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ABSTRACT

Melanoma is the most deadly form of skin cancer due to its great metastatic potential.
Targeted therapy that inhibits tBRAF-V600E driver mutation has shown impressive initial
responses in melanoma patients. However, drug resistance, as the universal phenomenon for
any cancer therapy, always limits treatment efficacy and compromises outcomes. As the
earlystep of resistarec development, negenetic mechanisms enable cancer cells to
transition into a drugesistant state in as early as a few days after drug treatment without
alteration of the genome. This early mechanism is, to a large extent, due to the heterogeneous
and hghly plastic nature of tumor cells. Therefore, it imperative to understand the plastic and
heterogeneous nature of the melanoma cells in order to identify combination théraipies

can overcome resistance.

In this thesis, we investigate these two fundatalenatures of negenetic drug resistance
using BRAF inhibition of BRAFmutant melanomas as the model system. These melanoma
cells undergo mukstep, reversible drugduced celistate transitions from the original

sensitive phenotype tdrugresistanone.

We first conducted bulk analysis to characterize the detailed kinetics of the entire transition
from drugsensitive state towards druogsistant state, revealing expression changes of
thousands of genes and extensive chromatin remodelingstép8omputational biology
approach greatly simplified the complexity and revealed that the wholstatelltransition

was controlled by a gene module activated within just the first three days of drug treatment,
with the RelA transcription factor driving chmatin remodeling to establish an epigenetic
program encoding longerm phenotype changes towards resistance. From there, a detailed
mechanism connecting tumor epigenetic plasticity with-gemetic drug resistance was
resolved through hidepth molecular biogy experiments. The mechanism was vaéidan

clinical patient samples.

We further investigated heterogeneity by moving from bulk cellular studies to-seigle
analysis. The singleell view further revealed that two driving forces from both-stte
interconversions and phenotypeecific drug selection control the esthte transition
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dynamics. The singleell studies also pinpointed the signaling network hub, RelA, as the
driver molecule of the initiation of the adaptive transition. These twapeting driving
forces were further quantitatively modeled via a thermodynampred surprisal analysis

and a modified Fkker-Plancktype kinetic model.

Finally, using integrated singl=ell proteomic and metabolic technology | developed to
characterizé¢he earlystage signaling and metabolic changes upon initial drug responses, we
further identified two distinct paths connecting deemsitive and drutplerant states.
Melanoma cells exclusively traverse one of the two paths depending on the levEFahMI

the drugnaive cells. The two trajectories are associated with distinct signaling and metabolic

susceptibilities ad are independently druggable.

In total, this thesis combines and synergizes various physical science and systems biology
approaches gether with several unique singtell technologies and analysis to obtain a
deep and comprehensive understanding of-gesretic drug resistance in cancer. The
findings from this thesis provide several novel insights into the rational design of effective
combination therapy for overcoming the development of resistance in response to cancer

treatments.
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Chapter 1

| NTRODUCTI ON

Melanoma, BRAFi Targeted Therapy and Drug Resistance

Cancer is a leading cause of death worldwide, accounting for an estimated 9.6dmdltias

in 2018.With all of thecancer death®0%care caused hyetastaseld]. Melanomaas one

of the mosimetastatiof all cancersis the most deadly form of skin cancer. It is the fifth
most common type of newmeer diagnosis in American men and the seventh most common
type in American womef2,3]. During 40 yearof employing chemothapy, radiation, and
combinations of the two limited progress has been made in the treatment of metastatic
melanomd4].

A deeper and more detailed understandinthefmolecular drivers afancer development
facilitated a trend from the old "onsizefits-all" chemo/radiotherapy towasda more
personalized and less cytotoximdlecular targeted therapy5i 8]. Molecular targeted
therapyis a class of medication thatterfereswith specific molecules that are critical for
tumor progressioto block the growth and spread of canger]. Targeted therapy focuses
on a specific abnormal molecular propgptgsentin cancer but not in normal cells. This
potentiallymakestargeted therapgnore effective and less toxio normal ceb given that
traditional chemotheraparges all rapidly dividing cellg§Fig1.1)[4,5,7].

' 3‘0’/

Targeted
chemotherapy therapy
wTargetall dividing wTargetspecific
cells tumor cell
wCytotoxic wCytostatic
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Figurel.1.Comparison of traditional chemotherapy and targeted therapyThe targeted therapy
is superior to traditional chemotherapy in both increased specificity and less cytotoxicity.

Targeted therapy tailored to specific mutations that dominantly activate mitogenic signaling
of the tumor has been showmbeeffective in several recent examples: ALK, EGFR, KIT,
HERZ2, and ABL kinases inhibitor have unprecedented clinical activity sethonors that

are caused by a certain genetic mutg@dd 1]. However, in most cases, thatient relapsing

and the cancerogress after the significant but temporary clinical responsandela with

BRAF VG600E driver mutation is one of the most remarkable illustrations of this
phenomengi2i 14].

The RAS/RAF/MEK/ERK signaling pathway plays a key role in melanoma development
making it an important therapeutic tar¢@Es]. In normal cells, the tightly regulated pathway
relays extracellular proliferativdgnals from cell surface receptor into the nucleus via a
cascade of protein phosphorylation. In melanomas, oncogenic mutations dysregulate the
pathway which leads to increased signaling activity promoting cell proliferation, invasion,
metastasis, migratigrsurvival, and angiogenegBig. 1.2)[16i 18]. Among all mutated

genes in the MAPK signaling cascade in melanoma, BRAF is the highest, wélthmao

60% of advanced tumors expressing constitutively active mutant protein. Almost all of the
BRAF mutants arghe single substitutionV600E whose discovery spurred investigations

into the development of targeted therapies for melaj@8id.5,19]

BRAF mutation-positive

Normal cell melanoma cell
Normal signal source Normal signal source
BRAF

=

&

Normal cell growth

Figure 1.2. BRAF-V600E oncogenic driver mutation and its effects. In normal cells, if
growth signal existsyill BRAF become active and promote cell growth. In BR¥E00E
melanoma, the mutated BRAF is always activated even if there is no growth signal. This
effect will cayse the cell to hyperactively proliferate and lead to cancer formation. (Figure is
taken fran [20])
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Inhibition of the oncogenic BRAN600Eprotein with the smallorally availablenolecule
inhibitor PLX4032 (vemurafenib, also known as VEShpwedmpressive initial responses
in patients with BRAF mutant melanoriB,14] Patients treated with vemurafenib had a
significantresponsethe great majority of treated patients experienced a reduction in tumor
volume and nearly half had a confirmed partial or complete respb?iset]. Theseled to
the FDA (Food and Drug Administratieapproval of vemurafenib in 20EHhd a dramatic
improvement in the standard of care for the patients with BRBEFOEoncogenic mutation
[14].

Initial

response Resistance

Figure 1.3.Targeted therapy resistance in melanoma. It is a very common phenomenon that BRAF
mutated melanoma patients treated with BRAFi targeted therapy will have a good initial response,
but will almost always suffer from tumor reoccurrence. Figure adapted2dm

However, in most of these patients, despite their initial tumor shrinkage, telamuseis
inevitable after a median duration of around 5 to 7 montheating resistance development
(Fig. 1.3)[9,21]. A diverse range of molecular mechanismsehaeen reported in drug
resistance; these include ieased rates of drug efflux, mutation of drug tagadaptive
activation of survival signaling pathwggpigenetic changeetc.[22i 27] Moreover, the high
plasticity and heterogeneity of melanoma makeitkiestigation ofresisance mechanism
more complicated28i 30]. Therefore,it is imperativefirst to understand th@lastic and
heterogeneousature of the tumor and the connectitosirug resistangeand secondto
identify potentialcombinatiortherapies that will overconresistance

Non-Genetic Drug Resistance And Cellular Plasticity
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Traditionally, drug resistance was believed to derive from the selection of clones with

secondary mutations or other genomic alterations that are generated by chance during the
time course of treatmerf81]. Althoughthis genetic mehanism of resistanas still the

dogma for explaining resistance development, recently, th@ewoetictype ofmechanism

has also beemecently recognized as another important alternative route for acquiring
resistance without even alternating the geadB2i 35]. In fact, thesetwo types of
mechanisms are not mutually excligsisince the negenetic resistance is believed to occur
early on and proviela reservoir of drugolerant cek from which the geneticesistant cells

can be selecteFig. 1.4)[36,37](Fig.1.4).

AT R BRAE @ Drug sensitive cell Genetically
% Exposure @ Exposure @ Exposure % O Drug tolerant cell identical
o Drug resistant cell with
Drug sensitive Drug tolerant cell state Genetic mutated (@] different genetic mutations
cell state (Precede genetic resistant cells
(before treatment) changes, reversible.) (Stable, Irreversible)

Figure 1.4. The relationship between genetic and negenetic mechanisms of resistancélpon

drug treatment, the cancer cells will first enter a dolerant state, which shares the exact same
genome as the untreated cells but can tolerant the drug and survive. Cells at ttasedangcell

state can reversibly return to the daensitve state upon drug removal. With prolonged drug
treatment, this reservoir of driiglerant cells will have some chance to gain secondary mutations or
other genetic alterations to become gerggistant cells. These genetic resistant cells once generated
from the reservoir of tolerant cells can then be further enriched due to drug selection pressure as they
are stable and are irreversibly different from the original tumor cells due to changes in the genome.
Figures adapted frof38].

The nongenetic esistance is, to a large extent, caused by the plasticity of cancer cells,
formally defined as the cellsd ability to
fact, such an ability to change phenotype is not unique to cancer cells, but rativersau
process utilized in all healthy cells. A simple example is to congiéenuman bodyes a
multi-cellular organism, athumanshave many different cell types (e.g. blood cell, skin cell,
muscle cell, etc.), displaying different gene expressiagrans and performing very
different functions; but considering the origin of life, those different cell types are all
originally derived from the same single cell (a fertilized egg cell) and therefore share the
exact same genome. It is the cellular ptastithat grand the diverse cellular phenotypes in

our bodiesMany healthy cells, once committed to their respective phenotypes, will lose their
ability to change phenotype.@. askin cellcamotspontaneouslghange t@blood cell and

vice versa)ln contrast, cancer cells maintairethcellularplasticity and can easily switch
phenotypes upoaxposure tenvironmental changes. In particylduring the time course
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of treatment the cancer cell can utilizestblasticityto surviveby changing its phenotype
from the original drugsensitive one to aew drugtolerant one

Several labs including the Heath graegently discovered that melanoma cells can utilize
their innateplasticity to develop resistance to BRAF inhibitirugs[30,39 41]. Upon
BRAFi treatment, melanoma cells cargaice a new steroell-like phenotype simply by
accessinghe cell states of their developmental precursors. Melanoma is skin canégr that
originally derived from a healthy skin cell type called melanoaytech arethe cells that
produce the skhtolor pigment melanin. Heathy melanocytes are originally differentiated
from healthy neuratrest stem cell§42]. In melanoma, the drugsistance development
processesembleshe reverse process of such developmental biology. Before drug treatment,
melanoma cells argpically in the melanocytic cell state with manyelanocytic genes
highly upregulated. However, upon BRAF inhibitor treatment, cells graduallythese
melanocytic featuieand gain neuratrest stem cell featuséo dedifferentiate into a neural
crestlike cell state,which is a drugtolerant and slowcycling cell state[39i 41]. After
prolonged BRAFi treatm#, the cellcanundergofurther transion from the neuratrest

like state to a fully dedifferentiated mesenchymal phendfyjge 1.5) which is also a well
known fully resistant phenotype in BRAFi treatment melanoma ¢&3g14] All three
phenotypes involved in ihmulti-step cell state transition sledine same genome but the last
two phenotypes areot sensitive to the drug anymore. Investigating the molecular
mechanism of such cedtate transitions is ammetneed in order tonderstand angrevent
resistancelevelopmentThis is the central topic of the thesis and will be discussed in more
detail inthe subsequent chapters.

Development of Melanocyte Differentiation Neural-crest stem cell

heathy skin cell: (Skin cell) (Stem cell)

- [ N
BRAFi BRAFi
Cancer Drug O $
Resistance:

(Reverse of

development) Melanocytic Neural-crest Mesenchymal
cell state cell state cell state
(Sensitive) (Tolerant and (Resistant and
Slow cycling) Proliferating)

Figure 1.5 Melanocyte to neuraicrest transition in BRAFi induced drug resistance of
melanoma cell.Upon BRAFi treatment, melanoma cells will-déferentiate from a melanocytic
phenotype to the neuratest like phenotype andventually move towards the mesenchymal
phenotype to gain drug resistance.

Physical Scienceand Systems Biology Approachs to Understanding
Cancer
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Non-genetic drug resistance atiee associated cell state transitooare usually systerns

level changes accqmanied by expression changes of thousands of genes, with a dramatic
restructuring of the epigenome, as well as rewiring of many signaling pathways and
reprogramming of the metabolism. Luckily, recent technological advdraesenabled
investigaion of the major changes anthe reprogrammingf the epigenomg45,46]
transcriptomdg47], proteomg48], and metabame[49] of eitherbulk cell populations or

even single cell$50,51] This capability enables researchers toehavmore complete,
unbiased view of complex biological events.

From the perspectives of physical scientists and engineers, this thesis views biological
processes as highly coordinated systems with many interacting units (genes, proteins,
metabolites) funabning under the constraint of a regulatory network. The unbiased systems
level view from many of the recent or emergent technologies is just starting to provide
physical scientists and engineexith the proper foundation to better understand the
biological complexity through statistical mechanics, thermodynamics and reaction kinetics.

Such physical science and systems biology approaches, when utilized to investigate drug
resistance in cancer, can have many unique advantages. First, it is highly usibiesed
systemdevel view enablg people to see many regulators simultaneo{&8]. On the
contrary, traditional approaches are a bit biased since they ugakyonno more thara

few molecules of interest. Second, systéevel approachesan be predictive and
preventativg53]. Instead of waiting until drug resistance occursodeeding tareat the
resistant cells, these approaches anticipate how the cancer cell will become resistant by
looking for the molecular drivers that initiate resistant early on. By drugging such molecular
drivers, one could potentially prevent resist before it actually establighéVith such
advantagesn interdisciplinaryphysical science and systems biology approsplerfectly

suited for understandirgpththe nature of resistance and the underlying mechanism. In fact,
thermodynamicgnspiredinformationtheoretical analysis (surprisal analy4is], is well

as reaction kinetics (ordinary differential equations and partial differential eaglatoe the

key systera-biology approaches utilized in this thesis in resolving the puzzles of drug
resistance, which will be discussed in many of the following chapters.

Tumor Heterogeneityand Single Cell Analysis

Biological processes under singlell levels are rarely deterministje5]. Such stochastic
information it is very hard to gain from the traditional bulk assay, which is often based on
lysis of complex cell populations into mixtures to enable an analysis of their component
parts. The differeres among cells, which have been recently repeatedly shown to be
important, are often lost in traditional bulk biochemical approadbhegoaveragingcell
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signalsacrossthe entirecell mixturesample When it comes to a tumor witlm &nmense

amount of geretic and epigenetic heterogeneity the phenotypic diffeseraaong
subpopulationgincluding renewal capacity and drug resistance) ate far from fully
characterize{b6i 58]. An incomplete understanding of the tumaaspreviouslylargely due

to the lack of effective tools for characterizing the difference among individua[%8]ls
Luckily, many powerful singkeell technologies have just bedaveloped in the past few
years including many from the Heath 14691 62]. Now is theperfect timeto utilize these
novd single-cell tools to study heterogeneous tumor systeindeeper understandiraf
resistance from singleell tools can guide the rationale design of a more effective
combination therapy tamvercomethe clinical negative effectf classic therapeutic
approachegincludingnonresponse to therapy or drug resistance after the initial response).

In recent years, major advances in singg# technology have mostljocusedon the
genomic and transcriptomic levels, which are bstildying nucleic aci@ that @an be
amplified through PCR reactions for sequencing. Reported technologieseimdhate-
genome sequencing (WGS), whole mRNA transcriptome sequencing; and targeted
sequencing of DNA regions (that is, exome sequencing) or mRNA tran$gfif§9,63,64]
Protein abundance armmtoteinphosphorylation states are also of great importance to study
tumor heterogeneitybut are difficult © characterize becaugeoteinscannot beamplified

in a manner similar to PGR provide enough material for analysiSurrently, singlecell
functional proteomics technologies are not as matitie just a few technologigeresently
available ranging from flow cytometry to microfluididsased platforms (many of which are
listed and briefly characterized in Table 1.)tNifi all of these singleell proteomic
techniques, this thesis primarily utilizes the singgét barcode chip (SCBC) technology that
has been developed and well used in the Heath group.



