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Systematic study of cell signaling networks increasingly
involves high throughput proteomics, transcriptional pro-
filing, and automated literature mining with the aim of
assembling large scale interaction networks. In contrast,
functional analysis of cell signaling usually focuses on a
much smaller sets of proteins and eschews computation
but focuses directly on cellular responses to environment
and perturbation. We sought to combine these two tradi-
tions by collecting cell response measures on a reason-
ably large scale and then attempting to infer differences in
network topology between two cell types. Human hepa-
tocytes and hepatocellular carcinoma cell lines were ex-
posed to inducers of inflammation, innate immunity, and
proliferation in the presence and absence of small mole-
cule drugs, and multiplex biochemical measurement was
then performed on intra- and extracellular signaling
molecules. We uncovered major differences between
primary and transformed hepatocytes with respect to
the engagement of toll-like receptor and NF-�B-
dependent secretion of chemokines and cytokines that
prime and attract immune cells. Overall, our results
serve as a proof of principle for an approach to network
analysis that is systematic, comparative, and biochemi-
cally focused. More specifically, our data support the hy-
pothesis that hepatocellular carcinoma cells down-regu-
late normal inflammatory and immune responses to avoid
immune editing. Molecular & Cellular Proteomics 9:
1849–1865, 2010.

The development of high throughput methods for detecting
genetic and physical interactions among genes and proteins
has stimulated interest in methods to infer functional relation-
ships among them and thereby assemble large biological

“networks”. These networks are typically represented as
node-edge graphs with macromolecules as nodes and inter-
actions as edges (or vertices; Refs. 1 and 2). Protein interac-
tion networks (PINs1 or interactomes; Refs. 1, 3, and 4) are
typically deduced directly from systematic two-hybrid (5–7)
and affinity purification-mass spectrometry data (8–12) and
can encompass the entire proteome. In PINs, edges are un-
directed (lines rather than arrows) and unsigned (lacking pos-
itive or negative labels). Thus, they do not encode substrate-
product relationships or specify whether interactions are
inhibitory or activating (1). In contrast, edges in protein sig-
naling networks (PSNs) are usually assembled from literature
data using manual or automated curation and have direction-
ality and sign. PINs and PSNs often incorporate diverse data
from multiple cell types and even different organisms (13, 14).
This increases the scope of a network but obscures differ-
ences from one cell type to the next despite the obvious value
of such comparative insight.

Potentially valuable comparative data are available in the
form of transcriptional profiles (15, 16), disease genotypes
(17, 18), phosphoproteomic profiles (12, 19), or RNAi screen-
ing data (20–22), and many groups are attempting to add this
information to PINs to create networks specific to particular
cell types or cell states (23–28). In this study, we undertook a
complementary approach in which we started with “func-
tional” data characterizing the responses of cells to biological
ligands and small molecule drugs and then used inference
methods to assemble a network. We exposed primary human
hepatocytes and HepG2 liver cancer cells to one of seven
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growth factors or cytokines in the presence or absence of
seven small molecule kinase inhibitors and then measured the
levels or states of modification of 17 intracellular proteins or
50 secreted peptides using automated sandwich affinity as-
says. This yielded a set of �26,000 protein state measure-
ments from which interaction graphs could be inferred using
multilinear regression (MLR). The resulting graphs directly
compare immediate-early signaling downstream of seven
transmembrane receptors in normal and transformed liver
cells.

Hepatocytes were chosen for comparative pathway analy-
sis of receptor-mediated signaling because liver homeostasis
is known to be controlled by endocrine, paracrine, and auto-
crine ligands that coordinate the fates and functions of mul-
tiple cell types (29, 30) including Kupffer cells (specialized
liver-resident macrophages), other nonparenchymal cells, and
hepatocytes themselves. Data on responses to and secretion
of cytokines by hepatocytes are therefore expected to be
physiologically informative. The liver is the primary organ in
which mammals metabolize nutrients, environmental toxins,
and drugs. The liver also plays a critical role in inflammation
and innate immunity (29). During the acute phase response,
for example, leukocytes recruited to distant sites of inflam-
mation secrete interleukins into the blood, and these interleu-
kins induce the production of acute phase proteins by the liver
(31). Many acute phase proteins directly inhibit microbe
growth or, like C-reactive protein, promote microbe opsoniza-
tion and subsequent phagocytosis (31). Liver cells also ex-
press receptors that mediate local inflammatory and innate
immune responses (32). Toll-like receptors (TLRs), for exam-
ple, are expressed on hepatocytes, Kupffer cells, and other
nonparenchymal cells where they detect antigens commonly
associated with infection (e.g. lipopolysaccharide (32)).

Many signal transduction proteins involved in liver biology
and HCC have been characterized (e.g. the IL1R, vascular
endothelial growth factor A (VEGFA), TLR receptors, and
NF-�B and JNK signaling proteins (33–40)), and it has been
determined that several broadly expressed cytokines have
unusual functions in the liver. Tumor necrosis factor-� (TNF�),
for example, is involved in hepatic regeneration, regrowth of
an injured liver that takes place following loss of up to 75% of
organ mass (41). Chronic inflammatory signaling is observed
in many liver diseases and is known to cause progressive
cellular transformation and ultimately hepatocellular carci-
noma (42). Nonetheless, how diverse signaling proteins are
coordinated in normal and diseased liver cells remains poorly
understood. Partly as a consequence, HCC has proven diffi-
cult to target with existing chemotherapies (43) and remains
the third most common cause of cancer death in humans (44).
Thus, better understanding of changes in signaling networks
that accompany the development of HCC should impact hu-
man health.

Whereas transcriptional data can be collected on a ge-
nome-wide scale, this is not possible for data on protein levels

and modifications: sandwich immune methods such as the
xMAP assays used here (45) are limited to �100 analytes
(although this can be increased to �400 analytes using re-
verse phase arrays (46–50)). However, immune detection
works well with many samples and is sufficiently rapid and
sensitive, thus making it practical to perform multiplex assays
on primary human tissue at multiple points in time, across
multiple ligands, and in the presence or absence of multiple
small molecule drugs (this is not yet feasible using phospho-
mass spectrometry, which tends to provide data on many
analytes under fewer conditions). A key question at the outset
of this work was whether biochemical data collectable using
existing high throughput biochemical methods would yield
useful network insight and uncover interesting new biology.
The answer appears to be yes. Comparative regression anal-
ysis reveals widespread differences between normal and
transformed hepatocytes including up-regulation of prosur-
vival pathways in tumor cells and unexpected down-regula-
tion of inflammatory, TLR-, and NF-�B-mediated signaling
(51, 52). These changes are common to all four liver cancer
cell lines examined and appear to reflect general disruption of
innate immunity in tumor cells relative to normal hepatocytes.

