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quiring images of fluorescently stained cells obtained from a cell culture in
which the cells have been treated with a dose-range of at least the test com-
pound and its vehicle. The cells may be hepatic cells including primary or im-
mortalized hepatocytes, hepatoma cells or induced pluripotent stem cell-derived
hepatocyte-like cells. The acquired images are segmented. The method further
includes extracting and analyzing one or more phenotypic features from the seg-
mented images, wherein the one or more phenotypic features are selected from
the group of intensity, textural, morphological, or ratiometric features consisting
of (a) features of DNA, (b) features of RELA (NF-KB p65), and (c) features of
actin filaments at different subcellular regions and d) features of cellular organ-
elles and their substructures in the segmented images. Finally, the method in-
cludes normalizing results from the treated samples to vehicle controls and pre-
dicting the probability of liver injury by the test compound based on test com-
pound-induced normalized changes of the extracted and selected phenotypic
features using machine learning methods.
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HIGH THROUGHPUT METHOD FOR ACCURATE PREDICTION OF
COMPOUND-INDUCED LIVER INJURY
PRIORITY CLAIM
[0001] The present application claims priority from Singapore Patent Application

No. 10201602855P filed 11 April 2016.

TECHNICAL FIELD
[0002] The present invention generally relates to compound-induced hepatotoxicity,
and more particularly relates to a high-throughput method and system for accurate

prediction of compound-induced liver injury based on hepatocyte damage in vivo.

BACKGROUND OF THE DISCLOSURE

[0003] The liver is the main human target organ for compound-induced toxicity.
Compounds that damage the liver include drugs, herbal and fungal compounds, food
and cosmetics ingredients, dietary supplements, industrial chemicals and
environmental toxicants. Thus, compound-induced hepatotoxicity must be addressed
by the chemical, food and nutrition, cosmetics and consumer care and pharmaceutical
industries.

[0004] Drug-induced liver injury is a leading cause for acute liver failure requiring
organ transplantation. Regulatory animal toxicity studies with combined rodent and
non-rodent species identify only about fifty per cent of compounds that are
hepatotoxic in humans. The low sensitivity of current pre-clinical hepatotoxicity
models is one of the major reasons for attrition during late stages of development and
is also the reason why drugs continue to be pulled from the market because of

previously undetected hepatotoxicity.
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[0005] Improved platforms for the prediction of hepatotoxicity are also required by
the cosmetics industry, where there is a particular need for animal-free predictive
platforms. Animal models cannot be used anymore for the testing of cosmetics
developed or marketed in Europe, Norway, Israel and India due to animal testing
bans. New Zealand, Canada, Taiwan, Brazil, Korea and also probably Argentina,
USA and China are expected to follow.

[0006] Also, the food industry is now under substantial pressure from animal activist
groups. Under this pressure, large food companies like Coca Cola have stopped using
animal testing, the last food company having given into this pressure being
Kikkoman. Accordingly, animal-free platforms for the accurate prediction of
hepatotoxicity and other toxicities in humans are urgently required. Accepted in vitro
or in silico models do not exist with respect to liver, kidney and other organs.

[0007] Thus, what is needed is methods and systems for high throughput in vitro
modelling of compound-induced liver injury which provides accurate prediction of
such compound-induced liver injury. Methods and systems based on high-throughput
screening that are highly scalable and suitable for testing of large compound libraries
at an industrial scale is also needed. Furthermore, other desirable features and
characteristics will become apparent from the subsequent detailed description and the
appended claims, taken in conjunction with the accompanying drawings and this

background of the disclosure.

SUMMARY
[0008] In one aspect, there is provided a method for predicting liver injury
induced by a test compound comprising: acquiring images of fluorescently stained

cells obtained from a cell culture in which the cells have been treated with a dose-
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range of at least the test compound and its vehicle; segmenting the acquired images;
extracting and analyzing one or more phenotypic features from the segmented images,
wherein the one or more phenotypic features are selected from the group of intensity,
textural, morphological, or ratiometric features consisting of (a) features of DNA, (b)
features of a RELA (NF-[1B p65), (c) features of actin filaments at different
subcellular regions and d) features of cellular organelles and their substructures in
the segmented images; normalizing results from the treated samples to vehicle
controls; and predicting a probability of liver injury by the test compound based on
test compound-induced normalized changes of the extracted and selected phenotypic
features using machine learning methods.

[0009] In an embodiment, extracting and selecting the one or more phenotypic
features from the segmented images may comprise extracting and selecting the
coefficient of variation of the intensity of a DNA marker at chromosomal regions in
the segmented images.

[0010] In an embodiment, extracting and selecting the one or more phenotypic
features from the segmented images may comprise extracting and selecting an
average of a sum average of the intensity of a DNA marker determined from a grey-
level co-occurrence matrix (GLCM) at nuclear regions in the segmented images.
[0011] In an embodiment, extracting and selecting the one or more phenotypic
features from the segmented images may comprise extracting and selecting an
average of the intensity of a RELA marker at chromosomal regions in the segmented
images.

[0012] In an embodiment, extracting and selecting the one or more phenotypic

features from the segmented images may comprise extracting and selecting a fraction
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of the intensity of objects based on a RELA marker at nuclear regions in the
segmented images.

[0013] In an embodiment, the cells may be selected from the group
comprising hepatic cells, induced pluripotent stem cell (iPS)-derived hepatocyte-like
cells, primary hepatocytes, an (immortalized) hepatocyte cell line, and hepatoma cells.
[0014] In an embodiment, the hepatic cells may be derived from hepatic
progenitor-like cells.

[0015] In an embodiment, the cells are human cells. In another embodiment,

the cells are animal cells.

[0016] In an embodiment, the hepatic cells may be HepaRG ™™ cells.

[0017] In an embodiment, the cells of the cell culture may be cultured in a 2D
culture.

[0018] In an embodiment, the may further comprising the step of fluorescently

labelling the cells for detection of one or more of DNA, RELA (NF-kB p65), F-actin,
gammaH2AX and the whole cells.

[0019] In an embodiment, treating the cells may comprise treating with the at
least one test compound and the vehicle for a predetermined time duration of at least
twelve hours or overnight.

[0020] In an embodiment, treating the cells may comprise treating with the at
least one test compound and the vehicle for a predetermined time duration of sixteen
hours or greater.

[0021] In an embodiment, predicting hepatotoxicity may comprise: treating
the cells with a dose-range of at least one test compound and the vehicle; determining

maximal response values (Anax) With respect to the phenotypic features; and using
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machine learning methods to predict hepatotoxicity based on the compound-induced
feature changes.

