying the BMDL. BMD point estimates are displayed as data points

11.99 Logl10 pM] (Figure 6), and the 24 hr yH2AX endpoint —S9 for
diethylnitrosamine [BMD 20.74 Log10 pM] (Figure 7). These endpoints
also yielded infinite BMDUSs, and consequently displayed no evidence of
a dose response upon which one can then accurately define potency.
Visual scrutiny of each compound's BMD potency plot allows
efficient visual discrimination of the potency difference of each end-
point that results from S9 exposure. Endpoints where the S9 exposure
condition yielded BMD Cls that largely overlap results in potency dif-
ferences that are statistically insignificant. Conversely, non-

overlapping Cls are statistically significantly different and show that
the S9 condition exerts an impact on the compounds potency in the
same in vitro system.

For the most part, as one would expect, the tested clastogens
that require metabolic activation to exert genotoxic effects show an
increase in potency when exposed to the low concentration S9 sys-
tem. This is evidenced by +S9 Cls that reside in more potent regions
of the comparative potency plot by several orders of magnitude com-
pared to —=S9 Cls. An outlier is 2-acetylaminofluorene where all
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Diethylnitrosamine BMD Confidence Intervals
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FIGURE 7 BMD confidence intervals for diethylnitrosamine. 24 hr yH2AX endpoint without S9 yielded a disproportionately high BMD with
infinite BMDU: indicated as a dashed line spanning the width of the plot. BMD point estimates are displayed as data points

Mitomycin C BMD Confidence Intervals
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FIGURE 8 BMD confidence intervals for mitomycin C. Two-sided confidence intervals were obtained for all endpoint's BMD analyses. BMD

point estimates are displayed as data points

endpoints except for 24 hr yH2AX and 24 hr RNC display Cls that
reside in the same order of magnitude (Figure 1). This suggests that
S9's potentiating effect was restricted to these endpoint/timepoint
combinations. The comparative potency plots also show that the
direct acting clastogens, mitomycin C and resorcinol, were not poten-
tiated by S9—rather, to a certain extent, the presence of S9 slightly
decreased their genotoxic potency.

3.2 | S9 potency ratio Cls

Tian et al. (2020) derived S9 potentiation ratios by comparative analysis
of the BMD point estimates across the S9 exposure conditions for each
compound and endpoint. There is a concem that the use of BMD point
estimates can misrepresent the potency effect of S9 in this in vitro sys-
tem since the BMD measure of uncertainty is disregarded.
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4heps3 With 59 =

4 he 953 Without 3

240 983 Witk 53 -

24 he ANC With 9 .

20 b RNC Without 9 —

28 heyH2AX Without 9

24 he yHAX Wb 59 ——

4 he yH2AX Without S

e YH2AX With.$9 S

2 15 1 as ° os 1 15 2 s 3

3s . as s 55 . 65 7 s s s

Concentration [Log10 uM)

FIGURE 9 BMD confidence intervals for PhIP. 24 hr p53 endpoint without S9 and 4 hr p53 without S9 infinite BMDUs indicated with
dashed positive direction lines. BMD point estimates are displayed as data points

Resorcinol BMD Confidence Intervals
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FIGURE 10 BMD confidence intervals for resorcinol. Two-sided confidence intervals were obtained for all endpoint's BMD analyses. BMD

point estimates are displayed as data points

Tian et al. (2020) correctly pointed out that the BMD estimate
can be beyond the top concentration used in the benchtop experi-
ment. In these instances, the authors calculated the “S9 potentiation
ratio” by restricting the BMD to the top concentration (denoted with
a greater than [>] symbol in the tabulated results section of their arti-
cle). However, these tight BMD restrictions led to mischaracterization
of the true BMD ratio. We contend that one should only limit BMD

values for graphical display where the value is disproportionately
larger than other endpoints and S9 conditions for the same com-
pound. In the BMD analysis reported in this re-analysis, disproportion-
ately high BMD values also coincided with unbound BMDUs.

