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Abstract

Human epidermal growth factor receptors (HER, also known as ErbB) drive cellular proliferation,
pro-survival and stress responses by activating several downstream kinases, in particular ERK,
p38, INK (SAPK), the PI3K/AKT, as well as various transcriptional regulators such as STAT3.
When co-expressed, the first three members of HER family (HER1-3) can form homo- and hetero-
dimers, and there is considerable evidence suggesting that the receptor dimers differentially
activate intracellular signaling pathways. To better understand the interactions in this system, we
pursued multi-factorial experiments where HER dimerization patterns and signaling pathways
were rationally perturbed. We measured the activation of HER1-3 receptors and of the sentinel
signaling proteins ERK, AKT, p38, JNK, STAT3 as a function of time in a panel of human
mammary epithelial (HME) cells expressing different levels of HER1-3 stimulated with various
ligand combinations. We hypothesized that the HER dimerization pattern is a better predictor of
downstream signaling than the total receptor activation levels. We validated this hypothesis using
a combination of model-based analysis to quantify the HER dimerization patterns, and by
clustering the activation data in multiple ways to confirm that the HER receptor dimer is a better
predictor of the signaling through p38, ERK and AKT pathways than the total HER receptor
expression and activation levels. We then pursued combinatorial inhibition studies to identify the
causal regulatory interactions between sentinel signaling proteins. Quantitative analysis of the
collected data using the Modular Response Analysis (MRA) and its Bayesian Variable Selection
Algorithm (BVSA) version allowed us to obtain a consensus regulatory interaction model, which
revealed that STAT3 occupies a central role in the crosstalk between the studied pathways in
HME cells. Results of the BVSA/MRA and cluster analysis were in agreement with each other.
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INTRODUCTION

Because of their fundamental regulatory role in physiological processes such as cell
proliferation, survival, and migration,X Human Epidermal growth factor Receptor (HER,
also known as ErbB) signaling has been extensively studied over the years. HER receptors
belong to the receptor tyrosine kinase superfamily, and the first three members of this
receptor family (EGFR/HER1, HER2 and HERS3) are often co-expressed, and they play
important roles in carcinogenesis.? 3 HER receptors are highly homologous and their
activation occurs through similar biochemical steps, although the individual receptors
possess certain distinct properties. For example, HER2 receptors have no known ligand, and
HERS3 lacks intrinsic tyrosine kinase activity.* ® Upon ligand binding, receptors undergo
conformation changes that favor the formation or stabilization of receptor hetero- and homo-
dimers,® 7 and almost every possible pairwise combination of HER dimers has been
reported.8 Dimer formation patterns are affected by ligand availability,® receptor expression
levels,10 and kinetic dimerization hierarchy.11-13 Each HER receptor appears to have a
characteristic repertoire of adaptor proteins depending on its dimerization partner.14 Which
receptor-adaptor protein complexes are formed determines differential downstream signal
transduction, and can trigger diverse biological responses.1® 16 Thus, the types of receptor
homo- and hetero-dimers that are formed, and the signal transduction pathways that are
activated depend upon the specifics of the system and treatment conditions. This severely
complicates investigation of the HER signaling pathways and the HER-initiated cellular
responses,17-20

Biomedical and biomolecular studies have shown that inhibition of HER dimerization and
HER-mediated signaling can be an extremely effective therapeutic strategy.2! The role of
HER receptors seems to be different in different cells lines and under different conditions. In
HER?2 positive breast cancers, heterodimer interactions between HER2 and its partners are
often constitutively activated and their disruption has proven to be an effective means for
inhibiting HER2-mediated aberrant responses.l: 22 HER3 overexpression has also been
shown to correlate with poor prognosis in epithelial cancers.23: 24 Activation of pro-survival
responses through the HER3 pathway can also lead to drug resistance in cancer
treatment.2> 26 Further, interactions between members of the HER family and signaling
redundancies can also contribute to drug resistance when specific inhibitors are used against
a single HER receptor and the importance of HER3-HER1 dimers in drug resistance is
increasingly recognized.?!: 2527 Thus, the use of combination therapeutics that target
multiple members of the HER family of receptors is advocated as an effective treatment
strategy for a variety of tumors.25: 26, 28,29

Receptor tyrosine kinases drive cellular responses via the activation of several distinct
intracellular signaling pathways.30: 31 HER receptors activate pathways of several
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downstream kinases, in particular ERK, p38, INK (SAPK), the PI3K/AKT signaling
pathways, as well as various transcriptional regulators such as STAT3.1: 15.32-42 These are
the prominent sentinel proteins of the cellular processes associated with cell proliferation,
pro-survival and stress-response pathways of cells. These inter-related signaling pathways
can be stimulated to varying degrees by different receptor-adaptor protein complexes.1* The
abundance of these complexes in turn is a function of the relative abundances of the various
HER dimer types in the cell.

Many stimuli, including growth factors, cytokines, transforming agents, and carcinogens
activate the ERK (extracellular signal-regulated kinase) pathway. Sustained ERK activation
can have significant functional consequences.*3 44 For example, constitutive or prolonged
ERK activation through HER receptors contributes to speedy cell migration*® and enhances
cell transformation and resistance to apoptosis #6. The serine/threonine kinase AKT
promotes cellular survival by blocking apoptosis, which it achieves by binding and
regulating many downstream effectors; e.g., NF-B, Bcl-2 family proteins, and MDM2.47
AKT also induces protein synthesis and therefore plays a role in tissue growth. AKT has
been implicated in many types of cancers because of its possible role in angiogenesis and
tumor development.*8: 49 PI3K is a well-studied regulator of cellular growth 30 and is known
to be activated by HER3, especially in HER2 over-expressing cancer cells 5152, HER3 in
particular has a unique ability to efficiently engage the pro-survival PI3K/AKT
pathway,53-55

ERK, p38 and JNK are the three major subgroups of the MAPK family.%8 In contrast to the
ERKSs, which are mainly mitogen activated proliferation/differentiation factors, JNK and
p38 are stress-activated proteins involved in apoptosis/survival. The p38 kinase regulates
EGFR down-regulation, survival, and cellular migration,38 57. 58 and it can suppress cell
proliferation by antagonizing the JINK/c-JUN pathway.3° Although all MAPKSs can be
activated by HER receptors in different cellular systems, p38 and JNK phosphorylation may
also occur in an EGFR-independent manner.5® STAT signaling promotes RAS/RAF/ERK
signaling indirectly.50 Activation of MAPKSs leads to the activation of STAT-family
transcription factors, which promotes their translocation to the nucleus32 61 where they
elevate the transcription of cell proliferation related genes 32: €0,

Upon HER receptor stimulated activation of cell proliferation, pro-survival and stress-
response signaling pathways, cellular responses are regulated collectively by these
prominent sentinel proteins.30: 31 |dentification of how the regulatory interactions between
sentinel proteins are affected by the unavoidable simultaneous activation of multiple
signaling pathways, i.e., pathway crosstalk, has been very challenging and requires multi-
factorial experiments where HER dimerization patterns and crosstalk between signaling
pathways is altered. Towards this goal, we have measured HER1-3 activation, and the
activation of key signaling proteins ERK, AKT, p38, JNK, STAT3 as a function of time in a
panel of human mammary epithelial (HME) cells expressing different levels of HER1-3
stimulated with various ligand combinations, e.g., when the signaling pathways were
activated differentially in cells with same cellular background but with varying HER
expression levels. Conditions covered in these studies resulted in large differences in
receptor dimerization,13 and in the activation levels of investigated signaling proteins. These
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time-series measurements were supplemented with combinatorial measurements where we
determined how the inhibition of one of the sentinel proteins affected the activation levels of
the other sentinels. This data was used to identify the regulatory interactions between the
studied sentinel proteins using the modular response analysis method.

