
 

 

 University of Groningen

Toxicogenomics of precision-cut liver slices for prediction of human liver toxicity
Vatakuti, Suresh

IMPORTANT NOTE: You are advised to consult the publisher's version (publisher's PDF) if you wish to cite from
it. Please check the document version below.

Document Version
Publisher's PDF, also known as Version of record

Publication date:
2016

Link to publication in University of Groningen/UMCG research database

Citation for published version (APA):
Vatakuti, S. (2016). Toxicogenomics of precision-cut liver slices for prediction of human liver toxicity.
[Thesis fully internal (DIV), University of Groningen]. University of Groningen.

Copyright
Other than for strictly personal use, it is not permitted to download or to forward/distribute the text or part of it without the consent of the
author(s) and/or copyright holder(s), unless the work is under an open content license (like Creative Commons).

The publication may also be distributed here under the terms of Article 25fa of the Dutch Copyright Act, indicated by the “Taverne” license.
More information can be found on the University of Groningen website: https://www.rug.nl/library/open-access/self-archiving-pure/taverne-
amendment.

Take-down policy
If you believe that this document breaches copyright please contact us providing details, and we will remove access to the work immediately
and investigate your claim.

Downloaded from the University of Groningen/UMCG research database (Pure): http://www.rug.nl/research/portal. For technical reasons the
number of authors shown on this cover page is limited to 10 maximum.

Download date: 24-05-2023

https://research.rug.nl/en/publications/400cfd02-e656-4545-98cd-425c073c28a3


502429-L-bw-Vatakuti502429-L-bw-Vatakuti502429-L-bw-Vatakuti502429-L-bw-Vatakuti

4

4
C L A S S I F I C AT I O N O F C H O L E S TAT I C
A N D N E C R O T I C H E PAT O T OX I C A N T S
U S I N G T R A N S C R I P T O M I C S O N H U M A N
P R E C I S I O N - C U T L I V E R S L I C E S

(Chem. Res. Toxicol., Accepted Manuscript)

DOI: 10.1021/acs.chemrestox.5b00491

Supplementary information available: DOI: 10.1021/acs.chemres-tox.5b00491

Suresh Vatakuti1,
Jeroen L.A. Pennings3,
Emilia Gore2,
Peter Olinga2 ,
Geny M. M. Groothuis1

1Division of Pharmacokinetics, Toxicology and Targeting, Department of Pharmacy,
Groningen Research Institute for Pharmacy, University of Groningen, Groningen, The
Netherlands
2Division of Pharmaceutical Technology and Biopharmacy, Department of Pharmacy,
Groningen Research Institute for Pharmacy, University of Groningen, Groningen, The
Netherlands
3National Institute for Public Health and the Environment, Bilthoven, The Netherlands.

55



502429-L-bw-Vatakuti502429-L-bw-Vatakuti502429-L-bw-Vatakuti502429-L-bw-Vatakuti

56 classification of cholestatic and necrotic hepatotoxicants using
transcriptomics on human precision-cut liver slices

abstract

Human toxicity screening is an important stage in the development of safe drug candidates.
Hepatotoxicity is one of the major reasons for withdrawal of drugs from the market
because the liver is the major organ involved in drug metabolism and it can generate
toxic metabolites. There is a need to screen molecules for drug-induced hepatotoxicity in
humans at an earlier stage. Transcriptomics is a technique widely used to screen molecules
for toxicity and to unravel toxicity mechanisms. To date the majority of such studies
were performed using animals or animal cells, with concomitant difficulty in interpretation
due to species differences, or in human hepatoma cell lines or cultured hepatocytes,
suffering from the lack of physiological expression of enzymes and transporters and lack
of non-parenchymal cells. The aim of this study was to classify known hepatotoxicants
on their phenotype of toxicity in man using gene expression profiles ex vivo in human
precision-cut liver slices (PCLS). Hepatotoxicants known to induce either necrosis (n=5) or
cholestasis (n=5) were used at concentrations inducing low (<30%) and medium (30-50%)
cytotoxicity, based on ATP content. Random Forest and Support Vector Machine algorithms
were used to classify hepatotoxicants using a leave-one-compound-out cross-validation
method. Optimized biomarkers sets were compared to derive a consensus list of markers.
Classification correctly predicted the toxicity phenotype with an accuracy of 70-80%. The
classification is slightly better for the low than for the medium cytotoxicity. The consensus
list of markers includes endoplasmic reticulum stress genes such as C2ORF30, DNAJB9,
DNAJC12, SRP72, TMED7 and UBA5, and a sodium/bile acid cotransporter (SLC10A7). This
study shows that human PCLS are a useful model to predict the phenotype of drug-induced
hepatotoxicity. Additional compounds should be included to confirm the consensus list of
markers, which could then be used to develop a biomarker PCR-array for hepatotoxicity
screening.
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4.1 introduction

Drug induced hepatotoxicity is one of the major reasons for withdrawal of drugs in the
drug development or post marketing phase. It is of major concern for consumers, regulatory
authorities such as the FDA, and pharmaceutical companies. In the drug discovery process,
valuable information about possible mechanisms of toxicity may be gained by exposing liver
cells to a compound, which in turn gives insights about how a potential therapeutic drug
affects the liver. The ability to quickly determine whether a compound causes a particular
pathology is valuable information in assessing the mechanism of action of an uncharacterized
compound. It would be valuable to have a classification model that is able to accurately
predict or classify compounds based on the possible mechanism of toxicity or pathological
changes.

