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Abstract

To improve our ability to extrapolate preclinical toxicity to humans, there is a need to
understand and quantify the concordance of adverse events (AEs) between animal models and
clinical studies. In the present work, we discovered 3,011 statistically significant associations
between preclinical and clinical AEs caused by drugs reported in the PharmaPendium database
of which 2,952 were new associations between toxicities encoded by different MedDRA terms
across species. To find plausible and testable candidate off-target drug activities for the derived
associations, we investigated the genetic overlap between the genes linked to both a preclinical
and a clinical AE and the protein targets found to interact with one or more drugs causing both
AEs. We discuss three associations from the analysis in more detail, for which novel candidate
off-target drug activities could be identified; namely the association of preclinical mutagenicity
readouts with clinical TERATOSPERMIA and OVARIAN FAILURE, the association of preclinical
REFLEXES ABNORMAL with clinical POOR-QUALITY SLEEP and the association of preclinical
PSYCHOMOTOR HYPERACTIVITY with clinical DRUG WITHDRAWAL SYNDROME. Our analysis
successfully identified a total of 77 % known safety targets currently tested in in vitro screening
panels plus an additional 431 genes which were proposed for investigation as future safety
targets for different clinical toxicities. This work provides new translational toxicity
relationships beyond adverse event term-matching, the results of which can be used for risk-
profiling of future new chemical entities for clinical studies and for the development of future

in vitro safety panels.
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Introduction

Testing new chemical entities (NCEs) in animal models is a regulatory requirement for toxicity
assessment before administration of a drug to humans in clinical trials. However, drug-induced
animal toxicity and drug-induced human toxicity do not always correlate, which can lead to
either unwarranted attrition ! or increased costs and risk to human health 3. For example, it is
well-known that cardiovascular endpoints are well predicted from animal models 4, however,
cutaneous and neurological toxicities translate less well across species °. From an analysis of
the attrition of drug candidates from four pharmaceutical companies, it was found that 40 % of
drug candidates were terminated due to non-clinical toxicology findings and 11 % due to
clinical safety findings ¢. Safety was found to be the highest contributor to attrition in both
preclinical and phase I studies °. In an AstraZeneca study conducted on drug projects between
2005-2010, it was found that of those drug projects terminated preclinically, 82 % were due to
toxicity 7. Furthermore, of those drug projects which passed into clinical trials, 62 %, 35 % and
12 % of them were terminated due to toxicity in phase I, phase II and phase III, respectively 7,
showing that also in the clinical phases (and even in clinical phases II and III, which have
efficacy as their main objective), toxicity is a major cause of attrition. More recently, there has
been a renewed focus on the “right safety” of compounds within AstraZeneca ®, leading to a
reduction in project closures due to lack of safety between 2012-2016, down to 38 % for phase
I and 8 % for phase II. This result shows the vital contribution that toxicity models can make
to project success, and that continued improvement in this area is likely to further reduce drug
attrition. Since clinical toxicity is still a significant source of drug attrition, it is clear that the
predictivity of animal models is currently not sufficient to anticipate compound safety and
toxicity of later tests in man °. Increasingly, there is a drive towards the reduction of animal

usage in support of the 3R’s initiative '° by prioritising the use of only the most toxicologically
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relevant animal models, as well as implementing and developing alternative in vitro models.
To this extent, earlier stage assessment based on secondary pharmacology screening may be
successful in driving the reduction of animal testing. There are different screening panels of
targets which are used to screen molecules for off-target liabilities, including the safety panel
published in Lounkine ef al., 2012 '!, based on the Novartis safety panel,'> and the Cross
Pharma Consensus panel known as panel-44, which uses the targets published by Bowes et al.,
2012 13, The study by Lynch et al., 2017 '# summarizes the evidence for adverse events induced
by agonism/activation and antagonism/inhibition of each of 70 off-targets included in
AbbVie’s in vitro screening panel'®. Other studies have proposed targets for secondary
pharmacology panels using data driven analysis, including the recent study by Deaton and
collaborators, which provides a suggested off-target screening panel based on deriving links
between off-target phenotypes and the side effect profile of a drug using both enrichment
analysis and multivariate logistic regression !¢, and the machine learning study by Letswaart
and collaborators, which related off-targets to adverse drug reactions!’”. For the reasons
mentioned above, it is important to understand which toxicity endpoints translate from
preclinical to clinical studies and which ones do not. Such efforts to understand and quantify
the concordance of adverse events (AEs) between animal models and clinical studies have been
conducted previously using retrospective statistical analyses. Studies of this type are not trivial
to conduct, due to small data set sizes, biological variability and species exposure differences
18 as well as biased data such as due to ‘survivor bias’, since data for drugs which are
terminated before clinical trials due to safety (or other) reasons will not be present in the
analysis.

It is important that analyses such as the above are conducted using high quality safety datasets.
The PharmaPendium database, used in previous concordance studies as well as in our study,

contains curated safety data from a range of high quality sources. Regulatory healthcare
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agencies, including the FEuropean Medicines Agency (EMA) and Food and Drug
Administration (FDA), have requirements for the reporting of AEs to pharmacovigilance
databases, which leads to a source of clinical data which can be incorporated into databases
such as PharmaPendium. The current version of PharmaPendium contains over 2 million
adverse event reports for 4704 drugs and includes information reported from over 70 years of
past drug approvals. Sources of AE data include FDA approval packages, EMA approval
documents, Meyler’s side effects of drugs,!Mosby’s Drug Consult 2° and toxicity data curated
by PharmaPendium from publications?!. Pharmacovigilance databases including
PharmaPendium are often coded to a medical dictionary of terms to aid analysis; the main
dictionary used in the UK, US and Japan is the Medical Dictionary for Regulatory Activities
(MedDRA)?2, which is also used in PharmaPendium?!. (MedDRA) provides a 5-level hierarchy
of AE terms, where the highest level of this hierarchy is the System Organ Class (SOC) and
the lowest level terms are more likely to be the original terms described in a document.?? It is
important to note that since MedDRA terminology was designed for the description of human
AEs, it doesn’t cover pathological terms very well, but focuses more on physiological or
functional impairment effects. Therefore, there will be limitations in the ability of the
terminology to accurately map to all text descriptions of preclinical observations. However,
despite these limitations the MedDRA dictionary provides a highly governed terminology with
a hierarchical dictionary to map to descriptions of AEs at different levels of granularity?2.

The main findings from previous studies included that haematological, gastrointestinal,
injection site and some specific cardiovascular AEs displayed a high concordance
(demonstrated by LR* values of greater than 10 or sensitivities greater than 70 %, Table
S1)%182324. however, neurological toxicity and cutaneous toxicities have a poor concordance
(demonstrated by a sensitivity of less than 35 %) 424, It was also observed that concordance

was higher for small molecules than it was for large molecules (e.g. antibodies) 2*?° and that
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there were differences between concordance with humans for different preclinical species
42526 For a comprehensive review of previous concordance literature the reader is referred to
Monticello et al. 27 and to Table SI.