The BMD Cls obtained in this re-analysis were used to calculate
an “S9 potency ratio CI” that is derived for each compound and end-
point BMD analysis that returned a dose response by comparing the
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TABLE 1 Compound/endpoint combination BMD ratios and “S9 potency ratio Cls” (original and log scale) compared with the Tian
et al. (2020) “S9 potentiation ratios”

Compound

2-Acetylaminofluorine

2-Aminoanthracene

7,12-Dimethylbenzanthracene

Benzo[a]pyrene

Cyclophosphamide

Dibenzo[a,llpyrene

Diethylnitrosamine

Mitomycin C

PhIP

Endpoint

4 hrp53

24 hr p53

4 hr yH2AX
24 hr yH2AX
24 hr RNC

4 hr p53

24 hr p53

4 hr yH2AX
24 hr yH2AX
24 hr RNC

4 hrp53

24 hr p53

4 hr yH2AX
24 hr yH2AX
24 hr RNC

4 hrp53

24 hr p53

4 hr yH2AX
24 hr yH2AX
24 hr RNC

4 hrp53

24 hr p53

4 hr yH2AX
24 hr yH2AX
24 hr RNC

4 hr p53

24 hr p53

4 hr yH2AX
24 hr yH2AX
24 hr RNC

4 hr p53

24 hr p53

4 hr yH2AX
24 hr yH2AX
24 hr RNC

4 hr p53

24 hr p53

4 hr yH2AX
24 hr yH2AX
24 hr RNC

4 hrp53

24 hr p53

4 hr yH2AX
24 hr yH2AX
24 hr RNC

S9 potentiation
ratio from Tian
et al. (2020) (uM)

NC

NC
>2.64
>8.9
0.53
>7

>22
167
16.3
>26.2
>32.9
23.7
88.7
NC
218
NC
>80
>463
1.8x10°
>31.4
NC
870
>101
3,249
797
>56
>962
22,727
>38,462
>1,220
NC

NC
>3.5
>10
NC
0.51
0.73
0.82
0.25
0.31
>3.1
>34.6
>1,633
>781
>18.2

BMD-BMD ratio®
No DR
1.89
1.14
34.23
0.33

No DR
108.72
74.55
895
295.11
49.90
18.06
28.07
No DR
24.43
3.06
9.14
1,357.44
11.18
No DR
No DR
702.02
158.03
1,589.81
963.44
148.74
1,162.83
4,666.876
22,167.08
No DR
No DR
No DR
5.90

No DR
3.58
0.52
0.27
0.44
0.07
0.21

No DR
No DR
4,719.67
2067.12
703.43

S9 potency
ratio Cl range (uM)°

No DR

0

0

8.53-704.02
0.18-0.55

No DR
57.26-278.80
46.03-126.81
2.51-21.59
79.87-3,004.35
16.63-418.60
9.52-34.87

No DR

No DR
8.59-73.37
1.54-7.23
4.98-17.88
629.63-3,448.28
347-34.73

No DR

No DR
535.64-923.65
115.69-227.54
305.34-5,922.33
466.40-2,405.30
88.94-316.87
50.24-1,578.48
24.49-6,967.37
6,325.46-130,672.27
No DR

No DR

No DR
3.64-10.47

No DR
1.53-9.10
0.37-1.06
0.20-0.36
0.31-0.62
0.01-0.19
0.12-0.36

No DR

No DR
1,436.10-33,246.07
336.19-189,075,630.25
230.83-6,142.75

S9 potency ratio
Cl range (Log10 uM)©

No DR

0

0

0.93to0 2.85
—-0.74 to —-0.26
No DR

1.76 to 2.45
1.66 to 2.10
0.40to 1.33
1.90 to 3.48
1.22t0 2.62
0.98 to 1.54
No DR

No DR

0.93to 1.87
0.19 to 0.86
0.70to 1.25
2.80to 3.54
0.54 to 1.54
No DR

No DR
2.93t02.97
2.06to0 2.36
248t03.77
2.67t03.38
1.95 to 2.50
1.70 to 3.20
1.39 to 3.84
3.80to 5.12
No DR

