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KEY WORDS Abstract  Cytotoxicity, usually represented by cell viability, is a crucial parameter for evaluating drug
safety in vitro. Accurate prediction of cell viability/cytotoxicity could accelerate drug development in the
early stage. In this study, by integrating cellular transcriptome and cell viability data using four machine
learning algorithms (support vector machine (SVM), random forest (RF), extreme gradient boosting
(XGBoost), and light gradient boosting machine (LightGBM)) and two ensemble algorithms (voting

Interpretable model;
Drug safety;

Cell viability;
Weak cytotoxicity;

Machine learning; and stacking), highly accurate prediction models of 50% and 80% cell viability were developed with area
Transcriptome; under the receiver operating characteristic curve (AUROC) of 0.90 and 0.84, respectively; these models
Cytotoxicity Signature also showed good performance when utilized for diverse cell lines. Concerning the characterization of the
genes; employed Feature Genes, the models were interpreted, and the mechanisms of bioactive compounds with
Narrow therapeutic index a narrow therapeutic index (NTI) can also be analyzed. In summary, the models established in this
drugs research exhibit superior capacity to those of previous studies; these models enable accurate high-

safety substance screening via cytotoxicity prediction across cell lines. Moreover, for the first time, Cyto-
toxicity Signature (CTS) genes were identified, which could provide additional clues for further study of
mechanisms of action (MOA), especially for NTI compounds.
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1. Introduction

Drug safety is an important issue in drug development and causes
approximately one-third of drug failures' >. In vitro toxicity
studies need to be conducted in the early stage of drug discovery.
Cell viability, typically employed to ascertain the extent of cell
proliferation, survival, or death after exposure to drugs or com-
pounds, serves as a classic metric for evaluating drug safety
in vitro*”®. Many cell viability assays have been developed that
are more convenient than in vivo assays but are still costly. The
development of an accessible and reliable cell viability prediction
model will provide a valuable in silico tool for toxicity evaluation.

The accumulation of omics data has had a great impact on
pharmaceutical R&D®'®. Cellular chemical perturbation tran-
scriptomic signatures, which depict comprehensive transcriptomic
alterations in cells after exposure to compounds, provide valuable
clues for drug development'' ™" including the mechanism and
toxicity of drug candidates. The signature of cytotoxicity identi-
fication and quantification would contribute greatly to compound
safety prediction, which will promote the attainment of highly safe
substances from the transcriptomic data of many chemical per-
turbations and may also help to understand the molecular mech-
anisms of toxicity and activity. As a powerful tool for data mining,
machine learning has been applied to reveal valuable information
from omics data in drug development'*'®, including cell viability
prediction. Several cell viability prediction models were generated
previously by correlating transcriptomic data and toxicity data in
which the data collection conditions were roughly matched due to
differences in database resources and leaded to relative perfor-
mance of the models'”'®. In addition, most of the reported models
lack interpretability and need to be implemented for a deep un-
derstanding of the molecular mechanisms of cytotoxicity.

In this study, high-quality datasets were generated and utilized
for modeling via machine learning algorithms. In addition to setting
50% cell viability as the threshold as in other studies, 80% cell
viability was applied as a threshold for the prediction of weakly
cytotoxic compounds. The models in this study are interpretable by
quantification of Feature Genes on cell viability/cytotoxicity, which
provides not only the basis for model prediction but could also be
used for the analysis of the molecular mechanism of cytotoxicity
caused by individual compounds. Notably, the pharmacodynamic
mechanism of a compound with a narrow therapeutic index is
usually affected by the cytotoxicity of the compound, and the list of
Cytotoxicity Signature (CTS) genes obtained in this study could be
utilized to eliminate the confounding effect to achieve the mech-
anism of action (MOA) of the substance.

2. Materials and methods

2.1.  Cell lines and compounds

A549 (Cat. No. CCL-185) and HepG2 (Cat. No. HB-8065) cells
were obtained from the American Type Culture Collection
(Manassas, VA, USA); HT-29 (Cat. No. 1101HUM-
PUMCO000109) and HEK293 (Cat. No. 1101HUM-PUMCO000010)

cells were obtained from the Cell Resource Center of Peking
Union Medical College (Beijing, China). A549 and HepG2 cells
were cultured in Dulbecco’s modified Eagle’s medium (DMEM)
supplemented with 10% fetal bovine serum (FBS), 100 IU/mL
penicillin and 100 pg/mL streptomycin; HEK293 cells were
cultured in Minimum Essential Medium supplemented with 10%
FBS, 100 IU/mL penicillin and 100 pg/mL streptomycin; HT-
29 cells were cultured in DMEM/F-12 supplemented with 5%
FBS, 100 IU/mL penicillin and 100 pg/mL streptomycin. DMEM
(Cat. No. 11965500BT), Minimum Essential Medium (Cat. No.
C11095500BT), FBS (Cat. No. 10099141C), penicillin strepto-
mycin (Cat. No. 15140122), and DMEM/F-12 (Cat. No.
11320033) were purchased from Gibco (Waltham, MA, USA).
A total of 1243 compounds (purity >95%) were obtained from
the compound libraries (Cat. Nos. L1000, L3400, L6000, and
L4000), and the powders of the compounds, cyclosporine A (Cat.
No. T0945; purity = 98%) and triptolide (Cat. No. T2179;
purity = 98%), were purchased from TargetMol (Boston, MA,
USA). The structure and purity of all the compounds were
confirmed by nuclear magnetic resonance and high-performance
liquid chromatography. The compounds used in this study were
dissolved in dimethyl sulfoxide (DMSO, Cat. No. 34943;
Sigma—Aldrich, St. Louis, MO, USA) and stored at —20 °C.