Acute exposure to a drug may result in different types of cell injury such as cholestasis,
necrosis and steatosis, whereas chronic exposure results in cholestasis, cirrhosis or
carcinogenesis[141]. Cholestasis is characterized as inhibition of bile flow caused by a
wide variety of mechanisms. Several mechanisms have been postulated to account for
impaired bile secretion such as inhibition of BSEP, impaired function of the microfilaments,
intracellular calcium homeostasis alteration, alteration of canalicular carriers, and ductular
obstruction [142, 143, 144]. Severe cholestasis is accompanied by cell death, both apoptosis
and necrosis. Necrosis is characterized by loss of cell membrane integrity, intracellular
swelling, cytoplasmic breakdown of nuclear DNA, and localized inflammation as a result
of release of cellular constituents. As necrosis can be the result of a primary toxic effect of a
chemical or be secondary to cholestasis, a method to classify a drug as inducing cholestasis
or necrosis would be very useful for prediction of drug-induced injury.

Several studies are reported in the literature using assay methods or omics based
classification models, which can discriminate hepatotoxicants based on their phenotype
of toxicity. One such study used cell based assay methods using hepatocyte cultures
combined with imaging technologies to identify hepatotoxicity of a compound as well
as the pathology involved in hepatotoxicity[145]. Hrach et al., reported a gene set of 724

genes, capable of discriminating hepatotoxic from non-hepatotoxic compounds in primary
rat hepatocytes after repeated dosing for 9 days[146]. However, these data are obtained in
rats and primary hepatocytes cultured for 9 days loose some liver-specific characteristics,
which makes the use of this gene set for human predictions uncertain. A transcriptomics
approach also has been applied in several studies to derive cholestasis specific gene
expression signatures. In a rat in vivo study, a cholestasis gene expression signature was
identified using a set of cholestatic compounds[147]. The cholestasis signature identified
is comprised of molecules associated with apoptosis, cell signaling, acute phase responses,
biotransformation of epoxides and peroxides. In another rat in vivo study, classifier or
predictive genes specific to bile duct hyperplasia (BDH), inflammation and necrosis were
reported. BDH is one of the morphological features of cholestatic livers[148]. BDH classifier
genes are mainly associated with p53 and ERBB2 pathways. Inflammation signature genes
are involved in the NFkB inflammatory pathway and the necrosis signature genes are
involved in NFkB complex and cell death[29, 30]. Hirode et al, derived a cholestasis signature
(59 genes) using compounds inducing elevation of bilirubin in rat in vivo, which is often
associated with cholestasis. The identified genes were related to lipid metabolism, transport,
ubiquitin-proteasome related factors, and mitochondrial components[52]. HEPG2, a human
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liver carcinoma cell line, was also used to identify markers, which can discriminate cholestatic
compounds from non-hepatoxicants. Of the 12 classifier genes selected, 6 were related
to endoplasmic reticulum stress and the unfolded protein response [149]. However, the
unphysiological expression of transporter proteins and biotransformation enzymes in these
cells, as well as their cancer characteristics induce uncertainty with respect to the predictive
value for the human liver. Also, different hepatotoxicants were classified based on their
mechanism or phenotype of toxicity using rat in vivo transcriptomics data[150]. Moreover,
a proteomics approach has been used to identify protein expression patterns, which can
classify hepatotoxicants in primary human hepatocytes.

In order to find a more relevant model for human, that retains the normal liver
characteristics during the experiment and which reflects the complex liver cellular
composition better, we started a study using human precision-cut liver slices (PCLS).

PCLS are viable ex vivo for at least 48 hours and have been used for over a decade to
study the metabolism and toxicity of xenobiotics[34]. Advantages of the PCLS model include
the presence of all cells of the tissue in their natural environment with intact intercellular
and cell-matrix interactions, stable expression of drug metabolizing and detoxification
enzymes up to at least 24 hours and the ability to produce bile acids[114]. The presence
of all cell types in this model is important for toxicological studies as the involvement
of Kupffer cells, endothelial cells, hepatic stellate cells and bile duct epithelial cells in for
instance inflammation, necrosis, fibrosis and cholestasis is evident. PCLS are therefore highly
appropriate for studying multicellular acute drug toxicity processes[71, 114, 117]. The ability
to use human tissue for toxicity studies also helps to reduce unnecessary animal studies and
to identify human specific toxicity, thereby avoiding erroneous inter-species extrapolation.

