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A B S T R A C T   

Currently, computational tools able to predict drug-induced liver injury (DILI) based on gene expression data 
from in vitro assays remain a challenge. Here we introduce a Qualitative Gene expression Activity Relationship 
(QGexAR) approach to assess the risk of DILI for any chemical. Using gene expression profiles of 276 chemicals 
tested on breast cancer cell line (MCF7) and prostate cancer cell line (PC3), we developed classification models 
based on Support Vector Machine (SVM) and Random Forest (RF) aiming at predicting the risk of DILI. With the 
combination of tissue expression filtering and a pathway enrichment fingerprint approach, a classification model 
with an accuracy reaching 0.72 in the training set and 0.95 in a validation set was obtained. Genes and pathways 
involved in liver metabolism contributed the most to the performance of the models. Notably, FoxO signalling 
pathway, alanine, aspartate and glutamate metabolism, drug metabolism and cytochrome P450 are highlighted, 
giving some indication to the mechanisms of action leading to DILI.   

1. Introduction 

The current average cost to bring a drug candidate to market has 
been estimated to US $1.8 billion, with a general success rate of 8% [1]. 
However, there has been a significant decrease in the development of 
new effective drugs. One of the most important reasons for this level of 
attrition is clinical side effects and toxicity. Interestingly, since the 
advent of DNA microarray technology 20 years ago, the field of toxi-
cology has discussed the great potential of genome-wide expression 
profiling for toxicity testing. The promise is that the mechanism of ac-
tion of a chemical at the cellular level can be identified through the 
transcriptional activity of cells and the chemical risk assessment can 
potentially be estimated based on toxicogenomic studies [2,3]. 

Read-across (RAX) approaches, a hypothesis-driven methodology 
based on data gap filling, is generally accepted by regulatory agencies, 
traditionally using chemical similarities between source and target 
substances or Quantitative Structure Activity Relationships (QSAR) [4]. 
Such RAXs can be accompanied by uncertainty factors and weight-of- 
evidence scores [5–7] [Linkov, 2015 #411] suggesting an approxima-
tion of toxicological events for new and existing chemical hazard [8,9]. 
However, there is no standard method for measuring biological 

similarity, and it has been recently accepted that RAX can be strength-
ened with additional new alternatives methods (NAMs), such as in vitro 
screening, omics data, systems biology and their integration through 
computational models [10,11] Several programs initiated by the Food 
and Drug Administration [12], the U.S. Environmental Protection 
Agency, such as Tox21 [13] and ToxCast [14] or the European project 
EU-ToxRisk [15] aim to develop new approaches to enhance drug safety 
and risk assessment [16]. 

In combination with systems toxicology, toxicogenomics can provide 
deep mechanistic understanding of the underlying toxicological effects, 
enabling adverse outcome prediction and providing a new paradigm for 
chemical risk assessment [8]. For example, in carcinogenicity, gene 
expression profiling, at early time points, accurately predicts non- 
genotoxic carcinogenesis and hepatocarcinogenicity [17,18]. With the 
generation and accessibility of large transcriptomics initiatives e.g. GEO 
[19], DrugMatrix [20], the Toxicogenomics Projects Japan (TG-GATEs) 
[21], and LINCS [22] over the last decade, a number of toxicogenomics 
studies have been performed, taking advantage of the maturity of the 
microarray technology [23–26]. Zhang et al. used TG-GATEs data to 
build a predictive gene signature for both hepatotoxicity and nephro-
toxicity [27]. Hrach et al. constructed an in vitro liver toxicity prediction 
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model based on a rat primary hepatocyte sandwich culture, generating a 
724-gene signature model capable of discriminating compounds ac-
cording to their in vivo hepatotoxicity with a low misclassification rate of 
7.5% [28]. 

