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Fig. 4. Tumor proteins that are highly correlated with stromal protein clusters. (A) Unbiased MSigDB annotation of proteins found within each stromal (mouse) cluster
and assignment to Hanahan and Weinberg’s Hallmarks of cancer (n = 21 PDX tumors) (47). FDR was calculated using default parameters in GSEA. (B) Correlation of proteins of
individual tumor (human) proteins to stromal (mouse) protein clusters (n = 21 PDX tumors). Numbers of significant (Benjamini-Hochberg adjusted P < 0.05) positive (red) and

negative (blue) correlations between human proteins and mouse protein clusters are indicated on the x axis. Human proteins are displayed by the genome coordinates of
their genes based on University of California, Santa Cruz hg19 annotation.
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to regulatory cross-talk with the microenvironment. To provide one
estimate using integrated PDX tumor-stroma analysis, we determined
how many stromal proteins were significantly correlated with each tu-
mor protein. These results (Fig. 4B) demonstrated that a large portion
of the tumor proteome was co-regulated with the stroma. Nineteen
proteins in the tumor were significantly correlated with at least 40%
of proteins in one or more of the six stromal clusters, and 44 were sig-
nificantly correlated with at least 30% of stromal proteins in a single
cluster. Among the proteins in the tumors that were most correlated,
both positively and negatively, with the stromal proteome (Table 1)
are many known to regulate the tumor-stroma interface. PEBP1, also
known as RKIP, a metastasis suppressor that decreases infiltration of
tumors by myeloid cells (43), was significantly negatively correlated
with seven proteins in stromal cluster V, which contains MDSC mark-
ers. Nardilysin 1 (NRD1), a metalloproteinase that can remodel the
ECM, was significantly negatively correlated with nine proteins in
the ECM-related cluster II. Notably, the list of tumor proteins highly
correlated with stromal protein clusters included many with unknown
roles in the tumor microenvironment. The full list of tumor-stroma
correlation values (data file S1) serves as a set of candidates responsi-
ble for stromal remodeling.

DISCUSSION

Tumors reprogram their microenvironment to form a tumor-associated
niche (6), but our current conceptualization of tumor-stroma remains
static and superficial, with limited understanding of the dynamic, progres-
sive process of stromal education by tumors. Many of the key processes
involved in remodeling of a naive microenvironment are depicted using
cell lines and xenografts, but it is unclear which of these are relevant to,
and used by, patient tumors. In addition, molecular knowledge of mi-
croenvironmental signaling interactions remains far from complete.
The phenotypic plasticity of cancer cells coupled with the potential se-
lection of myriad possible cellular subclones of tumors intimates that
development of the microenvironmental niche may be highly mutable,
dynamic, and context-dependent. We used species-specific proteomic
analysis of serially passaged subcutaneous breast cancer PDXs to ad-
dress three major questions. First, can unbiased cross-species proteomic
profiling provide sufficient depth and repeatability to improve our con-
ceptualization of the tumor-stroma interface in breast cancer? Second,
how do patient breast tumors educate a naive microenvironment dur-
ing colonization and what is the molecular persistence and heterogene-
ity of this process across tumors? Third, do subcutaneous PDXs provide
molecular insights into stromal education that are consistent with what
occurs in primary patient breast tumors?

Holistically, we found that tumor-specific education of the stroma
was highly prevalent, individualized, and molecularly coordinated in
breast cancer. The reproducibility of a tumor’s education of stromal
proteins is consistent with the notion that patient breast tumors are
locked into a predetermined set of instructions due to metabolic, en-
ergetic, or other deficiencies that are rigid and specific (31). This is
likely selected for because of the numerous obstacles that normal cells
have to overcome to become tumorigenic. Alternatively, tumors har-
bor cancer stem cells (44), which may be enriched in PDXs during pas-
sage and lead to the limited stromal proteomic heterogeneity within a
single tumor line observed across multiple passages for each PDX. The
lack of observed proteomic heterogeneity within a single PDX tumor
line suggests that renewed emphasis on drugging the stroma as an anti-
tumor strategy may be highly effective.
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These results were enabled by the high repeatability, multiplexing,
and depth of coverage of the cross-species quantitative proteomics
method used in this study, and serve as an initial characterization of
proteomic stromal education by patient tumors. A previously published
study used species-specific peptide sequences in an effort to identify
proteins exported to the ECM (45); our study here was a large-scale
analysis of the tumor and microenvironment in PDXs using species-
specific proteomics and yielded a 10-fold increase in proteomic cover-
age of the microenvironment over the previous report (45), including
detection and quantitation of 4784 human and 1721 mouse genes at the
proteome level with species- and gene-unique peptides. Fifty-one per-
cent and 52% of peptides and genes, respectively, were filtered out due
to the lack of species specificity, and an additional 3% of protein iden-
tifications were filtered out due to the lack of gene specificity. Our study
focused on proteomic variability of PDXs across biological replicates
and passages, as occurs during routine PDX propagation, which was con-
sistent with a median R* value of 0.47. This robust cross-species proteomic
platform has the potential to characterize perturbations in PDXs and
the tumor-stroma interface because of genomic heterogeneity across
subtypes and in response to drug treatment to uncover drug resistance
mechanisms. PDXs complement syngeneic mouse models because
PDXs are derived from patient tumors and also enable unambiguous
molecular characterization of the tumor versus stroma. Future studies
using PDXs of other cancer origins are needed to determine whether
heterogeneity of the proteomes of tumor microenvironments is specific
to breast cancer.

Delineating the molecular cross-talk between tumor and stromal
cells in the tumor microenvironment remains an important challenge
in an effort to understand tumor biology (46-48), especially because of
its correlation with anticancer response (49-53) and metastasis (6, 54).
Our study characterizes proteins in the stroma that are susceptible
to differential induction by the tumor (table S4) and identifies tumor-
specific proteins that are highly correlated with stromal protein sig-
natures (data file S1). This is an important step toward the identification
of microenvironmental targets that inhibit tumor growth or even re-
turn tumor cells to normal, which has been described as the next fron-
tier in anticancer agents (55). These results were consistent with the
prevailing view that tumors colonize their microenvironment through
regulation of the ECM and recruitment of cells and factors, given that
we observed changes in the ECM (clusters IT and III) and regulation of
the complement system (cluster IV), MDSCs (cluster V), and macro-
phages (cluster VI). Many of the differentially quantified stromal pro-
teins identified correlate with breast cancer prognosis and treatment.
For example, nine stromal genes with differential protein quantities,
including S100A9 and LCP1, have mRNA quantities in the stroma that
correspond to patient outcome (16). Considering the high co-regulation
of stromal protein signatures in both PDX and patient tumors in the
TCGA, these observations demonstrated that PDX models largely re-
capitulate how primary tumors interact with the microenvironment
and are good models to study the tumor-stroma interface despite their
lack of a lymphoid system, which also limits the utility of PDX models
to study immunotherapy and other T cell-driven biology. Notably, this
regulation occurs in PDXs grown subcutaneously, in a nonorthotopic
location. Because many of the identified biological pathways are drug-
gable, these results suggest that proteomics can guide therapeutic studies
targeting the stroma. Furthermore, proteomic characterization of
PDX models may provide insight into how seemingly dormant micro-
metastases are prompted to grow by tumor removal, an important con-
sideration in treatment decisions.
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No. of correlated