What all previous studies have in common, and the major difference to the current work, is that
they measured the association between the same preclinical toxicity, or a preclinical toxicity
related to the same system organ class (SOC) as the clinical AE. Some adverse effects in
humans are not predicted by the same AE in animals, due to the differences in anatomy,
physiology and biology between species. An example of this is the lack of a vomiting response
in rats 28, which excludes this from being used as a model for vomiting in humans. Instead,
taste aversion/food avoidance responses in rodents or ferret, or dog emesis models are used
2829 As another example, species differences exist for some teratogenic based toxicities, for
example corticosteroids are teratogenic in animal models but not in humans 3° and conversely
thalidomide is a teratogen in humans but not in many animal species, which has been attributed
in part to the differences in metabolism across species 3!. In addition, the lack of correlation of
drug bioavailability between species °, linked to poor dose extrapolation between species, can
lead to differences in toxicity observations 32. These and other reasons demonstrate how
concordance between the same AE across species may limit our ability to translate toxicity
findings from animals to humans.

Aiming to account for species differences when observing animal-based safety signals and at
the same time attempting to widen the predictivity of available animal endpoints, in this study
we implemented a data-driven approach to identify relationships between animal and human
toxicities that are not limited by considering the same system organ class (SOC) as the clinical
AE. More specifically, we extended the previous concordance approaches to find associations
between AEs encoded by different MedDRA terms. To provide biological support for our

newly discovered associations and to propose biological targets for secondary pharmacology
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screens, we have next set out to explore the genetic information shared between the drugs and
both the preclinical and clinical AEs, since drugs with genetically supported targets have been
recently demonstrated more likely to be successful in Phase II and Phase III trials 33. More
specifically, for each association we retrieved the genes linked to the ontology terms
representative of the preclinical and clinical AEs as well as the genes whose protein targets
were found to interact with one of more drugs causing both AEs. We then determined the
overlap of genetic evidence among the three domains identifying a set of plausible off-target
activities. We were hence able to propose targets as candidates for incorporation into in vitro

secondary pharmacology screening panels, pending further experimental validation.

Results

Identifying concordance between preclinical and clinical AEs within the same

MedDRA term

In order to identify and quantify the concordance between preclinical and clinical AEs, we
computed the Mutual Information (MI) and Likelihood Ratio (LR) values and assessed the
significance for those AEs which were recorded by the same MedDRA term!'®, similar to
previous studies (Table S1). MedDRA terms are represented throughout the text in small
capitals to provide clarity. As mentioned in the introduction, MedDRA is a hierarchical
dictionary of terms, however, here we analyse the associations between the preferred term
(PTs) level of the hierarchy, since grouping a collection of terms with different underlying
modes of action into a single class makes the gene to phenotype associations that we utilise in
this study more difficult to identify. Overall, 188 of the possible 473 (40%) matching

preclinical and clinical MedDRA terms were identified as significantly associated
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(Supplementary Data File 1). The 10 highest associations for the same adverse event reported
in preclinical and clinical studies are shown in Table S2. A total of 6 out of these 10 highest
associations, including DRUG SPECIFIC ANTIBODY PRESENT (LR* 118), BLOOD PROLACTIN
INCREASE (LR* 23), ELECTROCARDIOGRAM QT CORRECTED INTERVAL PROLONGED (LR* 11),
ALANINE AMINOTRANSFERASE INCREASED (LR* 3), DIARRHOEA (LR 4) and INJECTION SITE
ERYTHEMA (LR* 10), were also reported in previous studies with comparable LR* values 823
In addition to these already discovered associations, we also find that RENAL PAPILLARY
NECROSIS, CARDIOTOXICITY, SEDATION and PLATELET COUNT INCREASED were concordant
between animal species and humans with LR" values of 33, 25, 5 and 4, respectively,
highlighting the relevance of these readouts in animal models to the prediction of the clinical
AE. Since only 30 % (473 out of 1,740) of MedDRA terms for clinical AEs were matched by
a preclinical AE with the same term and we know that biological relationships exist between
different cell types, tissues and organs, this approach may lack the ability to identify additional
toxicity relationships between non-matching terms. Additionally, among these 473 matched
terms only 40 % were statistically associated by our analysis, which poses the question as to
whether other preclinical AEs in the dataset might be more relevant than the exact MedDRA
term match in predicting certain clinical AEs and suggests that novel targets of toxicity could

be identified.

Linking Preclinical and Clinical AEs across MedDRA terms

We hence next investigated which drug-induced animal toxicities were predictive for human
AEs, without the requirement of the AE to be encoded by the same term in both species. In
total, 3,011 statistically significant associations (p-value < 0.01 assessed by normalised mutual
information followed by Bonferroni post-hoc correction; see methods for details) were found
between preclinical and clinical AEs (Supplementary Data File 2), with Mutual Information

(MI) values ranging between 0.02 - 0.33, positive Likelihood Ratio (LR*) values ranging

9
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between 1.5 - 118.5 and negative Likelihood Ratio (LR) values ranging between 0.10-0.97.
Consistent with a previous study '8, we find that whilst the positive Likelihood Ratios show a
significant change in risk of the clinical AE given the preclinical AE (94 % of significant
associations had LR* greater than 2), the negative Likelihood Ratios show that the absence of
a preclinical AE does not alter the probability of clinical safety by an important degree (94 %
of the LR-values were between 0.5-1). The 20 associations with the highest Mutual Information
values are presented in Table 1, along with their Likelihood Ratios to quantify the conditional
risk. The association with the highest M1 score of 0.33 as well as the highest positive Likelihood
Ratio (LR* 118) was the preclinical finding of DRUG SPECIFIC ANTIBODY PRESENT associated
with the same finding clinically. The same AE preclinically is also associated with clinical
INFUSION RELATED REACTION (MI= 0.24 and LR" 44), most likely because monoclonal antibodies
are administered by infusion 2. The other members of the 20 highest MI associations contain
preclinical findings including WAXY FLEXIBILITY, BLOOD PROLACTIN INCREASED, INTESTINAL
ULCER, ADRENAL CORTEX ATROPHY and PERITONITIS. Preclinical WAXY FLEXIBILITY and BLOOD
PROLACTIN INCREASED were found to be associated with the most clinical toxicities for the top
20 associations (11 and 5, respectively). These preclinical findings were predictive of clinical
MEIGE’S SYNDROME, AUTONOMIC NERVOUS SYSTEM IMBALANCE, SCHIZOPHRENIA, FACIAL
SPASM and TARDIVE DYSKINESIA, a range of central nervous system (CNS) side effects which
have been recognised as a toxicity area which needs to be better predicted in preclinical models
3435 From our analysis we find that behavioural symptoms of catatonia in animal species (e.g.
WAXY FLEXIBILITY) may serve as good indicators of a variety of disorders, including
dyskinesias (MI=0.2 and LR" 43), spasms (MI=0.2 and LR" 43) and male fertility problems
(MI=0.18-019 and LR* 39-42) (Table 1). While the association between catatonia and
neurological disorders has now been elucidated 3¢, our approach identified potential new

relationships with male fertility. In addition, our study highlights that the behavioural