Tablel.1 Singlecell proteomics technologigadapted frorf63])

Techniqu | Numbers  Through Detection Statistical Notes and feature
e and types put limit accuracy and
of protein signal
assayed quantification
Fluoresc | Up to 15 10M 500 copies 90% phenotyping Standard for sorting an
ence flow| proteins cell per percell accuracy; relative enumeration of cellula
cytometry| but mostly second protein abundance phenotypes. Secretion blocke
membrane and cell fixed forcytoplasmic
protein protein
Cytof Up to 10"3 cell more than good counting cell handled in bulk prior tc
around40 per 1000 statistics; relative analysis. Secretion blocked ai
second  copies per protein abundance cell fixed for cytoplasmic proteir
cell
Micro- 3 secreted 10”5 cell Not Very good cell Cells isolated in microwells
engravin | plus 3 perchip available number statistics surface immunoassay: prote
g membrane relative  protein colorimetrically detected
proteins abundance secretome Kinetics fronsingle
cells; proteomic and functione
assays from the same cell
Single Up to 46 103 to 100 copies Good cell Cells isolated in nwrochambers
cell secreted 1075 cell counting statistics miniature antibody arrays yiel
barcode | membrane per chip absolute spatial separation of specifi
chips or quantification protein assay; proteomic ar
cytoplasmi functional assay from the san
C proteins single cell; adaptable for sme
cell group study

SCBCs can connect genomic information to biological functiomuantitative assays of a
panel of functional proteins (typically 14 to 46 proteins) across hundreds to thousands of
single cell§61,62,65,66] The SCBC concept is simple: a single or defined number of cells
are isolated within a small volume michaember that contains a miniature antibody array
for the capture and detection of a panel of proteins via sandwich HikSAssays.
Although the amount of proteins from a single cell is very low and cannot be amplified
directly through PCR reaction, thaarofluidic deviceshrinksthe reaction volume of the
chamber to several nanoliter; therefore, the concentration is maintainddgat enough

level for detection and quantification.



detection
antiboq‘y ,
| d .
= v\ _ e

capture e
Lé—j an%bodv ‘
Nano-probes

Quantify metabolites \ <

Figure 1.6. The workflow of a singlecell barcode chip.The singlecell suspension has flowed into

the microfluidic device and cells will be captured into réter-sized champers. Once the cells are
captured, perturbing, lysing and analyzing single cells within the chamber is also feasible through
programmiig the nanditer fluid. As shown in the zoosim view of an individual chamber, cells were
trapped at the lettand side of the chamber and the lysis buffer is at the other side of the chamber,
separated by the blue valve in between. When releasing thealbleethe lysis buffer will be able to
diffuse to the other side and lyse the cell. The intracellular proteins will then be released into the
chamber for quantification. At the bottom of each chamber, there are barcoded arrays of antibodies
installed orerly. These antibodies will capture proteins of our interest in order. So, simply by adding
stripes in the chamber we can increase the multiplicity all the way to more than 40 different analytes.
After the proteins are capture onto the antibody, we witbdeing another set of detection antibodies

with dye on it to convert the captured protein abundance into fluorescent intensity readout. Based on
such multifunctional, programmable, namwhamber, many important regulators from each
individual cell are gantified simultaneously, and hundreds to thousands of siefie can be
analyzed simultaneously on one chip. Figure adapted[6d168]

SCBCs have been developed into a robust tool with benchtop to bedside applications already
demonstrated and are currently being cdofeds ci al i :
Applications of SCBAnclude prelicting drug resistance in GBM tungi67], predicting

tissue structure§69], and patient monitoring for carmcenmunotherapy trial§61,70]

SCBCs havalsobeen validated against flow cytometry and various bulk immunoassays on
cell lines andprimarycells. Compared to flow cytometoy mass cytometry (cytof), SCBC

offers the following advantagg$) as few as 1000 cells can be studiét], (ii) protein levels

and measurement errors are both absolutely quantitated, in copy numbers of nieBcules

(iii) the local environment of the cell can be controd€) discrete cell populations can be
assayed to measure eedlll interactiong73] and (v) SCBCs are costffective. Absolute
guantitation of protein levels enablesedt comparisons across cell types, proteins, time
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points, and patient samples, etc. While such quantitasicsstandard in thghysical

sciencesjt is novel (and challenging) in biologybsolute quantitation of protein level
uantitation also opens upe possibility of using theories derived from physitemical
principles and/or statistic methods to investigate cellular steady states, perturbations, etc. In
fact, the combination of SCBC based singhdl proteomic measurement with physico
chemical pmciple enables identification dhe central regulators of drug resistance as early

as a few days after drug treatment. It is further illustraté&hapter 3 anhapters of the

thesis.

Meanwhile,compared tsinglecell proteomic technologies, theaseevenfewersinglecell
metabolic assaycurrently available.SCBC technology addresses this shortcoming, Wéth
ability to comeasure metabolites from the same single cell together with many proteins or
phosphotproteins. Considering the importance adtabolic rewiring in drug resistance and

the heterogeneous nature of the tumor, it is also worthwhile to investigate the metabolic
phenotypes of single tumor cells, ideally in conjunction with their signaling activities. Since
SCBC can caneasure the metalites together with proteomics from the same single cell
[65,68,74] we applied the SCBBased integrated singéell proteomicand metabolic assay

to drug resistance development of melanoiies technologyprovides uswith a very deep
insight into the signaling rewiring and metabolic reprogramming during the heterogeneous
drugresponse trajectories of tumor cel&e now have tla capability to augmerthe
paradigm of adaptive resistance development in an isogenic cell populaticenamse this
information tooffer insight into the design of more effective combination therapies.

ThesisOverview

This thesis investigated the fundamental plastic and heterogeneous nature of cancer cells and
their connection with nogenetic drugesistance development, using BRAF inhibition of
BRAF-mutant melanomas as the model system. These melanoma cells undérgtemu
reversible drugnduced celstate transitions, ultimately vyielding a dregistant
mesenchymadlike phenotype.

In Chapter2, bulk analysis was conducted to characterize the detailed kinetics of the entire
cell-state transition, revealing expson changes of thousands of genes and extensive
chromatin remodeling. A-8tep computational systems biology approach greatly simplified
the complexity, and revealed that the whole adaptive process was controlled by a gene
module activated within just tee days of treatment, with RelA driving chromatin
remodeling to establish an epigenetic program encodingi@ngphenotype changes. From
there a detailed mechanism connecting tumor epigenetic plasticity withemetic adaptive
resistance to therapy waesolved. These findings were confirmed across several patient
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derived cell lines and in melanoma patients under MAPK inhibitor treatmettér @xing

BRAF and histonenodifying enzymes arrest adaptive transitions towards drug tolerance in
epigeneticall plastic melanoma cells and may be exploited therapeutically. (Chapter 2 has
been adapted from a manuscript currently under review i@ancer cell doi:
10.1101/724740).

FromChapter3, the resolution of the investigation went a step further by movingtickn

study to singlecell analysis. The singleell view further uncovered the fundamental
biophysical nature of the cedtate transition as joint efforts from both cell state
interconversion and phenotygpecific drug selection. It also pinpointed tgnaling

network hubs, RelA, as the driver molecule of the initiation of the adaptive transition.
Targeting those hubs halted the transition and arrested resistance development. (Chapter3
has been taken in part frddNAS doi: 10.1073/pnas.1712064115).

In Chapter4, the various driving forces of phenotypic changes and evolution of melanoma
cells during the resistance development process were further quantitatively modeled and
validated via a thermodynamic inspired surprisal analysis and a modified fRiakek

type kinetic model. Joint experimental and computational approaches were employed, using
either bulk or singleell measurements as input, to interrogate the epigenetic landscape of
the phenotypic evolution. the observed stable phenotypic equilfbmaltiple drugresistant
subpopulations were found to be established via competition betweedegiatalent net
proliferation rates and landscape potential. The results reveal how the tumor cells maintain a
phenotypic heterogeneity that facilitates ajppiate responses to external cues. (Chapter4
has been taken in part fromPLOS Computational Biology doi:
10.1371/journal.pchi.1007034)

Finally, in Chapter5 of the thesis, using integrated singél proteomic and metabolic
analysis of the early stageysaling and metabolic changes upon initial drug responses, two
distinct paths connecting drugiive and drudplerant states were identified. Cells are shown

to exclusively traverse one of the two paths depending on the level of a master transcription
factor MITF before drug treatment. The two trajectories are associated with distinct signaling
and metabolic susceptibilities. The results update the paradigm of adaptive resistance
development in an isogenic cell population and offer insight into the ddswgpre effective
combination therapies. (Chapter5 has been taken in part from a manuscript that is currently
under review iMNature Communicationsloi: 10.1101/767988).

Notably, in addition to the above contents mentioned in the thesis, two other eprcijetgs
arefuture directionsof the thesis. One of the projects analyzed the transcriptome of drug
induced resistant cell populations with singédl resolution. We discovered, in addition to
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the wellknown drugresistant mesenchymal phenotype, thera inovel drugesistant
subpopulation c@xisting, which has not been reported before. Detailed molecular
mechanism associated with the dregistant subpopulations are discovered which guided
the caeblocking of both resistant subpopulations as effectorabination therapy. The other
project utilized Ramabased singlkeell subcellular metabolomics as an effective tool for
investigating the metabolic features of the highdygressive mesenchymal phenotype by
imaging the metabolomics phenotype of its callolar organelle, which resolved the
metabolic susceptibilities unique to this previously undruggable phenotype.

In total, this thesis combis&arious physical science asgstems biology approachegh
manysinglecell technologies and analyses toadbta deep and thorough understanding of
the fundamental nature and underlying mechanisms efjapatic drug resistance in cancer.

It provides several novel insights into the rational design of better and more effective
combination therapies for overcorgidrug resistance.
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Chapter 2

KINETIC INFERENCE RESOLVES EPIGENETIC MECHANISM
OF DRUG RESISTANCE IN MELANOMA

We resolved a mechanism connecting tumor epigenetic plasticity witheratic adaptive
resistance to therapy, with MAPK inhibition of BRARutant melanomas providing the
model. Thes cancer cells undergo multiple, reversible endyced celistate transitions,
ultimately yielding a drugesistant mesenchymbite phenotype. A kinetic series of
transcriptome and epigenome data, collected over two months of drug treatment and release,
revealed changing levels of thousands of genes and extensive chromatin remodeling.
However, a 3step computational algorithm greatly simplified the interpretation of these
changes, and revealed that the whole adaptive process was controlled by a géae modu
activated within just three days of treatment, with RelA driving chromatin remodeling to
establish an epigenetic program encoding4@nm phenotype changes. These findings were
confirmed across several patiegrived cell lines and in melanoma patseander MAPK
inhibitor treatment. Cdargeting BRAF and histor@odifying enzymes arrests adaptive
transitions towards drug tolerance in epigenetically plastic melanoma cells and may be

exploited therapeutically.
This chapter includes content from ounpoeisly published article:

[1] Su, Yapeng, Xiang Lu, Guideng Li, Chunmei Liu, Yan Kong, Jihoon W. Lee, Rachel Ng et al. "Kinetic
Inference Resolves Epigenetic Mechanism of Drug Resistance in MelanGaracer cell (Under
revision). doi: 10.1101/724740



Introduction

The acquisition of therapy resistance in cancer patients remains a major clinical
challenge[1i 4]. While various genetic mutations have been reported to cause resistance
[5,6], recent literature also points to the importance of epigenetic modulations to drug
tolerance that can precedwtemergence of drugsistant genotypes in a variety of tumor
types|[7i 14]. For such epigenetic processes, tumor cells adapt to the drug treatment by
orchestrating master transcription factors and chromatin remodelers within a regulatory
network. The resultant changes of chromatin profile via histone modfsagventually
establish specific gene expression programs of thetdheigant stat§l5i 24]. Unlike genetic
mechanisms, epigenetic esthte transitions can be reversed upon drug renmit¥@5,26]

Indeed, such reversibility has been observed uitro andin vivotumor model$10,25 28]

and increasingly reported in clinical settif@Si 32]. Nevertheless, the mechanistic details

of these epigenetic modulations remain incompletely understood, thus limiting the options
for therapeutic interentions designed to arrest the rgametic resistance.

Accumulating evidence suggests that phenotypic plasticity is an essential characteristic
associated with negenetic resistancfl5,33 35]. Phenotypic plasticity, defined as the
ability of cells to reside in distinct phenotypes and switch between them without genomic
alterations, is an innsic property of cells to survive stressful conditions. Cancer cells can
also exploit plasticity to survive drug treatment by transitioning from a-skngitive
phenotype to drutplerant phenotype§l5,36] Paradigmatic examples include certain
BRAFmutant melanomas under MAPK pathway inhibitor (MAPKI) treatment. The-drug
naive melanoma cells initially reside as deemsitive melanocytic phenotypes (MIE
and elevated pigmentation genes). Upon continuous MAPK inhibition, they can evolve into
a trarsient, slowcycling, neurakrestlike phenotype (MITEY/NGFR"" [25,37] and
eventually towards a mesenchymal phenotype (MITFSOX1(*Y, and elevated
mesenchymal marker$25,35,38,39] The mesenchymal phenotype is notorious for its
resistance to MAPKi as well as many other treatment regimens including immunotherapy
[9,40,41]

Several studies have explored the molecular markers associated with theleharg
or drugresstant phenotypes including: dowegulation of SOX1(21,26]and upregulation
of INK/c¢JUN[37,40,42]in the mesenchymal phenotype, as well as upregulation of KDM5
[28,43] in a slowcycling (likely neural crest) drutplerant phenotype. However, there
remains a clear unmet need to identify the estdge adaptive processes that are triggered
immediately followingthe drug exposure to lead the transition towards -thiegant
phenotypes. Such an understanding may uthiveinolecular nature of phenotypic plasticity



2C
andcompelling drug targets that can arrest the entire adaptive resistance process prior to

theestablishment of resistant phenotypes.

We sought to resolve the eadgting regulatory process of adaptive resistance through
kinetic characterizations of the transcriptome and functional epigenome of atimeid
BRAFmutant melanoma cell lines feahg varying degrees of phenotypic plasticity.
Systemdevel analysis of the transition dynamics, followed by experimental validations,
discerned the critical transcription factors and chromatin remodelers within a regulatory
network that initiated and drevthe adaptive cell state transition. The mechanism informed
the design of combination therapies to disrupt the chromatin remodeling and to arrest the
adaptive transition at a very early stage. The phenotypic plasticity was found to correlate
with the effcacy of the drug combinations across multiple melanoma cell lines, implicating
that the plasticity may be epigenetically encoded in the baseline chromatin profiles. The
signatures of the adaptive mechanism were also found in sequential patient biopsies.
Together, our study resolved an eaalbting epigenetic mechanism of Rgenetic
resistance, which may be exploited to prevent targeted therapy resistance in melanoma.

Results

Reversibility of the adaptive transition in patient-derived BRAF-mutant melanomacell
lines

We used an epigenetically plasBRAF®Emutant melanoma cell line M397 as a
model system to interrogate the kinetics of the adaptive cell state transition in response to
continuous BRAF inhibition. We treated the cells with a BRAF inhibiBRAFi) for a
month, then separated them into two sets: one with an additional month of continuous drug
treatment, and the other untreated for one month (Figure 1A). Cells were collected fer a time
series transcriptome and functional characterization (€sgd and S1Table S). The
resultant gene expression data after 29 days (D29) of drug exposure showed significant
enrichments of mesenchymal signatures, cellular invasiveness, migration, and loss of MITF
targets (Figures 1C and SlDable S2. The adapi cells were sloweycling, as evidenced
by reduced proportion of cells in the S and G2/M phases (Figure 1E). An additional month
of drug exposure maintained the cells in a steady state with a relatively stable transcriptom
profile (Figures 1B and S1C). Oy removal (DR) triggered a reversiama state with a
transcriptomeprofile that resembled the untreated (DO) state (Figures 1B, S1C and S1D), as
illustrated by the fact that the molecular signature enrichments of D29 vs. DO and DR30 vs.
D29 were essemtily mirror images of each other (Figure 1C). Furthermore, the reverted
cells recovered their proliferative and cell cycle characteristics, and weensiized to
BRAF inhibition (Figures 1B1F). These results suggest a fully reversible adaptive foansit
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at the transcriptomic, phenotypic, and functional levels. We further confirmed the

existence of such reversibility, at the functional level, in cBRAFRmMutant melanoma cell

lines with varying sensitivities to BRAFi (Figures 1D, 1F, S1A, and S1D). Therefore, the
BRAFi-induced adaptive resistance is reversible at both transcriptomic and functional levels
with generalityacross a panel of patiederivedBRAF-mutant melanoma cell lines.

Information theoretic analysis of the transcriptome kinetics resolved two gene modules
associated withthe reversible transition

To extract the underlying regulatory modules that change coordinately in the reversible
transiton, we applied information theobased surprisal analysis to the thwurse
transcriptome data (Eqg. 1). Surprisal analysis was initially formulated to understand the
dynamics of nonequilibrium syster@gl]. It has been extended, in multiple publicatigts
52], to characterize biological processes in living cells. It approximates quantum state
di stributions of mol ecular species within
maximum entropy of those biomolecules. Particuldolya system characterized by a kinetic
series of transcriptome, Equation 1 from surprisal analysis caord®lute the changes of
thousands of genes into one unchanged gene expression baseline and a series of gene
expression modules. Each module contaigsoup of genes that are coordinately changing
together across time points (an example gene list for mddigleisualized in dashdihe,
circled regions in Figure 2A). We applied this analysis, and then used the resulting gene
modules to computatioriglestimate and visualize cedtate transition trajectorigSTAR
Methods)

amplitude of contributior
modulej at of transcript

time t to modulg
nct =h £ & /,0 G
measured expression baseline
level of transcript expression level of deviaton terms from
attime t transcripit the baseline

of transcript  (gene modules

(Eq.1)

Specifically, inEquation 1,n X, (t), the naturalogarithm of the measured level of

transcripti at timet, is defined as the expression baseline of trans'dlplcio), minus the

sum of gene module alterations weighted by the relative contribution to each module by
transcripti (g /| (t ; )- Each gene module is represented by a-tieygendent module
i

amplitude (orscoreaq(t)) that denotes the importance of the gene mogtdethe global
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transcriptome at timeé. Modulespecific contribution scoreBom each transcripGi
denote weight of gnei on modulg. Thus, the biological functions of each modutan be
inferred from genes with higher positive or negative modpkific contribution scosss;.
The gene expression baseline is the reference point for the entire transition.

The application of Eq. 1 to the tinseries of transcriptome dadi@convoluted them
into two timedependent gene modules plus the gene expression baseline. To visualize the
kinetic changes of the entit&anscriptomendeach gene module, we plotted time:series
transcriptome profiles and @®nvoluted gene modules as sa@ifjanizing mosaic maps
(SOMs) (Figures 2A and S2A). The gene expression baseline calculated from the surprisal
analysis (top row of SOMs in Figures 2A and S2A) shows no time dependérias
demonstrates the validity of surprisal analysis in analyzing this sysiénThe second and
third rows are plots of the twesolved, timevarying gene modules. The SOMs for DO and
DR30 appear nearly identical, reflecting the reversibility of the adaptive response at the
transcriptoméevel as well as at the resolved gene module level. When the baseline state and
thetworegulaair y gene modul es are summed (the row
the resultant SOBIfrom surprisal analysis closely matched the experimental transcriptome
data (bottom row of Figures 2A and S2A). Thus, the expression change of thousands of genes
during the reversible transition can be delineated by aitivaiant expression baseline,
plus the changes of two tinvarying gene modules.

The reduction of the transcriptome kinetic series into two gene modules enables
visualization of drugadaptationrajectories taken by the cells. This is achieved by projecting
the timeseries transcriptome onto théXell-state space defined by the gene modules, with
each axis representing the module score of each gene module. The plot is a cyclic loop
(Figure 2B comprised of a forward trajectory (blue), and a elemgoval, reverse trajectory
(green), which indicates that the cells undertake a different return path to the original drug
sensitive stateThis cyclic shape suggests that the two gene modules opetatentially.

