o 0%
N A B

S8 D ECCELLENZA
LA

i CQBevo
XD

Universita degli Studi di Napoli Federico II

Ph.D. Program in
Computational and Quantitative Biology
XXXVI Cycle

THESIS FOR THE DEGREE OF DOCTOR OF PHILOSOPHY

Single cell lineage tracing reveals
clonal dynamics of anti-EGFR
therapy resistance in Triple
Negative Breast Cancer

by
MELANIA FRANCHINI

o2
Advisor: Prof. Diego di Bernar@'?té‘—/L 273 / /&‘924
Co-advisor: Dr. Gennaro Gambardella M

ScuoLA POLITECNICA E DELLE SCIENZE DI BASE

DIPARTIMENTO DI INGEGNERIA ELETTRICA E DELLE TECNOLOGIE DELL’INFORMAZIONE






-

@MﬁWﬂW
maW&méW¢

r,//l/:,ﬂ/?ﬂé;r‘dﬂ, /;,wz/ezz/ ’






SINGLE CELL LINEAGE TRACING REVEALS
CLONAL DYNAMICS OF ANTI-EGFR
THERAPY RESISTANCE IN TRIPLE
NEGATIVE BREAST CANCER

Ph.D. Thesis presented
for the fulfillment of the Degree of Doctor of Philosophy
in Computational and Quantitative Biology
by

MELANIA FRANCHINI

January 2024

Approved as to style and content by

Prof. Diego di Bernardo, Advisor

Dr. Gennaro Gambardella, Co-advisor

Universita degli Studi di Napoli Federico 11

Ph.D. Program in Computational and Quantitative Biology
XXXVI cycle - Chairman: Prof. Michele Ceccarelli

CQBrho

https://cgb.dieti.unina.it



Candidate’s declaration

I hereby declare that this thesis submitted to obtain the academic degree
of Philosophiae Doctor (Ph.D.) in Computational and Quantitative
Biology is my own unaided work, that I have not used other than the
sources indicated, and that all direct and indirect sources are
acknowledged as references.

Parts of this dissertation have been published in international journals
and/or conference articles (see list of the author’s publications at the end
of the thesis).

Napoli, February 23, 2024

1

//7&:&{/‘ ~ (ﬁji \C//"\ ‘,

Melania Franchini



Abstract

Targeting the epidermal growth factor receptor (EGFR) in Triple Neg-
ative Breast Cancer (TNBC) resulted in varying and unpredictable clinical
responses.

To understand the reasons behind this variability, we utilized cellular bar-
coding and single-cell transcriptomics to reconstruct the subclonal dynam-
ics of EGFR-amplified TNBC cells when exposed to Afatinib, a tyrosine
kinase inhibitor (TKI) that irreversibly inhibits EGFR.

Through integrated lineage tracing analysis, we identified a rare pre-existing
subpopulation of cells exhibiting a distinctive biological signature, charac-
terized by enhanced expression levels of IGFBP2 (Insulin-Like Growth
Factor Binding Protein 2). Our findings demonstrate that overexpression
of IGFBP2 is sufficient to confer tolerance to Afatinib treatment in TNBC
cells by activating the compensatory IGF1-R signaling pathway:.

Lastly, we employed deep learning techniques to create an algorithm that
predicts the sensitivity of TNBC cells to Afatinib based on the recon-
structed mechanisms of resistance.

In conclusion, our approach has proven successful in unraveling the intri-
cate signaling network responsible for resistance to EGFR-targeted ther-
apy, providing novel insights for tailoring individualized treatment strate-
gies in TNBC.

Keywords: lineage tracing, scRNA-seq, TNBC, EGFR-TKIs.






Sintesi in lingua italiana

Il trattamento mirato al recettore del fattore di crescita epidermico
(EGFR) nel cancro al seno Triplo Negativo (TNBC) ha portato a risposte
cliniche variabili ed imprevedibili.

Per comprendere le ragioni di questa variabilita, abbiamo utilizzato il bar-
coding cellulare e la trascrittomica a singola cellula per ricostruire la di-
namica subclonale delle cellule TNBC amplificate per EGFR quando es-
poste ad Afatinib, un inibitore della tirosin-chinasi (TKI) che inibisce ir-
reversibilmente 'EGFR.

