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Assessing chronic liver toxicity based on relative gene expression data

Kedar Kulkarni a, Peter Larsen b, Andreas A. Linninger a,�

a Laboratory for Product and Process Design, Department of Chemical and Bioengineering, University of Illinois at Chicago, Chicago, IL 60607, USA
b Core Genomics Laboratory, University of Illinois at Chicago, Chicago, IL 60607, USA

a r t i c l e i n f o

Article history:

Received 12 December 2007

Received in revised form

16 May 2008

Accepted 19 May 2008
Available online 25 July 2008

Keywords:

Toxicology

Gene interaction networks

Micro-array analysis

Problem inversion

a b s t r a c t

The risk associated with exposure to hepatotoxic drugs is difficult to quantify. Animal experiments to

assess their chronic toxicological impact are time consuming. New quantitative approaches to correlate

gene expression changes caused by drug exposure to chronic toxicity are required. This article proposes

a mathematical model entitled Toxicologic Prediction Network (TPN) to assess chronic hepatotoxicity based

on subchronic hepatic gene expression data in rats. A directed graph accounts for the interactions

between the drugs, differentially expressed genes and chronic hepatotoxicity. A knowledge-based

mathematical model estimates phenotypical exposure risk such as toxic hepatopathy, diffuse fatty

change and hepatocellular adenoma for rats. The network’s edges encoding the interaction strength are

determined by solving an inversion problem that minimizes the difference between the observed and the

predicted relative gene expressions as well as the chronic toxicity data. A realistic case study

demonstrates how chronic health risk of three halogenated aromatic hydrocarbons can be inferred from

subchronic gene expression data. The advantages of the TPN are further demonstrated through two

novel applications: Estimation of toxicological impact of new drugs and drug mixtures as well as

rigorous determination of the optimal drug formulation to achieve maximum potency with minimum

side-effects. Prediction of animal toxicity may be relevant for assessing risk for humans in the future.

& 2008 Elsevier Ltd. All rights reserved.

1. Introduction

Many therapeutic drugs for the treatment of severe illnesses
have strong side-effects. Often only qualitative relationships
between the drugs and the harmful effects are known. Experi-
ments demonstrating the risk of chronic exposure to these drugs
require several years for tumors or hepatotoxic effects to become
evident. Although long-term animal testing could provide in-
formation about toxicity risk, this procedure for each and every
drug is intractable due to time, money and animal welfare
constraints. Moreover, chronic experimental toxicity studies yield
statistics of animal responses establishing dose–toxicity relation-
ships only after several years. On the other hand, genome-scale
micro-array analysis can detect the toxicological impact on the
gene expression of living cells even after short exposure.
Differential gene expression can already be detected after several
weeks of exposure. The alteration of relative gene expression
visible in subchronic experiments precedes chronic toxicological
effects of long-term drug exposure. This work proposes to relate
subchronic relative gene expression to chronic hepatotoxicity.

Many factors make modeling and prediction of toxicity a very
challenging problem. On the one hand, experimental and
biological data are subject to assay variability and individual
uncertainty in biological responses to toxicity. On the other hand,
information on gene interactions and signaling pathways is often
incomplete thus making gene expression information difficult to
incorporate consistently. Several approaches have been proposed
to predict the toxicological effects of drugs. Holistic methods aim at
identifying all relevant components in a toxicologically significant
system. For example, genome-scale metabolic flux balance
analysis can be used to analyze, interpret and predict cellular
phenotypes from differential gene expression in response to drug
exposure (Varma and Palsson, 1994a; Gombert and Nielsen, 2000;
Covert et al., 2001). Despite successful reconstruction of entire
genome-scale metabolic networks for simple systems like
bacteria, fungi, yeast and animal cells, these methods require
determination of a massive number of variables (Edwards and
Palsson, 2000; Schilling et al., 2002; Forster et al., 2003; Oliveira
et al., 2005; Sheikh et al., 2005). Reductionist methods relate toxic
agents directly to their biological consequences without specifi-
cally determining all causal agents. Quantitative Structure– Activity

Relationships (QSAR) identify statistically significant relationships
between molecular structure and biological effects, but cannot
explain gene interactions and signaling pathways (Simmon-
Hettich et al., 2006; White et al., 2003; Katritzsky and Tatham,

ARTICLE IN PRESS

Contents lists available at ScienceDirect

journal homepage: www.elsevier.com/locate/yjtbi

Journal of Theoretical Biology

0022-5193/$ - see front matter & 2008 Elsevier Ltd. All rights reserved.

doi:10.1016/j.jtbi.2008.05.032

� Corresponding author. Tel.: +1312 413 7743; fax: +312 413 7803.

E-mail address: linninge@uic.edu (A.A. Linninger).

Journal of Theoretical Biology 254 (2008) 308– 318

PREVIE
W



Author's personal copy

2001; Barratt and Rodford, 2001; Visco et al., 2002; Weis et al.,
2005). QSAR can also predict biological consequences of pre-
viously uncharacterized chemical structures. However, QSAR is
hard to apply for very complex and large molecules.