The first moduleMeany, Wasfully activated within the first 3 days of drug treatmentgys

of Figure 2B), while the second moduMat, (x-axis of Figure2B) gradually activated
between days 3 and 29 (D3 and D2@ontinued treatmeriieyond D29 caused minimal
change in either module (blue dash line circled region of Figure 2B), in agreement with the
stable transcriptome profile observed from D29 to D59 (Figures 1B and S2A). Interestingly,
upon drug removakhere wasan immediate redition in the first module, followed by a
gradual reversion of the second module to its originaltnesment module score. The
different operational dynamics of these modules rediritthe cyclic transition trajectories

that the cells toak
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To further investigate the biological meaning of the g@oemodules, we conducted
gene set enrichment analysis (GSEA) on genes ranked by their rspdualc contribution
scores Gjj). Miate Was positively associated with melanocytic signatures (e.gFNérgets)
and negatively correlated with mesenchymal
and JNK signaling pathways (Figure 2B; TabB. £onsequently, the gradual change of the
Miate SCOre from positive to negative values between D3 andimfi€ates that the drug
treated cells ddifferentiated towards neuratest and mesenchymal phenotypes, with loss
of mel anocytic signatures, and an increase
Mearly Was positively associated with HDAC1 activeipd negatively associated with cell
cycle regulation (Figure 2B), suggesting that the initial drug exposure led to an immediate
histone dacetylation and cell cycle arreStherefore, the two gene modules resolved from
surprisal analysis delineated thepstese, reversible dynamic changes of cellular functions
during the cyclic transitions associated with adaptive resistance development.

Dynamic system modeling discerned the regulatory relationship between the eargnd
late-gene modules

A possible impliation of the sequential operation ofdd and Matelis that the biological
processes associated with the two modules are coupled where the completion &fithe M
gene program triggers the expression eflgdenes. This implies a aetependency of these
two modules. We tested this hypothesis by fitting the dynamic dependence of the two
modules to a coarsgrained model resembling a simple tgene feedback circuit (Eq. 2).

This approximation yields an estimate for how the two gene modules are cougled g,
see STAR Methods).

dggenq:,,my aB Y

dt € e;gen%eany 8 M |-68 gen’@me

= ae & a IVle_| @ ety U 14 late

Here, the brackets denote the averaged expression level of ragdat@ated genes at
a given time pointBe and B represent the basal production ofdy and Maee-associated
genesrespectively CoefficientsMee and My, reflect selfregulation of Many and the Nie
expression, respectively, while coefficieMse andMe, reflect the Mieregulation over the
expression of My genes and vice versa.

The ODE fitting of genexpression associated withaMand Meariy for both forward and
reverse trajectories revealed thatMexerted significant control over both itself ang
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This is evidenced by the significantly larger{fmetorsMee andMe. (Figures 2Dand S3;
Table S3. By contrast, Mt Yieldedonly minimal influence over itself or Mqiy. The strong
influence of Many applied to both the drugieated forward and druglease reverse
trajectories (Figures 2D, 2E, S2B and S3). In other wordsyyBlominatel the entirety of
the forward DOD29 transition path towards drug resistance as well as the drug removal
trajectory back to the drugensitive stateFurther, the dependence ofiaMon Meany
suggestedn orchestrated process whereby certain importarsciigtion factors associated
with Mearyplayeda key role in regulating downstream genes associated wittukimately
driving the adaptive transition towards the dragistanphenotype. Thus, dynamic system
modeling revealed the strong influence of the eadyng gene module on the laeting
gene module, and implied thatM, may contain the key regulators that initcitiee adaptive
cell state transition.

Inference of critical early -acting upstream transcriptional regulators based upon the
inter-dependence of the two gene modules

Guided by the importance of ddiy module in driving the adaptive resistance (Figure
2D), we hypothesized that certain key transcriptiorofac{TFs) or cdactors within Marny
regulate the downstream genes withigddnd thus drive the adaptive transitido.test this
hypothesis, we used two complementary approaches to infeatlyactingTFsin M397.

For the first approach (Figures a3#d S4A)we hypothesizedhatfunctionally relevant TFs
associated with May should have their target effector genes enrichethéngene set
associated witkthe subsequent action ofidd Therefore, we first filtered out all the possible

TFs and cedactorswithin Meary and then acquired their downstream targets from the TF
targets database, followed by assessing their enrichment in the genes associateg: with M
(STAR Methods). This identified that subset ofaMrelated TFs whose downstream tasge
areoverrepresented within tlgenes associated withiaie module. Five statistically enriched

TFs and cedactors were identified, with Pearson correlation coefficipnts> 0. 9 ( Fi gur
panel i). These include MEIS3, which is required for necradt invasionf53], NKX3-2,

which mediates the epithekalesenchymal transition in neural crest developfait and

LEF1 whose dowanegulation is related to negenomic MAPKI resistance in melanomas

[9]. These enriched TFs may wgfte the cancer cell phenotype changes associated with the
forward and reverse transitions (Figure 3C). Most interestingly, the histone modifying
enzyme KDM5B (H3K4 demethylase), whose expression displayed a sharp increase by D3,
was also found to have matarget genes overrepresented ige{Figure 3D). Importantly,

this histone modifiethas been previously associated with reversible-tbiggant states in
several tumor types, including melanon,43,55]
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For the second inference approach, pexformed enrichment analysis of -cis
regulatory elements in the promoter regions of all genes strongly associated aédth M
(Figure S4B). We ranked these elements according to their statistical significance (Figure
3B, panelii). Thetoponerankedeleme was t he binding motif of
RelA, which was recently identified as an important regulator associated with this adaptive
transition[25]. The expression kinetics of RelA was not assodiafth either Mite OF Meariy.
Instead, the expression level of RelA gradually increased from the start of BRAF inhibition
to D29, implying its consistent activity over the entire adaptive transition towards the
mesenchymal state (Figure 3D). InterestinbliFKBIE, whichis highly anticorrelated with
Meaty(} =-0.88)and e pr esses NFaB activation by preve
displayed a sharp drop by D3 (Figure 3D). This suggests that activation of RelA and
associated downstream genes iadvhight bemediatedoy the immediate dowregulation
of NFKBIE, thus releasing RelA into the nucleus. A second transcription regulator similarly
identifiedwasAP2 U, whi ch has been reported to be i
metastasi$s6]. Taken together, these analyses greatly simplified the interpretation of the
kinetic transcriptome data by inferring a few controlling, eadiing TFs and céactors
(Figures 3B andS4B), including RelA anikKkDM5B, from the large numbers of transcripts
altered during the course of BRAF inhibition and drug rel@aiggires S5A and S5B)

Reversibility of chromatin accessibility and histone modification profiles shed light on
downstream transcription factors associated with the adaptive transition

Information theory analysis and dynamic ODE modeling of transcriptome kinetics
pinpointed a few key eaHscting TFs that likely trigger theinitiation of the cell state
transition towards resistance. To obtain a plete mechanistic picture, we seek to further
identify the lateactingdriverregulators that are the downstream targets of thoseaszihg
TFs via cellular epigenome characterization at different stages of the reversible transition
(Figure 5A)

Sincethe previous inference and enrichment analyses pointed tastraetivation of
histone modifiers KDM5B and HDACL1 in Mhy that represses activation histone marks
(Figures 2B and 3B), wig'st accessdthe regulatory regions associated with open chromati
We accomplished this via transposaseessible chromatin with highroughput
sequencing (ATA&eq) anactchromatin immunoprecipitation sequencing (Gh#e|) against
two activation histone marks, H3K4me3 and H3K27ac, which are targets of KDM5B and
HDACL. Similar to the transcriptome profiles, the overall chromatin accessibility displayed
reversible changes during drug treatment and removal. That accesgidipally decreased
following BRAFi exposure, but after a month of drug removal revedexprdile similar
to that of untreated cells (Figures 48 and S5C). Overall modiation levels of the two
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histone marks displayed the same reversibility (Figure S5D and S5E). However, the drop
in these marks after-@ay BRAFi exposurevaslarge relative tahe corresponding small
reduction of the ATAGseq signal (Figures 4A and S5D), suggesting that these histone
modifications may precede and perhaps drive the changes in chromatin accessibility. Further,
the promoter region of many wekported regulatorgor the adaptive resistance in
melanoma also displayed reversible changes that aligned well with their reversible
expression patterns (Figure §5We also tabulated the numbers of differential peaks of
H3K4me3 and H3K27ac that changed between day 0 @wkguent time points (Figure
4C). The differences between states at4t@mmmn drug removalDR30) and at day) were
minimal. This wasespecially true for H3K27ac, where only two peaks redtbatetylation
differences between day 0 and lelegmn drug remoal. These data demonstrated the
genomescale chromatin landscape underwent reversible changes upon drug treatment and
removal, thus supporting a potential epigenetic mechanism of the reversible adaptive
transition.

To search for causal TFs driving the dynea changes of the chromatin landscape, we
used kmeans clustering to analyze the genamde chromatin restructuring at four time
points spread across the reversible transition (Figure 4B). We identified four clusters of
chromatin accessibility peaks witmique kinetics, plus a fifth, tim@variant cluster. For
these four clusters, we mined the underlying DNA sequences and searched for over
represented TF binding motifs. Thighly enrichednotifs in the reversible transition (right
side of Figure 4B) aatain binding motifs of certain TFs reported previously to be involved
in the adaptive resistance of melanomas, including MBH, SOX10[26], JurAP1
[37,40,42] and RelA[25]. Some of these TFs, such as RelA and2ARere overlapping
with those inferred from the transcriptome data (Figure S#8)urther resolve whether
these modifications were modulated by RelAose moitif is ranked top omethe common
cisregulatory elemeninference (Figures 3B and S4B), we quantified the H3K4me3 and
H3K27ac ChlPseq signals across all the RelA binding séaed found marked reduction
after 3 days of drug exposure, with recovery upon drug removal (Figure 4D). It suggests that
RelA binds primarily to distal sequences containing both activation histone marks H3K4me3
and H3K27ac, and might regulate them throungéractions with the KDM5B and HDAC1
during the adaptive transition.

In addition to confirming RelA as a critical eadygting regulator that may cause the
epigenome changes, we further mined downstream regulators that may be the direct targets
of RelA and showed consistent epigenome alteration pattrtise RelA binding region
across the reversible transition. We achieved this by quantifying the changes in chromatin
accessibility and twactivationhistone marks of all TFs/efactors associated with Mthat
contain RelA binding motifs (STAR Methods§OX10was identified to display the most
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significant changes across all three epigenome alteradiotisee RelA binding region
(Table S$. Consider the importance &0X10in regulating mesenchymal phenotype in
melanomg21,26,58] we hypothesized th&0X10s likely one key downstream regulator
for the cell state transition towards resistantaken together, these data illustrated the
reversibility of adaptive resistance at the level of the global chromatin landscape. The
kinetics of the reversible epigenome profiles further pointed to a collection ofaetirly
and downstrearaffector TFs, partiularly RelA and SOX10, in regulating such adaptive
epigenetic resistance.

Mechanistic regulatory network of adaptive resistance

Based on té transcriptional regulators inferred from gene module interactions and
epigenome profiling, we tied these inferentegether with prior knowledge and formed a
mechanistic regulatory network (Figure 5A). We hypothesized that forrdiivg cells,
NFKBIEandSOX10ar e bot h epigenetically activated
is represse{P6]. BRAF inhibition triggers a sharp drop NFKBIE expression and a sharp
increase in the expression of the histone demethylase KDM5B (Figure 3Deduation
of NFKBIE would promote the nuclear translocation of R€hA]. In the nucleus, RelA
would then rewit KDM5B and HDACL1 to represSOX10and NFKBIE expression by
erasing the actation histone marks in their promoter regions, consisteitit e rapid
decrease of activatidristone marks at RelA binding sites (Figures 4D). The downregulation
of SOX10expression has been reported to promote BRAFi adaptive resigtancgh
promoting the up egul ati on of TGFb signaling and me
[21,26] Our mechanistic hypothesis provides a rationale for how this happens, and furthe
indicates how the downregulation of NFKBIE promotes RelA nuclear translocation, thus
establishing a positive feedback loop (Figure 5A). Drug removal reverses this process,
starting with the gradual recovery @&0OX10 expression (Figure 3D), the loss of
mesenchymal signatures (Figure 3C), and the eventi@ering of the chromatin (Figure
4A). We extensively tested this mechanism in the following ways.

We first examined the change in overall chromatin accessibility and levels of the histone
marks H3K4m8 and H3K27ac at the promoter regionsS@X10and NFKBIE over the
course of the adaptive transition. We found reduction of the overall chromatin accessibility
and of the levels of both histone marks upon BRAF inhibition, and a recovery of these signals
upon drug removal (Figure 5B). These observations confirmed the involvement of chromatin
alterations in the gene expression chang&30{10andNFKBIE. We next explored the role
of RelA in recruiting histone remodelers. We tested whether RelA, KDM5B andd4DA
simultaneously bind to the promoter regionsS&fX10andNFKBIE. We performed ChiP
PCR experiments on untreated cells using primers targeting the promoter re@a<16f
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andNFKBIE. The results confirmed the bocalization of RelA, KDM5B, HDAC1, and

the two histone marks (Figure 5C). Quantitative assessment of binding profiles via ChIP
gPCR further revealed that BRAFi treatment elevated binding of RelA, KDM5B, and
HDAC1 to theSOX10andNFKBIE promoter sites and consequently diminished H3K4me3
and H3K27ac histone marks (Figure 5D). These binding enrichment profiles reverted to the
levels of the untreated cells after drug removal (Figure 5Djm@aunoprecipitation (Co

IP) assays confirmed thending of RelA to KDM5B and HDAC1 (Figure 5E), suggesting
that RelA can form a complex with either KDM5B or HDAC1. These findings support the
role of RelA in recruiting histone remodelers in regulating the expressi&0xfl0and
NFKBIE

To further validate the8OX10andNFKBIE are directly repressed by the ngtment of
KDM5B and HDAC1 through RelA, we sought to perturb RelA with a drug that inhibits its
nuclear translocation. According to our hypothesis, such inhibition should decrease the
recruitment of the histoamodifying enzymes KDMB5 and HDAC1, which, tarn, will
increase the H3K4me3 and H3K27ac levels at the promoter regiSd»d0andNFKBIE.

We first treated the M397 cells with BRAFi for 21 days to induce adaptive resistance with
reduced5OX10expression (Figure 5F). Under continued BRAFi treatment, we added a drug
(JSH23) to inhibit RelA nuclear translocatid®0], and moniteed shorterm interval
changes inSOX10expression.SOX10expression rapidly increased following J3Bl
treatment and returned to tleeel originally observed at Ddifter 24 hours of drug exposure
(Figure 5F). Furthermore, we observed barely detectabténly of RelA, KDMbB, and
HDAC1 and consequently increased binding of H3K4me3 and H3K23ac $0tk&0and
NFKBIE promoter regions after 24 hours of J8Bitreatmen({Figure 5G). The immediate
increase oB50X10expression and decrease of HDAC1 and KDMBBalment within 24
hours of JSF23 exposure further validatedir hypothesishat the repression &0OX10and
NFKBIEs directly through RelAnediated epigenetic silencing.

We performed additional independent perturbattonvalidate the proposed moleaul
mechanism using genetically engineered M397 cells. We first triggered RelA nuclear
translocation through CRISPR knockout (KO) NFKBIE to release the cytoplasmic
retention of RelA61]. According to our proposed mechanism, this translocation should in
turn enhance recruitment of the histone modifying enzymes HDAC1 and KDM5B, and thus
diminish levels of activation histone marks H3K4me3 and H3K2a7#te promoter regions
of SOX10 This prediction was confirmed by ChtfPCR result (Figure 5H). The actual
expression 080X10wnvas consequently reducedNiFKBIE-KO cells relative to control cells
(Figure 5I). Similarly, knockout of KDM5B partially upregated H3K4me3 levels at the
SOX10andNFKBIE promoters (Figure 5J), thus increasB@X10andNFKBIE expression
(Figure 5K). In addition, we also observed elevated H3K27ac &@¥10and NFKBIE
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promoters, possibly through the decreased recruitment of HDAC1 by RelA due to the
elevated NFKBIE expression. As a functional validation, we teS@&X10KO and
NFKBIE-KO M397 cells, expecting that both engineered cells would develop drug tolerance
to BRAF more rapidly than the wild type counterpart. These engineered cell lines indeed
behaved as expected according to our proposed mechanism (Figure 5L). Collectively, these
experiments provide strong evidences for the proposed mechanism. They valiciitiedhe
role of RelA as a rapidcting regulator of resistance development by recruiting KDM5B and
HDAC1 to epigenetically suppress&DX10and NFKBIE expressionand consequently
induce BRAFi drug tolerance (Figure 5A).

Baseline epigenomstates correlae with the phenotypic plasticity and drug response
across melanoma cell lines

We now turn towards understanding whether the mechanism of adaptive response of
M397 cells to BRAF inhibition can be generalizzdotherBRAFmutant melanoma cell
lines that ehibit varying degrees of phenotypic plasticity and baseline level of resistance to
BRAFi. We first tested the generality ofeMyand Mate modules in other melanoma cell by
evaluating the coccurrence of gene sets associated with two modules acroS€tte
melanoma cell lines. We observed higherocourrence score relative to random gene
permutation (Figure S6A, see STAR Methal)ggesting the various gene sets associated
with two modules are not specific to the cell line we studied, but similarlylated and co
expressed across other cohorts of melanoma cells.