10
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observation of WAXY FLEXIBILITY when present in preclinical studies elevates the risk of the
aforementioned adverse effects in the clinic by up to 44 times. We also identify that the
preclinical BLOOD PROLACTIN INCREASED elevates the risk of some neurological toxicities by
over 50 times. Given that most of the drugs responsible for these associations in this study are
antipsychotics, antianxiolitics and antidepressants, this link is most likely correlative rather
than causative, since these drug classes modulate serotonin and dopamine levels,
neurotransmitters known to affect circulating prolactin levels37-3® Nevertheless, a wide range
of liquid biomarkers have been previously identified as being important for neurological

toxicity prediction 3.

Table 1: The 20 statistical associations with the highest MI values between preclinical and clinical adverse events.
Reported are the normalised mutual information, Bonferroni corrected p-value from Fisher’s exact test, positive and negative
likelihood ratios and the number of intersecting drugs between the preclinical and clinical AE terms. Grouped by preclinical
AE

Preclinical | Clinical AE Normalised | Bonferroni | Positive Negative Number of
AE Mutual corrected | Likelihood | Likelihood | intersecting
Informatio | Fishers’ Ratio (LR*) | Ratio (LR’) | drugs
n (MI) exact test between
p-value preclinical
and clinical
AE
DRUG DRUG SPECIFIC 0.33 1.37x103% | 118 0.67 35
SPECIFIC ANTIBODY
ANTIBODY PRESENT
PRESENT INFUSION 0.24 4.40x10% | 44 0.66 24
RELATED
REACTION
WAXY DYSKINESIA 0.20 3.98 x10%* | 43 0.60 11
FLEXIBILITY | OESOPHAGEAL
FACIAL SPASM 0.20 3.98 x10%* | 43 0.60 11
MEIGE'S 0.20 3.65x 101 | 44 0.57 10
SYNDROME
INTESTINAL 0.19 6.20 x 1010 | 42 0.59 10
DILATATION
SPERM COUNT 0.19 6.20 x 1010 | 42 0.59 10
INCREASED
ASPHYXIA 0.19 1.92x 10 | 39 0.67 13
RETROGRADE 0.18 1.63x 101 | 39 0.64 11
EJACULATION
AUTONOMIC 0.18 9.39x10% | 37 0.72 15
NERVOUS SYSTEM
IMBALANCE
11
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ASPERMIA 0.18 1.65x10° | 39 0.62 10
BLooD 0.18 1.65x10° | 39 0.62 10
ANTIDIURETIC
HORMONE
INCREASED

BLooD COGWHEEL 0.26 435x10% | 53 0.46 13

PROLACTIN | RIGIDITY

INCREASED DROOLING 0.20 471x10% | 33 0.58 12
FACIAL SPASM 0.18 1.81x101%° | 36 0.60 11
SCHIZOPHRENIA | 0.18 3.36x 101! | 35 0.63 12
TARDIVE 0.18 1.58x 10 | 33 0.75 19
DYSKINESIA

INTESTINAL | RENAL PAPILLARY | 0.25 8.07x 10" | 60 0.65 17

ULCER NECROSIS

ADRENAL ADRENAL 0.20 7.97 x 1020 | 25 0.54 22

CORTEX SUPPRESSION

ATROPHY

PERITONITIS | RENAL PAPILLARY | 0.19 4.08x1018 | 27 0.59 20
NECROSIS

Preclinical INTESTINAL ULCER and preclinical PERITONITIS were both associated with RENAL
PAPILLARY NECROSIS within the 20 most significant associations and INTESTINAL ULCER was
found be more predictive for the presence of RENAL PAPILLARY NECROSIS (LR* = 60) than the
preclinical observation of RENAL PAPILLARY NECROSIS itself (LR* = 33). INTESTINAL ULCER,
PERITONITIS and RENAL PAPILLARY NECROSIS are side effects observed in nonsteroidal anti-
inflammatory drugs (NSAIDs), and all drugs supporting this association were indeed NSAID
drugs. This is an example which illustrates the limits of co-occurrence for finding useful human
AE predictors from preclinical AEs when the association is supported by a single drug class. It
is likely that these AEs are species-specific, although there is some evidence to suggest that the
two events are connected since Cox-1 inhibition is known to lead to decreased prostaglandin
production which is necessary for both mucosal integrity in the GI tract and maintenance of
blood flow to the renal papillae 3. Our analysis also confirmed the potential of using preclinical
ADRENAL CORTEX ATROPHY to predict ADRENAL SUPPRESSION clinically (LR" = 25). ADRENAL
SUPPRESSION is one of the main side effects associated with long term corticosteroid usage 4°.

Since the adrenal glands are suppressed from corticosteroid usage, less cortisol is released over

12
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time. In animals this effect is often measured by histopathological examination of the adrenal
glands 4. Taken all together, these highest-ranking associations can be backed up by strong
literature evidence hence supporting the effectiveness of our approach in identifying
meaningful associations. Notably, all clinical AEs in the 20 most significant associations, with
the exception of DRUG SPECIFIC ANTIBODY PRESENT, had a higher MI value of association with a
preclinical AE which was not identical in clinical and preclinical space and the identical
preclinical AE was found to have one of the highest three MI values for only 59 clinical AEs.
We show that this method was able to discover 2,952 statistically significant relationships
between preclinical and clinical AEs that were beyond the straightforward term matching, as

well as 59 concordant associations, to make up 3,011 associations overall.

Identifying plausible off-target drug activities

We next set out to explore potential off-target activities linked to our associations, for full
details see methods. Briefly, we first identified targets modulated by drugs inducing both AEs
on the animal as well as the human level in the association, by mining multiple drug-target
interaction databases. Then, we retrieved genes associated with preclinical and clinical AEs by
converting AEs to diseases or phenotype IDs and subsequently mapping the resultant IDs to
phenotype-gene and disease-gene association databases. Finally, we mapped all the identified
genes to their human orthologs and we then conducted an overlap analysis to identify genes
shared between the preclinical and clinical AEs and one or more of the drugs which induced
AEs in both domains. We conducted our overlap analysis on a subset of 248 highly scoring
associations as measured by the MI (see methods for details) (Supplementary Data File 2) for
which we found overlapping evidence on the gene level for 59 associations (see Supplementary
Data File 3). A total of 487 unique genes were found across all associations (see Supplementary
Data File 4). The strength of association linking preclinical and clinical AEs induced by drug

treatment, measured as the number of shared off-target drug activities, is shown in Fig. 1. The