No DR

No DR

0.56 to 1.02
No DR

0.18t0 0.96
—-0.43 t0 0.03
—-0.70 to -0.44
—-0.51to -0.21
—2.00 to —-0.72
-0.92 to -0.44
No DR

No DR

3.16 to 4.52
2.53t08.28
23610379

(Continues)
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TABLE 1 (Continued)
S9 potentiation
ratio from Tian
Compound Endpoint et al. (2020) (uM)
Resorcinol 4 hr p53 NC
24 hrp53 011

4 hr yH2AX 0.26
24 hr yH2AX 0.05
24 hr RNC 0.047

S9 potency S9 potency ratio
BMD-BMD ratio® ratio Cl range (uM)® Cl range (Log10 pM)*
0.22 0 0
0.07 0.0498-0.0937 -1.30 to -1.03
0.23 0.1502-0.3594 -0.82 to —-0.44
0.03 0.0026-0.0659 -2.59 to -1.18
0.04 0.0202-0.0645 -1.69 to -1.19

*The BMD-BMD ratio is presented to compare with the “S9 potentiation ratio” from Tian et al. (2020). In essence, the Tian et al. (2020) “S9 potentiation
ratio” is a BMD-BMD ratio. The majority of BMD-BMD ratios from the re-analysis are similar to the Tian et al. (2020) “S9 potentiation ratios” showing
that the BMD analyses do not differ significantly (same order of magnitude). One outlier is the analysis of the benzo[a]pyrene 24 hr yH2AX endpoint
where the BMD-BMD ratio is significantly smaller than the “S9 potentiation ratio.” This is likely due to increased precision resulting from combined
covariate analysis of the clastogen compounds in the reanalysis of this endpoint. The significant difference between “S9 potentiation ratios” and the BMD-
BMD ratios is the tight restrictions placed on the BMDs to calculate the “S9 potentiation ratio” denoted by the greater than symbol (>). This restriction

resulted in mischaracterized comparison of potency.

PThe S9 potency ratio Cls ranges are provided in the original scale to provide a like-for-like comparison with the Tian et al. (2020) “S9 potentiation ratio”

presented in the original scale.

“The S9 potency ratio Cl ranges are provided in the log scale to provide a like-for-like comparison with the comparative potency plots (Figures 1-10)

presented in this article in the log scale.

9Greater than sign (>) from Tian et al. (2020) where tight restrictions were place on the BMD based on the upper concentration tested.

BMDU +59 to BMDL -S9, to the BMDL +59 to BMDU —-S9. The “S9
potency ratio CI” is synonymous with the magnitude of the potency
difference (range) exhibited for each compound/endpoint combina-
tion after exposure to S9. Although there were only 2 experimental
conditions (+/- S9) included here, the same algorithm could apply to
2 or more experimental conditions where one potency is compared to
another potency of interest. The “S9 potency ratio Cls” were calcu-
lated in the original scale so that the values can be compared to the
“S9 potentiation ratios” values obtained from BMD-BMD ratios by
Tian et al. (2020). Values greater than 1 represent increased com-
pound potency for a particular endpoint after S9 exposure, whilst
values less than 1 confer the inverse. O values represent Cls that over-
lap and hence potency differences are statistically indefensible. The
BMD-BMD ratios from our analysis are also shown for comparative
purposes. We have also displayed the S9 potency ratios in the Log
scale for the sole purpose of aiding in demonstration of differences in
orders of magnitude. The values are displayed in Table 1 in compari-
son with the S9 potentiation ratios from Tian et al. (2020).

Comparing our “S9 potency ratio Cls” with the S9 potentiation
ratio obtained by Tian et al. (2020) shows that in almost all cases, the
“S9 potentiation ratio” that was derived from BMD point estimates is
either mischaracterized through tight restrictions on the BMD (where
the researchers denoted these ratios with a > sign) or is in the upper
range of our “S9 potency ratio CI” range, indicating a tendency for
over estimation of the S9 bioactivation effect.