EXPERIMENTAL PROCEDURES

Cell Culture and Signaling Experiments

HepG2 and Hep3B cells were purchased from ATCC, HuH7 and
FOCUS were obtained from J. Wands (Brown University), and fresh
primary human hepatocytes were purchased from CellzDirect (Re-
search Triangle Park, NC). Cell lines were passaged up to five times
in Eagle’s minimum essential medium supplemented with 10% se-
rum; preplated primary hepatocytes were used immediately. Assays
were performed on cells in 96-well plates coated with collagen type I
(BD Biosciences) with 100 �l of phenol-free Williams’ medium E
(Sigma-Aldrich) supplemented with 1.0 mM L-glutamine (Invitrogen),
100 nM dexamethasone (Sigma-Aldrich), 5 �g/ml human insulin (Sig-
ma-Aldrich), 5 �g/ml transferrin from human serum (Roche Applied
Science), and 5 �g/ml sodium selenite (Sigma-Aldrich). Cells were
cultured overnight on collagen, starved for 6 h in 180 �l of Williams’
medium E with L-glutamine and dexamethasone, and exposed to
kinase inhibitors and ligand cues (prepared as 20� concentration
stock solutions). Supernatants were collected and stored in the pres-
ence of 0.5% (w/v) BSA, and cells were lysed in 90 �l of manufac-
turer’s buffer (Bio-Rad), and total protein concentrations were quan-
tified using a micro-BCA assay (Pierce). To minimize experimental
variability, samples were processed in parallel, and the same batches
of cytokines, inhibitors, and assay reagents were used throughout.

xMAP Assays

Multiplexed x-MAP assays were performed on a Luminex 200
system using reagents from Bio-Rad (see Fig. 1). A 17-plex phospho-
protein bead set from Bio-Rad was used to assay phospho-p70S6K
(p-p70S6K) (Thr-421/Ser-424), p-CREB (Ser-133), p-p90RSK (Thr-
359/Ser-363), p38 (Thr-180/Tyr-182), p-MEK1 (Ser-217/Ser-221), p-
JNK (Thr-183/Tyr-185), p-Hsp27 (Ser-78), p-ERK1/2 (Thr-202/Tyr-
204 and Thr-185/Tyr-187), p-c-Jun (Ser-63), p-insulin receptor
substrate-1 (IRS-1) (Ser-636/Ser-639), p-STAT3 (Tyr-705), p-I�B-�
(Ser-32/Ser-36), p-histone H3 (Ser-10), p-p53 (Ser-15), p-GSK-3�/�
(Ser-21/Ser-9), and p-Akt (Ser-473). Levels of secreted cytokines
were assayed using two sets of Bio-Rad cytokine detection panels:
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the human group I 27-plex panel and group II 23-plex panel
(supplemental Fig. 1). Significant effort was devoted to maximizing
the number of measurements that could be obtained from each
sample of cells: a 96-well plate assayed for 17 phosphoproteins and
50 cytokines yielded �6500 measurements. A significant issue for the
phosphoprotein xMAP assay was large differences in the levels of
various species combined with the fixed dynamic range of the Lumi-
nex 200 photomultiplier tube (low abundance phosphoproteins in-
cluded p-p38, p-p53, and p-p90RSK, and high abundance signals
included p-c-Jun and p-Hsp27). It was necessary to assay different
dilutions of cell extract to bring all 17 signals into the linear range of
detection.

Data Processing and Multilinear Regression

Primary data were processed and visualized (see also Fig. 2) using
the open access MATLAB-based software DataRail (53). Initial path-
way maps (see also Fig. 1 and supplemental Fig. 2) were constructed
using software and data provided by Ingenuity Systems. For MLR
(Fig. 3), data were normalized to the maximum value for each variable
across all cell types. To prevent noise from distorting results when
measured values were close to the lower detection limit of the Lumi-
nex 200 device (1 of 17 intracellular assays and 29 of 50 extracellular
assays for the full data set: STAT6; VCAM1; TNFSF10; LTA;
CLEC11A; KITLG; NGF; CCL7; CCL11; CCL27; LIF; HGF; interleukins
2–5, 7, 9, 10, 12, 13, and 16–19; IL1A, IL2RA, INFA2, PDGFB, and
INFG) were normalized to a value 3 times the noise level of the
instrument (�3 � 166) as determined by taking the standard deviation
from repeated measurements of untreated controls.

Time-dependent measurements in the original data (see Fig. 3a,
first panel) were averaged to create a time-collapsed matrix (Fig. 3a,
second panel, Yexp), which is an m � k matrix of m number of
dependent variables (total phosphorylation activity) under k condi-
tions. In this study, k � 64 ((7 ligands � 1 control) � (7 kinase
inhibitors �1 control)). In the first step, Yexp was constructed to ignore
the effects of the inhibitors, thereby making the regression overde-
termined and robust; thus, Yexp was deconvolved into a cue-re-
gressed matrix (see Fig. 3a, third panel, WCue�XCue) where XCue

corresponds to the presence (�1) or absence (�0) of stimuli and
WCue corresponds to an n � m coefficient matrix where n is the
number of stimuli (independent variables). The residual between the
Yexp and the cue-regressed matrix (Yexp � WCue�XCue) carries infor-
mation on the effects of inhibitors and was modeled in a second
round of MLR using an inhibitor-regressed matrix, WInh�XInh where
XInh corresponds to the presence (�1) or absence (�0) of inhibitors
and Winh corresponds to a coefficient matrix with the effects of the
inhibitors (see Fig. 3a, fourth panel, WInh�XInh). A substantial fraction
of the information in the data set was captured through that second
step procedure, and the Akaike information criterion (54) dropped
from 3.0 (first step) to �46.6 (second step). The residual YRes (see Fig.
3a, fifth panel) represents data that were not captured by either the
first or second step of MLR (Yexp � WCue�XCue � WInh�XInh) presum-
ably because they do not conform to our assumption of linearity. The
information remaining after two rounds of regression represents the
context-specific effects of kinase inhibitors, that is, whether an inhib-
itor is more or less potent in cells stimulated with one ligand as
opposed to another. MLR was also applied to cytokine data by letting
phosphoprotein levels constitute the X matrix and cytokine levels
constitute the Y matrix; in this case, only a single regression step was
required because information on the effects of inhibitors is implicitly
“encoded” by the activities of intracellular signals (see supplemen-
tal Fig. 3 for cross-validation analysis). The computational demands
of the MLR approach were minimal.

Reagents

Ligand Cues—TNF�, insulin-like growth factor-1 (IGF-1), and trans-
forming growth factor (TGF) �1 were obtained from PeproTech; li-
popolysaccharide (LPS) and interleukin (IL)-6 were from Sigma-Al-
drich; IL1� and TGF� were from R&D Systems; and interferon-�
(IFN�) was from Roche Diagnostics GmbH. Other than LPS, TLR
ligands were obtained from InvivoGen as follows: Pam3CSK4 for
TLR1/2, HKLM for TLR2, poly(I-C) for TLR3; Salmonella typhimurium
flagellin for TLR5, FSL1-Pam2CGDPKHPKSF for TLR6/2, imiquimod
for TLR7, ssRNA40 for TLR8, and ODN2006 for TLR9.

Kinase Inhibitors—Inhibitors for IKK2 (BMS-345541, IMD0354, and
TPCA-1), phosphatidylinositol 3-kinase (ZSTK474), GSK3� (inhibitor
XI), JNK (SP600125), and mammalian target of rapamycin (rapamycin)
were purchased from Calbiochem. Inhibitors for p38 (PHA818637)
and MEK (PD325901) were kindly provided by Pfizer Pharmaceuti-
cals. To minimize off-target effects (55), kinase inhibitors were used at
concentrations sufficient to inhibit 90% of the phosphorylation of the
nominal target as determined by dose-response assays on HepG2
cells (for p38, MEK, IKK, and phosphatidylinositol 3-kinase inhibitors;
supplemental Fig. 4) or as obtained from the literature (mammalian
target of rapamycin and GSK3 inhibitors (56, 57)). Unless noted
otherwise, drug concentrations were as follows: BMS-345541 at 10
�M; ZSTK474 at 2 �M, inhibitor XI at 0.5 �M, SP600125 at 15 �M,
rapamycin at 100 nM, PHA818637 at 10 nM, and PD325901 at 5 nM.