EXPERIMENTAL MATERIALS AND METHODS

General considerations

Cell lines

There is considerable evidence that the HER dimerization pattern is an important
determinant of the consequences of HER signaling,%2- 3 which suggests that activation of
the downstream signaling pathways would be functions of receptor dimer formation and
activation.1® In this regard, we hypothesized that the HER dimerization pattern is a better
predictor of downstream signaling than total receptor activation levels. Validation of this
hypothesis and quantification of the relative potency of the HER dimer types for activating
distinct downstream pathways would enable rational perturbation of the signaling patterns
within a cell.

Due to the redundancy in downstream pathway activation, and the extensive crosstalk
between signaling pathways, establishing the relationship between HER dimers and
signaling requires: 1) the ability to quantify the HER dimerization patterns, and 2) multi-
factorial experiments where HER dimerization patterns and signaling crosstalk is altered.
Direct isolation and measurement of the receptor dimers is challenging, and one is largely
restricted to the measurement of the total receptor activation levels. However, as we have
recently shown that the dimer activation levels (point #1 above) can be derived from
receptor activation data using an integrated experimental-computational approach.13 To
satisfy the second requirement, we measured HER1-3 activation, and the activation of key
signaling proteins ERK, AKT, p38, JNK, STATS3 as a function of time in a panel of HME
cells expressing different levels of HER1-3 stimulated with various ligand combinations.
Conditions in these studies result in large differences in receptor dimerization,13 and in the
activation levels of investigated signaling proteins (cf., Results section below). Ability to
obtain internally consistent and complementary data sets in a panel of HME cells with the
same cellular background is a novel aspect of our study and it was critical for deriving
statistically significant regulatory interactions from the experimental data.

The HME cell line 184A1L5 used in this study was originally provided by Martha Stampfer
(Lawrence Berkeley Laboratory, Berkeley, CA). It expresses approximately 200,000
molecules of EGFR/ErbB1/HER1.64 65 Cells were maintained at 37°C in 5% CO5 air in
DFCI-1 medium supplemented with 12.5 ng/ml EGF (PeproTech, Rocky Hill, NJ) as
described previously.56 At about 70-80% cell confluency, DFCI-1 medium was replaced
with bicarbonate-free DFHB minimal medium lacking EGF, plus 0.1% bovine serum
albumin. Cells were then brought to quiescence for 12—18 hours before treatment. We note
that, unlike many model cell lines with limited physiological responses to growth factors,
HME cells are an excellent model system for studying the properties of the HER system
because, like many epithelium derived cell types, HME cells require EGFR activation for
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proper proliferation and migration responses.8” The 184A1 strain of HME cells that was
used to develop our clone library retains the EGFR-dependent regulatory machinery of the
primary cell type from which it was derived.58 This parental cell line expresses high levels
of EGFR and relatively low copy numbers of HER2 and HERS. It is labeled the HER2-/3—
cell line, and it was used to create the HER2 and HER3 overexpressing cell lines by
retroviral transduction.8®

Briefly, the retroviral MFG vector containing HER2 was constructed and transfected into the
WCRIP packaging cell line.5%-71 The transfected clones with highest level of HER2
expression were expanded to produce viral supernatant. This supernatant was then used to
infect the HME cells. Individual clones of retrovirus transduced HME cells were isolated
using cloning rings. The degree of HER2 overexpression was determined by
immunofluorescence, flow cytometry, and equilibrium-binding studies using labeled Fab
fragments. HER3 expressing cells were derived in a similar retrovirus-based strategy.
Retroviral pBM-IRESpuro vector containing HER3 and the puromycin resistance gene was
transfected into the Phoenix packaging cells.”2 Viral supernatant was collected from
transiently transfected Phoenix cells. The supernatant was then used to infect the parental
HME cells and the HER2 expressing cells (discussed in the previous paragraph) to create the
HERS3 expressing and HER2-HER3 co-expressing cell lines, respectively (Table 1). Growth
medium for the HER2 and/or HER3 expressing cells was the same as that of the parental
HME cells except for addition of the antibiotic G418 (250 pg/ml; Invitrogen, Carlsbad, CA)
and/or puromycin (2 pg/ml; Sigma, St. Louis, MO) to ensure selection for HER2 and HER3,
respectively. Utilized cell lines are labeled and referred to as R2a3b where a or b=+/-
indicates that the cell line expresses/do not express (i.e., very low endogenous expression)
the type 2 and type 3 HER receptors, respectively. We note that these cell lines were labeled
with their clone names in our earlier studies!3: 65 as R2— 3— (parental, or Par for short),
R2+3- (24H), R2- 3+ (B5), and R2+3+ (D20) and these clone names are used
interchangeably in this report as well.

Signal initiation

To activate the cells, ligands were added to the culture medium, and cells were incubated at
37°C for fixed amounts of time. Stimulation of EGFR/HER1 with 12 ng/ml EGF, of HER3
with 40 ng/ml HRG, as well as the co-stimulation of both receptors via simultaneous
addition of both ligands was studied. For simplicity, in the remainder of the paper, these
ligand treatment conditions will be labeled and referred to with +E, +H, and +EH where E
and H stand for EGF and HRG, respectively. No-ligand measurements provided the negative
control as 0 min time point. We note that same ligand doses were used in the ELISA,
Western blot and inhibition experiments described below to obtain consistent data sets.

Receptor activation measurements using ELISA

Phosphorylation levels of the receptors were measured at 5, 10, 20, 30, 60, 90 and 120 min
after ligand stimulation. Data for the phosphorylation levels of HER1-3 receptors were
collected by us earlier.13: 8 These measurements used the R&D DuoSet IC ELISA kits
(R&D Systems Inc., Minneapolis, MN), and detailed descriptions can be found in our earlier
studies.13. 17. 65 Briefly, cells were washed 3X with ice cold PBS and incubated at room
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temperature for one minute to allow surface receptor dephosphorylation. After another
round of cold PBS washing, cells were solubilized with ice cold lysis buffer (1% NP-40, 20
mM pH 8.0 Tris buffer, 137 mM NaCl, 10% glycerol, 2 mM EDTA, supplemented with 1
mM heat activated sodium orthovanadate and 1% protease inhibitor cocktail I11;
Calbiochem, La Jolla, CA) for 20 min. Lysates were centrifuged at 13,000 rpm for 10 min at
4°C, and the supernatants were transferred into fresh microtubes. Obtained cell lysates were
either analyzed immediately or stored at a —80°C freezer until needed.