13
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association with the highest number of unique genes was the association of preclinical FOETAL
MALFORMATION with clinical NERVOUS SYSTEM DISORDERS supported by 310 different genes,
with the high number of genes involved likely to be due to the broad nature of the term
NERVOUS SYSTEM DISORDERS, as well as overlap between pathways in developmental and CNS
disorders #2. Conversely, for some associations there were very few genes found between
preclinical and clinical AEs, for example, the associations of preclinical BLOOD PROLACTIN
INCREASED with BLOOD GROWTH HORMONE INCREASED was linked by only one gene for four
drugs (chlorpromazine hydrochloride, clozapine, haloperidol and quetiapine fumarate),
Peroxisome proliferator-activated receptor gamma (PPARG), known to play a key role in lipid
metabolism 4, a biological process indeed modulated by both prolactin and growth hormone.
Among the four drugs which had activity at PPARG and supported this association, quetiapine
fumarate, clozapine and haloperidol have reported AEs associated with thyroid, endocrine and
lipid disorders?! In addition, drugs in PharmaPendium with on-target PPARG activity included
ciglitazone, darglitazone, troglitazone, englitazone, pioglitazone hydrochloride and
rosiglitazone maleate, the latter three of which have been found to cause lipid metabolism
related diseases and hypothalamo-pituitary disorders in humans and rat?'. This suggests that
the association found could be either a direct link to lipid metabolism or to the hypothalamic-
pituitary-thyroid (HPT) axis. The number of drugs driving each association as well as the
proportion of drugs for which shared off-target drug activities were identified, is reported in
Fig. S1. We also observe links between other AEs for which off-target drug activities were of
particular relevance, including the association of preclinical ABNORMAL REFLEXES with clinical
POOR QUALITY SLEEP, the association of PRECLINICAL PSYCHOMOTOR HYPERACTIVITY AND
CLINICAL DRUG WITHDRAWAL SYNDROME and the associations of preclinical MUTAGENIC tests

with clinical TERATOSPERMIA and OVARIAN FAILURE which are covered in the discussion.

14
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We were able to identify off-target drug activities for only about 25% of the studied links between preclinical and clinical AEs. However, those links are now in turn more likely to be biologically
meaningful, and a potential biomarker/safety target hypothesis for the respective AE can be derived.

16
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We found that the number of associations with overlap between preclinical, clinical and drug
space amounted to only about 25 % of our initial associations, which whilst low offers
increased confidence into the connections identified. This information can now be used to
identify preclinical readouts whose link to a clinical readout of interest is biologically
supported, to identify preclinical safety models that go beyond simple term and observation

matching between the preclinical and clinical domain.

Identifying novel candidate safety targets for clinical toxicities

We next assessed the correspondence between these genes and the published safety target panel
associated genes to determine the ability of our analysis to find known safety targets. In total,
our analysis identified 56 out of 73 (77 %) of known safety target genes (Fig. 2), as defined
from the combination of the panels published in Lounkine et al., 2012 ' and Bowes et al., 2012
13 which was high compared to a mean of 16 targets out of 73 (21 %) retrieved from repeated
random samples of 487 targets with an active data point in ChEMBL (Fig. S2). Some of these
safety endpoints are probably not target-related (or only partially) hence we do not expect links
for all of them #4. Certain genes can be associated with groups of (as opposed to individual)
clinical AEs. For example, considering nervous system and psychiatric disorders, the terms
DRUG DEPENDENCE, OBSESSIVE COMPULSIVE DISORDER, SCHIZOPHRENIA, TARDIVE DYSKINESIA
and TOURETTE’S DISORDER were associated with many genes, including the Dopamine
Receptor subtypes 1, 2 and 3, which are known to be associated with CNS adverse events 4,
however, the precise link between these receptors and OBSESSIVE COMPULSIVE DISORDER,
SCHIZOPHRENIA and TOURETTE’S DISORDER was not reported 4. The AR and ESRI1 genes,
which encode the Androgen Receptor and Estrogen Receptor 1 respectively, are promiscuous
across clinical AEs, due to their roles in a wide range of biological processes, specifically
linking to endocrine and CNS adverse events 4. Similarly, the GCR gene which encodes the

Glucocorticoid Receptor was also found to be associated with many of the clinical AEs, in
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particular a range of CNS adverse events, which have not been previously identified 4. More
specific gene-clinical AE associations from our analysis included the Acetylcholinesterase
(ACES) and Tyrosine-Protein Kinase LCK (LCK) genes associated with PNEUMONIA.
Importantly, ACES has been previously associated with respiratory adverse events '4. In
addition, the Neuronal Acetylcholine Receptor Subunit Alpha-4 (ACHA4) gene was associated
with POOR-QUALITY SLEEP, the Neuronal Acetylcholine Receptor Subunit Alpha-7 (ACHA7),
the Neuronal Acetylcholine Receptor Subunit Beta-4 (ACHB4), the Substance-P Receptor
(NKI1R) and the Glutamate Receptor Ionotropic NMDA 2A (NMDE1) genes were associated
with DRUG WITHDRAWAL SYNDROME and the Steroid Hormone Receptor ERR2 (ERR2) and
Gamma-aminobutyric acid Receptor Subunit Alpha-5 (GBRAS) were associated with
NERVOUS SYSTEM DISORDERS, none of which are summarized in the previous study '4,
representing novel associations between previously identified safety target encoding genes and
adverse events. Hence, these findings support the ability of the approach we developed to
identify meaningful associations. The remaining 431 genes which are linked by preclinical and
clinical AE observations as well as a genetic basis are not currently used in secondary
pharmacology panels, and they are provided to the reader as a resource (Supplementary Data

File 5) for further evaluation.
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Discussion

Harm-benefit analysis of the use of animal models for drug toxicity testing has long been
discussed in the field of pharmaceutical research with the conclusion that in some cases, such
as QT prolongation and arrhythmias, predictivity seems rather high 323, while in others, such
as neurological toxicities and cutaneous toxicities, this does not appear to be the case 24, This
assessment of the utility of animal studies is guided by the principles of the 3Rs to replace,
reduce or refine the use of animals in research to protect animal welfare '© whilst still using
animals in research, where the toxicity endpoint is predictive of human toxicity to the extent
that it can be used to inform decisions for drug progression to the clinic. Previous concordance
studies have led to data-driven conclusions for the risk of experiencing clinical AEs given
similar preclinical AEs. Despite the recognition that AEs manifest differently between animals
and humans, for reasons including differences in anatomy and physiology between species, as
well as differences on the genetic and cellular level, no studies have yet taken advantage of the
opportunity to associate preclinical AEs with substantially different clinical AEs. The method
presented here has now extended previous approaches in such a way and identified 2,952 new
associations (Supplementary Data File 2) between AEs which were encoded by different terms
preclinically and clinically. Firstly, this highlights the scale on which we were able to find
novel predictive links between preclinical AEs and clinical AEs. Secondly, we showed that
there were a large number of clinical AEs which are better predicted by different preclinical
AEs than via their corresponding term preclinically. We observed that 57 % of the generated
associations have a positive Likelihood Ratio of greater than 2, which indicates a significant
change in risk of experiencing the clinical AE given the preclinical AE. This ratio can be used
to assess the diagnostic ability of preclinical AEs for predicting a clinical outcome, which can

