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"You may encounter many defeats, but you must not be defeated. In fact, it may be
necessary to encounter the defeats, so you can know who you are, what you can rise from,
how you can still come out of it.”

- Maya Angelou

"When you can’t change the direction of the wind — adjust your sails.”

- H. Jackson Brown Jr

"There is nothing noble about being superior to some other man. The true nobility is in
being superior to your previous self.”

- Hindu proverb

"Lighten up on yourself. No one is perfect. Gently accept your humanness.”

- Deborah Day
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ABSTRACT

Metastatic progression of tumors is the major cause of death in patients with triple neg-
ative breast cancer (TNBC). However, since metastasis is a multi-step process, unraveling
its complexity is a major challenge. One effective way of tackling this question is to study
natural blockers of the metastatic process, metastasis suppressors, and identify the mecha-
nisms by which they regulate metastasis. Raf kinase inhibitory protein (RKIP, also known
as PEBP1), a protein that regulates kinase activity, is a physiological suppressor of TNBC
metastasis. Although RKIP inhibits the activity of Raf-1, other kinase targets of RKIP in
tumors are not known. To address this question, we used a mass spectrometry approach
involving inhibitor-conjugated beads to identify kinases that are down-regulated by RKIP in
human TNBC xenograft tumors. Our results identified a network of stress kinases targeted
by RKIP, including kinases that have not been previously reported as RKIP targets. By
using a high-throughput invasion assay, we developed a low-dose multi-drug cocktail of ki-
nase inhibitors targeting stress MAP kinases p38, JNK, MLK, and MEK. This combination
treatment mimicked RKIP’s anti-metastatic role in cultured cell, as well as xenograft and
syngeneic models of TNBC. In order to unravel the effect of this stress network on metastatic
gene expression, we conducted an RNA-seq analysis comparing metastatic xenograft tumors
to non-metastatic RKIP-overexpressing tumors. Genes downregulated by RKIP in these
tumors were enriched in motility and invasion related gene sets, and their expression was
induced under stress conditions. Several of these genes were directly regulated by BACHI, a
pro-metastatic factor targeted by RKIP. Interestingly, the same genes were negatively corre-
lated with RKIP expression across multiple TCGA cancer types and with other metastasis
suppressor genes within the breast cancer cohort, highlighting the clinical relevance of the
RKIP-network. Elucidating RKIP function at a systems level reveals the interplay between
key metastatic signaling cascades, particularly in relation to cell motility and invasion. Our
findings suggest that a low-dose, multi-drug combination therapy that targets a network of

stress kinases is a viable anti-metastatic therapy for TNBC patients.
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CHAPTER 1
BACKGROUND

1.1 Clinical problem of metastasis

Metastasis is the process by which tumor cells leave their primary site and spread to the
rest of the body. In most cases, multiple organ dysfunction or failure due to the aggressive
metastatic spread of the tumor is the cause of lethality in cancer patients [14]. When cancer
patients present with a late-stage metastatic tumor at the clinic, their prognosis is generally
poor, regardless of the type of cancer. Moreover, the metastatic phenotype correlates with
resistance to treatment and recurrence, which can partially be attributed to tumor cells’
ability to escape and seed in new parts of the body. In recent years, studies have shown that
metastasis is a much more dynamic process than previously imagined, by which tumor cells
continually move in and out of tissues that can even result in seeding of tumor cells back into
their primary site long after the primary tumor has been removed [20]. Circulating tumor
cells can be detected in a patient’s blood even decades after the patient has been deemed
cancer-free [64], increasing the possibility of a late relapse. Similarly, residual cancer cells
after the initial treatment of the primary tumor can stay dormant in distant tissues for up
to 25 years and become reactivated later, causing patients to succumb to the disease [49, 1].
Developing therapies that block the metastatic process is, therefore, an urgent clinical need.

Blocking metastasis, however, is challenging because it involves multiple steps, each of
which is mediated by diverse signaling events within the tumor cell as well as its microen-
vironment [10]. In order to metastasize, a tumor cell needs to gain migratory capabilities,
invade through its surrounding tissue, intravasate into blood or lymph vessels, extravasate
from circulatory vessels, and colonize at new tissue sites [99]. Tumor cells also need to pre-
pare the metastatic niche prior to successful seeding and colonization [75]. Each of these
steps involves different cell-cell, cell-matrix interactions and signaling pathways, rendering

it difficult to sort out the mechanisms regulating metastasis. Reaching a comprehensive
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understanding of how metastasis works and elucidating the key signaling mechanisms and
cell types that mediate this process is essential for development of effective anti-metastatic
therapies.

Current clinical approaches to treating late stage metastatic disease is systemic treatment
with chemotherapy. Chemotherapeutic treatment, however, is known to induce more aggres-
sive and more metastatic phenotype either by selecting for resistant tumor cell populations
[11] or by actively reprogramming tumor cell transcriptome / kinome to take on a resistant
phenotype [43]. This ultimately results in relapse and a rapid progression of the disease. If
the further dissemination of cancers can be stopped with a targeted anti-metastatic therapy,
the remaining tumors can potentially be treated as local diseases. More importantly, it is
hypothesized that inhibiting metastatic pathways and cellular mechanisms can benefit over-
all survival in patients [90]. Anti-metastatic treatments also have the potential to sensitize
resistant tumor cells to standard-of-care systemic treatments such as chemotherapy, radio-
therapy, and other targeted agents [33, 90]. However, anti-metastatic treatment options are
limited and require identification of new targets as well as development of novel combinations
of inhibitors. This study will lay out a framework for identifying new therapeutic approaches
to metastatic disase.

Developing combinatorial treatments are key to effective treatment of metastasis and
improved outcome, since tumor cells have mechanisms of overcoming single-agent targeted
therapies. In most cases, targeted agents have a ”whack-a-mole” effect on cancer cells which
activate alternative growth, survival, and metastasis pathways that will render tumors re-
sistant to the initial treatment [37]. Combinations of multiple targeted agents or different
treatment modalities (targeted, non-targeted, local, systemic etc.) should, therefore, be

considered in developing anti-metastatic therapies against cancers.



1.2 Metastasis suppressors

How do we deconvolute a cellular phenomenon as complex and multi-step as metastasis?
One effective way of investigating metastasis is by studying the natural inhibitors of this
process — metastasis suppressors. Metastasis suppressors are a group of physiological pro-
teins that function to block metastatic progression of tumors. Unlike tumor suppressors,
metastasis suppressors do not affect initiation and growth properties of the primary tumors,
but rather inhibit the dissemination mechanisms of tumor cells such as invasion through tis-
sue, intravasation/extravasation, and metastatic colonization. Understanding the details of
the regulation and function of metastasis suppressors can create therapeutic opportunities
to either restore or mimic the role of these proteins in metastatic cancers. Furthermore,
metastasis suppressors and their functional gene networks can be used as prognostic and
predictive markers in the clinic for metastatic progression and survival.

Zhao and colleagues recently curated a database of 194 experimentally validated metas-
tasis suppressor genes in humans based on literature-based evidence [113]. 161 of these genes
were protein-coding, and 33 of them are microRNAs. 83 of the metastasis suppressor genes
have been also reported as tumor suppressors in the TSGene database [114, 112], suggesting
that almost half of these genes have dual functions and their roles as tumor vs. metastasis
suppressor should be experimentally clarified. Nevertheless, there are over 50 genes that
play a role in blocking one or more steps in the metastatic progression without influencing
the overall growth of the primary tumor. Zhao and colleagues also identified the biological
pathways enriched for these 194 suppressors to be related to epithelium / tissue morphogen-
esis, epithelial proliferation, cell surface and platelet signaling, and cell death, though some
of these findings are affected by the tumor suppressor functions of the genes included in the
analysis. Signaling and gene regulatory networks modulated by each metastasis suppressor
gene are not completely understood and of continuous research. To this date, most com-

monly studied metastasis suppressor genes are NME1/2, BRMS1, CD82, PEBP1, KISSI,



CDH1, NDRG1, MTSS1, SERPINB5, and CD44, each implicated in at least 7 different

cancer types [113].

1.3 RKIP as a metastasis suppressor

Raf Kinase Inhibitory Protein (RKIP), also known as phosphatidylethanolamine binding pro-
tein 1 (PEBP1), is a highly conserved protein that functions as a metastasis suppressor in
multiple solid cancers [31, 22]. RKIP’s role as a metastasis suppressor was initially described
in prostate cancers. Fu and colleagues demonstrated with their comparison of metastatic
prostate cancer cell lines to non-metastatic cell lines that expression levels of RKIP is a deter-
minant factor for the metastatic phenotype [31]. RKIP is commonly lost or downregulated
in cancers that have reached the metastatic state. Low RKIP expression correlates very
strongly with metastatic phenotype in the majority of cancers including prostate, breast,
pancreatic, lung, cervical cancers and gliomas [53, 58, 59]. Due to this negative association
between RKIP and metastasis, RKIP has been implicated as a powerful predictive biomarker
for metastatic risk in patients, as well as a prognostic marker for metastasis-free and overall
survival in many solid tumors [53]. Experimentally, over-expressing RKIP blocks invasion in
vitro and metastatic progression in vivo [31, 22|, without affecting growth properties of the
primary tumor. At the molecular level, RKIP directly or indirectly suppresses the activity of
multiple signaling pathways known to be crucial for metastasis, such as the RAF-MEK-ERK
cascade [105, 21, 96] , NFkB signaling [106], G protein-coupled receptor signaling [57], and
GSK3Bsignaling [2]. RKIP-related gene signatures can also be utilized to identify cancer
patients at highest risk [6, 30, 56, 94, 22] . These clinical and experimental findings establish

RKIP as a suppressor of invasion, intravasation, extravasation and metastasis.



1.4 Triple Negative Breast Cancer and RKIP:

a model for metastatic disease

Breast cancers are clinically caterogized into multiple subtypes based on the hormone recep-
tor and human epidermal growth factor receptor 2 (HER2) status. Each of these subtypes
has different clinical features, rates of progression, and prognostic outcomes, and therefore,
considered a distinct entity [8, 52, 76]. Triple negative breast cancer (TNBC), as the name
suggests, is the subtype that lacks estrogen receptor (ER) and progesterone (PR) receptor
expression, and HER2 amplification. TNBC constitutes about 15-20% of all breast cancer
cases and are highly aggressive with high metastatic potential. In terms of molecular profil-
ing, approximately 80% of TNBC tumors overlap with the basal-like molecular subtype [28].
Since TNBC is missing all three clinical targets, hormonal therapies (e.g. selective estrogen
receptor modulators, aromatase inhibitors) as well as HER2-targeting treatments (e.g. her-
ceptin) are ineffective against TNBC. Instead, TNBC is treated with non-targeted treatments
including surgery, radiation, and chemotherapy [5]. TNBC patients are at a much higher
risk for metastasis compared to similary staged other subtypes with most relapses occuring
within 5 years of initial treatment. Therefore, there is an urgent need for understanding
disease progression and developing targeted treatment options for TNBC patients.

The highly metastatic nature of TNBC and the availability of multiple cell lines and
mouse models makes TNBC a good system in which to study mechanisms of metastasis. More
importantly, RKIP has a robust anti-metastatic phenotype in TNBC models and RKIP-based
gene signatures can stratify TNBC patients for metastatic risk. [30, 56]. RKIP expression is
usually lost in these poor-prognosis tumors, correlating with the highly metastatic phenotype
[58, 59, 3, 24]. Previous work from the Rosner laboratory demonstrated that RKIP blocks
multiple steps of the metastatic process both in vitro and in vivo. For example, exogenous
expression of RKIP in TNBC cell lines results in significant reduction in invasion without

any effect on growth [22]. In xenograft models, RKIP blocks intravasation of tumor cells as
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well as later stages of metastasis such as extravasation and colonization. Therefore, studying
RKIP function in TNBC not only allows for the investigation of the metastatic networks

regulated by RKIP, but also identifies potential therapeutic targets in TNBC.

1.5 Molecular functions of RKIP

At the molecular level, RKIP functions as an inhibitor of kinase activity. It was originally
identified as a direct binding partner for RAF kinase, and multiple studies have since shown
that RKIP interferes with the activation of the RAF-MEK-ERK cascade [105]. Subsequently,
it was revealed that it can modulate other signaling pathways such as NFkB-related pathways
[111]. RKIP itself can act as a substrate for kinases, and phosphorylation of certain residues
can alter RKIP’s binding properties. Most notably, phosphorylation of Ser153 residue by
PKC switches RKIP’s binding from Raf to GRK2 [57], resulting in PKA activation. The
mechanism by which this phospho-switch occurs involves a novel salt bridge theft that enables
the promotion or disruption of peptide interactions to provide specificity at protein interfaces
(87, 88]. This illustrates RKIP’s potential role in sensing active signaling networks and
modifying the cellular kinome through new protein interactions.

RKIP is an inhibitor of the classic RAF-MEK-ERK signaling cascade. The MAP kinase
network consists of 6 main axes: (1) ERK1/2, (2) p38s, (3) JNKs, and (4) ERKS5, (5)
ERK3/4, and (6) ERK7/8 (reviewed in detail by Dhillon et al. [23]). Among these MAPKSs,
activation and function of ERK5/6/7/8 are the least understood and outside the scope of this
study. Each MAPK axes consists of three levels, where MAPKs are activated by MAP2Ks
(e.g. MEK1/2, MKK4, MKK7, MKK3, MKK6), which themselves are activated through
phosphorylation by MAP3Ks (e.g. Raf, MEKK, Tpl2, MLK, TAK, ASK, TAOK). The
ERK1/2 axis is induced by growth factors and mitogens, whereas p38 and JNK axes are
activated by cytokines and stress stimuli.

A yeast two-hybrid assay that utilized the kinase domain of Raf-1 as bait originally iden-

tified RKIP as a Raf binding protein [105]. High RKIP concentrations are able to interfere
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with MEK binding, preventing MEK activation [104]. Under physiological conditions, RKIP
inhibits Raf-1 subsequent to Raf-1 membrane translocation but prior to phosphorylation of
downstream targets such as MEK and ERK [96]. RKIP-binding to subdomains I and II of
the Raf-1 kinase domain blocks phosphorylation of residues Ser338 by PAK and Tyr340/341
by Src, both of which are required for activation of Raf-1 upon growth factor stimulation
[60]. Enhanced Raf-1 activation in RKIP-depleted cells enabled increased DNA synthesis
and cell proliferation at lower EGF concentrations, effectively enhancing the sensitivity of
the system to stimuli [96].

RKIP also plays a role in protein kinase C (PKC)-induced Raf activation. Our previous
work showed that PKC phosphorylates RKIP at serine residue 153 (S153) in neuronal cells,
and this phosphorylation leads to dissociation of RKIP from Raf-1 and subsequent activa-
tion of MEK and ERK [21]. This exemplifies RKIP’s ability to mediate cross-talk between
different signaling cascades. The role of S153 phosphorylation in regulating RKIP inhibition
of Raf/MAPK signaling has now been demonstrated in a variety of cell types [22, 36]. Our
lab has generated S153E mutants of RKIP, which were intended to mimic the phosphory-
lation of this cite. However, experimental evidence showed that S153E mutant RKIP acts
as a constitutively active version of RKIP [22], which is more robust in inhibiting Raf-1,

particularly in vitro.

1.6 Microenvironmental functions of RKIP

RKIP’s anti-metastatic function is at least partially mediated through its effect on the tu-
mor microenvironment. Our previous studies demonstrated that RKIP over-expression in
metastatic TNBC mouse models robustly blocks recruitment of tumor-associated macrophages
(TAMs) into the tumors through a mechanism dependent upon the chemokine CCL5 [30].
TAMs are known to be critical components of metastatic progression in solid tumors, as
macrophages can enhance tumor cell invasion and intravasation, and promote tumor an-

giogenesis [70]. More broadly, using species-specific RNA sequencing in a xenograft TNBC
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mouse model, Bainer et al. demonstrated that gene expression in metastatic breast tumors is
widely correlated with gene expression in local stroma of both mouse xenografts and human
patients [6]. Moreover, changes in stromal gene expression elicited by tumors that do or do
not express RKIP is a better predictor of breast cancer subtype and patient metastasis-free
survival than tumor gene expression. These findings show that understanding microenviron-

mental functions of RKIP can open new prognostic and therapeutic avenues.

1.7 Mechanisms of RKIP downregulation and strategies for

recovering RKIP expression

Similar to tumor suppressors, inactivation of metastasis suppressors is a common step in
a cancer’s progression into a metastatic disease. RKIP expression is lost or diminished in
metastatic cancers. However, mutations or deletions in the PEBP1 gene in human can-
cers are rare, suggesting that RKIP is silenced through non-genetic mechanisms [103]. In
prostate cancers, RKIP expression is reduced by increased promoter methylation and his-
tone deacetylation, as well as SNAIL-mediated transcriptional suppression [7]. RKIP gene
promoter has been reported to be methylated in other cancer types as well (reviewed by
Yesilkanal and Rosner [103]), but it does not always predict survival independently [50], or
global demethylation by 5-AzaC does not always recover RKIP expression [7]. In breast can-
cers, RKIP expression does not negatively correlate with SNAIL [103], nor is it recovered by
histone deacetylase inhibitor treatment [55]. Certain miRNAs (e.g. miR-27a, miR-23a, miR-
224) have been reported to inhibit RKIP expression in lung, prostate, and breast cancers
(reviewed in [103]), while increased proteosomal degradation can account for loss of RKIP
in hepatocellular carcinoma [66]. Taken together, these findings suggest that regulation of
RKIP expression is a complex process involving multiple factors in a cell- or tissue-dependent

manner.



1.8 Computational approaches to understand RKIP function

and significance

Computational strategies are extremely useful in identifying critical signaling pathways and
targetable factors, especially when powered by patient-derived data. Using known bio-
logical interactions (or experimentally-derived interactions) as filters is a powerful method
while building networks because it improves signal-to-noise ratio [44]. RKIP, as a selective
metastasis suppressor, is a potent filter for generating statistical correlations focused on the
metastatic process.

To systemically identify downstream mediators of RKIP, Rosner and colleagues have em-
ployed integrated approaches that combine statistical /computational analysis of breast can-
cer gene expression data and experimentally-validated gene interactions. Dangi-Garimella et
al. first experimentally identified a pro-metastatic signaling cascade involving Myc/LIN28/let-
7 as an RKIP target [22]. Then, Yun et al. used this RKIP/let-7 interaction as a computa-
tional filter to connect the RKIP signaling cascade to previously-described bone metastasis
signature genes [109, 48]. Specifically, they used statistical and machine learning approaches
involving gene set analysis (GSA) and Random Forest (RF) on a compilation of publicly-
available microarray gene expression data from patient tumors. With this method, they
identified HGMA2 and BACHI1 as likely mediators that connect RKIP signaling to down-
stream bone metastasis genes MMP1 (matrix metalloproteinase 1), OPN (osteopontin), and
CXCR4 (chemokine C-X-C motif receptor 4). Yun et al. then validated down-regulation
of HMGA2 and BACH1 by RKIP and let-7 experimentally in vitro and in vivo. Thus,
these studies used patient gene expression data to generate hypothetical signaling networks
that were then validated experimentally. The key biomarkers identified can also serve as
therapeutic targets to mimic the anti-metastatic action of RKIP.

Exploring and expanding RKIP-regulated gene networks using patient-derived expression

data also allow for developing predictive and prognostic gene signatures that have mechanistic



relevance to specific patient cohorts. After identifying RKIP-regulated signaling networks
in tumors and their microenvironment, the Rosner group generated several RKIP pathway-
based gene signatures for predicting metastasis-free survival of breast cancer patients [6, 30,
56, 94, 109]. The biomarkers used in these gene signatures span a wide range of metastatic
processes such as extracellular matrix remodeling, epigenetic regulation, tumor-associated
macrophage recruitment, and reprogramming of stromal gene expression by tumors. While
these signatures facilitate the identification of patients who would benefit from RKIP-like
regulation, the challenge has been to come up with therapeutic treatments that either mimic
or reactivate RKIP functionally in tumor cells.

With the completion of TCGA and ease of access to clinical sequencing data from multiple
studies, building clinically relevant hypothetical gene networks and signatures is becoming
less challenging. Gene signatures built on experimentally validated mechanistic gene-gene
interactions can (1) help identify/stratify patients for guided/personalized treatment, (2) be
used as biomarkers for predicting drug efficacy or sensitivity in patients, (3) be combined with
machine learning methods for drug discovery or drug repurposing for a particular biological
function. Conceptually, novel anti-metastatic therapies can be discovered as long as the
therapeutic approach being tested is able to target genes in patients identified as high risk by
RKIP-related gene signatures. In parallel, therapeutic treatments that mimic RKIP’s anti-
metastatic functions would be more effective in patients who are at high risk for metastasis
based on their RKIP pathway signature score.