This article proposes a rigorous mathematical programming
approach to correlate chronic toxicity of chemical substances to
subchronic relative gene expression changes caused by exposure.
The proposed methodology has the following features:

(i) quantification of toxicity risk as a function of a single drug
dosage or a cocktail of several active substances administered
orally to rats;

(ii) assessment of likely toxicity risk of new drugs with similar
mode of action represented in identical gene expression profiles;

(iii) optimal drug formulation of drug mixtures to minimize
undesirable effects.

The paper is organized as follows. Section 2 introduces the novel
methodology of Toxicologic Prediction Networks (TPN). It also explains
how the parameters of this knowledge-based model are obtained as
a solution to a rigorous inversion problem. Section 3 demonstrates a
successful application of TPN to predict chronic toxicity risks of
hepatotoxic halogenated aromatic hydrocarbons (HAHs) in rats.
Section 4 presents techniques to estimate the likely toxicological
impact of a new drug or drug mixtures. Based on the trained TPN, a
novel optimal drug mixing problem is formulated to determine the
optimal composition of a drug cocktail with minimum side-effects,
while maximizing drug potency. Section 5 closes the paper with
conclusions and future work.

2. Methodology

This section introduces the novel modeling methodology
entitled TPN. The TPN aims at estimating chronic biological
outcomes as a function of drug dosage with the help of subchronic
gene expression data. A rigorous mathematical programming
approach will be proposed to determine the network parameters
such as drug potencies, gene– gene interaction strengths and
biological risk parameters.

2.1. The toxicologic prediction network (TPN)

Gene-regulatory networks represent genetic control mechan-
isms as directed graphs, in which genes are the nodes and the

connecting edges signify regulatory interactions (Weaver et al.,
1999). In the present study, we propose a novel TPN to relate drug
dosage to the corresponding chronic toxicological effects via a
gene-regulatory network as depicted in Fig. 1. The novel TPN has
three layers:

Layer I (Drugs): This layer contains drug nodes representing the
toxicologically equivalent drug dosages, Di 2 D̄. Equivalent do-
sages are typically measured in daily quantities of drug adminis-
tered orally to test animals. Specifically, this study will consider
in vivo drug administration to rats. We will attempt to estimate
toxicity risk given only drug dosage, without accounting for
maximum or average plasma concentrations, cmax, caverage or area
under the curve. Fig. 1 depicts two drugs altering the gene
expression through direct action on enzymes, membranes or
receptors.

Layer II (Genes): This layer incorporates a specific gene-
regulatory network. These networks can be generated by several
techniques. Biochemical analysis at the cellular level yields
genome-scale expression flux pathways. Alternatively, lexico-

graphic methods can be used to extract gene–gene interaction on
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Nomenclature

B chronic toxicological effect (biological outcome)
B̄ set of all chronic toxicological effects (biological

outcomes)
B̄

d
set of desired outcomes

B̄
u

set of side-effects (undesired effects)
d number of drug dosages used for inversion
d̄ set containing numbers of drug dosages used for

inversion
D equivalent drug dosage
D̄ set of all equivalent drug dosages
m number of drugs in the optimal drug formulation
n number of genes in the regulatory network for

optimal drug formulation
p number of biological outcomes in optimal drug

formulation
R gene expression change relative to the control state

R̄ set of relative gene expression changes for all genes in
the network

Greek symbols:

a biological risk parameter
b drug potencies
v gene–gene interaction strengths
r maximum allowable risk for the undesired outcome
o pre-determined weights for chronic toxicity risk in

optimal drug formulation
F function used to quantify gene up- or down-regula-

tion risk

Superscripts:

exp experimental data

Fig. 1. Schematic representation of a toxicologic prediction network (TPN)

composed of three layers: Layer I consists of drug nodes, Layer II contains the

gene nodes, Layer III represents the biological outcomes. The interactions between

the nodes are of three types: Type A represent drug–gene interactions, bi,j, Type B

are gene–gene interactions, vi,j, and Type C refer to gene–biological outcome

interactions, ai,j.
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the basis of their statistical significance from literature search
engines (Draghici, 2003). The gene-regulatory network serves as
an input to the TPN, and is therefore not a result of the proposed
methodology. However, it will be shown that the TPN is able to
detect incomplete gene-regulatory networks as discussed in
Section 4.

Each node in this layer, Ri 2 R̄, represents changes in relative
gene expression due to drug exposure of rats. We use subchronic
micro-array data collected after 13 weeks of exposing female
Harlan Sprague–Dawley rats to drugs (Vezina et al., 2004) as well
as chronic data for the same drug dosages available from a 2-year
study published by the National Toxicology Program (2006a–c).
Gene nodes show the changes in gene expression after adminis-
tering a certain drug dose relative to gene expression of control
animals that received no drug. A relative gene expression of unity
means that the drug administration causes no change. Values
below and above unity signify under- and over-expression of the
genes, respectively. Pavlidis template matching (PTM) with
r2
¼ 0.9 was used to identify genes co-expressed in livers of rats

exposed to the toxins. The time course of gene expression was not
accounted for, since all gene expression data were collected after a
fixed amount of time. The inclusion of time-dependent experi-
mental values was limited by the availability of experimental
data. The methodology can be modified to incorporate time-
dependent gene expression data. Toxicity modeling of dynamic
gene expression trajectories can be addressed with dynamic
inversion techniques as described in Tang et al. (2005), but is
beyond the scope of the current work. Fig. 1 depicts a schematic of
gene interaction between eight significant genes.