[0022] In an embodiment, using machine learning methods to predict
hepatotoxicity may comprise using machine learning methods that use a median of the
maximal response values (Apax) of the selected and normalized phenotypic feature
changes of the cells for compound classification.

[0023] In an embodiment, the maximal response values may comprise
response values at a concentration of 1 mM, 2 mM or 5 mM of the test compound.
[0024] In an embodiment, predicting liver toxicity may comprises:
normalizing the phenotypic features from different test compounds to a same range
when more than one test compound is tested; and predicting liver toxicity by using a
machine learning classification algorithm that has been trained with a training set of
compounds that is statistically independent from a test set of compounds.

[0025] In an embodiment, the machine learning classification algorithm may
be a random-forest algorithm or a support vector machine.

[0026] In another aspect, there is provided a system for predicting liver injury
induced by at least one test compound comprising: an apparatus for treating a cell
culture with the at least one test compound and its vehicle and staining the cell culture
for fluorescent detection; an imaging device arranged with respect to the apparatus to
acquire images of the fluorescently stained cells for detecting the cells and their
stained components; and a computing device coupled to the imaging device for
receiving and segmenting the acquired images, the computing device comprising a
feature extraction module for extracting and analyzing one or more phenotypic
features from the segmented images, wherein the one or more phenotypic features are

selected from the group of intensity, textural, morphological, or ratiometric features
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consisting of (a) features of DNA, (b) features of a RELA (NF-[IB p65), and (c)
features of actin filaments at different subcellular regions and d) features of cellular
organelles and their substructures in the segmented images, the computing device
further comprising a prediction module for normalizing results from the treated
samples to vehicle controls and predicting a probability of liver injury by the test
compound based on test compound-induced normalized changes of the extracted and
selected phenotypic features using machine learning methods.

[0027] In an embodiment, the feature extraction module may extract and select
a phenotypic feature from the segmented images measuring a coefficient of variation
of the intensity of a DNA marker at chromosomal regions in the segmented images.
[0028] In an embodiment, the feature extraction module may extract and select
a phenotypic feature from the segmented images measuring an average of a sum
average of the intensity of a DNA marker determined from a grey-level co-occurrence
matrix (GLCM) at nuclear regions in the segmented images.

[0029] In an embodiment, the feature extraction module may extract and select
a phenotypic feature from the segmented images measuring an average of the
intensity of a RELA marker at chromosomal regions in the segmented images.

[0030] In an embodiment, the feature extraction module may extract and select
a phenotypic feature from the segmented images measuring a fraction of the intensity
of objects based on a RELA marker at nuclear regions in the segmented images.
[0031] In an embodiment, the prediction module of the computing device may
predict hepatotoxicity by using machine learning methods based on maximum
response values (Apax) With respect to the phenotypic feature changes of the cells

treated with the at least one test compound and the vehicle.
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[0032] In an embodiment, the prediction module of the computing device may
predict hepatotoxicity by using machine learngn methods that uses a median of the
maximum response values (Apax) of the selected and normalized phenotypic feature
changes.

[0033] In an embodiment, the maximum response values may comprise
response values at a compound concentration of 1mM, 2 mM or 5 Mm of the test
compound.

[0034] In an embodiment, the prediction module of the computing device may
predict hepatotoxicity based on changes of phenotypic features normalized to a same
range when more than one test compound is used and by using a machine learning
classification algorithm trained with a statistically independent training set of
compounds.

[0035] In an embodiment, the machine learning classification algorithm may
be a random forest algorithm or a support vector machine.

[0036] According to at least one embodiment of the present invention, a
method for predicting liver injury in vivo due to hepatocyte damage by a test
compound is provided. The method includes acquiring images of fluorescently
stained cells obtained from a cell culture in which the cells have been treated with a
dose-range of at least the test compound and its vehicle and segmenting the acquired
images. The method further includes extracting and analyzing one or more
phenotypic features from the segmented images, wherein the one or more phenotypic
features are selected from the group of intensity, textural, morphological, or
ratiometric features consisting of (a) features of DNA, (b) features of a RELA (NF-
kB p65), (c) features of actin filaments at different subcellular regions, and (d)

features of cellular organelles and their substructures in the segmented images.
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Finally, the method includes normalizing results from the treated samples to vehicle
controls and predicting a probability of liver injury by the test compound based on test
compound-induced normalized changes of the extracted phenotypic features using a
machine learning methods.

[0037] According to another embodiment of the present invention, a system
for predicting liver injury in vivo due to hepatocyte damage by at least one test
compound is provided. The system includes an apparatus for treating a cell culture
with the at least one test compound and its vehicle and staining the cells for
fluorescent detection, an imaging device and a computing device. The imaging
device is arranged with respect to the apparatus to acquire images of the fluorescently
stained cells for detecting the cells and their stained components. The computing
device is coupled to the imaging device for receiving and segmenting the acquired
images. The computing device includes a feature extraction module for extracting
and analyzing one or more phenotypic features from the segmented images, wherein
the one or more phenotypic features are selected from the group of intensity, textural,
morphological, or ratiometric features consisting of (a) features of DNA, (b) features
of a RELA (NF-«xB p65), (c) features of actin filaments at different subcellular
regions, and (d) features of cellular organelles and their substructures in the
segmented images. The computing device also includes a prediction module for
normalizing results from the treated samples to vehicle controls and predicting a
probability of liver injury by the test compound based on test compound-induced
normalized changes of the extracted phenotypic features using machine learning

methods.
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BRIEF DESCRIPTION OF THE DRAWINGS
[0038] The accompanying figures, where like reference numerals refer to identical
or functionally similar elements throughout the separate views and which together
with the detailed description below are incorporated in and form part of the
specification, serve to illustrate various embodiments and to explain various
principles and advantages in accordance with a present embodiment.
[0039] FIG. 1 depicts a block diagram of a system for predicting liver injury in
accordance with a present embodiment, the liver injury induced by at least one test
compound.
[0040] FIG. 2 depicts a flowchart of an imaging and data analysis method used by
the computing device of the system of FIG. 1 for high throughput in vitro modelling
for accurate prediction of compound-induced liver injury in accordance with the
present embodiment.
[0041] FIG. 3, comprising FIGs. 3A to 3F, depicts exemplary immunofluorescence
image data obtained with different compounds by nuclear and NF-kB staining in
accordance with the present embodiment.
[0042] FIG. 4 depicts a table of reference compound information used for validation
of the high-throughput method with HepaRG cells in accordance with the present
embodiment for accurate prediction of compound-induced injury.
[0043] FIG. 5 depicts a table of phenotypic feature sets and their prediction
performances with HepaRG cells in accordance with the present embodiment.
[0044] FIG. 6 depicts a table of reference compound information used for pre-
validation of the high-throughput method with induced pluripotent stem cell (iPS)-
derived hepatocyte-like cells in accordance with the present embodiment for accurate

prediction of compound-induced injury.
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[0045] FIG. 7 shows image data illustrating phenotypic changes of iPS-derived
hepatocyte-like cells induced by compounds that injure hepatocytes in vivo.
[0046] Skilled artisans will appreciate that elements in the figures are illustrated for

simplicity and clarity and have not necessarily been depicted to scale.