In sum, RKIP is an important suppressor of metastasis that would be most effective if
induced in metastatic cells. However, even in the absence of RKIP protein, it is possible to
leverage RKIP targets and patient data to identify novel targets such as specific kinases that,
if inhibited together, can mimic the anti-metastatic properties of RKIP and make tumors

more homogeneous and more susceptible to conventional cytotoxic therapy.
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1.9 Summary of outstanding questions

Metastasis is a complex event, but its details can be unraveled by studying its physiolog-
ical suppressors. RKIP is a metastasis suppressor that functions as an inhibitor of kinase
signaling in healthy cells, but its expression is decreased or silenced in metastatic cancers.
Mechanisms by which RKIP expression is lost depends on the tumor type. In TNBCs,
these mechanisms are unclear, making it challenging to reactivate or reintroduce RKIP into
metastatic cells. Therefore, in this study we are following an alternative approach where
we leverage what we know about RKIP’s anti-metastatic function in order to develop anti-
metastatic therapies. Our approach is to identify kinomic and genomic networks regulated
by RKIP and develop combinatorial targeted therapies to mimic RKIP’s downstream effect
in cancers. Since RKIP’s molecular role in the cell is to modulate signaling pathways, we
hope to employ kinase inhibitors which are readily available and easy to use to modulate the
same pathways.

However, this approach requires a systems level understanding of kinase networks and
the downstream metastatic genes targeted by RKIP. Cross-talk between different cascades
within the network need to be identified in order to reprogram the entire network. These
feedback mechanisms will be important in answering questions such as (1) which kinases
should be targeted? (2) how many inhibitors do we need to mimic RKIP? (3) how can we
monitor the efficacy of a treatment at the molecular level? and finally (4) what are the
downstream effector genes that mediate metastasis and does the RKIP-mimicking treatment
reduce the activity of these genes? We hope that by answering these questions we will not
only uncover key metastatic signaling networks that are targeted by RKIP, but also have

new therapeutic options for metastatic disease, particularly in triple negative breast cancer.
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CHAPTER 2
MATERIALS AND METHODS

2.1 Cell lines

MDA-MB-231 (MB231), MDA-MB-436 (MB436), MCF10A, 184A1, and 293T cells were
recived from American Type Culture Collection (ATCC®). E0771-LMB (LMB) cells were
received from Robin Anderson [46]. M6C cells were received from Jeffrey Green [41]. MDA-
MB-231-BM1 (BM1) cells were obtained from Andy Minn, but they were originally gen-
erated by Massague and colleagues [48]. BM1, MB436, LMB, and M6C cells were cul-
tured in DMEM media with 10% FBS, penicillin (50U/ml), and streptomycin (50pg/ml).
MCF10A and 184A1 cells were grown in DMEM /F-12 (50/50) with 10% FBS and penicillin-
streptomycin. The cells were used in experiments within 15 passages after their arrival in

the laboratory.

2.2 Small molecule inhibitors

For in vitro and in vivo studies, JNK inhibitor SP600125, MEK inhibitor Trametinib (GSK1120212),
and MLK inhibitor URMC-099 were purchased from APExBIO (Cat No A4604, A3018,
B4877, respectively). p38 inhibitor SB203580 was purchased from Selleckchem (Cat No
S1076) for the in vitro experiments. For in vivo studies, water soluble SB203580 hydrochlo-

ride was purchased from APExBIO (Cat No B1285).

2.3 Signaling studies in vitro

In order to study the changes in stress kinase signaling upon stress in the presence of RKIP,
or small molecule inhibitors of the MAPKs, cells were plated at sub-confluence. Once they
reach roughly 70% confluence, they were starved overnight (16-24 hours) in serum-free media,

and then induced with either anisomycin (Sigma-Aldrich, Cat No A9789) at 25 ng/ml or
12



100 ng/ml final concentration, or by 2% or 10% serum for 30 minutes to activate MAPK
pathways. In studies with small molecule inhibitors of the MAPK pathway, all inhibitors
were re-suspended in DMSO and used at indicated concentrations. The cells were pre-treated
with the inhibitors in serum-free media for 30 min after overnight starvation, immediately
before induction with anisomycin or serum for 30 minutes. In this case, the inducing agent
was directly added to the pre-treatment media that already had the inhibitors, or the pre-
treatment mediate was replaced by fresh media containing the inducer and the inhibitors.
This is to ensure the inhibitors are present during induction of the MAPK pathways. Upon
induction for 30 min, the cells were washed three times with cold PBS and immediately lysed

in RIPA buffer for protein collection.

2.4 Protein isolation and Western blots

Cultured cells were washed with cold PBS and lysed in RIPA buffer with protease inhibitors
(Millipore Sigma, Cat No 539134) and phosphatase inhibitors (GoldBio, Cat No GB-450).
Tumor samples were snap-frozen in liquid nitrogen, pulverized, and lysed in RKIP buffer
with protease and phosphatase inhibitors. All samples were sonicated 3 x 10 seconds at 35%
power and centrifuged at max speed for 15 minutes at 4°C. Supernatant was collected and
the protein concentration is measured using Bradford assay. All samples were boiled in 6X
Laemmli buffer immediately after protein concentration measurement.

For Western blots, equal amounts of protein, ranging from 10ug to 50ug, across all sam-
ples were used. Blots were blocked for 1 hour at ambient temperature with either Odyssey®
Blocking Buffer (LI-COR Biosciences, Cat No 927-40010, diluted 1:1 with PBS) or with 5%
BSA in TBS-T. Then, blots were incubated with primary antibodies at 4°C over-night, and
with secondary antibodies at ambient temperature for 1 hour. Finally, blots were treated
with ECL reagent (Pierce ECL Western Blotting Substrate, Thermo Scientific, Cat No 32106)
when HRP-conjugated secondary antibodies are used and developed under the Chemilumes-

cence channel of the LI-COR® Fe¢ Imaging System. Blots with fluorescent secondary anti-
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bodies were imaged under 700nm or 800nm channels of LI-COR® Fe.
Primary antibodies used:

Phospho-RSK2 (Ser227) (Cell Signaling, 3556)

Phospho-ATF2 (Thr71) (Cell Signaling, 9221, no longer available)

Phospho-SEK1/MKK4 (Ser257/Thr261) (Cell Signaling, 9156)

Phospho-TAOK3 (Ser177) + Phospho TAOK2 (Ser181) + Phospho-TAOK1 (Ser181)
(Abcam, ab124841)

MLK3 (Cell Signaling, 2817)

Phopsho-p44/42 MAPK (ERK1/2)(Thr202/Tyr204) (Cell Signaling, 9101)

Phospho-MSK1 (Thr581) (Cell Signaling, 9595)

Phospho-SAPK/JNK (Thr183/Tyr185) (Cell Signaling, 9251)

pd4/42 MAPK (ERK1/2) (Cell Signaling, 9107)

SAPK/JNK (Cell Signaling, 9252)

Phospho-p38 MAPK (Thr180/Tyr182) (Cell Signaling, 4511)

Phospho-AKT1 (S129) (Abcam, ab133458)

Phospho-MKK3 (Ser189)/MKKG6 (Ser207) (Cell Signaling, 12280)

Phospho-c-Jun (Ser73) (Cell Signaling, 3270)

Phospho-p70 S6 Kinase (Thr389) (Cell Signaling, 9205)

MLK3 (Abcam, ab51068)

MLK3 (Santa Cruz, sc-166639)

Phopsho-MLK3 (T277/5281) (Abcam, ab191530)

DOCK4 (Santa Cruz, sc-100718)

Casein Kinase 2f3(Santa Cruz, sc-12739)

Casein Kinase 2a(Santa Cruz, sc-9030)

TAOK1 (Abcam, ab197891)

TAOK1/PSK2 (Santa Cruz, sc-136094)

TAOK2 (Santa Cruz, sc-47447)
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TAOK3 (Abcam, ab150388)
o~ Tubulin (Santa Cruz, sc-8035)

Secondary antibodies used:
Goat anti-Mouse IgG (LI-COR, IRDye® 800CW, 926-32210)
Goat anti-Mouse IgM (LI-COR, IRDye® 800CW, 926-32280)
Goat anti-Rabbit IgG (LI-COR, IRDye® 680RD, 926-68071)
Goat anti-Rabbit IgG, HRP conjugate (EMD Millipore, AP187P)
Goat anti-Mouse IgM, HRP conjugate (Invitrogen, 31440)
Goat anti-Mouse IgG, HRP conjugate (Sigma Aldrich, A4416)

2.5 Transient transfection with siRNAs

Prior to transfection, the cells were plated in 6-well plates and grown to ~70% confluence.
siRNA vectors were used at a final concentration of 50nM per well of cells. The vectors were
incubated with 10ul of Lipofectamine 3000 (Invitrogen, Cat No L3000-015) in OPTI-MEM
media (Gibco, Cat No 31985062) for 15-30 minutes. The DNA-lipid complex was, then,
added onto the cells in a drop-wise fashion. Cells were incubated with the siRNAs for at
least 24 hours before harvesting for experimental use. All experiments were performed 24-72
hours post-transfection. All siRNA constructs were purchased from Dharmacon.
Individual siGENOME human TAOKI1 siRNA, Dharmacon, D-004846-02-0005)
Individual siGENOME human TAOK2 siRNA, Dharmacon, D-004171-13-0005)
Individual siGENOME human TAOK3 siRNA, Dharmacon, D-004844-02-0005)
siGENOME Non-Targeting siRNA Pool #1, Dharmacon, D-001206-13-05)

2.6 Generation of stable cell lines with lenti-viral constructs

293T cells were plated in T-75 plates and were grown to ~70% conlfuence prior to trans-

fection. 1 hour prior to transfection, the media was replaced with fresh media. Lenti-

15



viral vectors were incubated with 34

generation viral packaging vectors (pCMV-VSV-G,
pMDLg/pRRE, pRSV-Rev) and LT-1 (Mirus, Cat No MIR-2305) in OPTI-MEM media for
30 minutes as described by the provider’s instructions. This transfection mix was, then,
added onto the 293T cells in a drop-wise fashion. Virus containing media was collected
24-48 hours after transfection. Cellular content and debris was removed by centrifugation
and the supernatant was filtered through 0.45um PES syringe (Millex, Cat No SLHP033RS)
to remove any remaining cells in the media. Polybrene was added to the media at the final
concentration of 8 ng/ml to facilititate viral transduction of the target cell line. The target
cell lines were transduced with the virus-containing media for 24-48 hours. At the end of the
transduction period, cells were washed, trypsinized, and re-plated for selection. Transduced
cells were exposed to high concentration antibiotic selection (3pg/ml puromycin) up to 2
weeks (approximately 3 passages).

All lenti-viral procedures were carried out following Biosafety Level 3 (BSL3) practices in
BSL2 tissue culture hoods according to institutional biosafety rules. Viral waste generated

during the transfection/transduction process was decontaminated with 10% bleach prior to

disposal.

2.7 Boyden chamber invasion assay

Each Boyden chamber membrane (Fisher Scientific, Cat No 353097) was coated with a
thin layer of BME (200ul of 0.25mg/ml stock, or total of 50ug of BME per membrane) and
incubated at 37°C for 1 hour. Cells were trypsinized and centrifuged at 500 x g for 5 minutes
followed by two rounds of PBS washes to remove remaining serum-containing media. Then,
the cells were resuspended in serum-free media and diluted to the desired concentration
for plating onto the Boyden chambers. Each Boyden chamber received 20,000 — 100,000
cells in 300 ul serum-free media, depending on the cell line. 10% serum was used as the
chemoattractant for these assays. For the experiments testing the effect of MAPK inhibitors

on invasion, the cells were resuspended in drug-containing serum-free media immediately.
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After 16-24 hours, the membranes were stained with Calcein AM (Fisher Scientific, Cat No
354217) for 1 hour at 37°C in dark to stain for live cells. Cells that are in the top chamber
were removed from the membrane with a wet cotton swab. Cells in the bottom chamber
were dissociated from the membrane by incubating in cell dissociation buffer (Trevigen,
Cultrex® Cat No 3455-096-05) in a shaker at 37°C for 1 hour. Finally, Calcein AM signal

was measured in Perkin Elmer Victor X3 plate reader as a read-out of invaded cells.

2.8 High-throughput chemotactic invasion assays

For testing anti-invasive drug combinations, IncuCyte® ClearView 96-Well Chemotaxis
plates (Essen BioScience) were used. 2000 cells per well were embedded in 2mg/ml BME
and plated onto the chemotaxis plate following the manufacturer’s instructions. Media con-
taining 2% FBS was used in both top and bottom chamber to maintain cell viability over 72
hours or more. 200 ng/ml human EGF (Bio-Techne, 236-EG-01M) was used the chemotactic
agent in the bottom chamber, and the control wells only had the vehicle for the chemotactic
agent.

This assay is more accurate when nuclear-labeled cells are used. Therefore, we generated
BM1-mKate2 (nuclear red) cells using IncuCyte® NucLight Red Lentivirus Reagent (Essen
BioScience, Cat No 4478) following the manufacturer’s instructions. After transduction, cells
with the highest nuclear red signal intensity (top 25%) were sorted by FACS.

Chemotaxis module in IncuCyte® can accurately count the number of cell in the top
chamber and the bottom chamber of the ClearView plates separately. Invasive capability of
the cells in the presence of various small molecule inhibitors was measured as the percentage
of cells that moved to the bottom chamber over the period of 72 hours. The formula used for
this calculation is (number of cells in the bottom chamber)/(number of cells in the bottom
chamber + number of cells in the top chamber) x 100. The total number of cells in the top
and bottom chambers is used as read out of proliferation, which was important in determining

drug combinations that blocked invasion without affecting growth properties of the cells.
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2.9 Proliferation assays

For proliferation assays, 1,000 — 20,000 cells (depending on the cell line) were plated in 96-well
plates and quantified over 5 days in IncuCyte by measuring confluence in Phase-Contrast
images taken every 4 hours. For experiments testing the effect of MAPK inhibitors on
proliferation, the cells were plated in 100ul per well and allowed to adhere overnight. Then,

100ul growth media containing 2X drug was added directly on top of the initial media.

2.10 3D Proliferation Assays

For 3D proliferation experiments, we used Cultrex®3D Basement Membrane Matrix, Re-
duced Growth Factor (Trevigen, Cat No 3445-005-01, Lot No 37353J16, Lot concentration:
15.51 mg/ml, referred to as BME). For all experiments, the cells in growth media were mixed
with BME at the final concentration of 2mg/ml. For 3D proliferation assays, 100ul of the
cell/BME mixture was dispensed into each well of a 96-well plate. Upon solidification of
BME, 100ul of growth media was added on top of the solidified gel. For experiments where
the cells were treated with inhibitors, the inhibitors were prepared in the growth media at
2X of their desired final concentration and added after the gel is solidified to assure 1X final
concentration. The growth of the cells was monitered in IncuCyte® Zoom or S3 models for

the indicated duration of time.

2.11 Scratch wound assays for migration

Migration assays are conducted using IncuCyte’s “Scratch wound” module. 20,000 — 30,000
cells were plated on IncuCyte® ImageLock Plates (Essen BioScience, 4379). Once the cells
reached 100% confluence, the wells were scratched with IncuCyte® WoundMaker (Essen
BioScience, 4493) following the provider’s instructions, washed with PBS twice, and supplied

with fresh growth media. For experiments testing the effect of MAPK inhibitors on cell
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migration, fresh growth media containing the inhibitors at the desired final concentration
was added onto the cells after the PBS washes. Wound-healing process was monitored over
72 hours in IncuCyte, and wound density was measured over time as a read-out of cell

migration.

2.12 RNA isolation and gene expression analysis by qRT-PCR

Cells were washed with cold PBS twice and lysed in TRI Reagent (Zymo Research, Cat No
R2050-1-200). RNA was isolated using Direct-zol TM RNA MiniPrep (Zymo Research, Cat
No R2052). 4ug of total RNA from each sample was converted to cDNA using High Capacity
cDNA Reverse Transcription Kit (Applied Biosystems, Cat No 4368813). Primer pairs used

for this study are listed in tables 2.1 and 2.2:

2.13 Chromatin Immunuprecipitation (CHIP) assays

BM1 cells were crosslinked with 10% formaldehyde for 10 min and quenched with 0.125 mM
glycine for 3 min. Cell were then lysed for sonication at 80% output for 4 x 10 seconds
with a 10 second pause inbetween each cycle. The lysate was pre-cleared with IgG (Santa
Cruz, sc-2028) for 1 hour at 4°C and the supernatant was precipitated with antibodies
against BACH1 (AF5776, R&D System), or IgG (normal mouse IgG, Santa Cruz, sc-2025)
overnight at 4°C. Primers for ChIP quatitative RT-PCR are in Table 2.3.

2.14 Animal studies

The primary animal model used in this study was mouse models of TNBC. Mice were pro-
cured and housed by the Animal Resources Center and handled according to the Institutional
Animal Care and Use Committee at the University of Chicago. Athymic nude mice were
purchased from Harlan Sprague Dawley and C57Bl/6 mice were purchased from the Jack-

son Laboratories. C3-1-TAg-REAR mice were received from Jeffrey Green and maintained
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Primer pair Primer sequence

Hs PEBP1  Forward GCTCTACACCTTGGTCCTGACA
Reverse  AATCGGAGAGGACTGTGCCACT

Hs_.NFATC2 Forward GATAGTGGGCAACACCAAAGTCC
Reverse TCTCGCCTTTCCGCAGCTCAAT

Hs_ ROCK1  Forward GAAACAGTGTTCCATGCTAGACG
Reverse GCCGCTTATTTGATTCCTGCTCC

Hs.ROCK2 Forward TGCGGTCACAACTCCAAGCCTT
Reverse CGTACAGGCAATGAAAGCCATCC

Hs_ ADAM10 Forward GAGGAGTGTACGTGTGCCAGTT
Reverse ~ GACCACTGAAGTGCCTACTCCA

Hs_ ADAM17 Forward AACAGCGACTGCACGTTGAAGG
Reverse CTGTGCAGTAGGACACGCCTTT

Hs_EPC1 Forward CCAGACATGCAGTACCTCTACG

Reverse GCTGTTTCTGCATGAGTGCCAG

Hs PIKFYVE Forward CTGAGTGATGCTGTGTGGTCAAC
Reverse CAAGGACTGACACAGGCACTAG

Hs.DOCK4  Forward GCATGTGGATGATTCCCTGCAG
Reverse GGAGGTGATGTAACACGACAGG

Hs_ DOCK5  Forward GCTTCTGAGCAACATCCTGGAG
Reverse TCCTTCTCAGCAGCCGTTCCAT

Hs_ARL13B  Forward GAACCAGTGGTCTGGCTGAGTT
Reverse GTTTCAGGTGGCAGCCATCACT

Hs_DDR2 Forward AACGAGAGTGCCACCAATGGCT

Reverse ACTCACTGGCTTCAGAGCGGAA

Hs ITGA1 Forward CCGAAGAGGTACTTGTTGCAGC
Reverse GGCTTCCGTGAATGCCTCCTTT

Hs_ RAPGEF2 Forward CTCGGATCAGTATCTTGCCACAG
Reverse AGGTTCCACTGACAGGCAATGC

Hs RAPGEF6 Forward AGACAGATGAGGAGAAGTTCCAG
Reverse  GACCTCATAGGCACTGGAGACA

Hs_APC Forward AGGCTGCATGAGAGCACTTGTG

Reverse CACACTTCCAACTTCTCGCAACG

Table 2.1: List of Human primers used in this study

in-house.

For primary tumor growth experiments, 2 x 106 BM1 cells, 5 x 10° LMB cells, and 1
x 106 M6C cells were injected orthotopically near the mammary fat pad of athymic nude,
C57Bl/6, and C3-1-TAg-REAR mice, respectively. Tumor growth was monitored over time
by caliper measurements of the width and length of tumors. Tumor volumes were calculated

with the formula:

volume = (1/6) x length x 2(width)
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Primer pair Primer sequence

Mm_PEBP1 Forward ACTCTACACCCTGGTCCTCACA
Reverse TGAGAGGACAGTGCCACTGCTA

Mm_NFATC2 Forward ACTTCACAGCGGAGTCCAAGGT
Reverse GGATGTGCTTGTTCCGATACTCG

Mm_ROCK1  Forward CACGCCTAACTGACAAGCACCA
Reverse CAGGTCAACATCTAGCATGGAAC

Mm_ROCK2  Forward GTGACCTCAAACAGTCTCAGCAG
Reverse GACAACGCTTCTGAGTTTCCTGC

Mm_ADAMI10 Forward TGCACCTGTGCCAGCTCTGATG
Reverse ~ GATAGTCCGACCACTGAACTGC

Mm_ADAM17 Forward TGTGAGCGGTGACCACGAGAAT
Reverse TTCATCCACCCTGGAGTTGCCA

Mm_EPC1 Forward CTGCCAGGCTTCAGTGCTAAAG

Reverse ~ ACTGACAGCCTGCTTTCCTACG

Mm _PIKFYVE Forward TCTTCTGCCCAGTCCAGCAATG
Reverse ACAGAACATGCTCGGACACTGG

Mm_DOCK4  Forward GATAGGAGAGGTGGATGGCAAG
Reverse CGCCTTGAGATGCAGATCGTAG

Mm_DOCK5  Forward GAGCCGACAGTCTCCTCACATT
Reverse CTGCCTGGTTTTGAAGGTGCTG

Mm_ARL13B  Forward ACCAGTGGTCTGGCTGAGATTG
Reverse ~ CATCACTGTCCTTCTCCACGGT

Mm_DDR2 Forward TCATCCTGTGGAGGCAGTTCTG

Reverse CTGTTCACTTGGTGATGAGGAGC

Mm ITGAl  Forward GGCAGTGGCAAGACCATAAGGA
Reverse  CATCTCTCCGTGGATAGACTGG

Mm_RAPGEF2 Forward GCCGAATGGCATCAGTCAACATG
Reverse ~CAACATCCAGCACTGTGGCGTT

Mm_RAPGEF6 Forward ACAGAGTGAGCCAGGTGCTTCA
Reverse ~CACTCACTTCCTCAGTTGGTCC

Mm_APC Forward GTGGACTGTGAGATGTATGGGC

Reverse ~ CACAAGTGCTCTCATGCAGCCT

Table 2.2: List of Mouse primers used in this study

The mice were sacrificed when the tumors reached approximately lem?.