be used in safety assessment cases. Acknowledging that statistical associations can be spurious,
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we next explored off-target drug activities shared by concordant AEs, with the aim to both
focus on biologically meaningful relationships between preclinical and clinical AEs and also
to identify a way of supporting the choice of novel safety targets in this way. Interestingly, we
identified a total of 487 off-target drug activities including 56 of the 73 (77%) known safety
targets currently used in in vitro safety panels 13 supporting the ability of the approach we
developed to identify meaningful off-target activities. In addition, we identified 431 genes
which we propose could be investigated as future safety target encoding genes for different
clinical toxicities. Among the associations between preclinical and clinical AEs along with the
associated off-target activities identified, we identified a few examples to be further discussed
for the relevance of the clinical adverse effect, which include the association between
preclinical ABNORMAL REFLEXES and clinical POOR QUALITY SLEEP, preclinical PSYCHOMOTOR
HYPERACTIVITY and clinical DRUG WITHDRAWAL SYNDROME and a range of preclinical

mutagenicity readouts with both clinical TERATOSPERMIA and OVARIAN FAILURE (Fig. 3).
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Fig. 3: Targets for the associations between mutagenic preclinical adverse events and clinical TERATOSPERMIA and
OVARIAN FAILURE, between REFLEXES ABNORMAL and POOR QUALITY SLEEP and between preclinical PSYCHOMOTOR
HYPERACTIVITY and clinical DRUG WITHDRAWAL SYNDROME. Histograms shows the number of drugs for which off-target
activity against the listed genes was identified. As expected, many targets overlap when considering preclinical mutagenic
tests, especially the two estrogen receptors (ESR1 and ESR2), the androgen receptor (ANDR), the progesterone receptor

(PRGR) and the peroxisome proliferator-activated receptor gamma (PPARG).

Preclinical REFLEXES ABNORMAL are associated with clinical POOR-QUALITY

SLEEP via multiple genes/protein targets

Many pharmaceutical drugs have been shown to induce sleep disorders including insomnia,

daytime sleepiness, nightmares and changes in the sleep architecture, ultimately affecting the
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quality of life 43. Animal models exist for assessing the risk of poor-quality of sleep in patients;
however, many differences in sleep patterns exist between animals and humans 4. In our study
we identified the association between the preclinical AE REFLEXES ABNORMAL with clinical
AE POOR-QUALITY SLEEP with a LR* of 17.3 (Fig. 3 and Supplementary Data File 2). This
association is driven by the observation of BOTH side effects for 10 individual drugs in the
dataset. Of these 10 drugs, 7 were found to share at least one gene target with the two
phenotypes (Supplementary Data File 3). The most common targets found for this association
were the Adenosine A2a receptor (AA2AR), annotated as a target of six drugs and Orexin 2
receptor (OX2R), also annotated as a target of six drugs. Studies of A2aR-knockout mice show
that AA2AR is linked with a decrease in sensitivity to painful stimuli, which can lead to
reduction in the reflex response 47. AA2AR also plays a role in sleep directly, and mice lacking
the functional Adenosine A2a receptor no longer show increased wakefulness in response to
caffeine 43. In humans, polymorphisms in the A2a receptor are associated with impaired sleep,
showing a role for A2a receptors in sleep quality directly 4°. The orexin receptors are well-
known for their link with sleep and wakefulness cycles %32, in particular the conditions of
insomnia and narcolepsy 3. More recently, orexin has also been linked to antinociceptive
effects, showing a role in neuropathic pain modulation, which may have a role in the reflex
response to pain 4. While the A2a receptor is part of previously published safety panels, OX2R
is currently not found in those 3. However, in particular where sleep modulation is a concern
during drug development, including OX2R in screening panels would be warranted according

to the current analysis.
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Preclinical PSYCHOMOTOR HYPERACTIVITY is associated with clinical DRUG

WITHDRAWAL SYNDROME via multiple genes/protein targets

Drug withdrawal syndrome presents a real challenge to patients and in some cases can be life-
threatening.>® From our analysis, PSYCHOMOTOR HYPERACTIVITY in the preclinical setting is
significantly associated with clinical DRUG WITHDRAWAL SYNDROME, with a LR* of 6.2 ((Fig.
3 and Supplementary Data File 2). In total, 53 drugs were found which induced both
phenotypes, of which 49 had one or more gene overlapping between itself and the two AEs in
the association. The genes whose protein targets were modulated by the highest number of
drugs for this association included CP2B6, AA1R, AA2AR, ADA2A, ADA2B, CNR1, DRD2,
DRD3, GASR, NPY2R, OPRD, OPRK, OPRX, OX1R, which were targets for at least 42 of
the drugs supporting the association. Many of the links identified from the data were supported
by biological knowledge. For example, the Cytochrome P450 family 2 subfamily B member 6
(CP2B6) polymorphisms, in combination with attention deficit hyperactivity disorder (ADHD)
symptoms, are found to be linked to nicotine addiction.’” Antagonism of the Adenosine
receptors (AAIR and AA2AR) leads to psychomotor phenotypes from the reduction in
adenosine and regulation of genes in the striatum signalling pathway.’® AAIR and AA2AR
agonists have been linked to withdrawal symptoms for benzodiazepine drugs,’® and agonism
of these receptors antagonistically modulates dopaminergic neurotransmission and therefore
reward systems.®® Additionally, the Cannabinoid receptor 1 (CNR1) and Dopamine receptors
(DRD2, DRD3) have well-known links to ADHD, neuropsychiatric disorders and substance
withdrawal, as do the Opioid receptors (OPRD, OPRK, OPRX).6!-¢4 Cholecystokinin B
receptor (GASR) mutations are related to behavioural changes in animals® and also affect
morphine induced hyperactivity and withdrawal symptoms.®6-67 Finally, the Orexin 1 (OXR1)
receptor is involved in ADHD as well as naloxone-precipitated morphine withdrawal.%8-7°
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Our analysis found a link between preclinical PSYCHOMOTOR HYPERACTIVITY and clinical
DRUG WITHDRAWAL SYNDROME, supported by multiple genetic links. Of the targets identified,
the majority are present in existing safety panels, however, we also identified three targets,
namely CP2B6, OPRX and OX1R, which are not routinely screened according to published in
vitro safety panels, (although CP2B6 is screened in drug metabolism and pharmacokinetic
(DMPK) assays for potential drug-drug interactions’"). According to the links found here, these

three new targets could be further investigated for future safety panel inclusion.

