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Abstract

We outline a framework for elucidating tumor genetic complexity through multidimensional
protein-protein interaction maps and apply it to enhance the understanding of head-and-neck
squamous cell carcinoma. This network uncovers 771 interactions from cancer and non-cancerous
cell states including wild-type and mutant protein isoforms. Prioritization of cancer enriched
interactions reveals a previously unidentified association of the FGF receptor tyrosine kinase 3
with Daple, a guanine-nucleotide exchange factor, resulting in activation of Gai and PAK1/2 to
promote cancer cell migration. Additionally, we observe mutation enriched interactions between
the HERS3 receptor tyrosine kinase and PIK3CA that can inform the response to HER3 inhibition
in vivo. We anticipate the application of this framework will be valuable to translate genetic
alterations into a molecular and clinical understanding of the underlying biology of many disease
areas.

One Sentence Summary:

Comparative protein interaction analysis of genes altered in head and neck cancer instructs the
selection of therapeutic targets.

Genome sequencing efforts over the past decade have profiled the genetic landscape of
thousands of patient tumors and solidified the concept of cancer as a highly heterogeneous
disease (1-8). Evidence from these efforts has also revealed that thousands of genes are
altered in cancer, presenting an overwhelming degree of complexity that has limited the
power of connecting individual alterations with cancer patient phenotypes. To facilitate
interpretation, powerful network biology approaches have been developed, in which protein
network knowledge is used to aggregate individual tumor mutations and, on the basis

of altered networks, predict patient survival and response to therapy (9-19). Such network-
based approaches rely strongly on existing databases of molecular interactions. To date,

the vast majority of publicly available human protein-protein interactions (PPIs) networks
have been populated primarily by systematic efforts either without human cellular context
(yeast two-hybrid) (20, 21) or by affinity purification-mass spectrometry (AP-MS) (22-24)
in workhorse cell lines that lack cancer context, such as HEK293T embryonic kidney cells.
With the growing recognition that such PPIs can vary significantly across cellular contexts
(25), the generation and incorporation of physical and functional networks in a cancer
context likely represents a critical component to interpret and predict cancer biology and its
clinical outcomes (26).

To explore the utility of PPl maps generated in a cancer context, we conducted AP-MS
experiments to map protein networks in the context of head and neck squamous cell
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carcinoma (HNSCC) guided by analyses such as TCGA. HNSCC is a cancer affecting
squamous mucosal epithelial cells in the oral cavity, pharynx and larynx, and is estimated to
be the sixth most common malignancy worldwide (27). Despite a wealth of data detailing
the genetic alterations in this tumor type (28), only two types of targeted therapies are
presently available (27). Therefore, HNSCC presents an opportunity to apply emerging,
quantitative, systems approaches to both identify new therapeutic targets, as well as to
further our understanding of existing targets, such as PIK3CA. PIK3CA is the most
commonly mutated oncogene in HNSCC and encodes p110alpha (p110a), the catalytic
subunit of phosphatidylinositol 3-kinase (PI3K). A hallmark of numerous tumor types,
hyperactivation of PI3K can be directly attributed to either amplification or mutation of

the PIK3CA and results in activation of the Akt/mTOR pathway. While the function of the
canonical PIK3CA mutations (e.g. E542K, E545K, and H1047R) are well-studied, much
remains to be learned about how the numerous non-canonical mutations regulate PIK3CA
interactions and function (29-31). Here, we present a comparative AP-MS analysis across 3
cell lines for 31 genes frequently altered in HNSCC, including 16 P/K3CA mutations.

Mapping of the head and neck cancer interactome

To characterize the protein-protein interaction landscape of HNSCC, we selected proteins
based on altered molecular pathways identified from the TCGA analysis of HNSCC tumors
(Fig. 1A) (7). Additional proteins were added based on genes with recurrent point mutations
or a previously published association with HNSCC (32-35). In total, we selected 33 protein
baits, of which 31 were experimentally tractable (Materials and methods and table S1).
Importantly, 99% of HNSCC patients harbor an alteration in one or more of these proteins
(Fig. 1A).

For those baits with recurrent point mutations, both the wild-type (WT) and mutant

forms of the protein were tagged, purified and analyzed. Each bait was expressed as a
3XFLAG-tagged protein under the control of a doxycycline-inducible promoter in biological
triplicate in three separate cell lines (Fig. 1B). We selected two HPV-negative HNSCC cell
lines (SCC-25 and CAL-33) that harbor many genetic alterations present in the HNSCC
patient population (Fig. 1A) and have previously been shown to have RNA profiles highly
correlated with those of HNSCC patients (Spearman correlation = 0.66 and 0.69 for CAL-33
and SCC-25, respectively) (7, 33, 35, 39). Additionally, an immortalized non-tumorigenic
cell line, HET-1A, was used from a similar anatomical location (esophagus) for comparison.
We then used a previously described AP-MS workflow to identify PPIs from these three
cell lines (Fig. 1B) (40). We elected to report a conservative and high-confidence protein-
protein interaction map by requiring PPIs to pass stringent criteria by two complementary
PPI scoring algorithms; SAINTexpress and CompPASS (Materials and methods) (22, 41,
42). Using this workflow, a total of 771 high-confidence PPIs (HC-PPIs) were identified
involving 654 proteins (Fig. 1B, fig. S1A-B, data S2 and data S3), for an average of 25 PPIs
per bait gene.