ERK and AKT activation measurements using ELISA

Data for the phosphorylation levels of the kinases ERK and AKT were quantified in ELISA
experiments by us earlier and has already been communicated.18 Briefly, R&D DuoSet IC
ELISA kits were used and the manufacture’s protocol was followed in these measurements.
Before each ELISA assay, protein concentration of cell lysate was measured using the
Bicinchoninic Acid protein quantitation kit (Sigma, St. Louis, MO). ERK and AKT
phosphorylation levels were measured at 5, 10, 20, 30, 45, 60, 90 and 120 min after ligand
stimulation. Further details of these experiments can be found in Zhang et al.18

Western Blot analysis of p38, JNK and STAT3

Cells were grown to near confluency and were starved by replacing regular DFCI-1 culture
medium with DFCI-1 medium lacking all supplements but 0.1% bovine serum albumin for
12-18 hours. Cells were stimulated at 37°C by adding the appropriate concentration of
ligands for the desired durations. Afterwards, cells were washed twice with cold PBS and
cell lysates were collected with a scraper. Cells were lysed using RIPA buffer containing
protein protease and phosphatase inhibitors on ice for 10 to 30 min. Lysates were
centrifuged at 12,000 rpm for 10 min at 4°C, and only the supernatants were kept in new
microtubes. Cell lysates were either analyzed immediately or stored at —80°C until needed.
Total protein concentration of cell lysate was determined by the Bicinchoninic Acid protein
quantitation kit (Sigma, St. Louis, MO), and same total protein amount (25ug) was loaded
onto the SDS-PAGE gel. NUPAGE Bis-Tris precast 4%—12% gradient gels with 15 wells
were used. Proteins were transferred from SDS-PAGE gel to PVDF membrane using XCell
SureLock™ Mini-Cell Electrophoresis System (Invitrogen). PVDF membrane were
developed using ECL reagents and Western blot images were captured by Lumi-Imager F1
device and analyzed using the LumiAnalyst 3.1 software.

JNK, STAT3, and p38 phosphorylation levels were measured at 0, 15, 30, 60, 120, 240 and
480 min after ligand stimulation. For each experiment, at least two independent
measurements were performed for every treatment condition. To be able to scale the data
collected in different gels, we allocated two of the lanes to “standard” measurements, which
allowed us to normalize the measurements across gels. As having common positive controls
is necessary for reliable quantification, results for the stimulation with both EGF and HRG
ligands at 15 min time point for the parental (R2-3-) and B5 (R2-3+) cells were measured
in each gel and then used as the standard data for the gel-to-gel normalization. Additionally,
to further improve the comparison of the results for the four cell-lines, each gel was
designed to measure the activation of two cell lines. This allowed us to do quality check
across experimental time series datasets.
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Inhibition studies

Reagents

To further investigate the crosstalk between the signaling pathways, we selectively inhibited
the studied proteins one at a time and measured how the particular inhibitions affect the
activities of the studied sentinels. Cell lysates for inhibitor-treated cell assays were collected
as described above for the no-inhibition studies except that during cell starvation inhibitors
were added to the medium and incubated for certain time. U0126 monoethanolate (ERK1/2
inhibitor), SB 203580 (p38 MAPK inhibitor), and AKT inhibitor V111 were added to
starvation medium 2 hours before ligand stimulation all at 20 uM concentration. LY 294002
(hydrochloride; PI3K inhibitor) was added to starvation medium 1 hour before ligand
stimulation at a concentration of 10 uM. JNK inhibitor SP600125 and STAT3 inhibitor VIII
were added to starvation medium 18 hours before ligand stimulation at 40 uM concentration.
Phosphorylation levels of the studied proteins were measured 15 min after ligand
stimulation in these inhibition studies using Western blots for p38, JINK and STAT3, and
ELISAs for ERK and AKT as described in the previous sections.

Epidermal growth factor (EGF, human recombinant) and heregulin-p1 (HRG, human
recombinant) were purchased from Peprotech (Rocky Hill, NJ). Primary Western blot
antibodies against total p38 MAPK (#9212), SAPK/IJNK (#9258), and STAT3 (#9139), and
against phosphorylated p38 MAPK (Thr180, Tyrl182, #9215), SAPK/INK (Thr183/Tyr185,
#9255), and STAT3 (Tyr705, #9145) were purchased from Cell Signaling Technology
(Danvers, MA). Primary antibody for -actin (A2228) was purchased from Sigma. Anti-
mouse 1gG-peroxidase secondary antibody (A4416) was purchased from Sigma (St. Louis,
MO), and anti-rabbit 1gG HRP-linked secondary antibody (7074) was purchased from Cell
Signaling Technology (Danvers, MA). U0126 monoethanolate (ERK1/2 inhibitor), SB
203850 (p38 MAPK inhibitor), AKT inhibitor VIII, and STAT3 inhibitor VIII were
purchased from Calbiochem (EMD Millipore, Billerica, MA). PI3K inhibitor LY294002
(L9908) hydrochloride was purchased from Sigma (St. Louis, MO). JNK inhibitor
SP600125 was purchased from LC Laboratories (Woburn, MA). ELISA assay Kits were
purchased from R&D Systems Inc. (Minneapolis, MN). G418 was purchased from
Invitrogen (Carlsbad, CA), and puromycin was purchased from Sigma (St. Louis, MO). Cell
culture supplements, SDS-PAGE gels, and PVDF membranes were purchased from
Invitrogen (Carlsbad, CA). The high sensitivity peroxidase-based Electrochemiluminescence
(ECL) immunoassay substrate for Western blot was purchased from Thermo Scientific
(Pittsburg, PA). All the other reagents were purchased from Sigma (St. Louis, MO) unless
otherwise indicated.

COMPUTATIONAL METHODS

HER1-3 dimerization

One of the aims of this study is to show that cellular signaling initiated by the HER receptors
can be better characterized by the dimerization patterns between the HER family members.
In other words, not the receptor phosphorylation per se but which receptor dimersare
formed and activated is the determinant of the information flow through HER signaling
pathways. This requires the quantification of the HER receptor dimer activation profiles.
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Although this information can in principle be obtained in co-IP type experiments, such
experimental studies are technically challenging and do not provide the level of quantitation
required for our analysis. We therefore measured the receptor phosphorylation instead, and
used a model-based analysis to extract the HER receptor dimerization profiles from the
collected experimental data. Our modeling approach is described in detail elsewhere.13: 73
Therefore, it will only be briefly summarized here.