Attraverso un’analisi integrata di ricostruzione clonale delle linee cellulari,
abbiamo identificato una rara sottopopolazione pre-esistente di cellule che
mostra una distintivita biologica, caratterizzata da elevati livelli di espres-
sione di IGFBP2 (Insulin-Like Growth Factor Binding Protein 2).

I nostri risultati dimostrano che la sovraespressione di IGFBP2 é sufficiente
a conferire tolleranza al trattamento con Afatinib nelle cellule TNBC at-
tivando la via di segnalazione compensatoria dell'IGF1-R.

Grazie all’impiego di tecniche di deep learning abbiamo sviluppato un al-
goritmo che predice la sensibilita delle cellule TNBC ad Afatinib sulla base
dei meccanismi di resistenza ricostruiti.

In conclusione, il nostro approccio si ¢ dimostrato efficace nello svelare
la complessa rete di segnalazione responsabile della resistenza alla terapia
mirata contro 'EGFR, fornendo nuove informazioni per adattare strategie

di trattamento personalizzate nei casi di TNBC.

Parole chiave: ricostruzione clonale, sequenziamento a singola cellula,

tumore al seno triplo negativo, fattore epidermico della crescita.
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vide a selective advantage within the treatment environ-
ment, thereby circumventing therapeutic interventions. Fig-
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Breast Cancer (BC) molecular classification and clin-
ical implications. The figure illustrates molecular sub-
types of Breast Cancer (BC) characterized by molecular fea-
tures (ER/PR status in orange, HER2 status in green and
Ki67 status in red). Additionally, indications on prolifare-
tion potential (blue) and tumor grade (grey) are reported.
These subtypes carry important implications for prognosis
(brown bar) and the selection of treatment strategies (right

bars, in violet). Figure from [2] . . . . ... ... ... ...
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classification (left) Breast Cancer 2-years survival rates
based on each molecular subtype defined by HR and HER2
statuses. Figure from [3] (midddle) Lehmann classification
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basal-like classes (BL1 and BL2), an immunomodulatory
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class. (right) The table reports main molecular features of
each TNBC subtype. Figure adapted from [4] . . . . . . ..
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Microfluidics-based single-cell RN A-sequencing (scRNA-
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coded beads co-flow, entering aqueous droplets. Cell lysis,
facilitated by the lysis buffer within the droplet, releases the
transcriptome. Barcoded bead surfaces capture cell tran-
scriptomes with primers. After emulsion breakage, uniquely
barcoded STAMPs are recovered, representing the original
cell’s transcriptome. Subsequent bulk reverse transcription
yields amplified STAMPs, prepared for next-generation se-
quencing. (B) Microparticle primers include a common
PCR handle for amplification, with unique cell barcodes
(BC) and molecular identifiers for mRNA counting (UMI),
finally the oligo dT sequence captures mRNAs. (C) Cell
barcodes are generated by splitting microparticle pools into
oligonucleotide synthesis cycles, creating unique sequences
reflecting synthesis paths. (D) UMIs are synthesized post
split-and-pool cycles, with microparticles undergoing eight

degenerate synthesis rounds. Figure from [5] . . . . . . . ..

Overview of the lineage tracing methods. Visual rep-
resentations illustrating (A) dye injection for fate mapping
in the 1890s, (B) axis development and grafting, (C) cre-
ation of chimeric mouse embryos, (D) retroviral labeling of
cells, (A) application of specialized Cre-loxP cassettes for
clonal analysis, (F) accumulation of Cas9 scars in organ-
isms, (G) viral barcoding methods for clonal and lineage
analysis, (H) compatibility of Cas9 scars with scRNA-seq,
and (I) barcode accrual through transposon-mediated pro-
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5.1 EGFR genetic alterations in patients’ cohorts. (A)