Preclinical mutagenicity tests are associated with clinical TERATOSPERMIA and
OVARIAN FAILURE, supported via by multiple genes/protein targets

From our analysis, observations of preclinical mutagenicity using the MUTAGENIC:
MICRONUCLEUS TEST, IN BONE MARROW CELLS test, MUTAGENIC: CHROMOSOME ABERRATION,
IN BONE MARROW CELLS and MUTAGENIC: SPECIFIC LOCUS TEST (THYMIDINE KINASE), IN
LYMPHOMA CELLS were associated with clinical TERATOSPERMIA and OVARIAN FAILURE with
LR+ values 0f20.7, 23.1,28.9 and 17.2, 19.2, 24, respectively (Fig. 3 and Supplementary Data
File 2). This showed a very high conditional likelihood for experiencing TERATOSPERMIA and
OVARIAN FAILURE in clinical trials, given a positive readout in either of these preclinical tests.
Interestingly, the main gene present for all associations was the human ANDR gene. This gene
(the Androgen receptor) is well-known to be linked to TERATOSPERMIA, as it has a vital role in
spermatogenesis and mutations in the gene lead to male infertility 7>-74. OVARIAN FAILURE is
linked to the absence of the androgen receptor in mice and serum androgen levels are elevated
in women with ovarian failure 7>76. Many of the other 32 genes for these associations are related
to DNA damage or repair, apoptosis, cellular proliferation, angiogenesis, methylation effects
and transcriptional regulation and are not shared by all the associations. Overall, we present
the genes which were found to support our associations between mutagenic preclinical AEs

and the clinical AEs of TERATOSPERMIA and OVARIAN FAILURE, providing protein targets which
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could be investigated further for their roles in these serious reproductive toxicities of drugs.
Despite the association between preclinical mutagenicity tests and clinical TERATOSPERMIA and
OVARIAN FAILURE being known, only five out of 33 identified genes are currently routinely
screened as in vitro safety panels, namely ANDR, ESR1, ESR2, GCR and PRGR. The
remaining 28 genes/their protein products, namely BAZ1A, BRDT, BRWDI1, CDK1, CDK16,
CDK2, CDK4, COT2, FGFRI1, FGFR2, GSK3A, INSR, MTOR, NROB2, P53, PPARA,
PPARG, RARA, RARG, RET, RXFP2, RXRB, STK11, THB, TXK, VDR, VGFRI and
VGFR2, are not currently routinely used within published safety screening panels but their

future incorporation could be investigated further..

Conclusion

In this work we developed an approach to discover statistically significant associations between
preclinical and clinical AEs caused by drugs reported in the PharmaPendium database across
different MedDRA terms. In addition, by investigating the genetic information shared between
the drugs and both the preclinical and clinical AEs we identified plausible and testable
candidate off-targets drug activities which are not currently tested in in vitro screening and that
we propose for investigation as future safety targets for different clinical toxicities. The
relevance of the proposed targets is supported by the meaningful associations identified
between mutagenic preclinical AEs and the clinical AEs of TERATOSPERMIA and OVARIAN
FAILURE, between preclinical REFLEXES ABNORMAL and clinical POOR-QUALITY SLEEP and
between preclinical PSYCHOMOTOR HYPERACTIVITY and clinical DRUG WITHDRAWAL
SYNDROME. Notably, we were not able to identify off-target drug activities for up to 75% of
the associations identified and this could be due to multiple reasons. First and most importantly,

many toxicity events are simply not linked to proteins directly 77. Secondly, the individual AEs

26

ACS Paragon Plus Environment

Page 26 of 48



Page 27 of 48

oNOYTULT D WN =

Chemical Research in Toxicology

could be caused by separate and distinct mechanisms of the same drugs (i.e., two AEs are
produced by different off-targets of the same drug) and therefore we find statistical, but no
causal associations between (mechanistically distinct) AEs. Last, in some cases we were unable
to map the AE terms to a representative disease or phenotype due to a lack of knowledge about
the involvement of genes in the linked diseases or phenotypes, as annotated in the databases
used here. When interpreting the results of this study there are certain limitations that should
be noted related to the dataset and the methods used. Firstly, this analysis did not consider the
dosing of drugs administered for both the preclinical and clinical studies due to the lack of this
information in the PharmaPendium database. Therefore, the dosages in preclinical studies were
assumed to be relevant to the human dose in clinical trials and plasma concentration assumed
to be similar across species. Despite our analysis not considering dose, our approach led to the
discovery of novel targets of toxicity which dose-response relationship can be investigated in
vitro. Furthermore, this analysis does not consider the frequency or the number of animals or
humans which experienced the toxicity, instead encoding the presence or absence of an AE
across all subjects and studies conducted for each drug. This is because this quantitative
information was not captured within the PharmaPendium database. With regards to the off-
target drug activities analysis, we did not discriminate on the level of association required for
a gene to be associated with a phenotype or disease because we wanted to identify all plausible
links which could be used for hypothesis generation. Despite these limitations, this study has
been able to identify new associations between preclinical and clinical AEs along with a set of
novel targets of toxicity that can be further explored before being considered for in vitro
secondary pharmacology screening panels. In addition, the approach developed in this work
for the identification of associations between preclinical and clinical toxicities, can be applied
for similar datasets to determine the interrelationship between toxicological data and to

evaluate which preclinical models are useful to assess the risk of experiencing clinical
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toxicities. We furthermore see the utility in hypothesis generation methods such as this for
finding targets of toxicity for inclusion in toxicity panel screens. This analysis mainly reports
one-to-one associations however, as demonstrated for reproductive toxicity, drug-induced
toxicities are interrelated in the preclinical and clinical spaces. Future work can explore the
multi-item nature of associations in more detail. Finally, this type of analysis could provide
semantic reasoning between AEs, such as the mechanistic relationships between MedDRA

terms, as well provide a basis for machine learning models of clinical toxicity.

Materials and Methods

Dataset

Preclinical and clinical adverse event (AE) data encoded by the Medical Dictionary for
Regulatory Activities (MedDRA) 7® preferred term (PT) were manually extracted from
PharmaPendium (2017-04) 2! for all drugs in the database. These drugs were filtered to only
retain those drugs which had at least one reported AE in a preclinical and a clinical study,
resulting in 2,259 drugs. Duplicate entries of the same drug and AE combination were removed,
retaining only one instance of each pair. The dataset was converted into a binary matrix of AEs
against drugs where presence of an AE for a drug was encoded by 1 and absence encoded by
0. In total, 4,585 preclinical AE variables and 7675 clinical AE variables were extracted. The
breakdown of reported preclinical AEs by species is shown in Fig. S3, which shows that rat,

dog, mouse, rabbit and monkey dominate animal models of toxicity in this database.