DETAILED DESCRIPTION
[0047] The following detailed description is merely exemplary in nature and is not
intended to limit the invention or the application and uses of the invention.
Furthermore, there is no intention to be bound by any theory presented in the
preceding background of the invention or the following detailed description. In the
following description, the liver is the liver of an animal, such as non-human mammal
and human, including, without limitation, animals classed as bovine, porcine, equine,
canine, lupine, feline, murine, ovine, avian, piscine, caprine, corvine, acrine, or
delphine. In one example, the liver is a human liver. It is the intent of the present
embodiment to present a high-throughput system and method for the accurate
prediction of hepatocyte toxicity in vivo that combines automated imaging of
hepatocytes with automated computational analysis of the image data by phenotypic

profiling results classification utilizing machine learning.

[0048] Unlike conventional systems and methods which determine the toxicity of
compounds for cultivated hepatocytes, systems and methods in accordance with the
present embodiment examine changes induced in in vitro cultivated cells and use

those observed changes to predict hepatocyte toxicity in vivo.

[0049] Optimal results are obtained with HepaRGTM cells, which is one of the most
promising hepatocyte models. The HepaRG™ cell line is a human bipotent

progenitor cell line capable to differentiate toward two different cell phenotypes (i.e.,

-10-
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biliary-like and hepatocyte-like cells). This cell line has been established from a liver
tumor associated with chronic hepatitis C. HepaRG cells exhibit many characteristics
of primary human hepatocytes, including morphology and expression of key
metabolic enzymes, nuclear receptors, and drug transporters. Unlike HepG2 and
Fa2N-4 cells, HepaRG cells have high P450 activity and complete expression of all
nuclear receptors. iPS-derived human hepatocyte-like cells, primary human

hepatocytes and other human hepatocyte cell lines may also be suitable.

[0050] Referring to FIG. 1, a block diagram 100 depicts a system for the prediction
of liver injury in accordance with a present embodiment. The system 100 includes a
cell culture and staining apparatus 110. Within the cell culture and staining apparatus
110, a cell culture is treated with the test compounds and a vehicle for compound
exposure for a period of sixteen or more hours. After compound treatment, the treated
cells are stained for fluorescent detection and various cellular components (DNA,
RELA (NF- KB p65) and F-actin) and the whole cells are thereby fluorescently
labeled. Thus, in accordance with the present embodiment, human hepatocytes are
cultivated as two-dimensional (2D) monolayers in collagen-coated standard multi-
well plates of the cell culture and staining apparatus 110. While currently HepaRG
cells are used, primary human hepatocytes, iPS-derived hepatocyte-like cells and
other types of hepatocytes or hepatocyte-like cells may be suitable in accordance with

the present embodiment.

[0051] An imaging device 120 is optically arranged with respect to the cell culture
and staining apparatus 110 to acquire images of the fluorescently stained cells for
detecting the cells and their stained components. The imaging device 120 is a high
content analyzer which automatically images the fluorescently stained cells to obtain

immunofluorescent detection of RELA (NF-kB p65), F-actin, gammaH2AX and

-11-
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4’ ,6-diamidino-2-phenylindole (DAPI, DNA detection)) and whole cell stain (WCS)

detection after the compound treatment.

[0052] The imaging device 120 provides the acquired images to a computing device
130 which is coupled to the imaging device 120 to receive and segment the acquired
images. The computing device 130 analyzes phenotypic features by phenotypic
profiling and uses machine learning methods for results classification and predictive

performance analysis.

[0053] The computing device 130 includes a feature extraction module 132 which
extracts one or more phenotypic features from the segmented images. In accordance
with the present embodiment, a phenotypic feature is extracted by the feature
extraction module 132 which is selected from the group of phenotypic features
including (a) intensity or texture features of DNA marker at chromosomal or nuclear
regions in the segmented images, and (b) intensity or ratiometric features of a RELA
marker at chromosomal or nuclear regions in the segmented images. The computing
device 130 also includes a prediction module 134 coupled to the feature extraction
module 132 which uses the extracted phenotypic features to predict liver injury. More
particularly, in accordance with the present embodiment, the prediction module 134
predicts hepatocyte toxicity in vivo using a supervised classifier developed using the
phenotypic features. The system of the present embodiment advantageously provides
high predictivity with a test sensitivity of 61.4%, a test specificity of 86.1% and a test
balanced accuracy of 73.8%, a result significantly improved over conventional

methods and systems.

[0054] Referring to FIG. 2, a flowchart 200 depicts an imaging and data analysis
method used by the computing device 130 for high throughput prediction of

compound-induced hepatocyte injury in vivo in accordance with the present

-12-
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embodiment. The computing device 130 receives the images 202 and performs
background correction 204 to improve the clarity of the image in preparation for
image segmentation and feature extraction 206 by the feature extraction module 132.
The prediction module performs a dose response curve fitting and A, estimation
process 208 before performing an automated feature selection 210 on the processed
image.

[0055] The automated feature selection 210 in accordance with the present
embodiment includes two novel methods: a recursive feature elimination algorithm
212 and a feature selection algorithm. The feature selection algorithm is performed
after the recursive feature elimination algorithm 212 and includes a feature
importance estimation step 214 and a final feature subset selection step 216. The
feature importance estimation step 214 includes estimation of average feature
importance across all 10x10-fold cross validation trials and folds. And the final
feature subset selection step 216 includes final feature subset selection based on

average feature importance values obtained at step 214.

[0056] The result is a final selected feature subset Fp,,; 218. For validation, an
estimation of the final training and test accuracies of Fj, 1s performed using 10x10-

fold cross validation 220.

[0057] Referring to FIG. 3, comprising FIGs. 3A to 3F, images 300, 310, 320, 330,
340, 350 depict exemplary immunofluorescence image data obtained with different
compounds after fluorescent staining of RELA (red) and nuclear DNA (blue) in
accordance with the present embodiment. Referring to FIG. 3A, the image 300
depicts fluorescently stained HepaRG cells obtained from a cell culture in which the

cells have been treated with 100 pg/mL puromycin (positive control). Referring to

FIGs. 3B and 3C ( images 310, 320) the cells have been treated with1000 pg/mL

-13-
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acarbose 1000 pg/mL tetracycline, respectively. Both compounds are toxic for
hepatocytes in vivo. .

