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ABSTRACT

KNOWLEDGE-GUIDED DEEP LEARNING MODELS OF DRUG TOXICITY IMPROVE
INTERPRETATION
Yun Hao
Li Shen
Jason H. Moore

In drug development, a major reason for attrition is the lack of understanding of cellular
mechanisms governing drug toxicity. Conventional models are limited by low accuracy and lack of
interpretability. Further, they often fail to explain cellular mechanisms underlying structure-toxicity
associations. To address these limitations, we developed a series of interpretable in silico models
that connect drugs to their toxicity targets and pathways. In Chapter 2, we incorporated target
profile as an intermediate connecting structure to toxicity. To accommodate for high-dimensional
feature space, we developed a pipeline named TargetTox that can identity subset of predictive
features. The features identified by TargetTox accurately predicted binding outcomes for 377
targets and toxicity outcomes for 36 adverse events. We demonstrated that predictive targets
tend to be differentially expressed in the tissue of toxicity. We also discovered that predictive
targets are enriched for key cellular functions associated with toxicity. Furthermore, we found
evidence supporting diagnostic/therapeutic applications of some predictive targets. Our findings
highlighted the critical role of predictive targets in cellular mechanisms leading to toxicity. In
Chapter 3, we developed DTox, an interpretation framework for knowledge-guided neural
networks, which can predict compound response to toxicity assays and infer toxicity pathways of
individual compounds. We demonstrate that DTox can achieve the same level of predictive
performance as conventional models with a significant improvement in interpretability. Using
DTox, we were able to rediscover mechanisms of transcription activation by nuclear receptors,
recapitulate cellular activities induced by aromatase inhibitors and PXR agonists, and differentiate

distinctive mechanisms leading to HepG2 cytotoxicity. Virtual screening by DTox revealed that
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compounds with predicted cytotoxicity are at higher risk for clinical hepatic phenotypes. In
Chapter 4, we introduce AIDTox, an interpretable deep learning model which incorporates
curated knowledge of chemical-gene connections, gene-pathway annotations, and pathway
hierarchy. AIDTox can accurately predict cytotoxicity outcomes. It also provides comprehensive
explanations of cytotoxicity covering multiple aspects of drug activity including target interaction,
metabolism, and elimination. In summary, our work provides a framework for deciphering cellular

mechanisms of toxicity in silico.
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CHAPTER 1: INTRODUCTION

1.1 Toxicity is a major cause of attrition in drug development

Drug toxicity refers to any untoward medical occurrence which does not necessarily have a
causal relationship with the treatment. It is a primary reason for attrition in drug development,
accounting for 30% of clinical trial failures in the last three decades®3. Postmarketing surveillance
data showed that adverse drug events affect two million patients in the U.S. every year while
causing approximately 100,000 fatalities*. Therefore, assessing toxicity is a critical step in drug
development.

1.2 Toxicity can be caused by distinctive underlying cellular mechanisms

Based on the induced pathological effect, drug toxicity can be classified into four categories:
cytotoxicity/tissue injury, altered phenotype/function, immunological hypersensitivity, and
genotoxicity/cancer®. Drug toxicity also occurs in various contexts, including drug overdose, drug-
drug interactions, rare idiosyncratic reactions representing unique susceptibility of individuals, and
most commonly, adverse reactions at therapeutic doses. Toxicity can be caused by distinctive
mechanisms. In general, there are four categories with regard to cellular mechanisms underlying
toxicity: biological transformation to toxic metabolites, hypersensitivity and related immunological
reactions, disruption of cellular signaling pathways related to on-target or off-target effects, and
idiosyncratic reactions®.

Biological transformation (i.e. Phase | and Il metabolism) is a metabolic process that
xenobiotics undergo in human body. It is mediated by drug-metabolizing enzymes such as
cytochrome P450 monooxygenases, aldehyde oxidase, UDP-glucuronosyltransferases,
sulfotransferases, etc®. Reactive oxygen species generated from the process can cause oxidative
stress by covalently binding to cell macromolecules such as DNA, proteins, and lipids’. This
covalent binding may lead to cytotoxicity via perturbation of cellular signaling events, or
genotoxicity via formation of DNA adducts.

Drug hypersensitivity is an immune-mediated reaction to a drug. It is often caused by

covalent binding between drugs and serum or cell-bound proteins such as major
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histocompatibility complex (MHC) class Il molecules®. This covalent binding can activate T cells
and trigger immune response such as antidrug antibody production, which results in symptoms
ranging from mild skin rashes, anaphylaxis, to organ failure.

Drug-induced disruption of cellular signaling pathways can be a result of exaggerated
pharmacological response at the therapeutic target (i.e. on-target effect). For instance, cardiac
and pulmonary toxicity of tyrosine kinase inhibitors are linked to the disruption of EGFR
signaling® 1°. It can also be a result of interaction with unintended targets (i.e. off-target effect).
For instance, hepatic and renal toxicity of antiretroviral agents are linked to the disruption of drug-
metabolizing cytochrome P450 system?! 2, Cardiac arrhythmia of non-sedating antihistamine
terfenadine is linked to inhibition of cardiac ion channels (hERG)*3.

Idiosyncratic reactions refer to adverse events that infrequently occur among individual
patients or small subpopulations. The toxicities often reflect individual genetic predispositions that
affect biological transformation, drug hypersensitivity, on-target or off-target effects'# 5. This
category of drug toxicity is the least well-understood since the reactions are rare (< 1 event in
10,000 individuals), and often not observed until late stage of clinical trials or post market
introduction.

For most chemicals, the exact cellular mechanism of toxicity remains largely unknown?6.
Therefore, one key goal of toxicity assessment is to identify targets and pathways that may
explain the outcome.

1.3 Large-scale toxicological data opens the door for computational research

There are three major data sources of large-scale toxicity assessment: preclinical studies,
clinical trials, and postmarketing surveillance. Preclinical studies utilize quantitative high-
throughput screening techniques to generate millions of data points regarding the response of
biological systems to important chemical libraries, both in vitro and in vivo. For instance, in the
Tox21 program?’, over 8,500 compounds were tested for 72 toxicity endpoints including stress
response, genotoxicity, cytotoxicity, developmental toxicity, etc. Similarly, in the ToxCast
program?*®, 641 environmental chemicals and 135 reference pharmaceuticals were tested for 87
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endpoints covering molecular functions related to cardiovascular disease, chronic inflammation,

respiratory diseases, etc. These toxicity profiles can assist with probing how chemicals interact

with proteins and pathways to trigger a certain outcome, and thus shed light on cellular

mechanisms of toxicity'®. Both clinical trials and postmarketing surveillance monitorthes ubj ect s 6
response to pharmaceuticals and keep track of the adverse events observed in subjects reflecting

drug toxicity to human body systems, tissues, and cell types. Curated databases such as AACT?,
SIDER?, AEOLUS?, nSIDES?3, contain relationships between thousands of drugs and tens of

thousands of adverse events. These resources provide extensive data for researches to model

drug toxicity and develop in silico approaches identifying the chemical or biological patterns of a

drug that might be predictive of adverse health outcomes in humans?* 25,

1.4 Various in silico models have been developed for toxicity assessment

Existing strategies include in vitro, in vivo, and in silico testing. In vitro testing uses in vitro
model systems (e.g. assays, organ-on-a-chip) to determine the potential of a chemical to be
hazardous to humans. The development of high-throughput screening assays enables activity
profiling of large numbers of chemicals simultaneously?® 27, Recent advances in physiologically
relevant 3D tissue models further enhance the translation of assay results to predict adverse
effects in humans?8. In vivo testing uses model organisms (e.g. rat, mouse, rabbit) to determine
the potential of a chemical to be hazardous to humans. In vitro and in vivo approaches are time-
consuming, labor-intensive, and may not reflect the actual response in human body?® . In silico
testing uses computational models to perform large-scale virtual screening, identifying candidates
for further experimental testing®..

A variety of in silico approaches have been developed for toxicity assessment, including rule-
based structural alerts (SAs), uncertainty factors modeling (UFs), pharmacodynamics (PD) and
pharmacokinetics (PK) modeling, Read-across, and ligand-based quantitative structure-activity
relationship (QSAR) modeling®2.

Rule-based SAs (i.e. toxicophores) contain structural properties that indicate certain toxicity
outcome333, SAs are binary (the property is either present or absent) and only apply to
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gualitative endpoints (e.g. cytotoxic or non-cytotoxicity)®*. They are not exclusive (absence of the
property does not indicate non-toxicity), which may bring in many false negatives®. Nor do they
provide biological insights into the mechanism of toxicity.

UF models assess exposure risk or recommended intake of chemicals by interspecies
extrapolation (from model organism to human), intraspecies extrapolation (from general
population to particular groups such as elderly people, children, pregnant women), or exposure
duration extrapolation (from short-term exposure to long-term exposure)®: ¥, UF models use a
specified value (the uncertainty factor) to account interspecies/intraspecies/exposure duration
variability. However, determination of UF is challenging as the factor itself varies greatly by
toxicity endpoints. The adoption of empirical values may lead to inaccurate estimation.

PD models quantify drug effect on human body by relating the biological response to
chemical concentration in tissue, whereas PK models quantify human body effect on drug
(absorption, distribution, metabolism, and excretion processes) by relating chemical concentration
in tissues to time3%4°, Instead of administrated doses, PD and PK models take into account
internal doses and key metabolites of a drug, which allow a more direct relationship with the drug
response®. However, PK and PD parameters are often estimated by in vitro-to-in vivo or
interspecies extrapolation due to an absence of human data, assuming the dose-response
relationships are consistent across species*' 42, The assumption may lead to inaccurate
estimation of concentrations in human body.

Read-across models use toxicity profiles of data-rich chemicals to infer the outcomes for
data-poor chemicals**#°, Read-across is easy to implement and interpret. However, it largely
depends on existing knowledge. The inference can be problematic when there is a lack of analog
chemicals or the analogs have conflicting profiles*.

The most commonly used in silico approach is ligand-based quantitative structure-activity
relationship (QSAR) modeling*®. QSAR models quantify chemical structure of each drug into
features, then relate the features to toxicity outcomes using supervised learning algorithms. The
features can be binary chemical fingerprints indicting the yes/no answer to a set of questions
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related to chemical structure (e.g. whether the chemical has more than three oxygens, whether
the chemical has a disulfide bond), or continuous molecular descriptors representing structural
properties of chemicals (e.g. molecular weight, partition coefficient). A wide range of supervised
learning algorithms have been adopted to model the toxicity endpoints from structural features,
including k-nearest neighbors*’: 48, Bayesian matrix factorization*®, support vector machines?® 5,
random forests*” 51, gradient boosting®?, and more recently, deep neural networks®3-%5,

1.5 Conventional QSAR models are limited by low accuracy and lack of

interpretability

Many factors can affect the performance of QSAR models, including the chemical features
used, the supervised learning algorithm employed, the composition of training set, and the
endpoint of interest?®. QSAR models proved effective in predicting well-established in vitro toxicity
endpoints®®, but often fell short of accuracy when used to predict complex in vivo endpoints such
as drug adverse events®’. This can be attributed to the relatively low structure similarity among
drugs causing the same adverse events®®, as well as the largely uncharacterized
pharmacokinetics processes drugs undergo in vivo.

Regardless of the predictive performance, almost none of the existing QSAR models could
overcome the trade-off between accuracy and interpretability. As algorithmic design gets more
complex, it becomes challenging to interrogate how each input feature contributes to the eventual
prediction®®. In addition, most interpretations only return a rank of structural properties or a set of
classification rules®®; such interpretations are insufficient to explain the cellular mechanisms of
toxicity. Integrated models have been proposed to combine structure properties with other feature
types for toxicity prediction, including therapeutic targets*®, transcriptome response to drug-
induced experiments®’, in vitro response to toxicity assays*®, dose-response relationships*, etc.
Though integrated models show improved performance over QSAR, they suffer from poor
generalizability as prior knowledge is required for model construction.