Furthermore, we investigated the BRAR#uced transcriptome changes in additional
six patientderived BRAFmutant cell lines, each with a unique dnajve phenotypic
composition that varieBom largely mesenchymal (M381) to-between neural crest and
melanocytic (M263), to mostly melanocytic (M242b]. In order to permit comparisons
between different cells, we projected the whole transcriptome kinetic data of each cell line
onto the twedimensionakpacedefined by Mary and Mat, Similar to the twedimensional
plot in Figure 2B(Figure 6A) Cell linesat theleft sidedisplayed much highdraselindC50
value than those at thight side suggesting that cells at the BRARduced dedifferentiated
state are intrinsically resistant to BRAF inhibition. Similar trends were also observed across
variousBRAF-mutant melanoma cell lines from the GDSC database (Figure S6B), indicating
cells with higher Mary and lower Mite scores are generally resistant to BRAFi. Similar to
M397, upon BRAF inhibition, each cell line exhibited an initial change in the positive
direction along Many, followed by a motion along the negative direction efd(Figure 6A),
which implied some mechanistic similarities between the cells. However, different cell lines
also exhibiedwidely different amplitudes of motion along this Biddscape, reflecting large
variations in transcriptome plasticity (Figure 6A). Our hypothesis was that these different
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amplitudes of transcriptome motion, particularly the motion along the controlling module

Meary, Wererelated to the prreatment (baadine) epigenomestate of the cells.

Mearywasenriched with earhacting epigenetic modulations that dictate the subsequent
adaptivetransition in M397 (Figure 2RE). Thus, for comparison across cell lines, motion
along Meanywas chosen as a surrogaff transcriptome plasticity. We correlated the BRAFi
induced motion along Mywith the baseline epigenetic characteristics of the cells. These
correlations included the average chromatin accessibility (Figure 6B), the average levels of
the two histoe marks across all the enriched domains (Figures 6Car&DS6C), and the
levels of two histone marks on the TSS regioiS0X10(Figures 6E, 6Fand S6D). The
strong correlations, particularly withOX16specific H3K4me3/H3K27ac signals, suggest
that celular plasticity is associated with the baseline chromatin state of thendiwug cells
and implicate the generality of the chromatin remodeling mechanism in the adaptive
resistance of melanoma cells. These findings ialgdy that cellular plasticity that permits
adaptation to BRAFi may be encoded in cells before treatment through general and specific
structural details of the chromatin.

The relationships between cellular plasticity, chromatin accessibility (Figure 6G), and
adaptive resistance to BRAFi suggest that drug targeting the chromatin remodeling
machinery in combination with BRAFi would arrest the adaptive transition and inhibit the
development drug resistance in the most plastic cell lines (e.g. M397 or M262) bidt sho
have little effect on the least plastic lines (e.g. M381). We used a redemtioped KDM5
inhibitor CP1455[62] and a second generation HDACL1 inhibitor Quisino§3j to treat
the cells in combination witBRAFi vemurafenib. We employed the minimal doses ofCPI
455 and Quisinostat that were sufficient to inhibit KDM5B and HDAC1 without significant
cytotoxicity (Figures S6Era S6F). Clonogenic assays revealed that, in comparison with
BRAFi monotherapy, both of the dual drug combinations (BRARKDM5BI or BRAFi +
HDACI) could lead to a sustained growth inhibition across several epigenetically plastic
melanoma cell lingsncluding M397 (Figure 6H). These results demonstrate the potential
utility of co-targeting the driver oncogenBRAF along with chromatimemodeling
machinery to treat certain melanomas which demonstrate significant epigenetic changes
upon BRAF inhibition. Imprtantly, the M381 and M233 cell lines, which exhibited the
lowest levels of plasticity (Figure 6A) and chromatin accessibility (Figure 6G), did not
respond to the therapy combinations (Figures 6H). Thus, the responsiveness towards
combination therapy witkepigenetic drugs can be predicted through the degree of cellular
plasticity, which maybe encoded by the baseline epigenome of cells prior to treatment.
Collectively, the strong associations across different cell lines between transcriptome
changes and éhbaseline chromatin permissiveness suggest both a generality and predictable
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limitations of the molecular mechanism (Figure 5A), and also inform the use of epigenetic
drugs across melanoma cells of different phenotypes.

The presence of the epigenetic resistance mechanism in MAPKeated melanoma
patients

To determine whether the adaptive resistance mechanism identified in melanoma cell
lines is present in melanoma patient samples, we collected paired tumor biopsies f
patients bearin®@RAF*Cmutant tumors prior to MAPKi treatment and at the onset of
therapy resistance. Parafambedded cross sections were stained for MITF, SOX10,
NFKBIE, and KDM5B. Prior to the therapy, these four protein markers showed Hglative
uniform spatial distributions (Figure 7A)\fter MAPKIi exposure, some regions of the tumor
tissues retained similar MITF, SOX1dhd NFKBIE expression and loss of KDM5B, while
other regions showed elevated KDM5B but loss of MITF and SOX10 (Figuresd7289n
The mutually exclusive spatial distribution of KDM5B and SOX10/MITF was consistent
with the chromatin remodelirgediated adaptive resistance mechanism observed (Figure
5A), and suggested the presence of the adaptive resistance mediated by thetiepige
reprogramming in melanoma patients undergdiAdPKi treatmens.

To investigate the generality of our findings, we interrogated the expression levels of
phenotypic markers and critical TFs using published transcriptome d&@RAFmutant
melanoma patien{9,64]. Gene expression levels from seven paired samples before and after
MAPK:I treatment were compared and enriched against curated gene sets (Figaed 7C,
S7A; Table S6;STAR Methods). The reduced expressioMbt F, NFKBIE, SOX10 and

other melanocytigenes as well as the elevated expressiok¥15B, JUN, and other
mesenchymatelated genes after treatmestiggestedthe existence of the chromatin
remodelingmediated adaptive resistance in these patients. Furthermore, we also analyzed
the published trascriptome dat§64] of the paired melanoma patient samples by projecting
themonto the twedimensional plot defined by iy and Mate and calculating the changes

of Mearlyand Mate SCOre upon MAPKI treatment. Like M397 My score increased anddd

score decreased after treatment, indicating the gene signatures associateghy@atidN¥ate
displayed consistent changes with our cell line m@Brjure S7B) In addition, we also
evaluated the coccurrence of gene sets associated wigkhnd Mate modules across the
TCGA melanoma patient samples (STAR Method). We observed higloecaaence score
relative to random gene permutation (Figure S7C). This stgytied the various functional

gene sets associated with two modules are not cell line specific, but similarly modulated and
co-expressed across other cohorts of melanoma patient samples. We further performed
KaplanMeier survival analysis using the melam@ dataset in TCGA (STAR Methods).
Consistent with our mechanism, patients with either low baseline expression R&lI5B
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or higher level ofNFKBIE are less likely to develop adaptive resistance to MAPK
inhibition and consequently have longer overaivssal (Figure 7D). Taken together, these
results confirmed the existence of adaptive resistance in melanoma patients, and validated
the clinical relevance of the epigenetic mechanism.

Discussion

Epigenetic plasticity is precisely titrated during nornetelopment to stabilize cell fate
commitment and facilitate appropriate cellular responses to externdlbues 65] Cancer
cells withdysfunctional epigenome homeostasis can exploit thisibuiliromatin plasticity
to survive drug challenges and other stressful condifg#h66 68]. Accumulating evidence
indicates that epigenetic dysregulation can vary across different tumor cells and can also give
rise to all the classic hallmarks of can[d5]. For example, for epigenetically plastic cancer
cells, a highly permissive epigenetic landscape allows them to rapidly adapt to drug
challenges by reversibly transitioning into a dtagrant state that fuels mgdhant
progression. Such adaptive transitions have been recently observed in clinical biospecimens
of glioblastomd23], breast cancg69], and many other tumor typgs3,28,70] Despite the
strong influence of epigenetic plasticity on therapy resistance, the mechanistic underpinnings
of the druginduced epigenetic reprogramming thatiatés the adaptive transition are less
clear. A systenmevel characterizatioaimed at capturing the dynandoug adaptation is a
pressing need for solving this mechanistic puzzle.

Our goal was to establish a firm mechanistic link between epigenetic plasticity and the
development of adaptive drug resistancBRAFmutant melanomas. Using BRA#eated
patientderived melanoma cell lines as models, our study revealed several psopérti
cellular plasticity. First, the druthduced cell state changes were completely reversible upon
drugremoval at the transcriptome, epigenome, and functional levels. Second, the cell state
changes proceeded via the sequential operations of two tggine expression programs,
with the earlyacting gene module setting in motion epigenetic and transcriptional programs
that encode for longdgerm changes associated with the-eténg gene module, ultimately
yielding the drugesistant mesenchymite phenotype. Finally, the activation of the early
acting module upon BRAF inhibition is extremely rapid. For M397 cells, activation involves
nuclear translocation of the key transcription factor RelA, aided by rapid-ceguration of
NFKBIE and coupled wit the rapid recruitment of histone modifiers. These cells are thus
poi sed wtirnihggperdhariesponse to drug chall enge

A mechanistic link between epigenetic plasticity and the development of adaptive drug
resistance was successfully establishedutiitca systemkevel, multromics approach that
focused on the kinetics of the adaptive response. We first acquireeresoleed
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transcriptome and epigenome data to track the kinetics of the reversible cell state transition
over a twemonth period. Critidaregulators that underlie the adaptive transition were
distilled from thousands of candidate TFsfacotors through the sequential application of
two distinct systems biology approaches followed by bioinformatics inferences. First, a top
down informatiorntheoretic analysif44,46,51,52,71kimplified the transcriptome changes
into the changes of two gene modules, onefath (Meary) Was fully activated within the
first 3 days of BRAF inhibition. Next, dynamic ODE model{@g] precisely identified co
dependencies between two modules and uncoveeedbtininating influence of Muy over
both itself and the second module;M Guided by these gene module relationships,
bioinformatic inference further identified key TFs and epigenetic regulators from which we
extracted and experimentally validated a mechanistic regulatory networlefad#ptive
resstance Such mechanistic understanding would be difficult to uncover without the
synergistic integration of this thrgeart systemdevel computational analysis. This analytic
methodology could potentially be adapted for the understandoedl state changes in other
biological contexts.

We find that the adaptive responseswet truly reversible, in that the trejery that the
cancer cells tookipan drug exposure vganot retraced following drug removal. Although
drug release reversed thanscriptional changes, it did not reverse the order of the two
modules, so that BMnywas deactivated first upon drug removal. Therefore, the cells took a
cyclic route as they traversed from dimgjve to drugesistant and back (Figure 2B). Similar
to the adaptive response toudging, this finding implicatethe involvement of My
associated epigenetic reprogrammingegulating the first step of the reverse transiisn
well. It emphasizes the importance of those epigenetic regulations thatshasifin eardy
acting transcriptional program for the rapid adaptation to therapeutic challenges in
melanomas. Indeed, the sequential operationsgf,ind Mate modules associatl with cell
state regression wagenerally observed across several othelanoma cell lines, although
with different magnitudes of motigifrigure 6A) By interpreting that magnitude of motion
as a metric of transcriptome plasticity, we found that the plasticity was strongly correlated
with baseline chromatin accessibility andthathe levels of activatiorhistone marks of
untreated melanoma cell lin€Bigure 6B6F). These findings imply that transcriptome
plasticity may be epigenetically encoded prior to drug exposure. The sequential operations
of Meary and Mate @lSO resemble observations of sequential transcriptional waves that guide
cell differentiation in other biological systenjg3i 76]. The nolecular causes of the
differences inbaselineepigenomeprofiles across cell lines are unclear. Deciphering the
causes of the intertumoral epigendigterogeneity provides an important area for future
investigation.
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A distinct chromatin state was observed in the dndigiced resistant cells compared

with untreated or longerm drug removal cells. We identified histone remodelers KDM5B
and HDAC1 as imgrtant players for establishing the resistant epigenetic state. However,
other epigenetic remodelers may also contribute to the cell state changes. In fact, the SIRT6
andBET protein families have been reported as regulators of MAPKIi resistance in other
medanoma systemg0,37] Histone remodelers are generally recruited by TFs to regulate
specific downstream genes. While other TFs could potentially recruit histone remodelers to
regulate downstream resistarassociated genes, we identified RelA as a key player in
regulating SOX1Q whose repression is wabcumented to trigger the resistant
mesenchymal phenotype in melanori#ls26] In fact, the immediate recovery $0X10
expression levels after inhibitioof RelA nuclear translocation in drdglerant cells
confirmed the critical role of RelA as a key upstream TF in regul &1 0expression and
associated resistance development (Figure 5F). In addition, the rapid recruitment of histone
remodelers by RelA to the promoter regionS@X10within as early as 3 daydter BRAF
inhibition confirmed the critical role of RelA for initiating the adaptive resistance early on.
The question of how BRAF inhibition induces the subsequent-Bependent molecular
circuit was not resolved. The elevated level of reactive oxggenies (ROS) in melanoma

cells upon BRAF inhibitior{11] might be relevant, since ROS is known to activate the
proinfl ammat ory NH/7/&]|BPhassphgprodmicstigat cpnarésdive aayly
signaling events immediately after BRAF inhibition may prove useful for such endeavor
[78,79]

One of the most exciting aspects of epigenetic therapy is the ability to potentiate
responses to existingdtrapies, which effectively multiplies the drug arsenal against cancer
progression[80]. The intimate role of epigenetic dysregulation in therapy resistance
development suggested that the epigenetic regulators KDM5B and HDAC1 would be
attractive targest for combining with BRAFi for arresting the development of adaptive
resistance at least in epigenetically plastic melanoma cells. This hypothesis was validated in
clonogenic assays (Figure 6H). It is worth noting that BRAF and HDAC inhibitors were
reporta@l to be used in sequential order to eliminate the melanoma cells that acquired
resistance to BRAF inhibition by exploiting the lethal ROS lejdl$ However, our results
pointed to an alternative therapeutic strategy that using them in combination at the very
beginning could retain tumor cells in the disgnsitive stage and thus lead to sustained
growth inhibition. Whilein vitro models may not fully recapitulate the cellular behainor
vivo, evidence of our epigenetic mechanism was also observed in melanoma tissue samples
from patients under MAPK inhibitor treatments. This implies a potential fanl these
combination therapies in treatiBRAFmMutant melanomas, with the provocative goal of
disrupting the development of adaptive resistance agM@dtKi (Figure 7A). In an
interesting parallel, the adaptive regression in melanoma towards th®ldnagt state has
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also been reported to contribute to resistance development in various immunotherapy
regimend9,25,33,81] Indeed, by analyzing transcriptome data of melanoma patients from
a recent trial of PEL checkpoint blockadpll], we observed lower Me module score in
nonrespondes than responders (Figure S7D), implying the more dedifferentiated melanoma
phenotypewas less likely to respond to RD checkpoint blockade. With the increasing
options of immunotherapy in treating metastatic melanomas in the clinic, combinations of
epiganetic drugs with drugs targeting immune modulations may warrant further exploration.
Moreover, how to sensitize the melanoma cells with minimal epigenetic plasticity (e.g.
M381) to combinatory targeted inhibitions also requires further studies.
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Experimental Model and Subject Details

Cell culturing

M-series patientlerived cell lines used in this study were generated under UCLA
institutional review board approval #11103254. Cells were cultured in a wasaturated

i ncubator at 3id RPMC 1640iwithhl-gluBatineqlGfe Technologies),
supplemented with 10% fetal bovine serum (Omega), and 0.2% antibiotics (MycoZapTM
PlusCL from Lonza). The cell lines were tested for mycoplasma and were periodically
authenticated to its early passagmgsGenePrint 10 System (Promega). BRAF inhibitor
(vemurafenib), KDM5B inhibitor (CP4#55), HDAC inhibitor (Quisinostat) and RelA
translocationnhibitor (JSH23), all from Selleck Chemicals LLC, were dissolved in DMSO

at designated concentrations befgpelging to cell culture media. Cells were plated in 10
cm tissue culture plate at 60% confluency and treated with certain drugs for the specified
numbers of daydM397 cells were treated with 3Muof vemurafenib for 5@lays or for 29

days followed by drugemovalremovedand cell culturevith normal medium for another
35days. Gender of the patients from whom the cell lines were derived: M397, female; M229,
male; M2&, female; M249, female; M263, felraM233, male; M381, male.

Patient samples

Melanoma sanips before treatment were obtained from surplus biopsies stored in the
melanoma biobank at the Peking University Cancer Hospital and Institute (Beijing, China).
The patient #1 received vemurafenib and patient #2 received dabrafenib and trametinib
combinatons. Both patients exhibited partial response (PR) to these MAPK inhibitas.
secondary biagies were performed wheratientsshowed progressive disease (PDhe
patients consented to the use of their biopsy materials for scientific studies anebatihres

was conducted in accordance to the guidelines and protocols approved by the institutional
ethics review committee and abiding by all local laws for research on human derived tissue.
Gender of the reported patient samples: patient#1, female; pafitartitle.

Method Details
RNA-seq

Total RNA was extracted from cell pellets using RNeasy Mini Kit (Qiagen). RNA
sequencing libraries were prepared with Kapa RNA mRNA HyperPrep kit (Kapa
Biosystems) according to the manufacturer's protocol. Briefly, 100 taggad RNA from
each sample was used for polyA RNA enrichment using magneticdligmeads. The
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enriched mRNA underwent fragmentation usingttead magnesium, and the fisstand
cDNA was made using random priming. The combined 2nd cDNA synthesidWith and
At ailing reaction generated the resulting d
adaptors (lllumina) finally were ligated to the ds cDNA fragments. -&yble of PCR was
performed to produce the final sequencing library. The librare® walidated with the
Agilent Bioanalyzer DNA High Sensitivity Kit and quantified with Qubit.

ATAC -seq

A previousy published protoco[82] was used for cell lysis, tagmentatioand DNA
purification. The Tn5 treated DNA was amplified with aygle PCR in 50ul reaction
volumes. The tubes were removed from thermocycler and used a phdfally amplified
library to perform gPCR to determine how many additional PCR cycles weded. For

the samples in this study, an additiondl dycles of PCR was performed on the remaining
45ul of each partially amplified product. 1.8X AmpurXP beads purification was used for the
final PCR cleanup. The libraries were validated with the AgiBiaanalyzer DNA High
Sensitivity Kit, and quantified with qPCR.