We and others have shown that alteration profiles in cancer are organized into molecular
networks in which the interaction partners of frequently altered proteins incur a higher rate
of alteration than a random selection of genes (9, 10, 43, 44). Thus, we tested whether
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our HNSCC HC-PPI set was enriched for different types of alterations measured in the
HNSCC TCGA cohort (Materials and methods). Our dataset was indeed highly enriched
for preys with point mutations; however, this enrichment was not observed for alterations in
MRNA expression or for chromosomal rearrangements (Fig. 1C-E). Despite the overall lack
of enrichment for generic mMRNA alterations, we do find that PPIs from each cell line are
significantly enriched in proteins whose mMRNA expression profiles are prognostic in TCGA
for HNSCC (Fig. S1C).

Of the 771 HC-PPIs detected, the majority (84%) had not been previously reported in public
PPI databases (Fig. 1F). This high percentage of novel interactions likely reflects the fact
that differences across cellular contexts exist for PPIs and that nearly all systematic PPI
analyses to date have been performed in only HEK293T or HelLa cell lines (22-24). This
proportion of novel interactions, presumably due to cell type specificity, is also supported
by the observation that significant differences in PPIs are observed even across the cell lines
in this study (Fig. 1G), with only 24 PPIs being conserved across all cell lines analyzed
(Fig. 1H and fig. S1D). Notably, many well-studied cancer proteins are included in the novel
interactions. For example, in SCC-25 cells we observed physical interactions between the
proto-oncoprotein MYC and each of two DNA repair proteins, PARP1 and TOP1. MYC

has previously been shown to regulate PARP1 activity (45). The MYC:PARP1 interaction

is supported by previous studies reporting MYC:TOP1 (46) and PARP1:TOP1 interactions
47).

Similarly, purification of tagged KEAP1 in SCC-25 cells revealed an interaction with
AJUBA, a scaffolding protein involved in the regulation of numerous cellular processes,
including negative regulation of Wnt/B-catenin signaling (48). Until recently, AJUBA was
not associated with HNSCC, however tumor genome analysis revealed it is inactivated in 7%
of HPV-negative tumors (7). The KEAP1:AJUBA interaction was further supported by our
identification of a physical connection in HET-1A cells between KEAP1 and SQSTM1, a
known AJUBA interactor (49-52).

A statistical approach to evaluate cell-type specificity of interactions

To identify interactions with relevance to cancer biology, we sought to compare PPIs across
cell lines and prioritize those that are seemingly cancer-enriched,; i.e. those that exist in
both CAL-33 and SCC-25, the two HNSCC cancer cell lines, but absent in the HET-1A non-
tumorigenic cell line. However, a simple overlap analysis of the sets of HC-PPlIs identified
by each cell line does not faithfully represent whether a PP1 is shared. For example, a PPI
might erroneously appear to be specific for a single cell line when it passes the threshold
for HC-PPIs in that cell line (i.e., a true positive) while falling slightly below the threshold
(i.e., false negative) in a second. Accordingly, we developed a method for calculating
differential interaction scores (DIS) for each PPI, with associated Bayesian false discovery
rates (BFDR). This method is based on the SAINTexpress score (41), which reports on

the probability of a PPI in a single cell line given the AP-MS data. Here, quantitative
SAINTexpress probabilities were combined across the three cell lines to generate the DIS
(Materials and methods), allowing for the identification of PPIs that are enriched in either
the two cancer cell lines or the non-cancerous cells.
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Application of the DIS method to our HC-PPIs identified interactions enriched in HNSCC
cells as well as those enriched in the HET-1A non-tumorigenic background (Fig. 2A-B

and data S4). For example, the interaction profile for cyclin D1 was dramatically rewired
between HNSCC and HET-1A (Fig. 2C). Cyclin D1, encoded by the CCNDI gene, is

one of the most commonly altered oncogenes in HNSCC, being amplified in 31% of HPV-
negative HNSCC tumors (7). Cyclin D1 interacts with the cyclin-dependent kinase inhibitors
CDKNI1A (p21) and CDKN1B (p27) in all three cell lines, but preferentially interacts with
multiple cyclin-dependent kinases (CDKs) only in HNSCC cells. This interaction preference
was not unexpected, as CCND1:CDKA4/6 interactions are known to be essential for cell
proliferation and thus can contribute to uncontrolled cell cycle progression in cancer cells
(53). Consistent with these findings, we observe the HNSCC cell lines have increased
growth rates when compared to HET-1A (Fig. S2A).