Interestingly, it was reported that models based on toxicogenomics 
data for non-genotoxic hepatocarcinogenicity outperformed QSAR 
models on the same set of compounds [29]. In addition, hybrid models 
combining both chemical descriptors and gene expression profiles could 
be useful for the interpretation of drug- induced hepatotoxicity [30]. 
Thus, compounds inducing similar gene expression profiles to known 
model toxicants can be identified as putatively toxic based on the 
common mechanisms of response at the molecular level. Yet, the out-
comes obtained in vitro in a specific cell line are not easily transposed to 
another cell line or to human in vivo organs (i.e. IVIVE) [31]. Capturing 
the underlying mechanistic events associated with toxicity in human 
remains a difficult task. A study from Iskar et al. based on a comparison 
of the gene expression between three human cancer cell lines and the 
orthologue genes in rats, revealed that 15% of the chemical-induced 
modules were conserved across cell lines and species [32]. Other 
studies focusing on pathways reported the identification of common 
functional pathways altered by chemical treatments in both rat and 
human [33,34], showing the relevance of analysing the functional 
consequences of drug exposure at the pathway level [35]. 

In 2018, the Critical Assessment of Massive Data Analysis (CAMDA) 
proposed a CMap drug safety Challenge. The objective was to develop 
computational approaches able to predict drug-induced liver injury in 
humans, based on gene expression responses to 276 compounds tested 
on MCF7 (breast cancer) and PC3 (prostate cancer) human cell lines, 
respectively provided by the CAMDA contest challenge. We built a 
model considering several approaches, 1) comparing the tox-
icogenomics responses of chemicals according to both cancer cell lines 
(MCF7 and PC3) and the primary human hepatocytes (PHH) gathered in 
the TG-GATES database, 2) identifying and selecting genes that were 
conserved between the three cell lines and 3) developing a machine 
learning predictive model based on the gene set selected and also, at the 
pathway level, using Random Forest (RF) and Support Vector Machine 
(SVM) algorithms. Overall, MCF7 and PC3 models were developed, 
allowing classification of DILI versus non-DILI chemicals. The protocol 
and results obtained are presented and discussed below. 

2. Materials and methods 

2.1. Dataset 

A dataset containing gene expression for 276 different compounds 
tested experimentally in two tumour cell lines, PC3, a prostate cancer 
cell line, and MCF7, a breast cancer cell line, was provided by the 
Critical Assessment of massive Data Analysis (CAMDA) 2018 call in 
CMap Drug Safety Challenge. The dataset came from the connectivity 
map study performed by Lamb et al. [36], which included raw data files 
(CEL files) from Affymetrix microarrays. The downloaded files con-
tained the log2 intensities of each probe set for both cell lines (PC3 and 
MCF7) treated by compounds at 10 μM and 6 h of exposure as well as 
control samples. CAMDA gave access to the data in two steps: first, CEL 
files for a set of 190 compounds that is used to develop machine learning 
models (defined as training set) and in a second round, CEL files for 86 
compounds that have been used as “blind” tests to validate the final 
models (validation set). From the 190 compounds, 130 were labelled as 
DILI and 60 as non-DILI. On the test set, 67 compounds were defined as 
DILI and 29 as non-DILI. 

2.2. Data pre-processing 

All the preprocessing, normalization, conversion of expression data 
for Affymetrix probe sets, and differential expression of the microarray 
data, have been performed under Bioconductor (http://www.biocondu 

ctor.org/), an open source project for processing and analysing high- 
throughput genomics data using the R statistical programming lan-
guage. The differential expression between treatments (i.e. compound) 
and control (non-treated) was performed using the MAS5 algorithm 
from limma package on Bioconductor [37]. Each probe was converted to 
gene Entrez IDs and gene symbols, keeping the absolute highest 
expression value when more than one transcript existing for the same 
gene. The significance of gene expression change (p-value) was 
computed with a paired-sample T-test and the differential gene expres-
sion between exposed and control was measured as well as the log fold- 
change (logFC). All genes having a p-value < 0.05 were conserved, 
conducting to a selection of 14,812 genes. In addition, some genes might 
be highly deregulated in cancer cell line (i.e. PC3 and MCF7 in our case) 
but not expressed in liver. As we are interested to assess drugs that 
induce liver injury and in the aim to reduce noise in our predictive DILI 
models, a filter extraction based on Tissue dataset [38] was performed to 
select only genes known to be expressed in liver. Basically, the 14,812 
genes from our pre-processing analysis were mapped to the genes re-
ported to be expressed in liver cell lines from Tissue expression database. 
At the end of this process, 3,873 genes expressed also in liver were 
conserved as variables in our machine learning process. 