Recently we reported on the use of human PCLS to study drug-induced cholestatic injury
(DICI) using microarray analysis [151]. To optimize the PCLS to mimic cholestasis induced
by accumulation of the bile acids in vivo, the PCLS model was incubated with a non-toxic
concentration of a bile acid mix, which is important as the toxicity of the increased bile acid
accumulation is thought to play an important role in DICI. Pathway analysis resulted in
interesting insight in the mechanisms involved in DICI, including regulation of FXR, LXR
and cholesterol metabolism pathways as well as endoplasmic reticulum (ER) stress [151].

In this study, we report on the results of toxicogenomics analysis of experiments where
precision-cut liver slices were exposed to drugs or chemicals known to induce necrosis at
different toxic concentration levels. The data of PCLS exposed to the cholestatic compounds
[117] were now used together with the data of PCLS exposed to the necrotic compounds
to develop classifiers for the identification of the type of injury based on the random forest
(RF) and support vector machine (SVM) algorithms. The prediction performance of classifiers
was determined by leave-one-chemical-out cross-validation. Pathway analysis of the classifier
genes was performed to understand the role of the classifier genes.



502429-L-bw-Vatakuti502429-L-bw-Vatakuti502429-L-bw-Vatakuti502429-L-bw-Vatakuti

4

4.2 methods and materials 59

4.2 methods and materials

chemicals Acetaminophen (APAP), alpha-naphthylisothiocyanate (ANIT),
chloramphenicol (CH), chlorpromazine (CP), colchicine (CL), cyclosporine (CS), ethinyl
estradiol (EE), methyl testosterone (MT), and nitroso diethylamine (ND) were purchased
from Sigma-Aldrich (St.Louis, MO, USA). Benziodarone (BD) was purchased from
Kemprotec Limited (Middlesbrough, United Kingdom). Stock solutions were prepared
for all the compounds in DMSO (VWR, Briare, France) except for APAP. For APAP stock
solutions were prepared using WME medium. RNAlater(R) reagent was purchased from
Sigma-Aldrich (St.Louis, MO, USA).

human liver tissue Human tissue was obtained from the remaining liver tissue after
split liver transplantation from six donors (TX). The characteristics of the human livers used
in the experiments are described in Table 18. The experimental protocols were approved by
the Medical Ethical Committee of the University Medical Center Groningen.

preparation and incubation of human pcls (hpcls) Precision-cut liver
slices (PCLS - diameter 5 mm, thickness 250 µM) were prepared following the methods
described earlier[34]. PCLS were made using the Krumdieck tissue slicer (TSE, Bad Homburg,
Germany). The slices were prepared in ice-cold Krebs buffer at pH 7.42, enriched with
glucose to a final concentration of 25 mM, saturated with carbogen (5% CO2/95% O2).
Immediately after the slices were made, they were moved to ice-cold University of Wisconsin
organ preservation solution (UW, Dupont Critical Care, Waukegan, IL, USA) and stored on
ice until the beginning of the experiment. Slices were pre-incubated individually in 12-well
plates in 1.3 ml of Williams Medium E with glutamax-1 (Gibco, Invitrogen, Paisley, Scotland)
supplemented with 25 mM D-glucose and 50µg/ml gentamycin (Gibco, Invitrogen, Paisley,
Scotland). In the incubator (Sanyo CO2/O2 Incubator, PANASONIC, Secaucus, NJ, USA),
the plates were under 5%/ CO2 and 80 % O2 atmosphere at 37

oC for 1 h, while gently
shaken (90 times/min). Pre-incubation allows the slices to restore the ATP levels[34]. After
pre-incubation, the slices were moved to different well plates filled with 1.3 ml Williams
Medium E with glutamax-1 supplemented with 25 mM D-glucose, 50 µg/ml gentamycin,
60 µM human bile acid mix and different concentrations of the tested compounds. It is
important to note that PCLS of each liver were exposed to all 10 compounds, as well
as controls, in order to limit the influence of nonbiological experimental variation. This
experimental design helps to limit inter-individual variation between compound classes, as

Table 18: Demographics of donors of human liver tissue used for the experiments

Human liver Sex Age

1 Female 58

2 Male 50

3 Female 71

4 Male 24

5 Female 24

6 Male 64
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Table 19: Composition of human bile acids mix

Composition of bile acids Final concentration in the
incubation medium (µM)

