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 38 

Abstract (50 words) 39 

A central tenet of research articles is that they should accurately describe the experiments 40 

performed. Yet, important aspects of experimental design and methods are sometimes 41 

omitted, precluding proper interpretation and follow-on studies. To remedy this, we urge 42 

researchers to adopt the CLEAR principle (Clarity, Evaluation, Assessment, Rigour) when 43 

reporting research.  44 

 45 

Background and context 46 

Advancements in science require the rigorous application of method, process and insight. 47 

Each of these depends on foundational discipline, skill, and technique. However, some 48 

elements of research practice can be considered more of a craft (e.g., experimental design) 49 

and as such researchers require appropriate education to develop such craftsmanship. 50 

Unfortunately, evidence suggests that available experimental design training is suboptimal 51 

for many researchers [1]. As a consequence, inappropriate designs can be adopted, 52 

producing research outcomes that may not be robust.  53 

In a landmark initiative resonant to this issue, Errington and colleagues found that out 54 

of 193 key experiments from 53 ‘high-impact’ papers, the methods sections and 55 

supplementary information contained insufficient detail to enable the experiments to be 56 

repeated [2,3]. The authors concluded that “original papers do not include enough 57 

information about the methodology and results”. Hence much effort has focussed on 58 

improving reproducibility and reliability, prompting a consensus for change. 59 

As part of this effort, good progress has been made in implementing the principles 60 

and practicalities of robust experimental design, statistical analysis and reporting in pre-61 

clinical pharmacology. For example, it is acknowledged that improvements in transparency 62 

and reproducibility demand the use of adequately-powered group sizes [4] and that blinding 63 

and randomization should be incorporated as core elements of study design and analysis 64 

[5,6]. Resources have also been developed to help scientists increase the robustness of 65 

their work (e.g., Resource Identification Initiative [7]; SciScore [8]; Experimental Design 66 

Assistant [9]; reagent validation [10,11]). These resources have been developed by 67 

enthusiastic peer-groups and organisations with a common goal of improving research and 68 

promoting best practice. However, the level of uptake by the research community is unclear 69 

[12].  70 

As IUPHAR’s Transparency and Reproducibility Committee we asked ourselves why, 71 

despite increased awareness and freely available resources, poor experimental 72 

reproducibility and reliability in pre-clinical research persists. One possible explanation is 73 

that some researchers simply do not realise that their research paper fails to include 74 
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important descriptions of the work and so defies proper interpretation by others. For 75 

example, research papers may omit essential experimental design details such as the sex of 76 

animals or concentration(s) of drug used, or fail to include precise descriptions of how 77 

specific methodologies were implemented and how the experimental design was actually 78 

conducted. Perhaps the ‘pressure to publish’ forces authors into submitting papers that 79 

feature incomplete or poorly conceived datasets which have not been fully explored. Some 80 

authors may fail to consider the data from all angles (while fully acknowledging the 81 

shortcomings of said approach) leading to conclusions that are unintentionally flawed. In this 82 

Forum article we raise awareness of these issues and consider the importance of clarity, 83 

evaluation, assessment of variability and rigour of analysis (CLEAR) as foundational 84 

elements of reporting pre-clinical research. To help achieve this, we use a hypothetical 85 

scenario to illustrate the consequences of omitting some often overlooked elements when 86 

reporting research (Figure). The example is intentionally flawed, and we argue these issues 87 

only become apparent if the CLEAR principles are followed. 88 

 89 

Clarity on the experimental design and methodologies 90 

In the scenario described in this article, a laboratory measures hormone X 91 

concentration in rats; (i) under baseline conditions, (ii) after the infusion of a vehicle and then 92 

(iii) following drug treatment (Figure, panel A), where sequential sampling of each rat under 93 

the three conditions implies the drug effect can be assessed against the within-rat variability. 94 

A statistical power analysis revealed that N=6 rats should be sufficient to identify any drug 95 

related effects. However, to understand reproducibility, the laboratory decided to repeat the 96 

experiment three times, and hence 18 rats were ordered and then randomly separated into 97 

three sets of N=6 (Figure, panel A). Blinded measurements of the hormone were done each 98 

time.  99 

When publishing research, it should be stated whether the experiments are 100 

‘exploratory’ (pilot or hypothesis-generating) or ‘confirmatory’ (i.e., test a precise prediction) 101 