Percentage of TNBC patients from TCGA cohort with CN'Vs
(left bar) or mutations (right bar) in EGFR gene. CNVs
were divided in gain (3-4 copies, pink) or amplification (> 5
copies, red), while mutations were separated in activating
(dark blue), deleterious (light blue) and not deleterious ones
(cyan). (B,C) Distribution (B) and correlation (C) of
EGFR gene expression relative to its copy number status
in TNBC patients within the TCGA cohort. (D) EGFR
genetic alterations at the copy number and mutational level
(Asian cohort of patients). (E, F) EGFR gene expression
distribution (E) and correlation (F') as a function of its copy
number status in TNBC patients from Asian cohort. (G)
Correlation between efficacy of anti-EGFR and EGFR sta-
tus (mRNA, protein expression, CNV and EGFR phospho-
rylation status) in TNBC cell-lines. Data were downloaded
from GDSC [7]| portal and anti-EGFR efficacy was com-
puted as average ICsp of all drugs targeting EGFR. (H)
Percentage of TNBC patients harboring both deleterious
(blue) and not deleterious (grey) mutations in known anti-
EGFRs resistance genes reported on x-axis. Details on data

analysis of patients cohort are reported in 6.2.8 . . . . . ..
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5.2 Platform for the identification of drug response biomark-
ers with single cell lineage tracing. (A) An overview
of strategies of lineage tracing. Once cells are marked, they
can be exposed to a selected drug concentration to drive
the selection of resistant clones (yellow cells). In prospec-
tive analyses resistant clones (i.e. lineages) are followed over
time to reconstruct driving mechanisms of drug adaptation.
In retrospective analyses resistant lineages are retrospec-
tively mapped on the untreated condition to reconstruct
pre-existing mechanisms of drug resistance. (B) Average log
1C5 distribution of MDA-MB-468 cells and of all the other
available TNBC cell lines to anti-EGFRs. (C) The Cel-
lecta’s lentiviral construct. (D) Infection of MDA-MB-468
cells to enable lineage tracing. (E) Scheme of the time series
experiment performed on the barcoded MDA-MB-468 cell
line. DO are untreated parental MDA-MB-468 cells (MDA-
MB-468-P) a few hours before Afatinib addition, and D3
through D40 is the duration of the experiment where cells
where subjected to incremental doses of Afatinib. Cells
at D40 were considered as Afatinib tolerant persisted cells
(ATPC). 10x Chromium sequencing was performed at DO,
D3, D6 and D9 of 250 nM Afatinib treatment. Quantseq-
Flex to retrieve Afatinib-tolerant lineages in bulk was per-
formed at Day 40 with 2000 nM Afatinib treatment. (F)
Dose-response curve showing cell viability of MDA-MB-468-
P and MDA-MB-468-ATPC cells following treatment with
the indicated concentrations of Afatinib. (G) Estimated
IC5p for the dose response curve in (F). (H) Number of
unique lineages in the MDA-MB-468-P and MDA-MB-468-
ATPC cell lines.. . . . .. . .. ... . ... 45
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9.3

5.4

(left) Barplot showing ICsg values of anti-EGFRs (y-axis)
in BC cell lines screened in GDSC2 (top) and GDSC1 (bot-
tom) dataset and colored based on their CNV status (x-axis,
ordered by median ICjyp). (right) Dose-response curve in
terms of cell viability (y-axis) after Afatinib treatment at
the indicated concentrations (x-axis) on MDA-MB-468 cell

line. . . . . L

Retrospective lineage tracing analysis to reveal in-
trinsic drug resistance biomarkers. (A) UMAP repre-
sentation of MDA-MB-468 cells colour-coded for the days
of treatment. (B) Retrospective projection of the Afatinib
tolerant persisted lineages on a UMAP representation of
untreated MDA-MB-468 cells at Day 0. (C) Differential
expression between Afatinib tolerant persisted lineages ver-
sus Afatinib sensitive lineages on untreated MDA-MB-468
cells (i.e. cells from Day 0). (D) Expression distribution of
IGFBP2 in Afatinib tolerant persisted lineages and Afatinib
sensitive lineages over time. Statistical differences were es-
timated using a two-tailed Wilcoxon test. (E) IGFBP2 ex-
pression in MDA-MB-468-P and MDA-MB-468-ATPC cells
measured by real-time quantitative PCR. The statistical dif-

ference was estimated using a two tailed T-test. . . . . . . .
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5.5 Compensatory activation of IGF1-R and INSR path-