Cholic acid (CA) 2.65

Chenodeoxy cholic acid (CDCA) 4.51

Deoxycholic acid (DCA) 6.37

Glycochenodeoxycholic acid (GCDCA) 22.69

Glycocholic acid (GCA) 5.44

Glycodeoxycholic acid (GDCA) 5.04

Glycoursodeoxycholic acid (GUDCA) 3.72

Hyodeoxycholic acid (HDCA) 2.79

Lithocholic acid (LCA) 0.40

Taurocholic acid (TCA) 0.64

Taurochenpodeoxycholic acid (TCDCA) 2.79

Taurolithocholic acid (TLCA) 1.15

Taurodeoxycholic acid (TDCA) 0.58

Ursodeoxycholic acid (UDCA) 1.46

well as between compounds and controls, in the data set. We tried to limit this unwanted
variation as humans have more inter-individual variation than cell lines or animals. The
plates were incubated in the same conditions for 24 h. The bile acid mix was added in order
to create an environment similar to the physiological plasma concentration in the portal
vein. [119]. Pilot experiments were performed to find out the non-toxic concentration of the
bile acid mix. The human bile acid mix was made as presented in Table 19. A series of
concentrations of bile acid mix were tested (10 µM, 30 µM, 60 µM, 200 µM and 600 µM)
and concentrations up to 60 µM were found to be non-toxic and hence further experiments
were performed using 60 µM concentration. Three slices were used for each experimental
condition.

viability assay: atp and protein content of pcls After 24 h of incubation,
the viability of PCLS was assessed in three individual slices for each experimental condition
by measuring the content of ATP using the ATP Bioluminescence Assay Kit CLS II
(Roche, Mannheim, Germany) as described before (Vatakuti et al.). In brief, the slices were
homogenized in in a buffer containing 70% ethanol, 100mM Tris-HCl and 2 mM EDTA and
after centrifugation, the supernatants were diluted 10 times with 100 mMTris-HCl, 2 mM
EDTA buffer. 5 µL of each sample was added to 50 µL of luciferase and the ATP was
measured with the Lucy1 luminometer (Anthos, Durham, NC, USA). The protein content
of each slice was assessed using the BIO-Rad DC protein assay kit (Bio-Rad, Munich,
Germany), as described before [117] and the ATP values of the slices were corrected for
their corresponding protein content.



502429-L-bw-Vatakuti502429-L-bw-Vatakuti502429-L-bw-Vatakuti502429-L-bw-Vatakuti

4

4.2 methods and materials 61

rna isolation After the incubation, the three slices of each incubation condition were
combined in 1 ml RNAlater(R) and stored at -20

oC. After thawing, the Maxwell(R) 16 LEV
Total RNA purification kit was used to isolate RNA from the samples. Immediately after
isolation, the RNA concentrations were measured and the RNA quality was assessed by
measuring the 260/280 and 260/230 ratios with the ND-1000 spectrophotometer (Fisher
Scientific, Landsmeer, The Netherlands). The quality (RIN value) and quantity of the RNA
was determined by high throughput Caliper GX LabChip RNA kit (Caliper).

amplification, labeling, and hybridization of rna samples The Ambion
Illumina Total Prep RNA kit was used to transcribe 300 ng RNA to cRNA according to the
manufacturer’s instructions. A total of 750 ng of cRNA was hybridized at 58

oC for 16 hr to
the Illumina HumanHT-12 v4 Expression BeadChips. BeadChips were scanned using Iscan
Software (Illumina, SanDiego, CA).

preprocessing of gene expression data. Genome studio software (Illumina)
was used to read the IDAT files and generate raw expression values. The raw expression
values were background corrected and normalized by the neqc method[152, 153]. Probes
were re-annotated using the illuminaHumanv4.db annotation package of Bioconductor [154,
155]. Probe filtering was performed to remove non-responding probes and probes with a
high expression level caused by non-specific hybridization. After normalization and filtering,
the probe set expression value of each sample was corrected with time-matched controls.
To assess the effect of inter-individual variation on the prediction results, gene expression
analysis was performed both unpaired and paired. For paired analysis, gene expression data
from each treatment sample of each human liver were corrected using the corresponding
control sample. For unpaired analysis, expression data were corrected for the average of all
control samples. Subsequently, classification was performed on the corrected data.

class prediction. SVM and RF algorithms were used for class prediction. SVM is
based on hyperplane separation, whereas RF is based on a decision tree network. Both
algorithms were employed to check the robustness of the obtained classifier genes. SVM was
applied using a radial kernel on scaled data for classification of the complete set of chemicals.
The training set data comprised the data for all-but-one chemical; the test set contained the
data for the remaining chemical. This type of cross-validation, called leave-one-chemical-out
cross-validation, keeps replicate samples of each compound together. For the training set,
features (probe sets or genes) were selected by applying a Student’s t-test using the two
classes, where different numbers of top-ranking features were tested for use in the classifier.
For RF, different numbers of top-ranking features were tested with the ranking based on the
importance measure as determined by the RF algorithm. After prediction, the prediction
accuracy for the left out compound samples was determined. The percentage of correct
classifications was calculated as the average of all 10 predictions. For each training set, a set
of biomarkers was optimized to get the maximum prediction accuracy, thus yielding 10 sets
of biomarkers. The genes that are present in 6 or more of these were selected as consensus
classifier genes.
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pathway analysis IPA ingenuity knowledgebase (QIAGEN’s Ingenuity(R) Pathway
Analysis tool (IPA(R), QIAGEN Redwood City)), was used to retrieve the annotations of the
classifier genes and their role in toxic responses. A literature search was also performed.
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toxic concentration selection Compounds that are known to induce cholestasis
or necrosis were incubated with PCLS in presence of bile acid mixture (60 µM) to identify
low (concentration that causes less than 30 % decrease in ATP (TC<30) in comparison to
controls) and medium concentration (concentration that causes 30-50% decrease in ATP
(TC30-TC50) in comparison to controls). The concentrations that were finally chosen for the
gene expression studies are shown in table 20. Viability data represented by the decrease in
ATP content due to exposure of hPCLS to the low and medium concentration are provided
as supplementary data (supplementary figures 17 and 18).

