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ABSTRACT: Monitoring of gene expression was used to generate hypotheses about gene regulatory networks in the
liver. Due to the large number of possible interaction partners the selection of relevant nodes of the network was the
crucial step of data analysis. This selection was performed by filtering differentially expressed genes at different
sampling time points. The arcs of the network were revealed by the NetGenerator algorithm that minimized both, the
model fit error and the number of non zero model parameters under the restriction of available biological knowledge.
The reverse engineering approach is applied to elucidate the signaling pathway in liver cells which is responsible for
spatial organization of the liver, in particular the different physiological patterns in periportally and pericentrally located
hepatozytes.
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INTRODUCTION

The liver is the main organ of intermediate metabolism with regulatory, detoxifying and metabolic functions. For
example, components of food, such as carbohydrates, proteins and lipids, are metabolized in the liver to generate energy
(ATP) and are broken down into smaller molecules, such as amino acids, ammonia, urea, CO, and water. Other
physiological important proteins, such as albumin, are synthesized in the liver. Xenobiotics, such as drugs, alcohol or
coffein are detoxified. The liver mainly consists of hepatocytes (80 % of the liver volume). The hepatocytes are
arranged in a spatial organization, which results in a periportal and a pericentral location, i.e. cells located near to the
portal vein or to the central vein, respectively. Depending on the location of the individual hepatocyte within the liver it
differs in its enzyme/protein expression pattern and metabolic capacity [1]. For instance, glycolysis ( degradation of
glucose) takes place at a higher rate in pericentral hepatocytes, whereas gluconeogenesis (formation of glucose), is
higher in periportal cells. Some enzymatic activities like glutamine synthetase are located only in a small subset of
pericentral hepatocytes surrounding the veins. The spatial organization of the liver cells allows an efficient adaptation of
liver metabolism to the different nutritional requirements of the whole organism at different metabolic states. A
systems biological approach can help to understand the regulation of liver zonation.

Experimental evidence exists that the Wnt/B-catenin signaling pathway plays an important role in the zonation of liver
parenchyma [2]. To elucidate the role of this signaling pathway the gene expression pattern of hepatocytes was
monitored and analyzed by reverse engineering techniques after stimulation by LiCl. LiCl inhibits the glycogen
synthase kinase-33 (GSK3p), a key regulator of the Wnt/B-catenin pathway and induces the glutamine synthetase (GS),
a marker protein of pericentral hepatocytes [3]. The systems biological approach of this study generated hypothetical
regulatory pathways, which can explain the unique expression of GS in pericentral hepatocytes. In addition, the
methodology of data-based modeling and the robustness of the obtained results are discussed.

The Human Genome Project opened the door for a holistic view in molecular medicine and to personalized medicine.
Creating comprehensive models that can predict cellular behaviors are one of the major goals of systems biology [4, 5].
This requires the integration of experimental and computational approaches. The biological information becomes
available by tools of high-throughput quantitative measurements(e.g. DNA sequencing in genomics, DNA arrays in



transcriptomics, gel electrophoresis and mass spectrometric techniques in proteomics, etc. Computer science,
mathematics and statistics are employed to analyze and integrate biological information for deciphering complex
biological systems. The aim is to develop models that allow the description and simulation of these processes on the
basis of experimental data “in silico”. An understanding of gene regulatory networks and signaling pathways can be
complicated by complex experimental set-ups for the identification of protein interactions and quantification.
Mathematical modeling, simulation and data generation is an iterative process by which a hypothesized model is
validated through indirect measurements. In turn the model and simulations can guide further experimental design.

In this paper microarray data were used to elucidate the structure and dynamics of a gene regulatory network.
Representative genes describing the nodes of the network were selected by data filtering and clustering techniques
together with exploitation of biological knowledge. The network structure was identified by a heuristic structure
optimization algorithm.

MATERIAL AND METHODS

The gene expression data of hepatocytes with and without stimulation of LiCl were monitored using Affymetrix
GeneChip Hg-U133A oligonucleotide arrays, which were pre-processed using the ‘affyPLM’ packages of the
Bioconductor Software [6, 7]. The data were plotted as logarithmized (log,) ratios (“log-ratio”) of the expression
intensity of 22283 probesets (in the following called ‘genes’; probesets represent genes or ESTs) at 6 time points 7 (¢ =
0,2,4,8, 12,24 h). Data obtained from cells without LiCl stimulation were subtracted.