[0058] Referring to FIG. 3D, the image 330 depicts fluorescently stained cells of
the vehicle control. And referring to FIGs. 3E and 3F, (images 340 and 350) the cells
have been treated with100 pg/mL ethylene glycol and 1000 pg/mL lithium chloride,
respectively.

[0059] The images 300, 310, 320, 330, 340, 350 depict HepaRG cells imaged by
high-throughput screening with a high content analyzer (imaging device 120). .
Hepatotoxicants in the images 300, 310, 320 induced phenotypic changes and an

altered distribution of RELA (NF- « B p65) 302 in comparison to the vehicle control

image 330. Such phenotypic changes were not observed when cells were treated with
non-hepatotoxic compounds as shown in the images 340, 350. The hepatotoxicant
acarbose (the image 310) is not toxic for the human renal proximal tubular cells.
Thus, in previous studies on renal models, changes of human primary renal proximal
tubular cells (HPTC) or HPTC-like cells induced by the hepatotoxicant acarbose were
not observed; however, the hepatotoxicant acarbose induced obvious changes in
HepaRG cells as shown in the image 310. Ethylene glycol (nephrotoxic and
neurotoxic) and lithium chloride (nephrotoxic) are both toxic in humans for other
organs than the liver. Yet, these compounds did not induce obvious phenotypic
changes in HepaRG cells as shown in the images 340, 350. These and other results
suggest that the responses of the cells are highly organ-specific. In conventional
hepatotoxicity testing, almost all non-hepatotoxic compounds with other toxicities in
humans gave positive results with HepG2-based models. Therefore, in contrast to the
HepaRG-based model in accordance with the present embodiment, the conventional

HepG2-based models are not liver-specific, but detect cytotoxicity in general.

-14-
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[0060] Referring to FIG. 4 a table of reference compound information used for
validation of the high-throughput method in accordance with the present embodiment
for accurate prediction of compound-induced injury is depicted. Those compounds
that have been identified as toxic for hepatocytes in humans based on a literature
survey using PubMed™ and Google® are indicated by “+”.

[0061] Referring to FIG 5, the table shows the final selected feature subset Fgpy,
(218) consisting of 4 features. Ay (208) is indicated with respect to the estimated
final training and test accuracies (220). The results were obtained with fluorescently
labelled HepaRG cells and the set of 98 compounds (FIG. 4) used for pre-validation.
[0062] FIG. 6 depicts a table of reference compound information used for pre-
validation of the high-throughput method with induced pluripotent stem cell (iPS)-
derived hepatocyte-like cells in accordance with the present embodiment for accurate
prediction of compound-induced injury.

[0063] FIG. 7 shows image data illustrating phenotypic changes of iPS-derived
hepatocyte-like cells induced by compounds that injure hepatocytes in vivo. In
particular, in Fig. 7, iPS-derived hepatocyte-like cells (iCell Hepatocytes) were
treated with compounds at the indicated concentrations that are known to be toxic
(compounds listed in top row — Azathioprine, Cadmium Chloride, Ranitidine HCL,
Puromycin) or not toxic (compounds listed in bottom row — Aspartame, Caffeine,
Nicotine, DMSO) for hepatocytes in vivo (classification based on literature on
compound-induced clinical effects in humans) and respective positive (125 uM
puromycin) and vehicle (0.5% dimethyl-sulfoxide, DMSO) controls . The cells were
imaged by high content screening after immunofluorescent staining of RELA (red)

and nuclear DNA (blue). These image data show examples phenotypic cellular
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changes that were induced by compounds that damage hepatocytes in vivo (images at
the top row).

[0064] iCell Hepatocytes (iCells) were purchased from Cellular Dynamics
(Madison, Winconsin, USA). iCells were thawed with RPMI medium containing 1X
B27, 20 ng/mL Oncostatin M, 0.1 uM Dexamethasone, 25 pg/mL Gentamicin and 1X
iCell Hepatocyte Medium Supplement.

[0065] iCells were then seeded into collagen I coated 384-well plates at a seeding
density of 30,000 cells per well. The cells were cultivated for 7 days before compound
treatment. 1Cells were treated for 16 hours with test compounds at a dose-range of 7
concentrations which ranged from 2 uM to 1 mM.

[0066] The library used for pre-validation contained 24 compounds with well-
documented clinical effects on hepatocytes in humans (subset of the 98 compounds
listed in FIG. 4). The library contained diverse types of chemicals including drugs,
industrial chemicals, agrochemicals, environmental toxicants and food additives.
[0067] After compound treatment, biomarkers were detected by immunostaining
and the whole cells were stained with WCS. High-content screening was performed
with a 20x objective using the ImageXpress Micro XLS system (Molecular Devices,

Sunnyvale, CA, USA).

[0068] EXAMPLE

[0069] To demonstrate the present embodiment, HepG2 cells (used as controls) and
HepaRG cells were purchased from the American Type Culture Collection (ATCC,
Manassas, Virginia, USA) and ThermoFisher Scientific (Singapore), respectively.
The HepG2 cells were cultured in T75 Corning Costar flasks with Dulbecco’s

modified eagle medium (DMEM) supplemented with 10% fetal bovine serum (FBS)
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and 1% penicillin-streptomycin. The HepG2 cells were seeded into 384-well black
plates with transparent bottom (#781091; Greiner, Kremsmuenster, Austria,) at a
density of 10,000 cells/em®. The HepG2 cells were cultured for three days to attain
confluency before overnight compound treatment of sixteen hours. The HepaRG cells
were directly seeded at a density of 250,000 cells/cm” into 384-well black plates with
transparent bottom (#781091; Greiner) coated with 100 pg/ml collagen 1. For the
first twenty-four hours of cultivation a Williams E medium, supplemented with
HepaRG Thaw, Plate & General Purpose medium was used. Subsequently, the
HepaRG cells were cultivated for seven days in Williams E medium supplemented
with HepaRG Tox medium and 1% GlutaMAX (all media and supplements from
ThermoFisher Scientific) with medium replenishment on day 1 and day 4 of the
culture. The HepaRG cells were cultured for 7 days before overnight compound
treatment of 16 hours. The protocol of HepaRG culture for toxicity studies was
obtained from ThermoFisher Scientific.