Model used to analyze the receptor activation considers ligand binding to receptors, receptor
dimerization and trafficking through endocytosis and degradation. All possible dimer
combinations are included except HER3-HERS3 pair, which is excluded because this dimer
has very low kinase activity and is not formed at significant levels.>: 26: 74-78 Although
HERS3 has been shown to have some kinase activity, as a kinase it is ~1000 times less
efficient than EGFR/HER1.7® Therefore, when other HER types are present, HER3 can be
considered as kinase deficient for practical reasons. Additionally, even at its highest
expression, HER3 levels in the cells is about 30,000 receptors, which is about an order of
magnitude less than HER1 and HERZ2 in our HME cells (Table 1) as well as in many other
epithelial cell types.13 Thus, even if they are formed, the number of HER3-HER3 receptor
pairs will be low due to the availability of large number of HER1 or HER2 receptors for
partnering and the contribution of HER3-HER3 pair to HER3 phosphorylation would be
minute because of its low kinase activity. For these reasons, HER3-HER3 pair was not
included in our model to avoid addition of extra parameters unnecessarily, i.e., to avoid
parameter overestimation.

Model parameters were fitted to the experimental data to obtain its kinetic parameters.
Parameter sets that explain the data the best were then used to compute the receptor
dimerization and activation profiles. One key feature of our model is that total
phosphorylation of an HER receptor type is expressed as a sum of the contributions from all
possible dimer types. For example, phosphorylation of EGFR/HER1, pR1, can be expressed
as the sum of contribution of phosphorylated HERL1 to cellular signaling when it is in dimer
complexes with HER1 (pR1rl), with HER2 (pR1r2), and with HER3 (pR1r3):
pR1=pR1rl+pR1r2+pR1r3. We note that our analysis assumes that the phosphorylated
forms of the proteins are active. Therefore, in the remainder of the paper, we use the terms
“active” and “phosphorylated” receptors interchangeably.

Correlation Analysis

Above described experimental studies provided us the phosphorylation data as time series.
Our analysis combined our earlier data (for HER1-3, ERK and AKT) with the new data (for
p38, INK, STAT3) that were collected as part of this study. Because of the limited number
of lanes in SDS-PAGE gels, we were not able to measure the protein activation levels at all
the time points that were used in our earlier ELISA experiments (cf. Experimental Methods
section). We therefore used the 15 min time point in the Western Blot experiments and
interpolated the ERK and AKT ELISA results for this time point by averaging their
measured activation levels at 10 and 20 minutes.

A set of 12 time series data were collected for every protein; 3 ligand treatment conditions
(+E, +H, and +EH) in 4 cell lines (R2-3-, R2-3+, R2+3-, and R2+3+). Obtained time
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series data was used to identify the correlations between the activation patterns of the
proteins at different levels, and the cluster analysis was used to group the proteins. The
analysis was performed using MATLAB’s clustering software. In the cluster analysis, 1-|
Corr(X,Y)| values were used as the distance measure where Corr(X,Y) is the correlation
between protein X and protein Y over the included conditions. We preferred to use the
absolute value of the correlation in the distance measure to allow for the possibility that the
protein activation patterns may be negatively correlated, which too imply functional
relationships. However, significant correlations in the investigated data sets were all positive
so reached conclusions would have been the same if a 1-Corr(X,Y) distance criteria was
used. Hierarchical cluster analysis utilized the average distance criteria in assigning the
clusters and the connection values. Corr computation only included the common time points,
and correlations were calculated using the protein activation values at the same time points.

Availability of data for different cell lines and different ligand treatment conditions allowed
us to pursue the cluster analysis at multiple levels: First, we combined the data for four cell
lines and three ligand treatment cases and created an “all-data” set for the proteins. This set
made it possible to investigate the overall correlations between the investigated proteins at a
higher level. We then divided up the data to perform the analysis on a “cell-type” and
“treatment-type” manner. In the former set, data about a protein for all ligand treatment
cases were combined for each cell line to form cell-line based datasets. Similarly, in the
latter set, data for the four cell lines for a particular ligand treatment condition was
combined.

Additionally, the analysis was pursued by investigating the correlation between the
downstream sentinels and receptors by 1) using the activation data for the receptors directly
(i.e., without considering dimers), and 2) using the dimer contributions to the receptor
phosphorylations. Comparison of these two approaches allowed us to validate our
hypothesis. We note that, as it consists of closely related cell types and overlapping time
spans, data collected and analyzed in this study was internally cohesive, and this has allowed
for a systematic investigation.

Modular Response Analysis

Correlation analysis described above does not provide information about the causal
regulatory interactions between studied proteins. Modular Response Analysis 80-82 (MRA)
is a powerful method to reverse engineer a system to infer the existing regulatory
interactions and their causality in a quantitative manner. In MRA, one starts with perturbing
the system to measure how varying a module impacts the response of the other modules in
the system. Observed variations are then used to derive the local response matrix elements
rij, which quantifies the sensitivity of module i (i.e., activation of sentinel protein i in our
case) to changes in module j of the network system, rjj=0xi/0x; provided that activity of all
other nodes are kept constant where x; denotes the activity of module i.81: 8 When multiple
interactions may be involved, changes in the activities can be characterized with the global
response matrix with elements Rj;, which corresponds to the change in component i, x;, in
response to a perturbation in component j, Pj, as Rjj=dInx;/dInP;. For small enough variations
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Rij may be approximated as Rjjaz2(xi0) - xi©@)/(xi0) + x;©) where x;® and x;(?) are the
activity levels of module i after and before the perturbation to module j.81

In its original formulation, MRA was developed to estimate the local matrix elements that
represent the strength of the involved interactions between modules. The local response
matrix rjj is calculated from the measured Rjj by solving Xy rikRj = 0, where the sum is over
the nodes k (k # i) that were perturbed in the experiments and r;;=—1.81: 82 Typically the total
least squares estimation is used in Monte Carlo based simulations to estimate the
coefficients.83 Utilizing this approach, we have computed the estimated probability
distributions of the response coefficients by forming random realizations of the node
activities that were drawn from a normal distribution with a mean equal to those of the
measured values. Standard deviation in the distribution was assumed to be 30% of the mean
for each of the measured Rjj values. This deviation was larger than the deviations observed
in our Western blot experiments but we preferred to use a conservative standard deviation
value in our analysis. Response matrices rij were calculated for 107 realizations of the
randomly sampled data sets, and statistical distribution data obtained for the resulting local
response coefficients were used to calculate the mean (jj=<rj;>), standard deviation (ojj),
and coefficient of variation (CV=ojj/1ijj) of the computed response coefficients. These MRA
simulations were performed using the in-house written MATLAB codes.