Feature filtering

To avoid the biases of calculating associations between variables with small classes, near-zero
variance AE features were removed using the VarianceThreshold function from
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sklearn.feature_selection in Python 7, using the variance for Bernoulli random variables = p(1-
p), where p=0.99. We experimented with different thresholds, however, this value was chosen
as any lower probability led to a large drop off in the number of variables retained (Fig. S4).
751 preclinical AEs and 1,740 clinical AEs remained after filtering, with a minimum and

maximum frequency of 23 and 1,862 times respectively a given AE was present across drugs.

Mutual Information Associations

Concordance analysis

The normalized Mutual Information (MI) 8 between each preclinical to clinical AE encoded
by the same MedDRA term was calculated using normalized mutual info score from
sklearn.metrics in Python 7. Here we use the MI as a measure of the dependence between the
preclinical and clinical variables, as opposed to other methods of correlation, because it can
measure the general dependence rather than the linear dependence between two variables and
doesn’t depend on the exact values but the probability distribution of the variables 3!.

The two-tailed Fisher’s exact test 82 implemented using scipy.stats.fisher exact in Python 3
was used to assess the significance of the associations with sample size of 2,259 drugs and
using a cut-off of 0.01 for the Bonferroni corrected p-value (number of tests=473), to reduce

the type 1 error.

Statistical Associations between all preclinical and clinical AEs

The same method as above was used to calculate the values for the MI between all preclinical
AEs and all clinical AEs, regardless of the MedDRA term. For each clinical AE, the largest

three preclinical MI scores were retained.
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Assessing significance

The two-tailed Fisher’s exact test 32 implemented using scipy.stats.fisher _exact in Python %3
was again used to assess the significance of these associations sample size of 2,259 drugs and
using a cut-off of 0.01 for the Bonferroni corrected p-value (number of tests=5220).
Furthermore, for each individual preclinical and clinical AE the binary labels were randomised
using rv_discrete from SciPy, preserving the computed probability of observing the AE for
each of the vectors and generating randomised vectors of same length as the real vectors
(comprising 2,259 drugs). Then the normalized mutual information was calculated as before
for the random set of vectors for all preclinical to clinical AEs, repeated 10 times. We took the
99t percentile of the distribution of randomised MI values which was 0.011 as a cut-off for
significant associations between the real data; any associations below this value were removed
from the set. We use stringent cut-offs in both approaches to reduce the false positive rate of
our newly discovered associations, hoping to avoid spurious associations, which are likely with
large datasets such as these. In total, after applying the Fisher’s exact test and the randomisation

derived cut-off, 3,011 significant associations were identified.
Quantifying risk

In order to quantify the risk determined by these associations we employ the Likelihood Ratios.
The positive and negative Likelihood Ratios 34 (LR*, LR") were calculated to assess the risk of
experiencing a clinical AE given the presence of a preclinical AE and the likelihood of absence

of a clinical AE given the absence of a preclinical AE. The following formulas were applied:

+ sensitivity
LR™ = 1 — specificity
LR~ 1 — sensitivity

specificity
The Likelihood Ratio has been argued to be a better indicator of concordance for this type of

analysis than the traditional sensitivity metric, as it takes into account the false negatives and
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the false positive values as well as providing extra interpretation 3386, A positive or negative
Likelihood Ratio of 1 means that there is no useful information in the probability of the
preclinical finding to predict the clinical outcome, whereas a positive Likelihood Ratio (LR+)
of greater than 10 shows a large and conclusive change in probability of a clinical AE given
the probability of the preclinical AE. Conversely, for the negative Likelihood Ratio (LR-),
values closer to 0 are more useful to determine the likelihood of the absence of a preclinical
finding predicting the absence of the clinical AE 837, We therefore use this as an additional

measure of directionality of our associations.

Targets of Toxicity Identification Between Preclinical and Clinical AEs

Associations

Associations for Interpretation

For the purposes of interpretation, we limited our associations to only the most significant,
chosen by applying a cut-off for the mutual information (MI) score of greater than 0.095, which
was the highest value for the randomised distribution. This left 248 highly significant
associations which were next subject to the workflow shown in Figure S6 in order to investigate

for evidence of biological drivers.

Extracting targets for drugs

First, we set to retrieve toxicity targets for each of the drug contained in the PharmaPendium
21 database (Fig. S5, Step 1). All 2,259 drugs were standardised from their SMILES strings
using the StandardiseMolecules function camb package in R # which removes salts. The
standardised structures were then converted to InChIKeys using KNIME 8%, to map the drugs
to their target activities in other databases. Targets for the drugs in PharmaPendium were

extracted from three main sources, namely the AstraZeneca ChemistryConnect database
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(which contained Bioprint (2007 snapshot) *©, ChEMBL-23 °! and GOSTAR (GVK Bio) data),
DrugTargetCommons °? and SuperDrug2 °3. Data was extracted from ChemistryConnect by
querying the database using a synonym search from the drugs in the PharmaPendium database.
Compounds extracted were standardised using the same process as for the PharmaPendium
drugs, and then matched by InChIKey °* to the PharmaPendium drugs. It was necessary to carry
out a second match on exact drug names between the databases, as some of the drugs were non-
small molecule drugs for which SMILES were not available. Targets in ChemistryConnect
were encoded by EntrezGenelD % which was mapped to their UniProtKB Accession IDs using
the Uniprot Identifier exchange service %. The data in ChemistryConnect is already categorized
into the classes of active and inactive based on the cut-off of 10 uM for endpoints including
Ki, Kd, 1C50 or % inhibition at 10 pM. We retained the active entries for our analysis. Whilst
a relatively high cut-off, we chose this activity cut-off as we wanted to include as much off-
target information for drugs as possible and many of the panel screens were conducted at a
concentration of 10 uM. Data from the SuperDrug2 %3 database was provided by the curators.
Compounds extracted were standardised using the same process as for the PharmaPendium
drugs, and then matched by InChIKey and exact name matching to the PharmaPendium drugs.
The targets in this database were already encoded in UniProtKB Accession IDs.
DrugTargetCommons %> data was downloaded from the web platform
(https://drugtargetcommons.fimm.fi/). Since the data did not have SMILES, but did include
ChEMBL IDs, we matched the database to ChEMBL-23 using these IDs to obtain SMILES.
For this purpose, the ChEMBL IDs and SMILES for all ChEMBL-23 compounds were
extracted using Toad for MySQL °7 and then merged with the ChEMBL IDs in Drug-Target
Commons. The resulting compounds were standardised using the same process as for the
PharmaPendium drugs, and then matched by InChlKey and exact name matching to the

PharmaPendium drugs. For the data in DrugTargetCommons, those with an “Active” flag in
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the activity comment column were retained, where a cut-off of 10 uM was used to define
activity and only those records for which there was Ki, Kd, IC50 or % inhibition at 10 uM were
retained. The targets in this database were already encoded in UniProtKB Accession IDs.
Active drug-target interaction data from all sources was combined into one database, retaining
PharmaPendium drug names, UniProtKB Accession IDs, gene names, gene symbols where
possible and an external reference key to the original database. Duplicates of PharmaPendium
drug name and UniProtKB Accession ID were removed. Overall 82,459 positive drug-target
interactions were extracted for 1604 out of 2,259 drugs in the PharmaPendium dataset, which
included 7,533 unique targets. The breakdown across databases was as follows: 1,397 drugs
mapped to ChemistryConnect, 1,511 drugs mapped to DrugTargetCommons and 1,253 drugs
mapped to SuperDrug2. A total of 4,863 out of 7,533 targets were found to interact with
multiple drugs and 1,549 out of 1,604 drugs had more than one active target, and hence this

combined dataset was found to be encoding more than just the primary target activity.