No. of correlated

Stromal cluster Huma'n stromal proteins p Stromal cluster Huma.n stromal proteins p
It (% proteins in cluster) [ (% proteins in cluster)

MRI1 3 (15) 0.76 Vi MVP 8 (31) 0.75
e SORD ............................ 3(15) .......................... 069 .............. EN03 ............................. 8(31) .......................... 073
e pSMD5 ........................... 3(15) .......................... 059 PFKP ............................. 8(27) .......................... 072
5LC9A3R2 ......................... 3(15) .......................... 082 .............. H LAA ............................ 7(27) .......................... 072
STARDm .......................... 3(15) .......................... 069 ............. psMBg ........................... 7(27) .......................... 078
Ceps2 s | ozs msRA 63 | 071
ATP1B3 ........................... 4(20) ......................... _071 ............. TSTD110(38) ........................ _077
LRRCSg ........................... 4(20) ......................... _072 ............ DHCR710(38) ........................ _074
TR|p10 ........................... 3(15) ......................... _071 ........... APOMBP ......................... 9(35) ......................... _078
PFN1 ............................. 3(15) ......................... _069 ............. P Ex19 ............................ 8(31) ......................... _075
CRNA 30 ot wour ren ~072
..... D pY5|_33(15)_073
TPDSZLZ .......................... 3(15) ......................... _072 .....

AHNAK2 .......................... 3(15) ......................... _072 .....
NX|:1 ............................. 3(15) ......................... _070 .....

Tumors have previously been shown to harness the stroma for
their benefit, but the extent of stromal education by patient tumors at
the level of the proteome has not been reported. Our analysis suggested
that stromal education is far more pervasive, coordinated, and individ-
ualized at the protein level than previously anticipated. Despite each
tumor educating a unique repertoire of stromal proteins, the shared reg-
ulation of stromal protein signatures suggests that they play a critical
role in tumorigenesis. The high consistency and molecular rigidity of
stromal education by patient tumors suggest that elucidating how indi-
vidual tumors alter their stromal environment will yield significant in-
sights into this important and complex aspect of tumor biology.

MATERIALS AND METHODS

Materials

Materials were purchased from Sigma-Aldrich except for dithiothreitol,
trifluoroacetic acid (TFA), and NaCl (Thermo Fisher Scientific) and tris
and glycine (Bio-Rad). Liquid chromatography-mass spectrometry
(LC-MS) solvents were purchased premixed from Honeywell. High-
pH reversed-phase (RP) fractionation columns and TMT10 reagents
were from Thermo Fisher Scientific.

Generation and preparation of xenograft tumor samples for
proteomic analysis

The source and generation of all PDXs in this study were previously
reported (15). All human tissues for these experiments were processed
in compliance with National Institutes of Health regulations and in-
stitutional guidelines approved by the Institutional Review Board at
Washington University. All animal procedures were reviewed and
approved by the Institutional Animal Care and Use Committee at
Washington University in St. Louis, MO. PDX tumors from established
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basal (WHIM2, WHIM4, and WHIM14), luminal (WHIMI16 and
WHIM 20), claudin-low (WHIM12), and HER2E (WHIM11) breast
cancer subtypes were raised subcutaneously in 8-week-old NOD.
Cg-Prkdcscid I12rgtm1Wijl/Sz] mice (Jackson Labs), as previously
described (15, 56). Tumors from each animal were harvested by sur-
gical excision at ~1.5 cm®, rapidly divided into four pieces, and snap-
frozen by immersion in a liquid nitrogen bath immediately after
excision.

Tissue lysate preparation

Samples were cryopulverized into powder using a Covaris CP02
CryoPrep system and solubilized in lysis buffer with a Covaris S220X
sonicator (peak incident power: 100 W, 500 cycles per burst, 10% duty
factor, 4°C, 4 min) as in (56). The lysis buffer [50 mM Hepes (pH 7.5)]
contained the following: 150 mM NaCl, 0.5% Triton X-100, 1 mM
EDTA, 1 mM EGTA, 10 mM NaF, 2.5 mM NaVOy,, 1x Protease In-
hibitor Cocktail (Roche), and phosphatase inhibitor cocktails 2 and 3
(Sigma). Lysates were centrifuged at 22,000¢ for 10 min to pellet any
debris and then filtered through a 0.45-um filter (Millipore Ultrafree-
MC HV) to further remove insoluble protein. Protein concentrations
were determined (Advanced Protein Assay, Cytoskeleton) to prepare
aliquots with concentrations of ~5 mg/ml, storage at —80°C, and sub-
sequent digestion.

Sample digestion and TMT labeling

The PDX lysates (0.8 to 2 mg) were thawed on ice, and the protein was
precipitated using 2-D Clean-Up kit (GE Healthcare) and resolubilized in
8 M urea with 100 mM triethylammonijum bicarbonate (TEAB) (pH 8.5).
The samples were reduced with 5 mM tris(2-carboxyethyl)phosphine
for 30 min at 25°C, alkylated with 40 mM iodoacetamide for 30 min at
25°C in the dark, and quenched with 20 mM dithiothreitol for 15 min at
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25°C. Samples were diluted to 2 M urea with 100 mM TEAB before
addition of 5 ug of trypsin (Fluka, analytical grade). Samples were in-
cubated at 37°C for 16 hours. Another 5 ug of trypsin was added and
incubated at 37°C for 4 hours. Samples were filtered through a 30-kDa
filter (Millipore Ultracel YM-30) and labeled with TMT10 reagents
per the manufacturer’s instructions. Samples were desalted with C4
and graphitized carbon tips (Glygen), loaded using 1% acetonitrile
(ACN) and 1% formic acid (FA), eluted with 60% ACN and 1% FA,
and combined before high-pH RP fractionation.