2.2.  Cell viability assay

A549, HEK293, HepG2, and HT-29 cells were seeded in 96-well
plates and treated with the test compounds for 48 h. Cell viability
was determined via the CellTiter-Glo Assay (Cat. No. G7571;
Promega, Madison, WI, USA) by measuring the relative light
units (RLUs) according to the manufacturer’s protocol. Cells
treated with DMSO (19, v/v) served as the vehicle control. Cell
viability was calculated using Eq. (1) ':

Cell viability (%) = RLUScompound/RLUsppso X 100 (1)

All the experiments were performed in duplicate, and the mean
values subsequently were utilized for classifier label determination.

2.3.  RNA extraction and RNA sequencing

A549, HepG2, and HT-29 cells were seeded in 6-well plates and
incubated with the test compounds or DMSO (19, v/v). Briefly,
HT-29 cells were treated with cyclosporine A at a final concen-
tration of 10 pmol/L; A549 and HepG2 cells were treated with
triptolide at final concentrations of 30 and 10 nmol/L, respectively.
Total RNA was extracted using TRIzol reagent (Cat. No.
15596026; Gibco, Waltham, MA, USA) according to the manu-
facturer’s protocol. RNA quality assessment, cDNA library con-
struction and RNA sequencing were conducted by OE Biotech
Co., Ltd. (Shanghai, China). Briefly, RNA integrity was assessed
by an Agilent 2100 Bioanalyzer (Agilent Technologies, Santa
Clara, CA, USA). The cDNA library was constructed using a
VAHTS Universal V6 RNA-seq Library Prep Kit (Vazyme,
Nanjing, China) according to the manufacturer’s instructions and
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sequenced on Illumina NovaSeq 6000 platform (Illumina Inc., San
Diego, CA, USA). The raw reads were first processed using
fastp®® to obtain the clean reads, which were subsequently mapped
to the reference genome using HISAT2?'. The FPKM?*? value of
each gene was calculated, and the read counts of each gene were
obtained via HTSeg-count™. Differential expression analysis was
performed using DESeq2®*, and the significant differential
expressed genes (DEGs) were identified by using the following
thresholds: g value < 0.05 and fold change >2 or < 0.5.

2.4.  Retrieval and processing of data

The transcriptome data utilized in this study were downloaded from
the Library of Integrated Network-based Cellular Signatures
(LINCS,  https:/clue.io/data/CMap20204LINCS2020)*>  and
“sig_id” information of the files is provided in Supporting Infor-
mation Table S1. The level 3 and level 5 matrixes of 1243 com-
pounds were extracted using the parse function of the cmapPy
python package®®. Subsequently, the signatures obtained under the
same conditions were averaged using the Moderated z score
(MODZ) procedure? as follows: the pairwise Spearman correlation
values of the profiles were calculated for the weight of each signa-
ture, and the values with negative correlations were set as 0.01; then
the weighted average of each signature was subsequently calculated
for multiple expression profiles to obtain the profile for modeling. To
obtain a high-level view of the distribution of the compounds in
modeling data, t-SNE analysis®>’ was performed on the 1243 sig-
natures for non-linear dimensionality reduction and visualization.

According to the A549 cell viability, the 1243 compounds
were divided into three groups according to the following ranges:
less than 50%, 50%—80%, and greater than 80%. The training set
and test set of this study were generated by randomly stratifying
the data at a ratio of &2 by wusing the train_
test_split function.

2.5.  Feature selection

2.5.1. Identification of variable genes

Variable genes were obtained by calculating the SD and maximum
fold change (MFC) of each gene among the training set on their
level 3 matrix with the thresholds SD >1 or MFC >2.

2.5.2.  Weighted correlation network analysis for feature
selection

The modules of co-expressed genes among variable genes were
identified by using the wgena®® R package, and each module
eigengene was calculated for the correlation analysis between the
module and cell viability to identify modules with the highest
positive and negative correlation scores. The genes in the modules
composed the feature set of weighted correlation network analysis
(WGCNA). The module membership of each gene was subse-
quently assessed via correlation value calculations between the
gene expression and the module eigengene.

2.5.3.  Minimum redundancy maximum relevance for feature
selection

The minimum redundancy maximum relevance (mRMR) method
ranks features based on maximizing the correlation between the
feature and the label and minimizing the redundancy across features.
In this study, by using the mRMRe> package, the mRMR score of
each variable gene was calculated; this score represents the corre-
lation between the gene and the label minus the average redundancy

score of the gene across all variable genes. The genes with a
threshold of mRMR >0 were collected as the feature set of mRMR.

2.5.4.  Gene enrichment analysis for feature selection

The samples in the training set with cell viability values less than
50% or 80% were used for enrichment analysis. For each sample,
the variable genes were ranked by MODZ score, and enrichment
analysis was subsequently applied to the variable genes of each
sample by using the fgsea®® R package based on biological pro-
cesses (BP) terms to obtain the terms with false discovery rate
<0.05. Leading-edge genes were also recorded. The C value of
each gene was calculated using Eq. (2):

C=nl/N 2

where n is the total frequency of the gene recorded and N is the
number of samples for analysis. The feature set of gene set
enrichment (GSEA) was composed of genes with C > 0.

2.5.5.  Robust rank aggregation

The genes in the three Gene sets obtained by WGCNA, mRMR, and
fgsea were ranked in descending order according to their module
membership score, mRMR score, and C value, respectively. The
rank of each gene in the three lists was used as the feature value, and
the three lists were subsequently aggregated by robust rank aggre-
gation (RRA) analysis using the RobustRankAggreg®' R package to
determine the significance of each gene. The genes with exact
P < 0.05 were considered as Ensemble Features in the Ensemble
Feature Set.

