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Abstract / Summary 
 

Since the discovery of the amyloid precursor protein (APP) over 30 years ago, scienƟsts have 
invesƟgated its involvement in Alzheimer's disease (AD). They have also found specific cases 
where mutaƟons in this gene led to the early onset familial form of AD (EOFAD). However, 
liƩle aƩenƟon has been paid to the structural mechanisms by which these EOFAD mutaƟons 
trigger AD pathogenesis, probably due to the relaƟvely small percentage of AD paƟents 
(<1%) that carry these missense mutaƟons. By using bioinformaƟcs tools (i.e. STRING, 
Reactome, UCSF Chimera, AlphaFold2, AlphaFold Server) and databases (i.e. ClinVar, 
UniProt, PDB), APP and the pathological consequences of EOFAD mutaƟons were studied 
comprehensively. By exploring the network of proteins that APP physically or funcƟonally 
interacts with, key interactors were idenƟfied. Presenilin-1 (PSEN1) is one of them. PSEN1 is 
part of the γ-secretase complex, involved in the amyloidogenic processing of APP, leading to 
the formaƟon of Aβ pepƟdes. Another interactor is the enzyme acetylcholinesterase (ACHE). 
Their interacƟon is less known, but they have been found to co-localise in neurons. ACHE is 
responsible for the hydrolysis and recycling of the neurotransmiƩer acetylcholine. 
InvesƟgaƟng the APP-PSEN1 and APP-ACHE complexes at the molecular level provides 
opportuniƟes for idenƟficaƟon of key binding amino acids – valuable informaƟon for 
understanding pathological mechanisms and discovering novel drug targets.  In the context 
of EOFAD, some of these APP mutaƟons might be closely involved with such amino acids or 
might influence important structural regions involved in their protein-protein interface. 
These findings highlight the importance of further invesƟgaƟng the structural intricacies of 
APP and its interacƟons, offering new avenues for understanding EOFAD pathogenesis and 
idenƟfying potenƟal therapeuƟc targets that could benefit both rare and common forms of 
AD. 
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1 IntroducƟon to Alzheimer's disease and amyloid 
precursor protein  

 

1.1 NeurodegeneraƟve condiƟons and their impact 
 

The field of neurodegeneraƟve diseases is vast and complex. NeurodegeneraƟve diseases do 
not currently have a cure, their incidence and prevalence increase with age, and they 
represent an emerging threat to good-quality living (Duggan et al., 2020). These diseases are 
characterised by the progressive loss of neuronal cells, caused by different disorders of the 
nervous system. They can adversely affect basic abiliƟes such as speech, movement, and 
balance, as well as advanced abiliƟes such as organ funcƟon and cogniƟon (Lamptey et al., 
2022). UlƟmately, these diseases impact the way people interact with their world and those 
who are part of it.    

Among the diverse types of neurodegeneraƟve diseases, there is a prominent type that 
affects the highest number of people around the globe and that has been thoroughly 
invesƟgated over the last decades – this refers to Alzheimer's disease (AD)(Lamptey et al., 
2022). Around 900,000 people suffer with AD in the United Kingdom (UK), and this figure is 
predicted to increase to 1.6 million by 2040 (Alzheimer's Society, 2023). This uprising trend is 
not exclusive of the UK, but it is one that applies globally (World Health OrganizaƟon, 2021).  

 

1.2 Alzheimer's disease and demenƟa 
 

AD was first described in 1906 by a German physician named Alois Alzheimer’s (Neundörfer, 
2003). Alzheimer studied the case of a cogniƟvely impaired 50-year-old woman who died 5 
years later due to “a peculiar severe disease process of the cerebral cortex” (Ramirez-
Bermudez, 2012). In his histopathological examinaƟon he reported to have noted 
characterisƟc plaques and neurofibrillary tangles (Neundörfer, 2003). These pathological 
features became the defining characterisƟcs of AD. Extracellular plaques on brains with AD 
are composed of a pepƟde named amyloid-beta (Aβ), which derives from a larger protein 
called amyloid precursor protein (APP) (Glenner & Wong, 1984; Coronel et al., 2018).  
Neurofibrillary tangles are intracellular accumulaƟons of a protein named tau (Wood et al., 
1986; Kosik et al., 1986).  Tau is a stabilizing component of microtubules in healthy neurons, 
contribuƟng to the integrity and smooth transport of metabolites and molecules inside 
neurons (Kosik et al., 1986). When hyperphosphorylaƟon of tau occurs, these proteins 
aggregate together and form the characterisƟc toxic tangles commonly seen in AD, as well as 
in other tau-centred pathologies termed tauopathies (Ehrenberg et al., 2017; Crary et al., 
2014). Furthermore, other pathological dysregulaƟons and abnormaliƟes in neuronal cell 
funcƟoning exist and acƟvely add complexity to the pathogenesis and dynamics of this 
neurodegeneraƟve disease (Ferrari & Sorbi, 2021). Examples of addiƟonal hallmarks of AD 
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include loss of cholinergic neurons, oxidaƟve stress, metal dyshomeostasis, 
neuroinflammaƟon and cell cycle disrupƟon (Bubley et al., 2023; Misrani et al., 2021; Zhang 
et al., 2023). The most relevant hallmarks will be briefly explored in this chapter. 

Importantly, AD is also classed as a type of demenƟa and it is, in fact, the most common one 
being present in between 60-70% of all demenƟa cases (World Health OrganisaƟon & 
Alzheimer's Disease InternaƟonal, 2017). DemenƟa is an umbrella term used to describe a 
group of diseases that collecƟvely impair memory, as well as other thinking abiliƟes, which 
eventually lead to the inability to conduct daily acƟviƟes. MulƟple demenƟng disorders exist 
other than AD, examples include frontotemporal demenƟa, vascular demenƟa, Lewy-body 
demenƟa and limbic-predominant age-related TDP-43 Encephalopathy (LATE) – mixed forms 
of demenƟa also occur frequently (Schneider, 2022). According to the World Health 
OrganizaƟon (2021), in 2019 there were 55.2 million people with demenƟa around the 
world, with an esƟmated global cost of 1.3 trillion US dollars. Furthermore, “DemenƟa and 
Alzheimer’s disease” was ranked the number one leading cause of death in England and 
Wales in 2022 (Office for NaƟonal StaƟsƟcs, 2023). 

All this contextual informaƟon emphasises the paramount importance of the research that 
aims to understand AD and to find a cure for it. Therefore, in order to combat AD more 
effecƟvely and to support with the baƩle against neurodegeneraƟve diseases and demenƟa, 
improvements in diagnosƟcs, drug therapies and disease management are urgently needed. 

 

1.3 Early onset Alzheimer’s disease and geneƟc suscepƟbiliƟes  
 

One way to categorise AD is to use the age of onset. Using this metric, AD can be grouped 
into early onset AD (EOAD) and late onset AD (LOAD). Typically, EOAD (also known as young 
onset AD) refers to the manifestaƟon of AD before the age of 65; contrasƟng with LOAD, 
which occurs aŌer the age of 65 and is someƟmes referred as classical AD since it is the most 
frequent form of the disease (Mendez, 2019). The percentage of EOAD cases is 
approximately 5.5% of all AD cases (Zhu et al., 2015).  

Both EOAD’s and LOAD’s share the same pathophysiological hallmarks – amyloid plaques and 
neurofibrillary tangles – however, EOAD has some defining characterisƟcs worth menƟoning. 
For instance, there is a larger percentage of nonamnesƟc phenotypic variants in the EOAD 
populaƟon compared to the LOAD populaƟon (Mendez, 2019). These phenotypic variants 
don’t mainly impair memory, but other cogniƟve abiliƟes such as speech, visual percepƟon 
and behaviour. Furthermore, EOAD paƟents present more aggressive pathologies and 
increased mortality rates compared to LOAD paƟents (WaƩmo & Wallin, 2017; Chang et al., 
2017). AddiƟonally, EOAD has a geneƟc suscepƟbility component, which translates to 
around 10 % of EOAD cases having an autosomal dominant familial AD mutaƟon in one of 
the following genes: APP, PSEN1 or PSEN2 (Karch & Goate, 2015; Bekris et al., 2010). These 
category of EOAD cases will be referred as early onset familial AD (EOFAD) from now 
forward.  
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The APP gene, which encodes for the APP protein, is located on chromosome 21 and it was 
discovered by St George-Hyslop et al. (1987) while invesƟgaƟng the geneƟc cause of familial 
AD and its high prevalence in people with Down’s syndrome (Wisniewski et al., 1985; Lai & 
Williams, 1989; Nurk et al., 2022). To date (June 2024), there are 555 geneƟc mutaƟons in 
APP according to the ClinVar database (Landrum et al., 2014). Out of these, around 25 
mutaƟons in APP have been linked to the development of AD – these also include the APP 
duplicaƟon (TCW & Goate, 2016; Qing et al., 2019). These causal mutaƟons have been found 
in 10-15% of EOFAD paƟents (Bekris et al., 2010; Guerreiro et al., 2012; Tanzi, 2012). 

The PSEN1 gene, which codes for the presenilin-1 protein (PSEN1 or PS1), is located on 
chromosome 14 and plays a criƟcal role in the pathogenesis of EOFAD (Nurk et al., 2022). 
MutaƟons in PSEN1 are a significant cause of EOFAD, accounƟng for approximately 20-60% 
of EOFAD cases (Bird, 2008; Tanzi, 2012; Theuns et al., 2000). The ClinVar database 
documents 531 geneƟc mutaƟons in the PSEN1 gene (Landrum et al., 2014), underscoring its 
geneƟc variability and potenƟal impact on disease progression. PSEN1 encodes a component 
of the γ-secretase complex, which is essenƟal for the proteolyƟc processing of APP into 
amyloid-β (Aβ) pepƟdes. MutaƟons in PSEN1 oŌen lead to altered γ-secretase acƟvity, 
resulƟng in an increased producƟon of the pathogenic Aβ42 isoform, which is prone to 
aggregaƟon and plaque formaƟon in the brain (Kurth et al., 2023).  

The PSEN2 gene, which codes for the presenilin-2 protein (PSEN2 or PS2), is located on 
chromosome 1 and it also contributes to the geneƟc landscape of AD, although its impact is 
less pronounced than PSEN1 (Nurk et al., 2022). According to the ClinVar database, there are 
313 geneƟc mutaƟons idenƟfied in PSEN2 (Landrum et al., 2014). These mutaƟons account 
for less than 1% of autosomal dominant EOFAD cases (Bekris et al., 2010; Tanzi, 2012). 
Despite the lower prevalence, PSEN2 mutaƟons are crucial for understanding the geneƟc 
heterogeneity and complexity of EOFAD. Like PSEN1, PSEN2 encodes a component of the γ-
secretase complex and influences the producƟon of Aβ pepƟdes. MutaƟons in PSEN2 can 
lead to similar pathogenic outcomes, including the dysregulaƟon of Aβ pepƟde generaƟon 
and subsequent amyloid plaque deposiƟon 

Finally, the apolipoprotein E (APOE) gene, which codes for the APOE protein, is located on 
chromosome 19 and it is one of the most well-established geneƟc risk factors for AD, 
although more commonly linked to LOAD (Nurk et al., 2022; Verghese et al., 2011). The 
APOE gene has three common alleles: ε2, ε3, and ε4, with the ε4 variant being strongly 
associated with an increased risk of developing AD (Verghese et al., 2011). The presence of 
one ε4 allele increases the risk of AD by about 2-3 Ɵmes, while carrying two ε4 alleles can 
increase the risk by up to 12 Ɵmes compared to those with the most common ε3/ε3 
genotype (Troutwine et al., 2022). This risk is parƟcularly pronounced for the amnesƟc 
phenotype of AD, which is characterised by a significant impairment in memory funcƟon. 
The APOE ε4 variant is more prevalent in the LOAD populaƟon, highlighƟng its role in the 
non-familial form of the disease (Corder et al., 1993; Liu et al., 2013). The mechanism by 
which APOE ε4 influences AD suscepƟbility is thought to involve the promoƟon of amyloid-β 
aggregaƟon and deposiƟon, disrupƟon of lipid metabolism, and enhancement of 



4 
 

neuroinflammatory responses, all of which contribute to the pathophysiological processes 
underlying AD (Liu et al., 2013). 

A number of addiƟonal AD suscepƟbility genes exist (e.g. CLU, CR1, MAPT, TREM2, SORL1, 
etc.). Numerous genome wide associaƟon studies (GWAS) aim to define these genes, and 
conƟnuous research is necessary to understand their biological funcƟon and link to AD 
(Bellenguez et al., 2022; Wightman et al., 2021; Lambert et al., 2023). 

 

1.4 The amyloid hypothesis and the role of amyloid precursor protein   
 

The characterisƟc plaques seen by Alzheimer over 100 years ago, and present in the brains 
of AD paƟents, had Aβ as their principal component – this was first discovered by Glenner & 
Wong (1984). Since then, extensive of research has been conducted to invesƟgate the 
amyloid cascade hypothesis, also termed amyloid hypothesis, iniƟally formulated by Hardy & 
Higgins (1992), which proposes that Aβ aggregates are able to detrimentally interact with 
several metabolic and signalling pathways that eventually terminates in neurodegeneraƟon 
and thus AD symptoms. Aβ is a proteolyƟc fragment of APP of varying length, with most 
common form exisƟng as a 40 amino acid fragment and longer forms having 42 or 43 amino 
acids – these being more prone to oligomerise (Nhan et al., 2014; Sinha et al., 1999). The 
modern version of the amyloid hypothesis also considers soluble Aβ oligomers and other 
APP-derived fragments, and not just senile insoluble plaques, to have a relevant role in 
neurodegeneraƟon and cogniƟve decline symptoms seen in AD (Lacor et al., 2007; Shankar 
et al., 2008; Jin et al., 2011; Nhan et al., 2014; Hampel et al., 2021; Zhang et al., 2023). 
Furthermore, there is a scienƟfic perspecƟve that minimises the effects of the amyloid 
hypothesis and aƩributes them to stochasƟc environmental factors and other geneƟc 
suscepƟbiliƟes which are not related to Aβ processing or synthesis (Frisoni et al., 2022; 
Gouilly et al., 2023; van der Kant et al., 2019). Therefore, carefully invesƟgaƟng the 
contribuƟon of Aβ and APP on the pathophysiology of AD can bring key insights to the 
understanding of AD pathogenesis and in the field of drug development.  

APP is a transmembrane protein known for its significant role in the pathogenesis of AD and 
generaƟon of Aβ. The gene encoding APP undergoes alternaƟve splicing, resulƟng in several 
isoforms with disƟnct lengths and structures. The most prevalent isoforms of APP contain 
770, 751, or 695 amino acid residues. The APP751 and APP695 isoforms arise from the 
exclusion of exons 7 and 8 during mRNA splicing (Chen et al., 2017; Zhao et al., 2015). These 
isoforms exhibit different expression paƩerns across various Ɵssues (Min et al., 2017). For 
example, APP695 is predominantly expressed in neuronal cells, making it the principal 
isoform in the brain, while APP770 and APP751 are more commonly found in non-neuronal 
cells. This differenƟal expression paƩern indicates that APP serves diverse funcƟonal roles in 
different cellular contexts (Coronel et al., 2018). 

Structurally, APP is a type I transmembrane protein featuring a large extracellular domain, a 
single transmembrane region (also known as transmembrane domain), and a short 
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intracellular domain (Kang et al., 1987; Dyrks et al., 1988). The extracellular domain contains 
several funcƟonal moƟfs, including heparin-binding domains, a metal-binding domain, and a 
Kunitz protease inhibitor (KPI) domain in some isoforms (Chen et al., 2017; Byun et al., 
2023). These moƟfs facilitate interacƟons with extracellular matrix components and other 
cell surface proteins, implicaƟng APP in cell adhesion, migraƟon, and signalling pathways 
(Pfundstein et al., 2022). FuncƟonally, APP is involved in synapƟc formaƟon and repair, 
neuronal growth, neuroprotecƟon and some evidence suggest it could also act as an 
anƟmicrobial pepƟde (Turner et al., 2003; Priller et al., 2006; Wang et al., 2009; Bateman et 
al., 2022; Soscia et al., 2010). It is also processed by secretases through two main pathways: 
the non-amyloidogenic pathway, where cleavage by α-secretase prevents the formaƟon of 
amyloid-β (Aβ) pepƟdes, and the amyloidogenic pathway, where sequenƟal cleavage by β-
secretase and γ-secretase generates Aβ pepƟdes (Haass et al., 2012; Chen et al., 2017). The 
accumulaƟon of Aβ pepƟdes, parƟcularly Aβ42, is a hallmark of AD pathology, leading to the 
formaƟon of amyloid plaques (Olsson et al., 2014). More on the amyloidogenic pathway will 
be discussed in Chapter 4 “APP processing by gamma-secretase”.  

 

1.5 Other relevant pathophysiological contributors of Alzheimer's 
disease  

 

Tau proteins, crucial for the stabilisaƟon of microtubules in neurons, play a pivotal role in the 
pathophysiology of AD. As confirmed by Wang et al. (2003), Aβ pepƟdes can iniƟate the 
pathological cascade by acƟvaƟng kinases, leading to the hyperphosphorylaƟon of tau 
proteins. Normally, tau proteins maintain the structural integrity and proper funcƟon of 
microtubules, which are essenƟal for intracellular transport (Kosik et al., 1986). However, 
when tau becomes hyperphosphorylated, it detaches from the microtubules, causing these 
structures to destabilise and disintegrate. This disrupƟon impairs the microtubule network, 
hindering the transportaƟon of essenƟal nutrients and organelles along the axon, ulƟmately 
compromising neuronal funcƟon (Goedert et al., 1991; Rapoport et al., 2002). 

The aggregaƟon of hyperphosphorylated tau proteins into neurofibrillary tangles (NFTs) 
marks a criƟcal event in AD progression. These tangles accumulate within neurons, 
exacerbaƟng the impairment of intracellular transport and promoƟng neuronal dysfuncƟon 
and death. The formaƟon of NFTs is closely linked to the acƟvaƟon of apoptosis pathways, 
further contribuƟng to neuronal loss observed in AD (Mandelkow et al., 2003). Given its 
central role in the pathophysiology of AD, tau protein and its post-translaƟonal modificaƟons 
are key targets for therapeuƟc intervenƟon, with strategies aimed at prevenƟng tau 
hyperphosphorylaƟon, promoƟng tau clearance, or stabilizing microtubules showing 
potenƟal in slowing or halƟng disease progression (Zhang et al., 2004; Grüninger, 2015). 

The cholinergic hypothesis, formulated over four decades ago, proposes that dysfuncƟon of 
cholinergic neurons in the brain significantly contributes to the cogniƟve decline observed in 
aging and AD (Bartus et al., 1982). This hypothesis emerged from various observaƟons 
including decreased acetylcholine bioavailability, disrupƟve processing and transport, and 
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decreased receptor expression (Davies & Maloney, 1976; Perry et al., 1977; Whitehouse et 
al., 1982). It is now known that cholinergic neurons situated on the basal forebrain and the 
excitatory neurotransmiƩer acetylcholine play and important role in memory and learning 
(Bekdash, 2021; Hu et al., 2016).  

The cholinergic system includes key enzymes such as choline acetyltransferase (CHAT) –
responsible for synthesizing acetylcholine from acetate and choline – and 
acetylcholinesterase (AChE), which breaks down acetylcholine in the synapƟc cleŌ – leaving 
its products available for reuptake (Bekdash, 2021). In mice AD models, Aβ negaƟvely 
impacted special memory, reduced the acƟvity of CHAT and acetylcholine, and increased the 
acƟvity of AChE (Semwal & Garabadu, 2020). TherapeuƟc strategies targeƟng the cholinergic 
system, such as AChE inhibitors (AChEIs), remain a cornerstone in AD treatment aiming to 
enhance acetylcholine levels and miƟgate cogniƟve symptoms by compensaƟng for the loss 
of cholinergic funcƟon. Despite the complexity and evolving understanding of AD pathology, 
cholinergic-based treatments conƟnue to offer valuable insights into managing and 
potenƟally altering the disease course. 

Finally, the glutamate neurotoxicity hypothesis is a significant concept in understanding the 
pathophysiology of AD. Glutamate, the most abundant excitatory neurotransmiƩer in the 
brain, is essenƟal for synapƟc transmission, learning, and memory formaƟon (Mayer & 
Westbrook, 1987). Glutaminergic transmission operates through the α-amino-3-hydroxy-5-
methyl-4-isoxazolpropionic acid (AMPA) and N-methyl-D-aspartate (NMDA) receptors 
(Gasiorowska et al., 2021). AcƟvaƟon of NMDA receptors is criƟcal for synapƟc plasƟcity and 
long-term potenƟaƟon (LTP). LTP is a process that strengthens synapses based on recent 
paƩerns of acƟvity and is crucial for memory formaƟon (Kemp & Bashir, 1999; Bliss & Cooke, 
2011). However, in the context of AD, Aβ pepƟdes sƟmulate the release of presynapƟc 
glutamate by binding to α 7 nicoƟnic acetylcholine receptor (α7nAChR), thus disrupƟng 
normal glutamate regulaƟon and leading to excessive glutamate levels in the synapƟc cleŌ 
(Hascup & Hascup, 2016). This oversƟmulaƟon of NMDA receptors results in prolonged 
calcium influx into neurons, also known as glutamate neurotoxicity. While calcium signalling 
is vital for normal cellular processes, its dysregulaƟon triggers a cascade of detrimental 
events, including the acƟvaƟon of enzymes that degrade cell structures, the generaƟon of 
reacƟve oxygen species, and ulƟmately, neuronal cell death (Nakamura & Lipton, 2010). 
NMDA receptor antagonists provide therapeuƟc potenƟal for targeƟng this dysregulated 
pathway, one such example commonly prescribed for AD treatment in the drug memanƟne.  

The cascade of effects that accumulaƟon of Aβ plaques can have in the central nervous 
system (CNS) is vast, from hyperphosphorylaƟon of tau to the malfuncƟon of cholinergic and 
glutaminergic neurons. These have a synergic effect on neuronal communicaƟon, both in the 
cholinergic and glutaminergic systems, and can be especially detrimental as they lead to 
impaired memory formaƟon and synapƟc plasƟcity, including LTP, essenƟal for learning and 
memory consolidaƟon. 
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1.6 Diagnosis and treatment of early onset Alzheimer’s disease 
 

In addiƟon to the pathophysiological context, it is crucial to address the importance of 
diagnosis in AD, especially in EOAD. The diagnosis of AD is a comprehensive process that 
involves clinical evaluaƟons, cogniƟve tesƟng, neuroimaging, and biomarker assessments. 
Clinicians begin with detailed medical histories and cogniƟve assessments using 
standardised tests, such as the Mini-Mental State ExaminaƟon (MMSE) and the Montreal 
CogniƟve Assessment (MoCA), to evaluate cogniƟve funcƟons including memory, aƩenƟon, 
language, and problem-solving (Wang et al., 2022). Advanced diagnosƟc tools include 
neuroimaging techniques like magneƟc resonance imaging (MRI) and positron emission 
tomography (PET) scans. MRI reveals brain atrophy paƩerns typical of AD, parƟcularly in the 
hippocampus, while PET scans assess metabolic acƟvity and detect amyloid plaques and tau 
tangles using specific tracers (Živanović et al., 2023). Cerebrospinal fluid (CSF) analysis can 
also measure Aβ and tau levels, correlaƟng with AD pathology (Hameed et al., 2020). 
Emerging blood tests for biomarkers such as plasma Aβ and tau are under development to 
offer less invasive diagnosƟc opƟons (Mapstone et al., 2014; Karikari et al., 2020). 

Mild cogniƟve impairment (MCI) represents a transiƟonal stage between normal cogniƟve 
aging and demenƟa, including AD. Being able to detect MCI is crucial for early clinical 
intervenƟon and could increase the efficiency of pharmacological treatments against the 
progression to early AD (Hane et al., 2017; Sperling et al., 2011). For that reason, advances in 
diagnosƟc methods and biomarker research that focus on effecƟve and differenƟal early 
diagnosis can potenƟally contribute to beƩer therapeuƟc responses and management of AD. 

AChEIs play a crucial role in the symptomaƟc treatment of AD by enhancing cholinergic 
neurotransmission. Donepezil, RivasƟgmine, and Galantamine are prominent AChEIs used in 
AD treatment (Cummings et al., 2014; Gasiorowska et al., 2021). Donepezil selecƟvely 
inhibits AChE in the CNS, thus increasing acetylcholine levels and improving cogniƟve 
funcƟon. RivasƟgmine, on the other hand, inhibits both AChE and butyrylcholinesterase 
(BChE), with a notable effect in the cortex and hippocampus, areas criƟcal for memory. This 
dual inhibiƟon results in a more sustained increase in acetylcholine levels. Galantamine not 
only inhibits AChE but also acts as a posiƟve allosteric modulator (PAM) at nicoƟnic 
receptors, enhancing the response of these receptors to acetylcholine, which may further 
boost cogniƟve funcƟons (Opler et al., 2013; Kume & Takada-Takatori, 2018). 

MemanƟne, an NMDA receptor antagonist, offers a different therapeuƟc approach by 
targeƟng the glutamatergic system and combaƟng glutamate neurotoxicity (Areosa et al., 
2005; Howard et al., 2012). MemanƟne funcƟons by blocking these receptors, thus 
prevenƟng the harmful influx of calcium while allowing normal synapƟc transmission. This 
neuroprotecƟve mechanism is significant in managing the symptoms of AD and slowing 
disease progression and has been proved to be parƟcularly effecƟve in combinaƟon with 
donepezil for mild to severe AD (Howard et al., 2012).   

AddiƟonally, ongoing developments on the field of disease-modifying immunotherapies 
promises new insights and soluƟons to treat AD. These therapies aim to target and clear Aβ 
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plaques and tau tangles, potenƟally altering the disease course and providing more 
profound benefits than symptomaƟc treatments alone (Vogt et al., 2023; Shi et al., 2022). 
Some examples include aducanumab, donanemab, and lecanemab. These are monoclonal 
anƟbodies that target Aβ plaques and can trigger an immune reacƟon to clear the Aβ 
deposits. This pharmaco-immune mechanism has been shown to slow down the progression 
of AD (i.e. cogniƟve decline) to different degrees of success (Sims et al., 2023; Swanson et 
al., 2021; Sevigny et al., 2016). Furthermore, amelioraƟon of symptoms seems to be 
correlated with early administraƟon of treatment, restaƟng emphasis on early diagnosing 
(Golde & Levey, 2023). 