High-pH RP fractionation

TMT10-labeled peptides were separated by high-pH RP spin columns
(Thermo Fisher Scientific, catalog no. 84868). After conditioning
columns twice with 300 ul of ACN and three times with 300 ul of wa-
ter, samples were loaded into the column. Columns were centrifuged
at 3000g for 1 min, followed by a wash with 300 pl of 0.1% triethylamine.
Three-hundred microliters of each elution buffer (5%, 7.5%, 10%,
12.5%, 15%, 17.5%, 20%, and 50% ACN in 0.1% TFA) was added in
sequence to the column followed by centrifugation at 3000g for 1 min
to collect each eluted fraction. Elutions from 5% and 7.5% ACN were
pooled following elution. Samples were evaporated to dryness and re-
suspended in 0.1% FA for LC-MS analysis.

Pooling TMT-labeled samples

An initial set of six PDX tumors, one biological replicate each, was
pooled together to make pool A (fig. S6A). The sample set was first
used to evaluate assay reproducibility (fig. S6B; TMT10 plex #1; shown
in fig. S3) as well as determine relative protein abundance in these
PDXs. A set of 15 additional PDXs was pooled into pool B (fig. S6A)
that was used only to determine relative protein abundance in each
PDX in TMT10 plex #2 and plex #3 (fig. S6B). Pool A was included
as a TMT10 channel in all analyses to stitch all three TMT10 plexes
together. The Pearson’s correlation coefficients of all protein abun-
dance ratios between pool A and B, including both human and mouse
proteins, were very high, averaging 0.994 across analyses (fig. S7A). In
addition, the raw intensity of individual spectral matches in each pool
was very linear (average slope = 0.981; fig. S7B) and similar (average
linear regression * = 0.963; fig. S7B). We also analyzed one sample
(WHIM12.2; fig. S6B) in both TMT10 plex #2 and #3 to validate that
all relative protein abundance across the two TMT 10 plexes with pool B
(fig. S6B) resulted in similar protein profiles. The TMT10-labeling
schematic for all samples analyzed is shown in table S2.

LC-MS data acquisition of TMT10-labeled samples for
quantitative protein profiling on Thermo Elite LC-MS
TMT10 plex #1 was analyzed on a Thermo Elite LC-MS. LC was
performed using two 75 um x 15 cm ChromXP C18 columns in tan-
dem with a 4-hour LC gradient from 5 to 30% ACN over 180 min and
30 to 45% over 25 min. MS analysis was performed on an Orbitrap Elite
with a TOP15 method. MS1 scan range was 380 to 16,000 mass/charge
ratio (m/z) at a resolution of 120,000 for 10 ms. MS2 spectra were gen-
erated by high-energy collisional dissociation (HCD) fragmentation
and acquired with 30,000 resolution and scans starting at 110 m/z.

LC-MS data acquisition of TMT10-labeled samples for

quantitative protein profiling on Thermo Q Exactive LC-MS
For each high-pH RP fraction, 2 ul of sample was loaded onto a 75 um
inner diameter x 25 cm Acclaim PepMap 100 RP column (Thermo
Fisher Scientific). Peptide separations were started with 95% mobile
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phase A (0.1% FA) for 5 min and increased to 25% mobile phase B
(100% ACN, 0.1% FA) for more than 95 min, followed by a 10-min
gradient to 40% B, a 5-min gradient to 90% B, and wash at 90% B for
5 min, with a flow rate of 300 nl/min. Full-scan mass spectra were
acquired by the Orbitrap mass analyzer in the m/z of 375 to 1400 with
a mass resolving power of 70,000. Fifteen data-dependent HCDs were
performed with a mass resolving power set to 35,000, an m/z range
starting from 100 up to a maximum determined by the instrument,
an isolation width of 0.7 m/z, and normalized collision energy setting
of 32. The maximum injection time was 50 ms for parent ion analysis
and 105 ms for product ion analysis. Target ions already selected for
MS/MS were dynamically excluded for 30 s. An automatic gain con-
trol target value of 3 x 10° ions was used for full MS scans and 1 x 10
ions for MS/MS scans. Peptide ions with charge states of one, or
greater than six, were excluded from MS/MS interrogation.

Peptide identification

Protein and peptide identification as well as relative quantitation were
performed with Proteome Discoverer software (version 1.4.0.288;
Thermo Fisher Scientific) using Mascot (v. 2.4.1) as the search engine.
MS/MS spectra were searched against a concatenated National Center
for Biotechnology Information Reference Sequence (RefSeq version
July 2013) database of human (36,380 entries) and mouse (24,821 en-
tries), and cRAP (57) (version 1.0, 1 January 2012, 116 entries). The
search parameters included digestion with trypsin/P (two or four
missed trypsin cleavages with Elite versus QE data, respectively), static
modification of cysteine by carbamidomethylation, TMT10 labeling
of lysine, and peptide N termini, and variable modifications included
methionine sulfoxide, deamidation of asparagine, deamidation of
glutamine, acetylation of protein N terminus, TMT10-plex derivati-
zation of peptide N termini, and S-carbamoylmethylcysteine cycliza-
tion of N-terminal cysteine. Mass tolerances were 10 ppm (parts per
million) mass accuracy on precursors and 0.02 Da on fragment ions.
Peptide FDR was calculated by target-decoy searching against a
reversed data set, and peptides were filtered at 1% FDR. A peak inte-
gration tolerance of 20 ppm was used for extracting TMT10 reporter
ion intensities.

Quantitation, data processing, and normalization

The resulting peptide sequences were mapped onto both human and
mouse genes using the PGx software package (version 1.0) (58) to
identify species- and gene-unique peptides (fig. S2). When a peptide
sequence was observed in both human and mouse sequences, it was
defined as “species-shared.” Otherwise, peptide sequences were defined
as “species-unique.” The species-specific peptides were further charac-
terized as gene-unique for their respective species. When a peptide was
matched to only one gene that was represented by only one database
sequence entry or multiple database sequence entries, the peptide was
defined as “gene-unique.” Otherwise, peptides were considered as
“gene-shared.” To quantify proteins at the gene level, only species-
and gene-unique peptides were used.