In summary, most conventional in silico approaches for toxicity assessment are limited by low
accuracy and lack of interpretability. Further, they often fail to explain cellular mechanisms
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underlying structure-toxicity associations. Therefore, an accurate and interpretable model is
urgently needed, which can connect drugs to their toxicity targets and pathways, generate new

hypotheses for further testing, and facilitate mechanistic investigation.



CHAPTER 2: FEATURE SELECTION PIPELINE IDENTIFIES PREDICTIVE
TARGETS ASSOCIATED WITH DRUG TOXICITY

This chapter was originally published as: Hao, Yun, and Moore, Jason,H.iTar get Tox: A
Feature Selection Pipeline for Identifying Predictive TargetsAs soci at ed wi t h Drug Tox
Journal of Chemical Information and Modeling. 2021 Nov 10;61(11):5386-94. doi:
10.1021/acs.jcim.1c00733

Contributions:

J.H.M. and Y.H. conceived the project. J.H.M. and Y.H. designed the study. Y.H. performed
the analysis. J.H.M. and Y.H. interpreted the results and wrote the paper.

2.1 Introduction

Despite limited success in toxicity prediction, QSAR models showed promising performance
in predicting compound-target interactions®®-3, Target profile derived from QSAR models may
indicate toxicity outcomes, since many pharmacovigilance studies have linked adverse drug
events to aberrant activities of certain target proteins®12 6485 Qver the last decade, functional
assays have generated extensive knowledge on compound-target interactions, enabling us to
incorporate target knowledge into toxicity prediction. Nevertheless, the task remains challenging
due to the contrast between high-dimensional target space and limited number of samples. To
tackle this issue, we adopted ReBATE (Relief-based Algorithm Training Environment)® for
implementing Relief-based feature-ranking methods on high-dimensional datasets. ReBATE
methods rank features based on value difference between neighboring instances. Specifically,
difference within same class contributes negatively to feature relevance while difference between
classes contributes positively. ReBATE methods have two advantages over traditional (e.g. chi-
square, ANOVA, mutual information) and tree-based methods, making it a proper choice for our
task. First, they do not make assumptions regarding population distributions of features, thus can
be applied to both continuous (e.g. structure properties) and binary (e.g. target profile) features.
Second, they evaluate each feature in the context of remaining features, thus may preserve and

detect prevalent interactions among features. A benchmark study showed that ReBATE methods
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can prioritize two-way epistasis out of 1000 features, which all the other methods failed to
achieve®’. In this study, we incorporated ReBATE methods into a pipeline, namely TargetTox,
that identifies predictive features for a given dataset. We first implemented TargetTox on 569
compound-target interaction datasets, in order to identify structure properties predictive of binding
outcomes, and to derive target profile of drugs. We then implemented TargetTox on 815 drug-
adverse event datasets to identify targets predictive of toxicity outcomes. We further linked the
predictive targets to adverse events by showing their differential expression in the tissue of
toxicity, as well as their enrichment of toxicity-related functions and disease markers. We
concluded with a discussion of potential applications for some predictive targets, which emerge
as new markers of organ toxicity. Our code and data be accessed at

https://qithub.com/EpistasisLab/TTox. Our novel pipeline may benefit future studies of high-

dimensional datasets.
2.2 Materials and Methods

2.2.1 Building compound-target interaction datasets

We obtained binding affinity of compound-target pairs from BindingDB®. We converted
binding affinity values into binary outcomes by first quartile of the distribution from all known drug-
target pairs®. We focused our study on targets with at least 50 paired compounds. To quantify
structure properties of compounds, we used 246 molecular descriptors that cover most interesting
chemical features for drug discovery™.

2.2.2 Building drug-adverse event datasets

We obtained Proportional Reporting Ratio (PRR) of drug-adverse event pairs from
OFFSIDES?Z, along with the 95% confidence interval. PRR measures the extent to which an
adverse event is disproportionately reported for individuals taking a given drug. We assigned
drugs into case group (lower bound of PRR > 1) and control group (lower bound of PRR < 1,
upper bound of PRR > 1). We focused our study on adverse with at least 500 paired drugs. To

quantify structure properties of drugs, we used same set of 246 molecular descriptors as above.


https://github.com/EpistasisLab/TTox

2.2.3 Incorporating ReBATE methods to build a feature selection pipeline

The pipeline, namely TargetTox, starts by splitting each dataset into training and
validation by ratio of four to one, then further splits the training set into ten folds. Rank of feature
relevance is obtained by implementing ReBATE on data of nine folds. TargetTox then uses top-
ranked features to fit classification models recursively, until an optimal performance (measured by
testing AUROC on data of the remaining fold) can be reached. After repeating the above
procedures for all ten folds, TargetTox selects predictive features that consistently appear across
folds. The performance of selected features is evaluated on the held-out validation set.

2.2.4 Identifying optimal setting of hyperparameters by grid search

TargetTox has five hyperparameters. A brief description about each hyperparameter is

given below:

() Feature-ranking method. Two methods from ReBATE package were considered:
MultiSURF and MultiSURFstar. MultiSURF only uses near instances to weigh
feature relevance for a given target instance while MultiSURFstar takes into
account both near and far instances.

(i) Whet her to i mplement the #fAiterative scoring:t
scoring removes low-ranking features at each iteration, then reassigns neighbors
based on the remaining features. The function is effective when a dataset
contains a large number of features.

(iii) Classification model. Two classification models were considered: random forest
and gradient boosting.

(iv) Tolerance score: maximal iterations to wait after last time testing AUROC
improves, i.e. optimal performance is reached. Two values were considered: 20
and 50.

(v) Consistency score: minimal proportion of folds in which a predictive feature

appears. Two values were considered: 0.5 and 0.7.



Combined together, a total of 32 settings were considered for hyperparameter tuning. We
randomly selected 100 compound-target interaction datasets for the task, then identified optimal
setting by median training performance (measured by AUROC) across the 100 datasets. The
identified optimal setting is (in the order listed above): MultiSURF, not to implement iterative
scoring, random forest, tolerance score of 50, and consistency score of 0.5.

2.25 Implementing TargetTox to identify targets predictive for adverse events

With the optimal setting, we implemented TargetTox on compound-target interaction
datasets to identify molecular descriptors predictive of binding outcomes. We fit classification
models with the predictive descriptors, then implemented models with good validation
performance (AUROC > 0.85) to derive target profile of all drugs. Finally, using the target profile
as features, we implemented TargetTox on drug-adverse event datasets to identify targets
predictive of toxicity outcomes. We computed 95% confidence interval for AUROC by generating
bootstrapped samples from predicted outcome probabilities. On average, the bootstrapped
samples contain 63.3% of unique original samples.

2.2.6 Comparing similarity of predictive descriptors between targets

We obtained class annotation of target proteins from dGene’ and GtoPDB"2. We used
Jaccard index to measure similarity of predictive descriptors between target pairs. We performed
Mann-Whitney U test to examine whether target pairs of same class exhibit higher feature
similarity than those of different classes. We obtained function annotation of target proteins from
Gene Ontology (GO)™ ™ and Reactome’®. We removed function terms with either too few (< 10)
or too many (> 100) annotated genes. Similarly, we performed Mann-Whitney U test to examine
whether target pairs with common terms exhibit higher feature similarity than those without
common terms. We then corrected for multiple comparisons by false discovery rate (FDR).

2.2.7 Comparing predictive targets identified by TargetTox to DisGeNET

We obtained 1,134,943 gene-disease associations from DisGeNET5. The associations
were integrated from four types of source databases: (i) expert curated resources (curated), (ii)
resources derived from rat and mouse models of disease (animal), (iii) resources inferred from
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human phenotype and genetic variant data (inferred), and (iv) resources extracted from previous
literature using text mining tools (literature). After matching disease names with adverse events,
we performed Fisherdés exact test to diseasei ne t he
associated genes and predictive targets of each adverse event. We then corrected for multiple
comparisons by FDR.

2.2.8 Clustering adverse events by predictive targets

We performed average linkage hierarchical clustering on adverse events with good
validation performance (AUROC > 0.65). We measured distances between adverse events by
Jaccard distance in target space, which comprises predictive targets appearing in at least five
adverse events. We implemented R package Pvclust’” to identify clusters from the dendrogram of
hierarchical clustering. Pvclust computes p-value for each cluster using bootstrap resampling
techniques. To account for the stochastic nature of resampling, we ran the analysis for 20 times
and identified clusters that repeatedly appear as significant (P < 0.05). We focused our analysis
on small clusters (< 10 adverse events).

2.2.9 Analyzing differential expression of predictive targets in tissue of toxicity

We obtained mRNA expression (measured by Transcripts Per Million) data of human
tissues from GTEX’8. We removed genes with zero expression in all tissues, then adjusted for
baseline expression of each remaining gene by:

. .. 0
o g %—g

where etissue and emedian are the expression in a given tissue and the median expression across all
tissues, respectively. The adjusted value measures the extent to which a gene is differentially
expressed in a given tissue. We mapped each adverse event to its tissue of toxicity, then
performed Mann-Whitney U test to examine whether predictive targets exhibit higher expression

than background genes. We then corrected for multiple comparisons by FDR.
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2.2.10 Identifying enriched GO terms for predictive targets
We performed GO enrichment analysis on predictive targets of each adverse event by
Fisherbs exact test. We focused our analysis on GO
conducted the analysis separately for three GO branches: biological process, molecular function,
and cellular component. We then corrected for multiple comparisons by FDR.
2.2.11 Identifying disease genes from predictive targets
We obtained gene-disease connections from CTD"®. We focused our analysis on
connections with direct evidence (i.e. the gene is a disease marker or therapeutic). We mapped
each adverse event to its disease category, then used key words to search for disease terms of
each category along with their related genes. Weper f or med Fi sherds exact test
overrepresentation of disease-related genes among predictive targets of each adverse event. We

then corrected for multiple comparisons by FDR.

A Features K Folds 3 Relevant features
e X K E .
X112 Xz 1p i § _T—>§ — 1|1 é 0 Fold k
2 g g | . .
X1 — —| I é | é é é o
o [ Aamtfy tmm |
4 80% _RgnkaeBa;:'rés_ 2 - Identlfy top 1|0 é 0 Fold 1
§ training o y ke | : § \‘ features that :>-
.. Consistency
Do N * maximize fold — |
K| performance |
L————=—1 Output _4lSelect by fold
20% —Evaluate pipeli f : features ist
Xn1 validefion Xnp —— Evaluate pipeline performance ——— consistency
B Binding data of 569 targets Data of 815 adverse events
from BindingDB from OFFSIDES
N
' target: ABL1 event: renal failure
compound bind compound outcome
. Vandetanib 1 targets ritonavir 1
“‘L"“"‘T"H Lapatinib 0 aspirin 0
e Semaxanib 0 citrate 0
L £ g :
>
. JGenerate 246 | 3 |_‘
g .
Chemical molecular Implement N § _limplementL\_ Predictive targets
stuctures 7 descriptors [ ] TargetTox TargetTox [V for adverse events

Figure 2.1 Identifying predictive features with TargetTox
(A) Diagram of TargetTox. The pipeline employs ReBATE to rank all features by relevance, then selects
high-ranking features that optimize performance in cross-validation. (B) Diagram of our workflow. TargetTox
was implemented twice in our study. The first time was on compound-target interaction datasets, for
identifying predictive descriptors and deriving target profile of drugs. The second time was on drug-adverse
event datasets, for identifying predictive targets.
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Figure 2.2 Predicting binding outcomes for 569 targets
(A-D) Scatter plots comparing model performance. Each point represents the comparison for one target.
Prediction was evaluated in two performance metrics: AUROC (A&C) and balanced accuracy (B&D).
TargetTox was compared against two other models: i) a model with same procedure as TargetTox except for
no feature selection (A&B), and ii) a model with same procedure as TargetTox except for substituting ReBATE
with L1 regularization (C&D). Wilcoxon signed-rank test was employed to examine whether TargetTox (y-axis)
outperformed the compared model (x-axis), with p-value shown on the top. Significant comparison (P < 0.05)
was highlighted in red. (E) Pie chart showing function class distribution among 377 targets. These targets
have prediction models with AUROC > 0.85. (F) Boxplot comparing feature similarity within and between
classes. Feature similarity was measured by Jaccard index of predictive descriptors between target pairs (y-
axis), then compared across six classes (x-axis). The notches represent 95% confidence interval around the
median. Mann-Whitney U test was employed to examine whether target pairs within each class (left box)
exhibit higher feature similarity than those between classes (right box). Significant comparison (FDR < 0.05)
was highlighted with a red star. (G) Similar to (F). Comparison was made between target pairs with common
annotations (green box) and those without common annotations (yellow box). Two annotation sources (y-axis)
were considered: Gene Ontology and Reactome.