2.6. Model training

Four machine learning algorithms, namely, support vector machine
(SVM), random forest (RF), extreme gradient boosting (XGBoost),
and light gradient boosting machine (LightGBM), were used to train
the cell viability prediction models, including the classification and
the regression models. The classification models were developed by
using the svm.SVC function, the RandomForestClassifier function,
the xgboost python package and the lightgbm python package from
the scikit-learn library, while regression models were developed by
using the svm.SVR function, the RandomForestRegressor function,
the xgboost python package, and the lightgbm python package. In
addition, voting and stacking were applied to fuse the four classifi-
cation models or regression models, as the voting model was
developed by a soft voting strategy (votingClassifier), and the
stacking model (StackingClassifier) was developed by using the four
models as base learners, and the logistic regression model and
LinearRegression model were the meta-learners for the classification
models and regression models, respectively. The hyperparameter
tuning of each model was developed by using the bayes_opt python
package in 5-fold cross-validation. Additionally, deep learning al-
gorithms were also used to train cell viability prediction models: the
multilayer perceptron and convolutional neural network were
developed by using the Keras package with the backend of
TensorFlow®?. The TabResnet model and TabNet model were
developed by using the pytorch_widedeep package™ and
pytorch_tabnet package™, respectively.

2.7.  Classifier performance evaluation

The metrics, including accuracy, precision, recall, specificity, and
area under the receiver operating characteristic curve (AUROC),
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were calculated by sklearn.metrics and used to evaluate the per-
formance of the classifiers. The metrics were defined using Egs.

(3)—(0):

Accuracy = (TP + TN) / (TP + TN + FP + FN) 3)
Precision = TP / (TP + FP) 4)
Recall = TP/ (TP + FN) ®)
Specificity = TN / (TN + FP) (6)

where TP, TN, FP, and FN represent the number of true positives,
true negatives, false positives, and false negatives, respectively.

2.8.  Interpretation analysis

SHapley Additive exPlanations (SHAP) analysis was used for
interpretation analysis®. The SHAP value of each gene in indi-
vidual samples in the training set was calculated by the
KernelShap function, and the global feature explanation for the
model were achieved as the mean absolute SHAP value of each
gene. For interpretation of individual sample predictions, local
explanations were conducted by using the shap.summary_plot
function for quantification of the local contribution of each gene.

2.9.  Acquirement of CTS genes

The feature importance score of an individual feature on the 80%
cell viability prediction model was represented by its mean ab-
solute SHAP value across all samples in the training set. The
features with feature importance score greater than the average
feature importance score were acquired. Subsequently, Pearson
correlation (p) was calculated by using the pandas.corr function
between each important feature gene and other variable genes to
obtain a comprehensive gene set associated with cell viability
(p > 0.5), which was defined as the CTS genes in this study.

2.10.  MOA prediction

The intersection of the DEGs (or the DEGs with CTS genes
removal) of the compound with the genes detected in the query
platform was obtained. The top 150 up- and downregulated genes
were selected according to the log, (fold change) and used for
MOA prediction via the Query platform (https://clue.io/query)™.
The top 10 MOA terms of the corresponding cell line based on the
norm connectivity score were obtained with the gene sets before
and after the removal of the CTS genes used as inputs,
respectively.

2.11.  Pathway enrichment analysis

Pathway enrichment analysis was performed by using the Meta-
scape platform (http://metascape.org)’® based on the Gene
Ontology (GO), Kyoto Encyclopedia of Genes and Genomes
pathways, and reactome databases, with the following thresholds:
P < 0.01, a minimum count of 3, and an enrichment factor >1.5.

2.12.  Data and material availability

All data needed to evaluate the conclusions of the paper are pre-
sent in the paper and/or Supporting Information The RNA

sequencing (RNA-seq) dataset generated in this manuscript has
been deposited in the NCBI Gene Expression Omnibus database
(GSE252529). All code for model training associated with the
current submission is available at https://github.com/WuYou-imm/
Interpretable-cytotoxicity-prediction-model.

3. Results

3.1.  Data collection and splitting

Cell viability prediction models were constructed in this study
(Fig. 1) by analyzing a total of 1243 bioactive samples with
diverse MOAs that act on 431 targets and all samples were well-
distributed across the training set and test set (Supporting Infor-
mation Table S1 and Fig. S1A). The transcriptomic data of
A549 cells treated with the compounds and the cell viabilities
under the same conditions were correlated. The transcriptomic
data were obtained by screening level 5 of the LINCS database,
and the multiple expression profiles of the corresponding com-
pounds were combined by using the MODZ (Fig. S1B). The cell
viability data (Table S1 and Fig. S1C) of A549 cells treated with
the test compounds were determined under the corresponding
conditions.

Two thresholds, 50% and 80% cell viability, were applied in
this study to construct classifiers. The 50% cell viability was
commonly used as the cytotoxicity threshold, and the corre-
sponding concentration, the 50% cytotoxic concentration, was
often used to represent or compare the toxicity of compounds. In
addition, given that compounds with weak toxicity have limitations
in drug development, 80% cell viability was also used in this study
as the threshold for distinguishing weakly toxic substances. Among
the 1243 compounds, 991 compounds with cell viability greater
than 50% (Fig. S1D) and 781 compounds with cell viability greater
than 80% (Fig. S1E) were defined as positive samples for 50% and
80% cell viability classifiers, respectively. The 1243 compounds
were subsequently divided into three groups according to cell
viability, with percentages ranging from less than 50%, 50%—80%,
and greater than 80%. The training set (n = 994) and test set
(n = 249) of this study were acquired by random stratification at a
ratio of 8:2 (Fig. S1C).