classification model development SVM and RF machine learning algorithms
were used to develop classifiers and to identify classifier genes. Using multiple algorithms to
develop classifiers also helps to check the robustness of the predictions as well as the classifier
genes selected. Using a combination of two algorithms (SVM and RF) and two concentrations
(low and medium), four models were developed namely, SVM low concentration model
(SVMlow), SVM medium concentration model (SVMmedium), RF low concentration model
(RFlow), RF medium concentration model (RFmedium). Prediction accuracy for necrosis
and cholestasis based on all combined data per compound (figure 14A) and for each of
the samples (figure 14B) using low and medium concentration is summarized in figure 14.
Both SVM and RF algorithms using both low and medium concentration gene expression
data correctly predicted the mechanism of the toxicity for each compound with 60-100%
prediction accuracy. Cholestasis compound prediction accuracy was greater than 80%, while
the necrotic compound prediction accuracy was only 60% by the four models. It was also
evident that the prediction accuracy is higher for the individual cholestatic samples than
for the necrotic samples. All four models showed prediction accuracy greater than 80% for
the cholestatic samples, with the SVMlow model being the best model in classifying the
cholestatic samples with a prediction accuracy of 87%. It is worthwhile to mention here that
the SVM algorithm using low and medium concentration gave a comparable accuracy in
predicting the correct class of samples but noticeable differences were found in the accuracy
by the RF algorithm (figure 14).
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of SVM and RF models using low and medium concentration
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Table 20: Concentrations selected for hepatotoxicants based on low (TC<30) and medium
(TC30-TC50) toxicity

Necrosis Class
Compound Low Medium

Acetaminophen (AP) 2.5 mM 5 mM

Benziodarone (BD) 5 µM 7.5 µM

Chloramphenicol (CH) 0.5 mM 1 mM

Colchicine (CL) 2.5 mM 5 mM

Nitroso diethylamine (ND) 8 mM 15 mM

Cholestasis Class
Compound Low Medium

1-naphthyl isothiocyanate (AN) 50 µM 75 µM

Chlorpromazine (CP) 18 µM 27 µM

Cyclosporine (CS) 12 µM 15 µM

Ethinyl estradiol (EE) 50 µM 75 µM

Methyl testosterone (MT) 75 µM 100 µM

comparison of classification accuracy Predictions for the individual samples
of each compound by the four prediction models are shown in Table 21. Of the cholestasis
inducing drugs ANIT, chlorpromazine, cyclosporine and ethinyl estradiol were correctly
predicted by all the models. However, methyl testosterone was only correctly predicted as
cholestatic by the SVMlow model. Acetaminophen, colchicine and nitroso-diethylamine were
correctly predicted as necrotic drugs by all the four models. However, benziodarone and
chloramphenicol were not correctly predicted by all the four models. In case of benziodarone,
out of the 6 individual livers, 2 to 3 samples were correctly classified but for chloramphenicol
the majority of the predictions were not correct. Overall, if the models are compared based
on how they would classify drugs rather than individual samples, their performances are
comparable. This indicates that the results are not too dependent on a particular algorithm
or concentration. The SVMlow model gives the best overall performance.

correction for inter-individual differences Genetic variability in drug
metabolizing enzyme levels of each individual human liver could lead to variability in
response to drug induced injury[156]. It can be hypothesized that inter-individual differences
in response to drug treatments could affect the prediction results. To assess this we
also carried out a paired analysis to account for the inter-individual differences. The
corresponding predictions are summarized in Table 22. It is apparent from the predictions
that there is no further improvement with the paired analysis.

comparison of classifier genes selected by low and medium
concentration For each of the classifier models, a consensus set of classifier genes
was obtained. The consistency of the selected classifier genes was assessed across low and
medium concentration as well as across SVM and RF algorithms. It is evident from the
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Table 21: Summary table indicating the predictions from the unpaired analysis for each of the
samples of 10 compounds (6 samples each) by the SVM and RF algorithms using low
and medium concentration

N refers to the necrosis class and C refers to the cholestasis class. The numbers reflect the identity
number of the individual livers. For any compound if at least 4 out of 6 samples were predicted

correctly, then the predictions for that compound were considered successful (indicated with green
color).