Non-pharmacological approaches are also essenƟal in managing AD, focusing on improving 
quality of life and maintaining cogniƟve funcƟon. CogniƟve therapies, including memory 
training and mental exercises, can help slow cogniƟve decline (Epperly et al., 2017; Woods et 
al., 2012; Cui et al., 2018). Physical acƟvity and regular exercise have been shown to have 
neuroprotecƟve effects, potenƟally slowing the progression of AD symptoms (Sofi et al., 
2010; Laver et al., 2016; Brown et al., 2012). Social engagement and acƟviƟes that sƟmulate 
the brain, such as puzzles, reading, and social interacƟons, are equally important (Graff et 
al., 2006; Epperly et al., 2017). Finally, creaƟng a supporƟve environment, with rouƟnes and 
modificaƟons to reduce confusion and enhance safety, is crucial for individuals with AD. 
Thus, mulƟ-faceted approaches in combinaƟon with pharmacological treatments, provide a 
holisƟc management strategy for AD. 

 

1.7 Project objecƟves 
 

In this project, the main aim is to invesƟgate the molecular mechanisms underlying AD, 
specifically EOFAD, by focusing on APP’s molecular structure and its interacƟons with γ-
secretase and AChE. These objecƟves are designed to leverage bioinformaƟcs and 
computaƟonal methods to explore the following project objecƟves: 

 Study the protein network and dynamics of APP and idenƟfying relevant proteins of 
interest. 

 Obtain insights about the molecular structures of three groups of variants of APP (i.e. 
benign, early onset familial AD and cerebral amyloid angiopathy) using molecular 
modelling programmes.  

 Analyse the molecular contacts between the each of the APP variants and γ-
secretase using molecular modelling programmes.  

 Construct a protein complex with a binding phase between AChE and APP, followed 
by the idenƟficaƟon of pathological enhancements in their interacƟon, using 
molecular docking approaches.  
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2 General methods  
 

2.1 Overview of methodological approach  
 

An overview of the methodological workflow followed to research and obtain the 
subsequent results chapters can be seen below (Figure 2.1). 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Figure 2.1 Overview of methodological workflow 
Diagram displaying the methodological workflow followed during this thesis. Four results 
chapters were obtained by using diverse tools and pathways. Light blue boxes represent 
goals or acƟons accomplished. Dark blue boxes represent soŌware, webtools or databases. 
Legend: amyloid β (Aβ), acetylcholinesterase (AChE), AD (Alzheimer’s disease), amyloid 
precursor protein (APP), cerebral amyloid angiopathy (CAA), early onset familial Alzheimer’s 
disease (EOFAD), protein data bank (PDB), protein-protein interacƟons (PPIs), wild type 
(WT).  
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2.2 Data sources  
 

2.2.1 UniProt  
 

The UniProt Knowledgebase (UniProtKB) was used throughout this project as the primary 
source for protein sequence and annotaƟon data. UniProt is a freely accessible, 
comprehensive, and regularly updated repository that integrates curated (reviewed) and 
computaƟonally annotated (unreviewed) protein entries (Bateman et al., 2022). It provides 
canonical sequences, isoforms, funcƟonal annotaƟons, domain structures, and links to 
relevant literature and external resources. 

For this project, UniProt (v2023_02) was employed to retrieve canonical protein sequences 
of APP and AChE alongside isoform informaƟon and annotated funcƟonal domains. Protein 
sequences were downloaded in FASTA format for subsequent structural modelling, 
alignment, and interacƟon studies. Data were accessed through the UniProt web interface 
(hƩps://www.uniprot.org/). The canonical isoforms for APP and AChE were retrieved from 
the ‘Sequence and Isoform’ secƟon (Figure 2.2). APP UniProt ID: P05067-1; AChE UniProt ID: 
P22303-1. UniProt was accessed up to August 2024.   

Figure 2.2 Sequence and Isoforms of human APP in UniProt. 
UniProt web interface of the human APP, showing the ‘Sequence & Isoforms’ subsecƟon and 
the UniProt ID for the canonical APP sequence chosen (P05067-1). Picture taken September 
2025 (hƩps://www.uniprot.org/uniprotkb/P05067/entry).   
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2.2.2 Protein Data Bank  
 

The Protein Data Bank (PDB) was employed throughout this project as the primary 
repository for experimentally determined three-dimensional (3D) macromolecular 
structures. The PDB provides crystallographic, cryo-electron microscopy (cryo-EM), and 
nuclear magneƟc resonance (NMR) models of proteins, nucleic acids, and complexes, 
offering a reliable foundaƟon for structural bioinformaƟcs invesƟgaƟons. In this research, 
the PDB was used to obtain reference structures of proteins of interest, including APP, PSEN1 
and AChE. These experimentally validated structures provided criƟcal benchmarks for 
comparison with in silico predicted models generated using ColabFold or AlphaFold3, and 
enabled the assessment of variant effects, domain orientaƟons, and protein–protein 
interacƟons in the context of AD.  Data were accessed through the PDB web interface up to 
June 2024 (hƩps://www.rcsb.org/) (Berman, 2000). 

 

2.2.3 ClinVar  
 

ClinVar was used as a primary resource to obtain curated informaƟon on geneƟc variants in 
the APP gene and their clinical interpretaƟons. This database integrates submissions from 
mulƟple expert panels, research groups, and clinical laboratories, providing a consensus 
classificaƟon of variants into categories such as pathogenic, likely pathogenic, benign, and 
variants of uncertain significance. For this project, ClinVar was consulted to idenƟfy the 
connecƟons between APP sequence variants and AD, CAA or benign phenotypes, allowing to 
straƟfy mutaƟons by clinical relevance and idenƟficaƟon of mutated amino acids (Figure 
2.3). Data were accessed through the ClinVar web interface up to November 2023 
(hƩps://www.ncbi.nlm.nih.gov/clinvar/) (Landrum et al., 2014). 

 

2.2.4 Alzforum  
 

Alzforum is an open-access informaƟon plaƞorm founded in 1996 with the goal of 
acceleraƟng research into AD and related disorders. In addiƟon to news and research 
pdates, Alzforum hosts a curated mutaƟons database, which catalogues reported variants in 
key AD-associated genes, including APP, PSEN1, and PSEN2. Each entry links geneƟc variants 
– including clear display of the affected amino acids – with their associated clinical and 
neuropathological features, as well as experimental findings regarding funcƟonal effects 
such as altered amyloid-β (Aβ) processing. 
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The APP secƟon of the Alzforum mutaƟons database was parƟcularly relevant, as it 
disƟnguished between pathogenic mutaƟons associated with early onset familial 
Alzheimer’s disease (EOFAD), those associated with cerebral amyloid angiopathy (CAA), and 
benign variants. Out of 71 missense mutaƟons listed in the ALZFORUM mutaƟons database 
(n.d.), 21 of them (29.6%) were selected and classified into one of three groups (i.e. EOFAD, 
CAA, benign) (see 2.6).  

The database also reports funcƟonal data such as the Aβ40/Aβ42 raƟo and cites the original 
publicaƟons for each mutaƟon, allowing for cross-verificaƟon with the primary literature 
(APP | ALZFORUM, n.d.) (Figure 2.4). This resource therefore complemented ClinVar by 
providing mechanisƟc insights into the biochemical and pathological consequences of 
specific variants, as well as clear clinical categorisaƟon. The APP mutaƟon database was 
accessed through the Alzforum web interface up to May 2024 
(hƩps://www.alzforum.org/mutaƟons/ app). 

 

Figure 2.3 GeneƟc variaƟons of the APP gene in ClinVar. 
ClinVar web interface of the human APP gene, showing a ‘Graphical view of search results’ in 
the form of an interacƟve mutaƟons map. On this map mutaƟons can be explored along the 
length of the APP gene and informaƟon regarding pathogenicity can be accessed. A table 
with equivalent results appears below the geneƟc map. Picture taken September 2025 
(hƩps://www.ncbi.nlm.nih.gov/clinvar/?term=%22APP%22%5BGENE%5D&redir=gene).   
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Figure 2.4 Alzforum’s APP mutaƟons database. 
Alzforums’s web interface of the APP mutaƟons database. At the top, introductory 
informaƟon about APP and the mutaƟons table accompanied by a schemaƟc map of APP 
amino acid structure including key domains and point mutaƟons. At the boƩom, the 
mutaƟons table is displayed. Relevant columns for this study included: ‘MutaƟon’, 
‘Pathogenicity’, ‘Biological Effect’ and ‘Primary Papers’. Picture taken September 2025 
(hƩps://www.alzforum.org/mutaƟons/app).   
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2.2.5 DrugBank  
 

DrugBank is a freely accessible bioinformaƟcs and cheminformaƟcs database that integrates 
detailed drug-related informaƟon with corresponding molecular targets. It provides 
comprehensive data on chemical properƟes, pharmacology, mechanisms of acƟon, and 
clinical use, alongside sequence, structure, and pathway informaƟon for drug–target 
interacƟons. This resource was consulted to idenƟfy the pharmacological targets of currently 
approved AD medicaƟons. This informaƟon was accessed through the Drugbank web 
interface (Figure 2.5) (hƩps://go.drugbank.com/) (v5.1.10) (Wishart et al., 2018). DrugBank 
was last accessed in October 2023. 

 

 

2.3 Protein networks and pathways analysis 
 

2.3.1 STRING database  
 

The Search Tool for the Retrieval of InteracƟng Genes/Proteins (STRING) database was used 
to invesƟgate a selecƟon of protein–protein interacƟons (PPIs) relevant to AD. STRING is a 

Figure 2.5 ‘Mechanism of acƟon’ informaƟon of donepezil in Drugbank. 
Drugbank web interface of the AD drug donepezil (Drugbank ID: DB00843), showing the 
‘Mechanism of acƟon’ secƟon which contains the drug target informaƟon displayed as a 
table. Under the ‘target’ column, an ‘A’ label indicated pharmacologically acƟve targets 
which were included in this study; a ‘U’ label indicated targets with an unknown 
pharmacological effect – these were not included. Picture taken September 2025 
(hƩps://go.drugbank.com/drugs/DB00843).   
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comprehensive plaƞorm that integrates experimental data, computaƟonal predicƟon 
methods, and public text collecƟons to provide insights into both physical and funcƟonal 
protein associaƟons. It compiles interacƟon evidence from mulƟple sources, including: 

 Experimental data (e.g., high-throughput interacƟon screens) 

 ComputaƟonal predicƟons (e.g., genomic neighbourhood, gene fusion, and co-
occurrence) 

 Conserved co-expression paƩerns 

 Text-mining from scienƟfic literature 

 Curated knowledge from exisƟng databases 

STRING’s scoring system provides a confidence measure for each reported interacƟon, 
facilitaƟng the differenƟaƟon between high-confidence and low-confidence associaƟons. 
This tool was chosen for its broad coverage (encompassing millions of proteins across 
numerous species) and its capacity to generate visual interacƟon networks, making it highly 
suitable for idenƟfying candidate protein networks involved in AD pathogenesis. Protein 
networks were generated through the STRING web interface (hƩps://string-db.org/) (v12.0) 
(Szklarczyk et al., 2022). The STRING database was last accessed in December 2023. 

 

2.3.2 Reactome  
 

Reactome is an open-source, manually curated, and peer-reviewed biological pathway 
database that provides bioinformaƟcs tools for the visualizaƟon, interpretaƟon, and analysis 
of molecular pathways. The resource organizes biological knowledge into reacƟons and 
pathways spanning intermediary metabolism, signalling, transcripƟonal regulaƟon, 
apoptosis, and disease processes. Each entry is linked to the primary literature and reviewed 
by experts, ensuring reliability and reproducibility. 

A central feature of Reactome is the Pathway Browser, which provides an interacƟve 
environment to explore pathway hierarchies and to visualise detailed Pathway Diagrams 
(Figure 2.6). Pathway Diagrams represent biological processes as interconnected molecular 
events (“reacƟons”), with explicit spaƟal context across cellular compartments (e.g., 
extracellular space, plasma membrane, endosomes, or cytosol). Molecules and complexes 
are colour-coded by type (e.g., proteins, small molecules, sets, or complexes), and reacƟons 
are depicted with inputs, outputs, catalysts, and regulators. Special symbols indicate 
modificaƟons such as phosphorylaƟon, while disease processes are highlighted with red 
borders and connectors. 

In this project, Reactome (v86) was used to contextualise AD-related proteins in their 
biological pathways, parƟcularly focusing on APP processing and the metabolic role of AChE. 
Data were accessed through the Reactome web interface (hƩps://reactome.org/) (Milacic et 
al., 2023). The Reactome database was last accessed in December 2023. 
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2.4 Structural predicƟon and quality assessment 
 

2.4.1 AlphaFold2/ColabFold  
 

AlphaFold2 (Jumper et al., 2021) was employed to retrieve the three-dimensional structure 
of APP WT (hƩps://alphafold.ebi.ac.uk/) (AlphaFold ID: AF-P05067-F1-v4). This system uses 
deep learning models trained on the Protein Data Bank (PDB) to infer residue–residue 
contacts and predict accurate structural conformaƟons. Confidence metrics provided by 
AlphaFold2 include: 

 pLDDT (per-residue confidence score, 0–100) 
 pTM (predicted template modelling score, confidence in global fold) 
 PAE (predicted aligned error, reliability of domain placement) 

ColabFold (Mirdita et al., 2022) was used as an accessible implementaƟon of AlphaFold2 to 
model APP WT and their selected variants (see 2.6 & 4.2.1). It integrates with the MMseqs2 
homology search pipeline to accelerate mulƟple sequence alignment (MSA) generaƟon. 
ColabFold enables large-scale predicƟons via Google Colaboratory and supports both single-
chain and mulƟmer predicƟons. AlphaFold2 and ColabFold were accessed up to March 2024.  

For this project, APP’s canonical amino acid sequence was retrieved from UniProt (see 2.2.1) 
and the sequences of its variants were curated integraƟng the informaƟon from ClinVar and 
Alzforum (see 2.2.3 and 2.2.4) . Sequences were input in FASTA format, and models were 

Figure 2.6 Reactome Pathway Browser. 
Reactome web interface of the ‘Pathway Browser’ tool, showing the interacƟve map of the 
different pathways available in its database. Picture taken September 2025 
(hƩps://reactome.org/PathwayBrowser/).   
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generated using the default ColabFold notebook (hƩps://colab.research.google.com/github/ 
sokrypton/ColabFold/blob/main/AlphaFold2.ipynb). Unless otherwise stated, five ranked 
models were produced per sequence, and the top-ranked model was selected based on 
average pLDDT and visual inspecƟon. 

 

2.4.2 AlphaFold Server 
 

The AlphaFold Server (hƩps://alphafoldserver.com/) was used to predict mulƟmeric protein 
complexes involving APP and AChE. The server is powered by AlphaFold3, which extends the 
AlphaFold2 framework to model not only proteins but also protein–protein, protein–ligand, 
and protein–nucleic acid complexes with improved accuracy (Abramson et al., 2024). 
Compared to AlphaFold2, AlphaFold3 incorporates architectural improvements such as more 
efficient sequence–structure processing and the use of a diffusion-based approach, which 
together enable more reliable predicƟons of complex biomolecular assemblies. 

Predicted protein complexes models reported the following metrics: 

 Per-residue local Distance Difference Test (pLDDT) – represenƟng a per-residue 
confidence score from 0 to 100. Provided by AlphaFold Server.  

 Predicted template modelling (pTM) score – reflecƟng global fold accuracy, going 
from 0 to 1. Provided by AlphaFold Server. 

 Interface predicted template modelling (ipTM) score – assessing confidence in 
subunit orientaƟon within a complex, going from 0 to 1. Provided by AlphaFold 
Server. 

For this project, a model confidence score was computed based on the reported metrics by 
the AlphaFold Server, this was done in order to assess the feasibility and quality of the 
different APP-AChE complexes (see 6.2.1). The AlphaFold Sever was accessed up to August 
2024. 

 

2.4.3 DeepUMQA  
 

DeepUMQA is a web-based deep learning tool for assessing the quality of protein structures, 
both for single proteins and complexes (Guo et al., 2022)( hƩp://zhanglab-bioinf.com/ 
DeepUMQA/). It evaluates how closely a predicted model matches realisƟc structural 
features by analysing residue–residue distances, contact paƩerns, and local accuracy scores. 
For monomeric proteins, DeepUMQA uses informaƟon from the sequence, structural 
templates, and predicted features to provide a residue-level confidence score, i.e. pLDDT. 
For protein complexes, it also assesses the accuracy of interacƟons between subunits. This 
makes it parƟcularly suitable for evaluaƟng models where both intra- and inter-molecular 
features are important.   
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In this project, DeepUMQA (v3) was used to compare different monomeric structural 
predicƟons of the canonical APP (generated by different modelling algorithms) ensuring that 
downstream analyses were based on the models with the highest structural reliability (see 
4.2.1). DeepUMQA was last accessed in February 2024. 

 

2.4.4 PSIPRED & DISOPRED  
 

PSIPRED and DISOPRED are computaƟonal tools developed by the UCL BioinformaƟcs Group 
for predicƟng secondary structure elements and intrinsically disordered regions (IDRs), 
respecƟvely (Buchan et al., 2024; Jones & CozzeƩo, 2014). They can both be accessed 
through the ‘PSIPRED Workbench’ (hƩps://bioinf.cs.ucl.ac.uk/psipred/).  

PSIPRED predicts secondary structure using posiƟon-specific scoring matrices derived from 
PSI-BLAST (Altschul et al., 1997), analysed through a neural network. The latest version 
(PSIPRED 4.0) incorporates deeper neural network architectures and an extended input 
window, improving predicƟon accuracy. Output includes graphical and textual 
representaƟons of predicted α-helices, β-strands, and coil regions, together with residue-
specific confidence scores. 

DISOPRED idenƟfies disordered regions within protein sequences, which oŌen contribute to 
structural flexibility and dynamic biological roles. The updated version (DISOPRED 3) 
improves the sensiƟvity and specificity of disorder predicƟon and includes modules for 
idenƟfying protein-binding sites within IDRs. 

In this study, both PSIPRED (v4.0) and DISOPRED (v3) were used as complementary tools for 
structural evaluaƟon of the top three highest scored canonical APP structures, by 
DeepUMQA (see Table 4.1). PSIPRED and DISOPRED combined evaluaƟon helped selecƟng 
the most reliable APP model in terms of its secondary structure, emphasising on the 
accurate placement of IDRs (see 4.2.1). The ‘PSIPRED Workbench’ was last accessed in 
February 2024. 

 

2.5 Structural manipulaƟon and visualisaƟon  
 

2.5.1 UCSF Chimera  
 

UCSF Chimera (v1.17.1) is a comprehensive program for the visualisaƟon and interacƟve 
analysis of molecular structures and associated data. It supports a wide range of formats 
(e.g., PDB, MOL2, SDF) and provides tools for examining atomic structures, density maps, 
supramolecular assemblies, docking results, and conformaƟonal ensembles (PeƩersen et al., 
2004). 
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The program offers a wide range of capabiliƟes relevant to structural bioinformaƟcs, 
including: 

 3D visualisaƟon and annotaƟon of protein structures 

 SuperimposiƟon of mulƟple models to assess structural similarity 

 Measurement of distances, angles, and torsional parameters 

 Analysis of hydrophobic, polar, and electrostaƟc interacƟons using tools such as the 
Find Clashes/Contacts module 

 PreparaƟon of publicaƟon-quality figures with flexible colour schemes, labelling, and 
rendering styles 

In this study, UCSF Chimera was employed across mulƟple contexts: to visualise structural 
models of APP and its variants (see 4.2.1), to assess APP–γ-secretase interacƟons (see 5.2.1), 
and to characterise APP–AChE complexes (see 6.2.1). Its versaƟlity made it an essenƟal tool 
for evaluaƟng predicted structures and PPIs in AD research. UCSF Chimera was accessed up 
to September 2024. The soŌware can be downloaded through: 
hƩps://www.cgl.ucsf.edu/chimera/  

 

2.6 Variant classificaƟon 
 

Thorough research was necessary in order to straƟfy APP variants into appropriate and 
clinically reliable categories. Individual APP variants were examined aiming to understand 
the link between a missense mutaƟon and its consequent disease phenotype. The following 
groups were defined:   

 Early onset familial AD (EOFAD) 
 Cerebral amyloid angiopathy (CAA) 
 Benign 

The EOFAD or CAA  groups were chosen as mulƟple menƟons of point mutaƟons in APP 
leading to the development of these diseases were found in the literature (Mullan et al., 
1992; Kumar-Singh, 2000; Pasalar et al., 2002; Eckman et al., 1997; Ancolio et al., 1999; 
Murrell et al., 2000; Naruse et al., 1991; CharƟer-Harlin et al., 1991; Murrell et al., 1991; 
Kwok et al., 2000; Theuns et al., 2006; Levy et al., 1990; Bugiani et al., 2010; Hardy & 
Higgins, 1992; Obici et al., 2005). Causal mutaƟons in APP leading to LOAD were not as 
clearly idenƟfied, which is in line with an inconsistent paƩern of inheritance reported by 
Bertram & Tazi (2005), thus a LOAD group was not formed. Finally, APP benign variants were 
found as part of clinical studies or scienƟfic publicaƟons and were selected for having no 
apparent AD-related symptoms on paƟents that were older than 65 years old (Sassi et al., 
2014; Nicolas et al., 2015; Sala Frigerio et al., 2015; Jonsson et al., 2012). These variant 
classificaƟons were used in Chapters 4 & 5. The full list of mutaƟons and their categories are 
shown in Table 2.1. 



20 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

2.7 StaƟsƟcal framework 
 

StaƟsƟcal analysis was employed to compare structural and interacƟon-based 
measurements across different groups of APP protein models, namely EOFAD, CAA and 
benign variants. Outliers within each group were first idenƟfied using Tukey’s fences (k = 1.5) 
and evaluated for potenƟal influence on group distribuƟons. Group-level comparisons were 
then performed using one-way analysis of variance (ANOVA). When the assumpƟons of 
ANOVA, such as normally distributed data, were not saƟsfied, the non-parametric Kruskal–

APP variant Category Reference 
K670N+M671L EOFAD Mullan et al., 1992 

T714I  EOFAD Kumar-Singh, 2000 
T714A  EOFAD Pasalar et al., 2002 
V715M EOFAD Ancolio et al., 1999 
I716V EOFAD Eckman et al., 1997 
V717L  EOFAD Murrell et al., 2000 
V717I  EOFAD Naruse et al., 1991 
V717G  EOFAD Chartier-Harlin et al., 1991 
V717F  EOFAD Murrell et al., 1991 
 L723P EOFAD Kwok et al., 2000 
K724N EOFAD Theuns et al., 2006 
E693Q  CAA Levy et al., 1990 
E693K CAA Bugiani et al., 2010 
D694N  CAA Grabowski et al., 2001 
L705V  CAA Obici et al., 2005 
A201V  Benign Sassi et al., 2014 
A235V  Benign Nicolas et al., 2015 
A479S  Benign Sala Frigerio et al., 2015 
V562I  Benign Sassi et al., 2014 
E599K Benign Sassi et al., 2014 
A673T  Benign* Jonsson et al., 2012 

Table 2.1 APP variants and their categories.  
Table showing APP missense mutaƟons, also referred as variants, and their respecƟve 
category. Two pathological categories were defined: early onset familial AD (EOAFD) 
(green) and cerebral amyloid angiopathy (CAA) (yellow). The final category corresponds 
to ‘Benign’ (blue) cases where there was no sign of pathological impact emerging from 
mutaƟons in the APP gene. Numerous studies found in the literature corroborate all 
these cases – these can be found under the ‘Reference’ column. *The A673T variant is 
considered to be a protecƟve variant as seen in mulƟple studies – it could be classed as a 
‘super’ benign.  
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Wallis test was applied as an alternaƟve. Normality of the datasets was assessed using the 
Shapiro–Wilk test. 

Where significant group differences were detected, post-hoc pairwise comparisons were 
conducted. For ANOVA, Tukey’s Honest Significant Difference (HSD) test was applied, 
whereas for Kruskal–Wallis results, pairwise Mann–Whitney U tests with Bonferroni 
correcƟon were used to adjust for mulƟple tesƟng (α = 0.017 for three group comparisons). 
In addiƟon to p-values, effect sizes were calculated to assess the magnitude of observed 
differences: η² (eta-squared) was reported for ANOVA and Kruskal–Wallis tests, and r values 
were reported for pairwise non-parametric comparisons. Where appropriate, descripƟve 
staƟsƟcs such as medians and interquarƟle ranges (IQR) were also provided to aid 
interpretaƟon. 

This staƟsƟcal framework was applied consistently across analyses, whether comparing 
structural distances, secondary structure features, or contact/clash profiles from protein–
protein interacƟon models. StaƟsƟcal significance was defined at the threshold of p < 0.05, 
with adjusted thresholds applied in the context of mulƟple comparisons. Data handling and 
distribuƟon was carried out using MicrosoŌ Excel 2021 and staƟsƟcal tests were performed 
using the StaƟsƟcs Kingdom plaƞorm (hƩps://www.statskingdom.com/).    

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 



22 
 

3 Protein network analysis 
 

3.1 IntroducƟon 
 

3.1.1 Protein selecƟon reasoning 
 

There are mulƟple proteins involved in the complex pathophysiology of AD. InteresƟngly, 
there seems to be a myriad number of effects which arise from the accumulaƟon or 
overproducƟon of Aβ pepƟdes (Chen et al., 2017). For this reason, studying APP and its 
protein interactors has been a priority to scienƟsts for decades and is one of this chapter’s 
main goals. 

As previously seen, APP, PSEN1 and PSEN2 can carry autosomal-dominant mutaƟons which 
lead to the development of AD, specifically EOFAD. These genes have been a therapeuƟcal 
target for years, and various types of inhibitors and monoclonal anƟbodies therapies have 
been developed considering their mechanism of acƟon and role in the processing of APP to 
Aβ. In addiƟon, the gene BACE1 also plays a crucial role in the amyloidogenic pathway of 
APP (see 1.4). BACE1 codes for the BACE1 protein which acts as the first secretase (i.e. β-
secretase) that cleaves APP in order to produce Aβ pepƟdes. The second secretase in the 
amyloidogenic pathway is γ-secretase, a protein complex containing the protein presenilin 
(coded by the PSEN1 or PSEN2 genes) which is key to carry out γ-secretase’s proteolyƟc 
acƟvity (Coronel et al., 2018; Chen et al., 2017). Thus, the proteins expressed from these 
genes (i.e. BACE1, PSEN1, PSEN2), integral for the amyloidogenic pathway of APP, will be 
included in the exploratory search of AD protein-protein interacƟons (PPIs).   