Recently, Santra et al. have developed a variant of MRA, the Bayesian Variable Selection
Algorithm (BVSA) that integrates Bayesian selection into MRA to infer regulatory
interactions in biochemical networks.84 In BVSA, the constitutive MRA equation is changed
to X AikrikRkj=0, where the added variable Ajj represents if direct interaction between
modules i and j are present (Ajj=1) or absent (A;j=0). For noisy datasets, which is the usual
case in biological experiments, the global responses R;j contain uncertainties and the above
equality usually does not hold exactly. The BVSA algorithm estimates the probability of
module i being directly influenced by module j without having to estimate the connection
coefficients as in the MRA algorithm. As a statistical inference algorithm, BVSA uses
Bayesian statistics: Starting with a prior distribution, distributions are updated based on the
experimental data using Bayes’ theorem to obtain the posterior distributions for the
probabilities of direct connections between network modules. Sandra et al. utilized Markov
Chain Monte Carlo sampling to obtain the posterior distributions for Ajj, and decided on the
inferred network topology by defining a threshold equal to the average posterior edge
probability.84 We have used the Gibbs sampler MATLAB program provided as
Supplementary Material to their publication in our simulations. Simulations were run for
1000 Gibbs scans (parameter: noit) and 5000 iterations (parameter: times). 50% of the early
samples were assumed to be burn-ins and were not considered in the calculation of the
posterior edge probabilities. Prior and posterior distributions were computed using the
default values for the other parameters of the program.

In this study, we have combined these two algorithms in a two-stage approach to first
determine which regulatory interaction links are likely to exist and then to determine the
strength and type (activation/repression) of interactions. First, we have used BVSA to
identify which interaction links may be present in the investigated biological network, i.e.,
find which Ajj are not zero. In the second MRA stage, we have set the local response matrix
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rij elements corresponding to the interactions that were found to be non-existing in the first
round to zero and computed the values of rjj for the interactions that were found to exist in
our network. The second stage allowed us to rank order the strengths of the interactions and
to characterize if an interaction is activation or repression relation.

Since we have obtained consistent datasets in four cell lines with same cellular background,
we also investigated if the detected interactions depended on the expression of either HER2
or HER3 receptors. This was achieved by grouping the perturbation response data in three
different ways. First, we defined an “all dataset” by considering all four cell lines and all
three ligand-treatment cases. For this set R;; data consisted of 12 separate conditions in
which each sentinel protein was inhibited as perturbation for each condition and the activity
(phosphorylation) changes of all proteins, i.e., x;(), were measured to determine the Rij
values. We also defined “HER2 and HERS3 specific datasets” by comparing the responses in
our cell lines. Cell lines in our library (Table 1) can be contrasted to each other to signify a
particular HER receptor: For example, the principal difference between the R2—-3- (Par) and
R2+3- (24H) and between the R2-3+ (B5) and R2+3+ (D20) cell lines is the HER2
expression when HER1/EGFR and HER3 levels are roughly the same. Therefore, to form a
“HER?2 specific perturbation response dataset” from our measurements, we computed the
differences between the measured responses in pairs of cell lines. l.e., the response matrix
for HER2 specific data set was obtained by computing the R;j(R2+3-) - Rjj (R2-3-) and
Rij(R2+3+) - Rjj(R2-3+) difference for every ligand combination. This resulted in a dataset
for 6 conditions (2 cellular x 3 ligand treatments) where the main difference was the HER2
expression. “HERS3 specific perturbation response dataset” for 6 different conditions was
formed in a similar manner by computing Rj;(R2-3+) - Rjj(R2-3-) and R;jj(R2+3+) -
Rij(R2+3-) differences for every ligand combination where the main difference was the
HER3 expression.

Correlations of INK and STAT3 with other proteins

Our cluster analysis indicated that INK and STAT3 activation patterns only weakly
correlated to HER, p38, ERK, and AKT activations (Figs. 1A and 2A). Both STAT3 and
JNK were more associated with the p38/ERK/HERZ1 cluster than the AKT/HERS3 cluster
(Figs. 1A and 2A). However, the linkage distances were large indicating that auxiliary JNK
and STAT3 pathways have rather weak correlative associations with the p38, AKT, and
ERK pathways. Correlation between JNK and STAT3 and other sentinels were also weak
when the “treatment-type” and “cell-type” based datasets (cf., Computational Methods
section) were used in the cluster analysis (data not shown). Modular response analysis
results discussed below further indicated that the activation patterns of STAT3 and JNK
were complex and they may be differentially regulated by both ERK and AKT pathways.
We therefore exclude JNK and STAT3 from the detailed discussion of the activation pattern
correlations, and discuss the involvement of JINK and STAT3 in the regulations of other
proteins later below.
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Correlation analysis without consideration of receptor dimers

We first analyzed the data using the receptor phosphorylation information without
considering receptor dimers. In this “receptor based analysis”, we address the question of
whether ERK, AKT and p38 activation can be explained with the total HER receptor
phosphorylation levels. This is the typical approach used in a large majority of studies in the
literature.

Figure 1 reports the clusters when analysis was pursued using the all, treatment-type, and
cell-type based datasets. All data set results (Fig. 1A) showed nicely clustered correlations
between i) AKT and HER3, and ii) p38, ERK and HER1/EGFR. Even though HER2 is
believed to be the mediator of HER3 signaling and its tumorigenic potency,l 10
interestingly, its activation did not correlate well with the other receptors and sentinel
proteins. Ability to partition the data to cell-type and treatment-type subsets allowed us to
investigate the dependence of these high level correlations on receptor expression and
treatment conditions. In the analysis based on ligand-treatment (Fig. 1B), AKT correlated
more with HER1, ERK and p38 instead, while HER2 and HERS3 clustered together.
Whereas, the correlation between AKT and HERS3 still held on a cell-type basis (Fig. 1C)
but the tight grouping between p38, ERK and HER1 seemed to disintegrate at the cell-type
level and HER1 correlated more with HER2.

Even though it may capture and reveal the correlations between EGFR/HER receptor
activation and their signaling pathways, these results clearly illustrate that the interpretation
of the data can depend on the way the receptor based analysis is performed. Most
alarmingly, even though the analyzed data set was internally consistent, different analyses
were found to lead to conflicting conclusions.

Correlation analysis using receptor dimers

We have repeated the cluster analysis using HER dimer activation levels instead of the
experimentally measured receptor phosphorylation data. Contributions of dimer types to the
overall receptor phosphorylations were inferred from the experimental data in a model-
centric analysis (cf., Computational Methods section).