Reliability of Signaling Data and Derived Maps

Two issues arise when comparing established cell lines with donor-
derived primary cells: (i) experiment-experiment and donor-donor
variability and (ii) the purity of the primary cell preparations. To ad-
dress the first issue, replicated assays of HepG2 cells from different
passages and of primary hepatocytes from different donors were
compared (supplemental Fig. 5). The coefficient of variation for re-
peated xMAP measurement of the same set of lysates (technical
replicates) was found to be ��8%, and data from different HepG2
passages correlated with R2 �0.9. Data from different hepatocyte
donors correlated with R2 �0.8, indicating good donor-to-donor re-
peatability. As expected, greater variation was observed among pri-
mary cells than among different passages of a tumor cell line because
of differences in lifestyle and genetic backgrounds of primary human
cell donors. However, in those cases in which data overlapped pre-
viously published results (e.g. LPS-induced TLR signaling), our data
were in agreement with previous findings (58–60). Overall, we con-
clude that xMAP assays were highly reproducible and that hepato-
cytes from different donors were quite similar (61) at least with respect
to the top �50% of the regression weights from MLR that were the
focus of the current study. It is likely that weaker interactions are more
variable from donor to donor, although we do not have enough data
to draw any firm conclusions on this point. Importantly, however, the
differences between HCC and primary cells that were the focus of this
study were highly significant no matter which hepatocyte sample or
HepG2 passage was used for the analysis.

To assess the purity of hepatocyte preparations, we used flow
cytometry as described previously (62) with biomarkers specific for
hepatocytes, bile epithelial cells, liver endothelial cells, Kupffer cells,
and stellate cells (see supplemental Fig. 6a for additional details).
Reanalysis of these hepatocyte preparations by flow cytometry
showed levels of contaminating cells to be very low: �0.5% for
Kupffer cells and even less for stellate and bile epithelial cells. How-
ever, Kupffer cells express high levels of TLR and inflammatory re-
ceptors and are very active in secretion so that even a small propor-
tion could conceivably make a noticeable contribution to measured
cytokines levels. To ensure that the presence of a few Kupffer cells
was not a confounding factor in our data, we assayed explicitly for
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responses characteristic of Kupffer cells: induced secretion of TNF�,
IL1�, and IL10 by LPS or IFN� (63–68). In LPS- or IFN�-treated
hepatocytes from three different donors, levels of TNF�, IL1�, and
IL10 were no more than �2-fold above background and at least
50-fold below the levels observed in experiments with U937 macro-
phages (included as a positive control; supplemental Fig. 6b). Thus,
we conclude that contamination of hepatocytes by nonparenchymal
cells is unlikely to contribute appreciably to the cytokine measure-
ments in the data set.

Availability of Data

The full data set is available at http://www.cdpcenter.org/resources/
data/alexopoulos-et-al-2009/. as spreadsheets in MIDAS format (53)
that can be directly loaded, processed, and visualized in DataRail or
other software tools. Data can be downloaded as supplemen-
tal material and are available upon request. Subsets of these data have
previously been made available as part of the network inference chal-
lenges for the Dialogue on Reverse Engineering Assessments and
Methods (DREAM), and these data sets are also available upon request.

We describe the precise relationships among these various data sets
and the complete set of data provided in this study in sup-
plemental Table 1.

RESULTS

Constructing Networks of Receptor-mediated Signaling in
Primary and Transformed Hepatocytes—To obtain functional
data on multiple signaling pathways in liver, we exposed cells
to seven extracellular ligand “cues”: two mediators of the
acute phase response, TNF� and IL6 (31); the TLR4 agonist
LPS (30); two general inflammatory factors active in liver, IL1�

and IFN� (29); and two mitogenic factors, IGF-1 (69) and the
ErbB1/2 ligand TGF� (30) (Fig. 1, supplemental Fig. 1, and
Table I). Data were also collected from pathways under states
of perturbation by pretreating cells with one of seven small
molecule kinase inhibitors (at concentrations sufficient to
achieve �90% target inhibition in HepG2 cells; see “Experi-
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FIG. 1. Experimental approach. The outline of the experimental approach shows identities of ligand cues and their receptors, intracellular
signals assayed using xMAP technology, seven small molecule kinase inhibitors, and 50 secreted cytokines whose levels constituted
responses. See Table I and supplemental Tables 2 and 3 for further details.

TABLE I
Identities and biological roles of ligand cues used to create data compendium

LSECs, Liver sinusoid endothelial cells.

Name Concentration Secreted by Biological effects

TNF� 10 ng/ml Macrophages, T and B cells, monocytes, NK cells Proinflammatory, immune response, acute phase
response

IL6 100 ng/ml Antigen-presenting cells, Th2 cells, macrophages,
Kupffer cells, LSECs

Proinflammatory, B cell maturation, T lymphocyte
activation, acute phase response, insulin resistance

IL1� 100 ng/ml Macrophages, antigen-presenting cells, T and B
cells, monocytes

Proinflammatory, immune response, acute phase
response, T cell and macrophage activation

IGF-1 10 ng/ml Produced in liver Insulin pathway
TGF� 2000 units/ml Many cell types Major autocrine and paracrine regulator in liver

regeneration
IFN� 100 ng/ml NK cells Proinflammatory, stimulates Th1 cells, activates macro-

phages, inhibits Th2 cell differentiation
LPS 100 ng/ml Prototypical endotoxin, major component of

Gram-negative bacteria
Innate immunity via TLR activation
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mental Procedures” and supplemental Fig. 4). Whole-cell ly-
sates were collected at 30 min and 3 h after ligand exposure
to assay the phosphorylation states of intracellular proteins
(“signals”; supplemental Table 2), and cell supernatants were
assayed at 3 and 24 h poststimulus to measure secreted
cytokines (“responses” in the MLR analysis; supplemen-
tal Table 3) using xMAP technology (Luminex Corp., Austin,
TX). These time points were chosen based on preliminary
experiments (performed at six time-points: 0, 15 min, 30 min,
1 h, 3 h, 8 h, and 24 h) in which we looked for the largest
changes in protein modification states.

The choice of which intracellular proteins and cytokines to
assay was governed by prior knowledge of signaling path-
ways in the liver and by the availability of reagents compatible
with multiplex methods. Measurements included levels of ac-
tivating phosphorylation on cytosolic kinases such as Akt,
MEK, and p38; signaling kinase substrates such as Hsp27 (a
Prak2-MK2 target) and CREB (a pP90RSK substrate); and
adaptor proteins such as IRS-1 (Fig. 1, supplemental Fig. 2,
and supplemental Table 2). In total, the data compendium
contained 25,856 data points, representing treatment of hepa-
tocytes and HepG2 with seven ligands (plus one negative con-
trol) with or without seven small molecule drugs (plus a negative
control) followed by single or duplicate assays of 17 intracellular
signals at t � 0, 30 min, and 3 h and of 50 secrete cytokines at
t � 0, 3, and 24 h (Fig. 2 and supplemental Fig. 1). The absence
or poor specificity of some xMAP reagents prevented study of
the transforming growth factor-� and Wnt signaling pathways,
which are known to be important for liver biology (70, 71), but
we intend to add new measurements to the current data set as
reagents and assays improve.