2.3. Machine learning approaches 

Several classification models were performed using different input 
variables which are described below: 

2.3.1. Global models 
Classification models were developed using Support Vector Machine 

(SVM) and Random Forest (RF) to classify compounds as DILI or non- 
DILI using the differential expression gene (DEG) as input variables for 
the 190 compounds. The R package ‘caret’ for SVM [39] was used with 
the Radial Basis Function (RBF) kernel with a combination of the best γ 
parameter (for RBF) and a given constant C for SVM (that accepts some 
misclassifications around the margin). More details on SVM are reported 
in this review [40]. The ‘randomForest’ package was applied with 
different settings of mtry and ntree [41]. In randomForest package mtry 
refers to the number of variables available at each tree node for splitting, 
and ntree refers to the number of trees that the model will use. 

The performance of the models was assessed using repeated cross 
validation (3 times 10 cross validation) and up sampling, due to the label 
imbalance. The developed models were finally tested on the blind test of 
86 compounds. The accuracy was calculated for both the training and 
blind test using the Eq. (1). Sensitivity, specificity and Matthews cor-
relation coefficient (MCC) were calculated based on the confusion ma-
trix using Eqs. (2)–(4), respectively.  

Accuracy = TP + TN/TP + TN + FP + FN                                       (1)  

Sensitivity = TP/TP + FN                                                                (2)  

Specificity = TN/TN + FP                                                                (3)  

MCC = (TP x TN) – (FP x FN)/sqrt((TP + FP)(TP+FN)(TN+FP)(TN+FN)) 
(4) 

(TP = True Positive; TN = True Negative; FP = False Positive; FN =
False Negative) 

2.3.2. Features selection models 
To consider only genes relevant for the classification model, vari-

ables selection was also carried out, using the Gini index implemented in 
randomForest R package. The Gini index is a function that indicates a 
score of importance for a gene to discriminate between DILI and non- 
DILI [41]. The higher the Gini index, the more important the gene it is 
associated with for the classification. Based on the Gini index, a forward 
selection using the percentage at which the variability explained by each 
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gene included is over 0.1% was performed, selecting 171 genes for MCF7 
and PC3. Multiple RF and SVM models were performed using this fea-
tures selection to achieve the best results (Supplementary Table 1). 

2.3.3. Classification models based on discrete data 
Models were developed also with discretized information. The 

continuous gene expression data (logFC) was transformed to discrete 
data, generating a vector for each sample. The vector is formed by a 
sequence of three digits: − 1, 0 and 1, which describe the gene expression 
profile associated with each compound (3873 genes). The genes whose 
differential gene expression (logFC) was superior or equal to 1.5 were 
converted to 1; those with expression below or equal to − 1.5 were 
converted to − 1 and the remaining were converted to 0. After this dis-
cretization step, a feature selection step was added, to select the dis-
cretized genes that explain most of the variability. Gini index from 
randomForest R package was used, and the genes were selected if they 
explained more than 0.1% of the variability. 106 genes were selected 
with this cutoff and used to develop RF and SVM models. 

2.3.4. Classification model using pathways 
When a predictive model is fed with high amounts of very specific 

data, over fitting can become a serious problem, making the model 
unable to predict beyond the training data set. To reduce over-fitting, at 
the cost of losing accuracy, machine learning models, using pathways 
information, were developed. Based on the set of 3873 genes, gene set 
enrichment analyses were performed with the bioconductor package 
clusterProfileR [42] and KEGG pathways annotations [43]. The 
enrichment analyses were based on the differentially expressed genes. 
This approach aggregated the per gene statistics across genes within a 
gene set or pathway in this case, making it possible to detect the smaller 
gene expression changes that were masked in the previous differential 
gene expression (DEG) analysis. Further details of the gene set enrich-
ment analysis method are described by Subramanian et al. [44]. The 
pathways that were enriched were then filtered using an adjusted p- 
value below 0.05. These pathways were automatically set to 1, indi-
cating de-regulation of the pathway, and the remaining pathways were 
set to 0, thus creating a vector of 0 and 1 representative of the KEGG 

annotations. Feature selection was finally performed using Gini index 
from randomForest R package, reducing the number of pathways used in 
the modelling to 111 pathways based on cutoff of 0.1% explained 
variability (Supplementary Table 2). 