2.3 Results

2.3.1 TargetTox can accurately predict binding outcomes for targets

We implemented TargetTox (Figure 2.1A) to identify molecular descriptors that are
predictive of binding outcomes for 569 targets (Figure 2.1B). TargetTox identified an average of
26x2 predictive descriptors per target, accounting for ten percent of all descriptors. When used
for binding outcome prediction, the predictive descriptors achieved an average AUROC of
0.86+0.01 and an average balanced accuracy of 0.75+0.01, approximating the performance by all
descriptors (Figure 2.2A&B). We compared TargetTox with two L1 regularization-based models: i)
a random forest model built upon L1-selected features (Figure 2.2C&D), and ii) a logistic
regression model built upon L1-selected features (Figure 2.3A&B). Note that the first model has
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the same procedure as TargetTox except for substituting ReBATE with L1 regularization. As a
result, TargetTox outperformed both models by a large margin (i: P = 4.3e™°; ii: P = 3.0e™5,

Wilcoxon signed-rank test) with much fewer descriptors (P = 3.4e%4, Wilcoxon signed-rank test;

Figure 2.3C).
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Figure 2.3 Predicting binding outcomes for 569 targets (extended analysis)
(A, B) Scatter plots comparing model performance. Each point represents the comparison for one target.
Prediction was evaluated in two performance metrics: AUROC (A) and balanced accuracy (B). Our pipeline
was compared to a logistic regression model built upon L1-selected features. Wilcoxon signed-rank test was
employed to examine whether our pipeline (y-axis) outperformed the compared model (x-axis), with p-value
shown on the top. (C) Boxplot comparing numbers of selected features. The comparison was made between
two methods: (i) our ReBATE-based pipeline and (ii) L1-regularization.
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Figure 2.4 Comparing binding prediction across target function classes
Prediction was evaluated in AUROC (y-axis), then compared across seven function classes (x-axis). The
notches represent 95% confidence interval around the median. Kruskal-Wallis test was employed to examine
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whether distributions of AUROC vary by function class, with p-value shown on the top. The median
performance across all classes is highlighted in a red dashed line.

2.3.2 TargetTox can identify similar structure properties for target proteins of
similar function

Under TargetTox, 377 of 569 (66.3%) targets had binding prediction models with AUROC
greater than 0.85 (Figure 2.2E). These target proteins expand across a variety of function
classes: enzyme (35%), G-protein coupled receptor (23.6%), catalytic receptor (17.5%), nuclear
hormone receptor (4.8%), ion channel (4.5%), and transporter (3.2%). The performance of
TargetTox does not vary by function class (P = 0.11, Kruskal-Wallis test; Figure 2.4).

We compared similarity of predictive descriptors within and between function classes
(Figure 2.2F). The comparison showed that target pairs within two function classes (G-protein
coupled receptor and catalytic receptor) are more likely to share predictive descriptors (FDR <
0.05, Mann-Whitney U test). The two classes make up 41 percent of all targets being studied. We
also compared similarity of predictive descriptors within and between function annotations (Figure
2.2G). Similarly, target pairs with common function annotations are more likely to share predictive

descriptors (FDR < 0.05, Mann-Whitney U test).
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Figure 2.5 Predicting toxicity outcomes for 815 adverse events
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(A) Barplot showing the number of adverse events in which the identified predictive targets overlap with
disease-associated genes from DisGeNET. Gene-disease associations were collected from five types of
resources (x-a X i s ) . Fisherés exact test was empl o(B-€)dScattey
plots comparing model performance. Each point represents the comparison for one adverse event. Prediction
was evaluated in AUROC. TargetTox was compared against two other models: i) a model with same
procedure as TargetTox except for no feature selection (B), and ii) a model built upon molecular descriptors
(C). Wilcoxon signed-rank test was employed to examine whether TargetTox (y-axis) outperformed the
compared model (x-axis), with p-value shown on the top.

2.3.3 TargetTox can achieve same level of performance as QSAR in toxicity
outcome prediction

We then implemented TargetTox to identify targets that are predictive of toxicity
outcomes for 815 adverse events (Figure 2.1B). TargetTox identified an average of 26+1
predictive targets per adverse event, accounting for seven percent of all target features. In
DisGeNET, 175 of 815 adverse events were annotated with at least one disease-associated
gene. We found significant overlaps between identified predictive targets and annotated genes in
26 (14.9%) adverse events, and non-significant overlaps in 74 (42.3%) adverse events (Figure
2.5A). We also analyzed the overlaps with disease-associated genes by annotation source.
Overlaps were detected in fewer adverse events when considering expert-curated (18 of 126) or
animal model-derived associations (13 of 72), but detected in more adverse events when
considering phenotype-inferred (36 of 143) or literature-extracted (80 of 160) associations. In 75
(42.9%) adverse events, the identified predictive targets cannot be found in DisGeNET,

suggesting new discoveries of associations by TargetTox.

p=-0.54, P=3.0e-63

Width of 95% Cl for AUROC

0.2 0.4
#Positives/#Negatives

Figure 2.6 Correlation between width of performance confidence interval and ratio of positive to
negative samples
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The width of 95% confidence interval for AUROC (y-axis) was plotted against the ratio of positive to negative
samples(x-axi s). Each point represents the c onmpwasemplayed
to examine correlation between two axes, with p-value shown on the top.

When used for toxicity outcome prediction, the predictive targets achieved an average
AUROC of 0.539+0.005. The average width of 95% confidence interval for AUROC is
0.182+0.002. The width is negatively correlated with the ratio of positive to negative samples
( Spear ma-0%4sP =3.0e%; Figure 2.6). We compared TargetTox with prediction models
built upon all target features (Figure 2.5B). The comparison showed that feature selection by
ReBATE did not improve the overall performance in toxicity outcome prediction (P > 0.99,
Wilcoxon signed-rank test). We also compared TargetTox with a QSAR model built upon
molecular descriptors (Figure 2.5C). Similarly, TargetTox did not outperform the QSAR model

(P > 0.99, Wilcoxon signed-rank test).

Figure 2.7 Cluster map of 36 adverse events
These adverse events (rows) have prediction models with AUROC > 0.65. They are clustered by predictive
targets (columns). Average linkage hierarchical clustering was employed to generate the map, with
dendrogram shown on the |l eft. Significant cluster

2.3.4 Similar adverse events can be clustered together by predictive targets

Under TargetTox, 36 of 815 (4.4%) adverse events had a prediction model with AUROC
greater than 0.65. These adverse events expand across a variety of categories. We performed
hierarchical clustering on the adverse events using a subset of predictive targets (Figure 2.7).
Three significant clusters were identified. The first cluster (top) expands across six behavioral
events: sedation, suicide attempt, drug dependence, delusion, agitation, and muscle rigidity. The
second cluster (middle) expands across five events, including two dermal events: rash

erythematous and rash macular, as well as two digestive events: colitis and hepatosplenomegaly.
17
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The third cluster (bottom) expands across four events, including three hematologic events:

pancytopenia, febrile neutropenia, and infection.

Model AUROC with 95% CI
waversesventtom | gag motecuir | TS | ptee | Mergen
escriptors selection) selection)

muscle rigidity 0.69+0.10 0.71+0.09 0.70+0.08 37
hepatosplenomegaly 0.64+0.11 0.69+0.12 0.70+0.10 18
atrial fibrillation 0.51+0.07 0.53+0.07 0.68+0.07 27
emphysema 0.61+0.10 0.54+0.10 0.68+0.08 10
acute hepatic failure 0.53+0.10 0.63+0.09 0.68+0.10 37
colitis 0.65+0.09 0.64+0.09 0.67+0.09 24
pancytopenia 0.63+0.07 0.63+0.07 0.67+0.06 48
musculoskeletal chest pain 0.55+0.09 0.49+0.10 0.67+0.09 22
rash erythematous 0.60+0.08 0.65+0.08 0.67+0.08 57
adrenal insufficiency 0.72+0.10 0.69+0.11 0.67+0.10 21
pulmonary alveolar haemorrhage 0.59+0.11 0.54+0.11 0.66+0.10 17
rash macular 0.52+0.11 0.58+0.10 0.66+0.09 26
renal injury 0.60+0.11 0.60+0.11 0.66+0.10 48
myoclonus 0.67+0.09 0.65+0.10 0.65+0.08 50
ventricular dysfunction 0.52+0.10 0.53+0.10 0.65+0.11 13

Table 2.1 Comparing model performance for 15 adverse events associated with tissue/organ damage

2.3.5 Predictive targets are differentially expressed in the tissue of toxicity

Among the 36 adverse events mentioned above, 15 of them are associated with damage
in a specific tissue/organ (Table 2.1). We studied the mRNA expression of predictive targets in
the tissue of toxicity (Figure 2.8). For seven of the 15 adverse events, predictive targets exhibit
differential expression (FDR < 0.05, Mann-Whitney U test) in the matched tissue: colitis (colon),
renal injury (kidney), muscle rigidity (muscle), myoclonus (muscle), rash erythematous (skin),

rash macular (skin), and pancytopenia (blood).
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Figure 2.8 Expression of predictive targets in the tissue of toxicity
Tissue-specific expression (y-axis) was compared between predictive targets and background genes for 15
adverse events (x-axis). Each adverse event was mapped to its tissue of toxicity. Boxes were colored by tissue,
with legend shown on the top. The notches represent 95% confidence interval around the median. Mann-
Whitney U test was employed to examine whether predictive targets (left box) exhibit higher expression than
background genes (right box). Significant comparison (FDR < 0.05) was highlighted with a red star.

2.3.6  Predictive targets are enriched for key functions associated with
cardiotoxicity

To understand tissue-specific functions of predictive targets, we performed GO
enrichment analysis. The analysis revealed some key functions of predictive targets in the tissue
of toxicity. For instance, targets predictive of atrial fibrillation are enriched for two GO terms (FDR
=0.04,Fi sher 6s) bothafonthi tchstar e rel ated to cholesterol bi
chol esterol bi osynthetic pr oces s® Meaamvile,daogbto | est er ol
predictive of ventricular dysfunction are enriched for five GO terms (FDR<0.05,Fi sher 6s exact
testyy i ncluding a term related to ventricul-ar devel op
dependamtddo)a term related to ventricular fibrillati
sti mul®us o)

2.3.7 Predictive targets are enriched for markers of skin and liver diseases

To further connect predictive targets to adverse events, we examined whether they are
enriched for known markers/therapeutics of the matched disease category (Table 2.2). Among

the 13 adverse events being studied, 11 of them contain at least one marker or therapeutic of the
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matched disease category. Two adverse events, namely rash erythematous and

hepatosplenomegaly, are significantly enriched for markers/therapeutics of skin and liver

diseases, respectively (FDR<0.05,Fi s her 6 s ). €hxea mdre atlversetevents, including
colitis, ventricular dysfunction, and rash macular, are reported with P< 0.05 before adjustment.

They are also more than twice likely to contain disease markers/therapeutics (Odds ratio > 2).