For metastasis assays 1x10° luciferase-expressing BM1 cells (BM1-luc) were injected into
the left ventricle of the heart to allow for systemic distribution of these bone-tropic tumor
cells. 5x10° LMB cells and 1x10% M6C cells were injected into the tail vein. Mice were
monitored for 3-6 weeks (depending on the model) for tumor development. At the earliest
sign of respiratory problems, or paralysis of the limbs, the experiment was ended and the
mice were euthanized. Tumor burden was measured at the end of the study via Xenogen
IVIS® 200 Imaging System (PerkinElmer) for BM1-luc tumors. For LMB and M6C tumors,

tumor burden was measured by counting overt surface metastases in the lungs after perfusion
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Primer pair Primer sequence

Hs_ROCK1 Forward CAGCCTCACTCTCCCATTTT
Reverse TCCAGCCTTTCCTCTGCTAA
Hs PIKFYVE Forward CTGGACTCCTTCTGCCTGAG

Reverse AAGACTCCGCCCTCTGTTTT

Hs DOCK4 (upstream)  Forward ~ ATTTGCCTGGAGTGGAAGTG
Reverse CTGTATCCAGGGGGATGATG

Hs_.DOCK4 (downstream) Forward TAAGCCCTAGCTCCTGGACA
Reverse ~ AGGGGTCACAAACACTCCTG

Hs_RAPGEF2 Forward AAAAATGCCAAGAAGGGGTTA
Reverse CACTCATCTAGACAGACCCCTGA
Hs_RAPGEF6 Forward CGCCACAGTTCATTCACACT

Reverse GCGAAGGGTTGTTTGCTAGA

Table 2.3: List of Human primers used for the CHIP assay quantitative RT-PCR

and formalin fixation, as well as counting tumors in cross-sections of the lungs after H&E
staining (described below).

For the in vivo studies involving MAPK inhibitors and the 4-drug MAPKi combination
treatment, small molecule inhibitors were resuspended under sterile conditions. Since not
all of the inhibitors were water-soluble, all inhibitiors were initially resuspended in DMSO
at the volumes that will result in less than 5% final DMSO concentration. p38 inhibitor
SB203580 and the MLK inhibitor URMC-099 were further diluted to the desired concentra-
tion with 50%PEG-400 (Sigma, Cat No 91893) + 50%saline. JNK inhibitor SP600125 and
MEK inhibitor Trametinib were diluted in corn oil (Sigma, Cat No C8267). For the 4-drug
combinatorial treatment, dissolving all of the inhibitors in the same solvent was challenging.
Instead, all inhibitors were dissolved in their own solvent at 4X higher concentration then
the desired final concentration. Then, SB203580 and URMC-099 were mixed at 1:1 ratio,
reducing the concentration for each drug down to 2X. Similarly, SP600125 and Trametinib
were mixed at 1:1 ratio. These dual combination solutions were then filtered through 0.22
um PES filter syringes to assure sterility. Each mouse received 50ul of each dual combina-
tion on the same day, resulting in a total of 100ul of drug mix (2 injections per mouse) with
each drug at their desired 1X final concentration. Final concentration for SB203580, URMC-

099, SP600125, and Trametinib in the 4-drug MAPKi combination was 10 mg/kg/day, 10
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mg/kg/day, 10 mg/kg/day, and 0.5 mg/kg/day, respectively. All injections were intraperi-
toneal.

For the tumor growth experiments with the MAPK inhibitors, tumors were allowed to
reach the size 50-100 mm? size before the MAPKi treatment began. Then, the mice were
treated with the respective MAPKi treatment (or the control) for up to 3 weeks. Tumor
size was monitored twice a week with a caliper. For the metastasis assays the tumor cells
were treated with the 4-drug MAPKi combination at the in vitro doses for 24 hours prior
to injections to allow for anti-metastatic reprogramming of the cells. Homing to metastatic
tissues upon intracardiac or teil vein injections can take up to 48 hours. To ensure that the
reprogrammed tumor cells do not revert back to their untreated state in the circulation, we
pre-treated the mice with the MAPKi combination 2-6 hours before tumor cell inoculation
as well. After the inoculation, the mice were treated with the inhibitors daily for up to 3

weeks until the experimental endpoints discussed above were reached.

2.15 Tissue fixation and Immunohistochemistry

Tumor tissues were fixed in 10% formalin upon dissection for 72 hours and then transferred
into 70% Ethanol for long-term storage. Mouse lungs were perfused with PBS before forma-
lin fixation step to allow for tissue expansion and high quality histological analysis. Fixed
tissues were embedded in paraffin and sliced into 5un sections prior to immunohistochemical
analysis. All immunohistochemisty for this body of work was performed by the University
of Chicago Human Tissue Resource Center staff. Briefly, tissue sections were stripped of the
paraffin through xylene treatment and rehydrated with a Ethanol-to-water gradient washes.
Then the sections were incubated in antigen retrieval buffer at 97°C for 20 minutes. Immuno-
histochemical analysis of macrophage infiltration within the tumor tissues was performed by
using primary antibodies agains mouse macrophage marker F4/80. Both primary and sec-
ondary antibody treatments were carried out at room temperature in a humidity chamber.

After secondary antibody incubation, the slides were developed using Elite Kit (Vector Lab-
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oratories, Cat No PK-6100). Finally slides were counterstained with hematoxylin and bluing
reagent and mounted with a cover glass.

For the detection of tissue morphology as well as tumor populations within the lung, lung
sections underwent hematoxylin&eosin (H&E) staining. The sections were deparaffinized and
rehydrated as described above, immersed in hematoxylin, rinsed in warm distilled water, and
treated with eosin.

Stained slides were scanned at 10X on Nikon Eclipse Ti2 Inverted Microscrope Sys-
tem. Macrophage infiltration of the tumors was quantified on FIJI (ImageJ) software using
the THC Image Analysis Toolbox plugin (available at https://imagej.nih.gov/ij/plugins/ihc-
toolbox/index.html). For each tissue, five randomly-selected fields were exposed to same
quantification parameters and the average signal from all five fields was used to compare

macrophage infiltration between different tumor tissues.

2.16 MIB-MS analysis

Multiplexed inhibitor beads - mass spectrometry analysis on BM1-VC and BM1-RKIP tu-
mors was conducted in collaboration with Dr. Gary L. Johnson and his team at the Univer-
sity of North Carolina at Chapel Hill. Tumors were grown in athymic nude mice as described
previously. Once the tumors reached the size of ~300mm?®, they were isolated, flash-frozen
in liquid nitrogen, and shipped to the Johnson Laboratories in Chapel Hill. Preparation of
the lysate for the MIB-MS analysis, and the mass spectrometry were all performed by Dr.

Johnson’s team as described by Duncan et al. [25].

2.17 RNA-sequencing of tumors

To compare the transcriptomes of metastatic BM1-VC and non-metastatic BM1-RKIP tu-
mors, 2 X 100 cells were injected orthotopically. When tumors reached approximately

500mm? size (about 3-weeks post inoculation), we harvested the tumors and flash-froze
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them in liquid nitrogen. Tumor samples were pulvarized immediately, and lysed in TRI
Reagent® (Zymo Research, Cat No R2050-1-200). RNA was extracted using the Direct-
zol™ RNA MiniPrep Kit (Zymo Research, Cat No R2052) following the manufacturer’s
instructions under RNAse-free conditions. In order to prevent contamination of the RNA
samples by genomic DNA| the samples were treated with DNAse-I (Zymo Research, Cat No
E1011-A) for 15 min at ambient temperature on the RNA extraction column. Total RNA
was eluted in RNAse/DNAse-free water (Zymo Research, Cat No W1001-30) and submitted
to the University of Chicago Genomics Facility for further analysis.

RNA quality assessment, library preparation, and sequencing of the tumor RNA sam-
ples were all performed by the Genomics Facility staff following the facility’s standardized
protocols. Quality of the samples were assessed using Bioanalyzer and the samples were de-
termined to be of high quality with an average RNA integrity number (RIN) of 8.6. For the
RNA-seq analysis we had 7 control tumors and 5 RKIP-overexpressig tumors, so we chose to
generate an individual oligo dT selected, mRNA directional library for each tumor sample
without any pooling scheme. All 12 samples were run on the same lane in HiSEQ4000 to
generate 50 base-pair long single-end reads.

Bioinformatic analysis of the RNA-seq results were all carried out using the web-based
bioinformatics platform Galaxy (usegalaxy.org). Raw ”*.fastq” files were uploaded to the
Galaxy servers via a file transfer protocol (FTP) software. The reads were analyzed for
GC content using FastQC and trimmed to remove adaptor sequences using Trim Galore!.
The reads, then, were mapped to the human genome (hgl9) using RNA STAR. In all sam-
ples, 70-75% of the reads were uniquely mapped. The resulting ”*.bam” files were used
to count reads per gene with featureCounts. Finally, read counts were normalized and an-
alyzed for differential expression between Control and RKIP-overexpressing samples using
DESeq2. Principle component analysis on the normalized read counts demonstrated two

distinct clusters of samples, separated by the RKIP status.
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2.18 The Cancer Genome Atlas Analyses

For the analysis of patient data, normalized RNA-seq results were accessed through the cBio-
portal data base (www.cbioportal.org)[34, 13]. For every TCGA cancer type, the provisional
data sets were used for analysis (tagged "TCGA, Provisional” on cBioportal). List of genes
that correlate with RKIP and BACH1 were also downloaded directly from cBioportal, as
the data base already has these correlation matrices generated for each TCGA cancer type.
Oncotype and expression heatmap plots were directly generated by cBioportal. Prior to
generation of these plots, z-score threshold of 0.5 was arbitratily chosen to classify patients
into high vs. low expressors for a particular gene of interest. For example, if a patient’s
tumor sample has an RKIP expression level that has a z-score higher than 0.5, then the
sample was deemed ”"RKIP-high”, and if the z-score was below -0.5, the sample was deemed
"RKIP-low”. If the z-score falls within -0.5 and 0.5, then the sample was considered as
"Intermediate”, or "Other”. Both Pearson and Spearman correlations were used in deter-
mining gene-gene correlations and a coefficient cut-off of 0.3 was chosen arbitrarily for both
correlation metrics.

The clinical metadata regarding the TCGA breast cancer data set was downloaded from
cBioportal. The clinical information on breast cancer patients does not contain TNBC
status information. So we assigned TNBC vs. Non-TNBC status to breast cancer samples
by considering immunohistochemistry-based assessment of ER, PR, and HER-2 expression.
If the sample was negative for all three of these parameters by IHC, the sample was deemed
"TNBC”. Otherwise, the sample was considered as ”Non-TNBC”. A total of 115 cases were
identified as TNBC with this method.

Pamb0 subtype information for the TCGA breast cancer samples was downloaded using
the R packaged "TCGADbiolinks” [19] (. For this analysis, only those samples with a Pam50

annoation were considered (there were only 512).
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2.19 Gene Set Enrichment Analyses

Functional gene set enrichment analysis of the differentially expressed genes in the RNA-
seq data as well as the genes that correlate with RKIP and BACH1 was performed using
the web-based interface of the Metascape software [97] (metascape.org). For the identifi-
cation of pathways and processess enriched in the input gene lists, both ”Gene Ontology”
(GO) and ”Kyoto Encyclopedia of Genes and Genomes” (KEGG) categories were considered.
Minimum overlap of 5 genes and an enrichment score of 1.5 was chosen as the enrichment

parameters. Adjusted p-value cut-off of 0.05 was chosen as the significance threshold.
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CHAPTER 3
LESSONS LEARNED FROM RKIP: ROLE OF STRESS
NETWORKS IN CANCER METASTASIS

3.1 Abstract

Late stage cancers are extremely difficult to treat because there are very few systemic treat-
ment options against metastatic disease. At the metastatic stage, tumor cells are more
resistant to the standard chemotherapeutic treatments. Particularly in late stage triple neg-
ative breast cancers the only line of treatment is chemotherapy, but a high proportion of
these patients either do not respond to the treatment or relapse within 5 years. There-
fore, there is an urgent clinical need for novel therapeutic approaches that can target the
metastatic stage of cancers.

In this chapter, we sought to develop new anti-metastatic treatment options by studying
one of the physiological suppressors of metastasis, RKIP. Kinomic analysis of metastatic
(BM1-VC) and non-metastatic (BM1-RKIP) tumors revealed a network of MAP kinases
involving the stress-induced p38 and JNK signaling cascades in addition to ERK to be
inhibited by RKIP. In vitro studies suggested that ERK inhibition alone cannot always
explain downregulation of p38 and JNK activity in RKIP-expressing TNBC cells. We iden-
tified MAP3K-level kinases MLK and TAOK, which can activate p38 and JNK, as novel
downstream targets of RKIP. Inhibition of MLK, TAOK, p38, and JNK by small molecule
inhibitors and/or siRNAs impaired invasion in TNBC cell lines, highlighting the importance
of stress kinase signaling in metastasis. Negative feedback mechanisms between p38 and JNK
suggested that a single agent is not enough to inhibit the entire RKIP target kinase network.
Therefore, we used high-throughput invasion assays to screen for kinase inhibitor combi-
nations that can block invasion by partially inhibiting all three axes of the stress MAPK
network. A 4-drug combination consisting of p38, JNK, MEK, and MLK inhibitiors used

at sub-therapeutic doses effectively phenocopied RKIP by inhibiting MAPK network and
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invasion, without affecting proliferation of TNBC cells in vitro. In xenograft and syngeneic
mouse models, the 4-drug MAPKi inhibited metastasis as well as primary tumor growth
without apparent overall toxicty to mice. 4-drug MAPKi also showed significant survival
benefit even after cessation of the treatment. Collectively, these findings demonstrate that
combinatorial treatment modalities that mimic metastasis suppressors like RKIP are vaiable

therapeutic options for metastatic cancers.

3.2 Introduction

Studying RKIP is a powerful approach to unraveling intricate mechanisms that lead to the
metastatic progression of cancers. RKIP’s robustness in reprogramming metastatic cancer
cells into a non-metastatic state in multiple solid tumor types allows for elucidating key
mechanisms of metastasis. It also allows for comparisons between metastatic and non-
metastatic cancers in a syngeneic background with the exception of RKIP overexpression,
providing a model with less noise. More importantly, RKIP’s molecular function in inhibiting
kinases provides a unique opportunity to reveal signaling events that govern different steps of
metastasis, and to develop effective therapeutic strategies for blocking disease progression.
Understanding downstream effects of RKIP on kinase networks can guide the discovery
of kinase inhibitor combinations that ultimately mimic RKIP’s anti-metastatic function in
tumors lacking RKIP expression.

Using kinase inhibitors as single agents has not yielded durable treatments in the clinic,
as signaling networks have redundant pathways that can bypass the effect of the inhibitor.
Developing effective anti-metastatic treatments will require identification of these feedback
mechanisms and disabling them by combining multiple inhibitors. Similarly, RKIP has the
potential to affect multiple signaling cascades, as exemplified by its inhibitory role on RAF
and NFkB signaling. Therefore, it is unlikely that there is one inhibitor that will capture
RKIP’s function on metastatic networks. This requires studying RKIP-mediated signaling

at a systems level under physiological conditions. In other words, changes in the activity
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of the entire kinome must be monitored in order to gain a more complete picture of the
metastatic and non-metastatic states.

RKIP’s effect on the RAF-MEK-ERK cascade is well-characterized [102], and it is evident
that it can interact with more than Raf-1 (see Background). However, our understanding
of RKIP’s function at the kinomic level is incomplete. Here, we sought to discover kinase
networks altered by RKIP in the process of anti-metastatic reprogramming of TNC cells.
The systems-level approach will not only allow us to uncover novel pathways targeted by

RKIP, but also provide therapeutic strategies for blocking metastasis.

3.3 Results

3.3.1 RKIP requlates the activity of stress kinases in TNBC

Phospho-proteomic analysis of tumors using mass spectrometry is a commonly used method
for studying the kinome of cancers [79]. This approach giantifies phosphorylation of certain
residues on kinases, but inferring the activity of kinases based on phospho-proteomic data
heavily relies on prior knowledge about the correlation between the phospho-sites and the
activation state of a kinase.

In order to investigate RKIP-regulated kinome, we employed an alternative method that
quantifies overall activity of individual kinases in a sample. Gary L. Johnson and colleagues
have developed the Multiplexed Inhibitor Bead - Mass Spectrometry (MIB-MS) method that
utilizes a set of kinase inhibitors that are conjugated to magnetic beads to pull down active
kinases from any sample.[25] The kinase inhibitors employed for the isolation of kinases
are Type-1 inhibitors (ATP-competitive), which bind to the active conformation of kinases.
Therefore, MIBs select for active kinases as a function of expression levels of a kinase as well
as its conformation state. Quantitative mass spectrometry analysis of the isolated kinases
allows for comparison of kinase activity across multiple samples. Johnson et al. have used

this method repeatedly and successfully to elucidate adaptive changes in the kinome of
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cancers as resistance mechanisms upon drug treatments [25, 92].

We employed the MIB-MS approach to compare the kinome of metastatic BM1 tu-
mors that lack endogenous RKIP expression to non-metastatic BM1 tumors in which we
re-expressed RKIP exogenously. MIB-MS analysis of tumors were performed by our collab-
orators Dr. Johnson and his team at the Univeristy of North Carolina. MIBs pulled down
more than 300 kinases from our tumor protein lysate samples and 250 of these kinases were
identified in all of the biological replicates we submitted, allowing for further analysis of
differential activity. In the end, the activity of 30 kinases were significantly altered upon
reintroducing RKIP into the tumors (Figure 3.1, panel A on page 32), suggesting that these
kinases are important for the metastatic process.

The majority of the kinases (23 out of 30) showed a decrease in their activity, consistent
with RKIP’s inhibitory role (the 7 kinases with increasing activity will be discuessed later).
Among these kinases was a known target was MAPK1 (ERK2), a member of the RAF-
MEK-ERK cascade targeted by RKIP, which validated the power of MIB-MS approach in
identifying metastatic targets. More importantly, this is the first time regulation of ERK
activity by RKIP is shown to take place under physiological conditions in TNBC tumors.
Previous studies have mostly focused on in vitro studies where both RKIP and putative target
proteins are over-expressed at supra-phyisological levels. In vitro studies have also suggested
that MAPK14 (p38«) is an indirect target of RKIP, though mechanistic understanding of
this interaction is incomplete. [2]

Interestingly, the changes that RKIP induced in the TNBC kinome were not specific to
a specific family of kinases. In addition to known RKIP targets MAPK1 and MAPK14,
MIB-MS identified more kinases from all branches of the human kinome tree that have
never been implicated as RKIP targets before (Figure 3.1, panel B on page 32), such as
STE family kinases (MAP3K9, MAPK3K11, TAOK2, and MLTK), Tyrosine Kinase (TK)
family (JAK3, PTK2B, HCK, BTK, AXL, and EPHA2), Tyrosine Kinase-Like (TKL) fam-
ily (IRAK1), "CDK, MAPK, GSK3 and CLK” (CMGC) family (MAPKS8 and MAPKY),
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Calmodulin/Calcium regulated kinase (CAMK) family (STK11), ”Protein Kinase A, G, C”
(AGC) family (RPS6KA3, RPS6KA5, RPS6KB1, SGK3, and PRKG1), and other families
including some metabolic kinases (FN3KRP, ERN1, AGK, PIKFYVE, EIF2AK4, TTK,
PDXK, CHKB, and PLK4). This finding suggests that the metastatic phenotype is not

controled by a single kinase family.
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Figure 3.1: RKIP significantly regulates the activity of 30 kinases in xenograft mouse models
of triple negative breast cancer (TNBC). (A) A heatmap of LFQ intensities from MIB-MS
analysis for kinases the activity of which is differentially regulated between BM1-VC (con-
trol) and BM1-RKIP (RKIP) tumors. Each column represents a biological replicate (n=>5
control tumors, n=6 RKIP tumors). The heatmap was scaled row-wise. Significance is de-
termined with a two-tailed student’s t-test on the LFQ values. For all the kinases depicted
on the heatmap, the p-values were less than 0.05. (B) Depiction of kinases upregulated or
downregulated by RKIP in the MIB-MS analysis on a kinome tree. Blue indicates downreg-
ulation of activity and red indicates upregulation of activity by RKIP with respect to the
control activity levels. Size of the circles is proportional to the absolute value of the fold
change of activity.