Cell Type-specific Maps Reveal Significant Alteration of
NF-�B and Prosurvival Pathways—Primary data were consoli-
dated and scaled using DataRail software (53) and analyzed by
MLR, a method for determining correlations among multiple
variables (72, 73). Our goal was to uncover the most significant
differences between primary hepatocytes and HepG2 cells us-
ing the simplest methods available. To uncover the effects of
cues and inhibitors on signals, we assumed that n independent
inputs (e.g. cues and inhibitors) correlated linearly with m de-
pendent output variables (e.g. protein phosphostates). Two
types of MLR were performed: (i) one-step MLR involving re-
gression of signals against cytokine levels and (ii) two-step MLR
involving regression of cues and inhibitors against signals (see
“Experimental Procedures,” Fig. 3a, and supplemental Fig. 3).
Two-step regression analysis was performed to ensure that the
analysis was overdetermined. More sophisticated analytical ap-
proaches are possible and would probably uncover additional
differences between cell types, but our cross-validation studies
(supplemental Fig. 3) and a recently published analysis of a
subset of the data presented here (and made publically avail-
able prepublication as part of the DREAM3 competition (74); see
supplemental Table 1) show that MLR performs quite well with
data such as ours (75).

Following MLR, many differences in regression weights
were observed between hepatocytes and HepG2 cells (Fig. 3,
b and c). The weights were used to construct node-edge
graphs using Cytoscape with nodes corresponding to recep-
tors, intracellular signals, or cytokines and line thickness de-
noting regression weights (Fig. 4, a and b). As an aid to
interpretation, we overlaid the top 25% of correlation weights
on a more conventional map of signal transduction prepared
using bibliographic data in Ingenuity Systems IPA (Fig. 5; note
that this representation is simply a different layout of the data
in Fig. 4 but with the regression data added). By depicting the
order of action of ligands, receptors, and signaling proteins,
this view revealed that whereas hepatocytes were highly re-
sponsive to LPS and TNF� HepG2 cells were not. Conversely,
HepG2 cells were responsive to IGF-1, but hepatocytes were
not (for the intracellular signals examined). Some ligands were
active on both cell types (such as IL1� and TGF�), but these
ligands nonetheless gave rise to different patterns of signaling
in the two cell types. Thus, hepatocytes and HCC cells appear
to have extensive differences in the activities and dynamics of
canonical signaling pathways.

We selected a set of edges in the MLR graph with the
greatest differential regression weights between hepatocytes
and HepG2 cells for independent experimental confirmation.
This set corresponded to coordinated IL1�, TNF�, or LPS-
induced secretion of eight cytokines in primary hepatocytes
only; these CCR/CCX chemokines included CCL2 through
CCL5, CXCL1, CXCL10, IL6, and colony-stimulating factor 3
(CSF3, Fig. 6, b and c). These selectively secreted “hepato-
cyte signature set” (HSS) proteins are afferent signals that
stimulate cellular immune responses by Kupffer cells, circu-
lating macrophages, natural killer (NK) cells, and T cells (Table
II). In contrast, ligands associated with antigen-specific im-
munity such as IL2, IL4, IL5, IL12p40, and IL13 were present
at negligible levels (60, 76–78). Release of HSS cytokines
from hepatocytes was blocked by three chemically distinct
IKK inhibitors, BMS-345541, IMD0345 (79), and TPCA1 (79)
(Fig. 7), but secretion of VEGFA, included as a specificity
control, was largely unaffected. Thus, secretion of hepato-
cyte-specific HSS cytokines is dependent on induction of the
canonical NF-�B pathway. Although NF-�B was also acti-
vated in HepG2 cells, this did not result in HSS cytokine
release (see below).

Differences between hepatocytes and HepG2 cells were also
evident in regression weights for factors involved in mitogenesis
and cell survival (Fig. 3, b and c). For example, phosphohistone
H3, p53, and p-Akt were more heavily weighted in HepG2 cells
than hepatocytes (Fig. 3b) as were secreted VEGFA and inter-
cellular adhesion molecule 1 (Fig. 3c). VEGFA is a potent angio-
genic molecule known to be up-regulated in HCC and is tar-
geted by a therapeutic antibody (bevacizumab) currently in
clinical trials for treatment of liver cancer. Intercellular adhesion
molecule 1 has also been implicated in HCC (80). In contrast,
p-c-Jun, p-p38, and p-Hsp27 were more heavily weighted in
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hepatocyte data. Overall then, analysis of signaling data by MLR
uncovered many differences in signaling between HepG2 cells
and hepatocytes with significant up-regulation of progrowth
pathways and dramatic down-regulation of inflammatory and
TLR responses in the former.

Confirming Determinants of Connectivity Inferred by MLR—
The node-edge graphs generated by MLR have some coun-
terintuitive features. For example, phosphorylation of p38 ki-

nase is a typical response of cells to cytokine treatment, and
Hsp27 is an indirect substrate (it is phosphorylated by MK2
and Prak2 kinases, which lie downstream of p38). However,
graphs constructed from hepatocyte data link nodes corre-
sponding to five of six receptors (IL1R, TNF receptor, TLR4,
IL6R, and epidermal growth factor receptor) and to p-Hsp27
but not to p-p38 (Fig. 5a, white star in blue background). In
contrast, in MLR-based graphs for HepG2 cells, IL1R (the only
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strong p-p38 inducer) was linked to p-p38 but not p-Hsp27
(Fig. 5d). p38 phosphorylation was nonetheless required for
Hsp27 phosphorylation in both cell types as evidenced by low
p-Hsp27 levels in cells exposed to the selective p38 inhibitor
PHA818627 prior to cytokine addition (Fig. 2, a and b, column
for p38 inhibitor).

Why is there a difference in connectivity between nodes
corresponding to receptors, p38, and substrates in hepato-
cytes and HepG2 cells? Follow-up experiments revealed that
in HepG2 cells p-p38 levels were high following IL1� stimu-
lation, but p-Hsp27 levels were relatively low, whereas in
hepatocytes slightly lower p-p38 levels gave rise to dramati-
cally higher p-Hsp27 levels (Fig. 8). These differences are
sufficient to explain the observed connectivity and may reflect
unequal phosphatase activity in the two cell types or differ-
ential regulation of the p38-activated MK2 and Prak kinases.
Similarly, a hepatocyte-specific link between p-Hsp27 and
IKK arises because BMS-345541 blocks p-Hsp27 dephos-
phorylation only in hepatocytes, suggesting a cell type-spe-
cific role for IKK in phosphatase regulation (Fig. 8, a and b,
dashed lines) or a differential expression of IKK isotypes
(which are blocked to different degrees by BMS-345541).
These data confirm the logic by which MLR assigns differen-

tial links between receptors p-p38, p-Hsp27, and IKK in hepa-
tocytes and HepG2 cells. They also suggest a set of hypoth-
eses about differential phosphatase regulation in hepatocytes
and HepG2 cells for future study.

Innate Immune Responses and NF-�B Signaling Are Altered
in HCC Cells—As noted above, dramatic differences were
evident between hepatocytes and HepG2s in responsiveness
to LPS, TNF�, and IL1�, particularly with respect to induced
secretion of HSS cytokines (Figs. 5, a and b, and 6, b and c,
compare the relative line weights for edges connecting I�B to
HSS cytokines). Induced secretion of HSS cytokines was
strongly IKK-dependent in hepatocytes (Fig. 7), consistent
with the central role of NF-�B in immune priming (81). Thus,
both hepatocytes and HepG2 cells are active in IKK/NF-�B
signaling (as determined by TNF�- and IL1�-induced phos-
phorylation of I�B Ser-32/Ser-36 sites involved in I�B degra-
dation and NF-�B activation; Fig. 6b), but only hepatocytes
secrete detectable HSS cytokines.