ChiIP-seq, ChIRPCR, and ChIP-gPCR

H3K4me3, H3K27ac, NFkB p65, KDM5Eand HDAC1 ChIP were performed by using

Magna ChIP A/G Chromatin Immunoprecipitation Kit. Briefly, cells were culture@@86-

confluency in a petri dishontaining 10 mL of growth mediand then fixed in 1%
formal dehyde by adding 275 ¢l odink@otedi f or ma l
DNA complexes at room temperature. The unreacted fdehgde was quenched by adding

glycine to a final concentration 0.125 M. Gently swirl dish to mix. The nuclear pellet was

i solated with Cell Lysis Buffer. The pell e
containing 1X Protease Inhibitor Cocktail Il before sonication for 4 nns(in, 30 s off,

10% strength in a Bioruptor to yield DNA fragments of-0.@ kb in length. The lysates

were cleared by centrifugation (12,000g for 10 min at 4 °C) and diluted tenfold in ChIP
dilution buffer to decrease the concentration of SDS. Aftepikgy 10% of the sample as

i nput, 500 ¢l supernatant was incubated ovVv:¢
resuspended protein A/G magnetic beads. The washing, elution, reverdkimogsand

purification steps were performed accordingma nuf act ur er 6 s descri pf
was quantified by Qubit dsSDNA HS Assay Kit, argkd for further PCR,RCR or ChIP

seq library preparation.

ChiP-seq libraries were prepared with Kapa DNA HyperPrep Kit (Kapa, Cat KK 8700)
according to the manufacer's protocol. Briefly, 80 ng of immunoprecipitated DNA was
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underwent endepaired, A tailing and adaptor ligation. A 10 cycles of PCR was performed

to produce the final sequencing library. The libraries were validated with the Agilent
Bioanalyzer DNAHigh Sensitivity Kit and quantified with Qubit.

ChIP-PCR was performed by using KAPA Taq ReadyMix PCR Kit on CFX96 Real Time

PCR Detection System without adding plate read. ChlIP qPCR was performed by using
SsoAdvanced Universal SYBR Green Supermix on GFR&alTime PCR Detection
System. In each PCR/ gPCR reaction, 2 gl el

Sequencing of RNAseq, ChlRseq, and ATAGseq library

RNA and ChlPseq library templates were prepared for sequencing using lllumina HiSeq SR
Cluster V4 Kit. Sequencinguins were performed on lllumina Hiseq 2500 in the single read
mode of 51cycle of readl and 7 cycles of index read with SBS V4 Kits. ASedQibrary
templates were prepared for sequencing with Illlumina HiSeq PE Cluster V4 Kit, sequencing
runs were perforred in the paire@nd mode of 101cycle on lllumina HiSeq 2500 with HiSeq
SBS V4 Kits. Reatime analysis (RTA) 2.2.38 software was used to process the image
analysis and base calling.

CellTiter -Glo

5000k cells were seeded onto each well of a 96well platevene treated with indicated
drug concentrations for 72hours. Abased CellTiteGlo (Promega) lumirseent cell

viability assay waautilized to quantify the cell number for constructing dosgponse
curves. IC50 values were calculated as standard fréeast three biological replicates.

Cell cycle and apoptosis ssays

For cell cycle analysis, 500k cells were plated and were then treated with EdU. After
treatment, cells were washed with PBS and fixed. Next, cells were processed for EdU
detection usinghe ClickiT EdU Alexa Fluor 488 Flow Cytometry Assay Kit (Thermo
Fisher) according to the manufactureros pro
AADvanced (Thermo Fisher). Gates were determined using an unstained control. All
experiments were penfmed with at least two biological replicates.

Cell apoptosis assays were performed by treating indicated cell lines cultured under
respective conditions. Cells were stained with AnnexifFIWC and propidium iodide for

15 minutes at room temperature befioav cytometry analysis. Gates were determined
using an unstained control. All experiments were performed with at least two biological
replicates.



Fluorescence imaging of cell lines

Fluorescent micrographs of cells were acquired with a Nikon C2plus ebmfiocroscope

(Ti) using Plan Apo & 201 objective (Nikon
AR software (4.51.00) wit h t-biteacqhistion)28Wi ng s €
PMT gain, and laser power of 0.7% (405 nm), 1.0% (488 an®).4% (640 nm). The cells

adhered on gelatinoated glass surfaces in-@@ll glass bottom plates (Greiner Sensoplate

Plus, Cat# 655892). To prepare the surface, 100 pL of 0.1% gelatin solution was incubated

in each well at room temperature for 10 misufter incubation, the solution wemmoved,

and the wells were adried for at least 15 minutes. Typically, 10,000 cells were seeded pe

well in 100 pL culture mediand grown to ~70% confluency. To fix the cells, equal volumes

of 4% PFA solution wasemtly added to each well. After fixing for 20 minutes at room
temperature, the cells were washed twice in wash buffer (0.1% BSA in PBS), and blocked

and permeabilized in blocking buffer (10% normal donkey serum, 0.3% Tritb@0Xn

PBS) for 45 minutes atoom temperature. After removing blocking buffer, cells were
incubated in mouse arMITF primary antibodies (Thermo Fisher Scientifi€at# MAS

14154) diluted o0 5 eg/ mL in antibody diluent (1% B
Triton X-100 in PBS) for shours at room temperature. After washing twice in wash buffer,

cells were incubated in donkey aMouse IgG, Alexa Fluor 647 secondary antibody
(Thermo Fisher Scientific, Cat# A31571, RRI
diluent for 1 hour at mmm temperature. After washing twice in skr buffer, cells were
countestained for 20 min at room temperature with Alexa Fluo 488 Phalloidin (Thermo
Fisher Scientific Cat# A12379), as per man:
wash bufer, cdls were further countstained for 5 min with 4':®iamidino-2-Phenylindole
(DAPI') (Thermo Fisher Scientific Cat# D130
washing twice in PBS, the wells were filled with 78% glycerol.

Western hlotting

Histone progins were extracted using the Histone Extraction Kit (ab113476). The Invitrogen
precast gel system NUPAGE wagd for SDSPAGE. The #12% BisTris gels were loaded

with samples. After blotting, the membranes were blocked in 5% BSA with TBS + 0.1%
Tween20 (TBST) mix for at least 1 hour at room temperature. Membranes were then
incubated overnight with the primary antibody in 5% BSA with TBST at 4°C. The next day,
membranes were washed three times for 5 min in TBST, incubated with a suitable HRP
coupled seaadary antibody for 1 hour at room temperataeg washed three times and
proteins were visualized with SuperSignalE
(Cat.No.34577) using the Chemi DocE XRS+ Sy:c
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RT-gPCR

For quantitative reverse transcriptipdymerase chain reaction (QRACR), total RNA vas
extracted by TRIzol E Plus RNA Purificati ol
cDNAs. Realtime PCR was performed withenespecific primers on the twoolor real

time PCR detection system (B®RAD)usingt he SsoAdvancedE Univer s:
Supermix (Cat.N0.1725272) to represent the relative expression levels.

Co-IP and protein detection

For cell lysis, cells were cultured to ~80% confluency in a petri dish containing 10 mL of
growth media and/ere washeé with icecold PBS three times. Then the cells were collected
with a scraper in 1 mL ieeold PBS supplemented with 1X proteinase inhibitor cocktail
(Cell Signalling) and centrifuged. The cell pelleiere resuspended in cell lysis buffer
containing 50 mM TrigHCI pH 7.5, 250 mM NaCl, 1 mM EDTA, 0.5% Triton200, 10%
glycerol, andLX proteinase inhibitor cocktail (Cell Signallind)e resuspended cell pellets
were incubated ia cold room (4°C) for 8 min and sonicated icéwater bath three times

for 5-second pulses each. Then the cell lysates were cleafédd®p x g centrifuge at 4°C

for 10 min. The protein was quantified by Qubit Protein Assay Kit (Invitrogen).

For crosdinking antibodytomag e t i ¢ b enagdetigrot&in0A/Gebéads (Millipore)

were washed with cell |l ysis buffer twice ar
gl y c er Anti-NFkBp6%=(BelA) antibody was coupled to Magnetic protein A/G beads

by incubation at 4C overnight orarotator. The RelA antibodgoupled Protein A/G beads

were washed three times in 200 pL Conjugation Buffer (20 mM Sodium Phosphate, 0.15M

NaCl, pH 7.5). Then the RelA antibodpupled beads were suspended in 250 L 5 mM BS3

with conjugatim buffer and incubated at room temperature for 30 min with rotation. The

crossl i nki ng reaction was qu-Bl@ (H &5 andiycubatedd i n g

at room temperature for 15 min with rotation. The RelA antibody conjugated protein A/G

beads were washed with Cell Lysis buffer three times.

For coimmunoprecipitation (Coé P) e x p e r i mdearéed,cell B/<ates werk adged e
to RelA antibody conjugated protein A/G beads and incubated overnight at 4°C with rotation.

The beads werethenwastted t i mes wi th 500 €Il <cell |l ysis |
beads were collectedlaynagnet i ¢ st and and resuspended i |
HClI pH6.8, 2% SDS-merchfiotihagol)y cer ol , 1% D

For immunoblotting, the elutes were boiledf 10 mi n at 95 AC. The 2
electrophoresed on 10% MiRROTEAN TGX Precast Gels with running buffer containing
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SDS. Then the gels were transferred on the PVDF membranes-RaBibdVet Blotting
Systems. The membranes were blocked ®Athnonfat dried milk (BioRad) dissolved in
PBS for 1 h at room temperature and incubated at 4 °C overnight with the following primary
antibodies: JARID1B/KDM5B (Bethyl Lab #A30813A), NFkB p65 (Millipore # 17
10060), HDAC1(Millipore # 17608). After inwmbating with secondary Goat anti
Mouse/Rabbit antibodies coupled with HRP (Thermo), membranes were visualized by
ChemiDoc XRS+ Imaging Systems.

CRISPR engineering of cellihes

LentiCRISPR v2 plasmids targeting the coding sequen€Bbf5B or NFKBIE, andcontrol
LentiCRISPR v2 plasmid were purchased from GenScript. Lentiviruses were produced in
HEK-293T cells by transient transfection of LentiCRISPR v2 plasmid and their packaging
vectors psPAX2 and pMD2.G as previously descr[B8#l The virus was collected, filtered
through a 0.45um syringe filtefter 48 hours and the M397 cells were gpfacted with

viral supernatant supplemented with 10 pg/mL polybrene at 2,500 rpm and 30°C for 90 min.
The transduced cells were selected using puromycin, starting at 3 dayspsdiiction.
Genome editing inhie respective locus was examined using a surveyor assay, which was
performed according to the manufact[@ter 6s

Clonogenic asay

Melanoma cells were plated onto-sell plates with fresh media at an optimal confluence.
The media (with drug or DMSO) were replenished every two days. Upon the time of staining,
4% paraformaldehyde was applied onto colonies to fix the cells and 0.05% crystal violet
solution was used for staining the colonies.

Patient multiplexed IHC and quantification

Multiplexed IHC staining was performed on FFPE tissue samples from melanoma primary
tumors and metastatic lesions. Multiplexed IHC staining and antibody validation were
performed by PerkinElmer. Briefly, the slides were firstly deparaffihizexylene, followed

by treatment with microwave for epitope recovery. Hematoxylin and eosin (H&E) staining
was performed for histopathologicevaluationand multiplexed IHC staining was then
conducted on the slides via an OpaCdlor IHC Kit (NEL81100KT, PerkinElmer) and a

panel of antibodies including a{iDM5B (SigmaAldrich), anttMITF (SigmaAldrich),
antrSOX10 (SigmaAldrich) and antiNFKBIE (SigmaAlrich). The protocol was based on

the manual of PerkinElmer Opal staining Kit and previous s$Uéi]. Finally, DAPI
(PerkinElmer) was stained to visualize cell nuclei. Images were acquired using a Vectra
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Polaris Multispectral Imaging System (PerkinElmer) for wishide scanning. inForm
Image Analysis software (inForm 2.4, PerkinElmer) was used to process and analyze all
images. Image J was employed to quantitate the fluorescence intensities of cadls in th
designated areas.

Quantification and Statistical Analysis
RNA-seq analysis

Reads were aligned against the human genome (hg19) using Tgg6latRead counts

were quantified using htsempunt[87], with known gene annotations from UCE8] with
antisense (AS) genes removed. Foldinge values were calculated from Fragments Per
Kilobase per Million reads(FPKMB9] normalized expression vals, which were also used

for visualization (following a log2 transformation). Aligned reads were counted using
GenomicRange®0]. Separate congpison pvalues were calculatécbm raw counts using
limmavoom[91], and false discovery rate (FDR) values were calculated using the method
of Benjamini and Hochberf®2]. Prior to pvalue calculation, genes were filtered to only
include transcripts with an FPKM expression level of 0.1 (after a rounded log2
transformation) in at least 50% of samp[88]. Genes were defined as differentially
expressed if they had a |fedtiange| > 1.5 and FDR < 0.05. Candidate genes were selected
based upon the inverse overlap between the
seriesinadided 5 samples from Day 3 to Day -29 ( wi
Dr ug o0 h gants@ftetdiugmremoval at Day 2938 dg/s postdrug removal). There
werealso 3 samples with active drug treatment after Day 29, but no genes weraetihffgre
expressed for that comparison consistent with the expectation of similar gene expression
patterns after developing resistance; however, those 3 late drug samples (along with an
untreated control sample) were used for visualization in a heatmagndidate genes
(defined as genes with an significant increase in expression with drug treatment and a
significant decrease in expression after drug removal, or a significant decrease in expression
with drug treatment and a significant increase in expresdgter drug removal).

A heatmap of logFPKM + 0.1) standardized expression (mean of 0, standard deviation of
l,pergene) was Vvisualized using the o6ggpl ot sd
expression was limited to be within the range2ofnd 2 (so, all values less th&nwvere set

to-2, and all values greater than 2 were set to 2), and clustering was only performed by genes
(with samples ordered by time, within each category). Hierarchical clustering was performed
using Euclidian Distace as the distance metric.



Consensus clustering of M397ranscriptome

To inspect the similarity of the transcriptome of M397 in different time points, we applied
consensus clustering using the R package of ConsensusClusf@BPlasdefine clustes.

The top 3,000 most varying genes were used for consensus clustering with the hierarchical
clustering method.

Analysis of differentially expressed transcription fctors

To annotate differentially expressed transcription factoffgctors, the differetmal
expression analysis was performed by Cuffdiff among DO, DR30, DR35, d29D33
(FDR O 0.05). Th e nfactes lisdfromvAnimal BFBR 30, ahdgstthe o
up/downregulated TFs/ctactors by screened from the differential expression aisaliise
result was visualized bywlcano plot.

ChiIP-seq analysis

Reads were mappedtteehuman genome hgl9 by bowti]. The identical aligned reads

were deduplicated to avoid PCR duplicates. Peaks were called on the merged set of all ChIP
seq reds of M397 using MACS2 with the following parametersomodel,--broad[95].

Peaks were assigned to the gene with closest TSS. Differential analysis between DO and any
other samples( D3, D32, DR) were performed using diffRepsamtimdow size 100{R6].
Differential binding regions were called if the absolute log value of the foldyehaas more

than 1 and FDR <0.05. Then the differential binding regions were compared and merged to
ChIP peaks called form MACS2 To visualize peaks in each sample, bed graph file was
generated using MACS2 with following parametesomodel,--broad,--bdg --SPMR.

Then the generated bed graph file was converted into bigwig file by bedGraphToBigWig
tool. The average of Chifeq signal was calculated and visualized by deepTools y37).2

The read counts were normalized by RPKRIPKM (per bin) = number of reads per bin /
(number of mapped readm (millions) * bin length (kb)). To assess how H3K4me3 and
H3K27ac signal of differential binding regi®m the cyclic transition of M397 changed in
multiple cell lines, we calculated the normalized read counts around the differential binding
peaks(+/ 1kb) at the window size of 10bphe different peaks are called from the time
series ChiFseq data we generated at this paper. To evaluate the average H3K4me3 and
H3K27ac signal abOX1Qwe slidthe 10bp window size fror8Kb to +10Kb around the

TSS to couts the normalized reads and calculated the average value {@B88Bihs.
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ATAC -seq analysis

All experiments were performed once. First, adaptor sequences were trimmed form the reads
using Cutadapt. TheReads were aligned to hg19 with bowtie2 with standard parameters
and a maximum fragment length of 2,0004]. The identical aligned reads were
deduplicated to avoid PCR duplicates. Thesdwgdicated reads were then filtered for high
qual ity @.Mear@erexalldd onthe merged set of all Al&G reads of M397
usingMACS2 with following parameters-nomodel,-broad,-q 1e5 [95] and filtered to
remove putative copy numbeairied region$98]. Differentially accessible regions between

DO and any other samples( D3, D32, DR) were identified using diffReps with a window size
500.(Shen et al., 2013)pifferential binding regions were called if the absolute log value of
the fold change was more than 1 and FDR <0.05. Then the differentialgoredions were
compared and merged to ChIP peaks called form MACS2.vist@lize peaks in each
sample the same routine in Chieq analysis was applied. ATASeq profile of
differentially accessible region in samples of M397 were generated by usinpngaith
following parameters:G hg19-R bed-L 1000-GO km-KNC 4 -SC 0,3.5.The profile of
unchanged ATAGeq peaks in samples of M397 was plotted by using ngs.plot.r with
following parameters:G hgl19-R bed-L 1000-GO total-SC 0,3.5. HOMER was uséd

find overrepresented motfin the set of differentially accessible peaks by using a
background set of peaks that did nwize signi
given -len 6,8,10,12-mset vertebratesh g [88]. The average of ATAGeq signal was
calculated and visualized by deepTools v3[0Z. The read counts were normalized by
RPKM. RPKM (per bin)=number of reads per bin / (hnumber of mapped reads (in millions)
* bin length (kb)). For the calculation of the average AT#€g) signalywe constructed the
meaningful value around the different peaks ({b) at the window size of 10bp and
calculated the average value for 34D bins. The different peaks are called from the time
series ATAGseq data we generated at this paper.

Inference of RelA downstream transcription factors

To identify RelAbinding TFs/cefactors in the M process, we downloaded THiactor

list from AnimalTFDB 3.0. HOMER was used to annotate Rleidding motif (HOMER

Motif 208) at the whole genome level witie following parameters: annotatePeaks.pl tss
hg19-size-1800,400. Then, TF/efactors containing Reldindingmotif were selected out.
Within this list of TF/cefactors, RelAmotif overlapped H3K4me3, H3K27ac and ATAC

seq peaks were analyzed by bedtool2¥2.. Thirtysix TFs showed changes in the RelA
motif overlapped peaks across the adaptive transition (D32 vs D0). However, only two TFs,
SOX10and DNAJCY], displayed significant changep € 0.05) for all three epigenome
alterations (Table S5).