3. Results 

The working pipeline and the different machine learning models 
applied are depicted in Fig. 1 and the results are described in the 
different section below. 

3.1. QGexAR models on MCF7 and PC3 treated chemicals 

To start, RF and SVM models were performed with 190 chemicals on 
which logFC was measured for 3873 genes expressed in MCF7 and PC3 
and also in primary human hepatocytes. Then, the models were applied 
to a validation set of 86 compounds on which the annotation was pro-
vided only after the challenge. The best performance was obtained with 
SVM. The performances of these models are not too high with an ac-
curacy between 0.67 and 0.69 and a MCC between − 0.07 and 0.14 on 
the training set for MCF7 and PC3 respectively. The specificity of the 
models is close to 1 whereas the sensitivity is close to 0, meaning that 
these models are too biased towards predicting any compound as a DILI 
compound (Table 1). The overfitting of the training model developed 
with the SVM is a known issue and might explain these weak perfor-
mances [45]. 

As some compounds are used for a same therapeutic effect (for 
example amitriptyline, clozapine, fluoxetine and citalopram are anti-
depressant drugs) they might act preferably on genes associated to a 
disease and so bias the model’s development related to an adverse 
outcome. Therefore, variables selection might be an option to optimize 
the performance of the model for a specific biological endpoint (in our 
case DILI). In our study, we considered genes with the highest Gini index 
in a RF model (171 genes). The models showed a better accuracy in 
general (between 0.87 and 0.84) with a higher Matthews correlation 
coefficient in MCF7 (MCC = 0.69) compared to PC3 (MCC = 0.65) using 
SVM approaches. So, the MCF7 and PC3 models seem to be more stable 

Fig. 1. Pipeline of the developed protocol for this analysis.  
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after features selection with a greater sensitivity and specificity 
compared to the others models. The application of these models on the 
validation set showed a better robustness of the MCF7 model with an 
accuracy of 0.74 and a MCC of 0.28 compared to the PC3 model with an 
accuracy of 0.62 but a MCC only of − 0.01 (Table 1). So, the MCF7 model 
seem robust and able to assign more than randomly compounds, as DILI 
or non-DILI, not seen by the models. 

With the aim to have a model that could be performed with other 
gene expression studies, we transformed the continuous DEG into 
discrete data by assigning to all logFC values above or equal to 1.5, the 
index 1; to those below or equal to − 1.5, the index − 1; and 0 to the rest. 
This biological fingerprint still conserves the gene expression signature 
associated for each compound in a cell line but also facilitate the 
transposition to other studies (or others cell lines) in a qualitative 
manner, as long as they share the genes considered in the developed 
models. Running RF and SVM, the best model was obtained with MCF7 
(accuracy of 0.91 with a MCC of 0.76 on the training set and a MCC of 
0.06 on the validation set with a feature selection of 106 genes and using 
SVM). In comparison, the SVM model on PC3 acquired an accuracy of 
0.88 with a MCC of 0.73 on the training set and a MCC of 0 on the test set 
(Table 1). The discretization of the logFC values seem to overfit the 
models and reduced their performance on an external set. So, these 
models are not suitable in this analysis. 

3.2. QGexAR models based on pathways 

Pathway models based on gene enrichment analysis were developed 
to assess the performance of such a model at the pathway level. This 
allows a reduction of the amount of data to be considered by machine 
learning methods but retains the biological signature associated with 
each chemical. 111 pathways were used in this analysis representing the 
pathways involved in MCF7 and PC3. After selection, SVM and RF were 
applied. The best model is obtained with SVM, resulting in an accuracy 
between 0.72 and 0.69, a MCC of 0.31 and 0.20 on the training set and a 
MCC of 0.74 and 0.74 in the validation set for MCF7 and PC3 respec-
tively. The specificity of the models is still better compared to the 
sensitivity in both case (Table 1). Interestingly, the performance of the 
models is relatively higher on the validation set, meaning that both 
models could predict correctly a compound as DILI or non-DILI using the 
pathway’s signature. All the model’s performance, based on different 
sets of samples and features, are reported in Supplementary Table 3. 