Other relevant proteins to include would be those that have been long targeted by common 
AD medicaƟon. As explained before (see 1.6), AChEIs such as donepezil are prescribed to 
increase acetylcholine levels in the brain by reversibly inhibiƟng the enzyme AChE. 
(Cavalcante et al., 2020). AChEIs can have addiƟonal secondary target proteins. In the case of 
rivasƟgmine, it also binds and inhibits butyrylcholinesterase (BChE), an enzyme which 
performs a similar role to AChE (Cavalcante et al., 2020; Wishart et al., 2018). AddiƟonally, 
galantamine also acts as a posiƟve allosteric modulator (PAM) at nicoƟnic cholinergic 
receptors, specifically binding to neuronal acetylcholine receptor subunit alpha-7 (CHRNA7), 
which strengthens the communicaƟon between cholinergic neurons (Cavalcante et al., 2020; 
Wishart et al., 2018). Furthermore, memanƟne blocks the excessive glutaminergic acƟvity of 
NMDA receptors and reduces neurotoxic calcium influx into neurons. The NMDA receptor 
protein is an heterotetramer composed of a combinaƟon of protein subunits, including: 
GRIN1, GRIN2A, GRIN2B, GRIN2C, GRIN2D, GRIN3A, and GRIN3B (Yamamoto et al., 2015). 

By considering the proteins involved in the amyloidogenic processing of APP and the ones 
targeted by common AD medicaƟon, PPIs can be used to elucidate potenƟal relaƟonships 
and networks of interest.  



23 
 

3.1.2 Aims  
 

Using PPI and protein pathways databases, I aim to examine the associaƟons and interactors 
of the following proteins of interest – in order to idenƟfy potenƟal novel links between the 
main secretases involved in the amyloidogenic processing of APP and the proteins targeted 
by common AD drugs: APP, PSEN1, PSEN2, BACE1, AChE, BChE, CHRNA7, GRIN1, GRIN2A, 
GRIN2B, GRIN2C, GRIN2D, GRIN3A, and GRIN3B.   

 

3.2 Specific methods 
 

3.2.1 SelecƟon of pharmacologically targeted proteins 
 

DrugBank (v5.1.10) (see 2.2.5) was queried to idenƟfy the primary protein targets of the 
four commonly prescribed AD medicaƟons: donepezil (DrugBank ID: DB00843), galantamine 
(DrugBank ID: DB00674), rivasƟgmine (DrugBank ID: DB00989), and memanƟne (DrugBank 
ID: DB01043)(Wishart et al., 2018).  For each drug, the ‘Mechanisms of acƟon’ secƟon was 
consulted to capture only pharmacologically acƟve targets (see Figure 2.5). 

 

3.2.2 GeneraƟon of protein-protein interacƟon networks 
 

PPI networks of the defined proteins of interest (i.e. APP, PSEN1, PSEN2, BACE1, AChE, BChE, 
CHRNA7, GRIN1, GRIN2A, GRIN2B, GRIN2C, GRIN2D, GRIN3A, and GRIN3B) were generated 
using the STRING database (v12.0) (see 3.1.1, 2.3.1) (Szklarczyk et al., 2022). 

Two main search funcƟons within the STRING database were used to explore different 
aspects of APP-related protein connecƟvity. First, the ‘MulƟple Proteins’ search was used to 
invesƟgate potenƟal interacƟon networks among a predefined set of proteins. This 
funcƟonality was used to expand the PPI network of the selected proteins involved in the 
APP amyloidogenic pathway (i.e. APP, BACE1, PSEN1, PSEN2), to explore the 
interconnecƟvity of commonly drug-targeted proteins in AD (i.e. AChE, BChE, CHRNA7, 
GRIN1, GRIN2A, GRIN2B, GRIN2C, GRIN2D, GRIN3A, and GRIN3B), and to uncover any 
potenƟal associaƟons or pathways between these two groups of proteins. Second, the 
‘Single Protein’ search was employed to visualise the immediate interacƟon network 
surrounding a single query protein. This approach was useful to contextualise the biological 
environment of APP and AChE within their respecƟve cellular processes.  

Homo sapiens was the default selected organism in all searches. Each of the searches 
outpuƩed a PPI network interacƟve graph. Each of these proteins (also known as nodes), 
were displayed as circular shapes in a network connected by lines (also known as edges) – 
see Figure 3.3 for an example. The ‘Basic Seƫngs’ for both search funcƟons were set-up as 
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displayed in Figure 3.1, unless stated otherwise. The ‘Advanced Seƫngs’ were kept as 
default. 

 

The ‘confidence’ configuraƟon was used for the edges as it combines the informaƟon from 
all the interacƟon sources (see 2.3.1) and displays it as a single line with varying thickness – 
proporƟonal to the combined confidence score. This score ranges from 0 to 1, 1 being the 
maximum score, and it allows for filtering of results showing only those edges (interacƟons) 
above a certain threshold. For all the networks, the minimum required interacƟon score 
(threshold) was set to 0.900. This high threshold exclusively displayed the edges with the 
highest level of confidence.  

The ‘Network Stats’ tab (under ‘Analysis’) outpuƩed informaƟve values (i.e. ‘average node 
degree’, ‘average local clustering coefficient’, ‘expected number of edges’ and ‘PPI 
enrichment p-value’) for each PPI network. The ‘average node degree’ represented the 
average number of interacƟons above the confidence threshold that each protein (or node) 
in the network had. The ‘average local clustering coefficient’ measured the connecƟvity 
between all the proteins in the network – from 0 (lowest) to 1 (highest). The ‘expected 
number of edges’ computed a predicted value for the number of edges in a randomly 
selected set of proteins – this refers to the selecƟon of proteins inpuƩed in the ‘MulƟple 
Proteins’ search funcƟon. Finally, the ‘PPI enrichment p-value’ acted as a measure of 

Figure 3.1 ‘Basic Seƫngs’ of the ‘MulƟple Proteins’ (leŌ) and ‘Single Protein’ (right) 
search methods. 
The two search methods used were adjusted to show a combined confidence score as 
edges with a high confidence threshold. Unless stated otherwise, the default ‘max number 
of interacƟons to show’ was used (none for ‘MulƟple Proteins’ and no more than 10 
interacƟons for ‘Single Protein’).       
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staƟsƟcal significance for randomly selected proteins in PPI networks, hence only providing 
value to the ‘MulƟple Protein’ search funcƟon and not to the ‘Single Protein’ one (nodes and 
edges in this search funcƟon are non-randomly generated by STRING). For a network to 
significantly have more interacƟons than expected, the PPI enrichment p-value would fall 
below 0.05.  

Networks were downloaded in high-resoluƟon image format for inclusion in this thesis, and 
STRING-provided enrichment analyses (pathways, biological processes, molecular funcƟons) 
were examined where relevant.  

 

3.2.3 Protein pathways visualisaƟon  
 

To invesƟgate the biological context in which the previous PPI networks occurred (see 3.1.1 
& 3.2.2), the Reactome database (v86) was consulted (see 2.3.2) (Milacic et al., 2023). The 
‘Pathway Browser’ was employed to query a selecƟon of proteins of interest and obtain 
relevant proteins pathways (i.e. pathway diagrams). 

Pathway diagrams displayed the following: 

 Interactors as colour-coded ovals or boxes: 
o Green boxes = proteins 
o Green ovals = small molecules 
o Blue boxes with cut corners = complexes (i.e. proteins and/or other 

molecules) that are bound in a mulƟmolecular enƟty 
o Blue boxes with double boundaries = sets of proteins/small molecules that 

are funcƟonally equivalent 
o Purple boxes = pharmacological agents  

 Physiological compartments (e.g. extracellular, plasma membrane, cytosol, 
endosomes) as orange rectangles with double boundaries.  

 DirecƟonality of reacƟons as arrows, with their ends marking catalysts (circles), 
acƟvators (triangles) or inhibitors (T-shapes). 

 ReacƟons as central nodes connected to input, output, and catalyst molecules – 
relevant subtypes included: 

o Open squares = ‘transiƟon’ 
o Solid circles = ‘associaƟon’ 
o Double-bordered circles = ‘dissociaƟon’ 
o A square with two slashes = ‘omiƩed process’  

 MulƟple molecules (n >1) of the same type in a reacƟon as numbered boxes. 
 Disease-associated processes as red-bordered shapes and arrows.  

Two pathway diagrams were selected for invesƟgaƟon: the ‘amyloid fibre formaƟon’ 
(Reactome ID: R-HSA-977225), and the ‘AcCho is hydrolyzed to Cho and acetate by ACHE’ 
(Reactome ID: R-HSA-372519 ).  
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3.3 Results 
 

3.3.1 Key protein networks 
 

The ‘MulƟple proteins’ search funcƟon was used to invesƟgate potenƟal funcƟonal or 
physical interacƟons within a selected set of proteins – this method outpuƩed the networks 
in Figure 3.2, Figure 3.3 and Figure 3.4. The ‘Single Protein by Name’ search funcƟon was 
used to uncover high-confidence interactors of APP and AChE – two key proteins that play a 
central role in previously defined sets of proteins of interest (see 3.1.1). This method 
outpuƩed the networks in Figure 3.6 and Figure 3.5.  

A set of proteins involved in the amyloidogenic pathway of APP (i.e. BACE1, PSEN1 and 
PSEN2) were invesƟgated (Figure 3.2). The network outpuƩed by STRING was expanded to 
show addiƟonal proteins from the four inpuƩed – and so the ‘max number of interactors’ 
was set to ‘no more than 5 interactors’ (see Figure 3.1). There were a total of 9 nodes and 25 
edges in this network The average node degree was 5.56, and the average local clustering 
coefficient was 0.884. The expected number of edges was 0 and the PPI enrichment p-value 
was < 1.0e-16 – significantly low as expected by the expansion of the ‘max number of 
interactors’. Closely interconnected subsets can be observed between proteins that are part 
of the γ-secretase complex (i.e. APH1A, APH1B, NCSTN, PSENEN, PSEN1, PSEN2). ADAM10, 
which consƟtutes the α-secretase, and BACE1, the consƟtuent of β-secretase, also connect 
with various other proteins in the network.  

Figure 3.3 displays the network of pharmacologically targeted proteins in AD (i.e. AChE, 
BChE, CHRNA7, GRIN1, GRIN2A, GRIN2B, GRIN2C, GRIN2D, GRIN3A, GRIN3B). In this 
network, some proteins were leŌ isolated – not connected to any other protein. The total 
number of nodes and edges were 10 and 21 respecƟvely. The average node degree was 4.2, 
and the average local clustering coefficient was 0.7. The expected number of edges was 0 
and the PPI enrichment p-value was < 1.0e-16. This indicated that the connected proteins 
were biologically/funcƟonally related. In this case, the interconnected proteins were all part 
of the same receptor (i.e. NMDA receptor) and so a significant PPI enrichment p-value was 
expected.  

The combinaƟon of all the inpuƩed proteins involved in the previous two networks (Figure 
3.2 and Figure 3.3) led to the outpuƩed network shown in Figure 3.4. The total number of 
nodes and edges were 14 and 28 respecƟvely. Similarly to their individual PPI networks, two 
local clusters emerged from this network. The average node degree was 4, and the average 
local clustering coefficient was 0.821. The expected number of edges as 0 and the PPI 
enrichment p-value is < 1.0e-16 indicaƟng funcƟonal/physical associaƟons between 
connected nodes. A couple of proteins did not associate with any of the two clusters. 
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Figure 3.2 Proteins that are pharmacologically targeted in AD treatment.  
Diagram illustraƟng mulƟple proteins which are targeted by different AD drugs such as 
donepezil, rivasƟgmine, galantamine and memanƟne. The local cluster corresponds to 
proteins which form the ionotropic glutamate NMDA receptor. Legend: Acetylcholinesterase 
(ACHE), butylcholinesterase (BCHE), neuronal acetylcholine receptor subunit α-7 (CHRNA7), glutamate 
receptor ionotropic NMDA type subunit 1/2A/2B/2C/ 2D/3A/3B (GRIN1, GRIN2A, GRIN2B, GRIN2C, 
GRIN2D, GRIN3A, GRIN3B). 

Figure 3.3 APP and protein components of secretases.  
Diagram showing the network of APP alongside mulƟple protein components of 
secretases involved in the amyloidogenic and non-amyloidogenic processing of APP. 
Legend: Disintegrin and metalloproteinase domain-containing protein 10 (ADAM10), gamma-secretase 
subunit APH-1A (APH1A), gamma-secretase subunit APH-1B (APH1B), amyloid precursor protein (APP), β-
secretase 1 (BACE10), nicastrin (NCSTN), presenilin 1 (PSEN1), presenilin 2 (PSEN2), gamma-secretase 
subunit PEN-2 (PSENEN). 
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Figure 3.5 displays the network outpuƩed by the ‘Single Protein’ search of AChE. The 
connecƟon between APP and AChE, firstly uncovered in Figure 3.4, appeared again in this 
network. There contained 6 nodes and 8 edges, the average node degree is 2.67, and the 
average local clustering coefficient is 0.883. The expected number of edges is 5 and the PPI 
enrichment p-value is 0.135 (not informaƟve for ‘Single Protein’ searches). 

Finally, Figure 3.6 shows the ‘Single Protein’ network of APP.  BACE1 and PSEN1 were the 
only protein interactors of APP that were previously inpuƩed in other networks. There were 
a total of 6 nodes and 8 edges in the network. The average node degree is 2.67, and the 
average local clustering coefficient is 0.772. The expected number of edges is 5 and the PPI 
enrichment p-value is 0.139 (not informaƟve for ‘Single Protein’ searches).  

 

 

 

Figure 3.4 Proteins that are pharmacologically targeted in AD treatment in combinaƟon 
with APP amyloidogenic pathway proteins.  
Diagram combining the inpuƩed proteins of interest from the previous two networks 
(Figure 3.3 & Figure 3.2). Two local clusters emerge, one corresponding to the subunits 
of the ionotropic glutamate NMDA receptor, and the other one including APP and 
secretase components from the amyloidogenic pathway – with the insighƞul addiƟon of 
AChE. Legend: Acetylcholinesterase (ACHE), apolipoprotein E (APOE), amyloid precursor protein (APP), 
butylcholinesterase (BCHE), neuronal acetylcholine receptor subunit α-7 (CHRNA7), G protein-regulated 
inducer of neurite outgrowth 1 (GRIN1), N-methyl D-aspartate receptor subtype 2A/2B/2C/2D/3A/3B 
(GRIN2A, GRIN2B, GRIN2C, GRIN2D, GRIN3A, GRIN3B), presenilin 1 (PSEN1), presenilin 2 (PSEN2). 
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Figure 3.5 AChE single protein network.   
Diagram showing the local network of AChE. The interacƟon between AChE and APP is 
shown – which will be explored later in Chapter 6. Legend: Acetylcholinesterase (ACHE), amyloid 
precursor protein (APP), choline O-acetyltransferase (CHAT), choline kinase α (CHKA), acetylcholinesterase 
collagenic tail pepƟde (COLQ), glycerophosphocholine phosphodiesterase (GPCPD1) (Szklarczyk et al., 
2022). 

Figure 3.6 APP single protein network. 
Diagram showing the local network of APP. Legend: Amyloid β precursor protein binding family B 
member 1(APBB1), apolipoprotein E (APOE), amyloid precursor protein (APP), β-secretase 1 (BACE10), 
presenilin 1 (PSEN1), sorƟlin-related receptor (SORL1). 
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3.3.2 Insighƞul pathways 
 

The ‘Pathway Browser’ was used to invesƟgate the biological context of some of the PPI 
networks previously obtained (see 3.3.1) with special aƩenƟon around two central proteins: 
APP, AChE. This led to the exploraƟon of the ‘amyloid fibre formaƟon’ (Jupe, 2010) and the 
‘AcCho is hydrolyzed to Cho and acetate by ACHE’ (Mahajan, 2008) pathway diagrams (see 
3.2.3). 

Both Figure 3.7and Figure 3.8 show secƟons of the ‘amyloid fibre formaƟon’ pathway 
diagram but focus on disƟnct biological processes. Figure 3.7 displays APP processing by 
secretases within a cell.  Important secretases (i.e. ‘ADAM10:Zn2+:TSPANs’ complex, BACE1 
and gamma-secretase complex) are located in the plasma membrane or in an endosomal 
membrane (orange rectangles with double boundaries). These enzymes act as catalysts 
(circle-ending arrows) and allow for the transiƟon of their respecƟve reacƟons (open 
squares). Different pepƟde products of APP are released in the endosome, with some 
funcƟonal equivalent pepƟdes (blue boxes with double boundaries) moving to the plasma 
membrane before leaving the cell.  

Figure 3.8 shows the pathogenic pathway (red-coloured arrows and shapes) that the APP 
pepƟdes that leŌ the cell (i.e. APP(672-713), APP(672-711)) take in order to become amyloid 
fibrils. IniƟally, these pepƟdes that leŌ the cell act as ‘amyloid fibril monomers’ which then 
transiƟon (open square) to pathogenic ‘amyloid fibril main pepƟde chains’. These chains 
associate (solid circle) with other molecules extracellularly yielding ‘amyloid fibrils’ which 
embed in the plasma membrane of the cell.   

Finally, Figure 3.9 shows the ‘AcCho is hydrolyzed to Cho and acetate by ACHE‘ pathway 
diagram. The ‘Cholinesterase’ equivalent of AChE acts as a catalyst to transiƟon the reacƟon 
from acetylcholine (and water) to choline and acetate. ACHEIs associate with AChE to form 
the ‘ACHE:ACHEIs’ complex thereby inhibiƟng AChE’s catalyƟc ability.  

 

3.4 Discussion 
 

3.4.1 Cliques within PPI networks  
 

By exploring the STRING database, I aimed to define the interacƟons between the main 
proteins involved in the amyloidogenic pathway and the proteins targeted in the 
symptomaƟc treatment of AD. AddiƟonally, some of the PPI networks explored provided 
insighƞul informaƟon in the form of subnetworks or clusters, specifically the existence of 
closely interconnected clusters known as cliques. A clique is an undirected (edges with no 
orientaƟon) subnetwork or cluster in which every two disƟnct nodes in the clique are 
adjacent (Alba, 1973). For instance, in a 4-node clique, each node would have 3 edges 
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Figure 3.7 Amyloid fibre formaƟon – processing by secretases. 
Diagram showing the processing of APP (APP(18-770), top leŌ) by different secretases (Jupe, 
2010). APP can be processed by an α-secretase complex (ADAM10:Zn2+:TSPANs) at the 
plasma membrane or it can be internalised via an endosome. Two important secretases 
(BACE1 and gamma-secretase complex) are in the endosomal membrane. Processing by 
these enzymes leads the APP pepƟde down the amyloidogenic pathway – where 
pathological fibres can potenƟal be formed. AlternaƟvely, another enzyme in the endosomal 
membrane (SORL1) can form a complex with APP (SORL1:APP(18-770)) and allow for the 
transport of APP to a different cellular locaƟon – away from the amyloidogenic processing.  

Figure 3.8 Amyloid fibre formaƟon – amyloid fibrils pathological aggregaƟon. 
Diagram showing the pathogenic conversion (red-coloured arrows and shapes) of amyloid 
fibril monomers (previously APP(672-713), APP(672-711 in Figure 3.7) to amyloid fibrils in 
the plasma membrane (boƩom right). AŌer the transiƟon from amyloid fibril monomers to 
amyloid fibril main pepƟde chains, different proteins (e.g. APOE-4, HSPG(22-4391)) and small 
molecules (GAG) associate to form the final amyloid fibrils.  
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connecƟng it to the other nodes in the clique – an example of this can be seen in Figure 3.3, 
a 4-node clique is formed between APP, BACE1, PSEN1 and PSEN2. Cliques are signs of close 
interconnecƟvity, and in the protein network context, they can represent specific pathways 
or reacƟons. For this analysis, 3-node cliques were not highlighted since they lacked enough 
contextual informaƟon to assess their pathways.  

Figure 3.3 explored the proteins involved in APP processing, both amyloidogenic and non-
amyloidogenic pathways. By inpuƫng the PSEN1, PSEN2, APP and BACE1 genes, the STRING 
database generated a greater network which included other proteins that were part of the 
γ-secretase complex (i.e. PSENEN, APH1A, APH1B, NCSTN) and α-secretase (i.e. ADAM10), 
picturing a wholisƟc APP processing network. A high average local clustering coefficient (i.e. 
0.884) suggested close interconnecƟon between mulƟple proteins. The 4-node clique 
involving APP, PSEN1, ADAM10 and BACE1 integrated APP’s main secretases. Another 
important clique was the one formed by PSEN1-PSEN2-NCSTN-APH1A-APH1B-PSENEN, 
which contained the subunits of the γ-secretase complex, a criƟcal enzyme in the 
amyloidogenic pathway of APP.  

By inpuƫng the proteins targeted by symptomaƟc AD drugs (i.e. donepezil, galantamine, 
rivasƟgmine and memanƟne) Figure 3.2 showed some close interconnecƟvity. This PPI 
network had a low PPI enrichment p-value (< 1.0e-16), indicaƟng potenƟal interacƟons, but 
it was most likely driven by the GRIN-proteins clique (i.e. GRIN1, GRN2A, GRIN2B, GRIN2C, 
GRIN2D, GRIN3A, GRIN3B). All these proteins are subunits of the same receptor (NMDA 
ionotropic glutamate receptor) and so they will all interact physically and funcƟonally with 
each other.  The other proteins in this network (i.e. CHRNA7, AChE and BChE) did not have a 

Figure 3.9 Acetylcholine (ACh) is hydrolysed to choline (Cho) and acetate by 
acetylcholinesterase (AChE). 
Cholinesterase (AChE equivalent) catalyses the hydrolysis breakdown (open square) of 
acetylcholine (AcCho). This reacƟon can be inhibited by the associaƟon of ACHEIs with 
AChE forming a non-funcƟonal complex (Mahajan, 2008).  
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connecƟon and thus STRING database considered them not to be biologically or funcƟonally 
linked to any of the inpuƩed proteins (at a high level of confidence).  

Figure 3.4 encompassed all the previously inpuƩed proteins from the networks in Figure 3.3 
and Figure 3.2. In this PPI network, two local clusters were formed. One corresponding to 
the GRIN-proteins clique, and the other one connecƟng APP, PSEN1, PSEN2, BACE1 and 
AChE. The connecƟons of this laƩer cluster were similar than in Figure 3.3 (a 4-node clique 
between APP-PSEN1-PSEN2-BACE1), but with the addiƟonal APP-AChE connecƟon. This 
connecƟon is the first one that linked ‘pharmacologically AD-targeted proteins’ to 
‘amyloidogenic APP processing proteins’ – an insighƞul novel connecƟon which is further 
explored in Chapter 5. Overall, this PPI network had high metrics including an average local 
clustering coefficient of 0.821 and a PPI enrichment p-value is < 1.0e-16 indicaƟng funcƟonal 
and physical associaƟons between proteins – specially within clusters.  

The AChE single protein network (Figure 3.6) showed many funcƟonally associated proteins 
of AChE. Amongst these, a 4-node clique formed by AChE-CHAT-GPCPD1-CHKA can be 
observed. The proteins in this 4-node clique include AChE, choline O-acetyltransferase 
(CHAT), glycerophosphocholine phosphodiesterase (GPCPD1) and choline kinase α (CHKA) 
and they play a role in glycerophospholipid biosynthesis (Williams, 2011). AddiƟonally, two 
individual independent connecƟons were formed with AChE, i.e. AChE-COLQ, AChE-APP. 
COLQ, which stands for AChE collagenic tail pepƟde, is a collagen protein that binds AChE 
and anchors it at the basal lamina of neuromuscular juncƟons, allowing the appropriate 
funcƟoning of AChE at the synapƟc cleŌ (Karmouch et al., 2020). Finally, the APP-AChE 
connecƟon appeared again, highlighƟng their funcƟonal associaƟon and potenƟal shared 
role in AD pathophysiology – or at least in the cholinergic degeneraƟon aspect of AD.  

Figure 3.5 showed the single protein network of APP. This network included proteins such as 
the amyloid-beta A4 precursor protein-binding family B member 1 (APBB1) and the sorƟlin-
related receptor (SORL1), in addiƟon to the previously seen BACE1, PSEN1 and APOE. APBB1 
is involved in the transcripƟonal signalling of APP and its acƟon can be inhibited in AD 
(Minopoli et al., 2012; Zhou et al., 2009; McLoughlin & Miller, 2008). SORL1 is involved in 
APP intracellular trafficking and has links to familial forms of AD increased AD suscepƟbility 
(Hung et al., 2021; Fazeli et al., 2024; Rovelet-Lecrux et al., 2021). No 4-node cliques were 
found in this network, suggesƟng these proteins partake in different cellular processes with 
APP as the epicentre. 

 

3.4.2 Pathway highlights 
 

Figure 3.7 and Figure 3.8 showed an important process, the formaƟon of Aβ fibrils. It is the 
accumulaƟon of these fibrils that form the extracellular characterisƟc plaques seen in AD 
(Glenner & Wong, 1984). The ability to see the key interactors within the pathway provides 
great insight into the pathogenesis and pathophysiology of the disease. As previously stated, 
there are numerous counts of familial forms of AD (Bekris et al., 2010). Some of these, have 
mutaƟons on enzymes/pepƟdes involved in the processing of APP (i.e. PSEN1, PSEN2) or on 
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APP itself. Understanding the dysfuncƟon of certain key players on this process, can lead to 
useful discoveries such as the characterisaƟon of pathological mechanisms (e.g. tau 
hyperphosphorylaƟon, disrupted paired cholinergic communicaƟon). This adds 
opportuniƟes for pharmacological intervenƟon, specifically intervenƟon at the 
amyloidogenic pathway. Numerous aƩempts to aƩenuate the amyloidogenic process have 
been tested, such as inhibitors of the BACE1 enzyme. However, BACE1 therapies have not 
been successful so far due to undesired side effects, i.e. neuroinflammaƟon (Das & Yan, 
2019).  

Furthermore, these figures provided informaƟon about addiƟonal components of Aβ fibrils 
such as serum amyloid P-component (SAP) homopentamer, apolipoprotein E isoform 4 
(APOE-4), basement membrane-specific heparan sulphate proteoglycan core protein 
(HSPG2) and glycosaminoglycan (GAG) (Alexandrescu, 2005; Jupe, 2010). APOE has been 
previously discussed as a gene whose isoform 4 (APOE-4) increases the risk of developing 
late onset AD (Bekris et al., 2010).  

Figure 3.9 explored the role of cholinesterases in hydrolysing acetylcholine into choline and 
acetate. In the Reactome interacƟve plaƞorm, two cholinesterase candidates could be 
revealed, these were AChE and BChE (Mahajan, 2008). These proteins have the ability to 
perform the same funcƟon although AChE has a faster rate of acetylcholine catalysis 
compared to BCHE (Weinstock & Groner, 2008). In this figure, AChE is located on the 
extracellular side of the plasma membrane, and it can act as an oligomeric ectoenzyme – 
forming monomers, dimers or tetramers (Velan et al., 1991).  AddiƟonally, the inhibitory 
acƟon of AChEIs can be appreciated. These pharmacological agents (e.g. donepezil) can bind 
AChE and form reversible complexes, disrupƟng the hydrolysis of acetylcholine and 
increasing its bioavailability.  