Relative quantification of protein abundance was performed using
the reporter ion signals from the TMT10 multiplex experiments (fig.
S2). All peptide spectrum matches (PSMs) with an FDR of <1% were
“rolled up” to the gene level by summing the peak heights for each
gene- and species-specific PSM, and quantified proteins were reported
by their respective gene symbols. Genes were excluded from further
analysis if their summed peak heights from the reporter ions were zero
or had missing values in any TMT channel. For each gene, summed
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peak heights were then normalized to the internal reference pool in-
cluded in each TMT10 plex. Mouse genes were further filtered by re-
moving plasma (59) and abundant erythrocyte proteins identified by
proteomics (60) before downstream analysis. Relative intensities were
log,-transformed, subtracted with log, scale median, and then divided
by log, scale SD sample-wise.

Statistical analysis

The coefficients of determination (R*) were represented in box plots
(Fig. 1B). In each box plot, the lower and higher whiskers represent
the first and third quartiles, respectively, the horizontal line indicates
the position of median, and dots outside of whiskers are outliers.
GSEA (version 2.2.1) analysis was performed using default param-
eters, and the software package generated statistical analysis. Hierar-
chical clustering (heatmap.2 in R) was performed using Spearman’s
correlation coefficients and Ward’s minimum variance method. Color
gradient of heatmap was set as red being the highest and blue being the
lowest protein abundance. The human and mouse data were statisti-
cally analyzed using one-way ANOVA by considering PDX samples
as multiple groups, respectively. Differences were regarded as signifi-
cant if the adjusted P value (Benjamini-Hochberg method) was less
than 0.05. For PCA, the differentially regulated human and mouse
proteins were used to calculate principal components, and the data
points projected onto the first three principal components were visual-
ized in a three-dimensional space.

To explore whether the use of male and female mice in the basal
subtype PDXs affects our species-specific proteomics results, we per-
formed PCA across all 21 tumors using the proteins with significantly
altered abundance that were identified by ANOVA. Principal com-
ponents with up to 80% variance were kept for visualization (fig. S4).

To identify interaction patterns between tumor (human) and stro-
mal (mouse) clusters, correlation analysis was performed on the basis
of significantly differentially quantified human and mouse proteins
(Fig. 4). Specifically, mouse and human proteins after applying
ANOVA were used to calculate Spearman’s correlation coefficients
between species, and P values from correlation tests were further
adjusted by Benjamini-Hochberg method. For each human protein,
the correlation with maximum absolute value in a stromal cluster
was used to represent the tumor and stromal interaction. The output
data set served as an input for GSEA analysis (Fig. 4A). The numbers
of significantly correlated human-mouse protein pairs were also re-
corded for each human protein split by mouse clusters when set
threshold for adjusted P value as 0.05 (Fig. 4B). Blue and red lines
indicate the number of negative and positive significant correlation,
respectively.

Data from breast cancer TCGA and Clinical Proteomic Tumor
Analysis Consortium (CPTAC) (Fig. 3) were used to determine the
extent to which the clusters in the mouse stroma are regulated in hu-
man patients. RNA-sequencing (RNA-seq) data from 1095 primary
breast tumors from the TCGA (36) (TCGA RNA-seq V2 pipeline)
were analyzed for coordination at the transcript level. Global iTRAQ
proteomic data from 105 patients in the CPT AC analysis of the TCGA
(37) were analyzed for coordinate protein level regulation. For the
gene sets found by hierarchical clustering of the mouse stromal data
(Fig. 2B), Spearman’s correlation coefficients were used to determine
the strength of coordination in each data set. P values (Fig. 3B) for the
correlation matrices were determined using Monte Carlo simulation
by sampling 10,000 randomized sets of equal size to the test clusters
and ranking the sums of the Spearman’s correlation coefficients. For

Wang et al,, Sci. Signal. 10, eaam8065 (2017) 8 August 2017

Fig. 3 (C and D), CPTAC proteomics data were parsed by TCGA-
assigned PAM50 subtypes and pathologic stage, respectively. Statistical
significance was assessed using Student’s ¢ tests. Data visualization was
implemented using R (version 3.1.2) unless indicated otherwise.

SUPPLEMENTARY MATERIALS
www.sciencesignaling.org/cgi/content/full/10/491/eaam8065/DC1

Fig. S1. Framework to study the tumor-intrinsic biology of breast cancer PDXs.

Fig. S2. Data processing workflow of finding species- and gene-unique PSMs.

Fig. S3. Correlation (R?) plot of protein abundance between all biological and process
replicates in the data set pre-ANOVA filtering.

Fig. S4. PCA of ANOVA-filtered proteins labeled by mouse gender.

Fig. S5. mRNA and protein abundance of the stromal proteomic signatures in individual TCGA tumors.
Fig. S6. TMT10 pooling and data acquisition.

Fig. S7. Comparison of TMT10 global reference pools A and B.

Table S1. Metastatic information and passage number of PDX in each biological replicate.
Table S2. TMT10 labeling schematic for all samples analyzed.

Table S3. PDX protein abundance.

Table S4. List of all proteins significantly correlated with each stromal cluster.

Data file S1. List of all proteins and correlation values (r) in each stromal cluster.

REFERENCES AND NOTES

1. M. W. Conklin, P. J. Keely, Why the stroma matters in breast cancer. Cell Adh. Migr. 6,
249-260 (2014).

2. P. Farmer, H. Bonnefoi, P. Anderle, D. Cameron, P. Wirapati, V. Becette, S. André, M. Piccart,
M. Campone, E. Brain, G. MacGrogan, T. Petit, J. Jassem, F. Bibeau, E. Blot, J. Bogaerts,
M. Aguet, J. Bergh, R. Iggo, M. Delorenzi, A stroma-related gene signature predicts
resistance to neoadjuvant chemotherapy in breast cancer. Nat. Med. 15, 68-74 (2009).

3. A. Bergamaschi, E. Tagliabue, T. Serlie, B. Naume, T. Triulzi, R. Orlandi, H. G. Russnes,
J. M. Nesland, R. Tammi, P. Auvinen, V.-M. Kosma, S. Menard, A-L. Barresen-Dale,
Extracellular matrix signature identifies breast cancer subgroups with different clinical
outcome. J. Pathol. 214, 357-367 (2007).

4. S.Vanharanta, J. Massagué, Origins of metastatic traits. Cancer Cell 24, 410-421
(2013).

5. K. Naxerova, R. K. Jain, Using tumour phylogenetics to identify the roots of metastasis
in humans. Nat. Rev. Clin. Oncol. 12, 258-272 (2015).

6. D.F. Quail, J. A. Joyce, Microenvironmental regulation of tumor progression and
metastasis. Nat. Med. 19, 1423-1437 (2013).

7. D.I. Gabrilovich, S. Ostrand-Rosenberg, V. Bronte, Coordinated regulation of myeloid cells
by tumours. Nat. Rev. Immunol. 12, 253-268 (2012).