To determine whether the observed defect in LPS-induced
HSS cytokine secretion in HepG2 cells is reflective of a gen-
eral defect in TLR signaling in HCC cell lines, we analyzed
three additional liver cancer cell lines: among these, FOCUS
cells are considered relatively differentiated as compared with

FIG. 4. Node-edge graphs of signal-
ing pathways reconstructed from data
using multilinear regression. Directed
node-edge graph of all cue-to-signal re-
gression weights as visualized using the
program Cytoscape (117) with receptors
(for ligand cues) and signals as nodes.
The thickness of each line is directly pro-
portional to the corresponding regres-
sion weight. Green denotes primary
hepatocytes, and red denotes HepG2
cells.
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HepG2 cells, whereas Hep3B and HuH7 lines represent inter-
mediate degrees of differentiation (52, 82). When FOCUS,
Hep3B, and HuH7 lines were compared with HepG2 cells and
primary hepatocytes across a panel of TLR agonists (Fig. 9),
we observed that whereas primary hepatocytes were broadly
responsive (as assayed by release of HSS cytokines) all four
HCC lines were much less so (Fig. 9). Thus, the lack of HepG2
responsiveness to LPS in the MLR-based network was also
observed in other HCC cell lines for multiple TLR agonists.
Nonetheless, IL1� treatment of Hep3B, HuH7, and FOCUS
cells caused dramatic increases in I�B Ser-32/Ser-36 phos-
phorylation and rapid translocation of NF-�B p65 into the
nucleus, a response also present in HepG2 cells (NF-�B p65
localization was determined by immunofluorescence micros-
copy; Fig. 10, a and b). In addition, Western blotting showed
NF-�B family members p50, p65, p105, and c-Rel to be
expressed in HCC lines at similar, or slightly higher, levels
than in hepatocytes (supplemental Fig. 7). Thus, the absence
of HSS secretion in HCC cells (Fig. 11) does not reflect simple
absence or inactivity of the IKK/NF-�B pathway but rather a
subtle shift in the spectrum of genes induced by NF-�B.

DISCUSSION

Here we describe an approach to reconstructing signaling
networks from biochemical data on cellular responsiveness to
ligands and drugs. Three primary findings emerge from com-
paring immediate-early signaling networks in primary hepato-
cytes and transformed HepG2 cells. First, the degree of cel-
lular responsiveness to a spectrum of growth factors,
inflammatory ligands, and TLR agonists is very different with
primary cells responding more to inflammatory cytokines
such as TNF� and transformed cells responding more to
growth factors such as IGF. Second, even when both cell
types are sensitive to the same ligand (e.g. epidermal growth
factor or IL1�) the extent to which specific immediate-early
signaling pathways are activated is strikingly different. Third,
patterns of induced cytokine secretion, a component of au-
tocrine and paracrine signaling in the liver, are also different
even when a common transcription factor (NF-�B) is involved.
These differences provide new insight into hepatocyte trans-
formation, suggest specific features of TLR-mediated innate
immunity that merit further study in real tumors, and demon-
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strate the utility of reverse engineering biochemical data as a
means to compare signal transduction in diseased and
healthy cells of diverse origin.

Cell Type-specific Protein Signaling Networks—Considerable
effort is currently devoted to reconstructing mammalian meta-
bolic and signaling pathways on a large scale using manual (13,
83, 84) or automated (14) literature mining or high throughput
two-hybrid (5–7), affinity purification-mass spectrometry (8–11),
genetic interaction (85, 86), or RNAi screening data (20–22).
Most of these efforts emphasize integration of data from many
cell types and even multiple organisms as a means to generate
a comprehensive interaction graph for a “prototypical” cell (in-
deed, creating a proteome-wide interaction network is a goal of
the human interactome project (3, 87)). Such approaches sac-
rifice information on differences from one cell type to the next to
achieve maximum scope, but regulatory networks vary signifi-
cantly with cell state and type (88). In this study, we focused on
creating smaller networks that are cell-specific and focused on
the receptor-mediated signaling processes known to play an
important role in oncogenic transformation. Other efforts to
assemble cell-specific networks have involved gene expression
(16, 89), chromatin immunoprecipitin in combination with DNA
microarrays (90), addition of expression data to PINs (27, 91,
92), or use of gene ontology annotations in combination with
interaction data (93). The current work is distinguished from
previous studies in its use of biochemical rather than genetic
data, the inclusions of intracellular and extracellular measure-
ments, and its explicitly comparative measurement of re-
sponses to ligands and drugs. This yields PSNs with lower
connectivity than prototypical PSNs but significantly better pre-
dictivity (94). Despite their small scope, cell-specific biochemical
networks are likely to have significant advantages for understand-
ing disease processes and for studying the properties of signaling
networks from an information-theoretic perspective (95).

Perturbation-rich Rather than Measurement-rich Data Sets—
Pathway reconstruction benefits from as much data as possi-
ble, and this requirement, in combination with a focus on
primary human cells that are available in limited quantities,
mandated our use of microscale immunoassays. However,
such assays are available for only a limited number of proteins;
the Luminex xMAP methods used in the current work permit
�20 phosphoprotein and �50 cytokine measurements per well
of a 96-well plate, a much smaller number of measurements
than would be possible using expression profiling. At the outset
of this work, it was unclear whether such a limited set of mea-
surements would yield useful network inference. Our apparent
success likely reflects the value of data collection across a
spectrum of cell states (exposure to different cytokines), each
perturbed in multiple ways using a panel of kinase inhibitors.
Thus, although the number of data points per state is relatively
small, the number of states is large (�50 per cell line). Moreover,
measurements concentrate on proteins known to be involved in
signal transduction, most of which exhibited significant changes
in state or level across the data set. In contrast, the majority of
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FIG. 6. Hepatocytes, but not HepG2 cells, secrete a “signature
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cyte data. The top 25% of weights (as depicted in Fig. 5, a and b) are
shown in blue; the most significant weights, corresponding to signa-
ture set cytokines, are shown in green. Distributions for all other MLRs
are shown in supplemental Fig. 8. b and c, levels of eight signature set
cytokines in hepatocytes and HepG2 cells (as indicated) at t � 0, 3,
and 24 h following exposure to TNF�, IL1�, or LPS. Phospho-I�B
levels, a measure of IKK activity, are shown above the cytokine data
with color coding as in Fig. 1. Absence of the signature set cytokine
release in HepG2 cells following exposure to TNF�, IL1�, or LPS is
shown by orange shading. VEGFA serves as a control. Norm., nor-
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genes in an expression microarray do not change in response to
a particular biological cue.

Extending the approaches described here should enable
rapid reconstruction of larger and more precise comparative
signaling graphs. Examining ligands in combination, studying
the effects of different extracellular matrices on signaling,
comparing immediate-early and late responses, and comple-
menting small molecule drugs with RNAi all represent direct
extensions of our approach. The availability of appropriate
data will always be a critical issue, but as sensitivity and
throughput improve, it will be possible to supplement immu-
noassays with phosphoprotein SILAC (stable isotope labeling

with amino acids in cell culture) (96) and other mass spec-
trometry methods (12) that yield information on proteins for
which no immune reagents exist. The potential of mass spec-
trometry to reconstruct cell-specific networks has been dem-
onstrated recently for EphB1- and ephrin-B1-expressing cells
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TABLE II
Identities and probable roles of hepatocyte signature set cytokines secreted in NF-�B-dependent manner by hepatocytes but not HepG2 cells

DCs, dendritic cells; RANTES, regulated on activation normal T cell expressed and secreted.