[0070] Compound treatment

[0071] The cells were treated for sixteen hours with 98 compounds as listed in the
table of FIG. 4. Screening was performed by using a dose-range of the following
seven concentrations for each compound: 2 pM, 15 pM, 63 pM, 125 uM, 250 pM,
500 pM and 1 mM. Puromycin (125 uM) and chlorpromazine (15 pM) were used as
positive controls, while dexamethasone (250 pM and 1 mM) was used as a negative
control. Untreated cells (no drug, no vehicle) and respective vehicle controls
(dimethyl sulfoxide (DMSQO) or water) were included in every plate. Four technical
replicates were included for each treatment condition (four wells per data point). Z’
values of each plate were calculated and values were all above 0.5, ranging from 0.62

to 0.89.
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[0072] Immunostaining

[0073] Cells were fixed for six hours with 3.7% formaldehyde in phosphate-
buffered saline (PBS) after sixteen hours of compound exposure. Cells were then
blocked and permeabilized with PBS containing 5% bovine serum albumin (BSA)
and 0.2% Triton X-100 for one hour at room temperature. Subsequently, samples
were incubated for one hour at room temperature with either a rabbit polyclonal anti-

RELA antibody (#ab16502; Abcam, Cambridge, UK) at 1 pg/mL or a mouse

monoclonal anti-gammaH2AX (phosphor S139) antibody (#ab26350; Abcam) at 2

pg/mL. Samples were then incubated with either a goat anti-rabbit secondary
antibody conjugated with Alexa-488 (#A11008; Life Technologies, Singapore) or a
goat anti-mouse secondary antibody conjugated with Alexa-647 (#A21235, Life
Technologies) at 5 pg/mL. F-actin was detected on every plate with rhodamine
phalloidin (#R415; 1:100; Invitrogen, Singapore). Cell nuclei and whole cells were
stained on every plate with 4’, 6-diamidino-2phenylindole dihydrochloride (DAPI;
#268298; Merck, Darmstadt, Germany) at 4 ng/mL, and whole cell stain red (WCS;
#8403402; 1:100; Cellomics, Rockford, United States of America).

[0074] Image acquisition

[0075] Automated imaging was performed with a 20x objective with the

ImageXpres gMICRO

system (Molecular Devices, Sunnyvale, CA, USA). Nine sites per
well were imaged with four channels and the images were saved in a 16-bit TIFF

format.

[0076] Image segmentation and feature extraction

[0077] To reduce non-uniform background illuminations, the images were corrected

using the “rolling ball” algorithm implemented in Image] (NIH, v1.48). Cell
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segmentations and feature measurements were performed using a cellXpress™
proprietary software platform.

[0078] Haralick’s texture features

[0079] A grey-level co-occurrence matrix (GLCM) is a matrix that describes the
distribution of co-occurring grey-level values at a given offset (Ax, Ay) in an N, x N,
image, I(x, y) , with N, grey levels. In these notations, x and y are the row and column

indices, respectively. The GLCM matrix is defined by Equation 1.

Ny Ny {1, if I(x,y)and I(x + dx,y + Ay = j

GLCMAx,Ay(iJ):Zx=1 y=1 0, otherwise M

where i and j are the grey-level or intensity values of the image. The normalized

GLCM matrix is
., GLCM s 4y (L))
(i, ), Ax, Ay) = =~ ()
b Y S 0 GLCM 4y (1)
The sum probability matrix is calculated to be
Ng <Ny .,
Prey(kAx,Ay) =%, 2, ¥ 2, p(iL j, Ax, Ay) (3)
where k = 2,3,__,2N ,. The sum average of GLCM are shown in Equations (4).
2Ny
fSA(Ax,A)’) = Zk:zkpx+y(k) Ax) AY) (4)

[0080] In the validation study, the images were the bounding boxes around the

segmented cells with all the background pixels set to zero. The images were then

quantized into N ,= 256 grey levels, and all the Haralick’s features for 0 degree (Ax=
0,Ay=1), 45 degree (Ax=1,Ay=1), 90 degree (Ax=1,Ay= 0), and 135 degree

(Ax:I,A y:—l) offsets were computed. For each feature, the mean of all the offset

values was used and the cellXpress™ software platform was used to extract all the

texture features.
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[0081] Concentration response curve and Ay, estimations

[0082] After feature extraction, the values of a feature were divided at all the tested
compound concentrations by the values of the feature under the corresponding vehicle
control conditions. Then, the ratios were log2-transformed (»). All further data
analyses, including building concentration response curves and toxicity classifiers,
were performed using customized scripts under the R statistical environment (the R
foundation, v3.0.2) and the Windows 7 operating system (Microsoft, USA).

[0083] For each feature, the concentration response curve was estimated using a

standard log-logistic model as shown in Equation (5).

d—c
1+exp{b(log(x)—log(e))}

A(x, (b, c,d,€)) = (5)

where x is the xenobiotics compound concentration, e is the response half-way
between the lower limit ¢ and upper limit d, and b is the relative slope around e. The
“drc” library (v 2.3-96) under the R environment was used to fit the values of b, c, d,
and e. After that, the maximum response values (Anyax ) were determined using the
estimated response curves. In theory, Amax should be equal to the upper limit d.
However, in practice, the responses of some compounds may not plateau even at the
highest tested dosages. Therefore the estimated d value may not be accurate. Instead,
Amax Was fixed to be the response value at either 1, 2, or 5 mM, which was around the
highest tested concentrations for most of the compounds. Finally, the median values
of Anax across all the replicates were computed.

[0084] Feature normalization

[0085] Before data classification, each feature vector f; was normalized to the same

range [-1, 1] as shown in Equation (6).

fmax—SFmin
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where fiin and fi.x are the minimum and maximum values of the feature. To ensure
the training and test datasets were independent from each other, these two
normalization coefficients were estimated only using the training data, but were
applied to both the training and the test datasets.

[0086] Random forest classification

[0087] A random-forest algorithm was used to predict xenobiotic-induced
nephrotoxicity, as this algorithm has previously been shown to outperform other
commonly-used classifiers, including support vector machines, k-nearest neighbors
and naive Bayes. In addition, the “randomForest” library (v4.6-10) under the R
environment was used.

[0088] Classification performance estimation

[0089] A stratified 10-fold cross validation procedure was used to estimate the
toxicity prediction performance of the phenotypic features. The performance

measurements used are shown in Equations (7), (8) and (9).