3.2, Identification of cell viability Feature Genes

Given the high dimensionality and redundancy of the transcriptome
data with 12,328 gene expression values, an ensemble feature
selection pipeline was used to obtain the Ensemble Feature Set
(Fig. 2A). First, the MFC and SD of all genes among the samples
in the training set were calculated to eliminate genes with invari-
able expression levels, and a total of 5135 variable genes (SD > 1
or MFC >2; Supporting Information Table S2) were obtained for
subsequent analysis. Then, WGCNA, mRMR, and GSEA were
applied to 5135 variable genes. By using WGCNA (Supporting
Information Fig. S2), the expressed gene modules and the corre-
lation coefficients between the modules and cell viability were
quantified. The module with the highest positive coefficient of 0.58
(P =1 x 107°"; the blue module in Fig. S2C) and the module with
the highest negative coefficient of —0.36 (P = 3 x 1072; the
turquoise module in Fig. S2C) were obtained, and the genes in
these two modules formed Gene set 1 (n = 3430) (Supporting
Information Table S3). The mRMR algorithm was used to obtain
the feature set with the greatest correlation with the label and
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Figure 1

The schematic workflow of this study. The following models were developed for 50% and 80% cell viability prediction according to

the basis of quantitative analysis of the relationship between gene signature and cell viability: (A) transcriptomic data from A549 cells treated with
1243 compounds from LINCS and cell viability data collected under the same conditions used for transcriptome data collection; (B) ensemble
feature selection by using SD, MFC, WGCNA, GSEA, mRMR, and RRA algorithms; (C) and the optimal classifiers for 50% and 80% cell
viability prediction were achieved by comparing various machine learning algorithms, including SVM, RF, XGBoost, LightGBM and two

ensemble strategies (voting and stacking). The SHAP® analysis was used for interpretable analysis.

minimum redundancy across features by calculating the mutual
information score between features and the label, as well as the
redundancy of features. The features of 50% (n = 1432) (Sup-
porting Information Table S4) and 80% cell viability (n = 636)
(Supporting Information Table S5) with a score >0 serving as the
threshold were obtained for Gene set 2. In addition, the GSEA
method was applied based on the BP terms in the GO database to
obtain Gene set 3 by analyzing the frequency of genes associated
with toxic compounds (i.e., cell viability less than 50% or 80%)
since more frequently, genes enriched in compounds associated
with toxicity are more likely to be highly correlated with cell
viability. In Gene set 3, 50% (n = 4736) (Supporting Information
Table S6) and 80% cell viability (n = 4747) (Supporting Infor-
mation Table S7) were obtained with C > 0 as the threshold. The

RRA method was subsequently used to aggregate the three Gene
sets to obtain Ensemble Feature Sets of 50% and 80% cell viability,
which included 292 (Supporting Information Table S8) and 226
genes (Supporting Information Table S9), respectively. Among the
features, 197 genes overlapped (Fig. 2B), implying that the two
Ensemble Feature Sets were mostly involved in the cell cycle (dots
in Steel Blue, Fig. 2C and D) and protein metabolism (dots in Light
Sea Green, Fig. 2C and D); moreover, the difference between the
two Ensemble Feature Sets was mainly reflected in the presence of
cell death pathways associated with 50% cell viability, and cell
proliferation genes were associated with 80% cell viability (Fig. 2C
and D). Toxic compounds could suppress cell proliferation, affect
metabolism, and/or induce cell death. In the event of weak toxicity,
the cellular oxidative stress response is triggered as a means to
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Figure 2

Ensemble feature selection. (A) The pipeline of ensemble feature selection. (B) The overlap of Feature Genes in Ensemble Feature

Sets of 50% and 80% cell viability. (C, D) Pathways enriched by genes in the Ensemble Feature Sets of 50% (C) and 80% (D) cell viability
according to the Metascape platform (http://Metascape.org)’® based on BP terms of GO, Kyoto Encyclopedia of Genes and Genomes pathway,
and Reactome databases, with the following thresholds: P < 0.01, a minimum count of 3, and an enrichment factor >1.5. The node represents the
enriched pathway, the size of the node represents the number of enriched genes, and the thickness of the line between the nodes represents the
similarity of the pathway. The nodes were divided into different clusters according to their similarity, and the most significant pathway in each
cluster was used as the label. The clusters with relevant topics were subsequently grouped and are indicated by different colors.

counteract cellular oxidative imbalance, which is largely reversible
and serves as an adaptive stress response’’ > . However, severe
toxic exposure significantly affects metabolic function and leads to
heightened cell damage, inflammation, and cell death®” ™.
According to the results of the enrichment analysis of the two
Ensemble Feature Sets, the majority of the pathways were in
common, but some specific pathways were different due to the

distinct toxicity events of the compounds, which had varying levels
of toxicity.