We also found a previously uncharacterized interaction of cyclin D1 with components

of the PI3K complex (PIK3CA, PIK3R1/2) exclusively detected by AP-MS in HET-1A
cells, an interaction that was further validated by a proximity ligation assay (PLA) in
HET-1A cells expressing FLAG-tagged CCND1 (Fig. S2B-D). Lastly, we evaluated the
cellular localization of the interaction, as cyclin D1 is usually associated with the nucleus,
while PI3K is primarily associated with cytoplasmic and plasma membrane localization.
We observed the interaction to be 80% cytoplasmic in localization (Fig. S2E), indicating
a non-canonical localization of CCND1, which has been observed previously in certain
cell types (54). The cell type enrichment of this particular interaction, along with several
others, is further supported by targeted proteomic analysis (Fig. S3A). Lastly, we evaluated
the relationship between cell-type PPI enrichment and both bait expression levels or prey
expression levels (Fig. S3B-D). In general, we find virtually no correlation between these
factors, suggesting that a diversity of factors likely influence PPI cell-type specificity.

Identification of a novel FGFR3:Daple interaction that regulates Ga.i-

mediated migratory signaling

To uncover cancer-enriched interactions, we ranked PPIs by their DIS (Fig. 2D), focusing
on those PPIs with greatest enrichment (DIS > 0.5) or depletion (DIS < -0.5) in the
HNSCC cell lines (Fig. 2E). This analysis prioritized a previously unknown interaction
between FGFR3 and CCDCB88C, which was strongly observed in both CAL-33 and SCC-25
cells but not in HET-1A (Fig. 3A). FGFR3 is a receptor tyrosine kinase (RTK) that
recognizes fibroblast growth factor (FGF) and mediates cellular proliferation, survival and
differentiation. Meanwhile, CCDC88C, also known as Daple, is a 228-kDa scaffolding
protein with roles in mediating both canonical and non-canonical Wnt signaling (56-59).
Daple regulates Wnt through its interaction with the protein Disheveled (Dvl) (56), and

it can also interact with RTKSs, including EGFR and ERBB2 (HER2) (57), leading to

its phosphorylation and dissociation from Disheveled (57). Upon this dissociation, Daple
translocates from the cytoplasm to the plasma membrane where it functions as a guanine
nucleotide exchange factor (GEF) to activate G proteins (Gai) and promote Akt signaling,
cell migration, and invasion (Fig. 3B) (60). We detected the previously characterized
ERBB2:Daple interaction (57) in CAL-33 cells, in addition to the FGFR3:Daple interaction,
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which we hypothesized may function to promote Ga.i activation in an FGFR3-dependent
manner.

To test this idea, we used a split luciferase assay (Gai NanoBiT) in which signal is

lost upon activation of Gai and dissociation from Gp+y (Fig. 3C). As a control, we first
transfected an engineered Designer Receptor Exclusively Activated by Designer Drugs
(DREADD) receptor and stimulated the resulting cell population with the DREADD ligand,
clozapine-N-oxide (CNO). We observed robust Ga.i activation and corresponding loss of
luciferase signal in both CAL-33 and HET-1A cell lines (Fig. S3A). Next, we observed that
in the CAL-33 cells, where we had detected the interaction between FGFR3 and Daple,
FGF stimulation similarly induced Ga.i activation; however, no such activation occurred

in HET-1A cells (Fig. 3D). Using siRNA knockdowns, we found that Ga.i activation in
CAL-33 cells was dependent on both FGFR3 and Daple (Fig. 3D-E and fig. S3B). FGF
also rapidly induced ERK phosphorylation in both CAL-33 and HET-1A cells, in line

with canonical RTK signaling (Fig. S3C). FGF-mediated Ga.i activation in CAL-33 cells
results in downstream phosphorylation of PAK1/2, an event not observed in HET-1A (Fig.
3F), and this increased phosphorylation was dependent upon both FGFR3 and Daple (Fig.
S3D-E). PAK1/2 activity is known to promote cell migration and invasion and is associated
with aggressive tumor behavior and poor patient prognosis in HNSCC (61). Thus, we

also evaluated whether FGF stimulation promoted cell migration and, indeed, a statistically
significant increase was observed (Fig. S3F-G). Importantly, the FGF-induced migration was
not blocked by mitomycin C treatment, suggesting that the effects of FGF promoted cell
migration, and were independent of growth factor-stimulated proliferation.

Next, we evaluated if this pathway could be inhibited by the FGFR inhibitor, Infigratinib.
Indeed, we find that Infigratinib prevented PAK1/2 phosphorylation upon FGF stimulation
(Fig. 3G and fig. S3H), and likewise also prevented cell migration (Fig. 3H-1) in CAL-33
cells. To determine if these observations may be more broadly applicable in more cell types,
we first looked at FGFR3 and Daple expression in all upper airway and esophageal cell lines
using DepMap (62). We find that both cancer cell lines in which we detect the FGFR3:Daple
interaction have above average Daple expression (Fig. 3J). Stratification of cell lines by

high and low Daple expression revealed that cell lines with high Daple were more sensitive
to a pan FGFR inhibitor (FGFR1/2/3) than those with low Daple expression (Fig. 3K).
Importantly, there was no difference in sensitivity to inhibition of FGFR1 among high and
low Daple expressing cells, suggesting that the inhibition of FGFR3 may be particularly
important for cells with high Daple expression. In total, these results support a mechanism
for regulating Ga.i activity via FGFR3 and Daple, resulting in increased PAK1/2 activation
and cell migration, signaling that can be effectively inhibited using FGFR inhibitors.