The broad range of kinases targeted by RKIP prompted us the investigate whether RKIP
primarily inhibits highly active kinases in the cell. We first ranked kinases based on their
activity level, determined by the label-free quantitation (LFQ) method in the metastatic
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BM1-VC tumors, and identified where the significantly regulated RKIP targets fell on this
activity ranking. In the top of the ranking were kinases such as MAPK1 (ERK2), EPHA2,
and MAPK14 (Figure 3.2, panel A on page 34). Finding ERK to be the most active kinase
is consistent with the mutational background of BM1 tumors as their parental cell line
MDA-MB-231 expresses a constitutively active RAS mutant [40], which activates ERKs.
RKIP inhibited not only some of the highly active kinases such as MAPK1 (ERK2) and
MAPK14(p38«), but also many kinases with various levels of activity such as JAK3, SGK3,
MAPK3K9 (MLK1). The effect size of regulation by RKIP on these kinases was small,
ranging from 10% to 30%(corresponding to a log2 range of -0.6 to 0.6) (Figure 3.2, panel B
on page 34)

Functional analysis of the 30 kinases that were significantly regulated by RKIP showed
enrichment for protein phosphorylation-related gene sets, such as ”phosphotransferase activ-
ity”, "protein kinase activity”, ”protein autophosphorylation”, and ”protein serine / threo-
nine / tyrosine kinase activity” (Figure 3.3, panel A on page 35). This result is expected
given that the input list for this analysis was solely composed of kinases. The 23 negatively
regulated kinases were enriched in ”Stress-activated MAPK cascade” | suggesting a role for
stress pathways in TNBC metastasis (Figure 3.3, panel B).

Functional network analysis using Ingenuity® Pathway Analysis (IPA) revealed that the
majority of the RKIP kinases are functionally connected (Figure 3.4, panel A on page
36). As the gene set enrichment analysis suggested, MAP kinases were at the center of the
network. Community analysis of the protein-protein interaction networks generated using
RKIP target kinases detected 3 major communities composed of the upstream MAP3K, the
three MAPKs (ERK, JNK, p38), and the downstream RPS6Ks (Figure 3.4, panel B on page
36).

In order to validate regulation of stress MAPKs by RKIP, we used wildtype RKIP or the
constitutively Raf-binding S153E mutant version in BM1 cell lines that do not express RKIP

(Figure 3.5, panel A on page 37). When stress conditions were stimulated chemically using
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Figure 3.2: RKIP targets multiple kinases of different activity levels partially. (A) A heatmap
of LFQ instensities for all 250 kinases pulled down with multiplexed inhibitor beads. Kinases
were ranked based on their average LF(Q intensity in the control tumor samples from high to
low. The heatmap was scaled column-wise and each column represents a biological replicate
(n=>5 control samples). Kinases that are significantly upregulated or downregulated in their
activity in the RKIP tumor samples were overlayed on the left in red. (B) Bargraph showing
average fold changes in the activity of the 30 kinases regulated by RKIP in vivo. Fold changes
are in log2 scale, corresponding to roughly 30% difference in either direction.
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anisomycin [38], over-expression of RKIP and RKIP S153E partially inhibited induction of
MAP2Ks MKK4, MKK3, and MKKG6, stress MAPKs p38, JNK, and ERKs, as well as the

downstream p70/p85 S6K and p90 kinase MSK1 (Figure 3.5, panel B). Downregulation
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Figure 3.3: Kinases regulated by RKIP are enriched for stress-induced MAP kinases. (A)
Gene set enrichment analysis by Metascape of all 30 kinases regulated by RKIP. Bargraph
shows the p-values for each enriched gene set in -logl0 scale. (B) Same analysis as in (A),
but this time, the input kinases set was the 23 kinases that were downreguated by RKIP.
of stress kinase activity was also apparent when the cells were induced with serum as well
(Figure 3.5, panel C), though serum is a much weaker inducer of p38 and JNK compared
to anisomycin. Inhibition of stress kinase activity by RKIP was not limited to the BM1
cell line. Another human TNBC cell line MB436 shows similar results under anisomycin
induction (Figure 3.6, panel A on page 38).

We also investigated RKIP signaling in mouse TNBC cell lines LMB and M6C. In both

cell lines RKIP and RKIP S153E impaired p38 and JNK activation upon anisomycin or
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Figure 3.4: Network analysis of MIB kinases reveal a highly connected stress MAPK network
regulated by RKIP. (A) Ingenuity® Pathway Analysis (IPA) on the 30 kinases regulated by
RKIP. Each triangle (node) represents a kinase and each arrow (edge) represents a functional
relationship (activation or inhibition). Red nodes indicate upregulation of kinase activity
and green nodes indicate downregulation of kinase activity by RKIP in the input data set.
Coloring of the edges represent the IPA prediction about the state of the interaction - red
edges predict activation, blue edges predict inhibition. A complete color key is included in the
top right corner in the Prediction Legend. (B) Direct protein-protein interaction network
of the 30 kinases with community analysis. Nodes represent kianses and edges represent
direct interactions. Black edges indicate within-community interactions, whereas red edges
indicate inter-community interactions. Kinases that did not have direct interactions are not
shown on the network.

serum treatment, though in some cases RKIP S153E was more potent (Figure 3.6, panel B

for LMB and panel C for M6C)
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Figure 3.5: Inhibition of stress MAPKs by RKIP in the human TNBC cell line BM1. (A)
Western blot showing the exogenous expression of wild-type RKIP or constutively Raf-
binding S153E mutant RKIP in the BM1 cell line. (B) Inhibition of MAPKKs, MAPKs
and downstream p70/p90 kinases by wild-type and mutant RKIP overexpression. BM1 cells
were starved in serum-free mediate overnight and induced with anisomycin (25ng/ml) for
30 minutes before lysis. For each kinase, the activity was monitored by the phosphorylated
state of the kinase which corresponds to activation status of the kinase. For a detailed list of
the phopho-sites queried for this analysis, please refer to the Materials and Methods section.
Band intensities were measured by densitometry, normalized to the intensity of Tubulin for
that band on the same gel, and shown above the respective band. (C) Inhibition of stress
kinases p38 and JNK by RKIP under serum conditions. BM1 cells were starved overnight,
and induced with 10% serum for 30 minutes before lysis.

The fact that RKIP inhibits stress kinases suggests that p38 and JNK signaling are im-

portant for metastasis. Chemical inhibition of p38 and JNK activity with small molecule
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Figure 3.6: Regulation of stress MAPKs p38 and JNK by RKIP in other TNBC cell lines.
(A) MB436 (human), (B) LMB (mouse), and (C) M6C (mouse) cells were starved overnight

and induced by anisomycin (25ng/ml) or by serum (10%) for 30 m

inutes before lysis.

inhibitors specifically targeting these kinases mimicked RKIP’s function by inhibiting inva-

sive and migratory capability of BM1 cell line in a dose-dependent
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manner (Figure 3.7).
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Figure 3.7: p38 and JNK activity is important for invasion and migration of BM1 cells. BM1
cells were treated with the p38 inhibitor SB203580 or the JNK inhibitor SP600125 at the
indicated doses during the experiments. Plot shows mean + s.e.m. (n=3 technical replicates
per treatment group). Statistical signficance was determined by a two-tailed t-test with for
each dose with respect to the control treatment.( p-values: * p < 0.05, ** p < 0.01, *** p
< 0.001, **** p < 0.0001)

3.83.2  RKIP can requlate stress kinases independently of the

RAF signaling pathway

Other studies have previously shown that there is cross-talk between different members of the
MAPK family kinases [47]. RKIP is primarily known to bind Raf and inhibit downstream
MEK and ERK activation. Since our MIB-MS data suggested RKIP can also downregu-
late stress MAPKs p38 and JNK as well, we wanted to investigate if this inhibition was
downstream of the RAF-MEK-ERK inhibition. When we mimicked RKIP’s function using a
specific MEK inhibitior (Trametinib) which blocks MEK and ERK activation, JNK signaling
was also inhibited in a dose-dependent manner in 3 out of 4 cell lines tested (Figure 3.8 on
page 41). This suggests that the JNK signaling can be downstream of the ERK signaling

when the cancer cells are induced by anisomycin. In contrast, there was no dose-dependent
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pattern in the changes observed in p38 activity. At lower doses of MEKi, phopsho-p38 seems
to decrease partially, but as the dose gets higher, there is a re-induction of p38. This effect
was observed in BM1, LMB, and M6C cells, but not MB436 cells (Figure 3.8, panel A, C,
and D). In MB436 cells, MEK inhibition under anisomycin induction caused gradual increase
in the phosphorylation of p38. (Figure 3.8, panel B)

When the stress signaling is induced by serum, the response to MEK inhibition is differ-
ent. There is no dose-dependent effect on p38 activity upon MEK inhibition under serum
conditions, as it flactuates across different doses of MEK. JNK activity, on the other hand,
tends to increase at higher doses of MEKi at least in MB436, and M6C cell lines. This
phenotype might be isoform-specific as the quantification of the overall JNK signal in the
western blots do not always reflect the patters observed in some bands (e.g. higher vs. lower
molecular weight JNK bands).

These findings suggests that the influence of Raf-Mek-Erk cascade inhibition on p38 and
JNK signaling is dependent on cell type as well as the type of induction. Even though
the stress response to MEK inhibition is different under different conditions, one thing is
clear: inhibition of ERK signaling is not enough to explain RKIP’s effect on p38 and JNK.
RKIP can block p38 and JNK activation under both anisomycin and serum, which is not
recapitulated by using MEK inhibitor. This suggest that there are other mechanisms by

which RKIP inhibits stress kinases, which will be topic of the next section.

3.3.83 RKIP inhibits the activity of upstream stress kinases TAOKs and

MLKs

Raf, the well characterized target of RKIP, is a MAP3K level kinase that primarily activates
MEK and ERK. Since inhibition of MEK activity cannot always account for the inhibition
of p38 and JNK signaling, we looked for other upstream kinases. Our initial MIB analysis
already identified other MAP3K level kinases which are known to activate p38 and JNK.

Among these are the thousand-and-one kinases (TAOKSs) and the mixed lineage Kinases
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Figure 3.8: Reduction in ERK activity cannot account for RKIP’s inhibitory function on p38
and JNK activity. Western blots demonstrating activity of JNK, p38, and ERK kinases in
BM1(A), MB436(B), LMB(C), and M6C(D) cells upon overnight starvation, pre-treatment
with MEK inhibitor Trametinib at increasing doses (0.1,1,10,100nM for BM1 and MB436
cells. 1,10,100nM for LMB and M6C cells) for 30 minutes, and induction with either ani-
somycin (25ng/ml, left panels) or 10% serum (right panels) in the presence of the inhibitor
for 30 minutes.
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(MLKs). MIB results showed that RKIP inhibits the activity of TAOK2, MLK1, MLK3,
and MLTK (also known as ZAK). We hypothesized that RKIP regulates stress kinases p38
and JNK via inhibiting upstream TAOKs and MLKs.

We focused on TAO kinases and MLK3 because there were anti-phospho antibodies
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available to assess the activity of these kinases via Western blots. Validating the MIB
results from tumors, RKIP inhibited activity of TAOK1, TAOK2, and TAOKS, as well as

MLKS3 in vitro when BM1 and MB436 cells were induced with anisomycin (Figure 3.9 on

page 42).
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Figure 3.9: RKIP inhibits the activity of upstream MAP3K level TAO kinases and MLKs.
BM1(A) and MB436(B) cells were starved overnight, and induced with anisomycin (25ng/ml)
for 30 minuted.

Even though RKIP downregulates the activity of all three TAO kinases in vitro, only
TAOK?2 was significantly regulated in vivo according to the MIB analysis of BM1 tumors.
These results were recapitulated in syngeneic M6C tumors, where Western blot analysis of
phosphorylated TAOKs showed a significant reduction by RKIP only in TAOK2 activity
(Figure 3.10 on page 43). These results sugges that RKIP has the ability to regulate all
three TAOKSs, but in vivo TAOK2 is its primary target.

Next, we wanted to test if TAOKs and MLKs are important in stress kinase signaling,
invasion, and proliferation in our cell lines in vitro. First, we inhibited expression of TAOKs

using siRNA technology targeting each TAOK individually. Since RKIP seems to downreg-
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Figure 3.10: RKIP targets TAOK2 in vivo. (A) M6C cell with or without exogenous RKIP
overexpression were injected orthotopically into REAR mice, and the tumors were isolated 4
weeks later when they reached roughly 1.5cm diameter. Western blot shows the activity of
TAO kinases 1,2, and 3 and the RKIP overexpression in the protein lysates collected from
these tumors (n=7 Control tumors, n=8 RKIP tumors. n.s - non-specific antibody binding.
(B) Densitometery quantification of the western signal for each TAO kinase in Control and
RKIP M6C tumors (left panel). Normalized LFQ intensity for TAO kinases 1, 2, and 3
in the MIB-MS data, originally depicted as a heatmap in Figure 3.1, panel A, from BM1
tumors with or without exogenous RKIP expression (right panel). Each dot on the graphs
represents a biological replicate and the data are shown as mean 4 s.e.m. Exact p-values
are determined by a two-tailed t-test.

ulate activity of all three TAOKSs in vitro, we also made a cocktail of all three si-TAOK
constructs (si-Combo). We confirmed the knock down of TAOKSs by quantitative RT-PCR,
which suggested that the siRNA constructs used for this study were not completely specific
to individual TAOKSs (Figure 3.10, panel A on page 43). Since we are only looking for an
effect on stress kinase activity upon an overall downregulation of TAO kinases just in the

case of RKIP, the non-specificity of the si-TAOKSs is not of concern.
When we knocked down TAOK expression in BM1 cells both p38 and JNK activation by
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anisomycin was inhibited by si-TAOKI, si-TAOKS3, and si-Combo (Figure 3.10, panel B).
TAOK?2 knockdown suprisingly did not have any obvious effect on the stress kinase signaling,
potentially due to the fact that it seems to be the least active TAOK among the three TAOKSs
(faintest band on the p-TAOK Western blots). Under serum conditions, however, knockdown
of TAOKSs resulted in induction of p38 activity, while si-TAOK1 moderately downregulated
JNK (Figure 3.10, panel C). The results were almost opposite in the MB436 cells, where
p38 and JNK activity was inhibited by si-TAOK1, si-TAOK2, and si-TAOK3 in serum, but
not in anisomycin (Figure 3.10, panels D and E). These results demonstrate that, though
TAO kinases are capable of regulating both p38 and JNK activity, their function heavily
depends on the cell type and the type of induction.

MLKs primarily activate the JNK pathway [80]. When we inhibited MLK activity with
URMC-099, a small molecule inhibitor that targets MLKs 1/2/3 and LRRK2, we observed
less JNK activation across all 4 cell lines tested under both anisomycin and serum conditions
(Figure 3.11 on page 43). The only exception to this observation was M6C cells under
anisomycin induction. In these conditions the MLK inhibitor induced more phospho-JNK
(Figure 3.11, panel D), suggesting that negative feedback mechanisms that override the
MLK inhibition exist in M6C cells. In human cell lines BM1 and MB436, but not in mouse
cell lines, high doses of MLKi also blocked p38 activation when the cells were induced by
anisomycin (Figure 3.11, panel A and B in comparison with C and D).

Inhibition of TAO and MLK kinases phenocopy RKIP’s role on invasion. TAOK blockade
by siRNAs and MLK inhbition by URMC-099 both result in diminished invasiveness in BM1
and MB436 cells in vitro. This observation is consistent with the previous findings on p38
and JNK’s role in invasion, and argues for TAOK and MLK involvement in stress-mediated
invasion.

Overall, these findings suggest that TAOKs and MLKs are capable of regulating both
p38 and JNK in a context-dependent manner. But the results also highlight an important

point about these in vitro studies, that there can be feedback mechanisms which alter the
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Figure 3.11: TAO kinases regulate p38 and JNK activity under certain circumstances in
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Figure 3.12: MLK inhibition blocks JNK activation. Western blots demonstrating activity
of JNK and p38 kinases in BM1(A), MB436(B), LMB(C), and M6C(D) cells upon overnight
starvation, pre-treatment with MLK inhibitor URMC-099 at increasing doses (50nM, 200nM,
1uM) for 30 minutes, and induction with either anisomycin (25ng/ml, left panels) or 10%
serum (right panels) in the presence of the inhibitor for 30 minutes.

output of a signaling event and it is difficult to predict the behaviour of a network without

identifying these hidden bypass mechanisms.

3.3.4  Negative feedback loops between p38 and JNK signaling manifest

under certain conditions

RKIP effectively inhibits all three axes of the MAPK network. Targeting one axis may prove

ineffective because the MAPK network is tightly regulated through feedback mechanisms.
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Figure 3.13: TAOK and MLK inhibition diminishes invasiveness of human TNBC cell lines.
BM1 (A) and M436 (B) cells were transduced with the indicated si-RNA contructs for 48
hours and plated for Boyden chamber invasion assay. Live cells in the bottom well were
quantified with Calcein AM staining as a read-out of invaded cells after 24 hours. BM1 (C)
and MB436 (D) cells were plated for Boyden chamber invasion assay, with the indicated doses
of the MLKi inhibitor URMC-099. Invaded cells were quantified 24 hours later. Data are
plotted as mean + s.e.m and significance was determined by two-tailed t-test with respect to
the DMSO control samples. (A) and (B) are representatives of two independent experiments.
( p-values: * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001)

Understanding these feedback mechanisms within TNBC is crucial for developing effective
combinatorial therapies. In order to investigate the types of feedbacks embedded within the
stress kinase networks, we used small molecule inhibitors that are specific to the p38 and
JNK kinases.

Under serum induction, we observed the presence of negative feedback between the p38
and JNK pathways in BM1 cells (Figure 3.14, panel A on page 48). p38 inhibition resulted
in more phosphorylated JNK, and JNK inhibition induced more phospho-p38 in a dose
dependent manner in BM1 cells. Interestingly, these feedback loops were different under

anisomycin-induced stress conditions. p38i-induced JNK activation was specific to serum
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conditions and was not observed in anisomycin induced cells (Figure 3.14, panel B). JNK
inhibtor increased p38 activity regardless of inducer. MB436, M6C, and LMB cells showed
the same negative relationship between p38 and JNK activity as well, when the cells were
induced with serum (Figure 3.15, on page 49). JNK activation upon p38 inhibition was
mediated by MLKs becuase JNK was not induced when BM1 cells were co-treated with p38i
and MLKi (Figure 3.16, panel A on page 50). Combined treatment with JNKi and MLKi
further increased the intensity of p38 activation with respect to JNKi alone (Figure 3.16,

panel B), suggesting that MLK mediates p38-to-JNK negative feedback but not JNK-to-p38.
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Figure 3.14: Negative feedback between p38 and JNK in BM1 cells. Western blots demon-
strating activity of JNK, and p38 kinases in BM1 cells upon overnight starvation, pre-
treatment with p38 inhibitor SB203580 (left panels) and JNK inhibitor SP600125 (right
panels) at increasing doses (1, 10, 25 pM ) for 30 minutes, and induction with either 10%
serum (A) or anisomycin (25ng/ml) (B) in the presence of the inhibitors for 30 minutes.

p-JNK

3.3.5 A combination of four MAPK inhibitors mimic RKIP’s effect on

stress signaling in vitro

The experimentally-validated RKIP stress kinase network with the feedback mechanisms
suggested that inhibiting an individual MAPK axis (or one node on the network) would be
ineffective in inhibiting the entire network (Figure 3.17, on page 51) because the feedback

loops differ with cell type and stimulus. It was clear that we needed to combine multiple
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Figure 3.15: Negative feedback between p38 and JNK in MB436, LMB, and M6C cells.
Western blots demonstrating activity of JNK, and p38 kinases in MB436 (A), LMB (B), and
M6C (C) cells upon overnight starvation, pre-treatment with p38 inhibitor SB203580 (left
panels) and JNK inhibitor SP600125 (right panels) at increasing doses (1, 10, 25 uM ) for
30 minutes, and induction with either 10% serum in the presence of the inhibitors for 30
minutes.

MAPK inhibitors to mimic RKIP’s effect on the core network. We reasoned that, if we screen
for combinations of MAPK inhibitors that inhibit invasion of TNBC cells better than the
individual drugs alone, those combinations would be more likely to target all three axes of
the MAPK network. Furthermore, we wanted to mimic RKIP by using sub-threshold doses.