3.3.  Construction of cell viability prediction models

To construct models with a cell viability threshold of 50% or 80%,
a sample with a cell viability greater than the threshold was
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considered a positive sample. Four models, SVM, RF, XGBoost,
and LightGBM, were trained via hyperparameter optimization
through Bayesian optimization via 5-fold cross-validation
(Supporting Information Tables S10 and S11); subsequently, two
ensemble models, voting and stacking, were constructed by
combining the four models. Finally, the performance of the six
prediction models for each threshold was evaluated on the test set,
with the AUROC score serving as the primary metric. The results
showed that both the 50% and 80% cell viability prediction
models exhibited superior performance in predicting positive
samples, with AUROC values ranged from 0.8823 to 0.9011
(Supporting Information Table S12) and 0.8198 to 0.8408
(Supporting Information Table S13), respectively (Fig. 3). The
50% cell viability is the most common indicator for comparing
differences in compound toxicity or tumor sensitivity. Among the
50% cell viability prediction models, the voting model had the
highest AUROC value (0.9011) and was regarded as the optimal
model for 50% cell viability prediction (Fig. 3A). The accuracy,
precision, recall, and specificity of the voting model were 0.8755,
0.9239, 0.9192, and 0.6923, respectively (Fig. 3A), and the overall
performance of the model exceeded that of previously reported

Figure 3

models'”'#4° (Supporting Information Table S14). In addition to

the 50% cell viability threshold, 80% cell viability prediction
models were developed to identify compounds with weak toxicity.
The RF model performed the best, with an AUROC of 0.8408 and
accuracy, precision, recall, and specificity metrics of 0.8112,
0.8225, 0.8910, and 0.7875, respectively (Fig. 3B). Identification
of highly safe substances from massive samples in the early stage
of drug discovery could significantly reduce subsequent costs in
further development, which can be accessed either by choosing
nontoxic samples or by excluding toxic substances. Among the
metrics, “precision” indicates the proportion of the predicted
nontoxic substances that are truly nontoxic, i.e., how likely the
chosen nontoxic substance is. The “specificity” represents the
ratio of truly predicted toxic samples to total toxic samples, i.e.,
the ability of the model to exclude toxic substances from all
samples. Both optimal models, the voting model for 50% cell
viability prediction and the RF model for 80% cell viability pre-
diction, performed well in cell viability prediction, with precision
scores of 0.9239 and 0.8225, and specificity scores of 0.6923 and
0.7875, respectively. Besides classical machine learning algo-
rithms, deep learning algorithms are capable of extracting features

Performance evaluation of models using A549 cell line. Receiver operating characteristic curve plot (left) and histogram (right) of the

accuracy, precision, recall, and specificity of the models achieved by the six machine learning algorithms for 50% cell viability prediction (A) and
80% cell viability prediction (B). AUC, area under the curve; FPR, false positive rate; TPR, true positive rate.
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directly from raw data to enable end-to-end prediction and offer
flexible architectures for stable and scalable training with large
datasets. Therefore, four DL algorithms, including multilayer
perceptron, convolutional neural network TabResnet, and TabNet,
were also utilized to develop prediction models and the AUROCs
of the four models ranged from 0.4851 to 0.8751 (Supporting
Information Table S15). The unfavorable performance of DL
models might be due to the high-dimensional data (over 5000
features) and relatively small size of samples (1243 compounds),
which made the models overfit.

The generalizability of the optimal models across cell lines
was evaluated in the HEK293 (kidney), HepG2 (liver), and HT-29
(colon) cell lines. Gene expression profile data for the cells treated
with the test compounds and relevant cell viability data
(Supporting Information Tables S16—S18 and Fig. S3) were used
for this evaluation. Both the voting model (50% cell viability) and
the RF model (80% cell viability) exhibited good performance
(Supporting Information Table S19), with AUROC values ranging
from 0.7898 to 0.9318 and 0.7622 to 0.8146, respectively, across
the three cell lines (Fig. 4), indicating the two optimal models
could be used for cell viability prediction across cell lines. In
addition to AUROCS, “precision” and “recall” are also important
in this case as they represent the ability to select nontoxic sub-
stances, with “precision” representing the proportion of the

Figure 4

predicted nontoxic substances that are truly nontoxic, and “recall”
representing the ratio of truly predicted nontoxic samples to the
total number of actual nontoxic samples. As shown in Table S19,
the precision and recall scores of two optimal models ranged from
0.6969 to 0.9217 and from 0.8023 to 0.9833, respectively, indi-
cating that the models have a strong ability to predict nontoxic
substances and could contribute to the identification of “safe”
substances for drug development. Additionally, regression models
also were developed, and their Pearson correlation coefficients
ranged from 0.7025 to 0.7422 (Supporting Information Fig. S4).
In summary, these findings indicate that, by using the models built
in this study, cytotoxicity at different thresholds can be accurately
predicted in diverse cell lines, which could aid in primary cyto-
toxicity screening across cell lines from massive amounts of
transcriptome data.

3.4.  Interpretability analysis of the optimal models

Interpretability is pivotal because it provides information on the
decision-making process of the model and uncovers elemental
features. To determine the importance of the Feature Genes for
cytotoxicity classification, two optimal models for 50% and 80%
cell viability prediction, the voting model and the RF model were
interpreted using SHAP analysis. SHAP is a feature attribution

Performance of the optimal models in HEK293, HepG2, and HT-29 cells. (A, C, E) Performance of the voting model for 50% cell

viability prediction in HEK293, HepG2, and HT-29 cells. (B, D, F) Performance of the RF model for 80% cell viability prediction in HEK293,