 

3.4.3 LimitaƟons and future steps  
 

Although the STRING and Reactome databases incorporate vast amounts of data and 
curated connecƟons from very well-established databases (e.g. PubMed, BioGRID, KEGG, 
etc.), they are not perfect and cannot picture the complete and dynamic landscape of 
protein interacƟons and pathways. However, they do present a unique and simplified 
aƩempt to display the biological funcƟoning of certain proteins and the networks they form.  

NavigaƟng Reactome’s pathways can make it difficult to create a holisƟc picture of the 
funcƟon of a protein, as there can be several pathways that involve on individual protein.  
Furthermore, focusing on one single pathway can create an oversimplified view of a 
protein’s metabolic role. Thus, it is necessary to explore the recent literature and the sources 
provided in each of the pathways to verify the biological roles of a protein. The same applies 
to the interacƟon informaƟon provided by STRING, as some of this can be outdated and 
more accurate mechanisms might have been recently uncovered.   
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Finally, future steps that build on the findings of this chapter include the exploraƟon of the 
interacƟons between APP and γ-secretase, and APP and AChE. By using structural 
bioinformaƟcs tools, future chapters will explore these interacƟons and their binding 
interfaces, and when appropriate, the disrupƟve effect of EOFAD mutaƟons on APP.  
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4 Structural modelling of APP and its variants 
 

4.1 IntroducƟon 
 

4.1.1 Protein folding and modelling algorithms  
 

Protein folding is a fundamental process by which a linear chain of amino acids, synthesised 
by a ribosome, transforms into a funcƟonal three-dimensional structure. The transiƟon from 
an unstable random coil to an ordered structure, known as the protein’s naƟve state, is 
driven by interacƟons among amino acids and is crucial for the protein’s biological funcƟon 
(Nelson & Cox, 2013). The regulaƟon of this process is complex, involving thermodynamic 
minimum energy states, help from molecular chaperons and protein quality checks – all of 
which had to undergo strong evoluƟonary influences (Díaz-Villanueva et al., 2015).  

The ‘protein folding problem’ refers to the scienƟfic difficulty in accurately predicƟng a 
protein’s naƟve structure from its sequence (Dill & MacCallum, 2012; Nassar et al., 2021). 
This challenge stemmed from the work by John Kendrew and Max Perutz, 1962 Nobel 
laureates in physiology/medicine, who respecƟvely discovered the structure of the globular 
proteins myoglobin and haemoglobin (Kendrew et al., 1958; Perutz et al., 1960). Their work 
started the race for protein predicƟon despite apparent challenges. One of these, was 
highlighted by the Levinthal’s paradox, which suggests that it would take an astronomical 
amount of Ɵme for a protein to sample all possible conformaƟons (Levinthal, 1968). Despite 
this, thanks to Anfinsen’s experiments (by which he received the 1972 Nobel Prize in 
Chemistry), it is known that a protein’s naƟve three-dimensional structure is determined by 
its one-dimensional amino acid sequence. This inspired the quest for biomathemaƟcal and 
computaƟonal methods to predict protein structures accurately (Anfinsen, 1973; Pauwels et 
al., 2007; Gambardella et al., 2022).  

BioinformaƟc modelling methods are generally categorised into template-based modelling 
(TBM) and template-free or ab iniƟo approaches (Pearce et al., 2022). TBM relies on the 
availability of homologous structures in the PDB to guide the modelling process. The 
accuracy of TBM is highly dependent on the similarity between the target protein and the 
template, as well as the precision of the alignment between them. When homologous 
templates are available, TBM can produce highly accurate models. However, its uƟlity is 
limited for proteins that lack similar structures in the PDB, necessitaƟng alternaƟve methods 
(Pearce et al., 2022). By contrast, ab iniƟo modelling, or template-free modelling, addresses 
this limitaƟon by not relying on pre-exisƟng templates. Instead, it uses advanced energy 
funcƟons and extensive conformaƟonal sampling techniques to predict protein structures 
from scratch (Pearce et al., 2022). Historically, the performance of ab iniƟo methods has 
lagged behind TBM due to challenges in accurately simulaƟng the protein folding process 
and the complexity of the energy landscapes involved. However, advancements in deep 
learning have revoluƟonised ab iniƟo structure predicƟon, improving the predicƟon of 
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spaƟal restraints from sequence data, leading to more accurate contact and distance maps. 
These maps provide detailed spaƟal informaƟon that enhances the folding simulaƟons, even 
for proteins lacking homologous templates. Despite these advancements, ab iniƟo methods 
sƟll face challenges, including lengthy simulaƟon Ɵmes and the need for extensive 
computaƟonal resources, parƟcularly for larger proteins (Pearce et al., 2022). 

AlphaFold2 is a template-free breakthrough AI system developed by DeepMind and it has 
demonstrated unprecedented accuracy in predicƟng protein structures in recent years 
(Jumper et al., 2021). Since its parƟcipaƟon in CASP14 (CriƟcal Assessment of Techniques for 
Protein Structure PredicƟon) in December 2020, AlphaFold2 revoluƟonised modelling 
algorithms, achieving a structure predicƟon accuracy far superior to any other method 
before and influencing other labs and teams around the globe (Callaway, 2020; 
Kryshtafovych et al., 2023). AlphaFold2 trains its neural network by providing the protein 
structures held in the PDB which allows the creaƟon of mulƟple sequence alignments (MSA) 
that consider the evoluƟonary changes of protein relaƟves. This allows AlphaFold2 to do 
parƟcularly well in predicƟng single protein chains, even the ones containing intrinsic 
disordered regions (IDRs). However, due to the lack of data about the structural impact of 
point mutaƟons, AlphaFold can struggle in predicƟng these as well as proteins with few 
close relaƟves – also known as “orphan” proteins (Jumper et al., 2021). Despite these 
challenges, enhancements in training data and the incorporaƟon of missense variant 
categorisaƟon algorithms can improve AlphaFold2 to a newer more powerful version, 
furthering the understanding of protein folding and stability, parƟcularly in the context of 
pathological missense mutaƟons.  

While correct folding is essenƟal to ensure protein funcƟonality, misfolding can lead to 
inacƟve proteins or, worse, proteins with toxic effects. This is the case of amyloids, which are 
proteins that when misfolded form insoluble amyloid fibrils. When these fibrils aggregate 
and form amyloid deposits, they can trigger pathological effects – typically referred as 
amyloidosis (Nelson & Cox, 2013; ChiƟ & Dobson, 2006; Nassar et al., 2021). Amyloids are 
linked to more than forty different human disorders (Graña-Montes & Ventura, 2015). Some 
of these include notorious neurodegeneraƟve diseases, such as AD and Parkinson’s disease 
(Parakh & Atkin, 2016; Graña-Montes & Ventura, 2015).  

Therefore, understanding what drives the formaƟon of amyloids becomes highly relevant in 
the context of AD pathogenesis. This knowledge can provide insights into the mechanisms 
underlying AD and could open doors for the development of therapeuƟc strategies.  

 

4.1.2 APP domains and mutaƟons  
 

APP is a 770 amino acid type-I transmembrane protein characterised by several conserved 
and characterisƟc regions that play crucial roles in its funcƟon and processing. The most 
notable regions include the E1 and E2 dimerisaƟon domains, the Kunitz-type protease 
inhibitor (KPI) domain, and the YENPTY moƟf (Muller & Zheng, 2011; Chen et al., 2017).  
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The E1 dimerisaƟon domain is located at the N-terminus between amino acids 28-189, and it 
comprises the growth factor-like domain (GFLD) and the copper-binding domain (CuBD). The 
GFLD is involved in neurite outgrowth and heparin binding, while the CuBD binds copper and 
zinc ions, essenƟal for APP's biochemical acƟviƟes. Following the E1 dimerisaƟon domain, 
the KPI domain can be located between amino acids 291-341 and it is known for conferring 
protease inhibiƟon. The E2 dimerisaƟon domain (from amino acid 374-581), posiƟoned 
between the KPI domain and the transmembrane region, is highly glycosylated and it 
parƟcipates in heparin binding, facilitaƟng dimerisaƟon and signal transducƟon. The C-
terminal cytoplasmic tail, containing the YENPTY moƟf (from amino acid 757-762), is 
implicated in intracellular signalling pathways and interacts with mulƟple proteins, 
influencing APP's role in cellular funcƟons such as transcripƟon and synapƟc formaƟon 
(Muller & Zheng, 2011; Chen et al., 2017; APP|ALZFORUM, n.d.; Bateman et al., 2022).  

MutaƟons in APP are predominantly located near the secretases’ cleavage sites or within the 
transmembrane domain (TMD) from amino acid 699 to 725, parƟcularly in exons 16 and 17. 
These mutaƟons are significant because they directly impact the producƟon and aggregaƟon 
of Aβ pepƟdes, a hallmark of AD. For instance, the "Swedish" mutaƟons (K670N and M671L) 
(Mullan et al., 1992) and the "London" mutaƟon (V717I) (Naruse et al., 1991) are well-
documented for their role in increasing Aβ producƟon, leading to EOFAD. The majority of 
pathogenic mutaƟons cluster around the Aβ moƟf (form amino acid 672-720) 
(APP|ALZFORUM, n.d.; Kakuda et al., 2006), enhancing the proteolyƟc processing by β- and 
γ-secretases, which increases the generaƟon of amyloidogenic Aβ42 pepƟdes. These 
pepƟdes aggregate to form fibrils and eventually plaques, contribuƟng to the 
neurodegeneraƟve processes observed in AD. Furthermore, familial mutaƟons in APP gene 
have been linked to an addiƟonal pathology in the central nervous system (CNS) named 
cerebral amyloid angiopathy (CAA) (Sellal et al., 2016). In CAA, amyloid aggregates infiltrate 
the blood vessels of the brain and cause vascular disease, also referred as angiopathy, which 
can lead to haemorrhagic strokes as well as demenƟa (Kuhn & Sharman, 2022). CAA 
mutaƟons also accelerate the formaƟon of Aβ, although these mutaƟons are mostly located 
in between secretases binding sites, further up from the Aβ moƟf (Biffi & Greenberg, 2011). 
An example would be the Dutch mutaƟon (E693Q) (Levy et al., 1990), which is the most 
common cause of familial CAA (Maat-Schieman et al., 2005).  

Understanding the structural implicaƟons of missense mutaƟons in APP is crucial as they 
provide insights into the molecular mechanisms driving AD pathogenesis and offer potenƟal 
targets for therapeuƟc intervenƟon. To assess the structural three-dimensional impact, the 
selecƟon of an appropriate protein structure predicƟve algorithm is required, followed by 
the quanƟtaƟve bioinformaƟcs analysis.  

 

4.1.3 Aims 
 

I aim to assess and select the best performing 3D modelling algorithm and use it to generate 
disease and healthy variant models of APP (see 2.6). This will serve to compare APP’s 
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structural changes at specific regions, and to inform of any potenƟal disrupƟve events in 
APP’s binding interfaces, across EOFAD, CAA and benign variant groups.  

This analysis aims to provide new insights into EOFAD variants which could inform about 
pathological mechanisms and pharmacological protein targets 

 

4.2 Specific methods 
 

4.2.1 APP model assessment and selecƟon  
 

MulƟple protein modelling algorithms were used to model the APP wild type (WT) – as no 
experimental structures were available in the PDB (Figure 2.1). These modelling algorithms 
were selected from the CriƟcal Assessment of Structure PredicƟon 15th ediƟon (CASP15) 
(Kryshtafovych et al., 2023) ‘Regular targets’ rankings which list the best performing teams in 
predicƟng single proteins structures and domains. From this list the following open-source 
algorithms were chosen:  AlphaFold2, I-TASSER, IntFOLD7, trRoseƩa, trRoseƩaX, ReFOLD and 
SWISS-MODEL (Jumper et al., 2021; Baek et al., 2021; McGuffin et al., 2019; Yang et al., 
2020; Wang et al., 2022; Waterhouse et al., 2018). The process to determine the most 
appropriate algorithm to model APP WT and selected variants was aided using DeepUMQA 
(Guo et al., 2022) – which computed lDDT scores – and the ‘PSIPRED Workbench’ (Buchan et 
al., 2024) – which predicted secondary structures and disordered regions (see 2.4.3 and 
2.4.4).  

DeepUMQA (v3) allowed for the computaƟon of per-residue lDDT by assessing interface 
residues accuracy (Guo et al., 2022) (see 2.4.3). The lDDT measures obtained from 
DeepUMQA suggested that the three most accurate APP WT models were trRoseƩa, SWISS-
MODEL and AlphaFold2 (Table 4.1). According to DeepUMQA quality scores, an lDDT score 
of 50 corresponds to an average quality model, and the top three APP WT models could be 
considered of medium/average quality.  

To further evaluate the structural quality of the top three APP770 models (generated by 
trRoseƩa, SWISS-MODEL, and AlphaFold2) idenƟfied by DeepUMQA, secondary structure 
and disorder predicƟons were obtained using the PSIPRED and DISOPRED algorithms via the 
‘PSIPRED Workbench’ (Buchan et al., 2024) (see 2.4.4). PSIPRED (v4.0) was used to predict 
the distribuƟon of α-helices, β-strands, and coil regions along the APP770 sequence (UniProt 
ID: P05067-1) (Figure 4.1), while DISOPRED (v3) idenƟfied intrinsically disordered regions 
(IDRs) and protein-binding disordered segments (Wright & Dyson, 1999; ChakrabarƟ & 
Chakravarty, 2022; Jamecna & Antonny, 2021) (Figure 4.2). The predicted structural features 
were compared against the corresponding regions in each model to assess secondary 
structure agreement and the placement of structured elements within IDRs. QualitaƟve 
inspecƟon revealed that the trRoseƩa model deviated substanƟally from PSIPRED and 
DISOPRED predicƟons, showing mulƟple secondary structures embedded within disordered 
regions. QuanƟtaƟve comparison confirmed this discrepancy, leading to the exclusion of the 
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trRoseƩa model from further analyses. Between the remaining two models, the SWISS-
MODEL structure contained 52 amino acids with secondary structure elements located 
within IDRs, whereas the AlphaFold2 model showed only 38 such residues (Figure 4.3). 
Based on this improved agreement with predicted disorder regions and secondary structure 
paƩerns, the AlphaFold2 model was selected as the most accurate representaƟon of the 
APP770 canonical structure for subsequent variant modelling and comparaƟve analyses.  

ColabFold (Mirdita et al., 2022), an open-source and searching-opƟmized algorithm, was 
used as an accessible implementaƟon of AlphaFold2 to model APP WT (APP770) and the 
selected list of APP variants (see 2.4.1 & 2.6).  

 

 

 

 

 

4.2.2 Structural comparison tools 
 

Predicted APP770 models and their variants (EOFAD, CAA, and benign) generated by 
ColabFold were imported into UCSF Chimera (v1.17.1) in ‘.pdb’ format for structural 
inspecƟon and comparaƟve analysis (PeƩersen et al., 2004) (see 2.5.1). Chimera was used to 
visualise protein 3D models, measure structural features, and assess conformaƟonal 
variaƟon across APP domains. Two key funcƟonaliƟes – ‘Matchmaker’ and ‘Match→Align’ – 
were employed for structural alignment and comparison, where each APP variant in Table 
2.1 was superimposed to the APP WT. ‘Matchmaker’ performed pairwise sequence 
alignment followed by structure-based superimposiƟon, whereas ‘Match→Align’ generated 
structural alignments from the superimposed models obtained in the previous step.  

‘Matchmaker’ calculated root mean square deviaƟon (RMSD) across all superimposed α-
carbons atom pairs (global RMSD). It also pruned all α-carbon pairs that are above 2.0 Å 
(default value) reporƟng the remaining the number α-carbon pairs below this threshold 
(atom pairs <2.0 Å). It also provided a sequence alignment score, which combines scores for 
residue similarity, secondary structure matching and gap penalƟes.   

Protein modelling 
algorithm 

lDDT score 

trRoseƩa 55.81 

SWISS-MODEL 52.09 

AlphaFold2 48.30 

IntFOLD7 46.62 

ReFOLD 46.61 

I-TASSER 38.94 

trRoseƩaX 31.46 

Table 4.1 DeepUMQA lDDT scores. 
Table showing the lDDT (local Distance 
Difference Test) scores computed by 
DeepUMQA (Guo et al., 2022). The 
score ranges from 0 to 100, with a 
score of 50 considered to be an 
average quality model. The top three 
protein modelling algorithms are 
highlight in green.  
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Figure 4.1 PSIPRED & DISOPRED analysis of APP amino acid sequence.  
Figure showing the output of the PSIPRED and DISOPREAD algorithms which predict 
secondary structures and intrinsic disordered regions (IDRs) respecƟvely. This predicƟon of 
the 770 amino acid APP isoform was used to compare and select the best APP model. The 
legend shows the secondary predicƟons and IDRs in different filling and border colours. 
There is some overlapping between the algorithms’ output, however where IDRs predicƟon 
overweight secondary structure predicƟons (i.e. helices or strands).  
 

Figure 4.2 Intrinsic disordered region predicƟons of APP by DISOPRED.  
Graph illustraƟng the predicƟon by DISOPRED of intrinsic disordered regions (IDRs) in the 
APP amino acid sequence (x-axis). On the y-axis the metric of precision can be seen. With a 
cutoff at 0.5, this score sets the limit where higher scored amino acids are labelled as 
intrinsically disordered. 
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Figure 4.3 APP models incorporaƟng PSIPRED and DISOPRED predicƟons.  
Diagram showing the three best performing models of APP coloured according to PSIPRED 
and DISOPRED output (see 4.2.1): trRoseƩa (A), SWISS-MODEL (B), AlphaFold2 (C). The 
secondary structure predicƟon is depicted in pink for α-helices, yellow for β-strands and grey 
for coil regions. Overlapping these colours, intrinsic disordered regions (IDRs) predicƟon are 
depicted in blue, except protein-binding IDRs which are shown in green. IDRs colours 
supersede helices and strands (pink and yellow), as within IDRs there cannot be a 
determined secondary structure. The worse model is at the top and the best one is at 
boƩom.  
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‘Match→Align’ reports an ‘overall RMSD’ restricted to structurally aligned α-carbon pairs 
within 5.0 Å (atom pairs <5.0 Å). Furthermore, it outpuƩed metrics such as the Structural 
Distance Measure (SDM) (from ‘Match→Align’), which quanƟfies dissimilarity based on α-
carbon spaƟal posiƟons independently of sequence alignment (Johnson et al., 1990), and 
the Q-score (from ‘Match→Align’), which integrates RMSD and alignment length to provide a 
normalised similarity index ranging from 0 (no similarity) to 1 (idenƟcal structures) (Krissinel 
& Henrick, 2004).  

The output metrics provided by ‘Match→Align’ were not when global RMSD values (from 
‘Matchmaker’) were below 2.0 Å for all variant comparisons, as its higher distance threshold 
(<5.0 Å) would yield redundant results without adding analyƟcal value. When the 
‘Match→Align’ tool was applied, the sequence alignment score was excluded from analysis, 
as it primarily reflects residue correspondence (sequence similarity) rather than structural 
deviaƟon. Metrics such as SDM and Q-score were more informaƟve for assessing three-
dimensional structural similarity and conformaƟonal changes and were therefore prioriƟsed. 
RMSD values below 2.0 Å were considered indicaƟve of high structural similarity (Castro-
Alvarez et al., 2017). These combined metrics provided complementary quanƟtaƟve 
evidence to idenƟfy structural deviaƟons among EOFAD, CAA, and benign APP variants. 

To assess the conformaƟonal changes of individual domains, atoms where highlighted using 
the ‘selecƟon’. Domain annotaƟons were obtained from UniProt/’Family & Domains’ 
(UniProt ID: P05067) (see 2.2.1) and from Alzforum APP scheme (under ‘MutaƟons databse’, 
see 2.2.4) ((page 115) Figure S9.1). All other atoms (not part of a domain) were removed 
using the ‘deleƟon’ tool. IsolaƟng domains in this manner allowed for the calculaƟon of 
localised output metrics by ‘Matchmaker’ and ‘Match→Align’. This process was repeated for 
each of the domains and for each of the APP models (WT and variants).  

 

4.2.3 StaƟsƟcal analysis  
 

StaƟsƟcal analysis was employed to compare structural domains across APP WT and APP 
variant (see Table 2.1) following the defined staƟsƟcal framework in 2.7. 

 

4.3 Results 
 

4.3.1 APP full structure comparison 
 

First, comparisons between the full-length (770 amino acid) structures of each APP variant 
and the APP WT were performed (Table 4.2, Figure 4.4A). Differences in the averages 
between groups for each column in the table were assessed (one-way ANOVA/Kruskal-
Wallis). No significant differences were found; however, a few outliers were present on the 
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data, specifically in the number of ‘atom pairs <2.0 Å’, in the SDM and ‘overall RMSD’ 
(Tukey’s fences, k=1.5).  

AddiƟonally, using the ‘Match->Align’ interacƟve sequence window, aligned amino acids 
were idenƟfied the two APP structures being compared. This allowed for the idenƟficaƟon 
of aligned domains between the full-length structures. Most variants had a major alignment 
with APP WT at the E2 domain. Only a few variants contained a major alignment in the E1 
domain (marked ‘*’ in Table 4.2). The A673T variant had an alignment in both E1 and E2 
domains (marked ‘**’ in Table 4.2).  

 

4.3.2 E1 domain comparison 
 

Table 4.3 focuses on the E1 dimerisaƟon domain of APP, ranging from amino acid 28 to 189 
– 162 amino acids long (Figure 4.4B). StaƟsƟcal differences between the averages of groups 
in each column were calculated. No staƟsƟcally significant differences were found (one-way 
ANOVA/Kruskal-Wallis). However, a few outliers were present in the data, specifically in the 
‘global RMSD’ and ‘sequence alignment score’ columns (Tukey’s fences, k=1.5). These 
outliers occurred in variants from the EOFAD group. The number ‘atom pairs <2.0 Å’ were 
162 for most of the variants.   

 

4.3.3 KPI domain comparison 
 

Table 4.4 focuses on the KPI domain of APP, ranging from amino acid 291 to 341 – 51 amino 
acids long (Figure 4.4C). No staƟsƟcally significant differences between the groups were 
found (one-way ANOVA/Kruskal-Wallis). However, a few outliers were present on the data, 
specifically in the ‘global RMSD’ column (Tukey’s fences, k=1.5). These outliers occurred in 
variants from the EOFAD group. The number ‘atom pairs <2.0 Å’ was consistently 51 across 
all the variants.  

 

4.3.4 E2 domain comparison 
 

Table 4.5 focuses on the E2 dimerisaƟon domain of APP, ranging from amino acid 374 to 581 
– 208 amino acids long (Figure 4.4D). No staƟsƟcally significant differences between the 
groups were found (one-way ANOVA/Kruskal-Wallis). However, one outlier was idenƟfied in 
the EOFAD group under the ‘global RMSD’ column (Tukey’s fences, k=1.5). The number of 
‘atom pairs <2.0 Å’ showed consistency alternaƟng between 207 and 208 in almost all cases. 
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Table 4.2 APP full structure comparison: APP WT vs EOFAD, CAA and benign variants.  
Table containing data outputs of the ‘Matchmaker’ and ‘Match->Align’ funcƟonaliƟes, which 
were applied to compare the full-length (770 amino acids) APP WT against each 
superimposed individual variant (full-length structures) (see 4.2.2). Most superimposed 
structures aligned well at the E2 domain of APP, except those with the ‘*’ which aligned well 
at the E1 domain instead. Structures with ‘**’ aligned well at both E1 and E2 domains. 
Variants belonged to one of the following groups: EOFAD (green), CAA (yellow) or benign 
(blue) (see 2.6). Group averages were compared between groups (one-way ANOVA/Kruskal-
Wallis) for each column with numerical data. No significant differences between the groups’ 
averages were found, but some outliers were idenƟfied (Tukey’s fences, k=1.5) (orange). 

  MatchMaker Match -> Align 

Variant Type 
Atom 
pairs  

<2.0 Å 

Global 
RMSD (Å) 

Atom 
pairs 

<5.0 Å 

SDM 
score  Q-score Overall 

RMSD (Å) 

I716V EOFAD 220 34.719 282 61.5 0.107 1.525 
K670N_M671L EOFAD 213 38.718 261 63.7 0.092 1.483 

K724N EOFAD 215 31.862 258 59.0 0.095 1.290 
L723P EOFAD 203 36.347 261 58.6 0.097 1.290 

T714A* EOFAD 163 33.744 292 74.5 0.096 2.107 
T714I EOFAD 207 36.283 260 62.3 0.093 1.426 

V715M* EOFAD 156 29.329 279 71.1 0.094 1.881 
V717F EOFAD 219 34.439 276 60.4 0.104 1.449 
V717G EOFAD 216 30.736 265 61.8 0.096 1.435 
V717I EOFAD 217 34.508 267 59.4 0.100 1.356 
V717L EOFAD 199 35.026 282 65.3 0.102 1.673 
D694N CAA 218 35.533 267 60.2 0.099 1.386 
E693K CAA 214 39.470 243 57.5 0.087 1.148 
E693Q CAA 213 31.613 280 66.1 0.100 1.694 
L705V CAA 211 29.719 279 64.7 0.101 1.630 

A201V* Benign 158 34.195 260 72.8 0.083 1.821 
A235V Benign 214 30.955 287 66.2 0.104 1.742 
A479S Benign 201 39.142 251 62.9 0.087 1.394 

A673T** Benign 198 28.618 295 66.7 0.108 1.811 
E599K Benign 211 27.674 272 65.7 0.096 1.627 
V562I Benign 202 39.336 272 61.0 0.101 1.448 
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Table 4.3 APP E1 dimerasaƟon domain comparison: APP WT vs EOFAD, CAA and benign 
variants. 
Table containing data outputs of the ‘Matchmaker’ funcƟonality, which were applied to 
analyse conformaƟonal changes in the E1 dimerasaƟon domain of APP (from amino acid 28 
to 189). For each variant, this domain was superimposed with the equivalent domain in the 
APP WT (see 4.2.2). Variants belonged to one of the following groups: EOFAD (green), CAA 
(yellow) or benign (blue) (see 2.6). Group averages were compared between groups (one-
way ANOVA/Kruskal-Wallis) for each column with numerical data. No significant differences 
between the groups’ averages were found, but some outliers were idenƟfied (Tukey’s fences, 
k=1.5) (orange). 
 