TP

Sensitivity = = X 100% (7
Specificity = —— x 100% (8)

Sensitivity+Specificity
2

Balanced Accuracy (acc) = 9)
where TP is the number of true positives, TN is the number of true negatives, FP is
the number of false positives and FN is the number of false negatives. FIG. 5 depicts
a table summarizing the overall prediction performance for single- and multi-feature
classifiers for all three datasets in accordance with the present embodiment.

[0090] Referring to FIG. 5, a table lists the phenotypic feature sets and their
prediction performance with HepaRG cells when tested against the ninety-eight
compounds listed in FIG. 4 in accordance with present embodiment. The phenotypic

feature sets include: a coefficient of variation of the intensity of a DNA marker at the

chromosomal region, an average of the sum average of the DNA grey-level co-
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occurrence matrix (GLCM) at the nuclear region, an average of the intensity of a

RELA marker at the chromosomal region, and a fraction of the total intensity of the

1(cnD)
o)’

RELA objects at the nuclear region. Nuclear fraction of the RELA objects =

where RELA objects are the subcellular regions that have high levels of RELA stains,
I (D) is the sum of the intensity values of all the pixels at the RELA-object regions,

and / (CN D) is the sum of the intensity values of all the pixels at the intersection of

the cytoplasmic and RELA-object regions. Using a concentration of 1 mM to
estimate the maximum response values (Amax) of the combination of these feature sets
resulted in a test sensitivity of 47.9-61.4%, a test specificity of 86.1-92.1% and a test
accuracy of 70.0-73.8%.

[0091] Thus it can be seen that the present embodiment provides an improved
predictive model for drug-induced liver injury in humans utilizing an accurate and
high-throughput screening (HTS)-based method and system for predicting compound-
induced hepatocyte injury in vivo. Predicting hepatocyte toxicity in vivo in
accordance with the present embodiment is based on HepaRG cells and not on HepG2
cells and high sensitivity and accuracy has been achieved (for the 98 compounds
tested, test sensitivity is 61.4%, test specificity is 86.1%, and test balanced accuracy is
73.8%).

[0092] Unlike conventional models which determine the toxicity of compounds for
cultivated hepatocytes, the system and methods in accordance with the present
embodiment only look at changes induced in in vitro cultivated cells and use these
changes to predict hepatocyte toxicity in vivo. The HTS model in accordance with the
present embodiment makes binary predictions and gives a yes/no answer with respect
to hepatocyte toxicity in vivo. No predictions however can be made with respect to

the dose. This can be overcome by complementing the HTS model with
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computational models or other in vitro models that predict the human dose response.
Such models are still at the experimental stage, but in the future this may be an option.
An advantage of the present embodiment is its high throughput. It can be efficiently
applied at very early stages of compound screening and would allow the flagging of
all compounds that are predicted to be toxic for hepatocytes in vivo. For most of these
compounds, more detailed information on the dose response might not be required.
[0093] Further, the disclosure comprises embodiments according to the following
clauses:

[0094] Clause 1. A method for predicting human liver injury induced by
a test compound comprising: acquiring images of fluorescently stained cells obtained
from a cell culture in which the cells have been treated with a dose-range of at least
the test compound and its vehicle; segmenting the acquired images; extracting and
analyzing one or more phenotypic features from the segmented images, wherein the
one or more phenotypic features are selected from the group of intensity, textural,
morphological, or ratiometric features consisting of (a) features of DNA, (b) features
of a RELA (NF-«B p65), and (c) features of actin filaments at different subcellular
regions in the segmented images; normalizing results from the treated samples to
vehicle controls; and predicting a probability of human liver injury by the test
compound based on test compound-induced normalized phenotypic changes of the
extracted phenotypic features using a supervised classifier.

[0095] Clause 2. The method in accordance with Clause 1, wherein
extracting the one or more phenotypic features from the segmented images comprises
extracting the phenotypic feature measuring a coefficient of variation of DNA

intensity at chromosomal regions in the segmented images.
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[0096] Clause 3. The method in accordance with Clause 1, wherein
extracting the one or more phenotypic features from the segmented images comprises
extracting two phenotypic features consisting of (a) a fraction of a total DNA object
intensity at chromosomal regions in the segmented images and (b) an average of a
sum of a variance of a RELA marker determined from a grey-level co-occurrence
matrix (GLCM) at nuclear regions in the segmented images.

[0097] Clause 4. The method in accordance with Clause 1, wherein
extracting the one or more phenotypic features from the segmented images comprises
extracting four phenotypic features consisting of (a) a fraction of a total DNA object
intensity at chromosomal regions in the segmented images, (b) an average of a sum of
a variance of a RELA determined from a grey-level co-occurrence matrix (GLCM) at
nuclear regions in the segmented images, (c) a perimeter of one or more of the nuclear
regions in the segmented images, and (d) ratios of total RELA intensity between the
chromosomal regions and the nuclear regions in the segmented images.

[0098] Clause 5. The method in accordance with Clause 1, wherein the
cells are selected from the group comprising differentiated hepatic cells, induced
pluripotent stem cell (iPS)-derived human hepatocyte-like cells, primary human
hepatocytes, and an (immortalized) human hepatocyte cell line.

[0099] Clause 6. The method in accordance with Clause 5, wherein the
differentiated hepatic cells are derived from a human hepatic progenitor-like cell line.

[00100] Clause 7. The method in accordance with Clause 6, wherein the
differentiated hepatic cells derived from a human hepatic progenitor-like cell line are
HepaRG™ cells.

[00101] Clause 8. The method in accordance with any one of Clauses 1 to

7 wherein the cells of the cell culture are cultured in a 2D culture.
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[00102] Clause 9. The method in accordance with any one of Clauses 1 to
8 further comprising the step of fluorescently labelling the cells cultured in the cell
culture for detection of one or more of DNA, RELA (NF-xB p65), F-actin,
gammaH2AX and a whole cell.

[00103] Clause 10. The method in accordance with any one of Clauses 1 to
9 wherein treating the cells comprises treating human hepatocytes with the at least
one test compound and the vehicle for a predetermined time duration of at least
twelve hours or overnight.

[00104] Clause 11. The method in accordance with Clause 10 wherein
treating the cells comprises treating human hepatocytes with the at least one test
compound and the vehicle for a predetermined time duration of sixteen hours or
greater.

[00105] Clause 12. The method in accordance with any one of Clauses 1 to
11 wherein predicting human hepatotoxicity comprises: treating the cells with a dose-
range of at least one test compound and the vehicle; determining maximal response
values (Amax) With respect to the phenotypic features; and using the supervised
classifier to predict human hepatotoxicity based on the compound-induced feature
changes.