Table 22: Summary table indicating the predictions from the paired analysis for each of the samples
of 10 compounds (6 samples each) by the SVM and RF algorithms using low and medium
concentration

N refers to the necrosis class and C refers to the cholestasis class. The numbers reflect the identity
number of the individual livers. For any compound if at least 4 out of 6 samples were predicted

correctly, then the predictions for that compound were considered successful (indicated with green
color).
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Venn diagram comparison, that there is good overlap between the classifier genes selected by
the low and medium concentration gene expression profiles (figure 15aA and B). Classifier
genes based on SVM are somewhat more consistent across concentrations than the classifiers
based on the RF algorithm. Among the 14 classifier genes selected by the SVMlow model, 12

classifier genes were found in common with classifier genes selected by the SVMmedium
model, which include C2ORF30, CADPS2, DNAJB9, DNAJC12, NFXL1, PAN2, REEP5,
SLC10A7, SORL1, SRP72, TMED7 and UBA5. In contrast, 6 of the 10 classifier genes selected
by the RFlow model were in overlap with classifier genes selected by the RFmedium model,
which include C2ORF30, C7ORF54, DNAJB9, FILIP1L, SRP72 and TMED7.

comparison of classifier genes selected by rf and svm algorithms To
check the consistency of the selected classifier genes by the two different algorithms RF
and SVM, the classifier genes selected by both SVM and RF algorithms using low and
medium concentration were compared. There was also good overlap with classifier genes
selected by SVM and RF (figure 15aC and D). Among the 14 classifier genes selected by the
SVMlow model, 5 classifier genes were found in common with classifier genes selected by the
RFmedium model, which includes DNAJB9, ERLEC1, SRP72, TMED7 and UBA5. Similarly
49 of the 52 classifier genes selected by the RFmedium model were in overlap with classifier
genes selected by the SVMmedium model (supplementary information 2). To summarize,
a considerable number of class-predictive genes were selected by different algorithms as
well as at different concentrations. Further comparison of the classifier genes selected in
paired and unpaired analysis using SVM and RF algorithms revealed that 8 classifier genes
were consistently selected across the low and medium concentration in paired and unpaired
analysis using SVM algorithm. Those genes include C2ORF30, DNAJB9, DNAJC12, SLC10A7,
SRP72, PAN2, TMED7 and UBA5; in contrast only one classifier gene (C2ORF30) was found
in common using the RF algorithm. Thus, correction for intra-individual differences does not
further improve classification accuracy, but does seem to negatively affect the consistency of
biomarker selection.

SVMlow markers and their expression levels in necrotic and cholestatic samples are shown
in figure 16. Classifier genes have high expression levels in cholestasis samples in comparison
to necrotic samples (figure 16A). Also the PCA plot shows clear separation of necrotic
samples from cholestatic samples on the first principal component axis (figure 16B). The
14 classifier genes selected by the SVMlow model were further studied for their role in the
mechanism of toxicity. Interestingly most of the classifier genes are related to the cellular
toxicity processes ER stress, oxidative stress and unfolded protein response.
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Figure 15: Venn Diagram comparisons of classifier genes
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Figure 16: A: Heatmap of the gene expression levels of the 14 classifier genes that discriminated the
cholestatic compounds (yellow color) from the necrotic compounds (blue color) using the
SVMlow model
B: PCA plot showing the separation of compounds using the 14 classifier genes (red circles
refer to necrosis samples and green circles refer to cholestasis samples)
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4.4 discussion