Quantitative analysis of the mutant PIK3CA interactome

Phosphatidylinositol 3-kinase (PI3K) is a multiprotein kinase complex consisting of a
pll0alpha (p110a) catalytic subunit that is encoded by the PIK3CA gene, and a p85
regulatory subunit. Engagement of the SH2 domains of p85 with phosphorylated YxxM
motifs is essential for PI3K signaling by releasing p110a. autoinhibition and mediating
recruitment of PI3K to the plasma membrane (63). Upon activation, PI3K is a potent
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mediator of cellular signaling, interacting with both intracellular small GTPases (e.g.,
RAS proteins) as well as receptor kinases (e.g., EGFR) to regulate downstream signaling
primarily through the Akt/mTOR pathway (Fig. 4A). We selected 16 different PIK3CA
mutations observed in HNSCC patients and quantitatively assessed the effects of these
mutations on p110a interaction partners (Fig. 4B, Fig. S5 and data S5). Importantly, these
mutations were distributed across multiple domains within the p110a protein (Fig. 4C).

Examining the protein-protein interaction profiles of WT PIK3CA and the corresponding
mutants in SCC-25 cells revealed a high similarity in interaction patterns for five of the
PIK3CA mutants (E110DEL, V344G, E542K, E545G, and E545K) (Fig. 4D), driven by a
strong increase in interaction of these mutants with three proteins: ERBB3 (HER3), GAB1,
and IRS1. All of these prey proteins contain multiple YxxM motifs, representing consensus
binding sites for the two SH2 domains (nSH2 and cSH2) located in the PI3K p85 regulatory
subunit (64). The interaction between phosphorylated YxxM tyrosine and the SH2 domain
serves to release the PI3KCA autoinhibition and recruit it to the plasma membrane to enable
PIP2 phosphorylation. The helical domain mutants (E545K, E545G, E542K) are poised to
disrupt the interaction of p110a with its auto-inhibitory p85 subunits, making the p85 nSH2
domain more readily available for interaction with phosphorylated YxxM motifs. Outside
of this primary cluster of mutations, we also observed other mutation sites (e.g., K111E

and G1007R) with a strong increase in HER3 binding. In these cases also, mutations are
expected to compromise the p85-imposed inhibition of the p110a catalytic module, either
by disruption of the ABD domain relative to the inhibitory iSH2 module of p85 (K111E,
Fig. 4E), or by disruption of a hydrophobic cluster coordinating amino acids from multiple
p110a domains (G1007R, Fig. 4F).

HNSCC tumors display a high preference for PIK3CA helical mutations as compared to
kinase domain mutations (Fig. 5A). Our results suggest that PIK3CA mutations which
disrupt the autoinhibition of PI13K (e.g. helical domain mutations) may rely on upstream
signals that present multiple phosphorylated YxxM sites for signaling (Fig. 4G). In HNSCC,
this signal is likely to be an activated HER3 receptor. In support of this synergy, HNSCC
tumors have the highest mRNA levels for the HER3-activating ligand, neuregulin-1 (NRG1),
across TCGA PanCancer studies with PIK3CA mutations (Fig. 5A). /n vitro analysis in the
SCC-25 mutant PIK3CA cell lines also demonstrates a strong positive correlation between
the interaction of individual PIK3CA mutants with HER3, as measured by AP-MS, and
HERS3 activation, as measured by immunoblotting of Y1197 phosphorylation (r = 0.75, Fig.
5B and fig. S6A). Furthermore, the increased interaction between helical domain PIK3CA
mutants and HER3 is conserved across several additional cell lines tested (Fig. S6B-D). In
contrast, kinase domain mutations are known to innately associate with the membrane and
therefore to be less dependent on other proteins for membrane recruitment (67). Indeed, we
observed low levels of HER3 interaction and phosphorylation (Fig. 4D, Fig. 5B, fig. S6B-D)
with the H1047R mutant, suggesting that it might drive oncogenesis in a HER3-independent
fashion. We therefore hypothesized that HNSCC tumors harboring PIK3CA helical domain
mutations may be selectively sensitive to HER3 inhibitor treatment, while the kinase domain
mutation (H1047R) may confer resistance to HER3-inhibition /in vivo.
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To test this hypothesis, we generated isogenic CAL-27 cell lines overexpressing either WT,
E542K, E545K, or H1047R mutant isoforms of PIK3CA - CAL-27 cells were used, as

they are diploid for WT PIK3CA. We injected these engineered lines into the flanks of
athymic nude mice (Materials and methods), and then treated the mice with either saline
(control) or the HER3 monoclonal inhibitor CDX3379 over the course of 15 days. Tumor
size was monitored and as expected, tumors harboring the H1047R mutant were resistant to
CDX3379. Intriguingly, both the helical domain mutants, E542K and E545K and wild-type
PIK3CA were sensitive to CDX3379 treatment, resulting in almost complete inhibition of
tumor growth (Fig. 5C-D and fig. S6E). From these results, we hypothesize that even in the
presence of wild-type PIK3CA, low levels of HER3 binding and HER3 phosphorylation are
sufficient and represent an essential mechanism for recruitment of PIK3CA to the membrane
and subsequent PI3K activation.These results underscore that only HNSCC patients carrying
PI3KCA variants that are still dependent on association with HER3 (wild-type and helical
domain mutants) will benefit from HER3-targeted therapeutics.