. L #other | #other
disease | adverse event #predictive | #ipredictive targets | targets | odds
targets are | targets are - P value | FDR
category term marker not marker are are not | ratio
marker | marker
. rash
skin 8 42 337 8292 4.69 0.001 |0.009
erythematous
liver | hepatosplenom 9 7 2048 | 6615 | 4.15 | 0.005 | 0.03
egaly
colon colitis 3 19 241 8416 5.51 0.02 0.1
heart ventricular 4 8 1035 | 7632 | 369 | 0.05 | o013
dysfunction
skin rash macular 3 18 342 8316 4.05 0.05 0.13
musculoskeletal
muscle chest pain 1 16 202 8460 2.62 0.33 0.62
muscle myoclonus 2 45 201 8431 1.86 0.30 0.62
pulmonary
lung alveolar 2 13 862 7802 1.39 0.45 0.73
haemorrhage
heart atrial fibrillation 3 23 1036 7617 0.96 0.62 0.89
kidney renal injury 2 40 517 8120 0.79 0.73 0.94
lung emphysema 0 9 864 7806 0 1 1
liver | cute hepatic 4 30 2053 | 6592 | 043 | o098 | 1
failure
muscle | muscle rigidity 0 34 203 8442 0 1 1

Table 2.2 Enrichment of disease markers/therapeutics among predictive targets

2.4 Discussion

Ligand-based QSAR model has two major limitations in drug adverse event prediction. First,

it cannot provide accurate predictions for complex events due to a lack of high-quality training

datasets, as well as the complex transformations of drugs in human body. Second, it cannot

explain mechanisms of toxicity as structure properties do not always shed light on cellular activity
of drugs. In contrast, target-based prediction appears to be a better alternative as drugs causing

same adverse events often share targets. Therefore, we proposed a prediction model that relates
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structure properties to toxicity outcomes via target profile of drugs. To resolve data dimensionality
issues, we developed TargetTox that incorporates feature-ranking methods from ReBATE. We
implemented TargetTox to identify predictive descriptors for target binding, as well as predictive
targets for adverse events. In both tasks, we obtained similar sets of predictive features for
outcomes of alike class/category. In 100 adverse events, we rediscovered at least one disease-
associated gene from the identified predictive targets. With the predictive features, we were able
to approximate the performance by all features in both binding and toxicity prediction. The
predictive features make up less than 10 percent of original features, which makes our prediction
model less vulnerable to overfitting and more interpretable. We also demonstrated the advantage
of ReBATE methods over L1 regularization, as they resulted in better predictive performance with
fewer features. However, we noticed that our target-based model did not significantly outperform
QSAR in toxicity prediction. The relatively low AUROC is in line with previous efforts predicting
drug adverse events®”: 83, In addition to metabolic transformations, whether a drug activates or
inhibits its target in vivo can also play a critical role leading to some adverse events. Therefore,
the binary target profile derived by TargetTox may have limited predictive power. While directed
target profile cannot be generated with existing binding data, we expect the issue to be resolved
when more target activation/inhibition data becomes available. Furthermore, the uncertainty of
our predictions remains high as we observed large confidence intervals for AUROC. This can be
attributed to the imbalanced ratio of positive to negative samples. Despite these limitations,

overall, our target-based model was able to achieve the same level of performance as QSAR.
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While accuracy remains the same, interpretability has been significantly improved under our
model. This is because our model is built upon a few predictive targets which can link chemicals
to their cellular activities. To understand functions of the predictive targets, we studied their
tissue-specific expression, functional annotations, and connections with known disease genes.
We discovered that predictive targets tend to be differentially expressed in the tissue of toxicity,
suggesting tissue-specific roles of predictive targets. We recapitulated some of the key roles in
cardiotoxicity. For instance, we found targets predictive of ventricular dysfunction participate in
Notch signaling and epinephrine signal transduction. Previous studies have indicated that Notch
signaling is required for ventricular development to sustain cardiomyocyte proliferation8* while
epinephrine is effective in treating prolonged ventricular fibrillation®2. We demonstrated the
predictive targets, especially those of rash and hepatosplenomegaly, are likely to be
markers/therapeutics of the matched disease category. We also analyzed predictive targets in the
context of adverse outcome pathways (AOPs) using data from AOPwiki®. We found presence of
six predictive targets in two of three established AOPs for liver injury: 18B kinase complex
inhibition® and N-linked glycosylation inhibition® (Figure 2.9A). Notably, we found RIPK2,
connected to liver injury by TargetTox, participates in two key events: NF-aB inhibition (leading to
IaB kinase complex inhibition) and apoptosis (leading to N-linked glycosylation inhibition).
Similarly, we found presence of two predictive targets, namely TACR1 and PTGERL, in an
established AOP for lung fibrosis (Figure 2.9B). The two targets can cause an increase in
inflammation, which eventually leads to the inactivation of PPAR-0 , a suppressor for
fibrosis®”. Combined together, these results imply that our predictive targets can help explain the
cellular mechanisms of toxicity.

In addition to rediscovering known markers, TargetTox can also identify potential new
markers of organ toxicity, as we found in vitro or in vivo evidence supporting the key roles of
some predictive targets in liver, kidney, colon, and lung. For instance, we identified KLKB1, a
plasma kallikrein with high expression in liver, to be predictive of hepatosplenomegaly. A recent
study discovered that inhibition of KLKB1 reduced lipid deposition in hepatocytes, a risk factor for
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hepatomegaly®. We identified HSD11B1, a hydroxysteroid dehydrogenase with high expression
in liver, to be predictive of acute hepatic injury. HSD11B1 limits activation of hepatic stellate cell,
a major cell type involved in liver fibrosis. HSD11B1 inhibitors were found to promote fibrosis in
murine liver injury®. We identified CA12, a carbonic anhydrase with high mRNA expression in
kidney, to be predictive of renal injury. Carbonic anhydrases participate in nitrite resorption while
their inhibitors exhibited reno-protective effects in rat models of renal failure®®. We identified
NPY2R, a Neuropeptide Y receptor that mediates nutrient absorption in the colon, to be predictive
of colitis. It has been revealed that targeted deletion of Neuropeptide Y can modulate
experimental colitis in mice®?. We identified SLC5A1, a sodium/glucose cotransporter that
modulates airway surface glucose concentration, to be predictive of pulmonary alveolar
haemorrhage. Increased activity of SLC5A1 in lung alveolar cells has been shown to prevent
pulmonary infection, a primary cause of alveolar haesomorrhage®2. These new discoveries
highlight the potential of TargetTox for identifying targets with diagnostic/therapeutic applications.
In the future, we believe TargetTox can be extended to study high-dimensional datasets from
other domains.
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CHAPTER 3: KNOWLEDGE-GUIDED DEEP LEARNING MODELS OF DRUG

TOXICITY IMPROVE INTERPRETATION

This chapter was originally published as: Hao, Yun, Romano, Joseph, D., and Moore, Jason,
H., iKnowledge-guided deep learning models of drug toxicity improve impretertation. Batterns.
2022 Sep 9; 3(9):100565. doi: 10.1016/j.patter.2022.100565

Contributions:

J.H.M. and Y.H. conceived the DTox project. J.H.M. and Y.H. designed the DTox model and
data analysis workflow. Y.H. and J.D.R. performed the analysis (J.D.R. helped with the
cytotoxicity analysis of DSSTox chemicals in 3.3.8 and 3.3.9). J.H.M. and Y.H. interpreted the
results and wrote the paper with editing by J.D.R.

3.1 Introduction

Previous studies have modeled drug toxicity from physiochemical properties of compounds
using a wide range of supervised learning algorithms, including k-nearest neighbors*’: 48,
Bayesian matrix factorization*®, support vector machines*® *°, random forests*” 5%, gradient
boosting®?, and more recently, deep neural networks®3°5. Even though most of these algorithms
achieved decent predictive performance, none of them could overcome the trade-off between
accuracy and interpretability. As algorithmic design gets more complex, it becomes challenging to
interrogate how each input feature contributes to the eventual prediction®. A few post-hoc
explanation techniques, such as local interpretable model-agnostic explanations (LIME)®® and
deep learning important features (DeepLIFT)%, were developed to address the challenge.
Nevertheless, these techniques often draw criticism in that they only provide an approximate
explanation with locally fitted naive models. Thus, they may not reflect the real behavior of
original model®s. More critically, the setting of existing toxicity prediction models has limited the
explanation of contributions from structural properties or target proteins while interactions with
pathways remain largely uncharacterized. For toxicologists, the behavior of pathways proves
crucial in deciphering the cellular activities induced by a compound, and understanding how

target proteins, specific pathways, and biological processes trigger the toxicity outcome as a
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whole?®. Therefore, a toxicity prediction model that achieves interpretability at both the gene and
pathway level is urgently needed.

Recent developments in visible neural networks (VNN) have overcome the accuracy-
interpretability trade-off. VNN is a type of neural network whose structure is guided by extensive
knowledge from biological ontologies and pathways. The incorporation of ontological hierarchy in
VNN forms a meaningful network structure that connects input gene features to output response
via hidden pathway modules, making the model highly interpretable at both gene and pathway
level. In a pioneering study, Ma et al. built a VNN with 2,526 Gene Ontology and Clique-eXtracted
Ontology terms, for predicting growth rate of yeast cells from gene deletion genotypes®. The
authors were also able to rediscover key ontology terms responsible for cell growth by examining
the structure of the VNN. Subsequent studies have extended the VNN model for learning tasks
regarding human cells, such as predicting drug response and synergy in cancer cell lines®’,
modeling cancer dependencies®, and stratifying prostate cancer patients by treatment-resistance
state®. It is our working hypothesis that VNNs can address the limitations of existing toxicity
prediction models due to their incorporation of pathway knowledge and the resulting high
interpretability. In this study, we employed the Reactome’ pathway hierarchy to develop a VNN
modeld namely DToxd for predicting compound response to 15 toxicity assays. Further, we
developed a DTox interpretation framework for identifying VNN paths that can explain the toxicity
outcome of compounds. We connected the identified VNN paths to cellular mechanisms of
toxicity by showing their involvement in the target pathway of respective assay, their differential
expression in the matched Library of Integrated Network-Based Cellular Signatures (LINCS)
experiment'®, and their compliance with screening results from mechanism of action assays. We
applied the DTox models of cell viability to perform a virtual screening of ~700,000 compounds
and linked predicted cytotoxicity scores with clinical phenotypes of drug-induced liver injury. We
conclude with a discussion of potential discoveries made by DTox, some of which have already

been validated in previous studies. Our code can be accessed openly at https://github.com/yhao-
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compbio/DTox. In general, the DTox interpretation framework will benefit in silico mechanistic
studies and generate testable hypotheses for further investigation.
3.2 Materials and Methods

3.2.1 Processing Tox21 datasets and inferring feature profile for DTox training

The Tox21 datasets?!’ contain screening results describing the response of in vitro toxicity
assays to compounds of interest, including approved drugs, experimental drugs, small molecules,
and environmental chemicals. We extracted active and inactive compounds from the screening
results of each assay, then removed compounds with inconclusive or ambiguous results. We
further removed assays with fewer than 5,000 available compounds, focused our analyses on the
remaining 15 assays. To quantify structural properties of compounds, we used rcdk package to
compute a 166-bit binary MACCS fingerprint that covers most of the interesting physicochemical
features for drug discovery!®l. We then implemented TargetTox!%? to infer the target-binding
probability of each compound from its MACCS fingerprint. TargetTox comprises binding
prediction models that were pre-trained on hundreds of thousands of compound-target binding
affinity data points that were experimentally measured in EC50/IC50/Kd/K;. It first employs a
feature selection pipeline to identify the fingerprint features that are predictive of the binding
outcome for each target protein, then fits a random forest classification model using the predictive
features. We selected 361 target proteins of which the binding outcome can be well predicted by
TargetTox (model AUROC > 0.85 on held-out validation set). The derived target-binding profile
containing 361 proteins were then used as input feature data for assay outcome modeling.