 

  MatchMaker 

Variant Type Atom pairs 
<2.0 Å 

Global 
RMSD (Å) 

Sequence 
alignment 

score  

I716V EOFAD 162 0.211 876.0 
K670N_M671L EOFAD 162 0.210 876.0 

K724N EOFAD 162 0.172 876.0 
L723P EOFAD 162 0.201 876.0 
T714A EOFAD 162 0.389 868.8 
T714I EOFAD 162 0.292 872.4 

V715M EOFAD 160 0.626 868.8 
V717F EOFAD 162 0.220 876.0 
V717G EOFAD 162 0.197 876.0 
V717I EOFAD 162 0.168 876.0 
V717L EOFAD 162 0.159 876.0 
D694N CAA 162 0.159 876.0 
E693K CAA 162 0.222 876.0 
E693Q CAA 162 0.226 876.0 
L705V CAA 160 0.609 872.4 
A201V Benign 162 0.390 868.8 
A235V Benign 162 0.346 872.4 
A479S Benign 162 0.213 876.0 
A673T Benign 162 0.395 872.4 
E599K Benign 162 0.154 876.0 
V562I Benign 162 0.195 876.0 
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Table 4.4 APP KPI domain comparison: APP WT vs EOFAD, CAA and benign variants. 
Table containing data outputs of the ‘Matchmaker’ funcƟonality, which were applied to 
analyse conformaƟonal changes in the KPI domain of APP (from amino acid 291 to 341). For 
each variant, this domain was superimposed with the equivalent domain in the APP WT (see 
4.2.2). Variants belonged to one of the following groups: EOFAD (green), CAA (yellow) or 
benign (blue) (see 2.6). Group averages were compared between groups (one-way 
ANOVA/Kruskal-Wallis) for each column with numerical data. No significant differences 
between the groups’ averages were found, but some outliers were idenƟfied (Tukey’s fences, 
k=1.5) (orange). 
 
 

 

  MatchMaker 

Variant Type Atom pairs 
<2.0 Å 

Global 
RMSD (Å) 

Sequence 
alignment 

score 

I716V EOFAD 51 0.087 284.5 
K670N_M671L EOFAD 51 0.046 284.5 

K724N EOFAD 51 0.056 284.5 
L723P EOFAD 51 0.066 284.5 
T714A EOFAD 51 0.170 284.5 
T714I EOFAD 51 0.071 284.5 

V715M EOFAD 51 0.139 284.5 
V717F EOFAD 51 0.056 284.5 
V717G EOFAD 51 0.053 284.5 
V717I EOFAD 51 0.071 284.5 
V717L EOFAD 51 0.047 284.5 
D694N CAA 51 0.089 284.5 
E693K CAA 51 0.047 284.5 
E693Q CAA 51 0.049 284.5 
L705V CAA 51 0.173 284.5 
A201V Benign 51 0.177 284.5 
A235V Benign 51 0.193 284.5 
A479S Benign 51 0.053 284.5 
A673T Benign 51 0.161 284.5 
E599K Benign 51 0.057 284.5 
V562I Benign 51 0.071 284.5 
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Table 4.5 APP E2 dimerasaƟon domain comparison: APP WT vs EOFAD, CAA and benign 
variants. 
Table containing data outputs of the ‘Matchmaker’ funcƟonality, which were applied to 
analyse conformaƟonal changes in the E1 dimerasaƟon domain of APP (from amino acid 374 
to 581). For each variant, this domain was superimposed with the equivalent domain in the 
APP WT (see 4.2.2). Variants belonged to one of the following groups: EOFAD (green), CAA 
(yellow) or benign (blue) (see 2.6). Group averages were compared between groups (one-
way ANOVA/Kruskal-Wallis) for each column with numerical data. No significant differences 
between the groups’ averages were found (one-way ANOVA/Kruskal-Wallis). AddiƟonally, 
one outlier was idenƟfied (Tukey’s fences, k=1.5) (orange). 
  

  MatchMaker 

Variant Type Atom pairs 
<2.0 Å 

Global 
RMSD (Å) 

Sequence 
alignment 

score  

I716V EOFAD 207 0.308 1105.5 
K670N_M671L EOFAD 207 0.301 1105.5 

K724N EOFAD 208 0.371 1105.5 
L723P EOFAD 207 0.389 1105.5 
T714A EOFAD 208 0.469 1105.5 
T714I EOFAD 207 0.280 1105.5 

V715M EOFAD 207 0.598 1105.5 
V717F EOFAD 208 0.348 1105.5 
V717G EOFAD 207 0.350 1105.5 
V717I EOFAD 207 0.387 1105.5 
V717L EOFAD 207 0.360 1105.5 
D694N CAA 207 0.331 1105.5 
E693K CAA 208 0.254 1105.5 
E693Q CAA 207 0.334 1105.5 
L705V CAA 208 0.436 1105.5 
A201V Benign 208 0.516 1105.5 
A235V Benign 208 0.497 1105.5 
A479S Benign 207 0.409 1103.4 
A673T Benign 205 0.706 1098.3 
E599K Benign 207 0.301 1105.5 
V562I Benign 207 0.377 1104.8 
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4.3.5 Aβ pepƟde comparison 
 

Table 4.6 focuses on the Aβ49 pepƟde of APP, ranging from amino acid 672 to 720 – 49 
amino acids long (Figure 4.4E). No staƟsƟcally significant differences between the groups 
were found; however, the ‘Q-score’ column came close (one way ANOVA, p=0.065). AŌer 
adjusƟng for mulƟple comparisons, no pair of groups came close to staƟsƟcal significance 
(Tukey HSD, Bonferroni-adjusted α=0.017; EOFAD-CAA: p=0.990; EOFAD-benign: p=0.073; 
CAA-benign: p=0.146). Finally, a few outliers were present on the data, specifically in the 
‘global RMSD’ and ‘SDM score’ columns (Tukey’s fences, k=1.5). These outliers occurred in 
variants from the EOFAD group.  

 

4.3.6 TMD comparison 
 

Table 4.7 focuses on the TMD of APP, ranging from amino acid 699 to 725 – 27 amino acids 
long (Figure 4.4F). No staƟsƟcally significant differences between the groups were found. 
The the ‘sequence alignment score’ column could not be compared across groups as only 
the EOFAD group showed some variaƟon across variants. AddiƟonally, a few outliers were 
present on the data, specifically in the ‘global RMSD’ and ‘sequence alignment score’ 
columns (Tukey’s fences, k=1.5). These outliers occurred in variants from the EOFAD group. 
The number ‘atom pairs <2.0 Å’ was consistently 27 across all the variants. 

 

4.4 Discussion 
 

4.4.1 Structural analysis of APP regions 
 

As seen in Figure 4.4, mulƟple superimposed regions of APP (and the full-length structure) 
were analysed. The main objecƟve of this chapter was to idenƟfy structural differences 
between pathological APP variants (i.e. EOFAD and CAA) and benign APP variants (and APP 
WT) that could inform of disƟnct pathological mechanisms in APP-involving diseases. All 
variants were individually superimposed against the WT structure, and mulƟple metrics 
were outpuƩed and assessed (see 4.2.2). 

Table 4.2 provided a first insight into full length structural analysis of APP (Figure 4.4A). 
There were no significant differences between the groups’ metrics, but some curious 
outputs were obtained. Using the ‘Match->Align’ funcƟon allowed to locate the physically 
close (<0.5 Å) aligned amino acids pairs were located. InteresƟngly, most close alignments 
took place around the E2 dimerisaƟon domain (amino acids 374-581). This could suggest 
that the E2 dimerisaƟon domain plays an important structural and possibly funcƟonal role in 
the stability of APP, as the superimposiƟon of the structures (variant + WT) relied constantly  
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Table 4.6 APP’s Aβ49 pepƟde comparison: APP WT vs EOFAD, CAA and benign variants. 
Table containing data outputs of the ‘Matchmaker’ and ‘Match->Align’ funcƟonaliƟes, which 
were applied to analyse conformaƟonal changes in the Aβ49 pepƟde of APP (from amino 
acid 672 to 720). For each variant, this region was superimposed with the equivalent region 
in the APP WT (see 4.2.2). Variants belonged to one of the following groups: EOFAD (green), 
CAA (yellow) or benign (blue) (see 2.6). Group averages were compared between groups 
(one-way ANOVA/Kruskal-Wallis) for each column with numerical data. No significant 
differences between the groups’ averages were found (one-way ANOVA/Kruskal-Wallis), 
although the ‘Q-score’ column was close (one-way ANOVA, p=0.065) AŌer post-hoc tesƟng, 
no pair of groups came close to staƟsƟcal significance for this column (Tukey HSD, 
Bonferroni-adjusted α=0.05, EOFAD-CAA: p=0.990; EOFAD-benign: p=0.073; CAA-benign: 
p=0.146). AddiƟonally, some outliers were idenƟfied (Tukey’s fences, k=1.5) (orange). 

  MatchMaker Match -> Align 

Variant Type 
Atom 
pairs  

<2.0 Å 

Global 
RMSD (Å) 

Atom 
pairs 

<5.0 Å 

SDM 
score  Q-score Overall 

RMSD (Å) 

I716V EOFAD 25 18.338 32 33.4 0.361 1.281 
K670N_M671L EOFAD 11 15.881 25 64.6 0.163 2.318 

K724N EOFAD 28 12.796 35 32.0 0.425 1.344 
L723P EOFAD 22 16.905 32 47.4 0.297 1.979 
T714A EOFAD 8 15.914 16 90.8 0.064 2.447 
T714I EOFAD 24 17.205 27 41.3 0.251 1.378 

V715M EOFAD 17 18.275 24 36.6 0.217 0.976 
V717F EOFAD 17 4.903 38 53.4 0.339 2.641 
V717G EOFAD 25 12.746 28 29.5 0.300 0.898 
V717I EOFAD 23 15.077 26 35.7 0.250 1.061 
V717L EOFAD 24 4.914 38 47.7 0.379 2.302 
D694N CAA 26 7.778 28 38.0 0.276 1.287 
E693K CAA 24 20.681 29 36.4 0.297 1.269 
E693Q CAA 23 5.516 35 44.8 0.353 2.002 
L705V CAA 20 24.190 23 30.9 0.210 0.671 
A201V Benign 14 13.777 21 70.3 0.120 2.186 
A235V Benign 13 12.388 25 45.1 0.213 1.415 
A479S Benign 12 11.157 21 70.4 0.120 2.189 
A673T Benign 21 21.742 23 30.8 0.210 0.664 
E599K Benign 6 26.960 20 87.6 0.087 2.858 
V562I Benign 24 27.878 27 34.3 0.270 1.058 



51 
 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

Table 4.7 APP’s TMD comparison: APP WT vs EOFAD, CAA and benign variants. 
Table containing data outputs of the ‘Matchmaker’ funcƟonality, which were applied to 
analyse conformaƟonal changes in the APP’s TMD of APP (from amino acid 699 to 725). For 
each variant, this region was superimposed with the equivalent region in the APP WT (see 
4.2.2). Variants belonged to one of the following groups: EOFAD (green), CAA (yellow) or 
benign (blue) (see 2.6). Group averages were compared between groups (one-way 
ANOVA/Kruskal-Wallis) for each column with numerical data. No significant differences 
between the groups’ averages were found (one-way ANOVA/Kruskal-Wallis). AddiƟonally, 
one outlier was idenƟfied (Tukey’s fences, k=1.5) (orange). 
 

 

  

  MatchMaker 

Variant Type Atom pairs 
(<2.0 Å) 

Global 
RMSD (Å) 

Sequence 
alignment 

score 

I716V EOFAD 27 0.325 132.8 
K670N_M671L EOFAD 27 0.178 133.5 

K724N EOFAD 27 0.235 130.0 
L723P EOFAD 24 1.553 117.8 
T714A EOFAD 27 0.692 130.0 
T714I EOFAD 27 0.446 129.3 

V715M EOFAD 27 0.442 131.4 
V717F EOFAD 27 0.321 130.0 
V717G EOFAD 27 0.186 128.6 
V717I EOFAD 27 0.330 132.8 
V717L EOFAD 27 0.252 131.4 
D694N CAA 27 0.255 133.5 
E693K CAA 27 0.228 133.5 
E693Q CAA 27 0.312 133.5 
L705V CAA 27 0.617 131.4 
A201V Benign 27 0.409 133.5 
A235V Benign 27 0.771 133.5 
A479S Benign 27 0.155 133.5 
A673T Benign 27 0.564 133.5 
E599K Benign 27 0.545 133.5 
V562I Benign 27 0.204 133.5 
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Figure 4.4 Superimposed APP structures and domains studied.  
Figure showing APP’s wild type model (light orange) aligned with the CAA variant of APP D694N (light blue) across mulƟple regions of interest.  
This process (wild type against variant) was repeated for all 21 APP variants. To superimpose structures, the ‘Matchmaker’ tool was used. 
Legend: A) Full APP structure (770 amino acids), B) E1 dimerisaƟon domain (from amino acid 28 to 189), C) Kunitz protease inhibitor (KPI) 
domain (from amino acid 291 to 341), D) E2 dimerisaƟon domain (from amino acid 374 to 581), E) Aβ49 pepƟde (from amino acid 672 to 720), 
F) TMD (from amino acid 699 to 725). 
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D                 E         F    
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on that domain. This is supported by the fact that the E2 domain is conserved across 
homologs from the same family (Muller & Zheng, 2011). However, in some instances the E1 
domain was the one preferred by the superimposiƟon algorithm. This was the case for 
T714A (EOFAD), V715M (EOFAD) and A201V (benign). The A673T mutant, considered a 
protecƟve variant, displayed both the E1 and E2 dimerisaƟon domains as close alignments 
(<0.5 Å) – being the only variant to do so (Guyon et al., 2020). This highlights the ability of 
the A673T variant in maintaining both domains structurally close to the WT, despite having a 
mutaƟon within the Aβ pepƟde range – usually associated with pathogenicity. The rest of 
the cases with a major alignment in the E1 dimerisaƟon domain (i.e. T714A, V715M and 
A201V), were outliers on at least one column, suggesƟng the difference in the alignment of 
the structures might have impacted all other metrics. Curiously, this was not the case for 
A673T, which seemed to be within the normal range of the column measurements (Tukey’s 
fences, k=1.5). 

When isolaƟng the E1 dimerisaƟon domain (Table 4.3, Figure 4.4B), the T714A (EOFAD) and 
V715M (EOFAD) variants were outliers under the ‘global RMSD’ and ‘sequence alignment 
score’ columns (Tukey’s fences, k=1.5). This meant that these variants were less aligned with 
the WT compared to the other variants in the EOFAD group. Even though they stood out on 
the EOFAD group, it might not translate to being different than the values from the benign 
group. In fact, some variants in the benign group had equivalently high ‘global RMSD’ values 
and low ‘sequence alignment scores’ – except for V715M whose ‘global RMSD’ value sƟll 
stood out above the benign variants.  

T714A and V715M variants produced a similar output on the KPI domain – this Ɵme being 
outliers under the ‘global RMSD’ column only (Tukey’s fences, k=1.5) (Table 4.4, Figure 4.4C). 
In an almost idenƟcal way, these outliers stood out in the EOFAD group but are not higher 
than some ‘global RMSD’ values under the benign group.  

The V715M variant was the only outlier under the ‘global RMSD’ column (Tukey’s fences, 
k=1.5) in Table 4.5 – corresponding to the E2 dimerisaƟon domain region (Figure 4.4D) with 
a value of 0.598 Å. The recurrent theme of standing out under the EOFAD group but being of 
‘normal’ range for the benign group was true again in this case. The A673T benign variant 
was of parƟcular interest, as this one had a ‘global RMSD’ value of 0.706 Å. These values are 
not high or troublesome as the range for being structurally different is usually 2.0 Å (Castro-
Alvarez et al., 2017). However, it sƟll raises some quesƟons regarding the context of the 
superimposiƟons of the benign group compared to the EOFAD one.  

In Table 4.6, which represent the Aβ49 pepƟde (Figure 4.4E), T714A was an outlier under 
the ‘SDM score’ column and the EOFAD mutaƟons V717L and V717F were outliers under the 
‘global RMSD’ column. The ‘SDM score’ is related to phylogeneƟc and structural idenƟƟes, 
and the T714A stands out amongst the EOFAD mutaƟons for having a higher (worse) score 
(Johnson et al., 1990). Importantly, this variant also had relaƟvely fewer ‘atom pairs aligned’, 
which suggests a comparaƟvely poor alignment. Curiously, the V717L and V717F EOFAD 
variants stood out for having a lower ‘global RMSD’ than the rest of variants (4.914 Å and 
4.903 Å respecƟvely) even amongst benign and CAA groups. They also had the most ‘atom 
pairs aligned’ suggesƟng these EOFAD variants were parƟcularly well aligned with the WT 
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Aβ49 pepƟde. Furthermore, the difference in the averages between the EOFAD and benign 
groups was close to being staƟsƟcally significant for the ‘atom pairs aligned’ and ‘Q-score’ 
columns (Tukey HSD, Bonferroni-adjusted α=0.017; ‘atom pairs aligned’: p=0.087; ‘Q-score’: 
p=0.073). The EOFAD mutaƟons appeared to get a higher number of ‘atom pairs aligned’ 
which influenced the ‘Q-score’ outputs (Krissinel & Henrick, 2004). It is interesƟng to see the 
EOFAD mutaƟons beƩer aligning with the WT Aβ49 pepƟde, as almost all these variants had 
their missense mutaƟons within this specific region (670-720), which theoreƟcally would 
cause worse alignments.   

Finally, in Table 4.7, corresponding to the TMD (Figure 4.4F), the L723P (EOFAD) variant was 
an outlier under the ‘global RMSD’ and ‘sequence alignment score’ columns. This variant 
stands out for having a lower number of ‘atom pairs <2.0 Å’ compared to all other consistent 
variants. This variant followed the ‘normal’ rationale of having a missense mutation within a 
studied region, that later leads to fewer atoms pairs, a higher ‘global RMSD’ and a lower 
‘sequence alignment score’. Its ‘global RMSD’ value is significantly higher than all other 
variants in other groups, suggesting the leucine to proline change is quite disruptive in the 
structure of the TMD of APP.  

The EOFAD variants T714A and V715M seemed to recurrently be outliers in the EOFAD 
group. Firstly, the impact of a missense mutation threonine to alanine (T714A) could be very 
detrimental for the protein function and stability. Threonine contains a hydroxyl group and 
is therefore able to make hydrogen bonds (HBs), an alanine substitute instead would lose 
this ability as this one lacks a functional group (Shen & Sergi, 2021). This means that the 
protein region would become more hydrophobic and could have an impact on the region 
structure and any interactions that take place there (Dyson et al., 2006). For instance, some 
crucial amyloidogenic cleavages of APP take place on the Aβ49 (position 670 to 720) peptide 
region, and progressively – in a tripeptide style – it catches up to position 714-715, where a 
secretase cuts the peptide at this position to form Aβ43. This peptide is the predecessor of 
Aβ40, and perhaps a mutation at position 714 or 715 could stop further processing, leaving 
Aβ43 as the final product or, at least, increasing its production rate. Aβ43 is toxic, and like 
Aβ42, is very likely to form fibrils and later plaques (Saito et al., 2011). Based on this 
reasoning, a missense mutation valine to methionine at position 715 (V715M) could be 
equally problematic. Methionine has a longer side chain compared to valine due to the 
sulphur atom and its methyl group, making methionine bulkier. This steric change can lead 
to slower chemical reactions – such as the mentioned secretase processing – also known as 
steric hindrance. It is worth considering that these missense mutations occur within the 
TMD of APP, which is a flexible but tightly packed helical region (Barrett et al., 2012). This 
means that changes in hydrophobicity and conformation can have an impact on APP 
transport and processing.   
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4.4.2 LimitaƟons and future steps 
 

One of the main limitaƟons is maintaining a high accuracy across all protein models. An 
AlphaFold2-based method was chosen, ColabFold, to model 21 APP mutants and a WT 
protein. According to Magana and Kovalevskiy (2024), AlphaFold2 can struggle to predict the 
structures of proteins with point mutaƟons due to the lack of training data. However, based 
on an accuracy assessment study by Akdel et al. (2022), for regions with high level of 
confidence (pLDDT > 0.9) AlphaFold2 produces stability change predicƟons comparable to 
experimental models. In the APP models, these regions of high confidence do exist, e.g. the 
E1 and E2 dimerisaƟon domains, the KPI domain and the TMD. This improved accuracy on 
high confidence regions can explain why some EOFAD variants had higher numbers of ‘atom 
pairs <5.0 Å ’ aligned compared to benign variants, as many EOFAD mutaƟons occur at the 
TMD (a region of high confidence) contrasƟng with some benign mutaƟons which are found 
within IDRs. AddiƟonally, Magana and Kovalevskiy (2024) stated that AlphaFold2 can have a 
lack of orientaƟon for transmembrane regions. In this chapter, the TMD was studied in 
isolaƟon (see 4.3.6) apart from the iniƟal whole protein analysis (see 4.3.1). Hence, a 
dynamic study within a membrane was not performed.  

Lastly, AlphaFold2 and ColabFold did well in predicƟng the locaƟon of IDRs, as corroborated 
by Tunyasuvunakool et al. (2021) – regardless of ColabFold having less computaƟonal power 
than AlphaFold2. Thus, AlphaFold2-based algorithms were considered to be accurate protein 
folding predictors, which can be useful to predict changes in structure stability caused by 
point mutaƟons in high confidence models.  

Another limitaƟon involves low staƟsƟcal power of the analyses due to small sample sizes. 
To address this, one potenƟal improvement would be to unify the EOFAD and CAA groups 
into a single ‘pathological group,’ as both represent disease-associated variants. This would 
yield a larger combined sample size and increase the power of the analysis. AddiƟonally, by 
increasing the number of benign samples to match the pathological group, aiming for two 
groups of approximately 15 samples each, the tests would be more balanced, potenƟally 
allowing for more robust and reliable staƟsƟcal comparisons. This approach would help 
miƟgate the limitaƟons posed by small sample sizes, though it would require careful 
consideraƟon of whether the EOFAD and CAA variants can be appropriately combined into a 
single category. 

Considering the findings in this chapter, the next step would be to explore these mutaƟons 
in a PPI context. In the following chapters, the APP-PSEN1 and APP-AChE interacƟons will be 
explored.   
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5 APP processing by γ-secretase  
 

5.1 IntroducƟon  
 

5.1.1 APP proteolyƟc processing and mechanisms of γ-secretase cleavage 
 

The amyloidogenic pathway of APP processing is a criƟcal mechanism underlying the 
pathogenesis of AD. APP can be proteolyƟcally processed by mulƟple secretases at various 
criƟcal sites, iniƟaƟng pathways that have vastly different outcomes (Coronel et al., 2018; 
Chasseigneaux & Allinquant, 2011) Figure 5.1).  

In the amyloidogenic pathway, cleavage by β-secretase occurs at the juxtamembrane region 
(JMR), which is situated between the E2 and the transmembrane domain (TMD), and it 
produces a soluble APP fragment (sAPPβ) and a membrane-tethered 99-amino-acid C-
terminal fragment (C99) (Chen et al., 2017). Following this, the γ-secretase complex 
mediates further intramembrane proteolysis at mulƟple sites. This sequenƟal cleavage 
primarily occurs at the ε-cleavage sites, specifically aŌer Leu49 or Thr48, producing Aβ49 or 
Aβ48 and the APP intracellular domain (AICD) which can act as a transcripƟon factor (Chow 
et al., 2009; Bukhari et al., 2017; APP|ALZFORUM, n.d.). These iniƟal Aβ products are further 
trimmed in increments of three amino acids to generate shorter Aβ pepƟdes: Aβ49  Aβ46 
 Aβ43  Aβ40; and Aβ48  Aβ45  Aβ42. The main amyloid species formed through 
these pathways are Aβ40 and Aβ42, which are predominant in amyloid plaques found in AD 
paƟents' brains (Hur, 2022). Notably, alternaƟve minor pathways can also generate other Aβ 
species such as Aβ38, which can originate from Aβ42 or Aβ43, highlighƟng the complexity of 
γ-secretase acƟvity (Olsson et al., 2014). The mechanism of γ-secretase cleavage involves 
specific interacƟons within its acƟve site, where there are three S’ pockets ready to 
accommodate the substrate in a tripepƟde style, at posiƟons P1', P2', and P3' (Bolduc et al., 
2016) (Figure 5.2). The structure-funcƟon relaƟonship within these S’ pockets dictate the 
cleavage paƩern and efficiency, influenced by the lipid environment of the membrane and 
the presence of cholesterol, which can modulate enzyme acƟvity. 

On the other hand, the non-amyloidogenic pathway is iniƟated by α-secretase cleavage 
within the Aβ sequence, which prevents the formaƟon of amyloidogenic pepƟdes. Cleavage 
by α-secretase releases a soluble APP fragment (sAPPα) and leaves behind an 83-amino-acid 
C-terminal fragment (C83) that is further processed by γ-secretase to produce the non-toxic 
P3 pepƟde and the AICD which, in this pathway, gets rapidly degraded (Bukhari et al., 2017; 
Chen et al., 2017) (Figure 5.1). The differenƟal processing by α- and β-secretases is 
influenced by the conformaƟonal flexibility and trafficking of APP within the cellular 
environment (van der Kant & Goldstein, 2015).   
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Figure 5.1 Amyloidogenic and non-amyloidogenic pathways of APP.  
This diagram shows the two main processing pathways of APP. The amyloidogenic pathway 
(right) leads to the formaƟon of soluble APPβ fragments (sAPPβ), Aβ pepƟdes and the APP 
intracellular domain (AICD). As shown above, Aβ pepƟdes tend to oligomerise, eventually 
forming fibrils and contribuƟng to plaque formaƟon. The non-amyloidogenic pathway (leŌ) 
leads to the formaƟon of soluble APPα fragments (sAPPα), P3 pepƟdes and the AICD (Chen 
et al., 2017).  
  

 

 

 

 

 

 

 
 

Figure 5.2 PutaƟve S’ pockets of presenilin, a criƟcal component of the γ-secretase 
complex.  
This diagram suggests there are three putaƟve S-pockets in the presenilin acƟve site, which 
provide a mechanism for processing the Aβ49 or Aβ48 in a stepwise tripepƟde way. 
InteresƟngly, the S2’ pocket fit a smaller size amino acid compared to S1’ and S3’ – this can 
serve as a regulatory mechanism of the γ-secretase complex (Bolduc et al., 2016).  
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The Aβ42/Aβ40 raƟo has been linked to AD pathogenesis and has even been used in AD 
diagnosis and monitoring (Tang & Kepp, 2018; AmŌ et al., 2022). In fact, several early onset 
familial AD (EOFAD) mutaƟons have been shown to increase this raƟo. For instance, the 
T714I variant (EOFAD) produced a 10.8-fold increase in the Aβ42/Aβ40 raƟo in vitro 
compared to the WT (Kumar-Singh et al., 2000). It is well known that mutaƟons between 
posiƟons 714 and 717 of APP770, can detrimentally increase this raƟo as they interfere with 
γ-secretase cleavage site downstream of Aβ42 (Conidi et al., 2015; De Jonghe et al., 2001). 
This higher raƟo is pathogenic because Aβ42 is more prone to aggregaƟon and toxicity than 
Aβ40, and even a minor increase in the Aβ42/Aβ40 raƟo can stabilise toxic oligomeric 
intermediates, which iniƟally impair synapƟc funcƟon and eventually lead to neuronal cell 
death (Kuperstein et al., 2010). Conversely, mutaƟons like A673T (benign) can lower this 
raƟo, suggesƟng a protecƟve effect against AD (Jonsson et al., 2012).  