To further investigate the mechanisms regulating these /n vivo phenotypes, we assessed the
levels of phosphorylated Akt (pAkt), a downstream mediator of PI3K signaling, in CAL-27
cells. For mutants in which CDX3379 treatment inhibited tumor growth /n vivo, in vitro
treatment resulted in significant downregulation of pAkt levels, whereas no such decrease
was observed for the CDX3379-resistant H1047R-expressing cells (Fig. 5E and fig. S6F).

Discussion

In order to truly understand the complexities of the cell, it has been hypothesized that one
would need a list of the protein machines, or complexes, that carry out all of its functions
(69). Obtaining such a map would be instrumental in not only understanding how a healthy
cell functions but how mutations impact on these machines, and the pathways in which

they function (70), in disease states like cancer. Using this premise as a motivation, in this
study, we examined the physical landscape of protein-protein interactions targeting genes
genetically linked to HNSCC, revealing hundreds of novel PPIs. We observe that these
interactions are highly specific to the cell line of study and that mutations in key cancer
genes impact on PPI interactions in ways that can provide important mechanistic insight
and inform response to targeted treatments. In support of previous observations (25) and our
accompanying manuscript (Kim et al., submitted), these results suggest the exciting premise
that there remains a vast network of PPIs left to discover beyond the thousands annotated
from HEK293T and HeLa cells (22-24). We anticipate that developments in high-throughput
protein complex determination, such as co-elution (71), proximity-labeling (72, 73), and
cross-linking MS (74), will enable the rapid advancement of systematic PPl mapping in a
diverse array of cancer cell contexts.

An important goal of cancer therapy is to identify drug targets that are applicable across
many patients and that achieve high specificity for cancer cells among a heterogeneous
tumor cell population. In the context of PPIs, this goal requires moving beyond simply
cataloging protein-protein interactions towards robust comparative analysis of PPIs across
cellular contexts. For this purpose, we have created and demonstrated the value of a
differential interaction score (DIS) to statistically compare PPIs across contexts, which will
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aid in not only understanding the underlying biology behind HNSCC, but other cancers and
disease in general, as evidenced by our application of this approach for breast cancer (Kim et
al., accompanying manuscript). While the DIS revealed a subset of interactions to be cancer
enriched in the three cell lines used in our study, future analysis in additional cell lines
would be beneficial to further support these observations.

One interaction uncovered by our DIS approach is a connection between the FGFR3
receptor tyrosine kinase and the guanine-nucleotide exchange factor, Daple, which was
seen exclusively in the cancer cell lines. Our findings build upon previous work by
demonstrating that FGF stimulation can activate Ga.i in a Daple- and FGFR3-dependent
manner, which results in activation of PAK1/2 kinases and cell motility. PAK1 expression
is highly correlated with aggressive tumor behavior and poor patient prognosis in HNSCC
(61, 75). Our work becomes increasingly important as FGFR inhibitors progress towards
the clinic. Phase Il clinical trials with rogaratinib, an FGFR inhibitor, are underway for
HNSCC patients with FGFR1/2/3 mRNA overexpression (NCT03088059), after phase |
trials demonstrated a 67% objective response rate for solid tumors with FGFR mRNA
overexpression (76). Additionally, a complete response was observed in a metastatic
HNSCC tumor with multiple FGFR amplifications, including FGFR3, when treated with
a pan-FGFR inhibitor (77). Further work may determine if the FGFR3:Daple interaction
results in frequent coupling of FGFR and PAK1/2 activity in HNSCC patients and if
other cancer types exploit this signaling mechanism. More direct studies are necessary to
determine the extent to which FGFR and PAK1/2 activity contribute to clinical outcomes,
as PAK1/2 activity could serve as an additional biomarker of patients benefiting from FGFR
targeted therapy.

Our results pertaining to PIK3CA also highlight that oncogenic mechanisms of individual
mutations in cancer genes can be reflected in their differences in the corresponding PPIs,
and that these differences can be exploited for therapeutic benefit. We postulate that the
mechanism for the selectivity we uncovered using PIK3CA mutants lies in the dependence
on HER3 signaling that the helical domain mutations maintain. These features of PI3K
mutants seemingly contradict previous studies showing that addition of the phosphorylated
YxxM motif-containing peptides increases /n vitro catalytic activity of the H1047R mutant
but not the helical domain mutants (78). However, we hypothesize that phosphorylated RTK
tails are necessary not for activation of the helical domain PI3K mutants, but for their
recruitment to the plasma membrane where they need to interact with RasGTP for full
activation (67). This strong dependence renders cells with such mutations sensitive to HER3
inhibition. Most importantly, we also identify a number of other PI3K mutants that share
HERS3 binding features with the helical domain mutants, and we predict that their oncogenic
potential will also be HER3-dependent (Fig. 4G). Our data also indicate that upstream PI3K
activators with a high density of tyrosine phosphorylation sites represented by the YxxM
consensus motifs, such as HER3 and IRS1/2, will be particularly efficient in synergizing
with the PI3K helical domain mutants.