ways to overcome EGFR inhibition. (A) Single agent
dose-response data and fitted curve for Afatinib (upper)
and GSK-1904529A (lower) on MDA-MB-468 parental cells.
(B) (left). Synergy scores calculated using Combenefit tool
according to the Loewe additivity model (see 6.1.5) for dif-
ferent concentration of Afatinib and GSK-1904529A on MDA-
MB-468 parental cells. The larger the value stronger is the
synergism while negative values mean antagonism between
the two drugs. The number below the synergy score is stan-
dard deviation. Asterisks below standard deviation indicate
results that are statistically significant by the one-sample t-
test. The degree of significance are as follows: * p < 5x10-2;
** p<10-3; *** p<10-4. The number of biological replicates
(N) is indicated at the top left of the matrix. (right) Com-
bination dose-response surface, expressed as a percentage of
the control value. Overlain on the dose response surface are
the Loewe synergy scores.(C) Same as (A) but where con-
centration of Afatinib vary from 31nM to 1pM. (D) Same
of (B) but where concentration of Afatinib vary from 31nM
to1pM. . .
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5.6

Single-cell Afatinib response prediction in TNBC
cells. (A) Schematics of scASTRAL. Contrastive learning
is used in the first step to build an embedding space where
positive examples (two cells of the same class) are separated
from negative examples (two cells of different classes). In
the second step an SVM classifier is trained on the learned
embedded space to predict the class (i.e. Afatinib-tolerant
or Afatinib-sensitive) of novel cells. (B) Inter- and intra-
cosine distance between sensitive and tolerant MDA-MB-
468 cells before and after the training. Intra-distance is the
cosine distance among cells of the same Afatinib response
class, while inter-distance is the distance among cells belong-
ing to two different Afatinib response classes (C) UMAP
representation of 22,724 TN breast cancer cells from 16 cell
lines. (D) Spearman Correlation Coefficient (SCC) between
scASTRAL predicted sensitivity to Afatinib and experimen-
tally estimated IC59. (E) Histogram of SCC values com-
puted between scASTRAL predicted sensitivity to Afatinib
and experimentally estimated IC5g using 374 random genes.
1,000 simulations were performed. Red arrow indicates SCC

value obtained using the 374 Afatinib response marker genes

we identified with our retrospective lineage tracing approach. 53
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5.7 Prospective lineage tracing analysis to reveal ac-
quired drug resistance biomarkers. (A) Cellular fre-
quency of the Afatinib tolerant clones bc14-013:be30-092942
and bcl4-013:bc30-092942 and all other clones at the se-
quenced time points (CTRL, Day 0), Day 3, Day 6, Day
9). (B) Cellular frequency of clones bc14-013:bc30-092942
and bc14-013:bc30-092942 in the MDA-MB-468-ATPC cell
line. (C) Up-regulated genes identified by comparing cells
belonging to the dominant clones to cells belonging to the
neutral clones. (D) Average log2 fold change (FC) of the
top ten up-regulated genes from (C). A 95% confident in-
terval is reported. (E) Expression distribution of IGFBP2
in dominant and neutral clones over time. Statistical differ-

ences were estimated with a two-tailed Wilcoxon test. . . . 56
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5.8 Identification of genes driving cellular expansion dur-
ing Afatinib adaptation. (A) Dose-response curve in
terms of cell viability following treatment of MDA-MB-468
control (CTR) and IGFBP2-knockdown cells with Afatinib
at the indicated concentrations (see 6.2.7). A value of 6.81
corresponds to a very strong significant difference between
the two dose-response curves [8]. (B) Dose-response curve
in terms of cell viability of MDA-MB-468 control (CTR)
and IGFBP2-overexpressing cells following treatment with
Afatinib at the indicated concentrations. Significance was
assessed as in (A). A value of 4.3 corresponds to a strong sig-
nificant difference between the two dose-response curves [§|.
(C) Colony assay (representative images) for MDA-MB-468
control (CTR) and IGFBP2-overexpressing cells after 10
days of Afatinib exposure at 2, 5 and 10 uM (left). Quantifi-
cation is reported on the right. Experiments were performed
in triplicate. (D) Spheroid volume growth of MDA-MB-
468 control and IGFBP2-overexpressing cells with 2 puM
Afatinib (see 6.1.9) over time. (E) Colony assay (repre-
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Chapter

Introduction

Intra-tumor heterogeneity (ITH) refers to the coexistence of diverse
cancer cell populations within a single tumor, presenting a substantial
challenge in the development of effective treatment strategies in clinical
practice.This is due to the high cellular plasticity and phenotypic diver-
sity, reflecting the complex interplay of genetic and non-genetic factors
that enable cancer cells to survive and proliferate despite anti-cancer treat-
ments [9] [10] [1] [11]. Accumulating evidence from independent studies
demonstrates that ITH gives rise to rare sub-populations of malignant cells
characterized by distinct epigenetic and transcriptional profiles, rendering
them refractory to a variety of anticancer drugs [12]. These drug-tolerant
subpopulations play a pivotal role in cancer recurrence and treatment re-
sistance, protecting the entire tumor from eradication.