Using this knowledge and focusing on APP and γ-secretase relaƟonship, the molecular 
interacƟons and mechanisms between PSEN1 and APP will be explored in this chapter.  

 

5.1.2 Aims 
 

This study aims to invesƟgate the impact of APP variants on the interacƟon between APP 
and γ-secretase (PSEN1 specifically) within the context of EOFAD. By applying protein 
modelling and structural bioinformaƟcs approaches, this work seeks to elucidate how 
missense mutaƟons may disrupt criƟcal binding sites and contribute to the molecular 
mechanisms underlying AD pathogenesis and progression. 

The experimentally resolved crystal structure of the APP–γ-secretase complex (PDB: 6IYC; 
Zhou et al., 2019) will serve as the structural template for comparaƟve analyses. 
QuanƟtaƟve measures of superimposiƟon quality and evaluaƟon of key binding residues will 
be used to idenƟfy pathogenic trends and structural deviaƟons that may impair γ-secretase 
recogniƟon or cleavage efficiency. 

 

5.2 Specific methods 
 

5.2.1 APP-PSEN1 model preparaƟon and assessment 
 

The cryo-EM structure of the γ-secretase complex bound to an APP C83 fragment (PDB ID: 
6IYC; Zhou et al., 2019) was obtained from the Protein Data Bank and used as a structural 
template to invesƟgate the effects of APP variants on γ-secretase binding. The structure was 
visualised and analysed in UCSF Chimera (v1.17.1). 

ColabFold-predicted APP variant models (see Table 2.1) were imported into Chimera in .pdb 
format and superimposed onto the APP fragment of the ‘6IYC’ structure using the 
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‘Matchmaker’ funcƟon. The superimposiƟon was performed for the APP WT and all APP 
variants across the three variant categories: EOFAD, CAA and benign. The superimposed 
region corresponded to residues 699–726, encompassing the TMD of APP. This fragment 
length was chosen to exclude minor IDRs within the APP fragment of the ‘6IYC’ structure, 
which could otherwise reduce alignment accuracy. The outpuƩed ‘sequence alignment 
score’ – which accounts for residue similariƟes, secondary structure correspondence, and 
gap penalƟes – was recorded for each superimposed structure. Following superimposiƟon, 
the original APP pepƟde chain from the 6IYC structure was removed to allow direct 
comparisons between the variant models and the γ-secretase (Figure 5.3).  

To evaluate potenƟal alteraƟons in the APP–γ-secretase interface, the ‘Find 
Clashes/Contacts’ tool in Chimera was used to quanƟfy interatomic overlapping interacƟons. 
The funcƟon idenƟfies polar and non-polar interacƟons between selected residues based on 
van der Waals radii and overlap criteria (PeƩersen et al., 2004). Analyses were performed 
using the default contact detecƟon threshold (overlap > –0.4 Å) and clash threshold (overlap 
> 0.6 Å). For each variant model, the total number of favourable contacts (–0.4 Å ≤ overlap ≤ 
0.6 Å), unfavourable clashes (>0.6 Å) and more severe clashes (>2.0Å) – between APP 
(residues 699–726) and PSEN1 – were recorded from the clashes/contacts list. AddiƟonally, 
the worst atomic interacƟon was defined as the maximum overlap distance detected 
between a pair of atoms and was used to pinpoint the most destabilising contact site within 
each APP–PSEN1 model. The corresponding APP and PSEN1 residues involved were recorded 
to facilitate cross-model comparison. Conversely, the best interacƟon represented the atom 
pair with an overlap value closest to zero, indicaƟng opƟmal spaƟal compaƟbility.  

Hydrogen bonds (HBs) were assessed using Chimera’s ‘FindHBond’ tool under default 
geometrical and distance constraints, using the same ‘superimposiƟon followed by deleƟon’ 
process depicted in Figure 5.4. The number and nature of HBs between APP and PSEN1 were 
recorded for both the experimental structure and the superimposed variant models. 
CollecƟvely, these analyses enabled structural quanƟficaƟon of the potenƟal disrupƟve 
effects of EOFAD, CAA, and benign APP variants on γ-secretase binding and substrate 
recogniƟon. 

 

5.2.2 StaƟsƟcal analysis  
 

StaƟsƟcal analysis was applied to compare structural interacƟon metrics derived from the 
APP–PSEN1 models across APP variant groups (i.e. EOFAD, CAA and benign) (see Table 2.1). 
The staƟsƟcal framework described in 2.7 was followed. 
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Figure 5.3 3D structures of γ-secretase complex linked to an APP fragment.  
A) Figure showing the experimental ‘6IYC’ crystal 3D structure of the γ-secretase complex (light brown) linked to an APP fragment C83 (pink) 
(Zhou et al., 2019) – the PSEN1 subunit (white) specifically interacts with the C83 fragment. B) Same ‘6IYC’ 3D structure with a superimposed 
APP fragment (blue) – corresponding to the A673T variant, subsƟtuƟng the previous C83 segment (pink). This segment was used as a template 
for all APP models (WT and variants). AŌer superimposiƟon, the original C83 fragment (pink) was deleted, leaving in its place an APP model. 
Physical contact metrics were calculated to assess the structural deviaƟon of the APP models with the γ-secretase complex.

A          B 
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Figure 5.4 APP segment in complex with PSEN1 (γ-secretase).  
Three-dimensional structures of the APP segment, from amino acid 699 to 725, bound to 
PSEN1 – with highlighted HBs (blue lines) and involved amino acids. Amino acids in white 
belong to the APP segment and those in yellow belong to the PSEN1 subunit.  A) Crystal 
structure of APP (pink) bound to PSEN1 (green) (PDB ID: 6IYC). B) Same ‘6IYC’ structure 
with a superimposed APP WT model (light blue). C) Same ‘6IYC’ structure with a 
superimposed APP WT model (light blue), but with original APP segment (pink) removed.  
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5.3 Results  
 

5.3.1 Superimposed APP segments on Aβ-γ-secretase complex 
 

SuperimposiƟon metrics are summarised in Table 5.1. StaƟsƟcally significant differences 
between the APP variant groups under the ‘Sequence Alignment Score’ column were found 
(Kruskal Wallis, p=0.004). Pairwise comparisons with Bonferroni correcƟon (α = 0.017) 
showed that the benign and EOFAD groups were significantly different (p = 0.001), with the 
benign group having a higher median sequence alignment score (M = 90.95, IQR = 3.0) than 
the EOFAD group (M = 86.90, IQR = 2.8). The effect size for the magnitude of the differences 
between these groups was large (η² = 0.52). Under no other columns, the APP variant 
groups showed to get close to staƟcal significance; however, outliers were present on the 
data on all the columns except the ‘Sequence Alignment Score’ and ‘Clashes >2.0Å’ (Tukey’s 
fences, k=1.5). A variant from the EOAFAD group, V715M, was an outlier across three 
columns: ‘All Contacts > -0.4Å’, ‘Contacts -0.4Å<x<0.6Å’ and ‘Clashes >0.6 Å’. The benign 
group had five outliers from four different variants, two outliers were under the ‘Clashes 
>0.6 Å’ column, two under the ‘Max Overlap’ column and one under the ‘Min Distance’ 
column. 

 

5.3.2 IdenƟficaƟon of frequent clashes in APP-PSEN1 interacƟons 
 

The amino acids involved in clashes (>0.6 Å) in the APP-PSEN1 complex were idenƟfied from 
the clashes/contacts list from each of the APP models superimposed (WT and variants) (see 
5.2.1). These lists contained interatomic clashes (>0.6 Å) and the atoms involved from both 
APP and PSEN1 protein chains (data not shown).  

Table 5.2 presents the amino acids involved in these interatomic interacƟons and the 
number of Ɵmes they produced clashes. Across all 22 APP models (1 WT and 21 variants) 
fiƩed into the ‘6IYC’ structure of the γ-secretase-APP complex, the top three APP amino 
acids most frequently involved in chases were marked in bold (Table 5.2). Across APP 
models, these top three amino acids were almost consistently lysine 726 (K726), lysine 724 
(K724) and leucine 720 (L720). However, some APP models belonging to the EOFAD group 
did not follow this trend (highlighted yellow in Table 5.2) – these included T714I, V715M and 
L723P. For both T714I and V715M, the amino acids that caused the most overlaps were 
Lysine 726 (K726), Methionine 722 (M722) and Lysine 725 (K725) (descending number of 
clashes). Finally, for L723P, the amino acids that caused the most overlaps were Lysine 726 
(K726), Lysine 725 (K725) and Leucine 720 (L720) (descending number of clashes). 
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Table 5.1 SuperimposiƟon and clashes/contacts metrics for γ-secretase bound to APP models (WT and variants).  
Table containing informaƟon about the superimposiƟon and interatomic overlap distances between APP and PSEN1. The output data includes 
the ‘sequence alignment score’, the number of contacts/clashes above or in between certain thresholds, the overlap value and amino acids 
involved in the worst interatomic interacƟon, and the amino acids involved in the best interatomic interacƟon – all of these across WT and 
EOFAD, CAA and benign variant groups. For the ‘sequence alignment score’, the three variant groups were staƟsƟcally different (Kruskal Wallis, 
p=0.004). Pairwise comparisons showed that the benign and EOFAD groups were significantly different (Kruskal Wallis, Bonferroni’s corrected 
α=0.017, p=0.001). AddiƟonally, some outliers were idenƟfied (orange) (Tukey’s fences, k=1.5). Legend: WT – wild type (grey); B – benign 
(blue); CAA – cerebral amyloid angiopathy (yellow); EOFAD – early onset familial AD (green). 

       

Worst interaction                
(Max overlap) 

Best interaction                    
(Overlap ≈ 0Å) 

Type 
Structure 

Name 
Sequence 

Alignment Score 

Contacts & 
Clashes             

(> -0.4Å) 

Contacts                                              
(-0.4Å<x<0.6Å) 

Clashes 
>0.6Å 

Clashes 
>2.0Å 

Overlap       
value (Å) 

AA pairs    
(APP-PSEN1) 

AA pairs              
(APP-PSEN1) 

WT WT APP 89 501 324 177 31 3.447 K724-I287 K726-L271 
B A201V 89.9 491 298 193 24 3.158 K726-L271 L723-L271 
B A235V 92 465 297 168 23 3.163 L720-L286 T719-W165 
B A479S  92 497 313 184 27 3.246 K724-I287 V717-I387 
B V562I 89 464 283 181 27 3.080 K724-I287 K726-R269 
B E599K 89 518 337 181 16 2.825 K724-I287 L720-L286 
B A673T  92.9 467 288 179 19 3.566 K724-I287 I716-W165 

CAA E693K 89 472 291 181 34 3.490 K726-L271 L723-F283 
CAA E693Q 89 465 296 169 22 2.822 L720-L286 M706-I180 
CAA D694N 89 471 295 176 26 2.996 K726-L271 K725-L268 
CAA L705V 89.9 502 327 175 14 3.210 L720-L286 K726-V272 

EOFAD K670N/M671L 89 473 299 174 28 3.371 K724-I287 L723-F283 
EOFAD T714A 85.5 456 289 167 17 3.347 L720-L286 K726-V272 
EOFAD T714I 87.8 525 335 190 17 2.913 K724-I287 M722-T256 
EOFAD V715M 86.9 570 372 198 20 3.096 K724-I287 K726-L271 
EOFAD I716V 88.3 517 338 179 26 2.856 K724-I287 M722-L268 
EOFAD V717F 85.5 484 309 175 26 2.950 L720-L286 K726-V722 
EOFAD V717G 84.1 472 294 178 30 3.327 K724-I287 K724-L286 
EOFAD V717I 88.3 469 297 172 23 2.957 L720-L286 K726-V272 
EOFAD V717L 86.9 466 286 180 25 2.954 L720-L286 K726-V272 
EOFAD L723P 90.7 456 295 161 17 2.973 L720-L286 K725-R269 
EOFAD K724N 85.5 427 271 156 19 3.192 L720-L286 K725-D257 



64 
 

 

AA # Clashes AA # Clashes AA # Clashes AA # Clashes AA # Clashes AA # Clashes
LYS 726 49  LYS 726 45  LYS 726 58  LYS 726 53  LYS 726 48  LYS 726 55
LYS 724 30  LYS 724 39  LYS 724 21  LYS 724 28  LYS 724 31  LYS 724 21
LEU 720 26  LEU 720 28  LEU 720 20  LEU 720 23  LEU 720 24  LEU 720 21
LEU 723 15  LEU 723 20  MET 722 18  MET 722 21  MET 722 17  MET 722 20
MET 722 15  ILE 716 12  ILE 716 10  LEU 723 16  LEU 723 16  LYS 725 17
VAL 715 11  THR 719 12  ILE 718 9  VAL 715 11  VAL 715 11  LEU 723 12
THR 719 10  MET 722 11  LYS 725 8  THR 719 9  LYS 725 10  VAL 715 11
ILE 716 8  VAL 715 9  VAL 715 7  ILE 716 8  ILE 716 8  ILE 718 9
LYS 725 7  ILE 718 6  LEU 723 7  LYS 725 8  THR 719 8  THR 719 7
ILE 718 5  LYS 725 6  THR 719 7  ILE 718 6  ILE 718 7  ILE 716 6
VAL 707 1  MET 706 2  MET 706 2  MET 706 1  MET 706 1  VAL 721 1

 VAL 707 2  VAL 717 1  MET 706 1
 VAL 721 1

WT A201V A235V A479S V562I E599K

AA # Clashes AA # Clashes AA # Clashes AA # Clashes AA # Clashes Atom # Clashes
 LYS 726 45  LYS 726 38  LYS 726 46  LYS 726 48  LYS 726 53  LYS 726 42
 LYS 724 31  LYS 724 35  LYS 724 35  LYS 724 28  LYS 724 28  LYS 724 23
 LEU 720 27  LEU 720 29  LEU 720 29  LEU 720 23  LEU 720 25  LEU 720 20
 LEU 723 17  MET 722 15  LEU 723 20  MET 722 15  MET 722 16  MET 722 19
 MET 722 14  THR 719 13  MET 722 13  LEU 723 13  LEU 723 12  LYS 725 17
 LYS 725 10  ILE 716 11  VAL 715 10  VAL 715 11  VAL 715 11  LEU 723 12
 VAL 715 9  LEU 723 11  THR 719 9  LYS 725 11  LYS 725 11  THR 719 12
 ILE 716 8  VAL 715 8  ILE 716 8  THR 719 7  ILE 716 7  ILE 716 10

 THR 719 8  ILE 718 8  LYS 725 6  ILE 716 6  THR 719 7  VAL 715 9
 ILE 718 5  LYS 725 6  ILE 718 5  ILE 718 6  ILE 718 6  ILE 718 8

 MET 706 3  VAL 721 1  MET 706 2
 GLY 700 1  GLY 700 1
 VAL 707 1

L705VD694NK670N+M671L A673T E693K E693Q
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AA # Clashes AA # Clashes AA # Clashes AA # Clashes
 LYS 726 45  LYS 726 48  LYS 726 54  LYS 726 44
 LYS 724 28  LYS 724 31  LYS 725 29  LEU 720 24
 LEU 720 23  LEU 720 22  LEU 720 26  ASN 724 19
 MET 722 16  MET 722 19  MET 722 13  MET 722 16
 LEU 723 14  LEU 723 15  VAL 715 11  LEU 723 15
 VAL 715 11  VAL 715 11  ILE 716 7  VAL 715 11
 LYS 725 9  ILE 716 8  ILE 718 6  ILE 716 8
 ILE 716 8  LYS 725 8  THR 719 5  THR 719 8
 ILE 718 7  THR 719 8  PRO 723 4  ILE 718 6

 THR 719 6  ILE 718 7  VAL 721 4  LYS 725 5
 ILE 717 3  LEU 717 3  LYS 724 2

 MET 706 1
 VAL 721 1

K724NV717I V717L L723P

AA # Clashes AA # Clashes AA # Clashes AA # Clashes AA # Clashes AA # Clashes
 LYS 726 35  LYS 726 55  LYS 726 52  LYS 726 50  LYS 726 46  LYS 726 41
 LYS 724 35  MET 722 23  MET 722 23  LYS 724 23  LYS 724 29  LYS 724 35
 LEU 720 27  LYS 725 22  LYS 725 21  LEU 720 21  LEU 720 23  LEU 720 28
 LEU 723 17  LEU 720 21  LYS 724 20  LYS 725 20  MET 722 16  LEU 723 16
 ILE 716 10  LYS 724 18  LEU 720 19  MET 722 19  LEU 723 12  MET 722 16

 MET 722 9  LEU 723 13  MET 715 14  LEU 723 13  VAL 715 11  VAL 715 11
 VAL 715 9  VAL 715 11  THR 719 13  VAL 715 11  LYS 725 9  THR 719 9
 THR 719 9  ILE 718 10  LEU 723 13  ILE 718 9  ILE 716 8  ILE 716 8
 ILE 718 7  ILE 716 7  ILE 716 10  THR 719 7  ILE 718 8  LYS 725 8

 MET 706 3  THR 719 7  ILE 718 8  VAL 716 4  THR 719 7  ILE 718 5
 LYS 725 2  MET 706 2  MET 706 3  VAL 721 1  PHE 717 6  VAL 707 1
 VAL 721 2  VAL 721 1  VAL 721 1  MET 706 1
 VAL 717 1  VAL 707 1
 VAL 707 1

V717GT714A T714I V715M I716V V717F

Table 5.2 Amino acids frequently involved in 
APP-PSEN1 clashes (>0.6 Å). 
Table showing a list of the amino acids (from 
APP chain only) involved in clashes between 
PSEN1-APP pepƟde complex (PDB: 6IYC). For 
each of the APP models superimposed (WT 
and variants), the number of clashes (>0.6 Å) 
was recorded. Most models have the same 
top three amino acids causing the most 
clashes (green). However, some models have 
different amino acids in their top three 
(yellow).  Legend: AA = amino acid 
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5.3.3 Hydrogen bond detecƟon  
 

Using the crystal ‘6IYC’ structure, HBs between APP and PSEN1 were detected and assessed 
(Table 5.3) (Zhou et al., 2019). This process was repeated for each of the superimposed APP 
models (WT and variants) (Figure 5.4) (see 5.2.1).   

The detected HBs across all superimposed models, specifically the amino acids involved in 
these interacƟons, were annotated in Table 5.3. The original APP segment (pink in Figure 
5.4) had the most HBs with PSEN1 (green in Figure 5.4), with a total of 9 – all of these 
highlighted in bold. The APP WT model had 2 HBs only. However, one of these bonds (I712-
S169) was the same one as in the original ‘6IYC’ structure. ParƟcular aƩenƟon was given to 
this HB across the other superimposed models in Table 5.3. In the benign group, 50% of 
variants kept this specific HB and the variants on this group had between 1-3 HBs each. For 
the CAA group, none of the variants kept the ‘I712-S169 HB’ and the variants had between 
1-2 HBs each. Finally, within the EOFAD group, 64% of the variants had the ‘I712-S169 HB’ 
and they had between 2-4 HBs each (Table 5.3).  

 

5.4 Discussion 
 

5.4.1 Assessing number of favourable contacts and unfavourable clashes 
 

The ‘6IYC’ structure (Zhou et al., 2019) clearly displayed the interacƟon between the γ-
secretase and the C83 segment of APP at the molecular level. Figure 5.1 showed that the 
origin of the C83 APP segment is the non-amyloidogenic pathway – which starts by the iniƟal 
cleavage by α-secretase at posiƟon 688-689 of APP770 (Chen et al., 2017; (APP|ALZFORUM, 
n.d.). Regardless of C83 coming from the non-amyloidogenic pathway, key interacƟons 
between APP and PSEN1 (γ-secretase) occur within the transmembrane region even for the 
C99 APP segment (from the amyloidogenic pathway). Hence, structural disrupƟve 
mechanisms can be explored using this experimental structure and the superimposiƟon 
process followed in this chapter.  

The data collated in Table 5.1 showed the first difference between the variant groups (i.e. 
EOFAD, CAA and benign) under the ‘sequence alignment score’ column (Kruskal Wallis, 
p=0.004), specifically between the benign and EOFAD groups (Kruskal Wallis, Bonferroni’s 
corrected α=0.017, p=0.001) – with the benign group having a higher score on average 
compared to the EOFAD group (90.8 and 87.1 respecƟvely). Since the effect size of this 
difference was large (η² = 0.52), it is plausible to think that these measurements are 
biologically relevant. The idea that benign variants should align beƩer with the original APP 
structure than EOFAD variants is supported by this evidence. However, disrupƟons in 
alignment of EOFAD models were expected as many of the mutaƟons in these variants take 
place within the transmembrane region of APP (amino acids range 699-725). Nonetheless,  
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Table 5.3 List of hydrogen bonds between APP-PSEN1 structures.  
Annotated HBs across different APP-PSEN1 models including the amino acids involved from 
each pepƟde. InformaƟon was collated for each of the superimposed models of APP (WT 
and variants) and for the original APP segment of the ‘6IYC’ structure (Zhou et al., 2019). The 
original model (pink) had the highest number of HBs, totalling 9 – all of these are highlighted 
in bold. The APP WT (grey) has a total of 2 HBs – one of them being the same one as the 
original and highlighted in bold (i.e. I712-S169). The rest of the model variants, across all 
groups, followed a similar trend conserving the ‘I712-S169’ HB – to different degrees of 
consistency. Legend: HB = hydrogen bonds, WT = wild type (grey), B = benign (blue), CAA = 
cerebral amyloid angiopathy (yellow), EOFAD = early onset familial AD (green). 
 

 

 

Type Structure Name Number of HB
Amino acids 

involved 
(APP-PSEN1)

Original 
WT

Chain E 9

K725-G378 (x2) 
K724-L425     

L723-K380 (x2)   
M722-L432 (x2)   

T719-G384     
I712-S169 

Model 
WT 

WT APP 2
K724-L381               
I712-S169

B A201V 2
K725-D257             
I712-S169    

B A235V 1 K724-L381

B A479S 2
K725-D257  
K724-L381

B V562I 2
K724-L381               
I712-S169

B E599K 2
K725-D257  
K724-L381

B A673T 3
K725-D257  
K724-L381    
I712-S169

CAA E693K 1 K724-L381

CAA E693Q 2
K725-D257  
K724-L381

CAA D694N 2
K725-D257  
K724-L381

CAA L705V 1 K724-L381

Type Structure Name Number of HB
Amino acids 

involved 
(APP-PSEN1)

EOFAD K670N+M671L 2
K724-L381               
I712-S169

EOFAD T714A 4

K726-P267    
K726-G266 
K725-D257   
I712-S169

EOFAD T714I 2
K725-D257  
K724-L381

EOFAD V715M 2
K725-D257  
K724-L381

EOFAD I716V 2
K725-D257  
K724-L381

EOFAD V717F 2
K725-D257  
K724-L381

EOFAD V717G 3
K725-D257  
K724-L381    
I712-S169

EOFAD V717I 3
K725-D257  
K724-L381    
I712-S169

EOFAD V717L 3
K725-D257  
K724-L381    
I712-S169

EOFAD L723P 3
K726-G266 
K724-L381    
I712-S169

EOFAD K724N 2
K725-D257   
I712-S169
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this result supports the ‘sequence alignment score’ as a valid metric for mutated 
superimposed structures.    

Table 5.1 also highlighted some outliers (Tukey’s fences, k=1.5), the most noƟceable being 
V715M. This EOFAD variant stood out as an outlier in three different columns. These 
included the combined number of clashes and contacts (> -0.4Å), the number of favourable 
contacts (between -0.4Å and 0.6Å) and the number of unfavourable ‘clashes >0.6Å’. Even 
when compared to the WT model, V715M had a higher number of total contacts and 
clashes, highlighƟng structural deviaƟons from the template. AddiƟonally, there were four 
more outliers within the benign group in two different columns. The first one was the 
‘clashes >0.6Å’ column, where A201V and A235V stood out for having too many and too few 
clashes respecƟvely – even compared to the WT. This is quite surprising as both benign 
mutaƟons have an alanine to valine subsƟtuƟon within essenƟally the same region. 
According to the previous secondary structure predicƟon analysis (see 4.2.1 and Figure 4.1), 
the region encompassing amino acid 192 to 300 of APP was predicted to be intrinsically 
disordered.  Hence, due to valine being a bulkier and more hydrophobic amino acid than 
alanine, these mutaƟons could alter the flexibility of the intrinsic disordered region (IDR). 
This could lead to the overall structure having a slightly different orientaƟon which would 
generate either more or less clashes compared to the groups’ average or the WT. The final 
two outliers are under the ‘overlap value’ sub-column belonging to the ‘worst interacƟon’ 
column. Here, E599K and A673T stood out for having a low and a high overlap value 
respecƟvely. Since the amino acid pair associated with their worst interacƟon is the same 
one (APP-PSEN1: K724-I287), it is possible that this is a key clash, and that the variaƟon of 
the overlap value is due to the missense mutaƟons being within IDRs.  

Finally, it is worth menƟoning the trends within the amino acid pairs that form the worst and 
best interacƟons. On the worst interacƟon column, where the amino acid pair with the 
highest overlap value are noted, the same 3 pairs of amino acids are idenƟfied: L720-L286, 
K724-I287 and K726-L721 (APP-PSEN1). This suggests that interacƟons at these amino acids 
are potenƟally key for correct processing of the APP segment, as superimposed APP models 
(WT and variants) do not undergo conformaƟonal changes into a β-strand structure and 
remain as an α-helix (Figure 5.4B). By contrast, the best interacƟon column contains 16 
different amino acid pairs, revealing no clear paƩern except the K726-V722 pair being the 
best favourable interacƟon in 4 EOFAD models and 1 CAA model.  

 

5.4.2 Common overlapping amino acids in APP models  
 

Table 5.2 presented the most common amino acids in the APP segment to have an overlap 
>0.6Å (i.e. clash) with PSEN1. The frequency of these clashes linked to specific common 
amino acids, highlighted their potenƟally relevant role in APP’s normal processing. In 19 out 
of 22 different APP variants, including the WT, the top three most clashing amino acids and 
their relaƟve order were K726 (highest number of clashes), K724 (2nd highest) and L720 (3rd 
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highest). Moreover, these amino acids were also part of a trend described above – they were 
included in the pairs causing the worst interacƟons in Table 5.1. 