Clinical inhibition of HER3 in HNSCC patients is currently being pursued in phase Il
clinical trials with the monoclonal antibody CDX3379 (NCT03254927) (79). This drug
locks the HER3 extracellular domain in an inactive configuration (80) and prevents not
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only dimerization with co-activating RTKSs (e.g., HER2) but also activation of HER3 by
neuregulins (e.g. NRG1). These properties make HER3 a particularly promising target, as
NRG1 is expressed at higher levels in HNSCC than in any other tumor type (81). The results
presented here further suggest that HER3 inhibitors present an opportunity to potently target
specific PIK3CA mutant tumors, a utility that had not been evaluated previously. This is
important, as PIK3CA is one of the most commonly mutated oncogenes in HNSCC (7), yet
direct targeting of PIK3CA in the clinic has been limited by toxicity (82), likely due to its
pleiotropic roles in cancer and maintenance of normal cell states. In light of our findings,
patient pre-selection, such as exclusion of PIK3CA H1047R mutation carriers and inclusion
of those harboring helical domain mutants, may be a valuable consideration as future phases
of clinical trials proceed.

In summary, this study, along with the accompanying manuscripts (Kim et al.,
accompanying manuscript and Zheng et al., accompanying manuscript), outlines a
framework for elucidating genetic complexity through multidimensional maps of cancer cell
biology and demonstrates that such maps can reveal mechanisms of cancer pathogenesis,
instructs the selection of therapeutic targets, and informs which point mutations in the tumor
are most likely to respond to treatment (26). As such, we anticipate the generation and
incorporation of cancer-specific physical and functional networks may represent a critical
component to interpret and predict cancer biology and its clinical outcomes. Finally, the
framework described here applies not only to cancer but to many other genetically defined
disease areas as well.
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(A) The alteration frequencies from the HNSCC TCGA provisional dataset (n = 530
patients) for the 31 experimentally tractable genes selected as AP-MS baits in this study.
Proteins analyzed in this study are listed, along with the percentage of patients with an
alteration in that gene/protein. Each patient is represented by a grey box that is colored
based on the occurrence and type of alteration(s) observed in that patient. Both the wild-type
and mutant protein sequence(s) were analyzed for genes highlighted in yellow. The genetic
alteration types in the two cancer cell lines (CAL-33 and SCC-25) are also displayed. (B)
The experimental workflow in which each bait was expressed in biological triplicate in 3
cell lines and subjected to AP-MS analysis. (C-E) Permutation test illustrating the frequency
of CNVs (C), mRNA alterations (D), or mutations (E), from randomly selected genes in

the HNSCC TCGA data. The white circle indicates the median of the random sampling,

and the grey bar represents +/— 1 standard deviation. The frequency of alterations found

in the prey retrieved in this PPI dataset is indicated in the black circle. (F) Percentage of
HC-PPIs identified in a panel of public PPI databases (CORUM, BioPlex 2.0, or BioGRID
low throughput and multivalidated, and IMEX (23, 36-38)). (G) Clustering analysis of all
HC-PPIs (n = 771) based on their PPI score, which is an average of the confidence scores
reported from SAINTexpress and CompPASS score (see Materials and methods for details).
A PPI score of 1.0 represents the highest confidence in a PPI. (H) Venn diagram illustrating
the overlap in HC-PPIs among the 3 cell lines. For this analysis, only those PPIs passing

the HC-PPI filtering criteria by both SAINTexpress and CompPASS were classified as an

HC-PPI within an individual cell line.
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Figure 2. Differential interaction analysis of the HNSCC enriched and depleted interactome.
(A) Interactome of the union of all HC-PPIs detected across all cell lines. Edges are colored

based on their differential interaction score (DIS), with pink edges representing PPIs that
are enriched in HNSCC (both SCC-25 and CAL-33) as compared to HET-1A cells, and

teal lines representing PPIs that are depleted from HNSCC cell lines. IAS connections
represent physical protein-protein association derived from prior studies (55) (see Material
and methods). (B) For baits with IDISI > 0.5, the fraction of PPIs for that bait having
HNSCC-enriched PPIs with DIS > 0.5, or HNSCC-depleted DIS < -0.5. (C) CCND1
interactome. Here the SAINTexpress score, used for calculation of the DIS, is displayed

for each cell line within the prey node, ND indicates not detected. (D) DIS for the entire
interactome represented in panel A ranked by DIS. (E) Subnetwork of the interactome of the
HNSCC-enriched and -depleted interactions.
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Figure 3. An HNSCC-enriched FGFR3:Daple interaction mediates activation of cell migratory
proteins.