Mapping preclinical and clinical AEs to ontology terms

For each preclinical or clinical AE which was found as part of the 248 statistically significant
associations generated from the analysis, the MedDRA encoded AE terms were mapped to
ontology IDs using Zooma %, identifying phenotypes and diseases that describe the AE (Fig.
S5, Step 2). The ontologies searched in Zooma included the Human Disease Ontology (DOID)
%  Mammalian Phenotpye Ontology (MP) !0, Human Phenotype Ontology (HP) 0!,
Experimental Factor Ontology (EFO) !92, Orphanet Rare Disease Ontology (ORDO) 103,
National Cancer Institute Theasurus (NCIT) %4, Ontology of MIRNA Target (OMIT) !0,
Ontology of Adverse Events (OAE) %, Monarch Merged Disease Ontology (MONDO) 197,
Symptom Ontology (SYMP) %8 Mental Disease Ontology (MFOMD) %, Mouse Pathology
Ontology (MPATH) 1% Ontology of Biological Attributes (OBA) !!'! and BioAssay Ontology

(BAO) 2, The mapping results were manually filtered to leave only terms which have the
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same meaning as the MedDRA encoded AE term. This resulted in 183 Zooma mappings for
preclinical AEs and 405 mappings for clinical AEs. Not all AEs were mapped to ontology
identifiers. The list of Zooma Ontology terms mapped from PharmaPendium MedDRA terms

are in Supplementary Data Files 6 and 7.

Extracting genes for preclinical and clinical AEs

From these mappings, the OpenTargets (version 3.4) 13 database was queried using the
OpenTargets Python client '# to extract the genes associated with diseases encoded by the EFO
and DOID ontologies (Fig. S5, Step 3). The genes found were encoded by Ensembl gene
(ENSG) IDs !> from OpenTargets. In total 22,056 genes were mapped to preclinical AEs and
44,718 genes were mapped to clinical AEs. For the phenotype ontologies including HPOs,
MPOs, NCITs, Orphanet, as well as others, genes were extracted from the Monarch Initiative
116 ysing the requests library in Python 7 to import the data from the URL for the matched
ontology ID. In total 26,216 genes were mapped to preclinical AEs and 50,415 genes were
mapped to clinical AEs. The output gene IDs were HUGO Gene Nomenclature Committee
(HGNC) symbols ''® for human genes and the relevant non-human gene IDs for other
organisms including the Mouse Genome Informatics (MGI) '!° IDs.

For disease ontologies including DOIDs and MONDO IDs, genes were extracted from the
Monarch Initiative ''®, using the requests library in Python 7 to import the tsv file from the
url for the matched ontology ID. In total 9,252 genes were mapped to preclinical AEs and
35,239 genes were mapped to clinical AEs. The output gene IDs were as for the previous step.
Gene IDs from all sources were then mapped to Uniprot KB identifiers using the Uniprot
Identifier exchange service. The genes were mapped back to their original AE term. Duplicate
UniprotKB Accession IDs for each AE were removed. In total, 242,997 gene-preclinical AE
pairings were found across all preclinical AEs and 546,902 gene-clinical AE pairings were

found for clinical AEs.
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Gene filtering and mapping animal genes to human orthologs

Next, we set out to map the UniprotKB gene IDs associated with drugs, preclinical AEs and
clinical AEs to human ortholog (Fig. S5, Step 4). For preclinical AE genes, we retained those
which were from non-human species while for clinical AE genes we retained only human
genes. For the drug-gene associations the non-human genes were separated from the human
genes for the next step. Next, for the preclinical AE-associated non-human genes, we mapped
their gene identifiers to their orthologs in humans, utilising the Uniprot Identifier exchange
service to map to Eggnog '?? identifiers and then back to human UniprotKB genes via the REST
API ¢, We chose the Eggnog database due to the higher level of overlap with UniprotKB
identifiers than other ortholog mapping databases. The non-human genes for drugs were also
mapped using the same method to their human orthologs, meaning all genes were mapped to

human UniprotKB identifiers for the overlap analysis.

Overlap analysis of genes from preclinical AE, clinical AE and association driving

drugs

Finally, we set to explore the genetic overlap between all the drug associated genes, clinical
AE associated genes and the preclinical AE associated gene orthologs (Fig. S5, Step 5). The
following analysis was conducted in Python utilising the pandas '?! library. The overlap
analysis was designed to check whether, for each association, the drugs which displayed both
the preclinical and clinical endpoints possess protein targets which are encoded by genes
associated with both the preclinical and clinical endpoint, and which could hence
mechanistically be associated with AEs in both animals and humans. All matches of a drug
with protein targets which are present in the genes associated with both preclinical and clinical
AEs were retained for subsequent analysis. For each association, the intersection between

genes for the preclinical and clinical AE terms was extracted as a list of genes. As mentioned
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above, the overlap analysis discussed in this study was conducted by only using human genes
found from databases for matching to clinical AEs and the orthologs of animal genes found
from databases for matching to preclinical AEs. We also conducted the same analysis agnostic
of species, by not filtering out animal genes for clinical AEs and human genes for preclinical
AEs respectively, and refer the interested reader to Supplementary Data File 9, which reports

these results.

Comparison of Mechanistic Targets to /n Vitro Safety Screening Panels

In vitro target safety panels were extracted from Lounkine et al., 2012 ' and Bowes et al.,
2012 '3 which represent the Novartis Safety Target panel and Panel-44 respectively. The genes
found from the overlap analysis were compared to the genes represented by the safety targets
in the combined panels and flagged as either known safety target genes (if present in the panels)
or potentially novel safety target genes (if not present in the panels). To assess how much better
our method was at identifying known safety targets than a random selection of proteins
associated with active compounds, we simulated the sampling of 487 targets with known
actives from ChEMBL and compared these targets to the safety panel targets. Sampling was
repeated 1000 times to produce a distribution of the number of matches to safety panel targets
(Fig. S2), from which the mean was calculated to be 16, identifying 22 % of known safety

panel targets on average.

Visualisations

Visualisations were generated in TIBCO spotfire >? and R.
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