Surprisal analysisand SOM visualization

In order to analyztéhe dynamidranscriptomehangescross all time points, we assume that
many of them are coordinately changing together as a group (or gene module). Surprisal
aralysis has been well documeniaddeconvolting the change of thousands of genes into

the change of a couple of gene modules and one unchanged gene expression baseline
[46,51,52,99]

When applied here, surprisal analysis simpliiee transcriptome dynamics irti@o major
genemodules and onenchanged gene expression liaseBriefly, the natural logarithm of
the measured level aftranscript at a specific time poirtt1 & 0, is expressed as a sum
of a logtransformed gene expression baseline, ferén , and seve gene modules ©

‘O, representing deviations from the common expression baseline. Each deviation term is a
product of a timedependent module scare 0 , and the timendependent modulspecific
contribution score’O of the genei. Genei that displays large positive or negative
contribution toa modulej (high positive or negative jGrvalue) represesnta gene that is
functionally positively or negatively correlated withe modulej. In other words, the
biological function ofthe modulej could be inferred by functional enrichment analysis of
genes with positive and negative &lues.

To implement surprisal analysis, we first computed the singular value decomposition (SVD)
of the matrixa 8 0 . As described previous[$1], the SVD factored this matrix in a way

that determined the two sets of parameters that are required in the surprisal analysis: the
Lagrangemultipliers (_ 0 ) for all gene modules at a given time point and for all times, as
well as the modulspecific contribution scorg¥D  for all transcripts at each gene module

J. Further enrichment analysis of the functions associated witheaaile were performed

based on the modubgpecific contribution scores of the genes associated with that module.
The modulel and modul€ scores of other published datasets on melanoma cel[2bles
ormhnoma pati ent [941l] were cacplated iaghargs OO0 which
considered the both the gene expression as well as the respective gene contribution towards
each gene module.

Naturd log-transformed transcriptome datasetd contributions from each gene module

(L 070) calculated from surprisal analysis were visualized usingosgtfnized maps

(SOMs). Here, the SOMdottedindividual sample as a singleddmensional heatmap and,

at the same time, displagthigh-resolution patterns. Thousands of input genes were assigned

to 625 rectangular dAtil eso ( SOddsteraof deges,) , e a
arranged to form a pattern within alBnensional mosaic map on the SOM grid. Each-mini
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cluster of genesvasmapped onto the same tiles in each map, laadolor of each tile

representedhe relative average expression of the gene Jtiuster within that tile. Most
similar clusters were placed adjacent to each other in the musaicTiles at the same
locaion represemdthe same group of genes across different conditions. Gene Expression
Dynamics Inspector (GEDI) package was utilized to implement the SOM visualiZ#i@jn

Dynamic system nodeling of two gene modules

In order to more precisely infer the mathematical inégulationrelationship between two

gene modules, we performed dynamic systems modeling with regards to the average gene
expression of the top 500 genes that have the highest positive or negative G values (weights).
More specifically, for drug treatment condition, thieeve G1 positive genes and G1 negative
genes (genes that are positive or negatively correlated with Mhich are paired with G2
positive and G2 negative genes (genes that are positive or negatively correlatedawjth M
respectively. Therefore, wlave 4 different scenarios for drug treatment condition.
Similarly, we also have 4 different scenarios for the drug removal condition.

We started with a system of firstder mass equations that can consider all possible
interaction relationships betwedrettwo modules. This system initially included terms for
baseline, constant basal regulation; @d B) on each gene module, fistder
autoregulation from itself (Mcand M,), and firstorder regulation by the genes from the
other module (M) and M.e). We simultaneously fitted all coefficients through unbiased
search using Markov Chain Monte Carlo (MCMC) in Python 3.0 and Gaussian distribution
of coefficient probability. Initial coefficients were set on random uniform distributions. We
also constraied coefficients such that the resulting fit would not lead to artificial oscillations
with a frequency beyond the Nyquist frequency of our experimental sampling. Using the
fitted parameters, our simulated trajectories of modulede(Mnd module2 () can
recapitulate the original experimental data.

Gene set enrichment analysis

Gene Set Enrichment Analysis (GSEA) was conducted based on GSEA v2.2.3 software with
1000 permutations and weighted enrichment statistics. Normalized enrichment score (NES)
was assessed across the curated Mole@ipratures Database (MSigDB) Hallmark, C2
curated gene sets, and MITF signat{8d]. To calculatethe singlesample gene set
enrichment, we used the GSVA progrgifil] to derive the absolute enrichment scores of
previously experimentally validated gene signatures. The normalized log2 RPKM values
were utilized as input for GSVA in the RNgeq mode. The patient transcriptomic data was
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based on the patient transcriptomic dates obtained fronj64]. GSEA v3.0 was used
with the same parameters described above.

Transcription factor target and motif enrichment analysis

Two different approaches were utilized to identify driving transcription factor in module2
(Meariy) process. For the first approach, we filtered the TF that are associated with module2
(Pearson correlation with modul e208jaamp!| i t ud
define them as module2 associated TFs. We then acquired the downstream taegdts ge

all module2 associated TFs using public database TFtargets
(https://github.com/slowkow/tftarggtsThe KDM5B gene targets were manually verified by
ChiIP-seq data (GSE101045). We then furtheeffithe modulessociated TFs based on the
overlap of their downstream target gene with certain moduled)(NMWore specifically, for

a certain TFin module2 (M) , i f 1 t stageted@enessate oveprasented in
modulel (Mue) process (Hyergeometric test with Bonferroni correction, FDR<=0.05), then

this TF is selected as a candidate for driving TF in module2. For the second approach, we
useHOMER to find enriched motifs in the promoter sequenamadulel associated gene

set (Pearsoncotreat i on wi th modul e2 ampl i t-Qu8ivath ( 2)
following parameters:len 6,8,10,12start-1800-end 100-b -mset vertebrates. Then, we

infer the potential TFs based on the enriched motif information.

GDSC data analysis

Cell lines from skin cutaneous melanoma (SKCM) samples, containingRiAd~60F

genetic mutation from the GDSC project, were selected to analyze the association between
the transcriptional states before drug treatment and their drug resg@f2gsGene
expressionevelsof the selected cell lines were proied to two gene modules gMy and

Miate). BRAF inhibitors Dabrafenib is selected to analyze the association of transcriptome
state and drug response. Pearson correlation analysis and linear regression modeding for t
two gene modules and the lognsbrmed IC50 values (Drug concentration that reduces
viability by 50%) or AUC (area under the dassponse curve) values were carried out.

CCLE and TCGA analysis

GSVA analysis was utilized to analyze the pathway enrichment scores acrosseRNata

of melnoma patient from TCGA databgd®3] and from melanoma cell line data from
CCLE[104] database. The enrichment score eflyand Mae associated genesets across all
samples within the (patient or cell line) dataset were utilasethput to calculate pairwise


https://github.com/slowkow/tftargets

4
Pearson correlations, and the average Pearson values of all possible pairwise correlations
are used as eoccurrence score of dhyand Mate genesets within each dataset

Patient data analysis

Paired patient data beforadhafter the MAPKi treatments were used to evaluate relevant
gene expression levels and gene sets enrichment. These data were collected from two
published papers. The gene expression levels and associated patient identification numbers
in the original paps were provided in Table SRatient survival analysis wagrformed

with high expression vs. low expression of selected genes from the TCGA melanoma
(SKCM) data set including all stage Ill and IV patients. KajNaier method was used to
estimatethe suwival rate, along with a logank statistical test comparing the survival
distribution. All tests were twaided, and p values less than 0.05 were considered
statistically significant.

Data and Software Availability

The accession number for the gene esgion, ATAGseq and Chi3eq data reported in this
paper is GEO: GSE134459.
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Figure 1. Adaptive drug resistance and reversibility across a panel of melanoma cell
lines. (A) An illustration of the melanocyi®-mesenchymal transition and the experimental
timeline. Cells were treated with BRAF inhibitor (BRAFi) vemurafenib for 29 days (D29).
BRAFi treatment continued for some cells up to D59, while other cells were fdllove

a 35 day period of drugmoval(DR35). Cells were harvested for RMN#&Q at the time points
specified. (B) Heatmap of differential expressed genes (DEGS) at a series of time points of
drug treatment and drugmovalfor M397 cells.Sidebarsdenote onsensus clustering
results ofthe variated genes from the samples (6 clusters) and their treatment conditions.
DR30 and DR35 fall into the same cluster with the control sarf@)eEnriched molecular
signatures associated with the adaptive transitiond3@aells. (D) Increased drug tolerance
and reversed drug sensitivity across multiple melanoma cell lines with varying baseline
sensitivities to BRAF inhibition evaluated by IC50 values of vemurafenib. LT =tenmg;
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DR: drug release. Mean SD. (E) Cell gcle distribution across the reversible transition
of M397 cells. (F) Cell viability and apoptofurofiles of untreated cells (Ctrl) and reverted
cells (upon 30 days drug removafler 3day BRAFi exposureDR: drug removal. See also
Figure S1 and Tabigl
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Figure 2. Information theoretic analysis and dynamic systems modeling of the
reversible adaptive transition in M397cells (A) Application of surprisal analysis to the
time-seriestranscriptome dataverthe transition. The transcriptome data, decosed into

a time invariant gene expression baseline plus two-diependent gene modules, are
illustrated as selbrganizing maps (SOMs). Adding the baseline and first 2 gene modules
recapitulates the experimentally measured transcriptome profiles. (Ry@hetrajectory

of the reversible transition plotted in the landscape defined by the first two gene modules.
The blue and green dash lines circled the milieu of the mesencliyendtugresistant state

and drug naive state, respectively. Selectedtgationolecular processes (nominal p < 0.05)
associated with each gene module are listed. NES: normalized enrichment score. (C)
Schematic illustration of the simplified model for two gene module interactions. (D) The
modulemodule interaction coefficient inhe ordinary differential equations (ODESs)
determined by fitting the model to the average expression level of the top 500 genes
associated with each gene module. (E) Experinignteeasured and ODE fittegverage
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expression levels of genes associated thightwo modules in the forward and reverse

diredions of the cyclic transition. See also Figures S2, S3 and Tables S2, S3, S4.
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the reversible adaptive transition.(A) A scheme showing the target gene inferen(®s.
Bioinformatic inferencebased on the dynamic relationships between the two gene modules.
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Figure 4. Epigenetic reversibility of the adaptive transition.(A) Chromatin accedsility
change assessed by average peak signal of ASeGacross the entire genome. Treis
shows flanking regions of +/lkb around the peak center. (B) Heatmap of chromatin
accessibility changes assessed by average AJek(peak signal across all psgdt selected
time points over the transition.-ikean clustering of rows identifies five chromatin regions
that grouped into D3reiched (group 1), D@R30 enriched (group 2), and independent of
drug treatment (group 3¢olor corresponds to the normalizATAC-seq signalRelevant
transcription factoibinding motifs are indicated for clustgroups1l and 2. (C) Venn
diagrams showing the numbers and overlaps of differential-€#dRpeaks for H3K4me3
and H3K27ac. Each circle represents changes in thoks petaveen two time points, while
the intersection of the circles represent changes that are shared between circles.-(D) ChIP
seq profile plots show thaverageH3K4me3 (left) and H3K27ac (right) Chieq signal
across peaks identified by RelA ChdBqg, wih heatmap representation of each peak shown
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below. The xaxis shows flanking regions of-#kb around the peak cent&ee also

Figure S5 and Table S5
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Figure 5. Molecular mechanism that underlies the reversible adaptive transition(A)
lllustrationof the mechanisrof epigenetic regulation before and after BRAF inhibition. Left
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panel: retention of RelA in the cytoplasm and open chromatin at the promoter regions of

SOX10andNFKBIE. Right panel: BRAFi induces translocation of RelA into the nucleus,
alowing RelA to recruithistone modifiers KDM5B and HDACL to the target genes to reduce
chromatin accessibility and epigenetically repressS6X10and NFKBIE expression.
Functional consequences, such as inereased
result in turn. The illustrations of the cell cycle reflect the measured cell cycle arrest observed
upon shordterm BRAF inhibition. (B) ATAGseq and ChiBeq profiles at the promoter
regions ofNFKBIE andSOX10 at selected time points across the reé transition. (C)
ChIP-PCR data illustrates the binding and-lgcalization of RelA, KDM5B, HDAC1,
H3K4me3, and H3K27ac to promoter regionS@X10andNFKBIE (labeled NP1 and SP1,
respectively). (D) ChIRPCR assessment of the binding profiles of ARgKDM5B,
HDAC1, H3K4me3 and H3K27ac on the promoter regionsNFKBIE and SOX10at a
series of time points across the reversible transitieh Ceimmuroprecipitation of RelA
with KDM5B and HDAC1, confirming thebinding between RelA and the two histone
modifiers(*P<0.05 compared to respective D) The recovery ddOX10gene expression
levels of M397 cells pretreated with BRAFi for 21 days (D21), and théreated for €24
hours with BRAFi and JS123 (*P<0.05 compared to DQJ5) ChIRgPCR assessmieof

the binding profiles of RelA, KDM5B, HDAC1, H3K4me8nd H3K27ac on the prompter
regions oNFKBIE andSOX10or control and JSF23 24htreated cell$*P<0.05 compared

to respective contralfH) ChIRgPCRof the binding profiles ofi3K4me3 and H3K2&on

the promoter region 060X10from NFKBIE KO M397 cells (*P<0.05 compared to
respective WT)(l) SOX10expression levelafterNFKBIE KO compared to wild type (WT)
(*P<0.05 compared to WT§J) ChIRqPCR of the binding pfiles of H3K4me3 and
H3K27ac on the promoter regions MFKBIE and SOX10from KDM5B KO M397 cells
(*P<0.05 compared to WTK) Expressionevels ofSOX10andNFKBIE after KDM5B KO
compared to WT*P<0.05 compared to WT)L) Clonogenic assays NMFKBIE KO or
SOX1OKO cells related to respective controls
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Figure 6. The generality and molecular underpinning of the phenotypic plasticity of
patient-derived melanoma cell lines in response to BRAF inhibition(A) Quantification
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of phenotypic plasticity upon BRAF irfition across a panel of melanoma cell lines. The

transcriptome data are projected to the 2D plane defined by the two gene moduiesitM

Miate) and connected by smooth lines. The data points derdéy (D0), D3, and D21
BRAFi treatment in counteratkwise order, respectively. The color of the line encodes the
baselinelC50 valueof the cell line (B-F) The correlation between shoetm plasticity
(motion along Mary) and the (B) average ATASe(q signal, (C) average H3K4m@&3p and
H3K27ac ChIP-seqgsignal across all peaks, as well as éwprage H3K4me3 and (F)
H3K27ac ChlPseq signal on the trangation start site (TSS) regioof SOX10across all

cell lines with Pearson correlation coefficients andajues as shown. The shaded regions

of panels BF denote 95% Cls of each linear fitting. (@e chromatin accessibility of a
panel of melanoma cell lines quantified by the average AS&¢ signal across all peaks
with heatmapriew of each peak shown below. Thexis includes flanking regions of-+/

4kb around the peak center. (H) Clonogenic assays for BRAFi monotherapy and combination
therapies simultaneously targeting the driver oncogene BRAF and histone modifiers
KDM5B and HDAC1. The cell lines are ordered from leftight with increased plastigit

See also Figure S6
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Figure 7. The clinical relevance of the drugnduced chromatin remodeling mechanism.

(A) ImmunohistochemicaflHC) stainingof melanoma tissue biopsies from two patients
bearingBRAFmutant melanoma before and after MARI€atment. Hematoxylin and eosin
(H&E) staining shown in left columfollowed bya stainhg panel from préreatment or
posttreatment biopsies. Pesteatment tissue was collected at the onset of tumor recurrence.
The stains are DAPI nuclear stain (blu¢ffKBIE (green), KDMBS5 (yellow), SOX10 (red),
MITF (cyan), and merge. The region highlightedwdyite dashed lines in the pdgAPKi
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tissues display reduced MITNFKBIE, and SOX10 expressi@nd elevated KDM5B

expression, consistent with the adaptivestasice mechanism. The region highlighted by
red dashed lines retained the MITF, NFKBIE, and SOX10 expressions but with loss of
KDM5B after treatment. (B) Digitized mean fluorescence intensity (MFI) of the areas
highlighted by white dashed lines for tiseected markers iriwo patients. Data are
represented as mean = $f<0.05 compared to respective P&PKi). (C) Logfold
change in the expression of relevant genes -{pestment vs baseline), collated from
published datasets dRAFmutant melanoma patits treated with MAPK inhibitors
(STAR Method). (D) KaplaiMeier plots assembled using TCGA data sets of tumors from
patients wih stages Il and IV melanomas with egnk P values shown. See also Figure S7
and Tables6.
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Figure S1 Reversible adaptive resistance across melanoma cell lines. Related to
Figure 1.
A. Stacked bar plot shows the fraction of cells viable in GO/G1, S, and G2/M phases

(y-axis) for different melanoma cell lines. Each cell line has two different assay
conditions: observed either before treatment, or after pretreated with BRAFi for 30
days anddrug removal innormal medium for another 30 days. Cells in both
conditions underwentell cycle analysis at botllrugnaive condition and
retreatmentwith BRAFi for another 3 days. Cells that have gone through drug
treatment and drug removal have the sall cycle distribubn as cells that never
receivedrug treatment.

B. Immunostaining of M397 cells at different stages of reversible adaptive drug
resistance. M397 cellebore treatment (DO, first rowfter treatment with BRAFi
for 59 days (D59, secomdw), andpretreated with BRAFi for 29 days and then
cultured with normal medium for another 35 days (DR35, third row) were used for
immunostaining of MITF (red), actin (green), andABl (blue). The cell
morphology at DO is very similar to that@R35. Cd morphology at D59 is very
different from the oneat the othetwo conditions. Left panel scale bar 100um,
right panel scale bar 20um.

C. Two-dimensional selbrganizing maps (SOMs) of overall transcriptome profiles
of cells collected at different stageg@ss the reversible adaptive drug response.