Name Receptor Released by Target cells Liver function

MCP1/ CCL2 CCR2 Many cell types Monocytes, immature DCs Monocyte and lymphocyte
chemotaxis

MIP1�/CCL3 CCR1/CCR5 Kupffer/dendritic
cells, other

Monocytes, immature DCs,
Th1 cells, neutrophils

Innate immunity

MIP1�/CCL4 CCR5 Kupffer/dendritic
cells, other

Macrophage, neutrophils Innate immunity

RANTES/CCL5 CCR1/CCR5 Kupffer/dendritic
cells, other

Monocytes, immature DCs,
Th1 cells

Innate immunity

GRO�/CXCL1 CXCR2 Many cell types Neutrophils Innate immunity
IP10/CXCL10 CXCR3 Many cell types NK cells, Th1 cells Innate immunity
IL6 IL6R Many cell types Hepatocytes Lymphocyte growth, acute

phase response, liver
regeneration

CSF3 CSF3R Macrophages,
other

Granulocyte Recruitment of stem cells
in regeneration
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grown in coculture (19). However, experience to date strongly
suggests that effective network inference will require data
sets involving rich combinations of cell states and perturba-
tions rather than simply collecting more measurements made
under a limited set of conditions. Thus, it will probably be
necessary to adapt existing mass spectrometry methods so
that many samples can be compared even if this entails a
reduction in the number of analytes tracked.

Defects in NF-�B- and TLR-mediated Signaling in HCC Cell
Lines—The largest difference in regression weights between
graphs of hepatocyte and HepG2 cells involves responsive-
ness to inflammatory factors and LPS. A set of eight IKK (and
NF-�B)-dependent cytokines was secreted at a high level by
hepatocytes exposed to TNF�, IL1�, and TLR agonists but
was largely absent in supernatants from similarly treated

HepG2 cells and three other HCC cell lines examined. These
eight coordinately expressed HSS cytokines and chemokines
are principally efferent regulators of immune cells and are
strongly induced by IL1�, TNF�, or LPS, all afferent signals for
primary hepatocytes (Table II). Connections between tumor
and immune cells are myriad and complex (34, 42, 97, 98).
Tumor-associated macrophages, for example, secrete factors
that act as mitogens for cancer cells (99, 100). Suppression of
inflammation (by drugs for example) interferes with tumor
growth under these circumstances. In other cases, immune
cells act in an antioncogenic fashion, apparently by recogniz-
ing and killing transformed cells (101). To survive, tumor cells
must adapt to and avoid such immune surveillance (102–104).
The changes we observed in HCC cells appear to reflect this
latter paradigm: by damping down TLR-induced secretions of
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factors that mobilize and attract immune cells, HCC cells are
presumably able to avoid immune recognition.

Apparent differences in the function of NF-�B in primary
hepatocytes and HCC cell lines are consistent with a broad
and complex literature implicating IKK/NF-�B in liver cancer.
For example, deletion of IKK� in the mouse increases hepa-
tocellular carcinogenesis (39), and this also appears to be true
of IKK� (34); NF-�B itself appears to function as a tumor
promoter (42) and plays an important role in viral induction of
liver cancer (105, 106). Unfortunately, genetic studies in the
mouse have not, as yet, revealed precisely which NF-�B
functions are altered in transformed relative to normal liver
cells. Our data suggest that HCC cells have evolved to
exploit the transforming potential of NF-�B while down-
regulating the NF-�B functions involved in immune activa-
tion. Kupffer cells and other liver-resident macrophages are
tasked with removing apoptotic hepatocytes that are dam-
aged in the course of responding to toxins and infectious
agents (107). To accomplish this, Kupffer cells require prim-
ing, and this depends on cytokines secreted by hepato-
cytes. To become tumorigenic, transformed hepatocytes
almost certainly need to avoid such immune surveillance,
and we speculate that they therefore evolve to reduce se-
cretion of immunostimulatory cytokines, which are repre-
sented in our data by HSS cytokines.

The profound defects in TLR signaling we observed in HCC
cells have not, to our knowledge, been described previously
but are consistent with the hypothesis that innate immunity
plays an important role in suppressing tumorigenesis (102,
108, 109). We do not know precisely why HCC cells are
unresponsive to a wide range of TLR agonists, but RNA levels
for TLR receptor and a set of downstream signaling molecules
appear to be lower in HCC cell lines than in primary hepato-
cytes (as assayed by RT-PCR; supplemental Table 4). How-
ever, low responsiveness to ligands was observed even when
the cognate TLR was expressed at apparently normal levels,
suggesting that other factors must be involved. In addition,
defects in TLR expression cannot of course explain why se-
cretion of HSS cytokine is low in HCC following exposure to
cytokines such as IL1� or TNF�. It might be possible to assay
for reduced TLR expression in primary liver cancers, although
this would require controlling for tumor infiltration by macro-
phages, which express very high levels of TLRs, potentially
masking receptor down-regulation in hepatocytes.

Data Analysis and Network Inference—By emphasizing
functional responses and comparing multiple cell types, this
study describes an experimental approach to reverse engineer-
ing signaling networks that is a significant extension to existing
network inference paradigms. We leverage a relatively limited
set of high throughput biochemical assays by maximizing the
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number of conditions under which assays are performed and
using systematic perturbation (with well characterized small
molecule drugs) to uncover cause-effect relationships among
receptors, intracellular kinases, and cytokine secretion.

Sophisticated computational methods have been devel-
oped to construct gene and protein networks using mutual
information theory (110), Bayesian analysis (111, 112), and
related probabilistic methods. These approaches are neces-
sary with genome-scale expression data in which the number
of measurements is very large but the signal-to-noise ratio is
relatively low. In contrast, our data comprise many fewer
measurements, but the signal-to-noise ratio is good largely
because we use prior knowledge to select combinations of
ligands, drugs, and biochemical assays likely to be informa-
tive. Bayesian network inference has also been used to infer
networks from protein data collected by flow cytometry (113,
114) and micro-Western assays (115). Whereas the flow cy-
tometry data in Sachs et al. (114) involve many independent
single cell measurements across a restricted set of signaling
kinases and the micro-Western data modeled in Ciaccio et al.
(115) involve dense temporal sampling of a restricted set of
receptor-proximal processes, the data in our study cover a
wider range of biological processes from receptor phosphor-
ylation to transcriptional induction. We speculate that with our
data Bayesian inference is less successful (albeit only in pre-
liminary studies) than simpler regression methods because
we sampled networks less densely than Sachs et al. (114) and
Ciaccio et al. (115). Whether this is true should be revealed by
future DREAM (74) competitions: we will continue to provide
data to DREAM with the goal of determining precisely which
inference methods are optimal for reconstructing signaling
networks from different types of cell response data.