[13]. While both types of experiment are an important part of any scientific programme of 102 

work, for the latter type, the researcher should be able to predict the results, and the study 103 

should have been appropriately powered with the false positive/negative risks considered 104 

and controlled. For this scenario, as the laboratory is still trying to understand whether any 105 

additional sources of variability may affect the reproducibility of their experiments, they 106 

should clearly state that this is work is ‘exploratory’. 107 

Regardless of whether the experiment is exploratory or confirmatory, detailed 108 

reporting of experimental procedures is essential and typically dominates the Methods 109 

section of original research papers. Most researchers recognise the value of transparently 110 

disclosing the individual results (e.g., all datapoints on a scatter plot), as has been done in 111 
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the Figure [14]. However, neither the description of the methods, nor the detail with which 112 

the results are shown, address underlying issues on how the experiments were designed 113 

and conducted, and how this might influence the conclusions. While some funders and 114 

journals encourage publication of the full experimental plan and design in supplements, 115 

there is often a lack of transparent explanation of how that plan was configured, delivered, 116 

and how the experiments were actually carried out. 117 

For the purposes of this scenario, all protocols, materials and reagents used in each 118 

experiment are identical and hence any inter- and intra-assay variability should be minimal. 119 

Figure panel A describes an intentionally imperfect experimental design; a detailed 120 

consideration of how to resolve the limitations of this design are beyond the scope of this 121 

article. However, this could include use of a crossover design, where the order of testing the 122 

vehicle and drug would be varied across animals to enable any time-related effects to be 123 

accounted for in the statistical analysis. Nevertheless, Figure panel A illustrates the ethos of 124 

CLEAR: only when reported with clarity do design shortcomings become evident.   125 

 126 

Evaluation of experimental outcome 127 

The laboratory finds different effects of the drug on the concentration of hormone X in 128 

each experiment: no effect (Experiment 1); decrease (Experiment 2); increase (Experiment 129 

3) (Figure, panel B). These seemingly disparate findings cast doubt on the reproducibility of 130 

the experimental conclusions and highlight the problem that inter-experimental results, even 131 

within the same laboratory, can be different. To better understand their data, as all 132 

experiments are conducted the same way and with identical reagents, the three sets of 133 

results were pooled together and an assessment of all the data generated was performed. In 134 

theory, while this potentially will lead to over-sensitive statistical tests, as it contradicts the 135 

initial power analysis choice of sample size, the combined data set (Figure, panel C) reveals 136 

that any conclusions based on the statistical analysis of each experimental set of N=6 rats 137 

are potentially misleading. Care must also be taken with the statistical test performed. It is 138 

important to consider the appropriateness of a paired t-test, given that ‘Experiment’ should 139 

be included as a blocking factor in the analysis. Additionally, the variability in the responses 140 

to the drug is greater than to the vehicle (Figure, panel B), and therefore a mixed model that 141 

allows for unequal variances would be more appropriate. 142 

So how do we explain what is going on? Was the initial power analysis, that identified 143 

N=6 per group as sufficient, incorrect? Ideally, the number of experimental units included in 144 

a study is calculated using a power analysis which makes assumptions about expected 145 

variance and biologically relevant effect size. However, a single pre-clinical research study 146 

rarely incorporates a sample size that features every conceivable source of variability (an N 147 

of between 5 and 10 is common in publications). The Figure also highlights a potential pitfall 148 
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that can occur when randomly sub-sampling (N=6) from a larger (perhaps more appropriate) 149 

sample-set (N=18) where the random sampling can result in sub-samples that are not 150 

representative of the ‘true’ effect. These issues also illustrate the need for a careful 151 

evaluation of all the information contained in a dataset. 152 

 153 

Assessment of the variability 154 

Research will be improved if there is careful and systematic assessment of where the 155 

intrinsic and extrinsic variability in an experimental system lies [15]. The type of experimental 156 

design will influence both the understanding of the sources of variability and the conclusions 157 

that can be drawn from the data generated [13,16]. Since the experimental design and 158 

analysis are clearly described in Figure panel A, and many of the variables that could affect 159 

the data have been (artificially) reduced, Figure panels B and C should provoke the question 160 

of why the effect of the drug is apparently so variable across the three repeated 161 

experiments? Were there additional sources of variability influencing the results in different 162 

ways across the three repeated confirmatory experiments? 163 

The data in Figure panel B shed light on the underlying relationships between the 164 

variables that influence the results but clearly all sources of variability are not accounted for. 165 

This further emphasises the need to describe this study as ‘exploratory’ rather than 166 

‘confirmatory’ and additional sources of variability should be investigated. The next step is to 167 

use these findings to inform subsequent investigations that aim to identify unaccounted 168 

sources of variability prior to running a ‘hypothesis-confirming’ experiment [12].  169 

Finally, Figure panels B and C report absolute values of hormone X concentration for 170 

the purposes of transparency. This is the preferred approach because this enables better 171 

assessment of the variability. Also, any transformation of the raw data to reduce its apparent 172 

variability, such as ‘normalisation’ (percentages or incremental changes), is potentially 173 

problematic because such transformed data can be distorted by variability of the comparator 174 

values as well as ‘thresholding’ and ‘cut-offs’, which increase the likelihood of 175 

misrepresenting the real findings of the experiment and the conclusions.  176 

 177 

Rigour in data analysis 178 

It is standard practice for researchers to report only the effects of an experimental treatment 179 

compared to a control/vehicle group. In this context, the laboratory ignored the baseline 180 

concentration of hormone X and only reported the results of a paired t-test comparing the 181 