D. Enrichment score of representative gene sets across different stages of the
reversible adaptive resps& Enrichment scores at different time points are shown
as dots connected with solid lines. The scorebilsta after prolonged drug
treatment (afte21 days of BRAFI, blue line) and retumthe enrichment score of
day O after longerm drug removalgreen line)
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Figure S2. Surprisal analysis of the reversible adaptive transition in M397. Related to
Figure 2.

(A) Application of surprisal analysis to the kinetic transcriptome profile with respect to the
reversible adaptive transition. The transcriptome data, decomposed intara/tnent gene
expression baseline plus two tirdependent gene modulese illustrated as setirganizing

maps (SOMs). Adding the expressions of the baseline gene module ardepiemelent
modulel and module recapitulates the experimentally measured transcriptome profiles
visualized by the fact that the patterns of tR8 in the last row (experimentally measured
transcriptome profiles) are almost identical to those at second last row (predicted
transcriptome profiles from surprisal analysis by adding first three rows).

(B) ODE predictions (smooth line) are consisteithwthe average expression levels of genes
associated with module and modul€ from experimental measurements (dots) in the
forward and reverse directions of the adaptive transition. More specifically, for drug
treatment conditions, we have G1 positieags (genes that positively contribute to module

1 or Mate) and G1 negative genes (genes that negatively contribute to rRiodulMate),

which are paired with G2 positive and G2 negative genes (genes that positively and
negatively contribute to modul2or Meariy) respectively. Therefore, we have four different
scenarios for drug treatment and four different scenarios for drug removal.
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Figure S3 Best fitted parameters from dynamic system modeling of the reversible
adaptive transition in M397. Relaed to Figure 2. The modulemodule interaction

coefficiens in the ordinary differential equations (ODESs) determined from fitting the ODE
model to the average expression level of thé&@fjgenes associated with each gene module.
More specifically, fordrug treatment condition, we have G1 positive genes (genes that
positively contribute to modulgé or Mate) and G1 negative genes (genes that negatively
contribute to moduld or Mate), Which are paired with G2 positive and G2 negative genes

(genes that @sitively and negatively contribute to modi@eor Meany), respectively.

Therefore, we have four different scenarios for drug treatment. Similarly, we also have

another four different scenarios for the drug rerhova
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A Strategy 1. Target effector gene inference:
Find the TFs/co-factors correlated with M__, process, further filter for the ones whose
target genes over-represented in the genes correlate with M.,
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B Strategy 2. cis-requlatory element inference:
Identify the common motifs from M,_,. gene promoters, and then infer the TFs that bind to
those motifs and thus regulate the M, ;. genes.

Genes correlated with M _,. scores Enrich common motifs for
( absolute CC p > 0.8) gene promoters
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Figure S4. Strategies for inferencef the critical regulators that drive the initiation of
the reversible adaptive transition. Related to Figure 3.
(A) Target gene inference based on the dynamic relationships between the two gene
modules. The TFs/etactors whose expression kinetics are catesl with the
module scores of My (left panel) are mapped to their target genes, followed by
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assessing the target gene enrichments in the genes correlatedawiitdvies
(middle panel). The inferred transitiainiving TFs/cefactors whose target ges
are significantly overrepresented inaMare ranked by their absolute correlation
coefficients with Maryscores. The tep elements were listed.

(B) Common motif inference to extract enriched motifs from genes highly correlated
with Miae (left panel) and to identify the TFs that bind to these motifs and regulate
cell state regression (right panel). Seven significantly enriched motifs with p <0.01
(i.e.-logP > 6.64) were identified and listed
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Figure S5. Epigenetic reversibility of he adaptive transition. Related to Figure 4.
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(A) Graphical illustratio of our methodology that integrates systems biology,
bioinformatics andnolecular biologyapproachegor investigating the molecular
mechanisnof the adaptive resistance

(B) A volcano plot shwing the transcription factors/dactors that displagignificant
alterations between the drugsistant state and the dregnsitivestate.

(C) Differential peaks of the ATAGeq profiles between two different time points. DO,
D3, D32, and DR30 denote d@yday-3, day32, and drug removal de&80 across
the adaptive transition, respectively.

(D) AverageH3K4me3 (left) and H3K27ac (right) Chi$eq signahtthe transcription
start sites (TSSJcross all genesith heatmap representation of each peak shown
below. The xaxis shows flanking regions of-#3kb around the TSS.

(E) ATAC-seq and ChlBeq profiles at the promoter regions of some representative
cell state marker genes, at selected time points across the reversible transition
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Figure S6. The generality andmolecular underpinning of the phenotypic plasticity of
patient-derived melanoma cell lines in response to BRAF inhibition. Related to Figure
6.
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(A) Co-occurrence score of Mhyrelated gene sets (G2+ and-Gf&ne sets) and
Miaterelated gene sets (G1+ and-Gfene sets) in comparison with randomly
selected gene sets calculated from the transcriptome data across all melanoma cells
from the CCLE dataase.

(B) Correlations betweeMearyor Miate module scores and BRAFi resistance levels
acrossBRAF®%E.mytant melaoma cell lines in the GDSC database. The BRAFi
resistance levels aguantified bynaturallog-transformed IC50(M) valuesand
AUC.

(C)Average H3K4me3 (left) and H3K27ac (right) CkdEq signal across promoter
regions of all genes for a panel of melanomélseds, with heatmap view around
TSS shown below. Theaxis shows flanking regions of-tfkb around each peak
center. The yaxis of the top panel represents the read counts normalized by RPKM.

(D) Average H3K4me3 (left) and H3K27ac (rigl@hlP-seq signal at the transcription
start site (TSS) region &OX10

(E) Shortterm clonogenic assay of KDM5 inhibitdeft) and HDAC inhibitor (right)
across a anel of melanoma cell lines showing significant toxicity to the cellat
the dose used.

(F) Left, western blot of lysates from melanoma either untreated control (CT) or treated
with KDM5B inhibitor (CPI) and HDAC inhibitor (Q). H3 is used as loading
control
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Figure S7. Generality and clinical relevance of adaptive epigenetic mechanism in
melanoma patients. Related to Figure 7.
(A) Gene set enrichment analysis (GSEA) on published transcriptome data from
melanoma patier(P2 in Table S6) before and after MAPKi treatment for selected
gene setgelevant to thereversible transition observed irurosystem. &S,
normalized enrichment score
(B) The change in Mhiyand Mate module scores calculated pyblished transcriptome
data from melanoma patients before and after MAPKIi treatment.
(C)Co-occurrence scores Meany-related gene sets (G2+ and-@2ne sets) and M-
related gene sets (G1+ and-GEne sets)elative to randomly selected gene sets
calculated from transcriptonsata across all melanoma patients from the TCGA
database.
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(D) Average Miate module score of respondersand nomrresponders toPD-1
checkpoint blockade calculated by published transcriptome data of melanoma
patients under P2 checkpoint inhibitor treatment (see STAR Methods)
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Supplemental Tables
Table S1:RNA-seq data (in RPKM) for time-course experiments of M397 and relevant
gere module scores from information theory analysisData are provided as Excel
spreadsheetghttps://www.biorxiv.org/content/10.1101/72474Qv1

Table S2. GSEA analysis for selected gene setsetween different time points.
Statistically significant positive enrichments are highlighted in yellow and negative
enrichments in blue.

D3 vs. DO D13 vs. DO D21 vs. DO D29 vs. DO D59 vs. DO D21vs.dr29.015 | dr29.015vs.dr29.030 | dr29.030 vs. D29

MsigDB | Gene NOM DR NOM ~ FDR NOM  FOR NOM  FOR NOM  FOR NOM  FOR NOM  FOR NOM  FOR
Gene Set| Category |Number| NES p-value g-value| NES p-value g-value| NES p-value g-value| NES pwalue gvalue| NES p-value g-value| NES pvalue g-value| NES p-value g-value| NES pvalue gvalue

Oxidative Phoshorylation| HALLMARK| 198 [-084 o0ese o0ese [222 0000 o [-231 0000 oooo [-212 0000 0000|225 0000 0000 [-177 0000 0005 [-239 0000 0000 206 0000 0000

Glycolysis | HALLMARK| 198 N/A N/A 128 0084 0187 145 0007 0083 | 1.16 0123 0318 NiA 14 0003 0104 |-124 0085 0261

MITF targets® N/A 102 | 128 0056 0500 [179 0000 0002 |-249 0000 0000 |-265 0000 0000 |-265 0000 0000 |-1.79 0000 0008 |-266 0000 0000 | 267 0000 0.000

HAN_INK_signaling UP| c2:cop | 35 N/A 182 0000 0002 | 196 0000 0000 172 0000 0006 | 184 0000 0001 | 140 0043 0189 | 172 0000 0003 |-176 0004 0004
PHONG_TNF_Response_via_P38_Complete| C2:CGP 222 N/A 140 0003 0115 [ 147 0000 0060 | 115 0123 0353 | 136 0012 0135 | 108 0212 0525 | 156 0000 0025 |-118 0090 0327
HINATA_NFKB_Targets_Keratinoyte Up| C2:CGP | 90 N/A 157 0000 0099 | 171 0000 0006 | 173 0000 0005 | 172 0000 0008 NA 201 0000 0000 [-149 0007 0069
TNFA_Signaling_via_NFKB| HALLMARK| 198 N/A 174 0000 0006 | 192 0000 0000 | 176 0.000 0.003 | 195 0.000  0.000 NiA 174 0000 0006 |-155 0000 0043
WU_Cell_Migration| C2:C6P | 181 N/A 167 0000 0015 | 210 0000 0000 | 215 0000 0000 | 214 0000 0000 NA 219 0000 0000 [ 201 0000 0000
SCHUETZ_Breast_Cancer_Ductal_Invasive_Up| C2:CGP | 338 N/A 207 0.000 0 238 0000 0000 | 235 0000 0000 | 226 0000 0000 | 172 0000 0021 | 210 0000 0000 | 233 0000 0000
LEE_Neural_Crest_Stem _Cell Up| C2:CGP | 142 | 113 0151 0627 [ 185 0000 0 | 189 0000 0000 | 166 0000 0013 | 146 0007 0076 | 168 0000 0032 | 157 0000 0024 |-168 0000 0012

Epithelial Transition| HALLMARK| 196 N/A 242 0000 o 254 0000 0000 | 256 0.000 0000 | 245 0000 0000 | 202 0000 0000 | 225 0000 0000 | 263 0000 0000

Table S3. GSEA analysis of the genes associated withe, (G2) and Miae (G1) gene
modules for selected gene sefStatistically significant positive enrichments are highlighted
in yellow and negative enrichments in blue.

G1 G2

MsigDB Gene NOM FDR NOM  FDR
Gene Set| Category |Number| NES p-value g-value| NES p-value g-value

Oxidative Phoshorylation | HALLMARK| 198 226 0.000 0.000 |-1.51 0.005 0.082
Glycolysis| HALLMARK 198 -1.59  0.000 0.031 1.16  0.123 0.316

MITF targets* N/A 102 319 0.000 0.000 [-1.99 0.000 0.002

HAN_JNK_Signaling_UP| C2:CGP 35 |-145 0002 0.085 | 1.42 0.047 0.183

PHONG_TNF_Response_via_P38_Complete| C2:CGP 222 -1.18 0.090 0.327 | 0.87 0.783 0.869
HINATA_NFKB_Targets_Keratinoyte_Up| C2:CGP 90 -212  0.000  0.000 N/A
TNFA_Signaling_via_NFKB|HALLMARK| 198 |-2.31 0.000 0.000 N/A
WU_Cell_Migration| C2:CGP 181 |-2.33 0.000 0.000 N/A

SCHUETZ_Breast_Cancer_Ductal_Invasive_Up| C2:CGP 338 |-236 0.000 0000 |1.87 0.000 0.007
LEE_Neural_Crest_Stem_Cell_Up| C2:CGP 142 |-142 0023 0.104 | 1.85 0.000 0.008
Epithelial_Mesenymal_Transition| HALLMARK| 196 |-256 0.000 0.000 | 245 0.000 0.000



https://www.biorxiv.org/content/10.1101/724740v1

Table S4 Fitting parameters used in the ODE modeling.
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Table S5 The statistical significance of thealterations of chromatin accessibility and

histone marksacross the adaptive transition The epigenetic alterations were evaluated in
the RelA binding regions of a list of TFs andfactors that are strongly associated witldM
and contain RelA bindingnotifs. The TFs/cefactors that show statistically significant
changes across all three epigenome alterations are shown in black.

H3 K4 me 3 H3 K27ad ATAGeq
TF na
P val ues
SOX10 3.720" 17286 5 .79 G
DNAJC1 5.7a § 1123 9.18 @

—_—(




Table S6 Relevant geneexpression levels (RPKM) okelected patients before and after
the MAPKI treatments from published data. Data are provided dsxcel spreadsheets.
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Chapter 3

SINGLE CELL ANALYSIS RESOLVES THE CELL STATE
TRANSITION AND SIGNALING DYNAMICS ASSOCIATED WITH
MELANOMA DRUG-INDUCED RESISTANCE

Continuous BRAHRNhibition of BRAF mutant melanomas triggers a series of cell state
changes that lead to therapy resistance, and escape from immune control, prior to
establishing acquired resistance genetically. We used gewaieetranscriptomics and
singlecell phenotyjng to explore the response kinetics to BRAF inhibition for a panel of
patientderived BRAFV600mutant melanoma cell lines. A subset of plastic cell lines,
which followed a trajectory covering multiple known esfate transitions, provided
models for moraletailed biophysical investigations. Markov modeling revealed that the
cell state transitions were reversible and mediated by both Lamarckian induction and non
genomic Darwinian selection of drug tolerant states. Single cell functional proteomics
revealedactivation of certain signaling networks shortly following BRAF inhibition, and
prior to the appearance of drug resistant phenotypes. Drug targeting those networks, in
combination with BRAF inhibition, halted the adaptive transition and led to prolonged

growth inhibition in multiple patient derived cell lines.
This chapter includes content from our previously published article:

Su, Yapeng, Wei Wei, Lidia Robert, Min Xue, Jennifer Tsoi, Angel G&b@a, Blanca Homet Moreno

et al. "Singlecell analysis resolves the cell state transition and signaling dynamics associated with
melanoma drugnduced resistanceProceedings of the National Academy of Scietitdsno. 52 (2017):
1367913684. doi:10.1073/pnas.1712064115



Introduction

The high rateof both response and resistance to BRA{#bitors (BRAFi) has made
BRAFmutant melanomas and derived cell lines into paradigmatic models for exploring the
challenges of targeted inhibitors. Epigenetic alterations and associated cell state transitions
along the melanocytic lineage towards drug tolerant states appear to phecechergence
of clones that are genetically resistant to BRAF inhibifibB]. Specifically, brief BRAFi
exposure (43 days) can trigger melanocytic differentiation in certain cell lines. This is
accompanied by increased MITF (a melanocytic transcription factor) and upregulation of
downstream melanosomatigens MART1 and gp10(Q1, 2. Slightly longer exposure {2
9 days) can induce e#fferentiation towards a sloveycling neural credike phenotype,
with a characteristic increase of Nerve Growth Factor Receptor (NGFR) and loss of MART
1[5]. Extended exposure (>2 weeks) can yield an invasive mesenelikarathte with both
MART-1 and NGFR losEg3]. The kineticsaand molecular details of these cell state changes
depend upon the drug treatment duration and dose, and the plasticity of the cankr cells
5]. For some patierderived cell lines, these driigduced cell state transitions are reversed
upon drug relead®, §. Observations on patiederived cells have been shown to correlate
with whatis seen in patient tumof3-5].

Several stdies have explored the biology of rganetic BRAFi resistance BBRAF
mutant melanomagl-5], but the biophysical picture of this process is less resolved.
Biophysical studies can yield predictive insights, but may lack the mechanistic detail of a
biological investigation. Of particular interest here are the nature of thstaelchanges
obseved over the course of drug resistance development. We consider two scenarios. The
first involves the enrichment of drug resistant cancer cell genotypes, or epigenotypes, with
growth advantage upon drug exposure, akin to the Darwipnselectioni7]. The second,
Lamarckian inductior{8], is when the drug treatment its@hduces cell state changes
towards a more drug tolerant state that can persist across cell generations through
transcriptional reprogramming and signaling network rewiring. The second scenario is often
loosely (and imprecisely) termed as an adaptiveorespto drugging.

In principle, experimental measures of the trajectories of many single melanoma cells
would discriminate between the different scenarios for drug resistance development.
However, such trajectories are not feasible for the full, few moetersible melanocyte to
mesenchymal transition, although segions of this cell state space may be so mafijed
Here, we utilize whole transcriptome analysis and single cell phenotype profiling to
investigate the responses of a series tépederivedBRAFmutant melanoma cell lines to
BRAFi. Certain cell lines exhibit the full range of adaptive responses, and data from those
cells is computationally modeled to investigate the transition kinetics and the nature of the
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BRAFi-triggered celistate changes. We further explore the signaling pathways associated

with the induction of various sehenotypes via a kinetic single cell functional proteomic
study[9]. These single cell assays uncover the emergence cadtivgted signaling, prior

to the appearance of drtiglerant phenotypes, and identify strategies for arrestingethe

state transitions and prolonging cell growth inhibition. We demonstrate that our findings
extend to lesplastic cell lines.

Results

The cellular transition trajectories of phenotypically plastic melanoma cells in
adaptation to BRAFi.

We interrogatd 18 patientlerivedBRAF®°Emutant melanoma cell lines by exposing
them to BRAFi (vemurafenib) for periods of 3 days and 3 weeks at a concentrationsf 2xIC
for each cell line %l AppendixTable S1). Phenotypic changes were characterized by flow
cytometry using welkestablished markers for melanocytic (MARY and neural credike
cells (NGFR), respectivels{ Appendixi-igs. S1 and S2, and Table §2)6, 1Q. Clustering
of flow cytometry data classified the 18 cell lines into 4 clestecording to their phenotypic
plasticity to BRAFi. Cluster C cells exhibited the highest plasticity upon drug treat8ient (
AppendixFig. S1A).