HepG2, and HT-29 cells.
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method that estimates the contribution of each feature to the
prediction. The absolute value of SHAP represents the extent of
feature attribution, while positive and negative SHAP values
indicate the contributions of the feature to the prediction of non-
cytotoxicity and cytotoxicity, respectively. In this study, the SHAP
values among samples in the training set were calculated
(Supporting Information Tables S20 and S21), and the average
absolute SHAP values across samples were used to measure the
global importance of features in the model (Fig. 5SA and B).
Additionally, the distributions of the SHAP values of the
Ensemble Features among the samples in the training set were
displayed, which revealed the contribution of each Feature Gene
to a certain sample (Fig. 5C and D). As expected, for both the
voting model (50% cell viability prediction) and the RF model
(80% cell viability prediction), the top 10 features with the highest
feature importance were involved in cell cycle events (CCNA2,
CDK1, and RUVBLI in the voting model; TOP2A, CCNA2, CDK]1,
POLE2, MCM10, TMPO, and CENPX in the RF model; Fig. 5A

Figure 5

and B). Of the remaining differences between the two models due
to cytotoxicity level variance, the top 10 genes of the voting model
(50% cell viability prediction) were involved in metabolic and
immune pathways (ATP8B4, DERA), and the top 10 genes of the
RF model (80% cell viability prediction) were involved in the
cellular stress response (7SC22D3, HESI) (Fig. 5A and B). In
addition, the distributions of individual gene expression patterns
and SHAP values among the samples were analyzed. As shown in
Fig. 5E and F, the expression level of the top 10 features of the two
optimal models, the voting model for 50% cell viability prediction
and the RF model for 80% cell viability prediction was correlated
with the direction of cytotoxicity/viability. The results showed that
the interpretation of the prediction models provided insights into
cytotoxicity, including the quantification of feature importance
and the direction of regulation. As important features made vital
contributions to models, two re-fit models (the voting model for
50% cell viability prediction and RF for 80% cell viability pre-
diction) were developed with their top 10 features, and the

Interpretability analysis of the optimal cell viability prediction models. SHAP was applied to the training set (n = 994) for inter-

pretability analysis. (A, B) Bar plots of the mean absolute SHAP values of the top 10 Feature Genes of the voting model (A) and the RF model
(B). (C, D) Bee swarm plots of the SHAP values of the top 10 Feature Genes in the voting model (C) and the RF model (D). Each dot in the plot
represents a sample; the positive and negative values indicate the feature contributions to the prediction of noncytotoxicity and cytotoxicity,
respectively. (E, F) The sample scatter plots of the MODZ and SHAP values of the top 10 Feature Genes with the highest absolute SHAP values in

the voting model (E) and the RF model (F) are displayed.
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AUROC:s of the two re-fit models across four cell lines are shown
in Fig. 6. Compared with the AUROCs of the models with all
ensemble features, the re-fit models also exhibited good perfor-
mance (0.77 to 0.87 by re-fit voting vs. 0.79 to 0.93 by voting
model; 0.79 to 0.84 by re-fit RF vs. 0.76 to 0.81 by RF model),
indicating that the important features obtained by SHAP analysis
had substantial impacts on cytotoxicity/viability prediction.
Notably, the good performance and generalization of the 10-
features models across cell lines may provide an opportunity for
cytotoxicity/safety prediction with minimal cellular transcription
information, which will make the models widely applicable.

3.5.  Mechanistic analysis of bioactive compounds with a NTI by
removal of CTS genes

As high-dimensional data, cellular transcriptomic data represent
molecular changes that embody valuable information for com-
pound pharmacological mechanism studies. However, for NTI
compounds, the median therapeutic concentration is close to or
even overlaps with the cytotoxic concentration, resulting in the
co-occurrence of biofunctional activities and toxic effects that
obscure the primary mechanisms involved. To exclude con-
founding effects, the CTS genes, which represent the major gene

Figure 6  Performance of the re-fit models in A549, HEK293, HepG2, and HT-29 cells. (A, C, E, G) Performance of the re-fit voting model for
50% cell viability prediction in A549, HEK293, HepG2 and HT-29 cells. (B, D, F, H) Performance of the re-fit RF model for 80% cell viability
prediction in A549, HEK293, HepG2 and HT-29 cells.
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group causing cytotoxicity, were measured and defined. First, a biological effects, such as anti-pulmonary fibrosis®® ®!, liver
total of 41 genes, which had higher mean absolute SHAP values protection®>%?, and liver fibrosis effects®*. In this study, the effects

than the average absolute SHAP value of 228 Feature Genes in the
RF model, were acquired as the most relevant subset of genes
associated with cytotoxicity (Fig. 7A; Supporting Information
Table S22). The variable genes correlated with each gene in the
subset were subsequently measured with a correlation coefficient
greater than 0.5 as the threshold, and 545 genes (Fig. 7A;
Supporting Information Table S23) were defined as CTS genes.
Subsequently, to investigate the application of CTS genes in the
MOA study, two known NTI compounds, cyclosporine A and
triptolide, were analyzed by using transcriptome data with or
without CTS gene removal to verify the contribution of these CTS
genes to the MOA study of NTI compounds.

3.5.1. Case No. 1 Identification of cyclosporine A MOAs by
excluding CTS genes

Cyclosporine A (CsA) is an immunosuppressant with a NT
CsA binds directly to intracellular cyclophilin A to form the CsA-
cyclophilin A complex, which subsequently binds firmly to both
the catalytic and regulatory subunits of calcineurin*>**. This
binding leads to the inhibition of calcineurin phosphatase activity
and consequent events, including the dephosphorylation of nuclear
factor of activated T cells and the transcription of cytokines*>**,
This results in an immunosuppressive effect that is widely utilized
in organ transplantation to prevent liver, kidney, intestine, lung,
and heart rejection*”*. In addition, CsA can increase butyrate
uptake by inhibiting calcineurin activity and upregulating the
expression of monocarboxylate transporter-1, ultimately reducing
intestinal epithelial damage****. In addition, several clinical
studies have shown that CsA can alleviate the clinical symptoms
of hormone-refractory severe inflammatory bowel disease***” and
decrease the probability of colectomy in patients with acute severe
ulcerative colitis when used as the last line of treatment™®,