‘vehicle’ mean to ‘drug treated’ mean (grey shaded areas, Figure panels B and C). By using 182 

a paired t-test the researchers neglect other factors that might influence those treatment or 183 

control measurements (i.e., baseline levels) which gives an incomplete picture of the 184 

experiment. Since this baseline measurement might fundamentally influence the rats’ 185 
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response to vehicle or drug, it should be incorporated into statistical analysis and 186 

interpretation. To explore this explicitly, Figure panel D plots hormone X concentrations at 187 

baseline against measurements following vehicle- and drug-infusion. Visualising the data 188 

this way reveals that the starting baseline hormone concentration affects the outcome, 189 

something that is not evident from the data reported in Figure panels B and C. This 190 

highlights why care must be taken in identifying the best way to visualise data to uncover 191 

underlying effects. Figure panels C and D contain the same information and yet the different 192 

way they are presented reveals different aspects of the underlying relationships, with Figure 193 

panel D showing the baseline/vehicle/drug relationships more effectively. We emphasise 194 

that rigour in data analysis is essential to understand these effects. 195 

 196 

Conclusions 197 

Researchers must provide an unambiguous description of how an experiment was 198 

conducted and the data analysed; this information is as important as the justification for why 199 

an experiment was conducted. Original research papers should explicitly disclose sufficient 200 

detail so that readers can understand, appreciate and repeat the work. Researchers must 201 

ensure that any conclusions acknowledge and contextualise variability and are made only 202 

following rigorous scrutiny of the data. When preparing their submission, authors should 203 

scrutinise their draft manuscript and task themselves with checking whether they could 204 

repeat and interpret their own work, based on what they have written. 205 

CLEAR aims to close the gap on the long-standing problem of poor experimental 206 

reproducibility and reliability and we urge researchers to adopt the principles of Clarity, 207 

Evaluation, Assessment, Rigour. This article illustrates the value of enhanced descriptions of 208 

experimental design, methodological approach and data evaluation for gaining a greater 209 

understanding of research outcomes.  210 

 CLEAR will facilitate robust discussion on the strengths and limitations of published 211 

work and should be used to strengthen collaboration between authors, reviewers, journal 212 

editors and publishers to improve transparency in research reporting.  213 
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 214 

Table. A CLEAR action plan 215 

What Action plan 

 

CLarity 

 

Transparently explain how 

an experimental plan was 

configured, delivered, and 

actually carried out. 

 

• Carefully review methods to check 

you could reproduce your own work, 

based on the information provided 

 

• Identify experiments as exploratory 

(pilot or hypothesis-generating) or 

hypothesis-confirming. 

 

• Provide all elements that are 

integral to data interpretation, using 

(peer-reviewed) supplementary 

methods where main manuscript 

word limits preclude extensive 

methods descriptions. 

 

• Show raw data wherever possible. 

 

• As randomisation and blinding of 

the experimental design & execution 

is a foundational feature of good 

practice, assessments of variability / 

statistical analysis should be blinded 

wherever possible. 

 

Evaluation 

 

Provide a detailed scrutiny of 

all the data.  

 

 

Assessment 

 

Extensively consider sources 

of variation and their impacts 

to accurately interpret the 

results and inform future 

experimental planning. 

 

 

Rigour 

 

Ensure conclusions are 

appropriately robust and 

reflect all elements of the 

data. 

 216 

 217 

 218 

 219 

 220 

 221 

 222 

 223 
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Figure. Illustrating the CLEAR principle using a hypothetical scenario and simulated 224 

dataset. 225 

A. Sequential blood samples were taken from three sets of N=6 rats under baseline 226 

conditions (black), following the infusion of vehicle (green) and after drug challenge (blue). 227 

Samples are stored at -80°C until use. The identifier of each rat is given in orange. 228 

B. The concentrations of hormone X in baseline, vehicle- and drug-treated samples from 229 

each set of N=6 rats is measured. Statistical testing of hormone X concentrations between 230 

vehicle and drug-treated samples was performed using a paired t-test (grey shaded boxes; 231 

*, p<0.05 declared statistically significant).  232 

C. Combined data from all the experiments (N=18 rats). 233 

D. The concentrations of hormone X in vehicle- and drug-treated samples plotted against the 234 

baseline concentration. Red and grey arrows depict negative and positive differences 235 

between the vehicle and drug, respectively.  236 

 237 
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SciScore  246 

Research Resource IDentification (RRID) 247 

Only Good Antibodies  248 

Experimental Design Assistant (EDA) 249 

ARRIVE  250 

UK Reproducibility Network 251 

UK research integrity office 252 

Centre for Open Science 253 
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