We further characterized these phenotypic changes at the whole transcriptome level. We
randomly selected %t lines from the 4 clusters for RNgeq analysis at baseline, plus after
3 days and 3 weeks of drug exposure (Fig. 1Sin8ippendixFig. S1B). Consistent with
previous findings, the most drug resistant cell lines (defined by IC € M) showed
relativdy low melanocytic signature, elevated expression of neural crest and mesenchymal
related genes, and activat e[B 9sAXgan@ciJUNn g i n
strongly correlate with the Kgvalues whileLEF1 andMITF are anticorrelated 3, 11, 12.
A clustering analysis of genonvede expression of the 9 cell lines yielded partitions
identical to those generated from tmwarker flow cytometry dats5( AppendixFig. S1B).
This confirmed NGFR and MART as robust markers for characterizing the BRAFi
induced phenotype transitions. The differentially expressed genes (DEGS) upon BRAFi
treatmentas analyzed using Gene Expression Dynamic Inspector (GEB)))pointed to
cluster C again that exhibited the largest transcriptional alterations upon drugging (Fig. 1C).
A common group of proliferatierelated genes showed varying degrees of d@gulation
in all clusters &I AppendixFig. S3).

We selected the highly plastic Cluster C cell lines (M397, Mag8 M263) for a time
course analysis for either a brief (3ydato a prolonged (720 days) BRAF inhibition. The



8¢
three lines followed similar trajectories on the flow cytometry plots (Fig. 1B), starting with
transient melanocytic differentiation (increased MITF/MARTexpression) for 3 day
treatment (Figs. 1B anfl Appendix Table S2), followed by the appearance of the slow
cycling neural credike (NGFR'YMART-1"%9 state after B weeks of drug treatment.
Prolonged BRAF inhibition yielded a double negative (NGHRIART-1"®9 state
characterized by a sharp increase in cell proliferafigin The interpretation of these
trajectories (Fig. 1B) was validated at the transcriptional level by scoring MITF afiidjty
and neural crestignatureg15] of each cell lineusing curated gene setFig. 1D andSlI
Appendix Fig. S4 and Table S3). The trajectories also correlated with the development of
adaptive resistanc8&( AppendixFig. S5). Similarly, Gene Set Enrichment Analysis (GSEA)
on the averaged gene expression of the three cell kwvesled significant enrichment in
neural crest stem cell and EMT related genes with elevated invasiveness and migration
signatures. Meanwhi | e, TNF/ NFaB, J NK, and
significantly enriched upon continuous BRAFi exposuiig.(EE), with dowraregulation of
MITF signature (Fig. 1E an&l AppendixFig. S6). These findings were confirmed by
inspecting the expression leve® @ppendixFig. S7A) and mining the GO terms of these
DEGs Gl Appendix Fig. S7B). The enrichment ofewral crestelated genes was
insignificant after prolonged drug exposure while the enrichment of-B840dciated genes
held steady (Fig. 1E). Thus, the double negative state carried mesenchymal signatures, and
exhibited the loss of neural crest state digres. Analysis of other clusters showed similar
enrichment in neural crest and mesenchymal signatures except for Cluster A, which
contained innately resistant cells with MARTYNGFR™ baseline expressionS|
Appendix Fig. S8). Similar enrichment patterns of the transcriptional programs were also
found in published transcriptomic datasets involving 39 patient samples franegiraent,
orttreatment, and/or emergence of acquired resistance to RAF/MEK inhidirsThis
suggestsimilar adaptive resistance in tedBRAFktreated patient tumorS{ AppendixFig.
S9). Moreover, when cells were treated with BRAFi for 3 weeks or longer, we identified
significant enrichment in most innate aRD-1 resistance (IPRES) signaturgs/] (SI
Appendix Table S4), pointing to a potential rise of resistance tel Rilockade for cells
adapted to the ruim BRAFi therapy. The BRAFNduced cell state changes in Cluster C
cells reflected a summation of the various types of adaptive transitions reported for
melanomas in response to BRABi6]. Thus, Cluster C cell lines were carried forward for
a detailed biophysical investigation of BRARduced cell state transitions.

Adaptive transition proceeds through drugmediated cell state interconversion and
phenotypic selectio.

Three factors can account for the dinduced celistate transition kinetics. The first is
a deterministic factor that arises from cell state changes determined by the underlying
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causative gene regulatory networks. The second factor arises frowctiesst nature of

gene expression. Stochastic «stlite changes may be considered as a random walk diffusion
process across the epigenetic landsdd@ The third factor accounts for phenotype
specific cell proliferation and survival upon drug exposure. Touwatdor all three factors,

we modified a published Markov kinetic framew@fl®] to model the BRAFinduced cell

state transitions (§. 2). Our model assumed that the cell population is comprised of four
discrete cell states (Fig. 2A), and contains asynmetric cell state interconversion matrix

to account for both deterministic (Lamarckian induction) and stochastic cell statieanansi

For drug treated cells, a drug susceptibility matrix is introduced to quantify the third factor
(SeeSI AppendixMaterials and Methods). Experimental inputs into the model are short
time measures of the caltate composition dynamics. Computatiomatputs are statt®-

state transition probabilities (Fig. 2B), and, for drug treated samplesdsfsadent drug
susceptibility (Fig. 2C).

We sorted NGFR*and NGFR®*subpopulations of two Cluster C cell lines (M397 and
M229) at baseline, and seeded them separately irdgtis for in vitro expansion (Fig. 2A
andSI| AppendixFigs. S16512), with and without BRAFi, thus providing 4 initial conditions
for each cell ihe. For untreated samples, flow cytometry analysis of the phenotype
compositions over the first 3 cycles of expansion provided input into the Markov model. The
fitted Markov model parameters (Fig. 2C) were then used to predict {targephenotypic
evoluion. Without BRAFi, the NGFR*and NGFR®*subpopulations of both cell lines were
predicted and experimentally shown to return to their original unsorted phenotypic
composition after several cell cyclé&d @ppendixFig. S10B)5, 1820].

BRAFi clearly altered the ceéitate interconversion probabilities (Figs. 2B &id
AppendixFig. S13). The Markov model fits from phenotype dynamics of sorted populations
(Fig. 2B) under BRAFi were used to predict the drugceptibility of each cell state. The
neural crestike and double negative states were predicted, and experimentally shown, to be
more resistant to drug treatment compared to melanocytic and double positive states (Fig.
2C). We further used the intercomsi®en and drug susceptibility matrices inferred from the
cell-state kinetics of segregated populations to predict the phenotypic evolution of unsorted
cells upon prolonged BRAFi exposure. The model predictions were in good agreement with
the experiments (§. 2D andSI AppendixFig. S13C, Tables S5 and S6). Furthermore, the
Markov model suggests that, upon drug removal, the cells should return to the original
phenotypic compositions characteristic of drug naive cells. In fact, such a reversible
transitionwas observed in both the Cluster C cells and the less plastic Cluster BStells (
Appendix Fig. S14A), and the reverted cells also exhibited a simikrttCBRAFi as the
untreated cellsSI AppendixFig. S14B).
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The Markov model predictions provide égnce for Lamarckian induction, since they

show that BRAFi influences the specific rates of-sdke interconversion. The predictions
also provide evidence of phenotypependent Darwinian selection, since cell states with the
lowest drug susceptibiliteventually win out. If only the drug susceptibility matrix is
included in the Markov model, the resultant prediction is in poor agreement with the
experiments $I AppendixFig. S13D). Therefore, the combined actions of both cell state
interconversion andrug selection contribute to the observed phenotypic kinetics.

Single cell functional proteomics reveals the emergence of dragtivated signaling at
the initiation of the adaptive transition.

We utilized the microfluidics based SCBC technology to carry out single cell analysis
of the M397 cells so as to interrogate those signaling pathways directly targeted by BRAFi
[9]. Guided by the transcriptional analysis, we designed a protein panel that covers critical
phenotypic markers, transcriptidactors and signaling effectors involved in the adaptive
transition Sl Appendix Tables S7 and S8). Each SCBC has 320 microchambers (1.5
nanoliter volume) engineered for cell lysis, and each equipped with an antibody array for
protein capture. Followinged! lysis, specific proteins are captured, and each array element
is developed as a sandwich immunofluorescent aSsappendixFig. S15).

Scatter plots of single cell data are shown in Fig. 3A with averaged protein abundance
indicated by the black hiaontal lines. The timseries data are projected onto a-wo
dimensional plane using theSsNE algorithm (Fig. 3B)21]. SCBC assays from different
time points cluster into different groups. The dispersion within a group and the distance
between groups provide functional measures of how different the single cells are. Such
dispersion can be quantified by the functionakeregeneity index (FHI) defined in our
previous study9]. Notably, BRAFi treatment increases the cellular heterogeneity in days 3
and 6, indicating an elevated plasticity (Fig. 3C). This is reflected in the sharply increased
dispersion of da¥ cells in the4SNE plane. This increase in heterogeneity betwegs 8la
and 6 is reminiscent of the attractor destabilization and bifurcation prior to-statell
transition in other systenj22, 23.

We used the SCBC data to assess prgqiaitein correlations at each time poif (
Appendix Fig. S16). The emergence of strong negative correlations between NGFR and
MITF/MART -1 at day3 points to the initiation of the cell staransition towards the neural
crestlike phenotype with elevated NGFR and loss of MITF/MARTThe overall activity
of the network may be quantified by the signaling network activity index (SNAI) that
accounts for both the numbers and strengths oftstatig significant correlations (Se#l
AppendixMaterials and Methods). The SNAI is highest at@dkig. 3D), with particularly
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strong signaling participation of-pRK and pNF 8 B BI6Appendix Fig. S16),
suggesting a potential gain of functondalwu gh MEK/ ERK and NFaB p65
might lead to BRAFi drug tolerance by promoting the adaptive transition. The SNAI drops
sharply between day 6 and day 10, but then recovers to an activity similar to that seen for
untreated cells (Fig. 3D), albeititiv altered active network componen® AppendixFig.
S16). This general behavior is reminiscent of-stdte transitions seen in other model
systemg23], and indicates a possible estate switch between days 6 and 10.

To quantify the influence of the functional proteins on the overall signaling coordination
at the initiation of the transition, we performed Principal Component Analysis (PCA), using
an analytical approach previously reporf8d We calculated the correlations between the
assayed proteins and firstqipal component (PC1) for untreated and 6 days BRAFi treated
samples. PC1 captures the most essential feature of the signaling network, and thus identifies
those proteins that participate most strongly in the signaling coordination. For the untreated
sampe, PC1 is populated bylBRK, pNF o B pJBllgandgP 38U ( Fig. 3E). .
these four proteins bifurcate into 2 groups, with the influencedandpP 38 U ( bl ue
group) signaling repressed, and MEK/ ERK an
(Fig. 3E). This behavior suggests thatcombiBi@ AFi wi t h MEK and NFaB
that might arrest the adaptive esfate transition towards drug resistant phenotypes.

Combined MEK/ERK and NFaB p65 inhibition
transition and induced a sustained growth inhibition.

The single cell analysis suggests that in
axes might keep the cells in the BRAFi sensitive state. To test this hypothesis, we used
trametinib (T, MEK inhibitor) and JS& 3 ( J , NFaB p65 t[24dams| ocat
combination with vemurafenib (V) to treat the M397 cillsitro, and compared the results
against mondgherapies (V, T, and J) or dual combinations (V+T and V+J) 28edays.

Consistent with our prediction, all combination therapies induced considerable cell growth
inhibition (Fig. 4A). The monotherapies T and J were much less potapared to V, but

both dual combinations and the triple combination significantlyperfdrmed the
monotherapies. Consistent with previous findiflg), while V+T yielded enhanced
therapeutic effect relative to V, it did not halt the phenotypic transition towards the neural
crestlike drug tolerant state (Figs. 4B, aBt AppendixFig. S17), and therapy resistance
emerged after prolonged treatment (Fig. 8CAppendixFig. S19A). However, both V+J

and V+T+J successfully arrested the transition and kept the cells in the drug sensitive state
(MART-1P%9 (Fi gs. 4 B) ,p65inuckedr tamdlocatiog is NeEessBry for the
adaptive transition towards the drug tolerant phenotypes. Drugressense assay under

the Bliss independence assumption further confirmed that the sustained growth inhibition of
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the triple combination wasot simply a result of drug synergy, but due to the arrest of cell
state transition§l AppendixFig. S18). We further performed colonogenic assays to assess
if the combination can induce sustained growth inhibition on four @R&F°°Emutated
melanona cell lines. The results indicated that the V+T+J combination outperforms V+T
over prolonged periods for all cell lines tested, while treatment with J alone showed no
significant cytotoxicity (Fig. 4C an81 AppendixFig. S19).

Discussion

Adaptive resitance resulting from transcriptomic reprogramming permits BRAF
mutant melanoma cells to survive BRAF inhibition. BRAFi exposure triggers a transient
melanocytic differentiation program, followed by multipledi&erentiation programs that
terminate in a digresistant mesenchymbke state. Cells with distinct innate drug
sensitivities may follow all or part of this transition trajectory upon BRAFi exposure (Sl
Appendix, Fig. S2). The full transition trajectory was observed within a highly plastic set
of patient derived cells (S| Appendix, Fig. S1A, Cluster C), accompanied by an elevated
IPRES gene signature associated with-Biti1 therapyresistant melanomdd7]. These
results challenge the notion of protocols with a-iuperiod of targeted BRAFi therapy
followed by immune checkpoint thergpgs the adaptive response to BRAFi may also
create a less friendly environment to immunotherapies in certain BRAFi sensitive tumors

[25].

The kinetics of the cell state transitions that occur from the drug naive, melanocytic
state to the drug resistant mesenchymal state wascamlired by a Markov model. This
analysis revaled the critical role of drug induction, relative to the selection of drug tolerant
phenotypes, in the adaptive response to BRAFi. Drug induction can enalle tloeo
generation of new cell states, while selection accelerates the enrichment of tiodedaing
states. The cell state interconversion probabilities over long periods of drug treatment were
inferred from snapshots of flow cytometry data. However, the Markov model does have
limitations. For example, the phenotygependent drug susceptibiligtermined from the
Markov model is incomplete, as it groups the net effect of cell proliferation and cell death
of each phenotype into a single diagonal term in the matrix. The relative contribution of
each factor is not distinguishd@0, 24. Similarly, upondrug removal, the relative
contribution of the cell state reversion versus regrowth of specific cellular phenotypes is
also not resolved. Additionally, the Markov model oversimplifies the continuous cell state
transitions by categorizing cells into diser@henotypes based on their marker expression
levels. Continuous kinetic modgI&8], coupled with experimental measures of single cell
trajectoried26], may prove attractive for investigating these transitions at finer resolution.
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Transcriptional analysis revealed several critical signaling pathways associated with
cellular adaptation to BRAFi. This, in turn, informed the design of a second kinetic
investigation of the transition via single cell functional proteomics. That study unveiled the
BRAFi-i nduced activation of MEK/ERK and NFaB
of the drugr esi st ant phenotype. -Judfathe transctpnas y ner gi
response to TNFEJ[12]. Further, the dun/JNK signaling axis has been reported to play a
critical role in melanoma adaptive resistance to BRAF;i 4], and was also found here to
be associated with the emergence of adaptive resistance when the cettanggtioning
to the neural crest or mesenchyriké states(SI Appendix Fig. S20) However,
TNF/ NFaB signaling was activated at the be
ccJun/ JNK activation), I mpl yi ngtheneusat cretNF/ NF
transition program. This is further supported by the report that neural crest de
differentiation can be triggered by pirflammatory cytokine TNF0 s ecr et ed fr om
infiltrating lymphocytes[10]. It echoes the olksvation that the MIT®Y/ N F"$"B
transcriptional state of melanomas is resistant to inhibition of BRAF and MEK, singly or
in combinatiorf1l]. NFa B i n hi blyused assadjuvantdo cheeuar targeted
therapies in clinical trial§27]. However, due to the host toxicity, identifying more
clinically actionable targets downstream o0
[28] for arresting BRAFi adaptive resistance. As similar enrichment patterns were recurrent
in more than half of the etteatment patient biopsi€S| AppendixFig. S9) we anticipate
that combined thepy with inhibitors of this pathway may improve the durability of
BRAFi therapy.
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Materials and Methods
Human mel anoma cel | l'ines (M series)

UCLA IRB approval # 11003254. Please refer 8 Appendix, SI Matmls and Methods
for cell lines and reagents used, experimental protocols and statistical analysis.
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Fig. 1. Phenotypic and transcriptomic characterization of a panel of patienderived
melanoma cell lines while adapting to BRAF inhibition.(A) Heat map of baseline
expression levels for critical genes involved in the adaptive BRAFi resistance across a
panel of melanoma cell lines, ordered by averageesttCBRAFi. An I1Goof 1 uM was

set to be the threshold for resistant lines. Correlatiane f f i ci ent s bet ween
expression and Kg across cell lines were evaluated with statistically significant
correlations listed in bold font§<0.05 and **p<0.003. (B) Phenotypic kinetics screened

by flow cytometry shows how the three plastidl iees from Cluster C experienced a
phenotypic transition following a countelockwise trajectory over a 73 days BRAF
inhibition. (C) Visualization of differentially expressed genes for all the cell line clusters
relative to control by GEDI. Each mosainap represents averaged genemige
expression profile for a specific cluster of cell lines at a time point as labeled. Each pixel
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in the same location within the mosaic maps represents the same minicluster of genes
(red: upregulation, blue: dowanegulaton, green: no change). (D) Plot of signature scores
of MITF and neural crest for the 3 plastic cell lines across different time points upon BRAFi
treatment. Counteclockwise trajectories appear for all three lines (VC: DMSO control).
(E) GSEA normalizeeénrichment scores (NES) show significant enrichment of curated
gene sets in the relevant categories associated melanoma adaptive cell state transition for
21 days and 780 days (NOM p valuesp<0.05, **p<0.005, ***p<0.0005, NS: not
significan).
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Fig. 2. Markov model of cell state transition predicts phenotypic evolution of
melanoma cells upon BRAF inhibition. (A) Schematic illustration of phenotypic
segregation and treatment conditions in Markov model. The cells were sorted to NGFR+
and NGFR subpopudtions and treated with or without vemurafenib. (B) Cell state
transition probabilities of M397 at untreated and vemurafenib treated conditions. (C)
Relative viability of different phenotypes for M397 inferred by the model (up), and
measured |6 values (mrmalized to control) at different time points (down) across the
transition at which one phenotype is enriched as indicated by its respective color code
(error bars: £SD). (D) Model prediction of the phenotypic kinetics (solid lines) versus
experimental da (dots connected with dash lines) for M397 with continuous exposure to
vemurafenib.