Since we are aiming to mimic RKIP’s funtion, we strategized to start with a dose-response

analysis of individual MAPK inhibitors to identify doses at which these inhibitors inhibited
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Figure 3.16: JNK activation upon p38 inhibition is mediated by MLK in BM1 cells. (A)
Western blot showing JNK activity when BM1 cells were starved overnight, pre-treated with
p38i alone, MLKi alone, or p38i and MLKi together at the indicated doses, and induced with
10% serum in the presence of the inhibitors. (B) Western blot showing p38 activity when
BM1 cells were starved overnight, pre-treated with JNKi alone, MLKi alone, or JNKi and
MLKi together at the indicated doses, and induced with 10% serum in the presence of the
inhibitors.
invasion without affecting growth and proliferation of cancer cells. For this analysis, we used
SB203580 (p38i), SP600125 (JNKi), Trametinib (MEKi), and URMC-099 (MLKi) (Figure
3.18, on page 52).

In 2016, Goldsmith and colleagues published a series of scaffold molecules that act as
TAOK?2 inhibitors [77]. In collaboration with Goldsmith’s team, we have tried two of these

molecules to see if they inhibited downstream stress kinases. Since TAOK2 is upstream of

p38, we were primarily looking for blockade of p38 activity with these inhibitors. Out of the

20



RKIP Stress MAPK network

p38 axis JNK axis ERK axis
TAOKs RAF MAP3Ks

AN /x/ 1
[ RS 7 1
AN ,/ R
: \;/\ /’ : MEK MAP2Ks
[} 7 A 1
[ S 1
| /’ \\ 1

L N

@‘ T @ MAPIS
I’ /
\ AY
A ’ N, ’
~ ’ ~ ’
S “ Seame- -
C - p38 axis JNK axis ERK axis D - p38 axis JNK axis ERK axis
TAOKs RAF TAOKs RAF
AN S 271 1N S 270
[ S s 1 1N, 1
[ N A | T N AR A
1 \/' ’ 1 1 \/ ’ 1
1 P 1 MEK 1 M H MEK
] 7 A 1 1 7 A 1
1 SN 1 1 2 2N 1
| 4 /' ‘\ 1 1 7 /’ \\ 1
i [ N ; ; 7, (N f
I’ I’
AY AY
N e N P4

____________

Figure 3.17: Diagram showing the experimentally-validated RKIP stress MAPK network
and different scenarios of single agent targeting. Solid lines represent direct interactions,
whereas dashed lines represent direct or indirect interactions. Black lines are interactions
observed under anisomycin induction, and green lines are specific to serum induction. (A)
JNK is downstream of MEK signaling, but p38 is not. Both TAOKs and MLKs can regulate
JNK and p38 in a context-dependent manner. JNK inhibition induces p38 activation in
anisomycin and serum. p38 inhibition induces JNK activation only under serum induction,
which is mediated through MLK. (B) In the case of MEK inactivation, ERK and JNK activity
is predicted to decrease but this can induce p38 activation due to the negative relationship
between JNK and p38. (C) In the case of JNK inhibition, p38 activity will increase and
ERK may stay the same. (D) In the case of p38 inhibition JNK and possibly MLK will
become activated and ERK may stay the same. None of these single target scenarios predict
downregulation of all three MAPK axes.

inhibitors we received, SW172006 (shortened as SW-006) is much more specific to TAOK2
than SW034538 (shortened as SW-538) (for specificity screen results, refer to the original

publication [77]). Dose-response experiments under serum conditions showed that SW-006

blocks p38 induction partially even at doses as high as 100uM (Figure 3.19, on page 53).
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Figure 3.18: Small molecule inhibitors used for the anti-invasive combinatorial drug screen

SW-538, on the other hand, inhibited p70/85 S6K activity but slightly boosted p38 activation
in a dose-dependent manner, probably due to its effect on other kinases. Interestingly, SW-
006 partially impaired p38 activation due to JNKi treatment (Figure 3.20, on page 54),
suggesting that TAOK2 might play a role in negative feedback loop between JNK and p38.
In a chemotactic invasion assay, both SW-006 and SW-538 blocked invasion of BM1 cells
(Figure 3.21, panels A and B on page 55), but they were also toxic to the cells at the
indicated doses (Figure 3.21, panels A and C).

We were interested in investigating if the TAOK2 inhibitor SW-538 would have a combi-
natorial effect with any of these MAPK inhibitors because of its target profile [77]. Therefore,
we included SW-538 in this phenotypic analysis as well (Figure 3.18, on page 52). In order
to test proliferation and invasion properties of tumor cells under exposure to different doses
of these inhibitors, we employed a high-throughput chemotactic invasion assay using nuclear-
labeled BM1 cells. This assay is similar to Boyden chamber chemotaxis assays in that it
has a porous membrane that separates the upper and lower chambers in order to create a
chemotactic gradient, but it is set up in the 96-well format to allow for high-throughput

testing. More importantly, live cell imaging component of the assays allows for monitoring
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Figure 3.19: The effect of small molecule inhibitors of TAOK2 on p38 signaling under serum
conditions. (Left panel) Western blot showing p38, TAOK1/2/3, and p70 S6K activity
when BM1 cells were starved overnight, pre-treated with TAOK2 inhibitiors SW-006 and
SW538 at the indicated doses, and induced with 10% serum in the presence of the inhibitors.
Band intensities were measured by densitometry, normalized to the intensity of Tubulin for
that band on the same gel, and shown above the respective band. (Right panel) Bargraph
showing the phopsho-p38 signal on the Western blot in (A), normalized to Tubulin signal,
and calibrated to the non-induced signal (First lane).

over time overall number of cells within each well (proliferation) as well as the percentage of
cells that make it to the bottom chamber (invasion).

While determining the doses to be tested for this experiment, we made sure to go at least
one dose higher and one dose lower than the doses at which these drugs are commonly used
for in vitro studies in the literature. This meant a range of 1-20uM for SB203580, 1-20uM
for SP600125, InM-1uM for Trametinib, and 10nM-10puM for URMC-099. Since the TAOK?2
inhibitor SW-538 is a recently developed drug, there are no standard concentrations. Based
on our signaling studies from previous sections, we decided that a range of 0.1-25uM would
be appropriate.

Our initial analysis showed that all of these inhibitors blocked invasion of nuclear-labeled
BM1 cells in a dose-dependent manner (Figure 3.22, on page 56). p38 inhibitor did not

affect proliferation within the dose range tested. JNK and TAOK2 inhibitors slowed growth
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Figure 3.20: TAOK2 might play a role in JNKi-induced p38 overactivation. (Left panel)
Western blot showing p38, TAOK1/2/3, and p70 S6K, MSK1, and JNK activity when BM1
cells were starved overnight, pre-treated with the indicated combinations and concentrations
of p38i, JNKi, and the TAOK2 inhibitiors SW-006 and SW538, and induced with 10%
serum for 30 minutes in the presence of these inhibitors. Band intensities were measured
by densitometry, normalized to the intensity of Tubulin for that band on the same gel, and
shown above the respective band. (Right panel) Bargraph showing the phopsho-p38 signal
on the Western blot in (A), normalized to Tubulin signal, and calibrated to the non-induced
signal (First lane).

and/or induced cell death at 10uM or higher. A similar phenotype was observed for the
MEK inhibitor for 100nM and 1uM doses. MLK inhibitor was toxic to the cells at 10uM,
but did not affect growth at the other doses tested. For the combination screen, we chose
1uM for p38i, 1uM for JNKi, 1/10nM for MEKi, 50nM for MLKi, and 0.1/1uM for TAOK2i.

Out of all the combinations tested, only 2 inhibitors showed a significant combinatorial
effect on blocking invasion: (1) p38i + JNKi, (2) MEKi + MLKi (Figure 3.23, on page 57).
These two dual combinations inhibited chemotactic invasion of cells without affecting overall
proliferation. In terms of stress MAPK signaling, however, the dual combinations failed to
inhibit all three axes of the MAPK network. In BM1 cells, p38i + JNKi was effective
in inhibiting p38 and JNK phosphorylation, but inhibition of ERK activity was minimal
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Figure 3.21: TAOK?2 inhibitors block invasion of BM1 cells, but are also toxic to cells. (A)
Percent confluence of nuclear-labeled BM1 cells on the top and bottom layers of the pourous
membrane. Confluence was measured every 4 hours over the period of 30 hours. Top layer’s
growth media was added the indicated inhibitiors or DMSO as control. All wells had EGF
(200ng/ml) as the chemoattractant in the bottom layer except for the wells labeled ”No c.a.”
standing for no chemoattractant. Data were collected from n=3 technical replicates. (B)
Barplot showing number of invaded cells in the bottom layer at the end of 48 hours. (C)
Representative phase-contrast images of the BM1 cells from (A) under TAOK2i treatment.

(Figure 3.24, panel A on page 58). MEKi + MLKi combination was effective in blocking
ERK and JNK activity, but p38 signaling remained active. Since the two dual combinations
demonstrated opposite but complementary effects on p38 and ERK signaling, we reasoned

that combining them could result in downregulation of the entire network. Combination

of all four MAPK inhibitors (p38i + JNKi + MEKi+ MLKi) mimicked RKIP signaling

95



p38i JNKi

0 0=
0 24 43 72 0 24 438 72

Elapsed (hours) Elapsed (hours)
-
- DMSO - DMSO Eg"&gp ok
no EGF #*#%% no EGF ##%% - MEKi 1nM
~ p38i 1uM - JNKi 1uM EKi 10nM
p38i 10uM ** JINKIi 10uM ##+ MEKi 100nM *
- p38i 25UM  #ikkk = JNKi 25uM #*** -+ MEKi 1uM *

MLKi

% invaded

0 24 48 72

Elapsed (hours)

* no EGF *
- rl\}IOLEgiﬁ onM - TAOK2i 0.1uM
- MLK3i 200nM * - TAOK2i 1uM
MLK3i TuM ##x% TAOK2i 10uM =
<+ MLKS3i 10uM #*## <+ TAOK2i 25uUM ##k

Figure 3.22: Dose response for invasion and proliferation with individual MAPK inhibitors.
Inset shows proliferation measured as the total number of cells in the bottom and top layers.
Invasion is measured as percentage of cells that made it to the bottom layer over total number
of cells in the presence of p38i (A), JNKI (B), MEKi (C), MLKi (D), and TAOK2i (E) at
the indicated doses. Data are plotted as mean + s.e.m. for each time point and the p-values
are calculated based on invasion data at the 72-hour time point using 2-way ANOVA with
multiple comparison. ( p-values: * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001)

by partially blocking signaling through all three axes of the RKIP stress MAPK network.
Similar results were observed in MB436 cell lines as well (Figure 3.24, panel B). In the
mouse cell line LMB, MEKi + MLKi dual combination was just as effective as the 4-drug
MAPKi combination (Figure 3.24, panel C). However, in the end, the 4-drug combination
was the only treatment that was able to mimic RKIP signaling across all three cell lines.
Moreover, the 4-drug MAPKi demonstrated a combinatorial phenotypic advantage over

the dual treatments. Consistent with the observations regarding the signaling networks, the

4-drug MAPKi was more effective in blocking chemotactic invasion of nuclear-labeled BM1
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Figure 3.23: Dual MAPKi combinations. Chemotactic invasion assay results showing com-
binatorial effect of MEKi and MLKi (A), and p38i and JNKi (B). Inset shows proliferation
measured as the total number of cells in the bottom and top layers over time. Data are
plotted as mean + s.e.m. of n=3 technical replicates, and the graphs are representative of

n=2 indepdendent experiments.
cells than the p38i + JNKi and MEKi + MLKi combinations, without causing major change
in the proliferative rate of the cells (Figure 3.25, on page 59). We validated the anti-
invasive role of the 4-drug combination in regular Boyden chamber assays and 3D growth
assays across multiple breast cancer cell lines (Figure 3.26, on page 60). In LMB cells,
the doses used for the initial BM1 studies were growth-inhibitory, so for this cell line we
decreased the doses of each drug proportionally. Nevertheless, in all of the cell lines tested,
the 4-drug combination blocked chemotactic invasion of cancer cells at doses where the 3D
growth properties of the cells remain uneffected. All of these results suggest that the 4-drug
MAPKi combination mimics RKIP phenotype in vitro.

From a therapeutic standpoint, an anti-metastatic treatment that combines four different
small molecule inhibitors may raise drug-related toxicity issues. To address this issue in vitro,

we treated immortalized normal mammary epithelium cell lines MCF10A and 184A1 with
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Figure 3.24: 2-drug vs. 4-drug MAPKi combination effect on MAPK stress kinase signaling.
Western blot showing p38, JNK, and ERK activity when BM1 (A), MB436 (B), and LMB (C)
cells were starved overnight, pre-treated with the MEKi(1nM)+MLKi(50nM) combination,
the p38i(1uM)+JNKi(1uM) combination, or all four inhibitors, and induced with anisomycin
(25ng/ml) for 30 minutes in the presence of these inhibitors. Band intensities were measured
by densitometry, normalized to the intensity of Tubulin for that band on the same gel, and
shown above the respective bands as well as the heatmaps below each Western blot.

the 4-drug MAPKi. At the doses used on BM1 cells, the MAPKi combination did not affect
overall proliferation of these two cell lines in 2D cultures (red curve vs. black curve) (Figure
3.27, A and B left panels on page 61). Under 3D conditions there was a small decrease

in the proliferative rate when the cells were treated with the 4-drug combination, MEKi +

MLKi combination, or MEKi alone (Figure 3.27, A and B right panels). Overall, these
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Figure 3.25: Chemotactic invasion assay results showing the effect of 2-drug vs. 4-drug
MAPKi combination on invasion when the inhibitors are combined at 1X concentrations (A)
or 2X concentrations (B). Inset shows proliferation measured as the total number of cells in
the bottom and top layers over time. Data are plotted as mean + s.e.m. of n=3 technical
replicates.

results suggest that the 4-drug combination is not toxic to normal cells.

3.3.6 The effect of combination treatment is not always additive of

individual tnhibitors

Since we decided to combine two dual combinations based on their complementary effect on
MAPK network, we also wondered if adding a third inhibitor to a dual combination would
also work just as well. In terms of anti-invasion phenotype, adding a third inhibitor to the
p38i + JNKi and MEKi + MLKi combinations did not improve the efficacy of the dual
combination (Figure 3.28, on page 62). Surprisingly, in some cases, addition of a third
inhibitor that targets another member of the MAPK network counteracted the anti-invasive
function of the dual treatment (Figure 3.28, C and D). In terms of signaling, it is possible

to achieve downregulation of all three axes with three inhibitors, especially in anisomycin
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Figure 3.26: 4-drug MAPKi combination blocks invasion without affecting proliferation in
TNBC cell lines under 3D conditions. Time course plots (left panels) show growth curves
of BM1 (A), MB436 (B), LMB (C), and M6C (D) cells in 2mg/ml basement membrane
extract over the course of 72 hours. Bargraphs (right panels) show regular Boyden chamber
assay results demontrating inhibition of invasion with the 4-drug MAPKi combination at
the indicated doses. All the experimental data depicted here are plotted as mean + s.e.m.
of n=3 technical replicates. P-values were calculated by two-tailed t-test. ( p-values: * p <
0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001)

induced cases (Figure 3.29, panel B on page 63). Invasion assays, however, include serum as
the chemoattractant. Under serum conditions, 4-drug treatment still outperforms 3-drug and
2-drug combinations (Figure 3.29, panel A) in blocking MAPK induction. Importantly, the
4-drug combination not only works better than dual or triple treatments in most cases, it is
also more robust in its function as it can work in multiple cell lines under different conditions
(heatmaps in Figure 3.29). These findings suggest that the efficacy of each combination

depends on the type of induction and other combinations might work comparably to the

4-drug combination under tumor stress conditions.
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Figure 3.27: 4-drug MAPKi combination does not affect normal mammary epithelial cell line
proliferation. Immortalized normal mammary epithelium cell lines 184A1 (A), and MCF10A
(B) were grown in 2D (left panels) or 3D (right panels) condition over the course of 72 hours
in the presence of indicated inhibitor combinations and dosages. Proliferation is measured
as percent confluence and plotted as mean + s.e.m. of n=3 technical replicates.

Another important feature of the 4-drug MAPKi combination is that each of the four
drugs are used at sub-therapeutic doses. SB203580 and SP600126 are usually used at 10uM
in phenotypic studies. Trametinib is used at around 10nM and URMC-099 is used at 200nM.
In our MAPKi combination treatment, they are used at 1uM, 1uM, 1nM, and 50nM, re-

spectively, all of which is about an order of magnitude below the literature dosages for each

drug. At these doses, these inhibitors partially inhibit the RKIP-signaling network without
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Figure 3.28: Adding a third MAPK inhibitor to the dual combinations do not always improve
anti-invasive efficacy. Chemotactic invasion assay results showing the anti-invasive effect of
adding p38i (A) or JNKi (B) to the MEKi+MLKi combination, and adding MEKi (C) or
MLKi (D) to the p38i+JNKi combination at 1X concentrations. Inset shows proliferation
measured as the total number of cells in the bottom and top layers over time. Data are

plotted as mean + s.e.m. of n=3 technical replicates.

causing toxicity or substential growth arrest. All of these data highlight the fact that the

MAPKi combination successfully phenocopies RKIP in vitro.
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Figure 3.29: 4-drug MAPKi is more effective in inhibiting RKIP stress MAPK network than
3-drug or 2-drug combinations. Western blot showing p38, JNK, and ERK activity when
BMIcells are starved overnight, pre-treated with the indicated 2-/3-/4-drug combination at
1X doses, and induced with 10% serum (A) or 25ng/ml anisomycin (B) for 30 minutes in
the presence of these inhibitor combinations.

3.3.7 Combination of the MAPK inhibitors at sub-therapeutic doses block

tumor growth and metastasis in syngeneic and renograft models of

TNBC

Translating the 4-drug MAPKi combination into an in vivo treatment module is challenging
for multiple reasons. First, in vitro dosages that we optimized for the phenotypic studies

will not be the same in vivo, as each of these inhibitors will have different pharmacokinetic
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and pharmacodynamic properties in mice. Delivery efficacy and cellular uptake rates also
differ in vitro vs. in vivo. Second, in vivo conditions have a lot of extracellular components
that effect the efficacy of the treatment. We did not perform any in vitro studies to predict
how the stromal components (e.g. fibroblasts, endothelial cells) or the immune component
(innate and adaptive) interact with our RKIP-mimicking combination treatment. These are
important considerations, especially when kinase inhibitors are being used for treatment, as
most of these inhibitors target pathways that are fundamental to the functioning of healthy
tissue as well.

Due to these concerns, we decided to follow a similar dose selection approach to what
we used in vitro. We decided to perform a dose response study with each individual drug to
determine a dose lower than the IC50 value for the primary tumor growth phenotype. We
also chose to carry out these initial experiments in a syngeneic model using LMB cells and
C57Bl/6 mice so that the phenotypic observations we make are in the presence of an intact
immune system and a physiological stroma.

As we were determining the dose range for each drug, we capped the highest dose at
the standard dose used in the literature for phenotypic studies. Since most of the studies
using these inhibitors look for effects on tumor growth, we presumed that at these literature-
based doses, we are likely to start seeing effects on primary growth. Therefore, we selected
10mg/kg/day as the cap for SB203580, SP600125, and URMC-099. Trametinib is used
at 2-5bmg/kg/day dose as it is more potent than the other inhibitors. So we capped it at
bmg/kg/day.

To our suprise SB203580, SP600125, or URMC-099 had no effect on LMB tumor growth
at 10mg/kg/day (Figure 3.30, on page 65). Trametinib showed a dose response with an
IC50 value around 2.5mg/kg/day. Instead of doing a separate dose response experiment for
the metastasis phenotype, we used macrophage infiltration within the primary tumor as a
proxy for the metastatic potential of the tumors. This is because we have previously shown

that RKIP inhibits tumor-associated macrophage infiltration and there is a strong correlation
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between macrophage content of a tumor and the metastatic potential [30]. Quantification of
F4/80 staining of the primary tumors showed a slight dose-dependent decrease with MEKi

(Figure 3.31, on page 66).
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Figure 3.30: Dose-respone plots with individual MAPK inhibitors in syngeneic LMB tu-
mors. Tumor weights were measured at the end of a 3-week treatment period with the
four inhibitors at the indicated concentrations. Fach dot represents a biological replicate.
Red dashed lines indicate the concentrations at which each inhibitor is used in the 4-drug
combination (10mg/kg/day for p38i, JNKi, and MLKi, and 0.5mg/kg/day for MEKi).