3.3. Consensus of the model’s prediction 

Comparing the performance of the models based on gene expression 
and pathways in MCF7 and PC3, all the compounds in the training set 
were correctly predicted by at least one of the 4 models and only three 

compounds from the validation set (cefoperazone, fluvastatin and lor-
acarbef) were never correctly predicted (Supplementary Table 4) which 
statistically give more than 98% of accuracy in total. Looking on the 
DILIrank dataset which is the largest reference drug list ranked by the 
risk for developing DILI in humans, these three compounds are catego-
rized as ‘less DILI concern’ and two of them (cefoperazone and lor-
acarbef) are labelled as risk adverse reactions, fluvastatin being 
indicated as warning and used with precautions [46]. 

Although many compounds are well predicted by the 4 models, it is 
interesting to observe that some compounds are only correctly predicted 
by PC3 or MCF7 at the gene expression level or pathway level (Sup-
plementary Table 4). This is the case for bendroflumethiazide, lova-
statin, mesalamine, omeprazone or paroxetine, among others. 
Therefore, some models would be more suitable for some specific 
compounds. 

4. Discussion 

Until recently, mechanism-based relationships between chemical 
hazard and toxicological events have not been the priority in chemical 
risk assessment. Traditionally, hypothesis-driven methodology using 
chemical similarity between source and target substance or Quantitative 
Structure Activity Relationships (QSAR) was generally accepted by 
regulatory agencies. Nowadays, with the advanced technologies in 
omics, it is possible to access transcriptomics data with differential 
regulation observed for different cell lines treated with large sets of 
chemicals and so to propose deep mechanistic understanding of the 
underlying pharmacological and toxicological effects of chemicals 
studied. 

In the present study, we have used a set of 276 chemicals annotated 
as DILI or non-DILI, and tested on two cancer cell lines, MCF7 and PC3. 
We developed QGexAR models based on machine learning approaches, 
to predict the risk of DILI for new chemicals. One of the challenges was 
to assess the impact of the compounds on hepatocytes, the compounds 
having been tested on cancer cell lines. So, to avoid bias of the QGexAR 
models towards genes that might be highly deregulated in cancer cell 
lines due to rapid differentiation but not expressed in normal liver cells, 
we removed those genes from our study. By this process, close to 74% of 
the genes highly expressed in MCF7 and PC3 were removed making the 
development of our models more scalable. Our analysis showed that 
MCF7 model is, in general, more robust compared to PC3 model. Based 
on these results, it can be deduced that drugs induce transcriptional 
changes in MCF7 that can be reproducible in liver tissue. An interesting 
feature of QGexAR is the possibility to determine the genes involved in 
the performance of the in-silico model. Looking at the genes that 
contribute to the performance of the models (Supplementary Table 1) 
we observed some genes that are known to be associated with liver 

Table 1 
Results of the model’s performance in the different condition applied on MCF7 and PC3. T is for Training, V for Validation, Sens is for Sensitivity, Spec is for Specificity, 
MCC is for Matthews correlation coefficient, C is a parameter of SVM, Sigma is a parameter considered with RBF kernel in SVM.   

Training Validation 

CELL LINE MODEL Accuracy Sens Spec MCC Accuracy Sens Spec MCC C Sigma 

Global model 
MCF7 SVM 0.67 0.00 0.99 − 0.07 0.78 0.00 1.00 0.00 2.00 0.00 
PC3 SVM 0.69 0.07 0.99 0.14 0.78 0.00 1.00 0.00 0.25 0.00  

Feature selection 
MCF7 SVM 0.87 0.77 0.92 0.69 0.74 0.47 0.82 0.28 2.00 0.01 
PC3 SVM 0.84 0.82 0.86 0.65 0.62 0.26 0.72 − 0.02 0.25 0.00  

Discretize 
MCF7 SVM 0.91 0.78 0.97 0.76 0.22 1.00 0.00 0.06 0.25 0.00 
PC3 SVM 0.88 0.88 0.86 0.73 0.22 1.00 0.00 0.00 1.00 0.02  

Pathway 
MCF7 SVM 0.72 0.51 0.75 0.31 0.95 1.00 0.94 0.74 0.50 0.01 
PC3 SVM 0.69 0.37 0.82 0.21 0.90 0.84 0.91 0.74 1.00 0.00  
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injury. For example, low protein C (PROC) levels due to administration 
of oral anticoagulants has been reported to be highly indicative of 
abnormal liver function [47]. FGF1 plays an agonist role in 
tetrachloride-induced hepatic injury and could be a potential target for 
the prevention of hepatic fibrosis [48]. SLC26A1 regulates both oxalate 
and sulphate homeostasis and may be critical in hepatotoxicity [49]. It 
has also been reported that modulation of the angiotensin converting 
enzyme (ACE) gene induced liver cirrhosis in rats [50]. 