Profiles of genes differentially expressed by a fold larger than two, i.e. with an absolute value of a log-ratio greater one
in one or more samples were clustered according to the temporal allocation of the extremum. Networks of interactions
between genes representing gene clusters were obtained and optimized using a heuristic Network Generation Method
recently published [8] and implemented in MATLAB.

RESULTS
CLUSTERING OF GENE EXPRESSION PROFILES

A subset of 662 genes was found to be differentially expressed by a fold greater two in one or more samples, i.e. the
absolute value of log-ratio surpasses 1 at least at one time point. The profiles of the differentially expressed genes were
clustered according to the temporal allocation of the minimum or maximum. As the result 10 different clusters were
identified as shown in Figure 1. Table I shows the number of genes (N) belonging to a cluster as well as a representative

gene.
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Fig. 1: Result of the clustering according to the temporal allocation of the minimum or maximum: Mean
normalized gene expression profiles with standard deviation averaged over the N genes for the respective
cluster (Table 1)



c T E N 1D Symbol Description
1 2h + 2 201289 at CYR61 cysteine-rich, angiogenic inducer, 61
2 4h + 10 209774 x at CXCL2  chemokine (C-X-C motif) ligand 2
3 8h + 12 204731 at TGFBR3  transforming growth factor, beta receptor II1
4 12h + 51 209610 s at SLC1A4  solute carrier family 1 (glutamate/neutral amino acid transp.)
5 24h  + 27 202859 x at ILS8 interleukin 8
6 2h - 8 203739 at ZNF217  zinc finger protein 217
7 4h - 28 202948 at IL1R1 interleukin 1 receptor, type |
8 8h - 23 218146 at AD-017  glycosyltransferase AD-017
9 12h - 31 201092 at RBBP7 retinoblastoma binding protein 7
10 24h - 524 208407 s at CTNNDI catenin (cadherin-associated protein), delta 1

Table I:. Number (N) of genes belonging to cluster ¢ and characterized by the allocation time 7 of the extremum £. +/-
denotes the maximum or minimum. In addition selected representative gene (Probeset ID, Symbol, Description) are
given.

NETWORK STRUCTURE OPTIMIZATION FOR DYNAMIC MODELLING

The response of hepatocytes after the stimulation with LiCl was simulated by dynamic models using the results of the
cluster analysis. The resulting network structure (Figure 2) was optimized using the NetGenerator algorithm [8]. This
reverse engineering algorithm minimized the mean square error of the model fit of the gene expression data as well as
the number of non-zero parameters of the linear differential equation system. The maximum dynamic order R; for each
measured variable was set to three (allowing up to two additional delay elements per measured variable). The maximum
allowed error for the model fit to the measured and pre-processed log-ratios was set to one (corresponding a minimum
fold change two). A linear differential equation system (1) was developed to simulate the kinetic profiles (Figure 3).
Table II shows the model parameters identified by model fit. The general model structure (1) involved 10 sub-models of
the dynamic order R;. For the expression kinetics of two of the 10 selected genes the dynamic order of 3 were used
whereas for the other eight genes the dynamic order of one was found to be sufficient. Eight gene-to-gene interactions
were found (w;; >0).For five of them the gene AD-017 was the source.
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MODEL VALIDATION

To validate the received network model, normally distributed noise with the mean zero and several standard deviations
o=10.05,0.20 and 0.30 were added to the measured and pre-processed log-ratios and the model was reconstructed 1000
times. A gene-gene interaction w;; or stimulus response component b; was accepted as part of the network, if it occurred
in at least 90 percent of the reconstructed models (Figure 2, Table II column ‘valid’). Four of the eight gene-to-gene
interactions could not be validated.



Fig. 2. Network structure of the dynamic model identified by the NetGenerator algorithm [8] using the
expression profiles of the cluster representative genes (Fig. 3). The arrows represent stimuli or activations. The
T-shaped links (L) represent inhibitions or repressions. Thick, medium and thin lines indicate a robust gene-to-
gene interaction occurring in at least 90% of the models reconstructed from randomly disturbed input data with
standard deviations of o= 0.30, 0.20 and 0.05, respectively. The dashed lines represent interactions which were

not validated by bootstrap analysis. White nodes for AD-017 and IL8 denote that for these genes the self-
regulation parameters are zero.
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Fig. 3 Gene expression profiles of representative genes of the clusters. Measured data (e) and kinetics
(continuous lines) simulated by the network model shown in Figure 2 as well as formulated in eq.(1) with the
parameters listed in Table II