Calculating an “S9 potency ratio CI” for these experiments accu-
rately conveys the uncertainty measurements which should be
accounted for when assessing potency comparisons across conditions.
We can summarize the “S9 potency ratio Cls” calculated here by stat-
ing that S9 increases the potency of the compounds ranging from
approximately 1-2 orders of magnitude (Log10 pM) for lower potency
differences, to approximately 3-5 orders of magnitude (Log10 pM) for

higher potency differences. The effect of S9 is statistically insignifi-
cant for some compound/endpoint combinations where BMD Cls
overlap. In other instances, S9 exposure decreased potency
(expressed as negative values) of compounds by approximately 0.4 to
2.0 orders of magnitude.

3.3 | S9 potency ratio Cl range

As previously mentioned, the “S9 potency ratio CI” values span sev-
eral orders of magnitude. In order to objectively define the range of
“S9 potency ratio Cls” obtained, we analyzed the lower and upper
values (Log scale) of each “S9 potency ratio CI” via unsupervised hier-
archical clustering. The clustering was based on squared Euclidean dis-
tance “Ward's method” (Ward and Hook 1963) between points. The
resulting groups are presented in Figure 11 in the form of a two-
dimensional dendrogram with accompanying heat map. The upper and
lower values of the “S9 potency ratio Cls” associated with the in vitro
biomarkers (4 hr p53, 24 hr p53, 4 hr yH2AX, 24 hr yH2AX, and 24 hr
RNC) are displayed on the X axis. Compounds are plotted on the
Y axis. The heat map represents the order of magnitude difference in
“S9 potency ratio Cls.” Compound/endpoint combinations where S9
exposure increased genotoxic potency are displayed with varying
intensities of red on the heat map, whereas compounds and endpoints
where S9 exposure decreased potency are displayed with varying
intensities of blue on the heat map. Compound/endpoint combina-
tions where the dose-response following S9 exposure was not statis-
tically significantly different were plotted as zero values and displayed
as gray-blue on the heatmap. Additionally, the clustering platform
could not accommodate missing values for compounds/endpoint
combinations that showed no dose-response. In these instances, a
zero value was entered to accommodate the clustering method.
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FIGURE 11 Unsupervised hierarchical clustering results are shown as a two-dimensional dendrogram with heatmap for the 10 clastogens
“S9 potency ratio Cls.” The values of the lower and upper confidence limits of the “S9 potency ratio Cls” were included in the analysis. The lower
and upper bound of the “S9 potency ratio S9 Cls” are plotted on the X-axis per endpoint combination. Compounds are plotted on the Y-axis.
Increasing intensities of red indicate a strong tendency for S9 exposure to increase the genotoxic potency of a compound for a specific endpoint.
An increasing intensity of blue indicates the converse, where the presence of S9 decreases the genotoxic potency of a compound for a specific
endpoint. Gray-blue represents compound/endpoint combinations where the dose-response following S9 exposure was not statistically
significantly different (overlapping Cls), or where a zero value was included to accommodate the clustering method in instances where no S9
potency ratio Cls were obtained (infinite BMDUs). There are 4 distinct clades that group compounds into (1) high, (2) low, (3) zero, and

(4) negative (as a subset of clade 3), effects on potency as a result of S9 exposure. Abbreviation: DMBA = 7,12-dimethylbenzanthracene

There are 4 distinct clades identified in the dendrogram:
(a) Chemicals whose genotoxic potency was dramatically increased in
the presence of S9 (dibenzola,l]pyrene, cyclophosphamide, 2-amino
anthracene, and PhIP); (b) chemicals whose genotoxic potency was
increased in the presence of S9 (dimethylbenzanthracene, benzo[a)
pyrene, and 2-acetylaminofluorene); (c) chemicals whose genotoxic
potency was not increased in the presence of S9 (mitomycin c, resor-
cinol, and diethylnitrosamine); and (d) a subset of clade 3, clade 4, whose
genotoxic potency was reduced in the presence of S9 (mitomycin ¢, and
resorcinol; indicated by a strong dark blue in the heat map).