Single-cell RNA sequencing (scRNA-seq) has emerged as a powerful tool
to elucidate the intricate landscape of intra-tumor heterogeneity [13] [14]
[15], identify rare subpopulations of cells with unique gene expression pro-
files, and pinpoint key genes that undergo dynamic changes in response to
treatments [16] [17]. However, to effectively monitor the emergence of drug-
resistant cell populations, it is also crucial to track how surviving clones
adapt to the treatment and to compare their evolutionary trajectories. To
this end, cellular barcoding [18] has emerged as a powerful DNA marking
technique that enables tracking of individual cells within a complex pop-
ulation [16] [19] [20]. This technique utilizes synthetic DNA sequences, or
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barcodes, to label individual cells, allowing researchers to trace their fate
over time and across different conditions. Cellular barcoding has revolu-
tionized our ability to track cancer progression, metastasis, and cell dif-
ferentiation at the single-clone level, providing invaluable insights into the
intricate dynamics of tumor evolution. Therefore, developing novel meth-
ods that integrate DNA marking techniques with techniques that measure
cellular states at single-cell resolution is paramount to decipher the diverse
adaptive pathways leading to drug resistance.

Triple-Negative Breast Cancer (TNBC) stands as a particularly challeng-
ing cancer type due to its inherent aggressiveness, high heterogeneity, and
the absence of recurrent oncogenic alterations [13] [14] [15]. Indeed, cur-
rent therapeutic landscape for TNBC primarily centers on Neoadjuvant
Chemotherapies (NAC) even though its effectiveness is often hindered by
the frequent development of drug resistance [13| [14] [21]. As a result,
there’s an urgent need for innovative approaches to identify biomarkers
that predict drug response, enabling effective stratification of TNBC pa-
tients.

While EGFR-activating mutations and amplifications (> 5 copies) are un-
common in TNBC [22] [23] [24] [15], the majority of primary TNBCs ex-
hibit enhanced expression of EGFR due to an increase in gene copy number
(three to four copies) [25] [26] [27] [24] [17] [28], thus representing a valu-
able vulnerability for TNBC patients [29].

Unlike other tumor types, where inhibition of wild-type EGFR by mono-
clonal antibodies or tyrosine kinase inhibitors (TKIs) has been showed to
be beneficial [30] [31] [32] [33], EGFR-targeted therapies in TNBCs have
shown variable and unpredictable clinical responses (1.7% to 38.7%) [34]
[35] [36] [37] [38]. However, genomic variants that have been found to
be predictive of anti-EGFR resistance in other tumor types [39] are in-
frequent in TNBC patients [34] [23] [40]. This suggests that non-genomic
mechanisms of resistance might play a significant role in TNBC. As a re-
sult, the lack of predictive biomarkers for response to anti-EGFR therapies
in TNBC has hindered the translation of EGFR inhibitors in breast cancer.

In this study, we leverage single-cell transcriptomics, cellular barcoding,
and time-resolved computational analyses to explore the non-genetic mech-




anisms underlying the cellular response to Afatinib, a highly potent EGFR
and HER2 inhibitor used in the treatment of various cancers. We focus
on MDA-MB-468 cells, a wild-type amplified triple-negative cell line that
serves as a preclinical model of TNBC [41] [42] and exhibits high sensitiv-
ity to anti-EGFR treatment.
Our approach revealed both pre-existing and adaptive drug resistance
mechanisms. Retrospective lineage tracing identified a distinct Afatinib-
tolerant MDA-MB-468 subpopulation characterized by elevated IGFBP2
gene expression. We demonstrated through chemical and genetic manipu-
lations that IGFBP2 overexpression is sufficient to render TNBC cells tol-
erant to afatinib treatment through activation of the compensatory IGF1-R
signaling pathway. Prospective lineage tracing, on the other hand, high-
lighted additional adaptive mechanisms, including lysosome biogenesis, re-
active oxygen species (ROS) homeostasis, and fatty acid metabolism.
Finally, we employed deep learning techniques to develop an algorithm
predicting the Afatinib sensitivity of TNBC cells based on reconstructed
mechanisms of resistance. In conclusion, our findings provide a new un-
derstanding of the intricate signaling network underlying EGFR-targeted
therapy resistance in TNBC that can be helpful in devising novel strategies
for TNBC patient stratification and therapeutic intervention.