Layer III (Chronic toxicological effects): The third layer contains
the chronic biological outcome nodes, Bi 2 B̄. Its values measure
the fraction of the rat population affected with a specific
pathological condition. Biological outcome nodes take scalar
values between zero and unity representing percentages of
affected rats. The example of Fig. 1 depicts two chronic biological
effects affected by the terminal genes 8, 9 and 10.

2.2. Network connectivity and information

The edges joining the nodes represent interaction strength
between the nodes. These interactions are of three types: (i)
Drug–gene interactions signify the quantitative impact of the
toxicologically equivalent drug dosage on the relative gene
expression. (ii) Gene interactions measure the differential gene
expression change of genes that depend on control genes or
belong to the signaling pathway. The control genes are receptors
that display structural affinity for the toxic ligands. (iii) Gene–
biological outcome interactions quantify the effect of the terminal
genes on the chronic toxicity.

The aim of the proposed TPN is to determine the network edge
strengths with data from different sources and time scales. Thus,
the TPN aims at quantifying the gene dependency and signaling
pathways responsible for hepatotoxicity. The heterogeneity of
information makes necessary a set of three logical connectivity
rules described next:

Rule 1. Drug– gene interactions: In the top layer, control genes
with structural affinity to the ligands respond to drug dosages. For
the example in Fig. 1, genes 3 and 4 are affected by drugs 1 and 2.
Their relative expression, Rj, depends on drug dosage, Di, and the
drug potency parameter, bi,j, as shown in

Rj ¼
Y

i

ð1þ DiÞ
bi;j 8Rj linked_to Di (1)

This expression safeguards the positive definiteness of Rj as well
as a value of unity for the control dosage of, Di ¼ 0, meaning that

no drug is administered to control animals. The unknown drug
potency appears in the exponent, making the TPN a nonlinear

function of dosage, in general.

Rule 2. Gene interactions: Most genes belong to the gene-
regulatory cascade in which their expression levels are controlled
by upstream regulatory genes. The relative expression of these
nodes varies as a function of the differential expression of the
regulatory genes controlling them. For example, in Fig. 1, genes 7,
8, 9 and 10 belong to the signaling pathway of control gene 4. The
gain of the regulatory genes is postulated to be additive and linear.
Regulatory genes can both up- or down-regulate gene expression,
depending on the sign of the gene– gene interaction parameter, vi,j.
The gene–gene interaction is modeled by evaluating relative
expressions of the target genes as linear combinations of relative
expressions of the regulating genes. The gene–gene interactions,
vi,j, are described mathematically in

Rj ¼
Y

i

vi;jRi 8Rj linked_to Ri (2)

Mixed drug and gene interactions: The relative expression of some
genes may also be receptive to both drug dosage as well as
regulatory genes. The relative expressions of these hybrid genes
are functions of both drug dosage and expression level of the
upstream regulatory genes, as for example for gene 5 of Fig. 1.
Thus, Eq. (3) models these mixed dependencies as a combination
of drug dosage and gene regulation

Ri ¼
Y

j

ð1þ DjÞ
bj;i

X
k

vk;iRk

8Ri : ðRi linked_to DjÞ ^ ðRi linked_to RkÞ (3)

Rule 3. Gene– biological outcome interactions: Chronic toxicity is
reported as incidences of test animals affected by various
neoplastic and non-neoplastic responses. By subchronic exposure
we mean drug exposure of rats over a period of 13 weeks.
Typically, chronic toxicity measures the percentage of rats
affected with specific toxicological outcomes after 2 years. The
long-term effects imply systemic toxicity because the entire
organism of the test rats is affected. These fractions can also be
interpreted as the risk associated with a drug at the current
dosage. The biological exposure risk is causally correlated to
over- or under-expression of differentially expressed hepatic
genes. We propose to use the risk function in Eq. (4) to
quantify the risk associated with up- or down-regulation of a
connected gene:

FðRj;aÞ ¼
Ra

j 0oRjp1; aX0 gene j down-regulated

R�aj Rj41; aX0 gene j up-regulated

(
(4)

The input, Rj, is the relative expression value of the upstream gene
j and hence is always positive. As long as the biological risk

parameter a is positive, the function in Eq. (4) will always be
bounded between zero and unity. For biological outcomes
controlled by multiple terminal genes, the product of risk
functions has to be taken, as in

Bj ¼ 1�
Y

i

FðRi;ai;jÞ 8Bj linked_to Ri (5)

2.3. The control state

The gene expression level of control animals not exposed to the
drugs sets the reference state. This reference state is needed to
define differential gene expression of animals to which the drug
dosages are administered. For consistency, the predicted gene
expressions must be unity for zero drug dosage. This condition
enforces additional constraints on the gene–gene interactions, vi,j,
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