The clustering results demonstrate that distinct groups exist that
best describe the range of S9-dependent effects into high, low, zero
and negative categories. The division of the S9 potency ratio Cls into
groups follows application of quantitative metrics allowing objective
interpretation in a hazard-based scale context. It is likely that when a
more diverse set of clastogens are analyzed, it will be possible to
detect further subdivisions of potency effect (e.g., low, medium, high,
very high). The same clustering method could be applied to other
dose-response comparative analyses. Several examples are
envisioned, for instance the study of compound potency effects
between different exposure durations (subchronic vs. chronic dosing
regimens), between different target tissues (liver vs. bone marrow), or
between different in vitro cell lines (liver HepaRG vs. HepG2, or V79
vs. CHO).

4 | CONCLUSIONS

The results of the data analysis presented here illustrate the necessity
to utilize the full BMD Cls to draw conclusions from dose-response
datasets. We have demonstrated that in comparative potency analy-
sis, use of BMD point estimates can yield mischaracterized or over-
estimated potency ratios during instances where the width of the Cls
varies considerably between conditions.

Interpretation of BMD Cls relies upon visual scrutiny by the eval-
uating scientist, and we speculate that one could be overwhelmed
with the results from hundreds of compounds from in vitro screening
experiments. Therefore, the evaluating scientist may wish to use sta-
tistical methods such as hierarchical clustering to aid in data interpre-
tation. When objectively considering the range of “S9 potency ratio
Cls” presented in our analysis, one is provided with a scale of high to
low, zero, and negative S9 potency effects. While we illustrated the
potency effect of S9 in an in vitro genotoxicity test system, the same
approach can be applied to any comparative genotoxicity potency
analysis. We propose that investigators apply the following stepwise
approach when performing comparative potency analysis of 2 or more
experimental conditions using the BMD methodology:

1. Utilize the results of combined covariate BMD analyses to plot
BMD Cls that represent potency across the endpoints evaluated
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under different dependent variables. For graphical purposes only,
limit disproportionately high BMDs that display infinite BMDU
values.

2. Derive the lower and upper values of “potency ratio Cls” between
conditions by comparing BMDU condition 1 to BMDL condition
2, and BMDL condition 1 to BMDU condition 2 (ad infinitum),
respectively.

3. Objectively identify groups in the data that best describe the mag-
nitude of the difference in potency observed between conditions.
While a scientist can successfully identify patterns in Cl plots of a
few experimental conditions (a small number of compounds, ani-
mal sex, limited number of cell lines, etc.) via visual techniques, we
contend that hierarchical clustering may add significant value to
the interpretation of large datasets, particularly those from in vitro
screening experiments of large numbers of compounds and bio-
marker combinations.
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Appendix 5. Topo-II Poison 4-hour BMD Dose-Response Curves for MultiFlow

Biomarker Responses
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Figure A5.1. BMD dose-response model for the Topo-II Poisons exposure to TK6 cells 24-
hour YH2AX biomarker response. Induction (increase) of the YH2AX response is indicative

of DNA double strand breaks from Topo-II Poison exposure.
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Figure AS.2. BMD dose-response model for the Topo-II Poisons exposure to TK6 cells 4-

hour p53 biomarker response. Induction (increase) of the p53 response is indicative of cell

cycle delay from Topo-II Poison exposure.
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Figure A5.3. BMD dose-response model for the Topo-II Poisons exposure to TK6 cells 24-

hour p-H3 biomarker response. Downregulation (decrease) of the p-H3 response is indicative

of replication fork blockage and mitotic arrest from Topo-II Poison exposure.
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Appendix 6. Topo-II Poison 4-hour BMD Confidence Intervals for MultiFlow Biomarker Responses

4-hour yH2AX BMD Confidence Interval Plots with Different CESs
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Figure A6.1. BMD Confidence Interval Plots resulting from different CES values. Panel left to right CES 0.1 (10%), 0.5 (50%) and 1.0 (100%)

for the 4-hour YH2AX biomarker responses to Topo-II Poison compounds. Compound abbreviations on the right-hand side of each panel

following the abbreviations in Table 3.1 of the main text. The potency rank order does not differ between the three different CESs.