As seen in Figure 5.4, the superimposed APP models, including the APP WT and variants, do 
not have the capability of extending their chain and changing it from an α-helix to a β-
strand. For this reason, the most clashing amino acids represent a basal level of clashes, a 
level where APP models can locally superimpose and orient themselves in space using the 
non-pathogenic C83 pepƟde as a template. However, there are three excepƟons to this 
trend – these are the variant models T714I, V715M and L723P. These missense mutaƟons 
are well-known EOFAD mutaƟons, used by scienƟsts to test different hypotheses under AD 
condiƟons (Olsson et al., 2014; Kakuda et al., 2006; Liu et al., 2022). In this context, these 
mutaƟons deviate from the trend suggesƟng a disƟnct PSEN1 processing, based on the 
structural deviaƟons involving different amino acids that the other variants. This is further 
supported by the fact that during superimposiƟons of mulƟple APP regions, some of these 
APP variants were classified as outliers mulƟple Ɵmes within the EOFAD variant group (see 
4.3.1 to 4.3.6). For instance, the V715M APP variant was a constant outlier, standing out in 4 
out 8 regional comparison tables. The L723P variant stood out in 1 out 8 regional 
comparison tables. Finally, although the T714I did not stand out in any of the menƟoned 
tables, the T714A variant (which affects the same amino acid posiƟon) stood out in 4 out of 
8 tables. Hence, this suggests that there might be significant differences in these variants’ 
intrinsic structure, possibly affecƟng their normal processing at the γ-secretase stage.   

 

5.4.3 Hydrogen bond disrupƟon assessment  
 

The HB analysis provided an understanding of the crucial HBs present in the APP-PSEN1 
crystal structure (Figure 5.4A, Table 5.3). As expected, Table 5.3 showed the original APP 
pepƟde (C83) had the highest number of HBs – a total of 9. AŌer measuring the HBs from all 
the APP variants, including the APP WT model, the I712-S169 (APP-PSEN1) HB was seen to 
be generally conserved throughout the modelled variants (10/22) indicaƟng a possible role 
in maintaining the structure and stability of the complex. Following this observaƟon, it was 
noted that the CAA variants did not have that conserved I712-S169 HB. One possible cause 
for this could be the locaƟon of the CAA mutaƟon zone (693-705) which would include a 
moƟf that inhibits γ-secretase according to van der Kant & Goldstein (2015) – this is the 
LVFFAED moƟf and extends from amino acid 688 to 694.  

Furthermore, two more addiƟonal HBs can be found in the original APP-PSEN1 ‘6IYC’ 
structure, specifically at posiƟons 689 and 691 of APP (data not shown) – which locate them 
near the CAA mutaƟon zone. The reason why these HBs were not part of the annotated HBs 
in Table 5.3 is because the original ‘6IYC’ structure is missing a few amino acids. These 
missing amino acids are within in a coil region that extends from posiƟon 689 to 698. This 
truncated coil region was considered not to be appropriate for template-based 
superimposiƟons, which is why the APP segment superimposed includes amino acid 699 to 
726 only. However, in the case of CAA variants it could be possible that early disrupƟons of 
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HBs at posiƟon 689 and 691 could lead to a lack conformaƟonal changes that disrupts the 
I712-S169 HB. 

Another interesƟng observaƟon points at the original 2 HBs between L723 (APP) and K380 
(PSEN1) – present in the ‘6IYC’ complex. These bonds were not conserved on any of the APP 
variants, however the variants compensated this by having a HB between K724 (APP) and 
L381 (PSEN1) instead (Figure 5.4). The K724-L381 (APP-PSEN1) HB was present in 19 out 22 
models (Table 5.3). This could suggest that the leucine-lysine interacƟon plays an important 
role in the elongaƟon process of the APP C83 segment.  

Finally, since K726 was the most clashing amino acid amongst the APP models (Table 5.2), it 
would be plausible to think that HBs at this posiƟon could also be unfavourable. Only two 
APP models have HBs at K726, these are T714A and L723P – two variants that have been 
flagged up before due to their abnormal paƩerns. Both EOFAD variants have an HB between 
K726 (APP) and G266 (PSEN1). However, this HB could be acƟng like the K724-L381 HB, as 
the original APP-PSEN1 structure has a HB at K725-G378 which involves the same amino 
acids (lysine and glycine). Nonetheless, T714A has an addiƟonal HB between K726 and P267 
which is unique amongst the APP variants. Seeing that T714A has the facility to form HBs 
involving K726 could be problemaƟc, considering it is the only model in doing so and both 
glycine and proline are known for affecƟng pepƟde shape.  

 

5.4.4 LimitaƟons and future steps 
 

As previously menƟoned, the superimposed APP models did not have the elongated β-
strand shape that the APP pepƟde had in its crystal ‘6IYC’ structure (Figure 5.4; Zhou et al., 
2019), therefore superimposiƟon metrics such as RMSD or atom pairs aligned could not be 
used. However, the value of using this experimental structure comes from gaining a 
structural insight into a very important processing step of APP. The fact that the APP-pepƟde 
came from C99 meant that it was from a non-amyloidogenic pathway. Therefore, any 
structural outliers or trends (especially those coming from the EOFAD group) could be 
invesƟgated for potenƟally disrupƟng a normal processing scenario – as any structural 
changes could affect the normal funcƟoning of the mechanism.    

AddiƟonally, like in Chapter 3 the staƟsƟcal tests used did not have a high powerl due to low 
sampling. A potenƟal soluƟon could be to unify the EOFAD and CAA groups to create a 
‘pathological group’, in addiƟon to also increase the samples of the benign group. That way 
there could be two groups with at least 15 samples in each. This would make the tests more 
robust and allow more reliable staƟsƟcal insights. On the downside, grouping EOFAD and 
CAA would mean that when exploring a trend within the pathological group there could be 
problems trailing it back to specific pathological events or mechanisms, since aŌer all they 
are a different pathology.  

Future steps for this research could focus on using molecular dynamics simulaƟons to 
explore the Ɵme-dependent conformaƟonal changes in the APP segment and its interacƟons 
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with PSEN1 under various condiƟons, including the presence of different missense 
mutaƟons. Furthermore, invesƟgaƟng how these structural deviaƟons impact downstream 
APP processing, parƟcularly at the γ-secretase cleavage site, could provide key insights into 
the mechanisms underlying the development of early onset familial AD. AddiƟonal studies 
could also incorporate high-throughput techniques such as cryo-electron microscopy (cryo-
EM) to obtain more accurate models of the enƟre γ-secretase complex interacƟng with 
pathogenic and benign APP variants. This would allow further clarificaƟon of the clashing 
residue paƩerns idenƟfied, helping to beƩer understand the molecular drivers of AD. 
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6 Acetylcholinesterase – APP interacƟon  
 

6.1 IntroducƟon 
 

6.1.1 Overview of acetylcholinesterase  
 

AChE is a key enzyme in the cholinergic system, primarily responsible for terminaƟng 
synapƟc transmission by hydrolysing acetylcholine into choline and aceƟc acid. This 
hydrolysis occurs rapidly at cholinergic synapses, especially at neuromuscular juncƟons, and 
prevents the oversƟmulaƟon of acetylcholine receptors, allowing neurons and muscles to 
reset for subsequent signals (Trang & Khandhar, 2023). AChE, belonging to the serine 
hydrolase family, funcƟons through a catalyƟc triad composed of serine, glutamate and 
hisƟdine at posiƟons 203, 334 and 447 respecƟvely and which act in tandem to deacetylate 
acetylcholine (Zhou et al., 2010). This process restores AChE to its acƟve form, ensuring 
efficient signal terminaƟon. Structurally, AChE is a versaƟle enzyme that can exist as a 
monomer (G1), dimer, or tetramer (G4), depending on its physiological locaƟon and 
funcƟon. Tetramers are oŌen anchored to collagen-like tails via disulfide bonds, providing 
structural integrity in various Ɵssues (Trang & Khandhar, 2023). 

AChE plays an integral role in both the central and peripheral nervous systems, parƟcularly 
in regions such as the brainstem, cerebellum, and autonomic nervous system. Moreover, it is 
found in skeletal muscle and even in red blood cells, which points to a broader distribuƟon 
and funcƟonality beyond neuronal synapses (Trang & Khandhar, 2023). Embryologically, 
AChE is involved in neural development, parƟcularly during axonal growth, a Ɵme when its 
enzymaƟc role appears less pronounced, suggesƟng non-catalyƟc contribuƟons to 
morphogenesis. 

A parƟcularly criƟcal aspect of AChE’s funcƟon and regulaƟon is glycosylaƟon. GlycosylaƟon, 
the aƩachment of carbohydrate moieƟes to the enzyme, is essenƟal for its stability, 
biosynthesis, and secreƟon. Human AChE (hACHE) is glycosylated at three conserved sites: 
aspargine-265, aspargine-350, and aspargine-464. These modificaƟons are crucial for the 
enzyme’s structural integrity and thermostability, as evidenced by site-directed mutagenesis 
studies that show significantly reduced secreƟon and heat stability when glycosylaƟon sites 
are mutated (Velan et al., 1993; Xu et al., 2015). Notably, glycosylaƟon does not seem to 
affect the enzyme's catalyƟc acƟvity but does influence its conformaƟonal stability and 
suscepƟbility to heat inacƟvaƟon (Sáez-Valero et al., 2001). 

In the context of AD, AChE has drawn aƩenƟon due to its altered expression and isoform 
distribuƟon in the brains of AD paƟents. The cholinergic hypothesis of AD posits that a 
deficit in acetylcholine contributes to the cogniƟve decline observed in paƟents, and AChE’s 
role in this context becomes pivotal. In AD, a shiŌ from the tetrameric G4 form of AChE to 
the monomeric G1 form is observed, correlaƟng with disease progression and the 
breakdown of cholinergic signalling (Trang & Khandhar, 2023). This shiŌ is thought to 
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exacerbate cholinergic deficits by reducing the enzyme’s efficiency at clearing acetylcholine 
from synapƟc cleŌs, further impairing neuronal communicaƟon. Moreover, abnormal 
glycosylaƟon paƩerns of the enzyme have been linked to the pathology of the disease (Sáez-
Valero et al., 2001).  

One of the primary treatment strategies for AD paƟents involves the use of AChEIs. These 
inhibitors miƟgate AD symptoms by prevenƟng acetylcholine turnover, thereby maintaining 
higher levels of acetylcholine at the synapƟc juncƟon. This prolonged presence of 
acetylcholine helps recalibrate neurotransmiƩer levels and potenƟates cholinergic signalling. 
PaƟents treated with AChEIs oŌen experience a deceleraƟon in the symptomaƟc progression 
of AD, with improvements in aƩenƟon span and other cogniƟve funcƟons, though significant 
enhancement in short-term memory remains limited (Trang & Khandhar, 2023).  

Despite their benefits, AChEIs do not halt the neurodegeneraƟve processes of AD but rather 
provide symptomaƟc relief. Furthermore, the prolonged use of AChEIs may lead to adverse 
effects such as gastrointesƟnal disturbances, bradycardia, and muscle cramps. While AChEIs 
can improve some aspects of cogniƟve funcƟon, their effects are oŌen temporary, and 
paƟents may develop tolerance over Ɵme, diminishing their therapeuƟc efficacy. Therefore, 
while AChEIs remain a key component of AD management, their role is limited to miƟgaƟng 
symptoms rather than addressing the underlying pathology of the disease. 

 

6.1.2 AChE and APP interacƟon in AD  
 

This chapter explored the AChE-APP interacƟon as it was highlighted by STRING to be a high-
confidence interacƟon (see Figure 3.4, Figure 3.6). AddiƟonally, significant work in the 
literature surrounding these proteins and their role in AD suggests that they could 
significantly contribute to AD’s pathogenesis and progression.   

As previously menƟoned, AChE is primarily responsible for hydrolysing the neurotransmiƩer 
acetylcholine, helping regulate cholinergic signalling in the nervous system. However, as 
demonstrated by mulƟple studies, AChE has shown to facilitate the aggregaƟon of amyloid-
beta (Aβ) pepƟdes, increasing the formaƟon of amyloid plaques, and even formaƟon of toxic 
AChE-Aβ fibrils (Carvajal & Inestrosa, 2011; Alvarez et al., 1998). Alvarez et al. (1997) showed 
that AChE accelerated the formaƟon of aggregates of different truncated Aβ pepƟdes and 
some of them, e.g. Aβ12-28, showed to form strong complexes with AChE. By using docking 
simulaƟons Inestrosa et al. (2005) claimed that the Aβ key binding sites might be between 
posiƟon 12-16.  

Studies in transgenic mice expressing both human APP and AChE genes showed increased 
amyloid deposiƟon and earlier onset of plaque formaƟon compared to mice expressing only 
APP (Rees et al., 2003). Moreover, Rees et al., (2005) demonstrated that amyloid burden in 
double transgenic mice was correlated with working memory impairment (i.e. total errors in 
the radial arm water maze test).  Further support comes from Carvajal & Inestrosa (2011), 
who demonstrated that AChE-Aβ complexes significantly disrupt neuronal networks and 
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elevate intracellular calcium, leading to increased mitochondrial dysfuncƟon and 
neurodegeneraƟon. AddiƟonally, Inestrosa et al. (2005) idenƟfied AChE had a higher affinity 
to bind to Aβ fibrils than soluble Aβ pepƟdes which would indicate that AChE could 
exacerbate AD pathogenesis. When considering the findings by Nordberg et al. (2009) which 
describe that AChEIs such as donepezil and galantamine have been associated with 
increased levels of AChE in the cerebrospinal fluid (CSF), the pathogenic synergy even 
involving treatment becomes problemaƟc.  

The exact mechanisms through which AChE enhances Aβ fibril formaƟon and toxicity are sƟll 
under invesƟgaƟon. One possible explanaƟon lies in the structural homology between AChE 
and Aβ itself. Coƫngham et al. (2002) discovered that a pepƟde sequence in the C-terminal 
region of AChE can form amyloid fibrils, which may mimic the behaviour of Aβ fibrils and 
facilitate their aggregaƟon. Jean et al. (2007) proposed that proteolyƟc fragments of AChE, 
parƟcularly the T40 fragment, exhibit amyloidogenic properƟes, enhancing Aβ fibrillisaƟon 
via heterologous seeding mechanisms. These fragments, formed through proteolyƟc 
cleavage, may accelerate amyloid nucleaƟon and elongaƟon, thereby exacerbaƟng amyloid 
plaque formaƟon (Figure 6.1). 

 

 

 

 

 

 

 

 

 

 

 

Figure 6.1 AChE involvement in nucleaƟon and elongaƟon of amyloid fibrils.  
Figure showing AChE acƟve role in reducing the lag phase of amyloid aggregates and 
promoƟng nucleaƟon followed by elongaƟon. Jean et al. (2007) specifies that it is a region 
within AChE575-614 named T40 that can mimic the behaviour of amyloids promoƟng 
aggregaƟon.  Legend: AChE – acetylcholinesterase enzyme, Aβ – amyloid beta. Image taken 
from Carvajal & Inestrosa (2011). 
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Lastly, the interacƟon between AChE and Aβ may also affect APP regulaƟon. Nalivaeva & 
Turner (2016) highlighted a reciprocal relaƟonship where APP overexpression can 
downregulate AChE acƟvity, while knockdown of APP can increase AChE levels. This interplay 
points to a complex regulatory mechanism in which both proteins influence each other, 
potenƟally creaƟng a feedback loop that accelerates AD pathology. As both APP and AChE 
are implicated in amyloidogenesis, this regulatory relaƟonship could serve as an important 
target for novel therapeuƟc intervenƟons aimed at breaking the cycle of neurodegeneraƟon. 

 

6.1.3 Aims 
 

There is sufficient supporƟng evidence to suggest that the interacƟon between 
acetylcholinesterase (AChE) and the amyloid precursor protein (APP) may play an important 
role in Alzheimer’s disease (AD) pathology. AChE’s capacity to promote amyloid-β (Aβ) 
aggregaƟon and increase its toxicity, together with its altered enzymaƟc acƟvity once 
associated with amyloid plaques, posiƟons this enzyme as a potenƟal contributor to AD 
progression. 

This chapter aims to predict and characterise potenƟal interacƟon interfaces between AChE 
and APP, including Aβ-derived pepƟdes, using AlphaFold3-based structural modelling. The 
objecƟve is to generate and evaluate structural complexes by assessing model confidence 
scores and interprotein contact features, thereby idenƟfying plausible binding regions that 
may underpin the molecular relaƟonship between AChE and APP in the context of AD 
pathophysiology. 

 

6.2 Specific Methods 
 

6.2.1 AChE–APP model preparaƟon and assessment 
 

The predicƟon of putaƟve AChE–APP complexes was carried out using the AlphaFold Server 
(see 2.4.2), powered by the AlphaFold3 architecture (Abramson et al., 2024). Canonical 
sequences for human acetylcholinesterase (AChE; UniProt ID: P22303) and amyloid 
precursor protein (APP; UniProt ID: P05067) were retrieved in FASTA format from UniProt 
(see 2.2.1) (Bateman et al., 2022) and used as inputs for mulƟmeric complex predicƟon. Five 
ranked models were generated for each complex, with associated confidence metrics 
including the per-residue pLDDT, global pTM, and interfacial ipTM scores. A model 
confidence score was calculated using the weighted formula described by Evans et al. 
(2021): 

Model confidence = 𝟎. 𝟖 × ipTM+ 𝟎. 𝟐 × pTM 
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Models with a composite model confidence ≥ 0.74 were retained for downstream structural 
interpretaƟon, corresponding to “confident” interface predicƟons (ipTM ≥ 0.8) and “likely 
accurate” overall folds (pTM ≥ 0.5). 

To contextualise and validate the predicted AChE–APP complexes, experimentally resolved 
AChE oligomeric structures were obtained from the Protein Data Bank (see 2.2.2) (Berman, 
2000). The AChE dimer (PDB ID: 4PQE; Dym et al., 2015) and tetramer (PDB ID: 1VZJ; Dvir et 
al., 2004) served as structural references for assessing AlphaFold3-predicted quaternary 
arrangements, parƟcularly regarding acƟve site accessibility and subunit orientaƟon. 

All models were visualised and analysed in UCSF Chimera (see 2.5.1) (PeƩersen et al., 2004). 
Predicted AChE–APP complexes were examined for potenƟal binding interfaces, focusing on 
interacƟons involving the AChE acƟve domain (residues 32–614) and APP regions 
corresponding to secretase cleavage sites. Chimera’s Find Clashes/Contacts funcƟon was 
employed under default seƫngs (favourable contacts: overlap > –0.4 Å and < 0.6 Å) to 
idenƟfy interatomic interacƟons across the AChE–APP interface. The total number of 
contacts, unfavourable clashes (> 0.6 Å), and severe clashes (> 2.0 Å) were recorded. The 
worst atomic interacƟon was defined as the maximum overlap distance between any atom 
pair, while the best interacƟon corresponded to the overlap value closest to zero, 
represenƟng opƟmal spaƟal compaƟbility. 

These combined computaƟonal and structural analyses enabled the evaluaƟon of high-
confidence AChE–APP complexes, providing insight into possible interacƟon sites that may 
underpin the structural relaƟonship between AChE and APP in AD pathology. 

 

6.3 Results 
 

6.3.1 Truncated Aβ pepƟdes 
 

The truncated Aβ pepƟdes used by Alvarez et al. (1997) were modelled to see their 
interacƟon results could be recapitulated in silico. They used binding assays and found that 
both Aβ(1-16) and Aβ(12-28) formed complexes with AChE – the laƩer pepƟde forming 
parƟcular strong ones. The other Aβ lengths included 9-21 and 25-35 (Alvarez et al., 1997) 
(Table 6.1). Furthermore, an addiƟonal Aβ pepƟde (Aβ12-16), from the study by Inestrosa et 
al. (2005), was incorporated to study key binding residues which were reported to be within 
that Aβ12-16 region. 

The best scoring complex was AChE-Aβ(12-16) which had the highest ipTM (0.62) and pTM 
(0.93) scores, as well as the highest model confidence (0.68). The ipTM score is within the 
range of plausibility (0.6-0.8) where a complex could exist in real life condiƟons. None of the 
models had a confidence score above the ‘high confidence’ threshold (0.74). 

The 3D binding interface of Aβ(12-16) with AChE was explored and found to be predicted 
within the AChE acƟve site. The acƟve site forms a cleŌ with 4 important regions: the 
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peripheral or P-site (located at the top of the cleŌ), the catalyƟc triad (at the boƩom of the 
cleŌ, in the acylaƟon or A-site), the acyl-binding pocket (on the A-site) and the choline-
binding pocket (also on the A-site) (Rosenberry et al., 2017). The atoms of the Aβ(12-16) 
pepƟde, 46 in total, were invesƟgated to find favourable contacts (overlap > -0.4 Å) with 
AChE – 119 favourable contacts were found. These contacts show favourable interacƟons 
between the Aβ(12-16) pepƟde and 3 out of 4 key regions of the catalyƟc cleŌ. Specifically, 
this pepƟde interacts with all the key amino acids that form the P-site (i.e. Y72, Y124, W286, 
Y341) and the choline binding pocket (i.e. W86, T337), and with 2 out of the 3 key amino 
acids that form the acyl binding pocket (i.e. F295, F297) (Rosenberry et al., 2017). The 
Aβ(12-16) pepƟde does not extend to being able to interact with the catalyƟc triad (Figure 
6.2).  

 

 Model Scores 
Model confidence 

Model Name ipTM pTM 
AChE-Aβ(1-16) 0.26 0.87 0.38 
AChE-Aβ(9-21) 0.40 0.91 0.50 

AChE-Aβ(12-28) 0.39 0.87 0.49 
AChE-Aβ(25-35) 0.51 0.89 0.59 
AChE-Aβ(12-16) 0.62 0.93 0.68 

 
Table 6.1 Protein complex model scores of AChE and truncated Aβ pepƟdes.  
Table showing the model scores of predicted complexes formed and scored by AlphaFold 
Server (Abramson et al., 2024). The lengths of the Aβ pepƟdes were based on experimental 
data by Alvarez et al. (1997) and computaƟonal insights by Inestrosa et al. (2005). The model 
confidence score follows the algorithm described by Evans et al. (2021). Legend: ipTM = 
interface predicted template modelling; pTM = predicted template modelling 

 

6.3.2 Aβ40, Aβ42 and their processing residues   
 

The complexes between AChE and Aβ40, Aβ42 and the residual amino acids from the 
amyloidogenic pathway were invesƟgated. The reasoning behind involved the menƟoned 
connecƟon between AChE and Aβ, and the evidence-supported connecƟon between PSEN1 
and AChE. AChE can regulate PSEN1 levels and reduce γ-secretase acƟvity, potenƟally 
contribuƟng to the to a feedback loop with Aβ accumulaƟon (García-Ayllón et al., 2014; 
Silveyra et al., 2012; Silveyra et al., 2008; Campanari et al., 2014). For this reason, these 
amyloidogenic products might play an influenƟal role in ACHE-APP-PSEN1 relaƟonship.  

In addiƟon to Aβ40 and Aβ42, the residual tripepƟdes of the γ-secretase processing of APP-
C99 (see 6.1.1) were modelled and invesƟgated. However, the AlphaFold Server did not allow 
the predicƟve modelling of pepƟdes with smaller length than 4 amino acids. Thus, the 
combinaƟon of two different tripepƟde residuals were explored, e.g. pepƟdes from 
Aβ48Aβ42 or Aβ49 Aβ40 pathway (Table 6.2).   
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Figure 6.2 AChE-Aβ(12-16) protein complex.  
Diagram showing the 3D protein complex between Aβ(12-16) (white) and AChE (light 
brown), alongside the favourable contacts between them (yellow lines). Key protein regions 
are coloured, and their atomic structures are shown: P-site (green), catalyƟc triad (cyan), 
acyl-binding pocket (magenta) and choline-binding pocket (orange) (Rosenberry et al., 
2017). The Aβ(12-16) is formed by 46 atoms, these generated 119 favourable contacts. The 
contacts linked the Aβ(12-16) to almost all key amino acids forming the P-side, acyl-binding 
pocket and choline-binding pocket. It did not extend to being able to interact with the 
catalyƟc triad. Both figures show the same complex but from different distances: A) far view, 
B) close view.  
 

 

 

A 

 

 

 

 

 

 

 

B 

 



79 
 

The best ipTM score (0.56) and model confidence score (0.63) corresponds to the AChE-
Aβ(40-46) complex. AChE-Aβ(42-48) had the highest pTM score (0.93). None of the models 
had a model confidence score above the ‘high confidence’ threshold (0.74). 

The 3D binding interface of Aβ(40-46) with AChE and found that the Aβ pepƟde was 
modelled and located within ACHE’s acƟve site. Furthermore, the 43 atoms of the Aβ(40-46) 
were selected to find favourable contacts with AChE – 106 favourable contacts were found. 
These contacts show favourable interacƟons between the Aβ(40-46) pepƟde and all 4 of the 
regions that form the catalyƟc cleŌ of ACHE. Specifically, this pepƟde interacts with all the 
key amino acids that form the P-site (i.e. Y72, Y124, W286, Y341), 2 out of the 3 key amino 
acids that form the acyl binding site (i.e.F295, F297) and the catalyƟc triad (i.e. S203, H447), 
and 1 out of 2 amino acids that form the choline binding (i.e. Y337) (Rosenberry et al., 2017) 
(Figure 6.3).  