3.2.2 Constructing VNN with Reactome pathway hierarchy

We designed VNN structure based on the Reactome pathway hierarchy that comprises
root biological processes, child-parent pathway relations, and protein-pathway annotations
(downloaded in Aug 2019)7®. To trim the scale of the neural network and prevent overfitting, we

adopted two hyperparameters to filter Reactome pathways: (i) minimal pathway size (values for

tuning: 5, 20) and (ii) root biological process

systembd, Ometlabtorldmsandyc téisamgdh,a and all possible
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values in total). We selected the four processes due to their broad coverage and direct
involvement in cellular mechanism of toxicity. Each pathway is coded as a hidden module with

fixed number of neurons. For a pathway p, the number is defined by:

6 1e6pQO  p j

where Sp denotes the size of p, Smin and Smax denote the minimal and maximal size of a pathway
in the VNN, respectively, and Nmax (= 20) denotes the maximal number of neurons for a hidden
module. As a result, hidden modules of larger pathways are assigned with more neurons to
capture potentially more complex responses.

Under the Reactome hierarchy, the VNN model of DTox starts from an input layer
containing 361 protein features, which are connected to lowest-level hidden modules by protein-

pathway annotations. The connections to a hidden module of pathway p are encoded by a weight

matrix Wp with dimensions Np*Nprotein, Where Np denotes the hidden module size, and Nprotein
denotes the number of input proteins annotated with p. With Wp, input vector Xp is transformed to
output vector Yp via:

(= YQO&QF_ f
where Dp is a bias vector. The hidden modules are then interconnected by child-parent pathway

relations until root biological processes are reached. Finally, the root biological processes are
connected to an output layer containing the assay outcome. The connections to the output layer
are encoded by a weight matrix Wr with dimensions 1*N;, where N: denotes the sum of root
hidden module sizes. The final output yr is computed as:

®w  YQQa 8,90 @
where the Logistic Sigmoid function converts layer inputs to an output score between 0 and 1

(i.e., the predicted outcome probability). In addition, we adopted the idea of auxiliary layers from

DCell*® to prevent gradients from vanishing in the lower hierarchy, and to facilitate the learning of
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new patterns from individual pathways. Specifically, output vector of hidden module Yp is
transformed to an auxiliary scalar (0 via:

®  YQQ4 s Qe O
where 3¢ _denotes the weight matrix with dimensions 1*N,. The auxiliary scalars from all hidden

modules are then evaluated in a loss function along with the final output:
6600 &ihh | B 6600 &nild _~ -

The auxiliary factor is a hyperparameter of the VNN model (values for tuning: 0.1, 0.5, 1),
balancing between root and auxiliary loss terms. bp serves as the adjustment factor for auxiliary
loss terms from pathway p, being computed as the inverse number of pathway count within the
corresponding hidden layer. Therefore, pathways higher in the hierarchy exhibit greater
contribution to the | oss function as pathway count
(= 1e™) is the coefficient for L2 regularization.

3.2.3 Learning optimal DTox model for Tox21 assay outcome prediction

Each dataset is split into learning and validation sets by ratio of 4:1. During model
training, the learning set is further split into training and testing sets by ratio of 7:1. The purpose
of the split is to set aside an independent testing set for overfitting assessment during model
training. At every epoch, forward and backward propagation are performed on the training set for
deriving gradients of model parameters. The parameters are then optimized by Adam algorithm
with mini-batch size of 32. At the end of every epoch, loss function is evaluated on the testing set
for assessing overfitting and determining whether the early stopping criterion has been met
(testing loss has not decreased for P epochs, where Pr e pr esent s t he fipatienceod |
and is set 20 in this study). Model training stops after 200 epochs or if the early stopping criterion
has been met (in our experience, the early stopping criterion is often met long before 200
epochs).

As mentioned above, the VNN model of DTox has three hyperparameters: minimal

pathway size, root biological process, and the auxiliary factor . To find the optimal setting for
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each assay, we adopted grid search and implemented all possible hyperparameter combinations
to train DTox models (90 combinations in total, listed in Table 3.1). We evaluated each trained
model by computing the loss function on the whole learning set, then identified the optimal model
that minimizes learning loss. Finally, the held-out validation set was used to evaluate the
performance of the optimal DTox model and compare with other machine learning models. We
adopted two performance metrics for the task: area under the ROC curve (AUROC) and balanced
accuracy. We computed the 95% confidence interval (Cl) of metrics using bootstrapped samples
from predicted outcome probabilities. On average, the bootstrapped samples contain 63.3% of
unique original samples. The performance of two methods is significantly different if their Cls do
not overlap. Three machine learning models were considered for performance comparison: (i) A
fully-connected multi-layer perceptron model with the same number of hidden layers and neurons
as optimal DTox model, (ii) an optimal random forest model derived from tuning of six
hyperparameters (fin_estimatorso, #fAcriterionodo, fAmax._
Amin_samples_I|l eafodo, and fAboostrapo), liftedingabled sear ch
3.1), and (iii) an optimal gradient boosting model derived from tuning of five hyperparameters
(An_estimatorso, fAmax_deptho. Al earning_rateo, s uctk
search (3000 combinations in total, listed in Table 3.1).
In addition, shuffling analysis was performed to assess the influence of pathway
knowledge and hierarchy on DTox performance. Three distinctive layouts were considered for
performance comparison: (i) An alternative DTox model built under shuffled Reactome ontology
hierarchy while the shuffle preserves the number of children for each parent pathway and the
number of connections between hidden layers (Suppose a parent pathway is connected to three
children in the original DTox, two in layer i and one in layer j. By hierarchy shuffling, the parent
will be connected to two pathways sampled from layer i and one pathway sampled from layer j.
This shuffling strategy ensures that the resulting DTox model is still consecutively connected from
input to output layer.) (ii) an alternative DTox model built with shuffled input target profile (the
input values are shuffled among features). (iii) an alternative DTox model built with shuffled assay
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learning set).

outcome as negative control (the outcome labels are shuffled among compounds within the

DTox visible neual network

Hyperparameter name

Hyperparameter description

Search values

min_pathway_size

minimal size of pathway to be
included in the newtork

5, 20

root_pathway

root biological process to be
included in the network

"gene expression",

"immune system", "metabolism", "signal
transduction", and all possible
combinations among the four processes,
15 values in total

alpha coefficient for anxiliary loss term 0.1,05,1
Random forest
Hyperparameter name Hyperparameter description Search values
n_estimators The number of trees in the forest 50, 100
The function to measure the
criterion quality of a split "gini", "entropy"

max_features

The proportion of features to
consider when looking for the best
split

0.1,0.2,0.3,0.4,05,0.6,0.7,0.8, 0.9,
1.0

min_samples_split

The minimum number of samples
required to split an internal node

2,5,8,11,14,17, 20

The minimum number of samples

min_samples_leaf required to be at a leaf node 1,6,11,16,21
Whether bootstrap samples are
bootstrap used when building trees Ture, False

Gradient boosting

Hyperparameter name

Hyperparameter description

Search values

n_estimators

The number of gradient boosted
trees

50, 100

max_depth

The maximum tree depth for base
learners.

1,2,3,4,5,6,7,8,9, 10

learning_rate

The boosting learning rate

0.1, 0.01, 0.001

subsample

The subsample ratio of the training
instance.

0.1,0.2,0.3,0.4,05,0.6,0.7,0.8, 0.9,
1.0

min_child_weight

The minimum sum of instance
weight(hessian) needed in a child

1,6,11,16,21

Table 3.1 Hyperparameter tuning of classification algorithms

3.2.4 Interpretating optimal DTox model by layer-wise relevance propagation

Layer-wise relevance propagation'®® (LRP) is a model interpretation tool for deep neural
networks. Through backward propagation, LRP assigns each neuron a share of the network
output and redistributes it to its predecessors in equal amounts until the input layer is reached.
The propagation procedure ensures that relevance conservation is an inherent property of LRP.
To implement LRP, we adopted two local propagation rules: Generic rule and input-layer rule%,

Generic rule was applied to relevance propagation of the hidden neurons. For two
connected neurons j and k from a child-parent pathway pair, the forward propagation of VNN

follows
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where ak denotes the activation of neuron k. The generic rule propagates relevance between

them as:

Y Bo =5 Y

where 2 and Uare two hyperparameters of the rule. 9 (values for tuning: 0.001, 0.01, 0.1) controls
the contribution of positive weights in relevance propagation. Increasing the value of 2 can
marginalize neurons with negative weights and decrease the variance of relevance across
neurons, and thus may lead to more stable interpretation results. U(values for tuning: 0.001, 0.01,
0.1) absorbs relevance from neurons with weak or contradictory weights. Increasing the value of U
can give prominence to a few neurons with high weights, and thus may lead to more sparse
interpretation results.

Input-layer rule was only applied to relevance propagation of the input protein features.
For a protein feature i and its connected neuron j from a lowest-level pathway, the input-layer rule

propagates relevance between them as:

Y B 5 Y

where li (= 0) and hi (= 1) are the lower and upper bound of input feature values.

3.2.5 Identifying significant VNN paths for explaining toxicity outcome of

compounds

After relevance of each neuron is assigned via LRP, a relevance score is computed for
each pathway by summing the relevance scores of its neurons. An observed score is then
computed for each VNN path connecting input protein feature to output assay outcome as:

Y B . [

where p denotes a protein or pathway along the path. The relevance scores are converted to
non-negative values, as we are only interested in the proteins or pathways that are more likely to

result in a toxicity outcome. The log transformation is adopted to adjust the scale of relevance
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scores from different layers, as the number of pathways decreases dramatically along the
hierarchy.

To assess the significance of each observed path score, we employed a permutation-
based strategy to derive the null distribution. Specifically, we shuffled the outcome label of each
Tox21 dataset, then re-trained random DTox models using the same hyperparameter setting as
previously trained optimal model. The procedure was repeated n = 200 times, a balance between
sample size and running time. Scores derived from the random DTox models comprise the null
distribution for each observed path score, and thus the empirical p-value can be computed as

Y B 1OV Y ] €
We used the false discovery rate (FDR) to perform multiple testing correction on all VNN paths,
then identified the significant paths (FDR < 0.05) for each active compound.

As mentioned above, DTox6s interpretaandn fr ame
from the generic rule. To study the effect of hyperparameter settings on model interpretation, we
implemented all possible (9 in total) hyperparameter combinations to identify significant VNN
paths for active compounds. We measured the similarity between each pair of settings by the
median Jaccard Index among active compounds regarding their identified significant paths.

3.2.6 Comparing DTox against existing interpretation methods regarding

rediscovering mechanisms of transcription activation by nuclear receptor

Three interpretation methods were considered for performance comparison regarding the
task. The first method serves as a baseline for DTox interpretation framework, in which we
randomly sampled the same number of VNN paths for each compound as identified by DTox,
from the pool of all possible paths in the network. The performance metric was computed as the
proportion of active compounds that were sampled wi
together root process of gene expression, nuclear receptor transcription pathway, and the specific
target receptor). The procedure was repeated 1,000 times to account for the stochastic nature of
sampling. The average performance and 95% confidence interval were computed and adopted as

baseline for DTox.
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The second method is widely used for explaining predictions of classification algorithms,
namely LIME®. LIME explains predictions by fitting local linear models to approximate the
behavior of original model. For each nuclear receptor of interest, we implemented LIME on the
optimal random forest model (derived previously from hyperparameter tuning) to explain the
predicted outcome of each compound by target feature relevance (our implementation was based

on the tutorials in https://github.com/marcotcr/lime). The performance metric was computed as

the proportion of active compounds that were explained with high relevance regarding the specific
target receptor. We adopted two thresholds f
the target receptor is positive (lax threshold). (ii) Feature relevance for the target receptor is
above average (strict threshold).