Figure 2 reports the clustering results for the receptor dimer-based approach. All data set
results (Fig. 2A) paralleled the results in Fig. 1A: AKT clustered with HER3, and p38, ERK
and HERL1 clustered together. Figure 2A provides further details about which dimers
participate in the correlations: AKT was most correlated with the HER3 signaling from the
HER3:HER1 (R3r1) dimers. In contrast, p38 and ERK were correlated the most with HER1
signaling from its homo-dimers. As in the receptor based analysis discussed above, obtained
clusters showed that activation patterns of HER2 correlated poorly with the activation
patterns of the sentinel proteins for the signaling pathways. Figures 2B and 2C report the
results when the cluster analysis was pursued using the ligand treatment-type and cell-type
data subsets, respectively. Unlike the receptor-based analysis reported in the previous
subsection, where different analyses led to conflicting correlations, ligand treatment type
(Fig. 2B) and cell-type (Fig. 2C) dependent clustering agreed to a large degree with the
results of the analysis with all data set. Most notably: i) AKT activation correlated the most
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with HER3 signaling from HER3:HER1 dimers in both the ligand treatment- and cell-type
dependent analyses (Fig. 2B,C). Ligand treatment-based analysis indicated additional
correlation between AKT and HER1 signaling from HER1:HER3 dimers. Interestingly,
AKT activation when the receptors were stimulated with EGF better correlates with
p38/ERK/HER1 activation (AKT(E) in Fig. 2B; cluster on the left) while HRG stimulation
by itself, AKT(H), or together with EGF, AKT(EH), leads to a better correlation with
signaling from the HER3:HERL1 dimer (Fig. 2B; cluster on the right). This could be a
reflection of the known multi-functionality of the AKT pathway where its contribution to
cell signaling depends on the received cues.8® ii) In agreement with the all-data set results,
analyses using data subsets did not indicate any strong correlation between HER2 signaling
and sentinel proteins. iii) In the cell-line dependent analysis (Fig. 2C), p38 showed a
stronger correlation with HER1 signaling from HER1:HER3 dimer and ERK was better
correlated with HER1 signaling from HER1:HER1 homo- and HER1:HER2 hetero-dimers.
However, p38 and ERK clusters merged at a score ~0.35, i.e., a correlation of 0.65, which
was still a significant correlation. Thus, these results were in good agreement with the higher
level analysis results (Fig. 2A). A notable difference in the analyses results for the p38/ERK/
HER1 cluster was that HER2 containing dimers became part of this cluster in cell-line based
analysis (Fig. 2C).

Modular response analysis of the inhibition studies

Investigation of the correlations between protein activation levels can reveal the associations
between signaling pathways but they do not provide direct information regarding causal
effects. We have therefore also pursued a systematic study where we have inhibited one of
the proteins using specific inhibitors and measured the activation levels of the other studied
proteins. This data (Supplementary Figures 1-6) would indicate the impact of the inhibition
of an “effector”-protein on its “target”-protein. We have analyzed the obtained data using
modular response analysis to infer a model for the interactions between ERK, AKT, PI3K,
p38, INK and STAT3 in our HME cells.

Our quantitative systems approach does not focus on a particular response condition but uses
the general trends observed across all of the studied conditions to determine robust crosstalk
interactions to obtain a consensus interaction model (Figure 3). A unique aspect of our study
isthat ability to obtain consistent datasets in four cell lines with same cellular background
but different HER2/3 expression and ability to differentially activate particular HER
receptor types using different ligand regimens allowed us to infer the interaction model in a
receptor type specific manner. This was achieved by grouping the perturbation response data
in three different ways, as described in the Computational Methods section.

The probabilities of the regulatory reaction interactions as determined in the BVSA analysis
are tabulated in Supplementary Table 1. To decide on the regulatory interactions, Sandra et
al. used the mean of the computed response matrix element values as the threshold. Mean
value of the three datasets i, was 0.34 in our case with a standard deviation o, of 0.27, which
is quite lower than a mean of 0.5 that would be for random interactions. We have therefore
classified the response matrix elements into 3 classes (Supplementary Table 1): Interactions
with r values that are i) r <y, ii) Y < r < yy+oy, and iii) r > p+oy. Interactions in the first
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category are unlikely to be present and the ones in the last category are most likely to be
present in our system. Interactions with r probabilities in the intermediate second category
are probable but they are hard to estimate with our data and their prediction is uncertain.

We have then pursued MRA in the second stage of our analysis (Supplementary Table 2).
We have first computed the response matrix element values by including all of the possible
links in the network, i.e., all 5*4=20 binary possibilities were included. Second, MRA was
pursued by including the interactions detected in the BVSA (Supplementary Table 2).
Further details of this analysis are described in the Methods section above.

The consensus model shown in Figure 3 was obtained by combining the BVSA and MRA
results, and it revealed that STAT3 occupies a central role in the crosstalk between studied
proteins. Some of the interactions were consistently observed across different analysis. Most
interestingly, as we have expected, our analysis has established that some of the regulatory
interactions were more apparent in HER2 or HER3 expressing cell lines. We next discuss
the combined analysis results for the identified interactions (Figure 3):

Interaction between AKT and STAT3—BVSA analysis (Supplementary Table 1)
indicated that AKT is regulated by STAT3 and this regulation was enhanced with HER3
expression. MRA computations (Supplementary Table 2) supported this result and further
revealed that AKT is activated by STAT3 and this activation was more pertinent in HER3
expressing cells. AKT in turn was found to activate STAT3 in all cases strongly
(Supplementary Tables 1 and 2).

Interactions between ERK, STAT3 and JNK are bi-directional and HER2
dependent—BVSA analysis has indicated that ERK, STAT3 and JNK interact with each
other in a bi-directional manner (Supplementary Table 1). MRA computations
(Supplementary Table 2) supported this result and further revealed that ERK-JNK and
STAT3-JNK are activating interactions while ERK and STATS3 repress each other. All of
these interactions were predicted to be more dominant when HER2 is expressed with the
exceptions that STAT3 was found to be activated by JNK in all cases and repressed by ERK
when either HER2 or HERS3 is expressed. Based on the derived interaction strengths,
mutually repressive interaction between STAT3 and ERK is the most questionable of all the
binary interactions between sentinels. This was reflected as large standard deviations in the
interaction values derived for the regulation of ERK (Supplementary Table 2).

Interactions between p38, STAT3 and JNK are triangular and HER receptor
expression dependent—Similar to the ERK-STAT3-INK case, p38 was found to
interact with STAT3 and JNK in a triangular manner. BVSA analysis indicated that these
interactions may be HER expression dependent (Supplementary Table 1) and its findings
were supported by the MRA analysis (Supplementary Table 2). STAT3-IJNK interaction has
been discussed in the previous paragraph. STAT3 and p38 were found to mutually repress
each other in all cells (Supplementary Tables 1 and 2). JINK and p38 interaction was
mutually activating in HER3 expressing cells (Supplementary Tables 1 and 2).
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Comparison of the consensus model with cluster analysis results

The obtained consensus model can be compared and contrasted to the cluster analysis results
to retrospectively understand the sources of the observed signaling correlations:

ERK and p38 correlation is indirect—Cluster analysis of the phosphorylation patterns
discussed above indicated that ERK and p38 activations were closely correlated.
Interestingly, modular response analysis predicted that there was no apparent direct impact
of inhibiting ERK or p38 on the activation level of the companion protein. Derived model
however illustrated that p38 and ERK activities are coordinated through STAT3 and JNK.
Cluster analysis indicated that p38/ERK/HERL activation correlated better with the HER2
containing dimers (Figure 2C). Obtained consensus model has validated this finding by
showing that the triangulated interactions between ERK/INK/STAT3 and INK/STAT3/p38
are HER2 expression dependent. According to the model, ERK and p38 activity may be
correlated through STAT3 (ERK is high, STAT3 is low, p38 is high; or ERK is low, STAT3
is high, p38 is low) or through JNK.