In this study, we aimed to classify hepatotoxicants according to their phenotype of
toxicity based on the gene expression profiles after exposure of human precision-cut liver
slices (hPCLS). The hPCLS were exposed to ten hepatotoxicants with a well-characterized
mechanism of toxicity: acetaminophen, benziodarone, chloramphenicol, colchicine, and
nitroso-diethylamine are known to induce hepatic necrosis; ANIT, chlorpromazine,
cyclosporine, ethinyl estradiol and methyl testosterone are known to cause hepatic
cholestasis. Machine learning on gene expression data of PCLS exposed to these five
cholestatic and five necrotic compounds resulted in four classification models based on two
different algorithms (SVM and RF algorithm) and two different tested concentrations (low
and medium), which were 70-80% accurate in predicting the phenotype of hepatotoxicants.
Cholestatic compounds such as ANIT, chlorpromazine, cyclosporine and ethinyl estradiol
were classified correctly. Similarly, three of the necrotic compounds (acetaminophen,
colchicine, and nitrosodiethylamine) were correctly classified, but two others, benziodarone
and chloramphenicol, were not. Although the compounds were chosen based on their
reported phenotype of liver injury, it is well known that some compounds can cause a
mixed type of toxicity. For instance, among the cholestatic compounds considered in this
study, cyclosporine, ethinyl estradiol and methyl testosterone can cause cholestasis without
hepatitis but chlorpromazine causes cholestasis with hepatitis and is associated with bile
duct injury[141]. Moreover cholestasis often presents as mixed cholestatic and hepatocellular
injury[141]. Chloramphenicol is generally considered a direct acting necrotic compound;
however a few older reports indicated that it can also cause cholestasis with hepatitis[157].
This possibly explains the fairly consistent classification of chloramphenicol as cholestasis
inducing drug by all the models (table 21 and table 22). If chloramphenicol would be
considered as cholestatic, then the compound prediction accuracy improved. Many studies
about the mechanisms of cholestatic liver injury indicated bile acid-induced apoptosis as the
mechanism involved in cholestatic liver injury[158, 159]. However, recent evidence suggests
that inflammatory cell-mediated necrosis might also accompany cholestasis[160]. This
overlap of mechanisms involved in the toxicity of necrotic and cholestatic compounds further
complicates the classification of hepatotoxicants into the correct phenotype of toxicity[150].
There is no evidence in the literature about the mechanism of toxicity of benziodarone
apart from being necrotic, but based on the results presented here, it may be worthwhile
to investigate whether the hepatotoxicity of benziodarone is accompanied by cholestasis.
Despite the complexity owing to overlap of mechanisms in toxicity for the classification of
necrosis and cholestasis, the classification models developed in this study were able to classify
the hepatotixicants with relatively good accuracy. Low concentration gene expression profiles
gave a better prediction accuracy than the medium concentration, which may be due to the
accompanying necrosis at higher concentrations. The SVM low concentration model shows
the highest prediction accuracy in correctly classifying all 5 cholestatic compounds, including
methyl testosterone (Table 21). In addition, the SVM classifier genes are more consistent
across the approaches used such as different concentrations (Figure 15a) or considering
inter-individual variation (Figure 16). Although the RFlow model gives a better accuracy
than the SVMlow model for predicting the necrotic compounds, the classifier genes were less
consistent across the concentrations or considering inter-individual variation. In conclusion,
all models give a reasonably comparable overall performance in compound class prediction
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accuracy. However, the accuracy of the SVMlow model is highest and this model gives
biomarkers that are consistent across concentrations and not too sensitive for inter-individual
variation, which would give this model greater applicability in future settings. Further
analysis of the function of the classifier genes identified by the SVMlow model showed that
they are involved in ER stress, oxidative stress and unfolded protein response (UPR), and
lipid and cholesterol metabolism. Nine of the classifiers are related to ER stress. The SRP 72