Chapter 2 explores the fundamental biological aspects of drug resis-
tance in cancer, with a specific focus on common molecular mechanisms
and explanatory models. Furthermore, the chapter provides an in-depth
characterization of Triple Negative Breast Cancer, covering its molecular
features, clinical behavior, and the challenges encountered in its treatment.

Chapter 3 describes the different scRNA-seq platforms, with related
advantages and disadvantages, along with common pipeline used for data
analysis.

Chapter 4 explores the state-of-the art of lineage tracing methods
with related application in drug response studies.

Chapter 5 contains the description of the approach we used to improve
our knowledge on EGFR-TKIs resistance in a cellular model of TNBC
(MDA-MB-468).

Chapter 6 summarizes the findings of the present work, emphasizing
the unresolved questions that still persist
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Chapter

Cancer drug resistance and
Triple Negative Breast Cancer

2.1 Introduction

This chapter contains the biological basics of cancer drug resistance

specifically addressing common molecular mechanisms in Section 2.2 and
the models employed to elucidate this behavior, spanning both genetic
(2.2.1) and non-genetic (2.2.2) mechanisms.
In Section 2.3, a detailed overview of Breast Cancer molecular and clinical
classification is presented with a focus on the characterization of Triple
Negative Breast Cancer (2.3.1), encompassing molecular features, clinical
behavior, and treatment challenges.

2.2 Cancer drug resistance: Mechanisms and mod-
els

Drug resistance in cancer refers to the absence of clinical benefit that
patients experience during treatment [43] [11] [44] thereby reducing their
chances of survival and emerging as a significant challenge in anticancer
therapies [45] [46].

It can be categorized as either intrinsic (primary) or acquired (secondary),
depending on the timing at which the decline in therapeutic effectiveness
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occurs [45] [47] [1] [44]. More precisely, intrinsic drug resistance is de-
fined by the absence of clinical response to a treatment that has not been
administered previously [45] [47] [48], while acquired drug resistance is
characterized by the reappearance of malignancy following an initial posi-
tive response [45] [48].

The main causes of intrinsic drug resistance involve three main molecu-
lar mechanisms: (i) inherited genetic alterations in genes associated with
proliferation and apoptosis [47] [49] [50] [11] [51]; (i) the presence of unre-
sponsive subpopulations, such as cancer stem cells, contributing to tumor
heterogeneity and promoting further tumor relapse 9] [10] [52] [43] [11]
and (ii1) the activation of protective pathways reduces intracellular drug
concentrations by overexpressing efflux channels on the plasma membrane
and /or by directly detoxifying them [9] [45] [43] or diminishing their effects,
as in the case of Reactive Oxygen Species (ROS) detoxification pathway
[53] [19] [54].

Conversely, acquired drug resistance emerges through the activation of
secondary proto-oncogenes (or the inactivation of tumor suppressors) and
their associated signaling pathways. This compensates for the initial sig-
naling blockade induced by the treatment, enabling cells to overcome the
initial barrier imposed by the treatment [55] [56] [57].

This adaptation can also involve the modification of drug targets, thereby
reducing drug binding [9] [43] [51], or altering the tumor microenvironment
(TME), the complex environment surrounding cancer cells composed of
various cellular types such as fibroblasts and immune cells [43] [58] [59].
Changes in the TME can lead to drug neutralization, the release of pro-
survival factors, and the limitation of drug-induced cytotoxicity, particu-
larly in hypoxic conditions [60] [59].