In this study, RNA-seq was performed on HT-29 cells (colon)
that were treated with CsA (10 umol/L, 48 h); the results showed
low cytotoxicity with cell viability of 75.5% (Supporting
Information Table S24). The DEGs were assessed (Supporting
Information Table S25) and the top 10 MOA terms were
enriched according to all DEGs or DEGs with the CTS genes
removal. As shown in Fig. 7B, the ATPase and AKT inhibitors
were both enriched according to DEGs or DEGs associated with
CTS gene removal, implying that the mechanism of CsA function
in the protein kinase B (AKT)/mechanistic target of rapamycin
(mTOR)/nuclear factor-kappa B (NF-kB) pathway*® and in Na™/
K™-ATPase activity™® involves direct action on cyclophilin.
However, after excluding CTS-related genes for enrichment, CsA
appeared to be positively correlated with calcineurin inhibition,
which was consistent with its immunosuppressive and intestinal
epithelial protective effects (Fig. 7B; Supporting Information
Table S26), indicating that the exclusion of these genes would
facilitate the discovery of the MOA of CsA at a concentration with
low cytotoxicity.

|

3.5.2.  Case No. 2 Triptolide MOAs analysis of the DEGs
associated with CTS gene removal

Triptolide, a natural product isolated from the herb Tripterygium
wilfordii Hook. F. suis has multiple biological activities®'>?, and
its therapeutic index is narrow, ranging from 1 to 477> As re-
ported, triptolide can directly bind to several proteins, including
the transcription factor IIH (TFIIH) XPB subunit®®, TAK 1-binding

protein (TAB1)*?, and polycystin-2**, and it can exert various

of triptolide on lung cells (A549) and liver cells (HepG2) were
investigated. After triptolide treatment for 48 h, the A549 cells
(48.4% cell viability; Supporting Information Table S24) and the
HepG2 cells (49.3 % cell viability; Table S24) were subjected to
RNA-seq, and the DEGs were assessed (Supporting Information
Tables S27 and S28).

The MOA of triptolide on lung cells was analyzed based on the
DEGs associated with triptolide in A549 cells and the DEGs
associated with CTS gene removal (Fig. 7C, Table S26). As
reported, TFIIH, an important target of triptolide, consists of
multiple subunits with various enzymatic activities and is involved
in regulating transcriptional activity®®. Triptolide can covalently
bind to XPB>°, a subunit of the transcription factor TFIIH, which
leads to the inhibition of ATPase activity and RNA polymerase II-
mediated transcription. As shown in Fig. 7C, the DEGs associated
with triptolide were positively correlated with protein kinase in-
hibitors, ATPase inhibitors and NF-«kB pathway inhibitors before
and after the removal of the CTS genes. This finding was
consistent with the observed inhibition of transcription and
ATPase activity mentioned above. Additionally, it was reported
that the expression of heat shock protein 90 (HSP90) can be
repressed when TFIIH is inhibited by triptolide®>®®, and the
repression of HSP90 blocks the TGF-( signaling pathway, reduces
the extracellular matrix, inhibits epithelial—mesenchymal transi-
tion, and alleviates pulmonary fibrosis®’. As shown in Fig. 7C,
after removing the CTS genes from the triptolide/A549 DEGs, the
term “HSP inhibitor” was enriched. These findings provide
important information for investigating the mechanism of action
of triptolide in preventing pulmonary fibrosis. In addition, glu-
cocorticoids are widely used in the clinical treatment of lung
diseasesﬁg‘Gg, and studies have shown that miR-142-5p and miR-
181a downregulate glucocorticoid receptor expression’® and that
triptolide upregulates glucocorticoid receptor expression by
inhibiting miR-142-5p and miR-181a transcription’'. As shown in
Fig. 7C, the results revealed enrichment of glucocorticoid receptor
agonists after removal of the CTS genes, which was consistent
with the findings of previous studies.

Triptolide also plays roles in liver protection and protec-
tion against liver fibrosis®*. Previous studies demonstrated that
triptolide could repress transforming growth factor (-activated
kinase 1 (TAK1) activity by directly binding to TAB1 and inter-
fering with the formation of the TAKI—TABI complex. The
TAK1—TAB1 complex’® plays a critical role in regulating
inflammation by phosphorylating IxB kinase (IKK) and
mitogen-activated protein kinase (MAPK) kinase”*, leading to the
activation of NF-kB”® and the phosphorylation of c-Jun
N-terminal kinase (JNK) and P38, respectively. Subsequently, the
transcription factors c-fos and c-Jun are phosphorylated by JNK;
thus, their expression’* and activity increase. Activation of NF-kB
and AP-1 promotes the expression of proinflammatory cytokines
in hepatocytes’>, which leads to liver damage and fibrosis’®. By
binding to TABI, triptolide inhibits transcriptionally regulated
NF-«B and AP-1, thereby exerting hepatoprotective and anti-liver
fibrosis effects. In this study, the MOA of triptolide on liver cells
was also investigated by using the transcriptome data of triptolide-
treated HepG2 cells. Treatment with triptolide strongly correlated
with transcriptional inhibition (a topoisomerase inhibitor) based
on DEGs or DEG data excluding the CTS genes (Fig. 7C). After
removal of the CTS genes from the DEGs, the terms “JNK in-
hibitor” and “IKK inhibitor” were enriched, suggesting that the