8. |. Malanchi, A. Santamaria-Martinez, E. Susanto, H. Peng, H.-A. Lehr, J.-F. Delaloye,
J. Huelsken, Interactions between cancer stem cells and their niche govern metastatic
colonization. Nature 481, 85-89 (2011).

9. M. Hidalgo, F. Amant, A. V. Biankin, E. Budinskd, A. T. Byrne, C. Caldas, R. B. Clarke,
S. de Jong, J. Jonkers, G. M. Malandsmo, S. Roman-Roman, J. Seoane, L. Trusolino,
A. Villanueva, Patient-derived xenograft models: An emerging platform for translational
cancer research. Cancer Discov. 4, 998-1013 (2014).

10. S.Y. C. Choi, D. Lin, P. W. Gout, C. C. Collins, Y. Xu, Y. Wang, Lessons from patient-derived
xenografts for better in vitro modeling of human cancer. Adv. Drug Deliv. Rev. 79-80,
222-237 (2014).

11. J. R. Whittle, M. T. Lewis, G. J. Lindeman, J. E. Visvader, Patient-derived xenograft models
of breast cancer and their predictive power. Breast Cancer Res. 17, 17-20 (2015).

12. |. Garrido-Laguna, M. Uson, N. V. Rajeshkumar, A. C. Tan, E. de Oliveira, C. Karikari,

M. C. Villaroel, A. Salomon, G. Taylor, R. Sharma, R. H. Hruban, A. Maitra, D. Laheru,
B. Rubio-Viqueira, A. Jimeno, M. Hidalgo, Tumor engraftment in nude mice and
enrichment in stroma-related gene pathways predict poor survival and resistance
to gemcitabine in patients with pancreatic cancer. Clin. Cancer Res. 17, 5793-5800
(2011).

13. R. Martinez-Garcia, D. Juan, A. Rausell, M. Mufoz, N. Bafos, C. Menéndez, P. P. Lopez-Casas,
D. Rico, A. Valencia, M. Hidalgo, Transcriptional dissection of pancreatic tumors engrafted
in mice. Genome Med. 6, 27 (2014).

14. L. Ding, M. J. Ellis, S. Li, D. E. Larson, K. Chen, J. W. Wallis, C. C. Harris, M. D. McLellan,
R. S. Fulton, L. L. Fulton, R. M. Abbott, J. Hoog, D. J. Dooling, D. C. Koboldt, H. Schmidt,
J. Kalicki, Q. Zhang, L. Chen, L. Lin, M. C. Wendl, J. F. McMichael, V. J. Magrini, L. Cook,

S. D. McGrath, T. L. Vickery, E. Appelbaum, K. DeSchryver, S. Davies, T. Guintoli, L. Lin,
R. Crowder, Y. Tao, J. E. Snider, S. M. Smith, A. F. Dukes, G. E. Sanderson, C. S. Pohl,

K. D. Delehaunty, C. C. Fronick, K. A. Pape, J. S. Reed, J. S. Robinson, J. S. Hodges,

W. Schierding, N. D. Dees, D. Shen, D. P. Locke, M. E. Wiechert, J. M. Eldred, J. B. Peck,

12 of 14

/102 ‘8T 1snbny uo /610 Bewassusios axis//:dny woiy papeojumoq


http://www.sciencesignaling.org/cgi/content/full/10/491/eaam8065/DC1
http://stke.sciencemag.org/

SCIENCE SIGNALING | RESEARCH RESOURCE

B. J. Oberkfell, J. T. Lolofie, F. Du, A. E. Hawkins, M. D. O’Laughlin, K. E. Bernard,

M. Cunningham, G. Elliott, M. D. Mason, D. M. Thompson, J. L. lvanovich, P. J. Goodfellow,
C. M. Perou, G. M. Weinstock, R. Aft, M. Watson, T. J. Ley, R. K. Wilson, E. R. Mardis,
Genome remodelling in a basal-like breast cancer metastasis and xenograft. Nature 464,
999-1005 (2010).

15. S. Li, D. Shen, J. Shao, R. Crowder, W. Liu, A. Prat, X. He, S. Liu, J. Hoog, C. Ly, L. Ding,

O. L. Griffith, C. Miller, D. Larson, R. S. Fulton, M. Harrison, T. Mooney, J. F. McMichael, J. Luo,
Y. Tao, R. Goncalves, C. Schlosberg, J. F. Hiken, L. Saied, C. Sanchez, T. Giuntoli, C. Bumb,
C. Cooper, R. T. Kitchens, A. Lin, C. Phommaly, S. R. Davies, J. Zhang, M. S. Kavuri,

D. McEachern, Y. Y. Dong, C. Ma, T. Pluard, M. Naughton, R. Bose, R. Suresh, R. McDowell,
L. Michel, R. Aft, W. Gillanders, K. DeSchryver, R. K. Wilson, S. Wang, G. B. Mills,

A. Gonzalez-Angulo, J. R. Edwards, C. Maher, C. M. Perou, E. R. Mardis, M. J. Ellis,
Endocrine-therapy-resistant ESR1 variants revealed by genomic characterization of
breast-cancer-derived xenografts. Cell Rep. 4, 1116-1130 (2013).

16. G. Finak, N. Bertos, F. Pepin, S. Sadekova, M. Souleimanova, H. Zhao, H. Chen, G. Omeroglu,
S. Meterissian, A. Omeroglu, M. Hallett, M. Park, Stromal gene expression predicts
clinical outcome in breast cancer. Nat. Med. 14, 518-527 (2008).

17. A. Calon, E. Lonardo, A. Berenguer-Llergo, E. Espinet, X. Hernando-Momblona, M. Iglesias,
M. Sevillano, S. Palomo-Ponce, D. V. F. Tauriello, D. Byrom, C. Cortina, C. Morral, C. Barcelo,
S. Tosi, A. Riera, C. S.-O. Attolini, D. Rossell, E. Sancho, E. Batlle, Stromal gene expression
defines poor-prognosis subtypes in colorectal cancer. Nat. Genet. 47, 320-329 (2015).

18. A. Naba, K. R. Clauser, S. Hoersch, H. Liu, S. A. Carr, R. O. Hynes, The matrisome: In silico
definition and in vivo characterization by proteomics of normal and tumor extracellular
matrices. Mol. Cell. Proteomics 11, M111.014647 (2012).

19. R. C. Hill, E. A. Calle, M. Dzieciatkowska, L. E. Niklason, K. C. Hansen, Quantification of
extracellular matrix proteins from a rat lung scaffold to provide a molecular readout for
tissue engineering. Mol. Cell. Proteomics 14, 961-973 (2015).