(A) Differential scoring analysis of the FGFR3 interactome highlights CCDC88C (Daple) as
an HNSCC-enriched interaction partner to both FGFR3 and ERBB2 (HER?2). (B) Activation
of RTKs can disrupt the interaction between Disheveled (Dvl) and Daple, allowing Daple

to function as a GEF for Gai. GTP binding causes dissociation of the G protein, leaving
Gpy subunits free to activate migratory signaling through Rac and PAK. (C) NanoBiT
biosensor measures Ga.i activation through dissociation of the luciferase split between Ga
and Gpy. CNO mediates canonical GPCR signaling through the synthetic Ga.i-coupled
DREADD receptor. FGF mediates HNSCC-specific signaling through FGFR3 and Daple.
(D) Luminescence was measured in CAL-33 and HET-1A cells transfected with Gai
NanoBiT and siRNA (control, FGFR3, or Daple) and stimulated with FGF (10ng/mL) (*P

< 0.05 when compared with the vehicle-treated group). (E) Immunoblot analysis of CAL-33
subject to siRNA knockdown. (F) PAK1/2 autophosphorylation measured by immunoblot
analysis over a time course of FGF stimulation (0, 5, 10, 30, 60 minutes) in CAL-33

and HET-1A cells. (G) PAK1/2 autophosphorylation measured by immunoblot analysis in
CAL-33 cells stimulated with FGF (10ng/mL) and/or treated with 0.5uM of the pan FGFR
inhibitor Infigratinib (*P < 0.05 when compared with the vehicle-treated group). (H-1) A
vertical scratch was introduced to fibronectin-plated CAL-33 cells and cells were stimulated
with FGF (10ng/mL) and/or treated with 0.5uM of Infigratinib. Replicate scratch closures
were quantified (H, (*P < 0.05, **P < 0.01 when compared with the vehicle-treated group)),
and (1) images were taken at 0 and 24 hours after FGF stimulation (scale bar = 250um).
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(J) Daple and FGFR3 expression are plotted for all upper airway and esophageal cell lines
in DepMap (62), with the two cancer cell lines used in this study highlighted in red. (K)
The sensitivity of cell lines with high or low Daple expression to either a FGFR1 inhibitor
(sorafinib), or a FGFR1/2/3 inhibitor (AZD4547) as quantified by area under the curve
(AUC) (*P < 0.05). Cell lines were selected from panel J, and for those with corresponding
drug sensitivity data the top 5 Daple expressing cells (High Daple) or the bottom 5 Daple
expressing cells (Low Daple), were used.
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Figure 4. PIK3CA mutant interactome.
(A) Overview of the PIK3CA signaling pathway, which is often stimulated by RTKs

that interact with PIK3CA to stimulate RAS/Raf-mediated or Akt/mTORC1-mediated
downstream signaling. (B) Analyzed PIK3CA mutants and their frequency in HNSCC
tumors from TCGA. Asterisk (*) denotes mutations annotated as oncogenic in OncoKB
(65). Graph bars corresponding to each mutation were color-coded to indicate their
localization within the p110a. domain (as indicated in the legend in top right corner).

(C) Selected PIK3CA mutations were mapped on the structure of PI3K (PDB: 4L.23) (66)
by highlighting the mutated residues as red spheres. (D) Quantification of PPIs for all
PIK3CA HC-PPIs detected in the SCC-25 cell line (all cell lines displayed in Figure S4A).
(E) Cartoon representation of a zoomed-in view of PI3K illustrating a salt bridge formed
between K11 and E81 (PDB: 4L23). (F) A zoomed-in view depicting interactions made
by G1007 in PI3K (PDB: 4L23). (G) Cartoon representation of different mutation induced
PI13K activation mechanisms and their respective HER3 binding preferences.
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Figure5. In vivo targeting of HER3 in the context of different PIK3CA mutants.
(A) Bar chart representing the ratio of helical domain (E545 and E542) mutations as

compared to kinase domain mutations (H1047) across TCGA PanCancer Altas studies
represented in cBioPortal (68). Line graph showing the mRNA expression (RSEM) for
NRG1 across the same studies. (B) Correlation of Log2 HER3 interaction levels from
AP-MS experiments and Log2 HER3 Y1197 phosphorylation levels from immunoblot
analysis. All values are normalized by FLAG-PIK3CA levels in their respective experiments.
Mutations marked in red were selected for in vivo experiments. (C-D) CAL-27 cells
expressing inducible PIK3CA variants were transplanted into athymic nude mice. Mice
were fed with doxycycline to induce PIK3CA expression. When tumor volumes reached
approximately 100 mm3, mice were treated with vehicle (PBS) or CDX3379 (10mg/kg,
twice a week) for approximately 15 days, as indicated. Shown are (C) tumor growth curves,
(D) representative tumor images, and (C) last day tumor volume (****P < 0.0001 when
compared with the control-treated group). (E) Quantification of immunoblot analysis of
signaling events in the same CAL-27 cells in vitro. PIK3CA variant expression was induced
by doxycycline (1ug/ml in culture medium), cells were treated with CDX3379 (1ug/ml,
1hr), and lysates were analyzed by immunoblotting as indicated. Densitometry analysis of
western blots was performed using ImageJ. Data are represented as mean £ SEM, n= 3 in
each group. (*P < 0.05 when compared with the control-treated group).
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Reagent or resource Source Identifier
Cell lines ATCC HEK?293T, HET-1A
Cell lines Thomas Carey (University of SCC-25
Michigan)
Cell lines Gerard Milano (University of Nice, CAL-33

Nice, France)

NanoBiT G-protein dissociation assay

Dr. Asuka Inoue (Tohoku University,
Japan)

NanoBiT plasmids (pCAGGS) include Gail-
LgBiT, GB1-native, and SmBiT-Gy2 (CAAX
C68S mutant). Gai-DREADD (pcDNA3.1)