Extensive studies on individual drug resistance mechanisms revealed their
inner nature which could be genetic, non-genetic or at the interplay of
these two, as the current knowledge seems to report [61] [43] [1] [62] and
it is shown in Figure 2.1.
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Figure 2.1. Cancer drug resistance models. A) Genetic mechanisms
contributing to drug resistance involve pre-existing mutations within a subset
of cells, known as the resistant sub-population, which inherently resist specific
therapies. B) Conversely, cancer cells accumulate mutations during treat-
ment, conferring them a proliferative or survival advantage that counteracts
the therapeutic effects. C) Non-genetic mechanisms encompass the activation
of distinct transcriptional programs within a subset of cells, leading to inher-
ent resistance against specific drugs. D) Under therapeutic pressures, cancer
cells rapidly adjust by reorganizing their gene expression, acquiring programs
that provide a selective advantage within the treatment environment, thereby
circumventing therapeutic interventions. Figure from [1]

2.2.1 Genetic models of drug resistance: Darwinian evolu-
tion

Genetic resistance involves the acquisition of specific genetic alter-
ations, spanning SNV (Single Nucleotide Variations) [63] [64] [65], CNV
(Copy Number Variations) [63] [64] and big chromosomal rearrangements
[66] [67] [68], allowing cancer cells to evade therapeutic pressure. These
changes may be pre-existing, shown in Figure 2.1A, suggesting intrinsic
resistance [47] [49] [50] [11] [51], or they may occur during therapy, as re-




CHAPTER 2. CANCER DRUG RESISTANCE AND TRIPLE NEGATIVE BREAST CANCER

ported in Figure 2.1B, giving cancer cells a competitive advantage against
treatment, thereby contributing to acquired resistance [69] [70].

Multiple models rooted in Darwinian theory [71] [72] [61] have been pro-
posed over time to elucidate genetic drug resistance.

According to this theory, genetically independent entities, like cancer cells,
display inherent differences. Some of these variances can enhance survival
through adaptation, enabling growth under limited resources such as nutri-
ent deficiencies, hypoxic conditions or adverse environments, such as drug
treatments, while others may lack these adaptive capabilities |71] [73] [74].
The overall result is the formation of a cellular population fully composed
by cells with these favorable genetic setting [75] [70] [72], as shown in Fig-
ure 2.1A, thanks to genetic heterogeneity and clonal selection phenomena.

Genetic heterogeneity involves mutational variability within the primary
tumor, known as intra-tumor heterogeneity (ITH) [64] [73] [70] [76], or
between primary tumor and related metastases (i.e., inter-tumor hetero-
geneity) [75] [70].

Intratumor heterogeneity leads to diverse subclones with variable behav-
iors and fitness levels due to the discordant inheritance of extrachromoso-
mal DNA (ecDNA). This type of DNA often carries oncogenes like MYC,
EGFR, or PDGFRA, among the others, [77]| [78] [76] and, as it lacks cen-
tromeres, it cannot be balanced inheritance between daughter cells, thus
amplifying cell-to-cell variability in oncogene copy number and transcrip-
tional levels. This imbalance is further intensified by the accumulation
of de novo mutations during metastatic process [79] [70], thus explaining
differences in mutational loads between primary tumor and metastases.
Clonal evolution, instead, while directly influenced by ITH is driven by
environmental selective pressures shaping selection and survival of the
best-fitter subclones, as the drug-resistant ones. This process is usually
explained by different models, including the (%) linear, (ii) neutral, (4ii)
branched and (7v) macroevolution models. Each model describes well as-
pects of the mechanisms while falling short in explaining others 73] [74].

The linear model indicates a stepwise accumulation of genetic alterations
in progenitor cells, which offers a selective advantage over the other clones
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resulting in enhanced proliferation, thus aligning with Darwinian theory
[61] [73] [74] [80].

Regrettably, various studies have demonstrated that this model fails to
account for the stability in clonal composition over time [81], as illustrated
in the neutral model [82]. Moreover, it does not address the coexistence
of multiple subclones [83] [74], a phenomenon elucidated by the branched
model.

The neutral evolution model elucidates the diminished variation in clonal
composition by considering that tumor cell evolution is characterized by a
lack of strong selective pressure [83] [74] [80].

On the other hand, the simultaneous presence of several subclones, a di-
rect consequence of intratumor heterogeneity, involves the acquisition of
distinct genetic alterations in different subpopulations of cells as consid-
ered in the branched evolution model [83] [74].

All the mentioned models revolve around small genetic changes with effects
observable over extended periods, a phenomenon termed microevolution.
However, this stands in contrast with the existence of large chromosomal
rearrangements such as chromosomal instability, chromoplexy, or chro-
mothripsis, which introduce a multitude of variations in a brief time span.
This phenomenon aligns with the macroevolution theory [74] [82].