20. S. Peng, C. J. Creighton, Y. Zhang, B. Sen, T. Mazumdar, J. N. Myers, A. Woolfson,

M. V. Lorenzi, D. Bell, M. D. Williams, F. M. Johnson, Tumor grafts derived from patients
with head and neck squamous carcinoma authentically maintain the molecular and
histologic characteristics of human cancers. J. Transl. Med. 11, 198 (2013).

21. M. Moro, G. Bertolini, M. Tortoreto, U. Pastorino, G. Sozzi, L. Roz, M. Moro, G. Bertolini,
M. Tortoreto, U. Pastorino, G. Sozzi, L. Roz, Patient-derived xenografts of non small cell
lung cancer: Resurgence of an old model for investigation of modern concepts of
tailored therapy and cancer stem cells. Biomed. Res. Int. 2012, 1-11 (2012).

22. A. Liberzon, A. Subramanian, R. Pinchback, H. Thorvaldsdottir, P. Tamayo, J. P. Mesirov,
Molecular signatures database (MSigDB) 3.0. Bioinformatics 27, 1739-1740 (2011).

23. S.Torres, R. A. Bartolomé, M. Mendes, R. Barderas, M. J. Fernandez-Acefiero, A. Peldez-Garcia,
C. Pefna, M. Lopez-Lucendo, R. Villar-Vazquez, A. G. de Herreros, F. Bonilla, J. I. Casal,
Proteome profiling of cancer-associated fibroblasts identifies novel proinflammatory
signatures and prognostic markers for colorectal cancer. Clin. Cancer Res. 19, 6006-6019
(2013).

24. M. J. Rutkowski, M. E. Sughrue, A. J. Kane, S. A. Mills, A. T. Parsa, Cancer and the complement
cascade. Mol. Cancer Res. 8, 1453-1465 (2010).

25. Y. Kikuchi, T. G. Kashima, T. Nishiyama, K. Shimazu, Y. Morishita, M. Shimazaki, I. Kii,

H. Horie, H. Nagai, A. Kudo, M. Fukayama, Periostin is expressed in pericryptal fibroblasts
and cancer-associated fibroblasts in the colon. J. Histochem. Cytochem. 56, 753-764
(2008).

26. J.Yu, W.Du, F. Yan, Y. WANG, H. Li, S. Cao, W. Yu, C. Shen, J. Liu, X. Ren, Myeloid-derived
suppressor cells suppress antitumor immune responses through IDO expression and
correlate with lymph node metastasis in patients with breast cancer. J. Immunol. 190,
3783-3797 (2013).

27. J. Condeelis, J. W. Pollard, Macrophages: Obligate partners for tumor cell migration,
invasion, and metastasis. Cell 124, 263-266 (2006).

28. U. E. Martinez-Outschoorn, M. P. Lisanti, F. Sotgia, Catabolic cancer-associated fibroblasts
transfer energy and biomass to anabolic cancer cells, fueling tumor growth. Semin. Cancer
Biol. 25, 47-60 (2014).

29. S. Pavlides, D. Whitaker-Menezes, R. Castello-Cros, N. Flomenberg, A. K. Witkiewicz,

P. G. Frank, M. C. Casimiro, C. Wang, P. Fortina, S. Addya, R. G. Pestell,

U. E. Martinez-Outschoorn, F. Sotgia, M. P. Lisanti, The reverse Warburg effect: Aerobic
glycolysis in cancer associated fibroblasts and the tumor stroma. Cell Cycle 8, 3984-4001
(2009).

30. A.Casazza, G. Di Conza, M. Wenes, V. Finisguerra, S. Deschoemaeker, M. Mazzone, Tumor
stroma: A complexity dictated by the hypoxic tumor microenvironment. Oncogene 33,
1743-1754 (2013).

31. M.Y.Fong, W. Zhou, L. Liu, A. Y. Alontaga, M. Chandra, J. Ashby, A. Chow, S. T. F. O’Connor,
S. Li, A. R. Chin, G. Somlo, M. Palomares, Z. Li, J. R. Tremblay, A. Tsuyada, G. Sun,

M. A. Reid, X. Wu, P. Swiderski, X. Ren, Y. Shi, M. Kong, W. Zhong, Y. Chen, S. E. Wang,
Breast-cancer-secreted miR-122 reprograms glucose metabolism in premetastatic
niche to promote metastasis. Nat. Cell Biol. 17, 183-194 (2015).

32. A.Sica, A. Mantovani, Macrophage plasticity and polarization: In vivo veritas. J. Clin. Invest.

122, 787-795 (2012).

Wang et al,, Sci. Signal. 10, eaam8065 (2017) 8 August 2017

33.

34.

35.

36.

37.

38.

39.

40.

41.

42.

43.

44,

45.

46.

47.

48.

49.

50.

51.

52

53.

54.

55.

56.

Y. Luo, H. Zhou, J. Krueger, C. Kaplan, S.-H. Lee, C. Dolman, D. Markowitz, W. Wu, C. Liu,
R. A. Reisfeld, R. Xiang, Targeting tumor-associated macrophages as a novel strategy
against breast cancer. J. Clin. Invest. 116, 2132-2141 (2006).

F. Zhang, H. Liu, G. Jiang, H. Wang, X. Wang, H. Wang, R. Fang, S. Cai, J. Du, J. Krijgsveld,
Changes in the proteomic profile during the differential polarization status of the
human monocyte-derived macrophage THP-1 cell line. Proteomics 15, 773-786 (2015).
R. Noy, J. W. Pollard, Tumor-associated macrophages: From mechanisms to therapy.
Immunity 41, 49-61 (2014).

Cancer Genome Atlas Network, Comprehensive molecular portraits of human breast
tumours. Nature 490, 61-70 (2012).

P. Mertins, D. R. Mani, K. V. Ruggles, M. A. Gillette, K. R. Clauser, P. Wang, X. Wang,

J. W. Qiao, S. Cao, F. Petralia, E. Kawaler, F. Mundt, K. Krug, Z. Tu, J. T. Lei, M. L. Gatza,
M. Wilkerson, C. M. Perou, V. Yellapantula, K-I. Huang, C. Lin, M. D. McLellan, P. Yan,

S. R. Davies, R. R. Townsend, S. J. Skates, J. Wang, B. Zhang, C. R. Kinsinger, M. Mesri,
H. Rodriguez, L. Ding, A. G. Paulovich, D. Fenyo, M. J. Ellis, S. A. Carr, Proteogenomics
connects somatic mutations to signalling in breast cancer. Nature 534, 55-62 (2016).