[00106] Clause 13. The method in accordance with Clause 12 wherein
using the supervised classifier to predict human hepatotoxicity comprises using the
supervised classifier that uses a median of the maximal response values (Ap,y) of the
normalized phenotypic feature changes of the cells for compound classification.
[00107] Clause 14. The method in accordance with Clause 12, when the
maximal response values comprise response values at a concentration of 1 mM, 2 mM

or 5 mM of the test compound.

25-



WO 2017/180061 PCT/SG2017/050206

[00108] Clause 15. The method in accordance with Clause 1 wherein
predicting liver toxicity in humans comprises: normalizing the phenotypic features
from different test compounds to a same range when more than one test compound is
tested; and  predicting liver toxicity in humans by using a machine learning
classification algorithm that has been trained with a training set of compounds that is
statistically independent from a test set of compounds.

[00109] Clause 16. The Clause in accordance with Clause 15, wherein the
machine learning classification algorithm is a random-forest algorithm.

[00110] Clause 17. The method in accordance with Clause 15, wherein the
machine learning classification algorithm is a support vector machine.

[00111] Clause 18. A system for predicting human liver injury induced by
at least one test compound comprising: an apparatus for treating a cell culture with the
at least one test compound and its vehicle and staining the cell culture for fluorescent
detection; an imaging device arranged with respect to the apparatus to acquire images
of the fluorescently stained cells for detecting the cells and their stained components;
and a computing device coupled to the imaging device for receiving and segmenting
the acquired images, the computing device comprising a feature extraction module for
extracting and analyzing one or more phenotypic features from the segmented images,
wherein the one or more phenotypic features are selected from the group of intensity,
textural, morphological, or ratiometric features consisting of (a) features of DNA, (b)
features of a RELA (NF-kB p65), and (c) features of actin filaments at different
subcellular regions in the segmented images, the computing device further comprising
a prediction module for normalizing results from the treated samples to vehicle

controls and predicting a probability of human liver injury by the test compound
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based on test compound-induced normalized phenotypic changes of the extracted
phenotypic features using a supervised classifier.

[00112] Clause 19. The system in accordance with Clause 18 wherein the
feature extraction module extracts a phenotypic feature from the segmented images
measuring a coefficient of variation of DNA intensity at chromosomal regions in the
segmented images.

[00113] Clause 20. The system in accordance with Clause 19 wherein the
feature extraction module extracts two phenotypic features consisting of (a) a fraction
of a total DNA object intensity at chromosomal regions in the segmented images and
(b) an average of a sum of a variance of a RelA marker determined from a grey-level
co-occurrence matrix (GLCM) at nuclear regions in the segmented images.

[00114] Clause 21. The system in accordance with Clause 19 wherein the
feature extraction module extracts four phenotypic features consisting of (a) a fraction
of a total DNA object intensity at chromosomal regions in the segmented images, (b)
an average of a sum of a variance of a RelA marker determined from a grey-level co-
occurrence matrix (GLCM) at nuclear regions in the segmented images, (c) a
perimeter of one or more of the nuclear regions in the segmented images, and (d)
ratios of total RelA marker intensity between the chromosomal regions and the
nuclear regions in the segmented images.

[00115] Clause 22. The system in accordance with any of Clauses 19 to 21
wherein the prediction module of the computing device predicts human hepatotoxicity
by using a supervised classifier based on maximum response values (Ap,,) with
respect to the phenotypic feature changes of the cells treated with the at least one test

compound and the vehicle.
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[00116] Clause 23. The system in accordance with Clause 22 wherein the
prediction module of the computing device predicts human hepatotoxicity by using a
supervised classifier that uses a median of the maximum response values (Ap.y) of the
normalized phenotypic feature changes.

[00117] Clause 24. The system in accordance with Clause 22, wherein the
maximum response values comprises response values at a compound concentration of
ImM, 2 mM or 5 Mm of the test compound.

[00118] Clause 25. The system in accordance with any one of Clauses 20 to
24 wherein the prediction module of the computing device predicts human
hepatotoxicity based on changes of phenotypic features normalized to a same range
when more than one test compound is used and by using a machine learning
classification algorithm trained with a statistically independent training set of
compounds.

[00119] Clause 26. The system in accordance with Clause 25 wherein the

machine learning classification algorithm is a random forest algorithm.

[00120] While exemplary embodiments have been presented in the foregoing
detailed description of the invention, it should be appreciated that a vast number of
variations exist. It should further be appreciated that the exemplary embodiments are
only examples, and are not intended to limit the scope, applicability, operation, or
configuration of the invention in any way. Rather, the foregoing detailed description
will provide those skilled in the art with a convenient road map for implementing an
exemplary embodiment of the invention, it being understood that various changes
may be made in the function and arrangement of steps and method of operation
described in the exemplary embodiment without departing from the scope of the

invention as set forth in the appended claims.
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CLAIMS

What is claimed is:

1. A method for predicting liver injury induced by a test compound
comprising:

acquiring images of fluorescently stained cells obtained from a cell culture in
which the cells have been treated with a dose-range of at least the test compound and
its vehicle;

segmenting the acquired images;

extracting and analyzing one or more phenotypic features from the segmented
images, wherein the one or more phenotypic features are selected from the group of
intensity, textural, morphological, or ratiometric features consisting of (a) features of
DNA, (b) features of a RELA (NF-«xB p65), (c) features of actin filaments at different
subcellular regions and d) features of cellular organelles and their substructures in
the segmented images;

normalizing results from the treated samples to vehicle controls; and

predicting a probability of liver injury by the test compound based on test
compound-induced normalized changes of the extracted and selected phenotypic

features using machine learning methods.

2. The method in accordance with Claim 1, wherein extracting and
selecting the one or more phenotypic features from the segmented images comprises
extracting and selecting the coefficient of variation of the intensity of a DNA marker

at chromosomal regions in the segmented images.
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3. The method in accordance with Claim 1, wherein extracting and
selecting the one or more phenotypic features from the segmented images comprises
extracting and selecting an average of a sum average of the intensity of a DNA
marker determined from a grey-level co-occurrence matrix (GLCM) at nuclear

regions in the segmented images.

4. The method in accordance with Claim 1, wherein extracting and
selecting the one or more phenotypic features from the segmented images comprises
extracting and selecting an average of the intensity of a RELA marker at

chromosomal regions in the segmented images.

5. The method in accordance with Claim 1, wherein extracting and
selecting the one or more phenotypic features from the segmented images comprises
extracting and selecting a fraction of the intensity of objects based on a RELA marker

at nuclear regions in the segmented images.

6. The method in accordance with Claim 1, wherein the cells are selected
from the group comprising hepatic cells, induced pluripotent stem cell (iPS)-derived
hepatocyte-like cells, primary hepatocytes, an (immortalized) hepatocyte cell line, and

hepatoma cells.