Signature profiling can also be related to pathways relevant in risk 
assessment [51]. Therefore, doing the same analysis at the pathway 
level, we noticed that the “liver metabolism” is involved in DILI, as 
expected. Examples are the FoxO signalling pathway (hsa04068), 
Alanine, aspartate and glutamate metabolism (hsa00250) and drug 
metabolism – cytochrome P450 (hsa00982). Other pathways related to 
liver diseases, such as non-alcoholic fatty liver disease (NAFLD) 
(hsa04932), necroptosis (hsa04217) and bile secretion (hsa04976) are 
also highly deregulated in the model, consistent with the finding of DEG 
by DILI compounds. 

The fact that we were not able to produce a relevant model with the 
drug-induced transcriptional data from PC3, shows the limitations to 
translating toxicological data based on cell lines not belonging to the 
same organ as the one being examined. The organization of the tran-
scriptome is different across tissues and particular transcriptional 
changes might not been observed in all tissue. For example, it has been 
reported that PPARγ promoted steatosis [52]. However, PPARγ is not 
expressed in MCF7 [32] and so our model will have a lower performance 
in predicting DILI compounds due to PPARγ deregulation. It is also a 
reason why we did not develop a pathway model based directly on the 
14,812 deregulated genes. The translation of pathways deregulated in 
cancer cell lines to liver tissue might be more challenging to interpret. 

Another caveat is that such models are based on one time point and 
one dose, which means that pharmacokinetics and pharmacodynamics 
(PK/PD) are not considered in this assessment. A compound might 
induce acute liver injury at a concentration higher than the one 
considered in this study [53]. Finally, drug-induced liver injury (DILI) is 
a common term labelling medication which cause liver disease, but 
there is no single mechanism leading to liver injury. Steatosis, steato-
hepatitis, cirrhosis, cholestasis, phospholipidosis are all examples of 
separate, specific liver pathologies induced by drugs. So, developing 
specific models using specific pathologies, for example drug-induced 
steatosis or drug-induced phospholipidosis, could help in deciphering 
the mechanisms causing liver toxicity [54,55]. 

Despite these limitations, the QGexAR model based on MCF7 re-
mains interpretable, identifying important genes and mechanisms of 
action related to the DILI endpoint. It allows us to suggest potential 
biomarkers for a particular mechanism and assessment of the risk of a 
new chemical being DILI though a similar mechanism of action as those 
chemicals used in the development of the model. Although not optimal, 
an interesting feature of our model is the possibility to predict DILI for a 
compound tested in other cell lines, as long as the transcriptional data 
matches the selected genes from our model. 

5. Conclusion 

Transcriptomics data provide gene deregulation that can be used for 
selecting measurable and relevant biomarkers for a defined biological 
outcome. Although the use of transcriptomics data has generated many 
hypotheses on mechanisms of action, regulatory agencies require vali-
dation of the results with additional biochemical or physiological studies 
[56]. So careful modelling and validation is important to ensure robust 
and accurate models that could be accepted by these agencies [57]. 

Our QGexAR model based on MCF7 followed these principles and 
although it might be not optimal for the prediction of DILI compounds 
which trigger liver toxicity through mechanisms of action not present in 
MCF7, the accuracy of our model on a validation set showed that it is 
relevant for a large majority of DILI compounds. With the participation 

of other groups in this CMAP drug safety challenge, complementary 
models based on other methodologies may emerge and contribute to 
prediction of the validation set. Combining all these models could be the 
next step in the development of a general consensus model which could 
predict the risk of DILI for any chemicals that have been tested in MCF7 
and/or PC3. The use of cancer cell lines in the extrapolation for liver 
toxicity, could help enrich for the missing data existing for such toxic 
analysis. 

Overall such QGexAR could reinforce read-across approaches, 
providing a new paradigm for chemical risk assessment. 
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