We have shown recently that immediate-early signal trans-
duction can effectively be analyzed using logical modeling and
data similar in structure to the data in this study. We assemble
an initial logical model from literature-derived PSNs and then
optimize the model against experimental data. The results are
models that are significantly more predictive than the starting
PSN but 2–3-fold less highly connected (94). Logic-based mod-
eling provides mechanistic insight that is missing from MLR, but
our approach requires some prior knowledge about network
topology; this is largely absent in the case of regulated cytokine
secretion. In the future, we envision hybrid models that combine
logical or probabilistic elements for pathways we seek to rep-
resent in mechanistic detail (particularly early response path-
ways that are well annotated in the literature) and less detailed
regression-based elements for downstream events such as cy-
tokine secretion (for which regulatory mechanisms are less well
understood). However, we emphasize that even the simple re-
gression-based methods applied in this study are sufficient to
uncover widespread differences between immediate-early sig-
naling networks in primary and tumor cells. The two most sig-
nificant differences appear to involve inflammation and innate
immunity. (i) In contrast to primary hepatocytes, HCC cells lack

a robust response to TLR ligands. (ii) NF-�B can be activated in
both hepatocytes and HCC cells by inflammatory cytokines
such as IL1�, but the spectrum of genes induced by NF-�B is
very different in the two types of cells specifically with regard to
cytokines that might induce Kupffer cell priming. In both cases,
we speculate that the changes reflect evolution of HCC cells so
that their abnormality goes unnoticed by Kupffer and other
immune cells.
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Bignell, G. R., Ye, K., Alipaz, J., Bauer, M. J., Beare, D., Butler, A.,
Carter, R. J., Chen, L., Cox, A. J., Edkins, S., Kokko-Gonzales, P. I.,
Gormley, N. A., Grocock, R. J., Haudenschild, C. D., Hims, M. M.,
James, T., Jia, M., Kingsbury, Z., Leroy, C., Marshall, J., Menzies, A.,
Mudie, L. J., Ning, Z., Royce, T., Schulz-Trieglaff, O. B., Spiridou, A.,
Stebbings, L. A., Szajkowski, L., Teague, J., Williamson, D., Chin, L.,
Ross, M. T., Campbell, P. J., Bentley, D. R., Futreal, P. A., and Stratton,
M. R. (2010) A comprehensive catalogue of somatic mutations from a
human cancer genome. Nature 463, 191–196

18. Verhaak, R. G., Hoadley, K. A., Purdom, E., Wang, V., Qi, Y., Wilkerson,
M. D., Miller, C. R., Ding, L., Golub, T., Mesirov, J. P., Alexe, G.,
Lawrence, M., O’Kelly, M., Tamayo, P., Weir, B. A., Gabriel, S., Winckler,
W., Gupta, S., Jakkula, L., Feiler, H. S., Hodgson, J. G., James, C. D.,
Sarkaria, J. N., Brennan, C., Kahn, A., Spellman, P. T., Wilson, R. K.,
Speed, T. P., Gray, J. W., Meyerson, M., Getz, G., Perou, C. M., and
Hayes, D. N.; Cancer Genome Atlas Research Network (2010) Inte-
grated genomic analysis identifies clinically relevant subtypes of glio-
blastoma characterized by abnormalities in PDGFRA, IDH1, EGFR, and

NF1. Cancer Cell 17, 98–110
19. Jørgensen, C., Sherman, A., Chen, G. I., Pasculescu, A., Poliakov, A.,

Hsiung, M., Larsen, B., Wilkinson, D. G., Linding, R., and Pawson, T.
(2009) Cell-specific information processing in segregating populations
of Eph receptor ephrin-expressing cells. Science 326, 1502–1509

20. Ashrafi, K., Chang, F. Y., Watts, J. L., Fraser, A. G., Kamath, R. S.,
Ahringer, J., and Ruvkun, G. (2003) Genome-wide RNAi analysis of
Caenorhabditis elegans fat regulatory genes. Nature 421, 268–272

21. Friedman, A., and Perrimon, N. (2007) Genetic screening for signal trans-
duction in the era of network biology. Cell 128, 225–231

22. Lehner, B., Crombie, C., Tischler, J., Fortunato, A., and Fraser, A. G.
(2006) Systematic mapping of genetic interactions in Caenorhabditis
elegans identifies common modifiers of diverse signaling pathways.
Nat. Genet. 38, 896–903

23. Shapira, S. D., Gat-Viks, I., Shum, B. O., Dricot, A., de Grace, M. M., Wu,
L., Gupta, P. B., Hao, T., Silver, S. J., Root, D. E., Hill, D. E., Regev, A.,
and Hacohen, N. (2009) A physical and regulatory map of host-influenza
interactions reveals pathways in H1N1 infection. Cell 139, 1255–1267

24. Taylor, I. W., Linding, R., Warde-Farley, D., Liu, Y., Pesquita, C., Faria, D.,
Bull, S., Pawson, T., Morris, Q., and Wrana, J. L. (2009) Dynamic
modularity in protein interaction networks predicts breast cancer out-
come. Nat. Biotechnol. 27, 199–204

25. Cline, M. S., Smoot, M., Cerami, E., Kuchinsky, A., Landys, N., Workman,
C., Christmas, R., Avila-Campilo, I., Creech, M., Gross, B., Hanspers,
K., Isserlin, R., Kelley, R., Killcoyne, S., Lotia, S., Maere, S., Morris, J.,
Ono, K., Pavlovic, V., Pico, A. R., Vailaya, A., Wang, P. L., Adler, A.,
Conklin, B. R., Hood, L., Kuiper, M., Sander, C., Schmulevich, I.,
Schwikowski, B., Warner, G. J., Ideker, T., and Bader, G. D. (2007)
Integration of biological networks and gene expression data using Cy-
toscape. Nat. Protoc. 2, 2366–2382

26. Mani, K. M., Lefebvre, C., Wang, K., Lim, W. K., Basso, K., Dalla-Favera,
R., and Califano, A. (2008) A systems biology approach to prediction of
oncogenes and molecular perturbation targets in B-cell lymphomas.
Mol. Syst. Biol. 4, 169

27. Gersten, M., Alirezaei, M., Marcondes, M. C., Flynn, C., Ravasi, T., Ideker,
T., and Fox, H. S. (2009) An integrated systems analysis implicates
EGR1 downregulation in simian immunodeficiency virus encephalitis-
induced neural dysfunction. J. Neurosci. 29, 12467–12476

28. Przytycka, T. M., Singh, M., and Slonim, D. K. (2010) Toward the dynamic
interactome: it’s about time. Brief. Bioinformatics 11, 15–29

29. Gershwin, M. E., Vierling, J. M., and Manns, M. P. (eds) (2007) Liver Immu-
nology: Principles and Practice, 1st Ed., Humana Press, Totowa, NJ

30. Gao, B., Jeong, W. I., and Tian, Z. (2008) Liver: An organ with predominant
innate immunity. Hepatology 47, 729–736

31. Moshage, H. (1997) Cytokines and the hepatic acute phase response.
J. Pathol. 181, 257–266

32. Seki, E., and Brenner, D. A. (2008) Toll-like receptors and adaptor mole-
cules in liver disease: update. Hepatology 48, 322–335

33. Mee, C. J., Farquhar, M. J., Harris, H. J., Hu, K., Ramma, W., Ahmed, A.,
Maurel, P., Bicknell, R., Balfe, P., and McKeating, J. A. (2010) Hepatitis
C virus infection reduces hepatocellular polarity in a vascular endothelial
growth factor-dependent manner. Gastroenterology 138, 1134–1142

34. Luedde, T., Beraza, N., Kotsikoris, V., van Loo, G., Nenci, A., De Vos, R.,
Roskams, T., Trautwein, C., and Pasparakis, M. (2007) Deletion of
NEMO/IKK[gamma] in Liver Parenchymal Cells Causes Steatohepatitis
and Hepatocellular Carcinoma. Cancer Cell 11, 119–132

35. Zhai, Y., Shen, X. D., O’Connell, R., Gao, F., Lassman, C., Busuttil, R. W.,
Cheng, G., and Kupiec-Weglinski, J. W. (2004) Cutting edge: TLR4
activation mediates liver ischemia/reperfusion inflammatory response
via IFN regulatory factor 3-dependent MyD88-independent pathway.
J. Immunol. 173, 7115–7119