 

 Model Scores 
Model confidence 

Model Name ipTM pTM 
AChE-Aβ42 0.20 0.88 0.34 
AChE-Aβ40 0.22 0.88 0.35 

AChE-Aβ(42-48) 0.52 0.93 0.60 
AChE-Aβ(40-49) 0.53 0.92 0.61 
AChE-Aβ(43-49) 0.55 0.92 0.62 
AChE-Aβ(40-46) 0.56 0.92 0.63 

 

Table 6.2 Protein complex model scores of AChE and amyloidogenic Aβ pepƟdes.  
Table showing the model scores of predicted complexes formed and scored by AlphaFold 
Server (Abramson et al., 2024). These specific Aβ pepƟdes were chosen as they are products 
(or aggregates of tripepƟde products) of the amyloidogenic processing of APP-C99 by PSEN1 
(Bolduc et al., 2016). The model confidence score follows the algorithm described by Evans 
et al. (2021). Legend: ipTM = interface predicted template modelling; pTM = predicted 
template modelling  
 
 

6.3.3 Glycosylated AChE structures  
 

NoƟng the importance of glycosylaƟon in AChE expressed in the literature, the effects of 
glycosylaƟon on AChE were explored. Knowing that the glycosylaƟon sites are at N265, N350 
and N464, mulƟple combinaƟons of these glycosylated amino acids were modelled (Xu et 
al., 2015; Velan et al., 1993) (Table 6.3). Considering the findings by Luk et al. (2012) and Xu 
et al. (2015), the following linear high-mannose glycan chain was added at the sites of 
glycosylaƟon: NAG(NAG(MAN(MAN(MAN)))) (Figure S9.2).  
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Figure 6.3 AChE- Aβ(40-46) protein complex.  
These figures show the 3D complex between Aβ(40-46) (white) and AChE (light brown), 
alongside the favourable contacts between them (yellow lines). Key protein regions are 
coloured, and their atomic structures are shown: P-site (green), catalyƟc triad (cyan), acyl-
binding pocket (magenta) and choline-binding pocket (orange) (Rosenberry et al., 2017). The 
Aβ(40-46) is formed by 43 atoms, these generated 106 favourable contacts. The contacts 
linked the Aβ pepƟde all 4 key regions of AChE’s catalyƟc site. Both figures show the same 
complex but from different distances: A) far view, B) close view. 
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Generally, all glycan chains had elevated model scores when forming complexes with AChE. 
However, it was clear that the most successful one was ACHE_350gly – this is the AChE 
protein with a glycan chain (high in mannose) at N350 – which is also confirmed by the 
experiments of Xu et al. (2015). It had the highest ipTM (0.94) and shared the second highest 
pTM (0.92) alongside AChE_265_350gly (glycan chains at N265 and N350), only aŌer the  
AChE model on its own (pTM = 0.94). Furthermore, with a model confidence score of 0.94, 
AChE_350gly was again the highest scoring model, indicaƟng a high chance of this predicted 
structure exisƟng in vivo. All the model confidence scores were above the ‘high confidence’ 
threshold (>0.74). 

  

 Model Scores 
Model confidence 

Model Name ipTM pTM 
AChE na 0.94 na 

AChE_265gly 0.88 0.91 0.89 
AChE_350gly 0.94 0.92 0.94 
AChE_464gly 0.78 0.90 0.80 

AChE_265_350gly 0.87 0.92 0.88 
AChE_265_464gly 0.76 0.89 0.79 
AChE_350_464gly 0.82 0.90 0.84 

AChE_3xgly 0.82 0.90 0.84 
 

Table 6.3 Protein complex model scores of AChE and high-mannose glycan chain.  
The impact of glycosylaƟon at specific posiƟons in AChE was assessed. The type of glycan 
chain (high-mannose chain) and the glycosylaƟon sites of AChE were taken from 
experimental data by Xu et al. (2015).  The predicted complexes were formed and scored by 
AlphaFold Server (Abramson et al., 2024). The AChE model only has pTM score as it is not 
forming a complex with another biomolecule. The model confidence score follows the 
algorithm described by Evans et al. (2021). Legend: ipTM = interface predicted template 
modelling; pTM = predicted template modelling 
 

Based on mulƟple claims about the importance of glycosylaƟon in enzyme acƟvity and 
conformaƟon (Xu et al., 2015; Velan et al., 1993), previously high scored models (i.e. AChE-
Aβ(12-16), AChE-Aβ(40-46)) were remodelled with glycosylated versions of AChE – some low 
score complex models were also remodelled (i.e. AChE-Aβ40, AChE-Aβ42). The impact 
glycosylaƟon at posiƟon N350 of AChE was of parƟcular interest – the model scores of these 
models can be seen in Table 6.4.  

All models’ scores had an improvement in their ipTM, pTM and thus also in the model 
confidence score. The ipTM scores of the complexes involving the two long Aβ chains (Aβ40 
and Aβ42) were sƟll below the 0.8 threshold to be considered accurate, but they 
significantly increased these scores to be in the ‘potenƟally accurate’ region, between 0.6-
0.8.  In general, the pTM scores remained the same or slightly increase compared to their 
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non-glycosylated complex equivalents. All the model confidence scores were above the ‘high 
confidence’ threshold (>0.74).  

 

 Model Scores 
Model confidence 

Model Name ipTM pTM 
AChE_350gly-Aβ40 0.76 0.89 0.79 
AChE_350gly-Aβ42 0.74 0.88 0.77 

AChE_350gly-Aβ(12-16) 0.94 0.93 0.94 
AChE_350gly-Aβ(40-46) 0.93 0.93 0.93 

 

Table 6.4 Protein complex model scores of glycosylated AChE and different Aβ pepƟdes.  
Remodelling of previously obtained complexes (between AChE and Aβ pepƟdes) with a 
glycosylated AChE. The type of glycan chain (high-mannose chain) and the glycosylaƟon sites 
(N350) of AChE were taken from experimental data by Xu et al. (2015).  The predicted 
complexes were formed and scored by AlphaFold Server (Abramson et al., 2024). The model 
confidence score follows the algorithm described by Evans et al. (2021). Legend: ipTM = 
interface predicted template modelling; pTM = predicted template modelling 
 

Comparisons between glycosylated AChE-Aβ complexes and their non-glycosylated 
counterparts were spaƟally assessed (Figure 6.4, Figure 6.5). The AChE-Aβ40 complex was 
chosen for this invesƟgaƟon (Figure 6.4) as it had higher model scores compared to Aβ42 
(Table 6.4). The AChE-Aβ(40-46) complex (Figure 6.5) was also chosen, because even though 
it had lower model scores compared to the complexes with Ab(12-16), the AChE-Aβ(40-46) 
complex had contacts with 4/4 crucial sites of AChE’s acƟve site compared to 3/4 from the 
AChE-Aβ(12-16) (Rosenberry et al., 2017).  

Both non-glycosylated and glycosylated models of AChE-Aβ40 had a very similar AChE chain 
when superimposed (Figure 6.4A). However, the shape of the Aβ40 chain within these 
complexes and the number of favourable contacts were different. The glycosylated complex 
had 322 contacts (Figure 6.4B) whereas the non-glycosylated one had 180 (Figure 6.4C). The 
number of conflicƟve clashes (overlap > 0.6 Å) for both glycosylated (41) and non-
glycosylated (22) AChE-Aβ40 complexes were noted.  

Similarly, the AChE chain on the glycosylated and non-glycosylated AChE-Aβ(40-46) 
complexes were highly similar when superimposed (Figure 6.5A). The orientaƟon of the 
Aβ(40-46) pepƟde differed (Figure 6.5B), and so did the number of contacts and clashes 
between the glycosylated and non-glycosylated complexes. There were 106 contacts and 18 
clashes for the non-glycosylated AChE-Aβ(40-46) complex, and 75 contacts and 4 clashes for 
the glycosylated one.  
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Figure 6.4 Non-glycosylated vs glycosylated AChE-Aβ40 protein complex.  
A) Superimposed complexes showing the high similarity between the AChE chains. B) Non-
glycosylated AChE-Aβ40 complex showing favourable contacts (yellow lines) between Aβ40 
pepƟde and AChE chain. There were a total of 180 favourable contacts and 22 unfavourable 
clashes (not shown). C) Glycosylated AChE-Aβ40 complex showing favourable contacts 
(yellow lines) between Aβ40 pepƟde and AChE chain. There were a total of 322 favourable 
contacts and 41 unfavourable clashes (not shown). The high-mannose glycan chain was 
bound at posiƟon 350 of AChE. Colour scheme: non-glycosylated AChE chain (light blue), 
glycosylated AChE chain (light brown), Aβ40 chain from non-glycosylated complex (dim 
grey), Aβ40 chain from glycosylated complex (white), high-mannose glycan chain (purple), P-
site (green), catalyƟc triad (cyan), acyl-binding pocket (magenta) and choline-binding pocket 
(orange). 
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Figure 6.5 Non-glycosylated vs glycosylated AChE-Aβ(40-46) protein complex.  
A) Superimposed complexes showing the high similarity between the AChE chains. B) 
Superimposed Aβ(40-46) pepƟdes - these showed different orientaƟon and number of 
clashes and contacts (not shown). There were 106 favourable contacts and 74 unfavourable 
clashes for the non-glycosylated complex, and 75 favourable contacts and 4 unfavourable 
clashes for the glycosylated complex. The high-mannose glycan chain was bound at posiƟon 
350 of AChE. Colour scheme: non-glycosylated AChE chain (light blue), glycosylated AChE 
chain (light brown), Aβ(40-46) pepƟde from non-glycosylated complex (dim grey), Aβ(40-46) 
pepƟde from glycosylated complex (white), high-mannose glycan chain (purple), P-site 
(green), catalyƟc triad (cyan), acyl-binding pocket (magenta) and choline-binding pocket 
(orange). 
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6.3.4 APP transmembrane domain and AChE oligomers 
 

As briefly menƟoned before, previous studies discovered that paƟents with AD had a rise in 
monomeric (G1) and dimeric (G2) forms of AChE, and a decline of the tetrameric (G4) form 
(Fishman et al., 1986; García-Ayllón et al., 2010). As this study aimed to explore the 
relaƟonship between APP and AChE, structural models were generated to idenƟfy potenƟal 
binding interfaces that could act as inhibitors of AChE oligomerisaƟon. 

One dimer and one tetramer of the AChE protein were modelled, followed by the a dimer 
and a tetramer that included the transmembrane domain (TMD) of APP (from amino acid 
700-724) (BarreƩ et al., 2012) (Table 6.5). The model scores of the sole AChE dimer were 
very high, obtaining an ipTM score of 0.85 – above the accuracy threshold at 0.8 – and a 
pTM score of 0.88, showing that the dimer structure could exist under physiological 
condiƟons. The addiƟon of the TMD chain to the dimer generated a complex with lower 
model scores – an ipTM of 0.79 (falling below accuracy threshold) and a pTM of 0.85. The 
sole AChE tetramer had poor model scores, an ipTM of 0.4 and a pTM of 0.53. When 
coupled with a TMD chain, the model scores raised by a very small margin – ipTM = 0.41, 
pTM = 0.54. Both models containing the ACHE dimer had model confidence scores above 
the ‘high’ confidence threshold (>0.74).  

 

 Model Scores 
Model confidence 

Model Name ipTM pTM 
AChEx2 0.85 0.88 0.86 
AChEx4 0.4 0.53 0.43 

AChEx2-APP(TMD) 0.79 0.85 0.80 
AChEx4-APP(TMD) 0.41 0.54 0.44 

 

Table 6.5 Protein complex scores of AChE oligomers coupled with the transmembrane 
domain of APP.  
Modelling of AChE dimers (AChEx2) and tetramers (AChEx4) with and without a coupled APP 
segment corresponding to the TMD (from amino acid 700-724) (BarreƩ et al., 2012). The 
predicted complexes were formed and scored by AlphaFold Server (Abramson et al., 2024). 
The model confidence score follows the algorithm described by Evans et al. (2021). Legend: 
ipTM = interface predicted template modelling; pTM = predicted template modelling 
 
The predicted models were compared to two crystal structures, one showing an almost 
complete AChE dimer (PDB: 4PQE; Dym et al., 2015) (Figure 6.6B) and one showing the 
protein regions involved in AChE tetramerisaƟon (PDB: 1VZJ; Dvir et al., 2004) (Figure 6.6D). 
The ‘Matchmaker’ funcƟon was used to superimpose these crystal structures with the best 
generated models, i.e. AChE dimer (Figure 6.6A), and the AChE tetramer coupled to APP’s 
TMD (Figure 6.6C), in order to obtain insights into their similariƟes. For the dimeric 
structures, the RMSD between 527 atom pairs (<2.0 Å) was 0.373 Å, and across all 528 pairs 
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it was 0.383 Å. For the tetrameric structures, the RMSD between 30 atom pairs (<2.0 Å) was 
1.193 Å, and across all 34 pairs it was 1.783 Å. 

The AChE dimer coupled with the TMD can be seen in Figure S9.3A. Unlike its tetrameric 
equivalent, the TMD in the dimeric structure was not located near the oligomerisaƟon 
domain. The sole AChE tetramer can be seen in Figure S9.3B, its shape was not at all similar 
to the characterisƟc helical bundle presented by the crystal structure (Figure 6.6D).  

 

 

 

 

Figure 6.6 Protein structures of AChE oligomers.  
A) Predicted AChE dimer. B) AChE dimer crystal structure (PDB: 4PQE; Dym et al., 2015). C) 
Predicted AChE tetramer complexed with APP’s transmembrane domain (from amino acid 
700 to 724). D) Crystal structure of the AChE oligomerisaƟon domain forming a tetramer 
with a collagen tail (PDB: 1VZJ; Dvir et al., 2004). 
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6.4 Discussion 
 

6.4.1 AChE-Aβ putaƟve complexes 
 

The iniƟal aim of this study was to validate the experimental results obtained by Alvarez et 
al. (1997) and Inestrosa et al. (2005) by producing complexes that followed the trends 
described by them. It was expected for both the AChE-Aβ(12-28) complex and the AChE-
Aβ(12-16) complex to have relaƟvely high model complex score. However, as seen in Table 
6.1, the AChE-Aβ(12-28) model had a poor ipTM score (< 0.6), thus becoming unlikely to 
exist in biological condiƟons. On the other hand, the AChE-Aβ(12-16) model had an ipTM 
between 0.6 and 0.8, also known as the ‘grey zone’, where predicƟons could be accurate but 
they could also be incorrect (Zhang & Skolnick, 2004). The pTM scores in Table 6.1 are all 
high, well above the 0.5 threshold for an accurate folding of the complex. However, as seen 
in Table 6.3, the AChE individual model showed to have a very high pTM (0.94) and plDDT 
(predicted local distance difference test; >0.90; data not shown) which also measures how 
accurate a predicted structure would be compared to an experimental one (Magana & 
Kovalevskiy, 2024). Thus, it is likely that AChE’s high pTM score could influence the pTM 
scores of AChE complexes and for that reason a higher emphasis should be placed on the 
ipTM scores, which measure the relaƟve posiƟons of the chains in the complex. The model 
confidence score also puts more weight on the ipTM score making it a useful measure to 
consider (see 6.2.1). In fact, this measure indicated that none of the models in Table 6.1 can 
be considered of ‘high confidence’ as they do not go above the 0.74 threshold. 

In a pathological environment caused by AD, an overproducƟon of Aβ pepƟdes (including 
residual pepƟdes from amyloidogenic processing) could occur meaning that they could 
interact with other proteins (Chen et al., 2017). Considering the evidence suggesƟng a link 
between Aβ fibrils and AChE (Carvajal & Inestrosa, 2011; Alvarez et al., 1998), mulƟple 
models that included Aβ pepƟdes and putaƟve residual pepƟdes from PSEN1 processing 
were generated. On Table 6.2 none of the models had an ipTM score above 0.6, making 
their relaƟve folding unlikely to exist under naƟve condiƟons. All models on the table had a 
very high pTM score – potenƟally influenced by AChE’s high confidence folding. None of the 
model confidence scores was parƟcularly high and none went above the ‘high confidence’ 
threshold.  

Regardless of the mediocre scoring, the best performing models of the tables menƟoned 
above were explored. Figure 6.2 showed the AChE-Aβ(12-16) protein complex was within 
the catalyƟc site of AChE and so was the AChE-Aβ(40-46) protein complex (Figure 6.3), 
creaƟng 119 and 106 favourable contacts respecƟvely. The fact that they were in the 
catalyƟc site of AChE creates quesƟons regarding their ability to act as a compeƟtor inhibitor 
of acetylcholine. Even though the AChE-Aβ(40-46) model had less contacts, the Aβ(40-46) 
pepƟde was able to interact with all 4 important regions of the catalyƟc site, whereas the 
Aβ(12-16) pepƟde interacted with 3 out of 4.  
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6.4.2 GlycosylaƟon impact 
 

In Table 6.3, different glycosylaƟon sites were incorporated into some of the AChE models 
and it allowed for corroboraƟon of the findings by Xu et al. (2015) – specifically about the 
importance of glycosylaƟon at posiƟon 350. The model scores were all generally high, but 
the best ipTM score corresponded to the AChE_350gly model (glycosylated AChE at posiƟon 
350; 0.94). This model also had a very high pTM score, second only to the AChE stand-alone 
model. All models in Table 6.3 had a model confidence above the ‘high confidence’ 
threshold (0.74) indicaƟng that these glycosylaƟon sites are likely to exist in real 
physiological condiƟons, potenƟally having a relevant role in normal AChE funcƟoning.   

The performance of the glycosylated AChE variant at posiƟon 350 was subsequently 
examined within protein complexes. Table 6.4 showed a significant increase in the ipTM 
scores, especially when compared with previous commonly low scores (Table 6.1, Table 6.2). 

These improved scores raised an important quesƟon: do the improved ipTM scores reflect a 
beƩer interacƟon between AChE and Aβ pepƟdes, or are they mainly due to a stable and 
confident bond with the glycan chain? To address this, the AChE-Aβ40 complex and the 
AChE-Aβ(40-46) complex were invesiƟgated (Figure 6.4, Figure 6.5). As shown by Figure 
6.4A and Figure 6.5A, the AChE chains are basically idenƟcal when superimposed meaning 
that no major conformaƟonal change occurs as a consequence of the added glycan chain. 
However, the Aβ pepƟdes do undergo slightly changes in orientaƟon (Figure 6.5B) or have 
their chains redirected / rearranged in space (Figure 6.4B-C). AddiƟonally, the number of 
contacts and clashes increased on the glycosylated AChE-Aβ40 complex compared to the 
non-glycosylated one. InteresƟngly, the contacts and clashes decreased in number on the 
glycosylated AChE-Aβ(40-46) complex compared to the non-glycosylated equivalent. To 
invesƟgate this further, all complexes listed in Table 6.4 were analysed and compared with 
their non-glycosylated counterparts. The resulƟng data are presented in Table 6.6.  

All glycosylated AChE–Aβ complexes displayed an increased number of contacts and clashes 
involving the Aβ pepƟdes compared with their non-glycosylated counterparts (Table 6.6). 
The only excepƟon was the Aβ(40-46) pepƟde, which produced less contacts and clashes 
being part of the glycosylated AChE-Aβ(40-46) complex compared to the non-glycosylated 
one. The fact that the number of unfavourable clashes decreased suggests that this pepƟde 
is able to beƩer accommodate within the AChE acƟve site of the glycosylated chain. This 
complex formaƟon is further supported by a high model confidence (0.93), increasing its 
possibiliƟes of exisƟng under physiological condiƟons.   

Finally, the increased glycosylaƟon of AChE observed on AD, introduces a scenario in which 
this complex could be more easily formed (Sáez-Valero et al., 2001). However, considering 
the amyloidogenic mechanisms, it would be difficult to create this 6-amino-acid-long 
pepƟde (Aβ40-46) but perhaps increased producƟon of amyloidogenic residual tripepƟdes 
could increase the chances of them interacƟng with the AChE acƟve site.  
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Model Atoms Contacts 
(> -0.4 Å) 

Clashes          
(> 0.6 Å) 

Model 
confidence 

AChE-Aβ40 306 180 22 0.35 
AChE_350gly-Aβ40 306 322 41 0.79 

AChE-Aβ42 319 148 12 0.34 
AChE_350gly-Aβ42 319 218 26 0.77 

AChE-Aβ(40-46) 43 106 18 0.63 
AChE_350gly-Aβ(40-46) 43 75 4 0.93 

AChE-Aβ(12-16) 46 119 18 0.68 
AChE_350gly-Aβ(12-16) 46 151 28 0.94 

 

Table 6.6 Contacts and clashes produced by Aβ pepƟdes of glycosylated and non-
glycosylated AChE-Aβ complexes.  
InformaƟon about favourable contacts and unfavourable clashes on specific complexes and 
their glycosylated equivalents. The data showed that Aβ pepƟdes belonging to glycosylated 
complexes produced more contacts and clashes compared to the ones part of non-
glycosylated complexes. The only exempƟon came from the glycosylated AChE-Aβ(40-46) 
complex (yellow) whose Aβ(40-46) pepƟde produced less contacts and clashes than in the 
non-glycosylated complex. The ‘Atoms’ column refers to the number of atoms forming the 
Aβ pepƟde and the model confidence scores considers both ipTM and pTM scores.  
 

6.4.3 DisrupƟve oligomerisaƟon of AChE  
 

The objecƟve was to idenƟfy a region within APP capable of disrupƟng AChE 
oligomerisaƟon, thereby linking the findings of Fishman et al. (1986) with those of Nalivaeva 
and Turner (2016). In order words, aƩribute the decrease in G4 forms of AChE and the 
increase in G1 ones to the imbalance of a putaƟve AChE-APP regulatory system. A possible 
way in which this could happen would be if APP, or a region of APP, were to inhibit the 
formaƟon of AChE oligomers. Hence the generaƟon of predicted complexes between AChE 
dimers and tetramers and the TMD of APP.  

In Table 6.5, AChE dimers seem to do beƩer without the addiƟon of TMD to the protein 
complex. On the other hand, the AChE tetramer bound to TMD seemed to have a slight 
posiƟve effect on the complex scores, plus it radically changed the tetrameric shape, making 
it more similar to a real crystal structure of an AChE tetramer (Figure 6.6C, Figure 6.6D, 
Figure S9.3). AŌer superimposing Figure 6.6C and Figure 6.6D, there was an RMSD of 1.193 
Å between 30 atom pairs (<2.0 Å), and an RMSD of 1.783 Å across all 34 pairs. it was. By 
general consensus, superimposed structure with an RMSD below 2.0 Å are considered to be 
homologous. Hence, it can be inferred that APP’s TMD chain has the potenƟal to interfere 
with G4 tetramer formaƟon by acƟng as a subsƟtute for the collagen tail.  
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6.4.4 LimitaƟons and future steps 
 

This chapter aimed to generate AChE-Aβ models with potenƟal to exist in vivo. Hence, in 
order to further invesƟgate how the interacƟon between Aβ and AChE would work, docking 
studies could be performed. This would help understanding the potenƟal binding 
interacƟons between the two pepƟdes, providing iniƟal insights into their possible binding 
modes. Furthermore, carrying out molecular dynamics simulaƟons would allow to take the 
interacƟon predicƟons from docking studies and explore how these complexes behave 
dynamically over Ɵme in a physiologically relevant environment (e.g., solvent, temperature, 
ionic condiƟons).  

Given the literature supporƟng the interacƟons between AChE and Aβ fibrils, it would have 
been interesƟng to try to model these interacƟons computaƟonally, perhaps on a different 
plaƞorm that allows the upload of exisƟng crystal structures or processed ones (e.g. 
AutoDock Vina, HADDOCK). A lot of informaƟon on the structure of Aβ fibrils has become 
available (Yang et al., 2022) so it would be a good Ɵme to further explore this hypothesis.  

It is not possible to create a narraƟve of the AD pathology solely on computaƟonal work and 
appropriate experimental procedures need to be done in order to know more about certain 
findings. For instance, co-immunoprecipitaƟons experiments could be performed to test 
direct physical interacƟons between AChE and Aβ pepƟdes. AlternaƟvely, surface plasmon 
resonance studies could be done to quanƟtaƟvely measure binding affiniƟes and kineƟcs 
between AChE and Aβ pepƟdes. 
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7 Conclusions 
 

In conclusion, this bioinformaƟcs invesƟgaƟon into the amyloid precursor protein (APP) and 
its interacƟons with PSEN1 and AChE has provided criƟcal insights into the molecular 
underpinnings of Alzheimer's disease (AD). The structural modelling of APP variants, 
parƟcularly those involved in EOFAD, highlighted how specific mutaƟons like T714A and 
V715M introduce significant structural disrupƟons in key domains, which could affect 
amyloidogenic cleavage and contribute to the toxic accumulaƟon of amyloid-beta (Aβ) 
pepƟdes. The superimposiƟon and hydrogen bond analysis revealed criƟcal deviaƟons in the 
APP-PSEN1 interacƟon, parƟcularly in EOFAD variants that showed aberrant interacƟons at 
the γ-secretase cleavage site. These findings underscore the importance of structural 
stability in APP processing, parƟcularly in regions that are criƟcal for the cleavage events 
leading to Aβ formaƟon, a hallmark of AD pathology. The analysis of AChE’s role, parƟcularly 
in its interacƟon with Aβ pepƟdes, shed light on the complex relaƟonship between 
cholinergic and amyloidogenic systems in AD. While the predicted models for AChE-Aβ 
complexes were not as robust as anƟcipated, the results suggested that glycosylaƟon plays a 
crucial role in modulaƟng AChE’s structural stability and its potenƟal interacƟons with Aβ. 
This interplay between glycosylaƟon and AChE funcƟon could represent a novel pathway for 
therapeuƟc intervenƟon, parƟcularly in miƟgaƟng the cholinergic deficits observed in AD 
paƟents. These results also suggest a broader interrelaƟonship between cholinergic 
signalling and APP processing, offering a more integrated perspecƟve on AD pathogenesis. 
However, the research would have benefiƩed from larger sample sizes and more 
sophisƟcated methods, such as molecular dynamics simulaƟons, to beƩer capture the 
dynamic nature of these protein interacƟons and to provide a more comprehensive 
understanding of their physiological relevance. 

As a future direcƟon, creaƟng a centralised database containing pathogenicity-related 
structural and molecular informaƟon for AD mutaƟons could greatly enhance the ability to 
predict the pathogenic potenƟal of new mutaƟons. This database could incorporate data 
from computaƟonal modelling, experimental findings, and clinical outcomes, thereby 
serving as a valuable resource for researchers and clinicians alike. By systemaƟcally 
cataloguing the structural deviaƟons and molecular mechanisms underlying pathogenic 
mutaƟons, this tool would allow for a more informed approach to designing targeted 
treatments for AD, ulƟmately advancing the field toward personalised medicine approaches. 
Such a database could also bridge the gap between bioinformaƟcs and experimental 
research, promoƟng the validaƟon of computaƟonal findings and the development of novel 
therapeuƟc strategies. 
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9 Miscellaneous  
 

9.1 Supplementary Figures 
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(page 115) Figure S9.1 SchemaƟc of APP Protein.   
APP770 diagram displaying the amino acid chain, domains and pathogenicity of point 
mutaƟons. Obtained from (September 2024): hƩps://www.alzforum.org/mutaƟons/app  
 

 

 

 

 

 

 

 

 

Figure S9.2 High-mannose glycan chain 
Glycan chain used to glycosylate ACHE at posiƟons 265, 350 and 464.  
 

 

 

Figure S9.3 AddiƟonal predicted ACHE oligomers. 
A) Predicted ACHE dimer (light blue and green) alongside APP’s TMD (orange). The TMD 
does not appear to interact with the dimerisaƟon zone (yellow box). B) Predicted ACHE 
tetramer (each unit a different colour). No clear oligomerisaƟon zone can be found, and its 
structure does not resemble the tetramerisaƟon domain experimentally obtained (Figure 
6.6D).  
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