gene encodes the 72-kDa component of the signal recognition particle, a ribonucleoprotein
complex that mediates the targeting of secretory proteins to the endoplasmic reticulum (ER).
Caspase cleavage of SRP 72 is thought to shut down or alter the translation of secretory
proteins[161]. UBA5, a homodimer member of the E1 enzyme family is known to activate
Ubiquitin-fold modifier 1 (UFM1) and their interaction is proposed to play an important
role in the endoplasmic reticulum (ER) stress response[162]. Also DNAJC12, which belongs
to the Heat shock protein 40 (HSP40) family, is known to be upregulated in response to
ER stress[163]. HSP40 family proteins are known to bind to HSP70 through their J-domain
and regulate the function of HSP70 by stimulating its adenosine triphosphatase activity.
The endoplasmic reticulum localized DNAJ homologue ERDJ4 (DNAJB9) is up-regulated
by ER stress and is implicated in ER-associated degradation (ERAD) of multiple unfolded
secretory proteins[164]. C2ORF30, also known as CIM or ERLEC1 (endoplasmic reticulum
lectin 1), is known to be involved in ER-associated degradation via its interaction with
the membrane-associated ubiquitin ligase complex. It binds selectively to improperly folded
luminal proteins and functions in endoplasmic reticulum quality control and ERAD of both
non-glycosylated proteins and glycoproteins[165]. C2ORF30 is also involved in UPR through
its interaction with the key ER stress protein BiP, influencing cell proliferation under ER
stress conditions. REEP5 (Receptor expression enhancing protein 5), is a membrane protein
involved in the structural development of ER by shaping the tubular form of the endoplasmic
reticulum[166].In addition to these ER stress related proteins, SLC10A7 (Sodium/Bile Acid
Cotransporter 7) appeared as classifier, which belongs to the solute carrier family 10 (SLC10)
comprising influx transporters for molecules such as bile acids and steroidal hormones,
but the substrate specificity of SLC10A7 is not defined so far in the literature[167]. In
addition, its expression is shown to be upregulated in response to treatment with ER
stress inducers such as tunicamycin and thapsigargin[168]. NFXL1 (nuclear transcription
factor, X-box binding-like) is a transcription factor, which is shown to be upregulated along
with other NRF2 dependent genes in response to tunicamycin induced ER stress in mouse
liver[169]. TMEM-117 (Transmembrane protein 117) is an integral membrane component
of the endoplasmic reticulum. Two of the classifiers, TMED7 and CADPS2, are related to
oxidative stress. TMED7 (transmembrane p24 trafficking protein 7) is involved in trafficking
of TLR4 (Toll like receptor 4) from the ER to the plasma membrane. TLR4 participates
in the activation of many downstream intracellular pathways such as the NFkB pathway
in response to cellular stress[170]. Knockdown of CADPS2 (Calcium-dependent activator
protein for secretion 2) was shown to play a cell protective role under oxidative stress
in human iPSCs[171]. Two classifiers, SORL1 and HACL1, are related to cholesterol and
lipid metabolism. SORL1 (Sortilin-Related Receptor 1), is involved in cholesterol metabolism
and HACL1 (2-Hydroxyacyl-CoA Lyase 1) is involved in lipid metabolism. Both cholesterol
and lipid metabolism are affected in cholestasis as shown in the pathway analysis of
these hPCLS [117]. Finally, PAN2 (Poly (A) Specific Ribonuclease Subunit) is involved in
ubiquitin proteasome dependent proteolysis. The involvement of ER stress in cholestasis
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has been described before. Hepatocytes are enriched with endoplasmic reticulum, which is
highly involved in protein synthesis, and it is generally assumed that endoplasmic stress
might play an important role in liver toxicity[172, 173, 174, 175]. A recent in vitro study
in human HEPG2 cells[176, 177, 149] showed that cholestatic compounds were classified
from non-hepatotixicants with good accuracy and 5 out of the 12 classifier genes were
related to endoplasmic reticulum stress and unfolded protein response, in accordance with
our findings. Adachi et al. elucidated the role of endoplasmic reticulum stress in bile acid
mediated hepatocellular injury. Bile acids were shown to elevate intracellular Ca2+ and
reactive oxygen species (ROS), leading to induced ER stress mediated apoptosis, which
correlated with the hydrophobicity of the bile acids[124]. Toxicogenomics studies using
in vitro models also revealed the involvement of ER stress in cyclosporine-mediated DICI
[178, 149, 179]. Additional studies would be necessary to further elucidate the exact role of
ER stress in cholestasis. When the classifier genes identified in our human PCLS model
were compared with cholestasis-specific classifier genes reported in different rat in vivo
studies[150, 147, 52, 29, 30], no overlap among the classifiers genes between rat in vivo
and human ex vivo were found. This can at least partly be explained by species differences
and underlines the importance of the use of human cells or tissues. Surprisingly, there
was also little or no overlap among the classifier genes found between the different rat in
vivo studies (supplementary information). This lack of concordance further questions the
applicability of the identified markers and could be partly due to overfitting of the data.
Liu et al. reported a novel algorithm to find classifier genes with functional relevance to
the phenotype with a reduced risk of overfitting in classification. Drugs inducing biliary
duct hyperplasia (BDH) were compared to drugs inducing necrosis or inflammation; and
the accuracy of the classification was determined. Classifier genes for each phenotype were
identified and validated, however the authors assigned some of the compounds to more
than one phenotype, complicating the interpretation of the classifier genes. In conclusion,
gene expression profiling after ex vivo exposure of precision-cut human liver slices to
hepatotoxicants known to induce either cholestasis or necrosis resulted in a classification
model that was 70-80% accurate in distinguishing cholestasis from necrosis. This is the first
ex vivo study with human tissue to test the possibility of discriminating hepatotoxicants based
on the phenotype of toxicity. It supports the importance of incubating hPCLS with a bile acid
mixture to create an environment similar to the physiological concentration in the portal vein
in vivo to be able to mimic the toxic mechanisms underlying the cholestasis phenotype. Apart
from being predictive, the identified classifiers were mechanistically involved in endoplasmic
reticulum stress, unfolded protein response and other stress response pathways, phenomena
shown to play a role in cholestasis. They appeared consistent across different concentration
levels, different predictive algorithms and inter-individual variation in response. A limitation
of our study is the low sample size and further validation of the identified classifiers
by incorporating additional compounds in the model building process will be necessary.
Moreover different time points should be considered. Despite the limitation of the low
sample size and a single time point (24 h), the developed models were able to classify the
hepatotoxicants based on their phenotype or mechanism of toxicity with a good accuracy
and the identified classifier genes are associated with the phenotype of toxicity. Hence, the
human PCLS model is a useful model to study the mechanisms of drug-induced toxicity and
to classify toxins based on their mechanism of toxicity and to identify and validate classifiers
responsible for drug-induced liver toxicity in humans.
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Figure 17: Viability of human PCLS indicated by the ATP content (pmol/µg) after 24hr incubation
with various cholestatic compounds

ATP content is expressed as relative values to the control values. Data represent the average values
from 3-5 experiments, using three PCLS per experiment (error bars represent the standard deviation)
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Figure 18: Viability of human PCLS indicated by the ATP content (pmol/µg) after 24hr incubation
with various necrotic compounds

ATP content is expressed as relative values to the control values. Data represent the average values
from 3-5 experiments, using three PCLS per experiment.
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