384



4-hour p53 BMD Confidence Interval Plots with Different CESs
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Figure A6.2. BMD Confidence Interval Plots resulting from different CES values. Panel left to right CES 0.1 (10%), 0.2 (20%) and 0.5 (50%)
for the 4-hour p53 biomarker responses to Topo-II Poison compounds. Compound abbreviations on the right-hand side of each panel following

the abbreviations in Table 3.1 of the main text. The potency rank order does not differ between the three different CESs.
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4-hour p5-H3 BMD Confidence Interval Plots with Different CESs
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Figure A6.3. BMD Confidence Interval Plots resulting from different CES values. Panel left to right CES 0.1 (10%), 0.2 (20%) and 0.5 (50%)
for the 4-hour p-H3 biomarker responses to Topo-II Poison compounds. Compound abbreviations on the right-hand side of each panel following

the abbreviations in Table 3.1 of the main text. The potency rank order does not differ between the three different CESs.
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Appendix 7. Individual Dose-Response Curves for the MultiFlow and
ToxTracker System Biomarker Responses Resulting from Topo-II Poison
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Figure A7.1. Individual dose-response curves for the Topo-II Poisons evaluated with the

MultiFlow 4-hour YH2AX biomarker. CES 50%.
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Figure A7.2. Individual dose-response curves for the Topo-II Poisons evaluated with the

MultiFlow 24-hour YH2AX biomarker. CES 50%.
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Figure A7.3. Individual dose-response curves for the Topo-II Poisons evaluated with the

MultiFlow 4-hour p53 biomarker. CES 50%.
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Figure A7.4. Individual dose-response curves for the Topo-II Poisons evaluated with the

MultiFlow 24-hour p53 biomarker. CES 50%.
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Figure A7.5. Individual dose-response curves for the Topo-II Poisons evaluated with the

ToxTracker Bscl2 Biomarker. CES 50%.
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Figure A7.6. Individual dose-response curves for the Topo-II Poisons evaluated with the

ToxTracker Btg2 Biomarker. CES 50%.

392



Daunorubicin-- Emodin+59-- Mitoxantrone--
N AW A a7
@
. A
o~ : & N
3 !
= 7 } :1 |
s‘ i ™~ 7 ] :
FiY ! | -
2 _‘{5’,’ A . L : 2 s
T T T T ™ T T T T T T
20 15 10 a5 15 20 25 30 20 15 10
Doxorubicin- Etoposide-53-- Teniposide-
E " A A 1 A -3
ﬁ ~N
] A . a X8
o — ™
™~ .:‘ N &
- ™~
fiy
N (=] a |-
~N W, FAY _{; A o~ }/
- - |
. i A o 2 A
- T T T T T T T T T T T T
15 10 Qs 00 20 15 10 a5 25 20 15 1L
Emodin-5$9-- Etoposide+5§3--

Figure A7.7. Individual dose-response curves for the Topo-II Poisons evaluated with the

ToxTracker Btg2 Biomarker. CES 50%.