36. Li, K., Chen, Z., Kato, N., Gale, M., Jr., and Lemon, S. M. (2005) Distinct
poly(I-C) and virus-activated signaling pathways leading to interferon-
beta production in hepatocytes. J. Biol. Chem. 280, 16739–16747

37. Wang, Y., Kato, N., Hoshida, Y., Yoshida, H., Taniguchi, H., Goto, T.,
Moriyama, M., Otsuka, M., Shiina, S., Shiratori, Y., Ito, Y., and Omata, M.
(2003) Interieukin-1 beta gene polymorphisms associated with hepatocel-
lular carcinoma in hepatitis C virus infection. Hepatology 37, 65–71

38. Eferl, R., Ricci, R., Kenner, L., Zenz, R., David, J. P., Rath, M., and Wagner,
E. F. (2003) Liver tumor development: c-Jun antagonizes the proapo-
ptotic activity of p53. Cell 112, 181–192

Cell-specific Signal Transduction Networks

Molecular & Cellular Proteomics 9.9 1863



39. Maeda, S., Kamata, H., Luo, J. L., Leffert, H., and Karin, M. (2005) IKK beta
couples hepatocyte death to cytokine-driven compensatory prolifera-
tion that promotes chemical hepatocarcinogenesis. Cell 121, 977–990

40. Yamaguchi, R., Yano, H., Iemura, A., Ogasawara, S., Haramaki, M., and
Kojiro, M. (1998) Expression of vascular endothelial growth factor in
human hepatocellular carcinoma. Hepatology 28, 68–77

41. Fausto, N., Campbell, J. S., and Riehle, K. J. (2006) Liver regeneration.
Hepatology 43, S45–S53

42. Pikarsky, E., Porat, R. M., Stein, I., Abramovitch, R., Amit, S., Kasem, S.,
Gutkovich-Pyest, E., Urieli-Shoval, S., Galun, E., and Ben-Neriah, Y.
(2004) NF-kappaB functions as a tumour promoter in inflammation-
associated cancer. Nature 431, 461–466

43. Simonetti, R. G., Liberati, A., Angiolini, C., and Pagliaro, L. (1997) Treat-
ment of hepatocellular carcinoma: a systematic review of randomized
controlled trials. Ann. Oncol. 8, 117–136

44. Parkin, D. M., Bray, F., Ferlay, J., and Pisani, P. (2005) Global cancer
statistics, 2002. CA Cancer J. Clin. 55, 74–108

45. Vignali, D. A. (2000) Multiplexed particle-based flow cytometric assays.
J. Immunol. Methods 243, 243–255

46. Sevecka, M., and MacBeath, G. (2006) State-based discovery: a multidi-
mensional screen for small-molecule modulators of EGF signaling. Nat.
Methods 3, 825–831

47. Korf, U., Lobke, C., Sahin, O., Haller, F., Sultmann, H., Arlt, D., and
Poustka, A. (2009) Reverse-phase protein arrays for application-orien-
tated cancer research. Proteomics Clin. Appl. 3, 1140–1150

48. van Oostrum, J., Calonder, C., Rechsteiner, D., Ehrat, M., Mestan, J.,
Fabbro, D., and Voshol, H. (2009) Tracing pathway activities with kinase
inhibitors and reverse phase protein arrays. Proteomics Clin. Appl. 3,
412–422

49. Spurrier, B., Honkanen, P., Holway, A., Kumamoto, K., Terashima, M.,
Takenoshita, S., Wakabayashi, G., Austin, J., and Nishizuka, S. (2008)
Protein and lysate array technologies in cancer research. Biotechnol.
Adv. 26, 361–369

50. Kornblau, S. M., Tibes, R., Qiu, Y. H., Chen, W., Kantarjian, H. M.,
Andreeff, M., Coombes, K. R., and Mills, G. B. (2009) Functional pro-
teomic profiling of AML predicts response and survival. Blood 113,
154–164

51. Knowles, B. B., Howe, C. C., and Aden, D. P. (1980) Human hepatocellular
carcinoma cell lines secrete the major plasma proteins and hepatitis B
surface antigen. Science 209, 497–499

52. Lee, H. C., Tian, B., Sedivy, J. M., Wands, J. R., and Kim, M. (2006) Loss
of Raf kinase inhibitor protein promotes cell proliferation and migration
of human hepatoma cells. Gastroenterology 131, 1208–1217

53. Saez-Rodriguez, J., Goldsipe, A., Muhlich, J., Alexopoulos, L. G., Millard,
B., Lauffenburger, D. A., and Sorger, P. K. (2008) Flexible informatics for
linking experimental data to mathematical models via DataRail. Bioin-
formatics 24, 840–847

54. Akaike, H. (1974) A new look at the statistical model identification. IEEE
Trans. Automat. Contr. 19, 716–723

55. Weiss, W. A., Taylor, S. S., and Shokat, K. M. (2007) Recognizing and
exploiting differences between RNAi and small-molecule inhibitors. Nat.
Chem. Biol. 3, 739–744

56. O’Neill, D. J., Shen, L., Prouty, C., Conway, B. R., Westover, L., Xu, J. Z.,
Zhang, H. C., Maryanoff, B. E., Murray, W. V., Demarest, K. T., and Kuo,
G. H. (2004) Design, synthesis, and biological evaluation of novel 7-aza-
indolyl-heteroaryl-maleimides as potent and selective glycogen syn-
thase kinase-3beta (GSK-3beta) inhibitors. Bioorg. Med. Chem. 12,
3167–3185

57. Davies, S. P., Reddy, H., Caivano, M., and Cohen, P. (2000) Specificity
and mechanism of action of some commonly used protein kinase
inhibitors. Biochem. J. 351, 95–105

58. Mawet, E., Shiratori, Y., Hikiba, Y., Takada, H., Yoshida, H., Okano, K.,
Komatsu, Y., Matsumura, M., Niwa, Y., and Omata, M. (1996) Cytokine-
induced neutrophil chemoattractant release from hepatocytes is mod-
ulated by Kupffer cells. Hepatology 23, 353–358

59. Migita, K., Abiru, S., Nakamura, M., Komori, A., Yoshida, Y., Yokoyama,
T., Daikoku, M., Ueki, T., Takii, Y., Yano, K., Yastuhashi, H., Eguchi, K.,
and Ishibashi, H. (2004) Lipopolysaccharide signaling induces serum
amyloid A (SAA) synthesis in human hepatocytes in vitro. FEBS Lett.
569, 235–239

60. Rowell, D. L., Eckmann, L., Dwinell, M. B., Carpenter, S. P., Raucy, J. L.,

Yang, S. K., and Kagnoff, M. F. (1997) Human hepatocytes express an
array of proinflammatory cytokines after agonist stimulation or bacterial
invasion. Am. J. Physiol. Gastrointest. Liver Physiol. 273, G322–G332

61. Klingmüller, U., Bauer, A., Bohl, S., Nickel, P. J., Breitkopf, K., Dooley, S.,
Zellmer, S., Kern, C., Merfort, I., Sparna, T., Donauer, J., Walz, G.,
Geyer, M., Kreutz, C., Hermes, M., Gotschel, F., Hecht, A., Walter, D.,
Egger, L., Neubert, K., Borner, C., Brulport, M., Schormann, W., Sauer,
C., Baumann, F., Preiss, R., MacNelly, S., Godoy, P., Wiercinska, E.,
Ciuclan, L., Edelmann, J., Zeilinger, K., Heinrich, M., Zanger, U. M.,
Gebhardt, R., Maiwald, T., Heinrich, R., Timmer, J., von Weizsäcker, F.,
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