STAT3 is activated by AKT and suppressed by ERK—Our analysis has shown that
AKT is an activator of STAT3 and ERK is a repressor of STAT3 in either HER2 or HER3
expressing cells (Figure 3, Supplementary Table 2). These results indicate contrasting roles
for ERK and AKT in the regulation of STAT3 in HME cells when responding to stimulation
with different growth factors. Therefore, STAT3’s correlative association with either ERK
or AKT pathways is only partial, which gets reflected as low correlations in the cluster
analysis.

JNK is mainly stimulated through ERK pathway and it is HER2 dependent—
Obtained model indicated an interaction between ERK and JNK, particularly in the HER2
expressing cells (Fig. 3). In contrast, AKT stimulation was found to have low impact on
JNK activation (Supplementary Table 1). These results supported the correlation analysis
results (Figs. 1 and 2) that signaling through JNK pathway is more associated with the ERK
pathway and likely to involve the EGFR/HER1 and HER2 receptors and not the HER3/AKT
pathway.

STAT3 and JNK regulate p38 in a context dependent manner—We have found
that STAT3 repressed p38 activation (Figure 3). JNK in general tends to contribute to this
suppression by activating STAT3. However, in HER3 expressing cells INK relieves p38’s
suppression by activating it directly. Thus, the p38/JINK/STAT3 interactions are complex
and context dependent in HME cells. When cell signaling is initiated through HER3/AKT
pathway, activity of p38 would be repressed by STAT3, and enhanced through JNK. For the
signaling via HER1/HER2/ERK pathway, p38 is suppressed by the concerted effort of
STAT3 and JNK.

AKT activation—We have also investigated how AKT phosphorylation was affected by
PI3K inhibition, and found that inhibition of PI3K almost diminishes the AKT activation
(Supplementary Figure 6). Activation of AKT by PI3K is well established in the
literature,36-88 and our results confirmed it for our cell lines. Our results also established
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that AKT and ERK activations were not impacted by the inhibition of each other
(Supplementary Figures 1B and 2A) and there were not any detected interactions
(Supplementary Tables 1 and 2). These results establish that the crosstalk between the two
signaling pathways33 is not direct in our HME cells.
DISCUSSION

Having access to a closely related cell library in which multiple signaling pathways could be
activated differentially via different HER receptors allowed us to pursue a systematic study
of crosstalk between proliferation, pro-survival and stress response pathways in HME cells
under growth factor stimulated signaling conditions. Our first aim was to establish the
possible relationships between the HER family member receptors and several key proteins
that are believed to be sentinels for the investigated signaling pathways. Towards this aim,
we have collected the experimental data for four HME cell lines and for three ligand
treatment conditions. Analysis of the collected data using correlation based cluster analysis
has allowed us to establish that: i) AKT activation correlates the most with HER3
phosphorylation, in particular with the HER3 signaling from the HER3:HERL1 dimer. ii)
ERK and p38 activations correlate the most with HER1 phosphorylation, in particular HER1
signaling from its homo-dimers, and with the HER1:HER2 hetero-dimer signaling. iii) Even
though HER2 is believed to be the mediator of HER3 signaling and its increased

potency,3 89-95 the HER2:HER3 dimers correlated only weakly with the activation of
signaling proteins. iv) Activations of JNK and STATS3 did not correlate strongly with the
activation patterns of the other studied proteins in HME cells under the investigated
conditions. STAT3 and JNK were more associated with p38/ERK/HERL, albeit weakly,
than with AKT/HER3. Modular response analysis results implied that the observed weak
correlation was most likely due to the complex crosslink relationship between AKT and
ERK pathways through STAT3.

Most importantly, our analysis led to the conclusion that a consistent analysis of the HER
signaling pathways has to take dimer-based receptor signaling into account. There is
considerable evidence that the HER dimerization pattern is an important determinant of the
consequences of HER signaling,52 63 which suggests that activation of the downstream
signaling pathways would be functions of receptor dimer formation and activation.18 In this
regard, we have hypothesized that the HER dimerization pattern is a better predictor of
downstream signaling than total receptor activation levels. Correlation analysis using subsets
of the experimental data led to cohesive interpretations only when the protein activation
patterns were investigated in relationship to receptor signaling from dimer complexes.
Analysis based on receptor measurements that did not consider dimer-dependent signaling
resulted in conflicting interpretations. This finding can also be seen as a cause of alarm for
the interpretation of experimental results when the dynamics of cells are stimulated through
HER. Studies in the literature often investigate the activation profiles of the signaling
proteins for a particular condition that is relevant for the addressed problem. Our results
however clearly illustrated that the interpretation can depend on the way the analysis is
performed.
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Our correlation analysis did not take into account that there may be some time delay
between the receptor activation and activation of the downstream elements. As we have
shown earlier,18 the delay between the receptor and ERK/AKT activations is on the order of
3 minutes in the HME cells. So use of equal-time correlation in the reported analysis was
reasonable.

To extend our analysis to identify possible causal regulatory relationships, we have collected
the experimental data for how inhibition of a protein affects the activation levels of the other
investigated proteins. Our ability to generate such data for multiple cell lines and ligand
stimulation conditions made it possible to derive causal relationships that are consensus
based instead of being applicable to particular conditions. This analysis led us to establish
the regulatory interaction model between the studied proteins ERK, AKT, p38, STAT3, and
JNK in our HME cells.

Derived consensus model, which is shown in Figure 3 and quantitatively described in
Supplementary Tables 1 and 2, illustrates that the proliferation and pro-survival cell
signaling pathways are tightly cross-linked in HME cells. MRA of the collected inhibition
data led us to identify a central switch-like regulatory role for STAT3 in HME cells with
contrasting mechanisms for ERK and AKT in the regulation of STAT3 when responding to
stimulation with different growth factors where STAT3 is suppressed by the ERK pathway
and activated by the AKT pathway. MRA also identified triangular regulatory patterns
among sentinels, which can be considered as evidence of the possible multi-functionality of
the studied pathways and how central signaling pathways may be utilized by cells for
differentially regulating their responses as a function of their physiological state.