393



Appendix 8. Richard Williams Award Abstract

Can Benchmark Dose potency information augment the use of Structural Activity Relationships in Mode of

Action-based compound risk assessments?
Ryan Wheeldon'?, George Johnson'

nstitute of Life Science, Swansea University Medical School, Swansea University, SA2 8PP, United
Kingdom

Baxter Healthcare, R&D Europe Sprl, Boulevard d’Angleterre 2-4 , 1420 Braine-1’Alleud, Belgium

Dearfield et al. (2017) presented an ambitious next generation testing strategy for the assessment of
genomic damage aiming to transform genetic toxicology testing from hazard identification to a
quantitative risk-based paradigm. Integral to the next generation approach are the use of Quantitative
Structure-Activity Relationships (QSAR) and read-across; modern in vitro assays that can rapidly score
cells for genomic damage; dose-response analysis of the resulting datasets; and Mode of Action (MOA)
information that relates the mechanistic understanding of biological pathways to human health adverse
outcomes. To this date, little has been published encompassing all elements of the next generation
approach. To put the strategy into practice, we have performed Benchmark Dose (BMD) analyses of
multiple in vitro multiplexed DNA damage response assay datasets. Firstly, we demonstrated that the
response biomarkers p53, YH2AX and phospho-histone H3 (pH3) — for classes of clastogens and aneugens
exposed to TK6 cells for 24 hours — mostly correlate with expected responses in the in vitro micronucleus
gold standard assay for the same cell line. Secondly, to determine relative potency we applied BMD
modelling to the same in vitro biomarkers’ dose-responses resulting from the exposure to eight
Topoisomerase II (Topo2) poisons. The patterns observed amongst the eight Topo2 compounds’ potencies
align with genotoxicity structural alerts of said compounds. We developed an Adverse Outcome Pathway
(AOP) focussing on Key Events (KEs) that align with the in vitro DNA damage response biomarkers.
Relevant Derek Nexus alerts which mention KEs on the Topo2 AOP were mapped to the AOP and had the
benefit of connecting compounds to associated biological endpoints and adverse outcomes. Our work
supports the next generation genotoxicity testing strategy, and we propose that BMD potency information

can augment the use of in silico predictions in MOA-based compound risk assessment.
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Appendix 9. Topo-II Poison Derek Nexus Network Mapping by Lhasa