The third method is commonly used for inferring toxicity profile of new compounds,
namely Read-across. Read-across does not rely on classification algorithms. Instead, it assigns
existing knowledge on source compounds to the query compounds with similar chemical
structure. For each nuclear receptor of interest, we extract compounds with known connections
(source compounds) from two resources: DrugBank® and ComptoxAl*®. The performance metric
was computed as the proportion of active compounds (query) that exhibit similar structure to at
least one source compound. Five thresholds of Tanimoto coefficient were adopted to define
structural similarity between source and query compound: 0.8, 0.85, 0.9, 0.95, and 1.

3.2.7 Processing LINCS dataset for validation of DTox interpretation results

The LINCS dataset'® contains gene-expression profiles derived from genetic and small-
molecule perturbation experiments on a number of cell lines, including MCF-7 (which was used in
Tox2106s aromatase assay) and HepG2 (used in
assay, and HepG2 cell viability assay). We extracted the profiles induced by active compounds of
the four assays in their respective cell line. We removed the profiles that did not pass quality
control, then separated the remaining ones into three groups based on dose and time of
perturbation (1.1 1 e-M4 h, -6 6 ¢ M 12@h). We used the LINCS level 5 data, which consists
of moderated differential expression Z-scores, for the validation analysis.
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To assess the differential expression of VNN paths identified for each compound, we first
identified differentially expressed genes (DEGSs) from the corresponding profile by |Z| > 2, as
suggested by LINCS. Then, we used Fisherbés exact te
each VNN path are enriched for DEGs. A test p-value was computed for each pathway. We used
FDR to perform multiple testing correction on all pathways along each path. A VNN path is
differentially expressed if all the pathways involved are significantly enriched for DEGs (FDR <
0.05). Finally, we calculated the proportion of differentially expressed paths among the paths
identified by DTox (observed proportion) and among all possible paths in VNN (expected
proportion).

3.2.8 Processing datasets for analyzing DTox results on HepG2- and HEK293-

cytotoxic compounds

We obtained six DrugBank lists from https://go.drugbank.com/releases/latest#external-

links®®. Each list contains a number of compounds sharing a particular approval status. We

obtained 265 EPA chemical lists from https://comptox.epa.gov/dashboard/chemical-lists. Each list

contains a number of compounds sharing a particular property.

The NSIDES dataset? contains drug-adverse event relations that are derived from FDA
reports after adjusting for confounding factors. Each drug-adverse event pair is assigned with a
proportional reporting ratio (PRR) score along with its 95% CI, which measures the extent to
which the adverse event is disproportionately reported among individuals taking the drug. We
manually curated a list of 20 clinical phenotype terms associated with drug-induced liver injury
(DILI) and a list of 24 clinical phenotype terms associated with drug-induced kidney injury (DIKI).
Drugs associated with each phenotype of interest are identified by the lower bound of 95% CI (>
1). Drugs not associated with each phenotype of interest (negative controls) are identified by both
the lower (< 1) and the upper (> 1) bound of 95% CI.

To measure the association between each DILI phenotype and HepG2 cytotoxicity, we
calculated the odds ratio and its 95% CI based on a 2*2 contingency table. The same procedure
was performed to measure the association between each DIKI phenotype and HEK293
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cytotoxicity. We also used Fisherds exac-+elatede st

pathways among the drugs associated with DILI phenotypes. The odds ratio and test P-value
were computed for each phenotype-pathway pair. We used FDR to perform multiple testing
correction on all phenotype-pathway pairs.
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Figure 3.1 Modeling compound response to toxicity assay with DTox

For toxicity prediction, the chemical structure of a compound is quantified using MACCS fingerprint before
being converted to target profile by our previously developed method, TargetTox. The target profile is then fed
into a VNN, whose structure is guided by Reactome pathway hierarchy. Specific pathways and biological
processes are coded as hidden modules with a series of neurons. For model interpretation, the network output
is propagated backward onto each neuron as relevance score using the layer-wise relevance propagation
technique. A permutation-based strategy is then employed to identify the VNN paths of high relevance. Each
path connects a compound to its toxicity outcome via the target protein, specific pathways, and biological
process.

3.3 Results
3.3.1 Training DTox for predicting compound response to toxicity assays
The purpose of DTox is to predict the outcome of interest from chemical structure of
compounds, and to explain the predicted outcome with activities of proteins and pathways. To
train the model, DTox takes in a labeled dataset that specifies the 2D structural representation of
each compound (in the form of SMILES string) along with the binary outcome of a screening

assay (active or inactive). Since a VNN model typically starts with input layers consisting of gene
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or protein features, to fill in the gap, we first quantified the structure of each compound using a
166-bit MACCS fingerprint (each bit represents the answer to a yes/no question regarding
chemical structure), then applied our previously developed method, named TargetTox!%, to
derive a target profile of each compound. TargetTox was pre-trained on experimentally measured
compound-target binding affinities to infer the target binding probability of each compound from
its MACCS fingerprint. The derived profile contains 361 target proteins, spanning six functional
categories: Enzymes, G protein coupled receptors, catalytic receptors, ion channels, nuclear
hormone receptors, and transporters. We designed a VNN structure (Figure 3.1) that connects
target proteins (input features) to assay outcomes (output response) via Reactome pathways
(hidden modules). By our design, each pathway is represented by 1-20 neurons depending on its
size. Connections between input features and the first hidden layer are constrained to follow
protein-pathway annotations while the connections among hidden layers are constrained to follow
child-parent pathway relations. The incorporation of pathway hierarchy makes DTox models

highly interpretable, in contrast to conventional black-box neural network models.
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Figure 3.2 Comparison of DTox model statistics

Barplots showing the comparison of different model statistics for 15 toxicity assays: (A) the number of
compounds in the training set, (B) the number of hidden pathway modules in the optimal DTox model, (C) the
number of trainable parameters in the optimal DTox model, (D) the ratio between number of compounds in
the training set versus number of trainable parameters in the optimal DTox model, and (E) the ratio between
number of trainable parameters in the optimal DTox model versus the matched MLP model. The dashed red
line in each panel represents the average across all 15 assays.
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Figure 3.3 Evolution of loss function during learning of optimal DTox model

Line charts showing the evolution of loss function over epochs during learning process of optimal DTox models
for 15 toxicity assays. Two types of loss functions are calculated and shown: loss on the training set (blue line,
labeled as training) and loss on the testing set (orange line, labeled as testing). The dashed red line in each
chart represents the epoch when optimal model is reached. The testing loss does not decrease for 20
consecutive epochs after the optimal point. AhR: aryl hydrocarbon receptor, AP-1: activator protein-1, AR-
MDA: androgen receptor in MDA-kb2 AR-luc cell line, ARE: antioxidant response element, CAR: constitutive
androstane receptor, ER-BG1: estrogen receptor in BGL1 cell line, PR-BLA: progesterone receptor in PR-UAS-
bla HEK293T cell line, PXR: pregnane X receptor, RAR: retinoid acid receptor, ROR: retinoid-related orphan
receptor.

We trained DTox models on 15 datasets (Table 3.2) from the Tox21 high throughput
screening program'’. A DTox model was learned separately for each dataset to predict the
active/inactive status of compounds (i.e. screening results of the toxicity assay). On average,
each dataset contains 5,178 compounds available for DTox training, including 746 active
compounds and 4,432 inactive compounds (Figure 3.2A). To assess model overfitting during the
training process, we withheld an independent testing set from each dataset to monitor the
evolution of the loss function, and an early stopping criterion to conclude training when overfitting
starts to occur. We discovered that while training loss continues to decrease, testing loss stops
decreasing after 100-150 epochs for most datasets, a sign of model overfitting (Figure 3.3).

Therefore, when overfitting was detected, DTox would conclude training and output the optimal
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model when minimal testing loss was reached. On average, the optimal DTox model was learned

over 140+16 epochs. We implemented hyperparameter tuning by grid search to derive an optimal

model for the prediction of each assay outcome. On average, an optimal DTox model contains

412 hidden pathway modules (Figure 3.2B), and 45,623 neural network parameters (Figure

3.2C). The average ratio between number of training samples versus number of network

parameters is 0.13+0.03 (Figure 3.2D), with the estrogen receptor agonist assay model being the

highest (0.31) and the hedgehog antagonist assay model being the lowest (0.07). Compared to a

conventional multi-layer perceptron (MLP) model, DTox model has far fewer network parameters.

On average, the number of network parameters for a DTox only accounts for three percent of the

number for a matched MLP (Figure 3.2E).

Total Number of Number of
Tox21 dataset Tox21 Assay target number of active inactive
name assay name category Cell line compounds | compounds | compounds
tox21-ahr-pl AhR nuclear receptor | HepG2 7008 764 6244
tox21-apl-
agonist-pl AP-1 agonist | stress response ME-180 6847 572 6275
tox21-ar-mda-
kb2-luc- AR-MDA MDA-MB-
antagonist-p2 antagonist nuclear receptor | 453 6199 886 5313
tox21-are-bla-pl ARE stress response HepG2 5973 996 4977
tox21-aromatase-
pl Aromatase stress response MCE-7 6627 714 5913
tox21-car-
agonist-p1 CAR agonist | nuclear receptor | HepG2 6856 883 5973
tox21-er-luc-bgl- | ER-BG1
4e2-agonist-p2 agonist nuclear receptor | BG1 6481 704 5777
Mitochondria
tox21-mitotox-pl | toxicity stress response HepG2 6479 1199 5280
tox21-pr-bla- PR-BLA
antagonist-p1 antagonist nuclear receptor | HEK293 6426 829 5597
tox21-pxr-pl PXR agonist | nuclear receptor | HepG2 6526 1618 4908
tox21-rar- RAR
antagonist-p2 antagonist nuclear receptor | C3H10T1/2 | 5535 554 4981
tox21-ror-cho- ROR
antagonist-p1 antagonist nuclear receptor | CHO 5409 500 4909
tox21-rt-viability- Cell viability
hek293-pl (HEK293) cytotoxicity HEK293 7523 1717 5806
tox21-rt-viability- Cell viability
hepg2-pl (HepG2) cytotoxicity HepG2 7526 1133 6393
tox21-shh-3t3-
gli3-antagonist- Hedgehog developmental
pl antagonist toxicity NIH/3T3 5689 927 4762

Table 3.2 Summary of 15 Tox21 datasets used in the study
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Figure 3.4 Prediction of compound response to 15 toxicity assays
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(A) Heatmap showing the training performance of VNN built under different combinations of root biological
processes (shown as upset plot at the bottom). To facilitate comparison, the model performance is normalized
within each assay using Z-transform. The optimal combination for each assay is highlighted with a red star.
The name of each assay is annotated on the left, with name of the assay cell line included in parenthesis.
AhR: aryl hydrocarbon receptor, AP-1: activator protein-1, AR-MDA: androgen receptor in MDA-kb2 AR-luc
cell line, ARE: antioxidant response element, CAR: constitutive androstane receptor, ER-BG1: estrogen
receptor in BG1 cell line, PR-BLA: progesterone receptor in PR-UAS-bla HEK293T cell line, PXR: preghane
X receptor, RAR: retinoid acid receptor, ROR: retinoid-related orphan receptor. (B) Barplot showing the
validation performance in all 15 Tox21 datasets. The performance of DTox is compared against three other
models: a multi-layer perceptron with the same number of hidden layers and neurons as DTox (MLP), random
forest (RF), and gradient boosting (GB). Performance is measured by two metrics: area under ROC curve and
balanced accuracy, with error bar shows the 95% confidence interval.

To customize the network structure for prediction of each assay outcome, we made the
root biological process a hyperparameter. This means through hyperparameter tuning, we can
choose a branch or combination of branches from the Reactome pathway hierarchy that result in
the best predictive performance for an assay of interest (Figure 3.4A). For instance, signal
transduction pathways alone can deliver the optimal model for HEK293 cell viability assay while
additional pathways from the immune system are required for HepG2 cell viability prediction,
suggesting a potential role of immune response in HepG2 cytotoxicity. In general, models built
with multiple branches perform better than models built with a single branch.