Our analysis indicated HER2 or HERS3 receptor driven interactions as well. Triangular
interactions between ERK, STAT3 and JNK are mainly operational in HER2 expressing
cells while the interactions between p38, STAT3 and JNK have a more complex HER
expression dependence and can be context dependent in HME cells. For the signaling via
HER1/HER2/ERK pathway, p38 is suppressed by both STAT3 and JNK. When cell
signaling is initiated through HER3/AKT pathway, activity of p38 would be repressed by
STAT3 and enhanced through JNK. As JNK is regulated by ERK in HER2 expressing cells,
ERK also contributes to STAT3’s regulation indirectly through JNK. Thus, STAT3 can
couple the ERK and AKT pathways in either direction and its regulatory role depends on
pathway stimulation through activation of HER2. Overall, our analysis has established that
the crosstalk between the canonical ERK and AKT pathways can occur at multiple levels
and it can be dependent on the involvement of particular HER receptors.

As seen in the consensus model (Figure 3), almost all of the identified interactions are
bidirectional where the interactions are either both activating or repressing interactions in
both directions. A bi-directional interaction that is activating in both directions is a positive
feedback loop where an activating stimulation leads to the high activity of both proteins (i.e.,
both on or both off). A bi-directional interaction that is repressing in both directions is a
feedback loop that leads to bi-stable dynamics where the activity of one of the proteins is
high and of the companion protein is low (i.e., one is on and one is off as in a genetic toggle
switch®6). Dynamic response of bi-stable circuits depends on the initial conditions of the
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system when the Kinetic rates, i.e., interaction strength, are comparable in forward and
reverse directions. Protein with higher activity level initially would continue to stay active
while the companion protein’s activity would be suppressed until a signal flips the states of
the proteins. With these properties in mind, obtained likelihood of interaction to exist
(Supplementary Table 1) and interaction strength and type (Supplementary Table 2) data
may also be used to interpret the hierarchy of regulatory order in HME cells. For example,
our analysis results indicated that STAT3 regulation by AKT to be more dominant than its
regulation by p38 or INK (Supplementary Table 2).

The strong correlation between ERK and p38 observed in the cluster analysis, and the lack
of direct interaction between them as found in modular response analysis may appear as
contradictory. However, based on the model shown diagrammatically in Fig. 3, ERK
activation represses STAT3 and suppressed STAT3 activities lift the repression on p38.
Thus, ERK activation can lead to p38 activation through STAT3 in a positively correlated
manner. Such a positive correlation is also possible for the activation of p38 via INK upon
signaling through ERK pathway. Therefore, the results of the cluster analysis and the
modular response analysis are not inconsistent with each other.

Involvement of p38, INK, and STAT3 in the interplay between ERK and AKT signaling has
been studied in the literature, where the conclusions seem to depend on the cell type and
treatment conditions. To avoid such complications and possible contradictions, our study
was designed to collect and analyze data that is internally consistent and abundant enough to
allow more definitive conclusions. Model that we have constructed using the results of our
analysis indicated that STATS3 is the focal point of the crosstalk between ERK and AKT
pathways in the HME cells. STAT3 is aided by JNK and p38 in modulating the cellular
responses to stimulation with growth factors. Our results indicated a less prominent role for
JNK in coupling p38 activation to ERK. Overall structure of the signaling network
connecting ERK and AKT to downstream elements consists of several positive and negative
feedback loops, thus illustrating the complexity of the cellular signaling networks and that
pathways do not function in isolation and wider profiling of pathways is needed to decipher
the cellular responses reliably. We are in the process of extending these studies to
(in)validate the derived network in other cell lines and to include the role of other related
sentinel proteins.

These figures show the results of the inhibition studies to investigate the regulatory
interactions between sentinel proteins. They show how the phosphorylation of a sentinel is
affected by the inhibition of the other studied sentinel proteins, i.e., how the inhibition of a
protein (regulator) impacts the phosphorylation of another protein (target). The x-axis in the
figures shows the phosphorylation level of the target protein when the cells were stimulated
with growth factors and no inhibitor was added. The y-axis shows the phosphorylation level
of the target protein when the cells were first treated with an inhibitor and then stimulated
with the ligands. Hollow points show the control results when the target was itself inhibited,
i.e., these points should have low y-values. Solid points show the results when the regulator
protein was inhibited. If the regulator and target protein is positively correlated (i.e., if
regulator is activating its target), inhibition of the regulator protein would lower the
phosphorylation of its target protein as well. Thus, those points would lie below the diagonal
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line. When the correlation is negative, the points would lie above the diagonal line because
inhibition of the regulator protein would remove the suppression of its target and the

ph

osphorylation of the target protein would go up. When there is no effect, the points would

line along the diagonal. Results of all cell lines and ligand treatment cases are shown all
together. Data points are marked with circles for R2-3- cells, with triangles for R2+3-

ce

Ils, with diamonds for R2-3+ cells, and with squares for R2+3+ cells.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.
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Figure 1.

Cluster analysis of the time-dependent activation patterns of the investigated sentinel
proteins and the HER1-3 receptors: (A) Analysis using the all data set, i.e., data combined
for 4 cell lines and 3 ligand-treatments; (B) Ligand-treatment based analysis using the data
grouped for 4 cell lines for EGF (E), HRG (H), and both ligands (EH) treatment conditions;
and (C) Cell-type based analysis using the data grouped for the 3 ligand treatments for each
cell line, i.e., for the cells R2—-3- (- -), R2+3~- (+-), R2-3+ (—+), and R2+3+ (++). The
value of y-axis presents the score of 1-|Corr| where Corr is the correlation between the
activities of the entities as discussed in the text.
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Figure 2.

Cluster analysis of the time-dependent activation patterns of the investigated sentinel
proteins and the HER receptor dimers. (A) Analysis using the all data set, i.e., data
combined for 4 cell lines and 3 ligand-treatments; (B) Ligand-treatment based analysis using
the data grouped for 4 cell lines for EGF (E), HRG (H), and both ligands (EH) treatment
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conditions; and (C) Cell-type based analysis using the data grouped for the 3 ligand
treatments for each cell line, i.e., for the cells R2-3- (- -), R2+3- (+-), R2-3+ (-+), and
R2+3+ (++). The value of y-axis presents the score of 1—|Corr| where Corr is the correlation
between the activities of the entities as discussed in the text. In the plots, Rarb indicates the
activation of HERa receptors in HERa:HERD dimer complexes.
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Figure 3.

Consensus regulatory interaction diagram between the studied sentinel proteins as derived
from the inhibition experiments described in the text. Arrows with a pointed end indicate
activation interaction and with a blunt end indicate repression interaction. Tags next to the
arrows indicate if the interaction was observed regardless of HER2 or HER3 expression
(all); or particularly in HER2 (R2) or HER3 (R3) expressing cells. Further details are

explained in the main text.
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