Based on these initial dose response studies, we chose 10mg/kg/day for p38i, JNKi,
and MLKi, and 0.5mg/kg/day for MEKi as the doses to be used in the 4-drug MAPKi
combination in vivo. To test the effect of the 4-drug MAPKi on metastasis in vivo, we
injected pre-programmed LMB cells into the teil vein of C57B1/6 mice and continued to
treat the mice with the MAPKi combination for 3 weeks at 1X or 0.5X concentrations (for
details, see Metarials and Methods and Figure 3.32, panel A on page 68). Treating the mice
with the MAPKi combination significantly reduced the number of surface metastatic nodules
in the lungs in a dose-dependent manner (Figure 3.32, panel B and C). When we tested
the effect of the combination on primary tumor growth, we observed a partial inhibition of
growth over the course of the treatment (Figure 3.32, panel D). To test whether the effect
of MAPKi was on extravasation or colonization of the tumor cells, we injected pre-treated
LMB cells into the teil vein of the mice, but then treated the mice with for only 48 hours (two
injections only, one on day 0 and one on day 1) during which the tumor cells are primarily

extravasating. Then the metastases were allowed to colonize without exposure to the MAPKi
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Figure 3.31: Macrophage infiltration into the primary LMB tumors under individual MAPK
inhibitor treatment. (A) Macrophage infiltration was measured by F4/80 immunohistochem-
ical staining on formalin fixed, paraffin-embedded tissue sections from tumors treated with
the indiviual MAPK inhibitors. Each square panel represents a field from a biological repli-
cate. (B) Quantification of the F4/80 staining. Data are shown as the mean + s.e.m. of 5
randomly chosen fields on each biological replicate sample.
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combination for the rest of the experiment. Even when we use the MAPKi treatment for
only 2 days, there was a significant decrease in the metastatic tumors at the end of the
study (Figure 3.32, panel E), suggesting that at least some of the effect of MAPKi can
be attributed to impaired extravasation. Moreover, we observed a trend towards decreased
macrophage infiltration in tumors treated with the MAPKi combination, but due to small
samples sizes, the difference did not reach signficance (Figure 3.33, on page 69). All of
these data combined argue that the 4-drug MAPKi combination at these in vivo doses not
only has anti-metastatic function, but also a growth-inhibitory function.

It is important to note that the 4-drug MAPKi combination did not induce overall toxicity
in mice as indicated by the lack of any weight loss (Figure 3.32, panel F), skin problems, or
sign of pain.

Similar but even more robust results were obtained with a xenograft model using bone-
tropic, luciferase-expressing BM1 cells in athymic nude mice. MAPKi inhibited metastatic
burden in the bones after a 3-week treatment course (Figure 3.34, panel A through C on
page 70), and blocked primary tumor growth at the same time (Figure 3.34, panel D). With
these xenograft studies, we also wanted to test if the treatment had long-term effects. After
cessation of the treatment, primary tumors grew back (faster in the 0.5X treatment group
than in the 1X treatment group) (Figure 3.34, panel D). In the metastasis experiments, the
mice started reaching the study end point weeks after treatment cessation, suggesting that
the lung metastases were coming back. Nevertheless, the treatment significantly delayed
reaching the end point and improved overall survival in these mice (Figure 3.34, panel
E).Like the syngenic studies, we did not observe any weight loss in mice due to treatment
(Figure 3.34, panel F). These findings argue that our 4-drug MAPKi treatment’s effects
are temporary, but it can be a powerful chronic treatment module that slows down further

spreading of the cancer.
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Figure 3.32: Effect of 4-drug MAPKi treatment on LMB metastasis and primary tumor
growth. (A) Diagram showing experimental timeline for the metastasis assay. (B) H&E
staining on the tissue sections of the lungs of mice treated with either the vehicle control or
the 4-drug MAPKi at 0.5X and 1X. (C) Quantification of the overt metastases on the lung
surface after 3-weeks of treatment. Each dot represents a biological replicate (D) Growth
curves for the primary tumors. LMB cells were injected orthotopically, and when the tumors
reached 50-100mm? volume, mice were treated with control or the 4-drug MAPKi (1X) for
three weeks. Tumor size was measured with a caliper. The p-value is calculated using 2-way
ANOVA. (E) Quantification of the overt metastases on the lung surface at week 5 post-
inoculation when the mice recieved treatment only on days 0 and 1. Each dot represents a
biological replicate. For C through E, data are plotted as mean + s.e.m. (F) Overall body
weight of control- or MAPKi-treated mice, at the start and end of the study. Exact p-values
are calculated using a two-tailed t-test. ns - not significant

3.4 Discussion

In this study, we have demonstrated the utility of understanding the function of phyiological

suppressors of the metastatic process in developing effective therapies against metastatic
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Figure 3.33: Macrophage infiltration into the primary LMB tumors treated with control or
the MAPKi combination (1X). (A) Formalin-fixed paraffin-embedded tumor sections were
stained for F4/80. Each experimental group had 5 biological replicate, and each square
panel represents a field from a biological replicate sample. (B) Quantification of the F4/80
staining. Significant differences between the groups were tested by a two-tailed t-test.
disease, especially in cases where reintroducing the suppressor itself within the diseased
tissue is technically challenging. Our approach towards elucidating the mechanisms of RKIP
not only idetified novel signaling networks and target genes regulated by RKIP, but also
revealed novel treatment modalities that are different than current clinical practices. Namely,
we investigated the efficacy of combination therapies that are comprised of more than 2
small molecule inhibitors, each used at their sub-therapeutic doses. This was to mimic
RKIP’s molecular function in partially inhibiting the activity of multiple kinases in order to
reprogram a metastatic cell into a non-metastatic one. Our findings demonstrate that by
partially inhibiting all three MAPKs (ERK, p38, and JNK) using kinase inhibitors at low
doses, we can revert metastatic phenotype without causing toxicity in vitro and in vivo.
For identification of the kinomic changes, we employed MIB-MS method carried out by
Dr. Gary Johnson’s team, which utilizes magnetic inhibitor beads. This method is su-
perior to other phospho-proteomic approaches because it does not require prior knowledge
about the functional annotation for the phosphorylated sites identified. Instead, it pulls
down kinases that are in their active confirmation because the type-I inhibitors used for
the pull-down are bound to the ATP-binding pocket of the kinases. This allows for quan-
tification of overall activity for a kinase. However, the MIB-MS method does not provide

information on the quantity of the inactive species or the total protein expression for a
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Figure 3.34: Effect of 4-drug MAPKi treatment on BM1 metastasis and primary tumor
growth, and survival. (A) Diagram showing experimental timeline for the metastasis assay.
(B) Bioluminescence imaging of the mice treated with Control, MAPKi 0.5X, MAPKi 1X at
the end of the 3-week treatment (C) Quantification of the metastatic tumor burden in mice,
measured by the total flux of the bioluminescence signal. Each dot on the plot represents
a biological replicate. Significance was tested with a two-tailed t-test. (D) Growth curves
for the primary tumors. BM1 cells were injected orthotopically into athymic nuce mice,
and when the tumors reached 50-100mm? volume (roughly 2 weeks), mice were treated with
control or the 4-drug MAPKi (at 1X and 0.5X) for two weeks. Then the treatment stopped
and tumors were allowed to grow. Tumor size was measured with a caliper. Significance
was tested using 2-way ANOVA with multiple comparisons on data points collected up to
6-weeks post-inoculation (treatment end date). (E) Kaplan-Meier curve showing survival of
mice from (A) after treatment cessation. Log-rank test was used to test significance. (F)
Overall body weight of control- or MAPKi-treated mice, at the start and end of the study.
( p-values: * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001)

kinase. The MIB-MS method is not commercially available as the Johnson lab performs

all their analyses in-house. However, alternative kinomic profiling can be carried out using

commercially available high-throughput kinase activity arrays like PamGene’s PamChip ar-
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rays (https://www.pamgene.com/en/pamchip.htm) or Eurofins’ scanMAX and KINOMEs-
can (https://www.eurofinsdiscoveryservices.com) .

The coverage of the MIB pull-down depends on the affinity of the inhibitor beads towards
all the kinases in a cell. Dr. Johnson’s team report the kinome coverage for this assay to
be >85% [91] after optimization of the kinase inhibitors used. From the BM1 tumors, we
were able to isolate 250 different kinase species that were expressed in all of the samples,
which corresponds to roughly 50% of the entire known kinome. This can be explained by the
unexpressed portion of the kinome in BM1 tumors, or the presence of many low abundance
kinases that the MIBs cannot pull down. Potential for false negatives in our analysis suggests
that there can be more putative RKIP targets than identified here.

Our MIB analysis of RKIP-expressing tumors revealed that, in order to reprogram
metastatic cells into a non-metastatic state like RKIP does, one needs to target multiple
kinases with varying activity levels and target them partially. This tratment strategy is
very different than most existing treatment modalities towards metastatic disease. Other
groups have conducted similar mass spectrometry-based approaches to identify most active
and targetable kinases in cancers in order to kill cancer cells [69]. This approach assumes
that tumors are dependent on these highly active (and most of the time mutated) kinases to
proliferate. Therefore, there is good incentive to use highest doses that a patient’s body can
handle to eradicate tumor cells. Though this might prove effective against slowing tumor
growth, it may not be as effective in blocking phenotypic shift towards metastatic state. In
fact, in a lot of cases, aggressive treatment can cause more metastatic disease. Our analysis
of the RKIP-regulated kinome argues that in order to slow down metastatic progression of
cancers, an effective strategy would be to use combinations of multiple targeted agents at
low doses.

The results of our drug combination screen suggested that a combination of four MAPK
inhibitors (p38 inhibitor SB203580, JNK inhibitor SP600125, MEK inhibitor Trametinib, and
MLK inhibitor URMC-099) used at sub-therapeutic doses (1uM for SB203580 and SP600125,
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1nM for Trametinib, and 50nM for URMC-099) effectively phenocopies RKIP in vitro. This
combination partially inhibits activity of ERK, p38, and JNK axes of the RKIP network
in stress conditions and subsequently inhibits invasion capability of TNBC cell lines. We
chose these inhibitors to include in our initial drug screen either because there is a large
body of literature characterizing these drugs or because these drugs are being tested for use
in patients in clinical trials. However, the particular pairing of these specific inhibitors is
by no means the only one that can mimic RKIP. In fact, we predict that any combination
of drugs that can target p38, JNK, and ERK together should mimic RKIP function to a
certain capacity. This also highlights the fact that a particular combination does not have
to contain more than 2 inhibitors to block an entire network. It is possible to use dual-
specificity kinases, or multi-target kinases in the screen to broaden the effect of a kinase on
the network and maybe reduce the number of inhibitors used. The reason this study yielded
a 4-drug combination is because the inhibitors we chose are considered to be very specific
towards one MAPK target (except for URMC-099, which targets multiple MLKs as well as
DLK and LRRK2), and, therefore, inhibiting all three MAPK axes required more than one
inhibitor.

Another reason for using multiple kinase inhibitors is the presence of negative feedback
mechanisms embedded within signaling networks. Especially, in the MAPK network, in-
teractions between different MAPKSs are ample and involve other upstream or downstream
MAPKSs that connect different cascade within the network. The cross-talk between p38,
JNK, and ERK makes the metastatic MAPK network more robust as such that inhibition
of one of these kinases result in induction of another. For example, treating TNBC cell lines
with the p38 inhibitor SB203580 results in over-activation of JNK, and this effect is medi-
ated by the upstream MLKs. Including an MLK inhibitor in our cocktail of drugs allow for
uni-directional uncoupling of these two cascades. We have also shown preliminary evidence
that indicate involvement of TAO kinases in the JNK inhibitor-induced p38 activation. If

TAOKSs are truely activating p38 in response to JNK inhibition, then a TAOKi + MLKi
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combination would not only block p38 and JNK activation in stress, but it would also dis-
mantle the negative relationship between these two MAPK cascades which can potentially
be a resistance mechanism. In this case, combining TAOKi, MLKi, and MEKi might have
the similar effect of overall network inhibition to the 4-drug MAPKi or RKIP. Understanding
the feedback mechanisms and the cross-talk between different cascades of a network allows
for hypothesis generation regarding combination treatments.

An interesting finding of our study is that adding multiple inhibitors together does not
always have the combined effect of the individual inhibitors. This can also be attributed to
the negative cross-talk between targeted cascades, where adding another inhibitor to the mix
can counteract the efficacy of the overall treatment while increasing the toxicity. Therefore,
if multiple drugs are being combined at once, each combination should be considered as a
separate meta-treatment without assuming additive effect.

The 4-drug MAPKi cocktail effectively mimiced RKIP’s function in vitro by blocking
invasion of tumor cells without affecting their growth or overall proliferation. When we tried
a similar approach in mouse models of TNBC, however, MAPKi decreased primary tumor
growth as well. This could be because of different pharmacokinetic and pharmacodynamic
properties of each drug, or the presence of tumor microenvrionment contributing to the
overall drug efficacy, which collectively render in vivo optimization non-trivial. Nevertheless,
our in vivo studies suggest that the MAPKi combination has the potential to function as
both a metastasis suppressor and a tumor suppressor depending on the context.

Our research supports the idea that stress signaling is important for metastatic pro-
gression of cancers. Previous work demonstrated that cellular stress (e.g. oncogenic stress,
protein misfolding) and microenvironmental stress (e.g. hypoxia, nutrient deprivation, and
tissue tension/stiffness) can induce EMT phenotype in cancer cells, increasing the metastatic
rate of tumors. For example, p38 and JNK can stabilize TWIST1 to promote breast cancer
invasion [42]. p38 activity correlates positively with SNAIL expression in ovarian cancers

[39]. JNK inhibition can revert EMT phenotype induced by HER2/AKT signaling in gas-
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tric cancers [17]. In our TNBC model systems, RKIP does not regulate EMT markers, nor
it correlates with EMT genes in the TCGA breast cancer patient data [103], yet it blocks
metastatic progression by inhibiting stress kinase signaling. This suggests that stress kinase
signaling is important in later stages of metastasis as well, and a good therapeutic target for
metastasis.

The results of this study are also important because it significantly expands our knowledge
of how RKIP functions as a metastasis suppressor. This is the first study that investigates
RKIP’s effect on the kinome of tumor cells at the systems level. Moreover, here we study
RKIP’s function on metastatic signaling in vivo, which is different than majority of the
previous work that has been done under non-physiological conditions. Using the MIB-MS
method, we not only validated regulation of known RKIP targets such as ERK in tumors, but
also identified other kinases that are regulated by RKIP indepdently of the RAF signaling.
In particular, stress MAPKs JNK, MLKs, and TAOKSs have never been implicated as a part
of the RKIP-network before. To our best knowledge, there is only one study that implicates
p38 as an indirect RKIP target [2]. In this study, the authors show that when RKIP is
depleted, p38 kinase becomes activated indirectly due to increased reactive oxygen species
(ROS) in tumor cells. Our work identifies an alternative route to p38 inhibition by RKIP
which involves the upstream MAP3Ks TAOKs and MLKs. Whether RKIP directly binds to
these MAP3Ks, or it has other binding partners that converge to the stress MAPK network

remains to be explored.
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CHAPTER 4
AN INTEGRATED APPROACH FOR IDENTIFICATION OF
RKIP TARGET GENES

4.1 Abstract

RKIP is a metastasis suppressor that inhibits a network of stress-induced MAP kinases in
triple negative breast cancers. We have demonstrated that a combination of p38, JNK,
MEK, and ERK inhibitors can mimic RKIP’s function in vitro when each inhibitor is used
at sub-therapeutic doses. Downstream metastatic gene targets of this stress MAPK network,
however, are not known. In this chapter, we described a computational approach to identify
clinically-relevant gene targets of the RKIP-network by overlapping experimentally-derived
and patient-derived high-throughput data. Integrated analysis of genes downregulated by
RKIP in xenografted tumors and genes that negatively correlate with RKIP in TCGA breast
cancer data set, we identified a set of putative RKIP targets involved in cell-matrix adhesion,
invasion, and motility. In vitro studies showed that both RKIP and the 4-drug MAPKi
blocked induction of metastatic gene expression under stress conditions. We identifid RKIP’s
translational target BACH1 to be one of the transcription factors that regulate the expression
of the adhesion/motility genes.We observed consistent negative correlations between RKIP
and these metastatic genes across multiple solid tumor types in the TCGA data, suggesting
that RKIP’s effect on stress-induced metastatic gene networks is beyond just TNBC. Finally,
we identified at least four other metastasis suppressors that also negatively correlate with
motility-related gene sets in breast cancers, suggesting that this is a hallmark of metastasis
suppressors. Collectively, our findings shed light on the mechanisms by which RKIP blocks
metastatic phenotype induced by cellular stress and identify potential markers that can be

used to develop predictive and prognostic markers for metastatic potential in cancers.
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4.2 Introduction

Elucidating metastatic genes regulated by RKIP can reveal new therapeutic strategies as well
as unravel mechanisms of metastasis. Previous work from the Rosner laboratory mapped out
a metastatic regulatory network dowsntream of the RAF-MEK-ERK cascade (reviewed in
detail by Yesilkanal and Rosner [102]. Transcriptional activation of LIN28, a RNA-binding
protein that inhibits miRNA let-7, by the master regulator Myc is blocked in the presence of
RKIP. Myc is activated by the RAF-MERK-ERK cascades, which makes it an RKIP target.
Myc and Lin28 blockade results in upregulation of let-7 in cancer cells, which is followed
by inhibition of two metastatic transcription factors - BACH1 and HMGA2 [109]. BACH1
and HMGA2 promote metastasis by activating metastatic genes MMP1, OPN, and CXCRA.
Rosner and colleagues further extended this RKIP network by identifying downstream gene
targets of HMGAZ2 that plays a role in invasion and metastasis. HMGA?2 induces lysine
oxidase (LOX), a collagen and elastin crosslinker, and syndecan 2 (SDC2), a transmembrane
heparan sulfate proteoglycan that mediates cell adhesion, cell-matrix interactions, signaling
[93]. RKIP also increases expresison of the epigenetic regulator ten-eleven translocation 1
(TET1) and developmental gene homeobox A9 (HOXA9) through inhibition of HMGA2,
both of which suppress cancer cell invasion, tumor growth, intravasation, extravasation,
and metastasis [94]. More recently we established inhibtion of electron transport chain
genes as a mechanisms by which BACH1 promotes metastasis (manuscript accepted). All of
this previous work represent a metastatic network of extracellular matrix remodelers, signal
transducers, and epigenetic modulators, and metabolic rregulators that is downstream of
RKIP signaling, and highlights multi-faceted role of RKIP in reprogramming metastatic
tumors into a more benign state.

Majority of these mechanistic events happen dowsntream of ERK signaling. In Chapter 1,
however, we demonstrated that regulation of metastatic networks by RKIP extends beyond

the RAF-MEK-ERK cascade. We have identified p38 and JNK stress MAPK pathways
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as targets of RKIP signaling, but the transcriptional networks that lie downstream to these
stress-induced signaling cascades are unknown. Here, we shought to reveal clinically-relevant
metastatic genes targeted by RKIP through the stress kinases. Moreover, we wanted to
investigate whether RKIP-mimicking treatments like the 4-drug MAPKi combination can
target these RKIP targets as well. Finding metastatic genes and elucidating their regulation
will not only allow us to understand how RKIP blocks metastasis in cancers, but also explore

the clinical significance of anti-metastatic therapies that mimic metastasis suppressors.

4.3 Results

4.3.1 Putative target gene discovery quided by patient-derived

high-throughput data

We have established that RKIP inhibits invasiveness of TNBC cell lines by blocking stress
MAPK signaling. An RKIP mimicking combination of MAPK inhibitors works in the same
way by partially reducing the signal intensity within all three axes of the MAPK network.
As a next step of understanding metastatic mechanisms, we wanted to investigate the mech-
anism by which the stress MAPKSs inhibit invasion and metastasis. First we wanted to
identify metastatic genes that are targeted by RKIP as a result of decreased stress MAPK
signaling. We employed RNA-sequencing technology to compare the transcriptional state of
metastatic BM1-VC tumors to non-metastatic BM1-RKIP tumors. Tumors in both of the
experimental groups grew at a similar rate and when they were isolated for RNA collection,
there was no size difference (Figure 4.1, panel A on page 78). This is consistent with
the previous observations that RKIP inhibits metastatic progression without significantly
effecting primary growth of tumors in vivo.

Principle component analysis of the sequencing data shows that the tumors samples
fall into two distinct populations separeted by their RKIP status (Figure 4.1, panel B).
Sample-to-sample distances are shorter for samples within the same experimental group,
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but overall, the samples in the control group are closer to each other than the samples in
the RKIP group are (Figure 4.1, panel C). Differential expression analysis between control
and RKIP tumors yielded a total of 5746 differentially expressed genes - 2824 of these were
downregulated and 2922 were upregulated. Functional gene set enrichment analysis of the
differentially expressed genes demonstrated that RKIP downregulates sets of genes involved
in cell motility /invasion, signal transduction, and cell division (Figure 4.2, panel A on
page 79). The upregulated genes fall into the categories of mitochondrial components and

metabolism, catabolic process and autophagy, and protein targeting (Figure 4.2, panel B).
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Figure 4.1: RNA-seq analysis of Control vs. RKIP tumors in the xenograft model. (A)
Growth curves for the BM1 tumors orthotopically injected into athymic nude mice. Tumor
volume was measured with caliper and data are shown as mean &+ s.e.m. Significance was
tested with 2-way ANOVA. ns - not significant. (B) Principle component analysis of the
BM1-VC (Control) and BM1-RKIP (RKIP) tumors based on RNA-seq data. (C) Sample-
to-sample distances .(D) Dispersion estimates of the normalized counts. (E) MA plot for the
normalized counts. Each dot represents the average normalized mean count for a gene. Red
dots are the genes statistically different between Control vs. RKIP tumors. (F) Distribution
of p-values for the differential gene expression analysis.