Lhasa preliminary network

;_or_non_g: D isinPath LEV_ID name selected shared name
u 312 FALSE FALSE  Tissue Malignant neoplasm FALSE Malignant neoplasm
G 182 FALSE FALSE  Cell Chromosome structural damage FALSE Chromosome structural damage
FALSE FALSE  Cell Micronucleus formation FALSE  Micronucleus formation
G 115 FALSE FALSE  Molecular  DNA double-strand break (DSB) FALSE ~ DNA double-strand break (DSB)
G 138 FALSE FALSE DNA reaction with FALSE DNA nucleobase reaction with electrophile
FALSE FALSE  Molecular DNA damage repair FALSE DNA damage repair
G 117 FALSE FALSE  Cell Inherited DNA mutation FALSE  Inherited DNA mutation
u 274 FALSE FALSE  Molecular ~ Exogenous oxidant increase FALSE  Exogenous oxidant increase
G 267 FALSE FALSE  Cell Mitotic dysregulation FALSE  Mitotic dysregulation
G 191 FALSE FALSE N lent i with DNA FALSE  Non-covalent interaction with DNA
G 139 FALSE FALSE  Molecular  Protein reaction with electrophile FALSE Protein reaction with electrophile
G 133 FALSE FALSE  Molecular  Radical species generation FALSE Radical species generation
G 120 FALSE FALSE i II poisonit FALSE  Topoisomerase Il poisoning
G 141 FALSE FALSE  Molecular  Tubulin binding FALSE  Tubulin binding
G 63 FALSE FALSE  Cell L ing of oxidative ylation FALSE L ling of oxidati y
FALSE FALSE  Compound 23214-92-8 FALSE  23214-92-8
FALSE FALSE  Organism  Mitochondrial dysfunction FALSE  Mitochondrial dysfunction
FALSE FALSE  Compound 29767-20-2 FALSE ~ 29767-20-2
FALSE FALSE  Compound 33419-42-0 FALSE  33419-42-0
FALSE FALSE  Compound 42835-25-6 FALSE ~ 42835-25-6
FALSE FALSE Molecular ~ Gyrase inhibition FALSE Gyrase inhibition
FALSE FALSE  Compound 446-72-0 FALSE ~ 446-72-0
FALSE FALSE  Molecular  Estrogen receptor (ER) binding FALSE  Estrogen receptor (ER) binding
FALSE FALSE  Compound 518-82-1 FALSE  518-82-1
FALSE FALSE  Compound 65271-80-9 FALSE  65271-80-9
FALSE FALSE  Compound 85721-33-1 FALSE  85721-33-1
FALSE FALSE  Assay Ames Test FALSE ~ Ames Test
FALSE FALSE  Assay In Vitro Chromosome Aberration Test FALSE In Vitro Chromosome Aberration Test
FALSE FALSE  Assay In Vitro Comet Assay FALSE In Vitro Comet Assay
FALSE FALSE  Assay In Vitro Hgprt Assay FALSE In Vitro Hgprt Assay
FALSE FALSE  Assay In Vitro Micronucleus Test FALSE  In Vitro Micronucleus Test
FALSE FALSE  Assay In Vitro Uds Assay FALSE  In Vitro Uds Assay
FALSE FALSE  Assay In Vivo Chromosome Aberration Test FALSE  In Vivo Chromosome Aberration Test
FALSE FALSE  Assay In Vivo Micronucleus Test FALSE  In Vivo Micronucleus Test
FALSE FALSE  Assay In Vivo Uds Assay FALSE  In Vivo Uds Assay
FALSE FALSE  Assay Mouse Lymphoma Assay FALSE Mouse Lymphoma Assay
FALSE FALSE  Assay Rodent Carcinogenicity Study FALSE  Rodent Carcinogenicity Study
FALSE FALSE  Assay Transgenic Rodent Study FALSE  Transgenic Rodent Study
FALSE FALSE  Assay gamma-H2AX FALSE  gamma-H2AX
FALSE FALSE  Assay pS3 FALSE  pS3
FALSE FALSE  Cell Tumour protein p53 si ing pathway FALSE  Tumour protein p53 si ing pathway
FALSE FALSE  Assay phosphor-histone H3 FALSE phosphor-histone H3
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Appendix 10.
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Figure A10.1. Complexity of the Topo-II Derek Nexus mapped AOP network is shown with the “uncoupling of oxidative phosphorylation”,

“radical species generation”, and “exogenous oxidant increase”. These three KEs were combined into a single KE named “ROS generation” and

mapped to the “Topoisomerase II Poisoning” and “DNA double-strand break (DSB)”” KEs Figure 6.4.
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Glossary

Adverse Outcome Pathway- A model sequence of molecular and cellular events required to

produce a toxic effect when an organism is exposed to a substance.

Aneugen- A substance that causes daughter cells to have an abnormal number of

chromosomes or aneuploidy.
Assay- A structured laboratory analytical method.

BMD- Benchmark Dose. A dose or concentration that produces a predetermined change in

the response rate of an adverse effect.

Clastogen- A mutagenic agent that can cause breaks in chromosomes leading to deletions,

additions, or rearrangements of the genetic material.
Confidence Interval- A range of values representing the range in which the true value lies.

DNA Damage- A reversible change in the basic structure of DNA through chemical or

physical influences.

Dose-response relationship- A description of the magnitude of the response of an organism,

as a function of exposure to a stressor/stimulus after a defined exposure time.
Exponential function- A function of the form f(x) = ab® where b is a positive number.

H2AX- H2A histone family member X. An important type of protein which forms when

double-strand breaks appear.

p53- Tumour protein 53 (Guardian of the Genome). A protein involved in the key responses

to genotoxic stress, including cell cycle regulation, apoptosis, and genomic stability.

Phosphorylated histone H3- Histone H3 is heavily phosphorylated during the metaphase of

cell cycle division.
Quantitative data type- Value of data in the form of counts, quantity, amount, or range.

S9 fraction- The product of rat liver homogenate used in in vitro biological test systems to

stimulate metabolic activation of certain compounds.
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