P. F. Zipfel, C. Skerka, Complement regulators and inhibitory proteins. Nat. Rev. Immunol.
9, 729-740 (2009).

C. Medrek, F. Pontén, K. Jirstrom, K. Leandersson, The presence of tumor associated
macrophages in tumor stroma as a prognostic marker for breast cancer patients.

BMC Cancer 12, 306 (2012).

A. E. Teschendorff, A. Miremadi, S. E. Pinder, 1. O. Ellis, C. Caldas, An immune response
gene expression module identifies a good prognosis subtype in estrogen receptor
negative breast cancer. Genome Biol. 8, R157 (2007).

D. Hanahan, R. A. Weinberg, Hallmarks of cancer: The next generation. Cell 144, 646-674
(2011).

A. Liberzon, C. Birger, H. Thorvaldsdottir, M. Ghandi, J. P. Mesirov, P. Tamayo, The Molecular
Signatures Database (MSigDB) hallmark gene set collection. Cell Syst. 1, 417-425 (2015).
C. Frankenberger, D. Rabe, R. Bainer, D. Sankarasharma, K. Chada, T. Krausz, Y. Gilad,

L. Becker, M. R. Rosner, Metastasis suppressors regulate the tumor microenvironment by
blocking recruitment of prometastatic tumor-associated macrophages. Cancer Res. 75,
4063-4073 (2015).

M. Hasmim, S. Bruno, S. Azzi, C. Gallerne, J. G. Michel, G. Chiabotto, V. Lecoz, C. Romei,
G. M. Spaggiari, A. Pezzolo, V. Pistoia, E. Angevin, S. Gad, S. Ferlicot, Y. Messai, C. Kieda,
D. Clay, F. Sabatini, B. Escudier, G. Camussi, P. Eid, B. Azzarone, S. Chouaib, Isolation and
characterization of renal cancer stem cells from patient-derived xenografts. Oncotarget 7,
15507-15524 (2015).

A. Naba, K. R. Clauser, J. M. Lamar, S. A. Carr, R. O. Hynes, Extracellular matrix signatures
of human mammary carcinoma identify novel metastasis promoters. eLife 3, e01308
(2014).

H. I. Suzuki, A. Katsura, H. Matsuyama, K. Miyazono, MicroRNA regulons in tumor
microenvironment. Oncogene 11, 3085-3094 (2014).

S. Hanash, M. Schliekelman, Proteomic profiling of the tumor microenvironment: Recent
insights and the search for biomarkers. Genome Med. 6, 12 (2014).

H. Bolouri, Network dynamics in the tumor microenvironment. Semin. Cancer Biol. 30,
52-59 (2015).

E. Hirata, M. R. Girotti, A. Viros, S. Hooper, B. Spencer-Dene, M. Matsuda, J. Larkin, R. Marais,
E. Sahai, Intravital imaging reveals how BRAF inhibition generates drug-tolerant
microenvironments with high integrin p1/FAK signaling. Cancer Cell 27, 574-588 (2015).
M. Koti, A. Siu, I. Clément, M. Bidarimath, G. Turashvili, A. Edwards, K. Rahimi,

A-M. Mes-Masson, A-M. M. Masson, J. A. Squire, A distinct pre-existing inflammatory
tumour microenvironment is associated with chemotherapy resistance in high-grade
serous epithelial ovarian cancer. Br. J. Cancer 112, 1215-1222 (2015).

M. R. Junttila, F. J. de Sauvage, Influence of tumour micro-environment heterogeneity on
therapeutic response. Nature 501, 346-354 (2013).

J. A. Burger, Targeting the microenvironment in chronic lymphocytic leukemia is changing
the therapeutic landscape. Curr. Opin. Oncol. 24, 643-649 (2012).

W. Liang, M. Kujawski, J. Wu, J. Lu, A. Herrmann, S. Loera, Y. Yen, F. Lee, H. Yu, W. Wen,
R. Jove, Antitumor activity of targeting SRC kinases in endothelial and myeloid cell
compartments of the tumor microenvironment. Clin. Cancer Res. 16, 924-935 (2010).

T. E. Rohan, X. Xue, H-M. Lin, T. M. D'Alfonso, P. S. Ginter, M. H. Oktay, B. D. Robinson,
M. Ginsberg, F. B. Gertler, A. G. Glass, J. A. Sparano, J. S. Condeelis, J. G. Jones, Tumor
microenvironment of metastasis and risk of distant metastasis of breast cancer. J. Natl.
Cancer Inst. 106, dju136 (2014).

D. W. McMillin, J. M. Negri, C. S. Mitsiades, The role of tumour-stromal interactions in
modifying drug response: Challenges and opportunities. Nat. Rev. Drug Discov. 12,
217-228 (2013).

P. Mertins, F. Yang, T. Liu, D. R. Mani, V. A. Petyuk, M. A. Gillette, K. R. Clauser, J. W. Qiao,
M. A. Gritsenko, R. J. Moore, D. A. Levine, R. Townsend, P. Erdmann-Gilmore, J. E. Snider,

S. R. Davies, K. V. Ruggles, D. Fenyo, R. T. Kitchens, S. Li, N. Olvera, F. Dao, H. Rodriguez,
D. W. Chan, D. Liebler, F. White, K. D. Rodland, G. B. Mills, R. D. Smith, A. G. Paulovich,
M. Ellis, S. A. Carr, Ischemia in tumors induces early and sustained phosphorylation

13 of 14

/102 ‘8T 1snbny uo /610 Bewassusios axis//:dny woiy papeojumoq


http://stke.sciencemag.org/

SCIENCE SIGNALING | RESEARCH RESOURCE

changes in stress kinase pathways but does not affect global protein levels. Mol. Cell
Proteomics 13, 1690-1704 (2014).

57. D. Mellacheruvu, Z. Wright, A. L. Couzens, J.-P. Lambert, N. A. St-Denis, T. Li, Y. V. Miteva,
S. Hauri, M. E. Sardiu, T. Y. Low, V. A. Halim, R. D. Bagshaw, N. C. Hubner, A. al-Hakim,
A. Bouchard, D. Faubert, D. Fermin, W. H. Dunham, M. Goudreault, Z.-Y. Lin, B. G. Badillo,
T. Pawson, D. Durocher, B. Coulombe, R. Aebersold, G. Superti-Furga, J. Colinge,
A. J. R. Heck, H. Choi, M. Gstaiger, S. Mohammed, I. M. Cristea, K. L. Bennett,
M. P. Washburn, B. Raught, R. M. Ewing, A.-C. Gingras, A. |. Nesvizhskii, The CRAPome:
A contaminant repository for affinity purification-mass spectrometry data. Nat. Methods
10, 730-736 (2013).