The RNA-seq analysis provided a long list of candidate target genes, which makes exper-

imental validation challenging. In order to narrow down this list, we followed an integrated
78



A. genes DOWNREGULATED in RKIP tumors

microtubule organizing center
supramolecular fiber organization

protein serine/threonine kinase activity
transferase complex

cell division

positive regulation of transferase activity
regulation of mitotic cell cycle

nuclear body

cell junction organization

plasma membrane bounded cell projection assembly
regulation of GTPase activity

GTPase binding

chromatin organization

small GTPase mediated signal transduction
adherens junction

cell leading edge

cellular response to nitrogen compound

| brain development

] actin binding

| protein kinase binding

0 5 10 15 20

-log10(P)
B. genes UPREGULATED in RKIP tumors
mitochondrial envelope
mitochondrial matrix
oxidoreductase activity
protein targeting
apoptotic signaling pathway
| nucleoside monophosphate metabolic process
cytokine-mediated signaling pathway
| actin cytoskeleton organization
| mitochondrial transport
] intrinsic apoptotic signaling pathway in response to DNA damageb
] mitochondrial membrane organization
| regulation of actin cytoskeleton reorganization
regulation of cytokine-mediated signaling pathway
| vacuole
intracellular protein transmembrane transport
perinuclear region of cytoplasm
myeloid leukocyte activation
regulation of protein catabolic process
— autophagy
1 negative regulation of catalytic activity
0 2 4 6 8 10 12 14 16 18
-log10(P)

Figure 4.2: Functional gene set enrichment analysis on genes downregulated (A) and upreg-
ulated (B) by RKIP in xenograft BM1 tumors based on RNA-seq data.
approach where we used publically available TCGA data to filter RNA-seq data for clinical
relevance. We hypothesized that if there is a mechanistic connection between RKIP and a
set of putative target genes, expression of these gene sets should correlate with RKIP ex-
pression in the patient data as well. Thus, by intersecting RNA-seq-derived gene sets with
patient-derived gene sets, we can identify a smaller set of genes that are likely to be RKIP
targets.

Metascape (http://metascape.org) [97] is a web-based software that can identify gene
sets commonly enriched in multiple datasets. After applying a fold change (log2) thresh-
old of +0.3/-0.3 for the differentially expressed genes in RKIP RNAseq data and a pear-

son/spearman correlation coefficient cutoff of +0.3/-0.3 for genes correlated with RKIP in
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the patient data, we employed Metascape to identify RKIP-associated gene sets common
to both of the data sets. Among the GO terms negatively associated with RKIP were cell
motility /invasion gene sets (e.g. "cell leading edge”, "adherens junction”, "regulation of

NN

plasma membrane bounded cell projection organization”, ”actin binding”), signal transduc-

bYE %N

tion (e.g. ”protein serine/threonine kinase activity”, "regulation of GTPase activity”, ”small
GTPase mediated signal transduction” ) and cell division (e.g. ”cell division”, "microtubule
organizing center”, "nuclear body”, "regulation of DNA metabolic process”) (Figure 4.3,
panel A on page 81). Positively associated gene sets were again mitochondrial components
and metabolism (e.g. "mitochondrial innermembrane space”, ”mitochondrion organization”,
"mitochondrial transmembrane transport”, ”cytochrome complex assembly”), ribosomal-

7 small ribosomal subunit”, "ribosomal large subunit biogenesis” ,

related gene sets (e.g.
"ribonucleoprotein complex biogenesis” ), cytokine signaling (e.g. ”cytokine-mediated sig-
naling pathway”), apoptosis (e.g. "intrinsic apoptotic signaling pathway”, "regulation of
cysteine-type endopeptidase activity involved in apoptotic process”), and autophagy (Fig-
ure 4.3, panel B). This analysis demonstrates that our RNA-seq results are similar to the

gene associations observed within the patient data, suggesting that these associations we

identified are present in patient tumors.

4.8.2 RKIP and MAPKi combo inhibit motility and invasion genes

Since we are interested identifying clinically relevant metastatic genes that are inhibited by
RKIP, we decided to focus on downregulated genes in the RNA-seq data. Integration of
experimental (RNA-seq) and patient (TCGA) data allowed us to narrow down canditate
target gene list. Initial cut-off of -0.3 for the fold change (log2) reduced the number of neg-
atively regulated genes to 1529 (from 2824). Given that RKIP’s main function in vitro is to
regulate cell invasion, we focused on cell motility / invasion genes that overlapped between
the tumor RNA-seq data and the patient data. For this analysis we combined the genes

in the "cell leading edge”, ”adherens junction”, ”cell junction organization”, ”"regulation of
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Figure 4.3: Overlapping gene sets between the RNA-seq data and the TCGA gene correla-
tion data. (A) Gene set enrichment analysis for commonly enriched gene sets between genes
downregulated by RKIP in xenograft tumors and genes negatively correlated to RKIP ex-
pression in TCGA breast cancer patient data. (B) Conversely, commonly enriched gene sets
between genes upregulated by RKIP in xenograft tumors and genes positively correlated to
RKIP expression in TCGA breast cancer patient data. Heatmap shows the adjusted p-values
for the gene sets in -logl0 scale.

plasma membrane bounded cell projection organization”, ”cell adhesion molecule binding”

”positive regulation of cell migration”, and ”cell-substrate adhesion” GO terms. Our inte-
grated aproach yielded 78 motility and invasion genes that were significantly downregulated
by RKIP in BM1 tumors and also negatively correlated with RKIP expression in TCGA
breast cancer samples.Since our goal is to identify genes that can be regulated by stress
signaling, we applied two restrictions on this gene list as a final step: (1) the candidate
genes should have previously been validated experimentally to promote migration, invasion,
or metastasis in cancers, and (2) these genes should have binding site near their promoter

for ATF and JUN family transcription factors that are activated by stress signaling. Out

of 78, the following 15 genes met these requirements: ROCK1, ROCK2, DOCK4, DOCKS5,
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ADAM10, ADAM17, RAPGEF2, RAPGEF6, NFATC2, PIKFYVE, EPC1, DDR2, ITGAI,
ARLI13B, and APC (Table 4.1 on page 82).

Gene FC(log2) P S JUN ATF MYC BACH1 Reference for metastatic function

ROCK1 -0.51 -0.43 -0.46 Yes No Yes Yes [83, 82]
ROCK2 -0.81 -0.34 -042  Yes Yes  Yes No [83, 82]
ADAM10 -0.71  -0.39 -042 Yes Yes  Yes No [68, 98]
ADAM17 -0.52  -0.34 -045 Yes Yes Yes Yes (84, 115]
EPC1 -0.59  -0.31 -031 Yes Yes Yes No [100]
PIKFYVE  -050 -0.39 -0.42 Yes Yes Yes Yes [73]
DOCK4 -048  -0.36 -0.44 Yes Yes  Yes Yes (101, 51, 108]
DOCK5 -0.39  -0.35 -042 Yes Yes Yes Yes [29]
ARL13B -046  -030 -0.32 Yes Yes  Yes No [86, 12]
DDR2 -045  -0.37 -0.50 Yes Yes Yes No (81]
ITGA1 -041  -031 -036 Yes No  Yes Yes [35, 95]
RAPGEF2  -0.35 -0.35 -0.42  Yes Yes  Yes Yes
RAPGEF6  -0.39 -031 -0.36 Yes Yes Yes Yes (62]
NFATC2 -0.85 -0.31 -0.42 Yes Yes Yes Yes [78, 74, 107, 27, 54]
APC -0.33  -0.32 -0.34  Yes Yes  Yes No [71]

Table 4.1: List of candidate target genes, their fold change (FC) in RKIP vs. control
tumors from the RNA-seq data in log2 scale, their pearson (P) and spearman (S) correlation
coefficients with RKIP expression in the TCGA breast cancer patient data, whether they
have binding site for the transcription factors JUNs, ATFs, MYC, or BACH1 based on
ENCODE CHIP-seq data, and the list of references for studies describing their roles in
migration, invasion, and metastasis of cancer cells.

To validate the regulation of these putative target genes by RKIP, we measured relative
expression of the target genes in the human cell lines BM1 and MB436 with respect to
RKIP expression via quantitative RT-PCR. Overexpressing wild type RKIP or the S153E
mutant in both of the cell lines resulted in a significant downregulation of ROCK1, ROCK2,
DOCK4, DOCK5, RAPGEF6, NFATC2, ADAMY9, ITGA1, and APC in BM1 cells (Figure
4.4, on page 83) and ROCK1, ROCK2, NFATC2 (Figure 4.5 on page 84) in MB436
cells under anisomycin-induced stress conditions in vitro. Similar to RKIP over-expression,
the 4-drug MAPKi combination also decreased target gene transcript levels in vitro in 3D
culture conditions (Figure 4.6 on page 84). Interestingly, not all of the motility /invasion
genes were induced by anisomycin treatment (e.g. RAPGEF6 and PIKFYVE), but the

MAPKi combination was still able to reduce the basal level expression for these genes. 4-
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drug combination was also much effective than 2-drug combinations, consistent with the
observed effects of the 2-drug combinations on the RKIP-network signaling. In some cases,
2-drug combinations, in fact, showed the undesired effect of increasing target gene expression.
Treatment of syngenic LMB tumors with the 4-drug MAPKi for 3-weeks downregulated the
expression of ROCK1, ROCK2, DOCK4, DOCK5, DDR2, RAPGEF2, RAPGEF6, NFATC2,
and APC (Figure 4.7 on page 85). All of these results suggest that cell motility /invasion
genes that we have identified in our integrated omics analysis are truly targeted by RKIP

and the RKIP-mimicking MAPKi.
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Figure 4.4: RKIP downregulates cell adhesion/motility genes in BM1 cells. BM1-VC, BM1-
RKIP, and BM1-RKIP S153E cells were starved overnight, and induced with anisomycin
(25ng/ml) for 24 hours. Quantitative RT-PCR data for the expression of the target genes
was normalized to the Control cell expression in starved conditions (Oh) and plotted as
mean + s.e.m. of the normalized values. Significance was tested for RKIP and RKIP S153E
expression with respect to the Control expression at each time point using a two-tailed t-test.
( p-values: * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001)
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Figure 4.5: RKIP downregulates cell adhesion/motility genes in MB436 cells. MB436-VC,
MB436-RKIP, and MB436-RKIP S153E cells were starved overnight, and induced with ani-
somycin (25ng/ml) for 24 hours. Quantitative RT-PCR data for the expression of the target
genes was normalized to the Control cell expression in starved conditions (Oh) and plotted as
mean + s.e.m. of the normalized values. Significance was tested for RKIP and RKIP S153E
expression with respect to the Control expression at each time point using a two-tailed t-test.
( p-values: * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001)
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Figure 4.6: 4-drug MAPKi mimics RKIP’s regulatatory effect on its downstream target
genes in vitro. BM1 cells were starved overnight in 2mg/ml basement membrane extract,
pre-treated with DMSO (control), 4-drug MAPKi combination, p38i+JNKi, or MEKi+MLKi
for 30 minutes, and induced with anisomycin (25ng/ml) for 24 hours. Barplot shows quan-
titative RT-PCR data as mean =+ s.e.m. of the normalized values. Expression values were
calibrated to the anisomycin induction / no treatment sample (black bar). Significance was
also tested with respect to the anisomycin induction / no treatment sample using two-tailed
t-test. Dotted horizontal black line shows the expression level for each gene after 24 hours of
anisomycin treatment in the absence of any inhibitors. ( p-values: * p < 0.05, ** p < 0.01,
K p < 0.001, ¥ p < 0.0001)
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Figure 4.7: 4-drug MAPKi mimics RKIP’s regulatatory effect on its downstream target genes
in vivo in syngeneic LMB tumors. Quantitative RT-PCR analysis of target gene expression
in LMB tumors treated with control vs. 4-drug MAPKi for 3-weeks. Each dot represents
the average expression of n=3 technical replicates from a biological replicate. Significance
was tested using a two-tailed t-test. ( p-values: * p < 0.05, ** p < 0.01, *** p < 0.001, ****
p < 0.0001)

4.3.83  Stress signaling induces the transcription factor BACHI, a primary

target of RKIP

Our previous results have shown that RKIP regulates invasion / metastasis genes via in-
hibition of the MAPKs, but the mechanism by which these genes are regulated is unclear.
Previous studies have implicated BACHI1 as a translational target of RKIP via the microRNA

let-7 [109]. To see whether RKIP regulates BACHI at the transcriptional level as well, we

85



compared BACH1 expression in BM1 RKIP cells under stress conditions. BACH1 transcript
levels increased very robustly upon chemical induction of stress by anisomycin, which was
dampened partially by wild-type or S153E mutant RKIP over-expression in BM1 cells in
vitro (Figure 4.8, panel A on page 86). Comparison of BACH1 expression in the RNA-seq
data between BM1-VC and BM1-RKIP tumors also showed a significant downregulation of

BACH1 expression in RKIP-expressing tumors (Figure 4.8, panel B).
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Figure 4.8: RKIP downregulates BACH1 mRNA expression in vitro and in vivo. (A) Quan-
titative RT-PCR analysis of BACHI1 expression in BM1 cells expressing exogenous RKIP or
RKIP S153E. Cell are starved overnight and induced with anisomycin (25ng/ml) for 3 hours.
Significance was tested with respect to the Control samples using a two-tailed t-test. (B)
BACH]1 expression from the RNA-seq data replotted as mean + s.e.m. of the normalized
read counts.( p-values: * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001)

BACHT1 is a transcriptional target of the MAPKs as well. In BM1 cells, BACH1 induc-
tion upon anisomycin treatment was blocked by the MAPKi combo, and the effect size of
the combination treatment was more potent than the individual drugs at the doses used
in the combination (Figure 4.9, panel A on page 88). At high doses, however, all four
kinase inhibitors (p38i, JNKi, MEKi, and MLKi) inhibited BACH1 expression (Figure 4.9,
panel D), suggesting that BACH1 expression can be downstream of all three MAPK axes of
signaling. Subsequently, MAPKi combo also reduced BACH1 protein level by about 30% in

vitro upon 24h induction with anisomycin (Figure 4.10 on page 89). The combination treat-
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ment significantly blocked BACH1 expression at the transcipt and protein level in MB436
and LMB cell lines as well(Figure 4.9 and Figure 4.10), but the signaling axis responsible
for the regulation was different in each cell line. Unlike BM1 cells, BACH1 expression was
inhibited by p38i, JNKi, and MLKi treatment, but not MEKi, in MB436 cells (Figure 4.9,
panel B and E). In the mouse TNBC cell line LMB, the findings were even more interesting,
as only JNKi and MEKi were responsible for downregulation of BACH1 induction, while
MLKi had no effect and p38 inhibition, in fact, increased BACH1 induction at high doses
(Figure 4.9, panel C and F). These findings are critical in demonstrating that targeting
individual axes of the MAPK network at high doses can prove inefficient or maybe even have
unwanted effects on tumor cells. Conversely, targeting multiple nodes from different axes
with inhibitors at low doses can achieve the desired phenotype across more cell lines even
though the mechanism of action is unique to each cell line.

Regulation of BACH1 by the MAPK network was not limited to cell culture conditions.
LMB syngeneic tumors that have been treated with the MAPKi combo for 3-weeks also
demonstrated a signficant reduction in the mouse BACH1 transcript level (Figure 4.11 on

page 89).

4.3.4 BACHI requlates RKIP target genes

Since we have shown that RKIP can regulate BACH1 through the stress kinase network,
we hypothesized that some of the metastasis related RKIP target genes (if not all), should
also be BACH1 targets as well. BACH1 is a pro-invasive gene, as knocking down BACH1
expression via shRNAs reduces invasion and metastasis in BM1 cells [109]. Therefore, it
is possible that this phenotype is mediated by a similar set of downstream genes shared
between BACH1 and RKIP. In support of this idea, a subset of the RKIP target genes had
binding sites for BACH1 in the ENCODE data (Table 4.1 on page 82).

With this logic, we followed the similar integrated approach discussed in Section 4.3.1 with

the addition of a BACHI1 filter. We reasoned that the metastatic genes that are in the same
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Figure 4.9: BACHI expression is regulated by a different MAPK axis in each cell line, but the
4-drug MAPK]i inhibits its induction in all three cell lines. (A) through (C) shows BACH1
expression after 3 hours induction with anisomycin (25ng/ml) in BM1 (A), MB436 (B), and
LMB (C) cells in the presence of the 4-drug MAPKi or the individual inhibitors used at
their combination dose. (D) through (F) shows dose-response for BACH1 expression upon
treatment with the increasing doses of each MAPK inhibitors individually. Dosage: 0.1,1,10,
25 uM for p38i and JNKi; 0.1,1,10,100 nM for MEKi; 10,50,200,1000nM for MLKi. Orange
bars indicate the doses of the drug used in the MAPKi combination, also shown in (A)
through (C). All data was shown as mean + s.e.m. of n=3 technical replicates. (A) through
(C) are representative of two independent experiments with similar results. Significance was
tested using two-tailed t-test. P-values are listed as exact adjusted p-values for (A) through
(C) (right panel) and as interval for (D) through (F) where * p < 0.05, ** p < 0.01, *** p
< 0.001, *** p < 0.0001

RKIP-BACH1 pathway would be negatively correlated with RKIP, and positively correlated

with BACH1 in the TCGA patient data. Overlapping these genes with the experimentally-
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Figure 4.10: 4-drug MAPKIi inhibits BACH1 induction by anisomycin (25ng/ml, 24 hour
treatment) at the protien level.
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Figure 4.11: 4-drug MAPKi inhibits BACH1 transcripts in syngeneic LMB tu-
mors.Quantitative RT-PCR analysis of target gene expression in LMB tumors treated with
control vs. 4-drug MAPKi for 3-weeks. Each dot represents the average expression of n=3
technical replicates from a biological replicate. Significance was tested using a two-tailed
t-test. ( p-values: * p < 0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001)
derived RKIP target genes would give us a list of putative BACHI1 target genes.
Metascape analysis involving genes negatively correlated with RKIP in the TCGA BRCA
set, genes positively correlated with BACH1 in the TCGA BRCA set, and the genes that are
downregulated by RKIP in the tumor RNA-seq data, revealed that there is a set of target
genes shared by BACH1 and RKIP, which fall within the invasion related gene sets such

as "cell-substrate adhesion”, "cell leading edge”, ”cell adhesion molecule binding”, ”actin

89



cytoskeletal organization”, and ”actin binding” (Figure 4.12 on page 90). Interestingly,
signaling related gene sets such as "kinase binding”, ”small GTPase mediated signal trans-

duction”, " protein serine/threonine kinase ativity” were also common.
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Figure 4.12: Overlapping gene sets between the RNA-seq data and the TCGA gene corre-
lation data, with the addition of the BACHI filter. (A) Gene set enrichment analysis for
commonly enriched gene sets between genes downregulated by RKIP in xenograft tumors
and genes negatively correlated with RKIP expression and positively correlated with BACH1
expression in TCGA breast cancer patient data. (B) Conversely, commonly enriched gene
sets between genes upregulated by RKIP in xenograft tumors and genes positively correlated
with RKIP expression and negatively correlated with BACH1 expression in TCGA breast
cancer patient data. Heatmap shows the adjusted p-values for the gene sets in -log10 scale.

Taking a deeper look at the genes that are common between all three filters of the
Metascape analysis revealed that the majority of genes that we have identified as RKIP
targets in the previous sections, were also highly correlated with BACH1 expression in the
patients, suggesting that they can be BACH1 targets as well. Figure 4.13 on page 91 shows

that the genes that inversely correlate with RKIP expression are positively correlated with
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BACHI1 at the individual patient level. To test the regulation of these genes by BACHI,
we used two shRNA constructs against human BACH1 in BM1 cells. In BM1 cells that
had reduced levels of BACH1, the expression of these adhesion and invasion related genes
were also reduced significantly (Figure 4.14 on page 92). CHIP analysis in BM1 cells using
an anti-BACH1 antibody showed that BACHI1 directly binds upstream of the transcription
start site of at least three target genes (ROCK1, DOCK4, and PIKFYVE) (Figure 4.15
on page 93). This suggests that RKIP likely inhibits the expression of thesse invasion /

metastasis genes by reducing BACHI1 levels.
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Figure 4.13: Expression heatmap for RKIP, BACHI1, and the target genes (rows) in individual
patients (columns) in the TCGA breast cancer data set. (A) Normalized counts for the
expression of RKIP and its target genes were scaled row-wise to obtain z-scores. The heatmap
shows the z-scores for each gene across the patient population. RKIP-high vs. RKIP-low
status was determined based on a z-score threshold of -0.5/0.5 in either direction. (B)
Patients samples were ranked in increasing order based on their normalized RKIP expression.