62,63
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Figure7  CTS genes facilitating the MOA study of the compounds with NTI. (A) The pipeline for identifying CTS genes in the RF models. (B,
C) The MOAs for cyclosporine A (B) and triptolide (C) were predicted using DEGs of the compound and the DEGs with removal of CTS genes.
The two sets of top 10 MOAs identified by using the compound DEGs (in lavender gray) and the DEGs associated with CTS gene removal (in
apricot) are shown in the Venn diagram. The target-related terms are shown in red and marked with asterisks (***). The ranking for each MOA
term is indicated in parentheses. The MOA enrichment was analyzed using the Query platform (https://clue.io/query). BCL, B cell lymphoma;
CDK, cyclin-dependent kinase; EGFR, epidermal growth factor receptor; FGFR, fibroblast growth factor receptor; FLT3, FMS-like tyrosine
kinase 3; HDAC, histone deacetylase; HMGCR, 3-hydroxy-3-methylglutaryl-coenzyme A reductase; IGF-1, insulin-like growth factor 1; MEK,
mitogen-activated extracellular signal-regulated kinase; PARP, poly(ADP-ribose) polymerase; PKC, protein kinase C.
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hepatoprotective mechanism of triptolide occurs through TAKI1-
TABI1 inhibition. According to the results of the MOA analysis
of two well-known NTI compounds, cyclosporine A and tripto-
lide, the removal of CTS genes from the DEGs indeed provided
additional clues to the primary target of the active substances with
NTIs.

4. Discussion

Drug safety is of the utmost importance throughout the drug
development and is the primary issue causing drug failure' . The
early application of cytotoxicity evaluation in vitro could provide
information on human-specific toxicity, which is important for drug
development’’. Chemical structural characteristics have been uti-
lized for toxicity prediction'®””"®, Nevertheless, the assessment of
substance toxicity encompasses intricate factors, and structural
information is insufficient to adequately capture the toxic concen-
tration of a substance or the variances in its cytotoxicity in different
cell lines. Furthermore, the existence of “activity cliffs” (pairs of
compounds that are structurally similar but display significant var-
iations in toxicity) and other variables restrict the ability of toxicity
models to predict toxicity based on structural information’® 5,
Compared with structural information, omics data, which are rarely
applied in toxicity prediction, reveal alterations in cellular gene
expression levels in response to compound exposure, precisely
capturing the comprehensive impacts of certain concentrations on
distinct tissues/cells®'. Additionally, the omics-based prediction
model can be applied to omics profiling of any substances, including
macromolecules and mixtures. Furthermore, the transcriptomic
features enable the elucidation of the mechanism of action of toxic
substances, including the initiating bio-events and the cascade of
events, as well as the identification of toxicity-related bio-
markers®>®3. This study constructed a good cytotoxicity prediction
model by using transcriptome data; thus, this model provides a novel
tool for drug safety screening through gene transcription evaluation.
Notably, most available toxicity prediction models are structure-
based and use the chemical properties of the substance as
features® 7. The models in this study offer predictions from bio-
logical perspective of cells, i.e., the features of cells following their
perturbation by substances. Thus, coupling the biological feature-
based model established in this research and a structural feature-
based model for prediction, or a model based on integrating the
two types of features, should greatly improve the identification of
highly safe substances.

Data quality is also a vital issue in machine learning model
development and model performance®®. Currently, most prediction
models are trained by using open-source toxicity data of thousands
of chemical compounds from various assays; these models inevi-
tably include false positive and false negative data, decreasing the
accuracy of the models. To construct highly accurate models in this
study, cell viability data were measured and collected under the
corresponding conditions of compound transcriptomic data deter-
mination to minimize label noise and the influence of data het-
erogeneity on model construction. Consequently, the optimal
model achieved in this study exhibited superior performance
(AUROC = 0.90) comparing to the reported transcriptome-based
toxicity classification models, which had AUROCSs ranging from
0.72 t0 0.80""'®4%_1n addition, all the reported studies have shown
the importance of the 50% toxicity threshold for these compounds;
however, weak toxicity limits drug development to a great extent.
Therefore, in addition to 50%, 80% cell viability was used as the

threshold for distinguishing weakly toxic substances in this study.
The optimal model for determining 80% cell viability also dis-
played good performance (AUROC = 0.84) and could be used as a
valuable tool for identifying nontoxic substances. Furthermore, the
good prediction performance of the optimal models across cell lines
sourced from different tissues (Table S19) suggests that the models
have the potential to be applied across diverse cell lines. In addition,
for the first time, this study implements interpretability analysis of
the models to identify the critical features by SHAP analysis iter-
ating through all the transcriptomic data of the compounds, which
provides guidance for toxicity and bioactivity mechanism analysis
of individual substances and can be conducted as MOAs analysis of
compounds with a narrow therapeutic window.

In summary, by utilizing compound transcriptomic and cell
viability data, the toxicity prediction models developed in this
study could be valuable tools for efficiently predicting the cyto-
toxicity of numerous substances in different cell lines with high
accuracy and providing information on the potential mechanisms
of both toxicity and bioactivity.

5. Conclusions

Cytotoxicity prediction models were constructed in this study
which provided accurate tools not only for distinguishing sub-
stances with 50% cytotoxicity as the threshold but also for iden-
tifying weakly toxic substances with a threshold of 20%
cytotoxicity. In addition, these models can be utilized in diverse
cell lines for all substances, including small molecules, biological
macromolecules, nanomaterials, and mixtures. Moreover, the
models in this study were interpreted, and for the first time, a CTS
gene list was generated which could facilitate the MOA study of
the substances with a narrow therapeutic index.
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