Antibodies

RSK1/2/3 antibody Cell Signaling Technology 9355

ERK1/2 Cell Signaling Technology 4695
phospho-PAK1(S199/204)/PAK2(S192/197) Cell Signaling Technology 2605

PAK1 Cell Signaling Technology 2602

PAK2 Cell Signaling Technology 2608

pERK Cell Signaling Technology 9106

FGFR3 OriGene TAB801078

Daple Millipore EMD ABS515

GAPDH Cell Signaling Technology 2118

secondary goat anti-rabbit HRP Southern Biotech 4010-05

P-HER3-Y1197 Cell Signaling Technology 4561

HER3 Cell Signaling Technology 12708

goat anti-mouse HRP Southern Biotech 1010-05

anti-B-tubulin Abcam ab6276

ERK Cell Signaling Technology 9102

Deposited data

Unprocessed peptide files This paper PRIDE ProteomeXchange: PXD019469
Raw data This paper PRIDE ProteomeXchange: PXD019469

Chemicals, Peptides, and Recombinant
Proteins

Tris G-Biosciences RC108
Acetonitrile, HPLC grade (ACN) Thermo Fisher Scientific A955-4
cOmplete protease inhibitor cocktail tablets Roche 11846 170 001
mini, EDTA-free

Dithiothreitol (DTT) Sigma-Aldrich 43819

Formic acid (FA) Thermo Fisher Scientific 28905
lodoacetamide (IAA) Acros Organic 122270250
Sequencing-grade modified trypsin Promega V5111
Benzonase Sigma E1014-25KU
Trifluoroacetic acid (TFA) Thermo Fisher Scientific 28904
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Reagent or resource Source Identifier
Urea Sigma-Aldrich U5378-1kg
Fetal bovine serum (FBS) Gibco A3160502
DMEM Corning MT10013CV
DMEM/F12 Corning MT10092CV
Water, HPLC grade Sigma-Aldrich 270733-4 L
Igepal (NP-40) Sigma-Aldrich 13021
Minimal Essential Media Corning 10-009-CV
Opti-MEM Thermo Fisher Scientific 31985062
BEGM™ (Lonza) Lonza CC-3170

1% Penicillin-Streptomycin Corning MT30002ClI
Paraformaldehyde, 4% solution in PBS Thermo Scientific MFCD00133991
PolyJet SignaGen SL100688
Lipofectamine 3000 ThermoFisher Scientific L3000008
hydrocortisone Sigma H6909-10ML
Rapigest Waters 186001861
3x Flag Peptide Sigma F4799-4MG
Anti-Flag M2 Magnetic Beads Sigma M8823-5ML
Lipofectamine RNAIMAX Thermo Fisher Scientific 100014472

siFGFR3 Sigma Aldrich SIHKO0780, SIHK0781, SIHK0782
native coelenterazine Biotium 10110-1

pooled siControl Dharmacon D-001810-10-20

siDaple Dharmacon L-033364-01-0005

10uM clozapine-N-oxide Cayman Chemical NC1044836

5uM native coelenterazine Biotium 10110-1

RPS6KAL siRNA pool OriGene SR304161

non-targeting control SiRNA Dharmacon D-001810-10

Triton X-100 Thermo Scientific 9002-93-1

Software and Algorithms

artMS Bioconductor https://www.hioconductor.org/packages/release/
bioc/html/artMS.html

MSstats Bioconductor https://bioconductor.org/packages/release/bioc/
html/MSstats.html

Skyline MacCoss Lab https://skyline.ms/project/home/begin.view?

The R Project for Statistical Computing

R Core Team, 2019. R: A

language and environment for
statistical computing. R Foundation
for Statistical Computing, Vienna,

Austria.

http://www.r-project.org/index.html

Morpheus

Broad Institute

https://software.broadinstitute.org/morpheus

MaxQuant (version 1.6.2.10)

Jurgen Cox Lab

https://www.maxquant.org/

InstantClue

http://www.instantclue.uni-koeln.de/

Science. Author manuscript; available in PMC 2022 April 13.


https://www.bioconductor.org/packages/release/bioc/html/artMS.html
https://www.bioconductor.org/packages/release/bioc/html/artMS.html
https://bioconductor.org/packages/release/bioc/html/MSstats.html
https://bioconductor.org/packages/release/bioc/html/MSstats.html
https://skyline.ms/project/home/begin.view?
http://www.r-project.org/index.html
https://software.broadinstitute.org/morpheus
https://www.maxquant.org/
http://www.instantclue.uni-koeln.de/

1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuen Joyiny

Swaney et al.

Page 26

Reagent or resource Source Identifier

CompPASS (version 0.0.0.9000) github https://github.com/dnusinow/cRomppass/blob/
master/R/comppass.R

SAINTexpress (version 3.6.1) Sourceforge https://sourceforge.net/projects/saint-apms/files/

Other

1.9uM C18 particles Dr. Maisch R119.ag.0001

picotip column New Objective PF360-75-10-N-5

C18 Stage tips Rainin 17014047

Orbitrap Elite mass spectrometer Thermo Fisher Scientific IQLAAEGAAPFADBMAZQ

Q-Exactive Plus mass spectrometer Thermo Fisher Scientific IQLAAEGAAPFALGMBDK
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