4.8.5 RKIP and BACH]1 expression correlates with target gene expression

in patients across multiple cancer types

Previous work from the Rosner lab elucidated metastatic mechanisms that are targeted by

RKIP and BACH1 in TNBCs. Gene signatures based on RKIP-targeted signaling pathways
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Figure 4.14: BACH1 regulates expression of RKIP target genes. BACH1 was knocked down
in BM1 cells using two shRNA constructs. Cells were starved overnight, and induced with
anisomycin (25ng/ml) for 24 hours. Expression in the shBACH1 cells for each gene is plotted
as mean + s.e.m. with respect to expression levels in the shCONTROL sample. Significance
was determined against the siCONTROL sample using two-tailed t-test.( p-values: * p <
0.05, ** p < 0.01, *** p < 0.001, **** p < 0.0001)

can predict metastatic risk of a patient better than most of other gene signatures that are
used in the clinic [56]. Moreover, these signatures are specific to the TNBC cases, that is,
they stratify patients only within the TNBC/basal subgroup and not in ER(+) or HER2-
enriched groups. This is largely becuse genes included in these signatures are identified as
RKIP or BACHI1 targets in TNBC cells and they are enriched in the TNBC/basal cases
versus the remaining tumors.

Comparisons of the expression levels for the 15 metastasis genes between TNBC and
non-TNBC patient samples in the TCGA data revealed that most of these genes were not
enriched in TNBC tumors (with the exception of ROCK2, ADAM17, DOCK5, and DDR2)
(Figure 4.16 on page 94). The results were similar for comparisons between molecular
subtypes of breast cancer as well (Figure 4.17 on page 95). These findings suggest that
the associations between RKIP and these cell motility related target genes are not specific

to TNBCs. In fact, Metascape analysis across different TCGA cancer types, shows that

RKIP negatively correlates with the same gene sets related to cellular adhesion, cell-matrix
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Figure 4.15: BACH1 can regulate a subset of RKIP target genes by directly binding to their
promoter region in BM1 cells. BACH1 binding to the promoter regions was determined by
CHIP analysis using BACH1-specific antibodies. CHIP from shBACHI cells were used as a

control for BACH1 antibody specificity.
interactions, and extracellular matrix organization in many solid cancers ( Figure 4.18 on
page 95 and Figure 4.19 on page 96).

Finally, negative associations with genes related to cell motility / invasion, cell-matrix in-
teractions, and GTPase signaling are shared between RKIP and other metastasis suppressorsl
( Figure 4.20 on page 97). We have identified at least four other experimentally-validated
metastasis suppressors (BRMS1, ARGHDIA, NME1, and DRG1) which correlate negatively

with these metastatic gene sets in breast cancers. These findings suggest that downregula-
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Figure 4.16: RKIP target gene expression in the TNBC sybtype of breast cancer

tion of cell-matrix interactions and cytoskeletal reorganization mechanisms is a hallmark of

metastasis suppressors, and can be exploited as a broad-based therapeutic opportunity in

metastatic disease.

4.4 Discussion

Our understanding of mechanisms by which RKIP reprograms cancer cell transcriptome is in-

complete. Earlier chapters discussed the idea of metastasis as a process whereby cancer cells
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Figure 4.17: RKIP target gene expression based on the molecular subtypes of breast cancer
in the TCGA data set.
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experiencing oncogenic and/or microenvironmental stress undergo kinomic and transcrip-
tomic changes in order to gain motility. We have demonstrated that RKIP targets signaling

events that mediate this transition by primarily targeting a stress-induced MAPK network.
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Figure 4.19: RKIP negatively correlates with BACH1 and cell adhesion/motility genes in
multiple solid cancer types. Heatmap shows the spearman correlation coefficient for RKIP
and each target gene listed. Black box indicates Spearman coefficient higher than -0.3.

The subsequent transcriptomic changes, however, have been elusive. In this chapter, we
employ a computational approach to identify a set of metastatic genes that are putatively
regulated by RKIP signaling network, and we validate them as RKIP targets in vivo and in
vitro. Our focus was on a small set of motility and invasion related genes because of RKIP’s

anti-invasive role.
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Figure 4.20: Cell adhesion, motility and invasion gene sets are negatively correlated with
other metastasis suppressors in breast cancer as well

The RKIP target genes that we identified in this study have been previously shown to play
a role in metastatic progression of cancers. For example, NFATC2 (also known as NFAT1)
is a calcium sensing transcription factor that is overexpressed in many cancers (reviewed
in [78], and it promotes metastatic phenotypes such as migration, invasion, prolfieration,
and angiogenesis in breast cancer, melanoma, glioblastoma [107, 27]. Interestingly, NFATC2
directly interacts with p38 and JNK kinases which can enchance its transcriptional activity
(74, 54], suggesting that transcriptional inhibition by stress signaling may not be the only
mechanism for NFATC2 regulation. ROCKs, DOCKs, and RAPGEF's are directly involved
in cell motility, contractility, and protrusion formation by regulating actin/myosin dynamics
(82, 4, 32, 110]. DOCK4 is essential for TGF-f-mediated metastasis of lung adenocarcinoma
cells into liver and bone [108]. It also promotes migration in MDA-MB-231 cells and BM1
cells by activating Racl [51] and knockin down in DOCK4 by shRNA reduces migration .
Studies investigating or summarizing the rest of the candidate genes for their function in
metastasis progression are listed in Table 4.1 on page 82. Our findings are consistent with
the pro-metastatic function of these genes as they are inhibited by the metastasis suppressor

RKIP in vivo and in vitro.
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Our study supports a recent study by Insua-Rodriguez and colleagues showed that ascites
and pleural effusion samples from breast cancer patients demonstrated increased activity of
JNK signaling, which correlated with poor clinical outcome [45]. JNK signaling in breast
cancer cell lines enhanced the extracellular matrix proteins Osteopontin and Tenascin C,
supported stem cell niche, and conferred resistance to chemotherapy. Our experimental re-
sults are consistent with these findings that implicate p38 and JNK as mediators of cellular
motility, invasion, and metastatic progression of cancers. Interestingly, we have previously
identified Osteopontin as a downstream target of RKIP [22, 109] in a cascade involving the
Raf-Mek-Erk axis and the transcription factor HMGA2. Insua-Rodriguez’s work comple-
ments our work by showing that some of the RKIP targets we have identified in our previous
studies (like HMGAZ2) can be regulated not only through ERKs, but also through stress
kinases. Chemosensitization role of JNK inhibition is consistent with the same phenotype
observed in RKIP-overexpressing cells [15, 9] and argues that RKIP might be sensitizing can-
cer cells to chemotherapeutic agents by inhibiting JNK signaling in breast cancers. This also
highlights the potential for the 4-drug MAPKi to chemosensitize since it targets JNK activity
as well. However, we demonstrated that the effect of inhibiting the entire MAPK network is
not always additive of inhibiting individual MAPK axes. Therefore, these hypotheses need
to be further tested experimentally in breast cancers.

The computational analysis of patient expression data from multiple TGCA data sets
implied that our findings are not limited to just triple negative breast cancers. Inverse cor-
relations between RKIP and the cell motility genes identified here (such as ROCKs and
DOCKSs) are present in other solid tumors as well. This implies that regulation of cell-
matrix interactions and invasion related genes can be a common anti-metastatic mechanism
for RKIP in cancers. RKIP might have cancer-type specific functions as well, such as regu-
lation of innate immunity, inflammation and cell division, as these gene sets are enriched for
certain cancer types but not for others (Figure 4.18 on page 95 and Figure 4.19 on page

96). Other commonly studied metastasis suppressors also share this negative correlation

98



with motility and invasion genes, demonstrating patient-derived evidence that blocking mi-
gration, invasion, and cell-matrix interactions is a hallmark of metastasis suppressors. These
findings highlight the clinical relevence and broadness of the RKIP-network, and poten-
tial for multicancer applications regarding RKIP-mimicking treatments such as our MAPKi

combination.
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CHAPTER 5
SUMMARY AND DISCUSSION

Metastasis is the deadliest aspect of cancer. Majority of cancer patients do not die of pri-
mary disease, but of metastatic spread of the disease to vital organs. Clinically, metastatic
phenotype is associated with treatment resistance, rapid progression, and lower overall sur-
vival rates. In most cancers, the standard of care for late stage disease is systemic treatment
like chemotherapy, and the treatment is usually used to slow down progression or as pallia-
tive care. In most cancer types, more than 80% of patients will eventually succumb to the
disease if their cancers are already metastatic at the time of diagnosis. This occasionally
prompts cancer patients to opt out of chemotherapy because the toxicity of the treatment
can outweigh the benefits of the treatment. Therefore, there is a dire need for less toxic and
more effective therapeutic options for metastatic patients.

In this study, we sought to learn from the molecular and physiological functions of the
metastasis suppressor RKIP in order to explore novel anti-metastatic strategies. RKIP is
a great tool for studying mechanisms of metastasis because it not only inhibits multiple
steps of metastasis (e.g. invasion, intravasation, overall metastatic progression), but it also
molecularly functions as a kinome modulator, which allows us to focus on metastatic signaling
events. This is critical in developing targeted treatments against metastasis because kinases
are one of the easiest class of molecules to target, and there is a plethora of inhibitors available
for use. Here, we outline a research pipeline that involves (1) identifying signaling networks
that are altered by the metastasis suppressor, (2) testing inhibitors that can inhibit this
network, (3) identifying downstream gene targets of the network that are clinically relevant,
and (4) elucidating the transcriptional regulation that connect the signaling network to
the gene expression. What is outside the scope of this study is a final step (5) where the
functions of the downstream target genes in metastasis are explored experimentally and (6)
development of pathway-based gene signatures that can stratify patients for metastatic risk,

or for treatment efficacy. This approach can be customized and applied to other metastasis
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suppressors or tumor suppressors that cannot be reintroduced to tumors easily.

By studying RKIP’s effect on TNBC kinome, we identified a network of MAP kinases
to be essential for invasion and metastasis. Importantly, RKIP inhibited many kinases
regardless of their basal activity level, but it inhibited these kinases only partially. This is
different from the way targeted therapies are used in the clinic currently, which focuses on
hitting a single target at highest dose tolerable. To mimic RKIP we developed a multi-drug
combination in which each inhibitor is used at sub-therapeutic doses and collectively they
inhibit all three axes of MAPK network only partially. This MAPKi combination effectively
blocked invasion in multiple TNBC cell lines without affecting their growth in vitro. It also
inhibited expression of stress-induced RKIP targets, mainly the genes involved in cell-matrix
interactions, motility, and invasion (e.g. ROCK1/2, DOCK4/5, RAPGEF2/6 and APC),
which attests to its anti-metastatic effect. In mouse models of TNBC, the combinatorial
treatment functioned as both metastasis suppressor and a tumor supressor. Especially in
BM1 tumors, the MAPKi treatment blocked primary tumor growth as well as the metastatic
growth. In syngeneic LMB tumors, the effect on metastasis was more robust than the effect
on primary tumor growth, highlighting the context-dependent efficacy of the treatment.

Our multi-drug combination targeting MEK, p38, JNK, and MLK is a novel combination.
In the clinic, resistance to MEK inhbitors are associated with activation of PISK and AKT
pathways [16, 61], and therefore, most combination attempts have focused PI3K or AKT
inhibitors along with MEK inhibitors [63, 61]. Other approaches involve combining receptor
tyrosine kinase inhibitors, HDAC inhibitors, and inhibitors of tumor-associated microenvi-
ronment, all reviewed by Smith and Wellbrock [89]. p38 and JNK inhibitors as single agents
yielded discouraging results in clinical trials [65]. Some studies now focus on combining
p38 inhibitors with chemotherapeutic agents such as gemcitibine and carboplatin [18] (e.g.
clinical trial NCT01663857) or with EGFR/HER?2 inhibitors [67]. To date, very few JNK
inhibitors made it to the clinical trial level. An early MLK inhibitor CEP-1347 was tested

in Phasell-III clinical trials for Parkinson’s disease and did not show efficacy, but now it is
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being considered as anti-cancer treatment for targeting stem cells [72]. A more recent MLK
inhibitor URMC-099 is still in its pre-clinical phases. Our approach of targeting these four
MAPKSs is unique because, to our knowledge, no other study is considering such combina-
tion. Our approach is not limited to the use of the four specific inhibitors used in this study
(SB203580, SP600125, Trametinib, and URMC-099). We acknowledge that there can be
other possible combinations of various number of inhibitors that target the RKIP-network.
Our findings would also justify development of multi-target kinase inhibitors that inhibit all

three MAPKs p38, JNK, and MEK/ERK.
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CHAPTER 6
FUTURE WORK

The fact that RKIP does not change overall growth properties of cancers suggests that
RKIP is probably influencing the tissue invasion, intravasation, and extravasation steps of
metastasis. Our short term treatment of circulating tumor cells with the RKIP-mimicking
MAPKi combo also supports the idea that the RKIP-network is important for tumor cells
to move in and out of the circulation. Though unlikely, RKIP might also be inhibiting
metastatic growth by influencing the colonization of tumors in the metastatic site. This is
a possibility we have not investigated thoroughly. The therapeutic effect of reintroducing
RKIP in already established metastases can be tested by using inducible RKIP constructs
which allow for activating RKIP expression after the metastatic burden in mice reaches a
certain level.

Using an integrated approach, we have identified novel downstream target genes of the
RKIP-network which are at least partially regulated by the transcription factor BACHI.
Though BACHI1 is a major player in the RKIP-network, it is not the only one. In the past,
we have identified other transcription factors that can mediate RKIP’s effect on metastatic
gene expression, such as HMGA2 and MYC. It is possible that these genes are involved in
regulation of some of the novel target genes that were not affected by BACHI inhibition. To
test if BACHI1 is a major regulator for the RKIP network, phenotypic rescue experiments
should be conducted. We anticipate that over-expressing BACH1 in RKIP-high background
will be not be sufficient to rescue the RKIP phenotype completely because there are other
transcriptional regulators targeted by RKIP. But we do expect to see at least a partial
rescue of the invasion as well as downstream gene expression since BACH1 seems to be
involved in both of these processes. Previous work also demonstrated that overexpressing a
sinlge downstream metastatic target is usually not enough to rescue RKIP’s anti-metastatic
function, and even partial rescue requires over-expression of multiple target genes. This will

likely hold true for the new metastasis target genes we identified in this study. Future studies
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should consider strengthening the mechanistic association between RKIP and its target genes
involved in cell adhesion and motility

In this study, we only focused on the invasion and cell motility related gene sets because
our main interest was to be able to use inhibitors to block the expression of these genes in
an attempt to mimic RKIP. However, regulating cell motility is not the only function RKIP
has. We have identified a number of other gene sets that is associated with RKIP both in
experimental models and in the patient data. Some of these genes are related to cell division
and negatively correlated with RKIP expression. We have previously elucidated regulation
of cell cycle by RKIP in a mechanism involving Aurora Kinase B [26]. The RNA-seq results
suggest that RKIP might be influencing cell cycle through the expression of many other
genes.

On the other hand, the RNA-seq data from both the BM1 tumors and the TCGA pa-
tients suggested a strong positive correlation between RKIP and ribosomal subunit expres-
sion, which associates with proliferative state of the cell. Ribosome biogenesis is essential for
growth, proliferation, and differentiation, and it fine-tunes rate of proliferation [85]. Inter-
estingly, intracellular and extracellular factors such as genetic changes in ribosomal genes,
treatments with certain chemical agents or radiation, serum/nutrient/glucose starvation,
and even hypoxia, result in accumulation of ribosomal subunits that are not in a ribosomal
complex - a state called "ribosomal stress” (reviewed in detail by Zhou et al. [116]). These
ribosome-free ribosomal proteins (RPs) have been shown to have translation-independent
functions, some oncogenic and some tumor-suppressive. Certain RPs can act as tumor
suppressors by inactivating c-Myc, downregulating LIN28B, inhibiting PI3K/AKT, ERK,
NFkB signaling, and ATF4-mediated transcription of survival genes, or potentially influenc-
ing angiogenesis by reducing vascular smooth muscle cell proliferation. Others demonstrate
oncogenic activity by inactivating p53, activating NF kB signaling, and induce cell cycle genes
such as Cyclin D1, D3 and CDK1. Some can activate JNK signaling, which can be suppres-

sive or oncogenic/metastatic depending on the cellular state. Regarding these non-canonical
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roles for RPs, their upregulation by RKIP might serve three potenial purposes: (1) RKIP
might be primarily upregulating RPs with suppressive functions to reprogram tumor cells
into a more benign state. Downregulation of stress MAPK activity might even be partially a
result of ribosomal subunit regulation by RKIP. (2) Alternatively, by upregulating ribosomal
subunit expression in general, it induces more normal ribosome assembly and translation,
which reduces the ribosomal stress that is present in tumor cells. (3) Finally, it is also pos-
sible that different RPs have different affinity for certain mRNA species. An example of this
is RPL38, which attracts Hox gene mRNAs to ribosomes and facilitates anterior-posterior
patterning of the embryo during development. Some RPs favor IRES-dependent transla-
tion, while others mediate cap-dependent translation, which can alter the proteomic state
of a cell. Therefore, it is critical that we experimentally elucidate the mechanisms by which
RKIP modulates translation as it can be ciritical to the metastatic progression and might
constitute another therapeutic avenue.

Another set of genes positively regulated by RKIP is mitochondrial genes. Many mito-
chondrial / inner-mitochondrial membrane genes are positively correlated with RKIP and
negatively correlated with BACH1 in many solid cancer types. Our recent work demon-
strated that in breast cancers, high BACH1 expression inhibits oxidative phosphorylation
(OXPHOS) by downregulating transcription of inner mitochondrial transmembrane genes
that are involved in electron transport chain (ETC). Therefore, it makes sense that RKIP
induces a similar set of genes by reducing BACH1 activity. More importantly, decreasing
BACHI1 expression in tumors by shRNAs or causing its degradation by Heme treatment,
pushes cancer cells into a more OXPHOS-dependent state, where the cells are more vul-
narable to the mitochondrial respiration complex I inhibitor Metformin. This argues that
RKIP expression and the RKIP-mimicking 4-drug combination will synergize with Met-
formin treatment in cancers as a viable therapeutic option, which should be tested in mouse
models.

RKIP is an effective tool in suppressing metastatic progression of cancer, but it does
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not provide solutions for already established disease. RKIP itself is not cytotoxic or growth
inhibitory to the tumors, suggesting that it needs to be coupled with a cytotoxic treatment
for complete eradication of the disases. Same applies to our RKIP-mimicking 4-drug MAPKi
combination. Even though it can act as a tumor suppressor in a certain context, we have
shown that if the treatment ceases, the tumor growth resumes. This indicates that, though
it can be a powerful chronic treatment for late-stage disease, our MAPKi combination is not
enough by itself to clear all the tumor from the body. Therefore, next steps for this study
involve testing cytotoxic treatments such as chemotherapy, radiation, and immunotherapy
along with RKIP-mimicking treatments.

Interestingly, RKIP has previously been shown to sensitize tumors to some of these cyto-
toxic treatments [15, 9]. Though the mechanisms are not clear, we believe that reintroducing
RKIP to tumors reprogams thems to a more homogenous state which is vulnarable to cyto-
toxic agents. Recent work from the Rosner laboratory has examplified this idea by showing
that BACH1 inhibition pushes tumors to a more homogenous state where the cells reactivate
oxidative phosphorylation, which then sensitizes them to metabolic inhibitors such as met-
formin (manuscript accepted). RKIP should work the similar way, if not more robustly than
BACHI1 inhibition, in homogenizing tumors to cytotoxic agents. Any RKIP-induced pheno-
typic change that is important for a tumor cell’s survival can be leveraged as a therapeutic
target. We envision novel 2-phase treatment apporaches where the cancers are reprogrammed
by RKIP re-introduction or RKIP-mimicking treatments into a less heterogeneous state, and
then hit with an inhibitor that targets this state as a the second line of treatment. Studies
testing this idea are currently underway in the Rosner laboratory.

Our lab previously demonstrated that RKIP pathway-based gene signatures are powerful
predictors of metastatic potential. RKIP pathway metastasis signature (RPMS) and BACH1
pathway metastasis signature (BPMS) perform better than many gene signatures developed
by other groups. We reported theses signatures to be specific to TNBC subtype of breast

cancer, as they can identify more aggressive tumors that are likely to metastasize within
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the TNBC cohort. This is probably because the RKIP and BACH1 pathway genes used in
these signatures are based on experimentally validated mechanistic relationships that were
generated using TNBC cell lines and mouse models. In this study we continued to use TNBC
as a model to investigate metastatic mechanisms. However, our TCGA patient data analysis
suggested that our findings might have more global implications because the correlations we
are observing between RKIP, BACHI1, and the downstream target genes are present across
multiple cancer types. Therefore, it might be possible to develop a gene signature using
the RKIP-network genes identified in this study which can predict metastasis-free survival,
or even overall survival, in multiple cancer types. Such signature could also predict which
patients are more likely to respond to an RKIP-mimicking treatment. Those patients scoring
high for this signature (high expression for metastatic genes, low RKIP expression) would
be more likely to respond to a treatment that targets RKIP-network genes. Therefor, it is
critical that we experimentally validate the regulation of metastatic genes involved in cell-

matrix adhesion, cell motility / invasion, ribosome biogenesis, and mitochondrial respiration

by RKIP, BACH1, and MAPKi combination in other cancer types as well.
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