3.3.2 DTox can achieve the same level of performance as complex classification

algorithms

We validated the predictive performance of DTox models on held-out validation sets,
which on average contain 1,295 compounds per assay. The optimal models of all 15 assays
exhibit an area under the ROC curve (AUROC) greater than 0.7 (0.7-0.8: 6 models, 0.8-0.9: 9
models). Similarly, 14 models exhibit a balanced accuracy above 0.55 (0.55-0.65: 9 models, 0.65-
0.75: 4 models, > 0.75: 1 model) except for the optimal model of the AP-1 signaling agonist
assay. We then compared the optimal performance of DTox against three other classification
algorithms (Figure 3.4B). Comparing DTox to a matched MLP model, we observed one assay
where DTox significantly outperformed MLP in balanced accuracy (pregnane X receptor agonist),
and two assays in the opposite direction (HEK293 and HepG2 cell viability). Comparing DTox to
random forest (RF) and gradient boosting (GB), we observed one assay where DTox significantly
outperformed both RF and GB (constitutive androstane receptor agonist), and one assay in the
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opposite direction (AP-1 signaling agonist). In general, DTox model achieved the same level of

predictive performance as these well-established classification algorithms.
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Figure 3.5 Influence of pathway knowledge and hierarchy on predictive performance of DTox
Barplots showing the results of shuffling analysis in all 15 Tox21 datasets. Performance of DTox (original) is
compared against three alternative models built with shuffled layouts: (i) an alternative DTox model built under
shuffled Reactome ontology hierarchy (ontology), (ii) an alternative DTox model built with shuffled input feature
profile (feature). (iii) an alternative DTox model built with shuffled assay outcome as negative control (outcome).
Performance on held-out validation set is measured by two metrics: area under ROC curve and balanced
accuracy, with error bar shows the 95% confidence interval. AhR: aryl hydrocarbon receptor, AP-1: activator
protein-1, AR-MDA: androgen receptor in MDA-kb2 AR-luc cell line, ARE: antioxidant response element, CAR:
constitutive androstane receptor, ER-BG1: estrogen receptor in BG1 cell line, PR-BLA: progesterone receptor
in PR-UAS-bla HEK293T cell line, PXR: pregnane X receptor, RAR: retinoid acid receptor, ROR: retinoid-
related orphan receptor.

To evaluate the degree to which DTox benefits from the incorporation of pathway

knowledge, we performed shuffling analysis (Figure 3.5) and compared the predictive

performance of original DTox models against alternative models built upon three different layouts:

shuffled ontology hierarchy (i.e., child-parent pathway relationships are perturbed), shuffled

feature profile (i.e., protein-pathway annotations are perturbed), and shuffled outcome as a
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negative control (i.e., input data label is incorrect). We observed that shuffled feature profiles
significantly impacted the predictive performance of DTox, as the resulting models exhibited
random performance resembling negative controls from the shuffled outcome, suggesting the
importance of correct protein-pathway annotations in DTox. By contrast, shuffled ontology
hierarchy moderately impacted the predictive performance of DTox, as we observed only two
assays where it resulted in significant drop of balanced accuracy (estrogen receptor agonist and
retinoid-related orphan receptor gamma antagonist). Notably, the outcomes for both assays are
directly related to a specific nuclear receptor transcription pathway, as opposed to other complex
outcomes that involve multiple pathways (e.g., mitochondria toxicity, cytotoxicity). That may
explain why shuffled ontology hierarchy had a higher impact on these two assays given that

connections to the specific pathway would be disturbed in the shuffling.
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Figure 3.6 Consistency of DTox interpretation across hyperparameter settings

Heatmap showing the similarity of VNN paths identified from nine different hyperparameter settings. The
similarity between each pair of setting (annotated in each cell) is measured by the median Jaccard Index
among active compounds regarding their identified paths
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3.3.3 Development of a DTox interpretation framework for explaining VNN
predictions

A fundamental advantage of VNN over other classification algorithms lies in its high
interpretability. The incorporation of pathway hierarchy enables us to reason through hidden
layers of VNN for mechanistic interpretation. Therefore, we developed a DTox interpretation
framework to identify paths from VNN that can explain the toxicity outcome of a compound
(Figure 3.1). The framework accepts the derived target profile of each compound along with the
trained DTox model that specifies learned weights for each hidden neuron. Each identified path
links together a root biological process, its descendant pathway modules, and a target protein
feature. The framework has two hyperparameters: 9 and U 2 controls the stability of interpretation
results while Ucontrols sparsity. We evaluated the effect of hyperparameter settings on identified
VNN paths (Figure 3.6). We observed that the set of identified paths exhibits consistently high
similarity across distinct hyperparameter settings, as the average Jaccard Index reaches 0.70.
Due to the high similarity, we only used the VNN paths identified from one setting (0 = 0.001, =U

0.1) for the following validation analyses.
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Figure 3.7 Validation of identified VNN paths by known mechanisms
(A) Barplots comparing the observed versus expected proportion of validated compounds in four nuclear

receptor assays. The fAground t repréasénts the/ Rhdlvn mechahismpof aced at

transcription activation by nuclear receptor. A compound is considered to be validated by the known
mechanism if the ground truth path is identified by DTox. The expected proportion is computed by random
sampling, with the histogram and fitted density curve showing the sampled distribution (95% confidence
interval shown as error bar). (B) Line charts comparing the proportion of validated compounds (y-axis) among
models. Performance of DTox interpretation framework (DTox) is compared against two other methods: Read-
across (RAXx) with knowledge source from ComptoxAl or DrugBank, LIME with strict or lax threshold for target
feature relevance. RAx models were implemented under five different thresholds of Tanimoto Coefficient (TC;
x-axis). A compound is considered to be validated if it can be connected to the nuclear receptor of interest.

3.3.4 DTox can rediscover mechanisms of transcription activation by four nuclear
receptors
To evaluate whether DTox can rediscover known mechanisms for a toxicity outcome, we
|l ooked for Aground trutho from the VNN paths

Androgen receptor antagonist, estrogen receptor agonist, retinoic acid receptor antagonist, and
45
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retinoid-related orphan receptor gamma antagonist. Each of the four assays measures compound
response to a specific nuclear receptor transcription pathway. Therefore, we established ground
truth as the VNN path that links together the root process of gene expression, nuclear receptor
transcription pathway, and the specific target receptor AR, ER , RARb , Figu@R.3A).In
three of the four nuclear receptor assays, our framework was able to identify the ground truth
path for at least 29% of all active compounds (ER : 2 9 %, RARD: 31 @mp&Ri@Ro :
to the expected baseline performance from identifying by chance, our framework improved the
proportion by at least twofold.

We also compared the interpretation performance by DTox against two state-of-the-art
methods; namely Local Interpretable Model-Agnostic Explanations (LIME), a popular
interpretation method for explaining predictions of classification algorithms, and Read-across
(RAX), a similarity-based inference technique commonly used in the field of toxicology. Note that
neither method provides a mechanism for incorporating pathway knowledge. As a result, they can
only connect active compounds to toxicity outcome via target proteins while DTox can provide
sample-level explanations linking compounds, target proteins, pathways, and toxicity outcomes.
Nevertheless, in three of the four nuclear receptor assays (ER RARbBb, and ROR2),
exhibits the best interpretation performance while the other two methods display major
methodological shortcomings (Figure 3.7B). Specifically, interpretation performance by LIME is

dependent on the adopted threshold for feature relevance, as a stricter threshold can significantly

deteriorate the performance ( e.-gcross, oitRe otherlandiR OR9 ) .

is heavily dependent on the knowledge source, as well as the adopted threshold for similarity
measurement. When little existing knowledge could be extracted for the target of interest, Read-
across would suffer from poor performance (e. g.
performance in general, DTox failed to identify the ground truth path for AR antagonists (Figure
3.7A&B). Instead, DTox interpretation linked AR antagonists to target proteins such as integrins,

protein kinase A, or protein tyrosine phosphates, which have been shown to regulate the function
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of AR6.197 One possible explanation is that AR antagonists could interact with a variety of off-

targets, making it difficult for DTox to aggregate the signal on a single receptor.
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Figure 3.8 Validation of identified VNN paths by differential expression

(A) A VNN path is considered to be differentially expressed (DE) if all pathways along the path is enriched for
DE genes from the matched LINCS experiment. The validation analysis is performed for four assays (columns)
in three different dose-time groups (rows), with each scatter plot comparing the observed versus expected
proportion of DE paths for a single group. The observed proportion is computed with VNN paths identified for
each compound while the expected proportion is computed with all possible VNN paths. A Wilcoxon signed-
rank test is employed to examine whether the average observed proportion of each group is significantly
higher than the average expected proportion (P-value and FDR shown at the bottom right). The diagonal is
shown as black dashed line, with compounds in the upper triangle (observed > expected) shown in blue and
compounds in the lower triangle (observed < expected) shown in grey. Compounds with the top five observed
proportion in each group are annotated with their names. (B) Barplot showing the DE VNN paths that are
recurrently identified for at least five aromatase inhibitors. Each VNN path is named after its lowest-level
pat hway. Paths that contain the Atranscriptional
the remaining paths are colored in cyan.
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3.3.5 DTox can recapitulate cellular activities induced by aromatase inhibitors and
pregnane X receptor agonists

To evaluate whether DTox can recapitulate cellular activities induced by active
compounds, we studied the differential expression of VNN paths identified for four assays:
Aromatase inhibitor, mitochondria toxicity, pregnane X receptor agonist, and HepG2 cell viability.
In total, we obtained the gene expression profile measured from 321 LINCS experiments in which
an active compound was used to treat the assay cell line (121 experiments for aromatase
inhibitor assay, 54 for mitochondria toxicity assay, 101 for pregnane X receptor agonist assay,
and 45 for HepG2 cell viability assay). Of all 321 experiments, we found 161 (50%) cases where
DToxb6s interpretation f ratdeas one differentialysexpessédd/NN o
path. On average, 3.8+0.6% of VNN paths identified by our framework were found to be
differentially expressed, significantly higher than the expected proportion by chance (2.4+0.3%, P
= 2.5e%). We then performed the comparison separately by assay and dose-time combinations
(Figure 3.8A). In the aromatase inhibitor assay, our framework outperformed the expected
proportion across all three dose-time combinations. In the pregnane X receptor agonist assay,
our framework outperformed the expected proportion among the two groups of experiments
conducted 24 hours after treatment. In the HepG2 cell viability assay, although no overall
difference was detected among experiments conducted 6 hours after treatment, our framework
was still able to identify a relatively high proportion of differentially expressed VNN paths for
individual compounds such as cilnidipine (21.4%), cyclopamine (12.5%), and chloroxine (10%).