7. The method in accordance with Claim 6, wherein the hepatic cells are

derived from hepatic progenitor-like cells.
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8. The method in accordance with Claims 6 and 7, wherein the cells are human

cells.

9. The method in accordance with Claims 6 and 7, wherein the cells are animal
cells.

10.  The method in accordance with Claim 7, wherein the hepatic cells are
HepaRG™ cells.

11.  The method in accordance with any one of Claims 1 to 10 wherein the

cells of the cell culture are cultured in a 2D culture.

12. The method in accordance with any one of Claims 1 to 11 further
comprising the step of fluorescently labelling the cells for detection of one or more of

DNA, RELA (NF-«B p65), F-actin, gammaH2AX and the whole cells.

13. The method in accordance with any one of Claims 1 to 12 wherein
treating the cells comprises treating with the at least one test compound and the

vehicle for a predetermined time duration of at least twelve hours or overnight.

14. The method in accordance with Claim 13 wherein treating the cells

comprises treating with the at least one test compound and the vehicle for a

predetermined time duration of sixteen hours or greater.

15.  The method in accordance with any one of Claims 1 to 14 wherein

predicting hepatotoxicity comprises:
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treating the cells with a dose-range of at least one test compound and the
vehicle;

determining maximal response values (Anax) With respect to the phenotypic
features; and

using machine learning methods to predict hepatotoxicity based on the

compound-induced feature changes.

16.  The method in accordance with Claim 15 wherein using machine
learning methods to predict hepatotoxicity comprises using machine learning methods
that use a median of the maximal response values (Amax) of the selected and

normalized phenotypic feature changes of the cells for compound classification.

17. The method in accordance with Claim 15, when the maximal response
values comprise response values at a concentration of 1 mM, 2 mM or 5 mM of the

test compound.

18.  The method in accordance with Claim 1 wherein predicting liver
toxicity comprises:

normalizing the phenotypic features from different test compounds to a same
range when more than one test compound is tested; and

predicting liver toxicity by using a machine learning classification algorithm
that has been trained with a training set of compounds that is statistically independent

from a test set of compounds.
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19. The method in accordance with claim 18, wherein the machine

learning classification algorithm is a random-forest algorithm.

20.  The method in accordance with claim 18, wherein the machine learning

classification algorithm is a support vector machine.

21. A system for predicting liver injury induced by at least one test
compound comprising:

an apparatus for treating a cell culture with the at least one test compound and
its vehicle and staining the cell culture for fluorescent detection;

an imaging device arranged with respect to the apparatus to acquire images of
the fluorescently stained cells for detecting the cells and their stained components;
and

a computing device coupled to the imaging device for receiving and
segmenting the acquired images, the computing device comprising a feature
extraction module for extracting and analyzing one or more phenotypic features from
the segmented images, wherein the one or more phenotypic features are selected from
the group of intensity, textural, morphological, or ratiometric features consisting of (a)
features of DNA, (b) features of a RELA (NF-«xB p65), and (c) features of actin
filaments at different subcellular regions and d) features of cellular organelles and
their substructures in the segmented images, the computing device further comprising
a prediction module for normalizing results from the treated samples to vehicle
controls and predicting a probability of liver injury by the test compound based on test
compound-induced normalized changes of the extracted and selected phenotypic

features using machine learning methods.
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22.  The system in accordance with Claim 21 wherein the feature extraction
module extracts and selects a phenotypic feature from the segmented images
measuring a coefficient of variation of the intensity of a DNA marker at chromosomal

regions in the segmented images.

23.  The system in accordance with Claim 21 wherein the feature extraction
module extracts and selects a phenotypic feature from the segmented images
measuring an average of a sum average of the intensity of a DNA marker determined
from a grey-level co-occurrence matrix (GLCM) at nuclear regions in the segmented

images.

24.  The system in accordance with Claim 21 wherein the feature extraction
module extracts and selects a phenotypic feature from the segmented images
measuring an average of the intensity of a RELA marker at chromosomal regions in

the segmented images.

25.  The system in accordance with Claim 21 wherein the feature extraction
module extracts and selects a phenotypic feature from the segmented images
measuring a fraction of the intensity of objects based on a RELA marker at nuclear

regions in the segmented images.

26.  The system in accordance with any of Claims 22 to 25 wherein the

prediction module of the computing device predicts hepatotoxicity by using machine

learning methods based on maximum response values (Apax) With respect to the
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phenotypic feature changes of the cells treated with the at least one test compound and

the vehicle.

27.  The system in accordance with Claim 26 wherein the prediction
module of the computing device predicts hepatotoxicity by using machine learngn
methods that uses a median of the maximum response values (Ay.x) of the selected

and normalized phenotypic feature changes.

28.  The system in accordance with Claim 26, wherein the maximum
response values comprises response values at a compound concentration of 1mM, 2

mM or 5 Mm of the test compound.

29.  The system in accordance with any one of Claims 23 to 28 wherein the
prediction module of the computing device predicts hepatotoxicity based on changes
of phenotypic features normalized to a same range when more than one test
compound is used and by using a machine learning classification algorithm trained

with a statistically independent training set of compounds.

30.  The system in accordance with Claim 29 wherein the machine learning

classification algorithm is a random forest algorithm.

31.  The system in accordance with Claim 29 wherein the machine learning

classification algorithm is a support vector machine.
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Sensitivity

Test
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Coefficient of
variation of DNA
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chromosomal region

1mM

61.4%

86.1%

73.8%

Average of the sum
average of DNA
GLCM at the nuclear
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1mM

56.0%

89.5%

72.7%
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1mM
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Hepatocyte
S/N Chemicals Toxicity
In Vivo
1 | Acesulfame -
Potassium
2 | Arsenic (lll) Oxide +
3 | Aspartame -
4 | Azathioprine +
5 | Cadmium (ll) Chloride +
6 | Caffeine -
7 | Chloral Hydrate -
8 | Citrinin -
9 | Clofibrate -
10 | Cyclosporin A +
11 | Diclofenac +
12 | Felbamate +
13 | 5-Flurouracil +
14 | Garcinia Acid -
15 | Glutathione -
16 | Glycine -
17 | Gold (l) Chloride +
18 | Isoniazid +
19 | Modafinil -
20 | Nicotine -
21 | Ranitidine HCI +
22 | Tetracycline +
23 | Torsemide -
24 | Vancomycin +
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Hepatocyte Toxicity fn Vivo ; No Hepatocvte Toxicity in Vive
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