Target i Source
i Symbol bi valid Wi Ri ] Symbol Wi valid
D;ineq. (1)

1 CYR61 +8.149 * -0.855 1 8 AD-017 +1.310 **
2 CXCL2 +3.169 *** -0.287 1 9 RBBP7 +0.724 -
3 TGFBR3 +0.299 *x* -0.536 3 7 ILIRI -0.146 -
4 SLCIA4 -2.150 * -0.443 1 8 AD-017 -0.821 *
5 ILS +1.206 ** 1 8 AD-017 +0.254 **
6 ZNF217 -300.8 *** -3.692 3 8 AD-017 -22.05 **
7 ILIRI -3.039 - -0413 1 8 AD-017 -0.403 -
8 AD-017 -0.955 1 10 CTNNDI -0.0968 *
9 RBBP7 -0.872 * -0.194 1 - - - -
10 CTNNDI -0.426 Fxx -0.097 1 - - - -

Tab. II: Parameters of the model equation (see (1)): The external stimulus response vector is given by b, the self-
regulation parameters w;; and the dynamic order R; of the target gene i as well as the interaction matrix component w;;
that quantifies the influence of source gene j on the target gene i. The asteriks in the column ‘valid’ represent the model
validation result (interactions confirmed for several standard deviations o of randomized data: o= 0.05: *, 0.20: **,
and 0.30: ***)

DISCUSSION

Hypotheses about the signaling pathways after LiCl stimulation of liver cells were generated by clustering and network
reconstruction from gene expression data. The biological relevance of the reconstructed network has to be discussed
critically. The majority (86 %) of differentially expressed genes were found to be at least initially down-regulated after
LiClI stimulation (614 of 716 differentially expressed genes belong to the clusters 6 - 10). The gene expression profiles
of 524 genes (84 %) are monotonically decreasing up to the end of observation, i.e. over 24 hours. Thus, a more general
repressive influence of LiCl seems to superpose the specific influence on the Wnt/B-catenin pathway of interest.
Nevertheless, 102 genes are at least initially up-regulated, the majority (87, i.e. 85%) of them have an increasing
kinetics up to 12 hours or more. One of the genes characterized by a monotonically increasing expression profile is
coding for Interleukin 8 (IL8), which is known to be activated by B-catenin [9]. Only 2 genes (CYR6! - ‘cysteine-rich,
angiogenic inducer, 61 and CTGF — ‘connective tissue growth factor’) have an early temporal expression maximum
already 2 hours after stimulation. It has been reported that CYR6/ can activate the Wnt/B-catenin pathway by interaction
with GSK3p [10]. The latter is inactivated by LiCl. Thus, the increase in the expression of CYR61 and /L8 corresponds
with the stimulation of the Wnt/p-catenin pathway. The studied gene expression data alone are insufficient to reveal the
causality and underlying mechanisms of the interaction between LiCl, CYR61, ILS, the Wnt/B-catenin pathway and the
Glutamine synthethase (GS), the marker enzyme of liver zonation and heterogeneity. By bootstrapping with a
disturbance that simulates the measurement error the direct responses of LiCl on 8§ of the 10 clusters were confirmed.
With o= 0.30 only the LiCl induced inactivations of AD-017, ZNF217 and CTNNDI and the activations of CXCL2 and
TGFBR3 were identified as robust. According to the network model the cluster represented by AD-017 seems to play a
central role. The activation role of this cluster on CYR61 and the inactivation of the cluster represented by ZNF217 by
AD-017 were validated using randomized data with the standard deviation o = 0.2. However, the direct stimulation of
CYR61 by LiCl could not be validated by the bootstrap analysis with the standard deviation o= 0.2. Some of the data
visualized by the reconstructed network might describe side effects of the LiCl stimulation, not involved in the
heterogeneity of hepatocyte gene expression. The crucial point of the data-driven reverse engineering approach used is
the selection of the biological correct cluster and the corresponding representative gene. In addition, some genes may be
considered as network nodes as well. Thus, it was tested if a correlation of the 716 differentially expressed genes and
the Wnt/B-catenin pathway are reported in literature. After reducing the cut-off for the identification of differentially
expressed genes from the commonly accepted fold 2 as used in the present study to 1.62 (justified by estimation of the
measurement error and biological variance) a larger number of differentially expressed genes was found including such



genes which are known to be involved in the activation of the Wnt/B-catenin pathway. This data- and knowledge-driven
approach to signaling pathway reconstruction will be presented in a forthcomming paper [3].
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