58. M. Askenazi, K. V. Ruggles, D. Fenyo, PGx: Putting peptides to BED. J. Proteome Res. 15,
795-799 (2016).

59. C.Tu, P. A. Rudnick, M. Y. Martinez, K. L. Cheek, S. E. Stein, R. J. C. Slebos, D. C. Liebler,
Depletion of abundant plasma proteins and limitations of plasma proteomics.
J. Proteome Res. 9, 4982-4991 (2010).

60. D. G. Kakhniashvili, L. A. Bulla Jr., S. R. Goodman, The human erythrocyte proteome:
Analysis by ion trap mass spectrometry. Mol. Cell. Proteomics 3, 501-509 (2004).

Acknowledgments: We thank A. Davis, J. Malone, and J. Rumsey for support with data
acquisition and implementing data analysis across multiple software platforms. Funding: We
thank the Alvin J. Siteman Cancer Center at Washington University School of Medicine and
Barnes-Jewish Hospital in St. Louis, MO, for the use of the Proteomics Shared Resource, which

Wang et al,, Sci. Signal. 10, eaam8065 (2017) 8 August 2017

provided support with sample preparation. The Siteman Cancer Center is supported in part
by National Cancer Institute Cancer Center Support grant P30 CA91842 (R.RT.). We also
acknowledge funding from U24 CA210972 (D.F. and L.D.), Leidos Biomedical Research Inc.
contract 13XS068 (D.F.), U24 CA160035 (RR.T. and M.J.E.), and T32GM007067-41 T32 training
grant (A.D.M.). Author contributions: XW,, P.E-G, RV.,, SRD, RB, MJE, JCR, RRT, DF,
and JM.H. designed research. P.E-G., Q.Z, and S.L. performed experiments. XW., RV, RB., S.L,
J.CR, and D.F. contributed new reagents or analytic tools. XW., AD.M., Q.Z, RV, K-lH,,

LD. RRT, D.F, and JMH. analyzed the data. XW., SR.D, BAVT, JS, RRT, D.F, and JMH.
synthesized results and wrote the paper. Competing interests: The authors declare that
they have no competing interests. Data and materials availability: All raw LC-MS data and
peak lists are deposited and available from MassIVE (http://massive.ucsd.edu), data set
MSV000080670, and ProteomeXchange, data set PXD006162.

Submitted 19 January 2017
Accepted 18 July 2017
Published 8 August 2017
10.1126/scisignal.aam8065

Citation: X. Wang, A. D. Mooradian, P. Erdmann-Gilmore, Q. Zhang, R. Viner, S. R. Davies, K-l. Huang,
R. Bomgarden, B. A. Van Tine, J. Shao, L. Ding, S. Li, M. J. Ellis, J. C. Rogers, R. R. Townsend, D. Fenyg,
J. M. Held, Breast tumors educate the proteome of stromal tissue in an individualized but
coordinated manner. Sci. Signal. 10, eaam8065 (2017).

14 of 14

/102 ‘8T 1snbny uo /610 Bewassusios axis//:dny woiy papeojumoq


http://stke.sciencemag.org/

Science Signaling

Breast tumors educate the proteome of stromal tissue in an individualized but coordinated
manner

Xuya Wang, Arshag D. Mooradian, Petra Erdmann-Gilmore, Qiang Zhang, Rosa Viner, Sherri R. Davies, Kuan-lin Huang,
Ryan Bomgarden, Brian A. Van Tine, Jieya Shao, Li Ding, Shungiang Li, Matthew J. Ellis, John C. Rogers, R. Reid Townsend,
David Feny6 and Jason M. Held

Sci. Signal. 10 (491), eaam8065.
DOI: 10.1126/scisignal.aam8065

Profiling the tumor stroma proteome

Communication between a tumor and cells in the surrounding stroma contributes to tumor growth, progression,
and drug resistance. Thus, targeting this communication, in the primary tumor and especially in metastatic niches, may
be an effective way to treat cancer. Wang et al. grew patient breast tumors subcutaneously in mice and obtained
species-distinguished proteomic profiles of the tumors (human) and tumor-associated stroma (mouse). The authors
found that all breast tumors consistently altered clustered subsets of the stromal proteome, particularly proteins involved
in immune signaling, but that these varied in a subtype- and stage-specific manner. These findings may have future
implications for treatment stratification and provide a platform from which to understand this experimental model and
tumor-stroma interactions on a large-scale protein level.

ARTICLE TOOLS http://stke.sciencemag.org/content/10/491/eaam8065

EALAF%E'—REX'LESNTARY http://stke.sciencemag.org/content/suppl/2017/08/04/10.491.eaam8065.DC1
RELATED . - i

CONTENT http://stke.sciencemag.org/content/sigtrans/10/470/eaan0430.full

http://stke.sciencemag.org/content/sigtrans/10/470/eaai8288.full
http://stke.sciencemag.org/content/sigtrans/10/491/eaao05803.full

REFERENCES This article cites 59 articles, 12 of which you can access for free
http://stke.sciencemag.org/content/10/491/eaam8065#BIBL

PERMISSIONS http://www.sciencemag.org/help/reprints-and-permissions

Use of this article is subject to the Terms of Service

Science Signaling (ISSN 1937-9145) is published by the American Association for the Advancement of Science, 1200 New
York Avenue NW, Washington, DC 20005. 2017 © The Authors, some rights reserved; exclusive licensee American
Assaociation for the Advancement of Science. No claim to original U.S. Government Works. The title Science Signaling is a
registered trademark of AAAS.

/102 ‘8T 1snbny uo /610 Bewassusios axis//:dny woiy papeojumoq


http://stke.sciencemag.org/content/10/491/eaam8065
http://stke.sciencemag.org/content/suppl/2017/08/04/10.491.eaam8065.DC1
http://stke.sciencemag.org/content/sigtrans/10/470/eaan0430.full
http://stke.sciencemag.org/content/sigtrans/10/470/eaai8288.full
http://stke.sciencemag.org/content/sigtrans/10/491/eaao5803.full
http://stke.sciencemag.org/content/10/491/eaam8065#BIBL
http://www.sciencemag.org/help/reprints-and-permissions
http://www.sciencemag.org/about/terms-service
http://stke.sciencemag.org/