Based on the results of differential expression analysis, induced cellular activities appear
to be more consistent among aromatase inhibitors compared to the other three assays, as we
discovered ten differentially expressed VNN paths that are recurrently identified for at least five
aromatase inhibitors (Figure 3.8B). By contrast, we only discovered one such VNN path for the
ot her three assays combined. Interestingly,
descendant pathways are involved in six of the ten discovered VNN paths, suggesting a potential
mechanism for regulation of aromatase by p53 in the MCF-7 aro estrogen responsive element
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(MCF-7aro/ERE) breast cancer cell line, a finding supported by a previous study®. In addition to

p53, interleukin-4 and interleukin-13 also appear to play an important role in regulation of

aromatase, as the relevant VNN path is linked to 17 aromatase inhibitors by differential

expression. This finding is worth further experimental investigation.
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Figure 3.9 In-depth analysis of HepG2 cytotoxicity using identified VNN paths

(A) Established mechanisms for cell death in drug-induced liver injury. Reactome pathways relevant to the
mechanisms are identified and used as reference for the analysis. (B and C) Survival plots comparing the
pathway relevance scores among active (orange curve) versus inactive (grey curve) compounds of two
mechanisms of action assays: caspase 3/7 induction (B) and disruption of the mitochondrial membrane
potential (C). Comparisons are made for nine cell death-related pathways, with each plot showing the
comparison for a single pathway. Red star at the top right denotes that the pathway is related to the respective
mechanism of action. Log-rank test is employed to examine whether the two distributions in each plot are
significantly different (FDR value shown at the bottom left). (D) Network diagram showing the simplified DTox
structure connecting mifepristone (triangle node) to the HepG2 cytotoxicity (rectangle node) via pathway
modules (round nodes). Pathways with relevance score > 0 are colored in purple, with the scale proportional
to relevance scale. The VNN paths identified for mifepristone by DTox are shown in solid lines while the rest
are shown in dashed lines. (E and F) heatmaps showing the enrichment of nine cell death-related pathways
among compounds associated with 20 drug-induced liver injury phenotypes (E) and among compounds of 14
ATC classes (F) . Cells are colored based on odds
significance of enrichment (asterisk denotes FDR < 0.05). VOD/SOS: veno-occlusive disease and sinusoidal
obstruction syndrome.

49

rati o.

Fi

sher



——

MAPK1/MAPK3
| I |IIIIIIII|““| MMM Hippo
il

} \ TNFR1 proapoptotic
\ ‘IIIIIII |TNFR1/NFTI<

R2/ NFT k
L1 M
llMHC class I

| |
” |||”||W| l”l\lllllﬂllllll\' TLR4 coseade
| TLR4 cascade

Figure 3.10 Clustering of HepG2-cytotoxic compounds based on cell death-related pathways

Heatmap showing the mapping between 1,120 HepG2-cytotoxic compounds (columns) and nine cell death-
related pathways (rows). Hierarchical clustering is performed for both compounds and pathways. Two clusters
appear to form as a result. Compounds in the first cluster (top right) are linked to cytotoxicity via apoptosis-
related pathways. Compounds in the second cluster (bottom middle) are linked to cytotoxicity via immune-
related and necrosis-related pathway.

3.3.6 DTox can differentiate distinctive mechanisms leading to HepG2 cytotoxicity

Next, we sought to explain the compound-induced cytotoxicity in HepG2 cells using VNN
paths identified for the HepG2 cell viability assay. A recent review paperi®® summarized four
major mechanisms leading to cell death in drug-induced liver injury (DILI): (i) TNFR1/2 mediated
apoptosis via caspase activation and pro-survival inhibition, (i) MST1/2 mediated apoptosis via
Hippo signaling, (iii) immune response activation via MHC class Il antigen presentation, and (iv)
TLR3/4 mediated necrosis (Figure 3.9A). Since the HepG2 cell line was derived from liver tissue,
we can use the four mechanisms as a reference for compound-induced cytotoxicity in HepG2
cells. We identified nine Reactome pathways that participate in the four mechanisms (Figure
3.8A). We then mapped HepG2-cytotoxic compounds to the nine Reactome pathways via VNN
paths identified by our framework. Of all 1,120 cytotoxic compounds, 707 (63%) compounds are
mapped to at least one of the nine cell death-related pathways (Figure 3.10) while the remaining
413 (37%) compounds are mainly linked to HepG2 cytotoxicity via the GPCR, mTOR, and Rho
GTPase signaling pathways (Figure 3.11). We performed hierarchical clustering on the mapping
and identified two compound clusters (Figure 3.10). Compounds in first cluster are linked to
cytotoxicity via apoptosis while compounds in the second cluster are linked to cytotoxicity via
immune activation and necrosis. Nevertheless, we discovered a few compounds that exhibit
characteristics of both clusters. For instance, according to our framework, mifepristone, a medical

abortion drug, causes cytotoxicity in HepG2 cells by activating both apoptosis (via
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MAPK1/MAPK3 signaling and Hippo signaling) and necrosis (via TLR3 and TLR4 cascade), a
finding supported by previous studies!*%112 (Figure 3.9D). In addition, our framework was able to
link mifepristone with its therapeutic targetd the glucocorticoid receptord via PTK6 signaling).

The other therapeutic target of mifepristoned the progesterone receptord is not in the VNN.
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Figure 3.11 Summary of VNN paths identified for 413 cytotoxic compounds not mapped to cell death-
related pathways

Barplots showing the top 30 most prevalent target proteins (A) and lowest-level pathways (B) identified for the

413 cytotoxic compounds that cannot be mapped to the nine cell death-related pathways. Each bar is colored

by the general category of the target protein or lowest-level pathways it presents, with the color legend shown

at top right.

To evaluate whether DTox can differentiate distinctive mechanisms leading to HepG2
cytotoxicity, we looked for concordance between the assigned pathway relevance and screening
results from two mechanism of action assays (included in the Tox21 datasets). The first assay we
studied measures caspase 3/7 induction in HepG2 cells. Caspase 3 and caspase 7 are key
executioners of apoptosis*®. They are involved in TNFR1/2 mediated apoptosis, and YAP/TAZ
phosphorylation of Hippo signaling'** (Figure 3.9A). Accordingly, we compared the assigned
relevance scores between caspase 3/7+ and caspase 3/7- compounds regarding TNFR1-induced
proapoptotic signaling and Hippo signaling (Figure 3.9B). Overall, we did not observe significantly

higher relevance among caspase 3/7+ compounds regarding the two signaling pathways (FDR =
51



0.31 and 0.42, respectively). However, for Hippo signaling, we did observe higher pathway
relevance among caspase 3/7+ compounds above the 90™ percentile of two distributions
(highlighted in Figure 3.9B), hence a partial agreement between assigned pathway relevance and
caspase 3/7 induction screening. By contrast, the pattern among top-ranked compounds was not
observed in other cell death-related pathways except for MHC class Il antigen presentation (FDR
= 0.02; Figure 3.9B), suggesting a potential role of caspase 3/7 in MHC class Il antigen
presentation, a finding worth of further investigation.

The second assay we studied measures disruption of the mitochondrial membrane
potential (MMP). MMP is a key indicator of mitochondrial activity as it is required for ATP
synthesis. Disruption of MMP can lead to release of cytochrome ¢, which in turn amplifies the
apoptosis signal'®. The downstream effectors of TNFR1/2, including caspase activation and
inhibitonof NF-e B acti vati on, can ¢é2att giguredios)rAacprdiriglp, we of MMP
compared the assigned relevance scores between MMP-disrupting and nondisruptive compounds
regarding TNFR1-induced proapoptotic signaling, TNFR1-induced NF-a B si gnalNFR2g, and T
induced NF-a B s i g Rigutei3.8Q). W observed significantly higher relevance among MMP-
disrupting compounds regarding TNFR1-induced proapoptotic and TNFR1-induced NF-a B
signaling (FDR = 5e® and 3e®, respectively). And the pattern of higher relevance is consistent
across all percentiles of two distributions, hence an agreement between assigned pathway
relevance and MMP disruption screening. By contrast, the pattern was not observed in other cell
death-related pathways except for MHC class Il antigen presentation (FDR = 4e; Figure 3.9C),
suggesting the potential involvement of mitochondria in antigen presentation, a finding supported
by previous work'?,

3.3.7 Interpretation of HepG2 cytotoxicity links clinical phenotypes of DILI to

TLR3/4 mediated necrosis

We also sought to explain 20 clinical phenotypes of DILI using the derived mapping
between compounds and nine cell death-related pathways. For each DILI phenotype, we
identified the enriched pathways among its associated compounds (Figure 3.9E). We observed a
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disproportionate prevalence of high odds ratio in the two necrosis-related pathways (TLR3 and
TLR4 cascade signaling) across almost all DILI phenotypes, with hepatic necrosis, hepatitis, and
hepatic fibrosis being the three highest. In total, nine phenotypes are significantly enriched for
TLR3/4 mediated necrosis (FDR < 0.05). By contrast, only four phenotypes are significantly
enriched for immune activation via MHC class Il antigen presentation while no phenotype is
significantly enriched for Hippo signaling or TNFR1/2 mediated apoptosis. These results suggest
that TLR3/4 mediated necrosis is a common cause for clinical phenotypes of DILI, a finding
supported by previous studies®8 119,

Similarly, we identified the enriched pathways among compounds of 14 Anatomical
Therapeutic Chemical (ATC) classes (Figure 3.9F). Each ATC class represents a group of drugs
that act on a specific organ or system. We found three classes (hormonal, sensory, and
dermatological) significantly enriched for TLR3/4 mediated necrosis, and two classes (hormonal
and dermatological) significantly enriched for immune activation via MHC class Il antigen

presentation.
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Figure 3.12 Application of predicted HepG2 cytotoxicity score among DSSTox compounds
(A) Boxplot showing the distribution of predicted HepG2 cytotoxicity scores among positive controls (leftmost
box in red), ten EPA chemical lists (boxes in light red), six DrugBank lists (boxes in light blue), and negative
controls (rightmost box in blue). Mann-Whitney U test is employed to examine whether the cytotoxicity
scores of each list exhibit no significant difference from the positive controls (red star above list name), or no
significant difference from the negative controls (blue star above list name). (B) Boxplot on the right
compares the predicted HepG2 cytotoxicity scores among drugs associated with clinical hepatic phenotypes
(green box) versus negative controls (yellow box), while barplot on the left shows the odds ratio between
HepG2 cytotoxicity and each phenotype (95% confidence interval shown as error bar). Results for ten
phenotypes with odds ratio > 1 are shown in the plot. Mann-Whitney U test is employed to examine whether
the drugs associated with each phenotype are predicted with higher cytotoxicity scores than the negative
controls (red star next to the phenotype name denotes P < 0.05).

3.3.8 DTox can be applied to a wide range of chemicals other than drugs

Finally, to demonstrate the applicability of DTox among a broader spectrum of chemicals,
we implemented the optimal DTox models of two cell viability assays (HepG2 and HEK293) to
predict the probability of cytotoxicity for 708,409 compounds from distributed structure-searchable
toxicity (DSSTox)'?°. These compounds provide considerable coverage of the chemical
landscape of interest to toxicological and environmental researchers, and have not been

screened by the Tox21 project. We first analyzed the predicted HepG2 cytotoxicity by compiled
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compound lists from DrugBank regarding drug approval status (Figure 3.12A). We discovered
that regardless of approval status, compounds in all six lists exhibited significantly lower predicted
HepG2 cytotoxicity than positive controls (active in Tox21 screening). However, only compounds
in the nutraceutical list exhibited no significant difference from negative controls (inactive in Tox21
screening). We discovered the same result when analyzing the predicted HEK293 cytotoxicity
(Figure 3.13A). These nutraceutical compounds are mostly dietary supplements and food

additives that can be taken daily, thus are expected to appear less toxic to human body.

Figure 3.13 Application of predicted HEK293 cytotoxicity score among DSSTox compounds

(A) Boxplot showing the distribution of predicted HEK293 cytotoxicity scores among positive controls (leftmost
box in red), 12 EPA chemical lists (boxes in light red), six DrugBank lists (boxes in light blue), and negative
controls (rightmost box in blue). Mann-Whitney U test is employed to examine whether the cytotoxicity scores
of each list exhibit no significant difference from the positive controls (red star above list nhame), or no
significant difference from the negative controls (blue star above list name). (B) Boxplot on the right compares
the predicted HEK293 cytotoxicity scores among drugs associated with clinical renal phenotypes (green box)
versus negative controls (yellow box), while barplot on the left shows the odds ratio between HEK293
cytotoxicity and each phenotype (95% confidence interval shown as error bar). Results for eight phenotypes
with odds ratio > 1 are shown in the plot. Mann-Whitney U test is employed to examine whether the drugs
associated with each phenotype are predicted with higher cytotoxicity scores than the negative controls. No
significant signal was detected for any phenotypes.
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