The existence of different models deriving from different and partially dis-
cordant experimental evidence [82] [84], implies that none of them can fully
explain the mechanism of cancer evolution and drug resistance, suggesting
a potential additional involvement of non-genetic mechanisms.

2.2.2 Non genetic models of drug resistance: Lamarckian
evolution

Non-genetic drug resistance involves transcriptional and epigenetic changes
promoting intratumor heterogeneity (ITH) and maintaining a sub-cellular
population with a pre-existing transcriptional program for survival against
external stresses like cancer therapies [85] [84]. This leads to two different
effects, namely (i) drug tolerance and (i) drug adaptation, depicted in
Figure2.1C and Figure2.1D, respectively.

Drug tolerance and adaptation share the reversibility property with respect
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to genetic drug resistance [86] [87] [88], while differing in the duration and
effectiveness of clonal advantage under stressful conditions.

In drug tolerance, cells survive treatment without proliferation, even though
they re-acquire sensitivity after drug withdrawal [86] [87] [88].

In contrast, in drug adaptation, cells overcome therapeutic pressure by
rapidly rewiring their gene expression programs, processes called transcrip-
tional priming [1] [89] and transcriptional adaptation [1], thus reaching a
different stable state [1]. This adaptation can persist even after drug with-
drawal, conferring a long-term advantage. These alterations give rise to
cellular plasticity, also known as phenotype switching [90] [47] [62], allowing
cells to adopt a drug irresponsiveness identity reversibly and dynamically.
This plasticity can manifest in various forms, including dedifferentiation
[16] [91] [52] [19] [20] [92] and transdifferentiation [93] [90] [94] [95] [89].
Dedifferentiation involves transitioning to a stem-like state through pro-
cesses like epithelial-mesenchymal transition (EMT), linked to increased
drug resistance and aggressiveness [16] [91] [52] [19] [20] [92].

On the contrary, transdifferentiation induces cells to differentiate into a
different cellular type with subsequent changes in morphology and func-
tion in response to specific triggers [93] [90] [94] [95] [89].

The need for adaptation to changing external conditions, in conjunction
with cellular plasticity, mirrors the principles of Lamarckian theory [93]
[96], where is stated that organisms can flexibly adapt to their environment
during their lifetime and transmit these adaptations to their descendants
[96] [62]. In the context of cancer, a small proportion of cells can undergo
temporary transitions towards a drug-resistant phenotype, guided by epi-
genetic modifications, such as alterations in chromatin structure, DNA
methylation, and histone modifications [97] [86] [98] [99], directly impact-
ing their transcriptional profiles.

In conclusion, tackling drug resistance in anticancer therapies is a com-
plex challenge, requiring a comprehensive understanding of overlapping
genetic and non-genetic mechanisms.

Genetic models, such as Darwinian selection, propose pre-existing genetic
alterations in drug-tolerant cells, while Lamarckian induction suggests epi-
genetic changes driving tolerance.

In a recent perspective, there’s a focus on the fluctuating expression of
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resistance markers, where rare cells manage to survive and develop stable
resistance. Within this framework, the utilization of single-cell RNA-seq
emerges as the most promising approach for enhancing the detection and
characterization of these elusive drug-tolerant cells.

2.3 Breast Cancer: Molecular and clinical char-
acteristics

Breast cancer is the most diagnosed cancer in women worldwide, re-
porting 2.26 million new cases in 2020 and causing nearly 626,679 deaths
annually [100]. This highlights its substantial impact as a global health
challenge.

Incidence rates, which show an annual increase of 3.1% [101]| [102], are
notably elevated in developed regions [103] [104] [102] like North America,
Australia, New Zealand, and Europe. This trend is attributed to lifestyle
factors such as obesity and declining parity [103] [102].

Mortality rates, instead, vary based on geographical location, with Asian
countries demonstrating lower rates compared to the United States and
Europe [105] [106] [103] [102].

Finally, socioeconomic factors, coupled with racial disparities [105] [102],
exert a considerable influence, accentuating elevated mortality rates among
women facing economic hardships. This is predominantly attributed to de-
layed diagnoses and suboptimal treatments [105] [103] [102].

Breast cancer is molecularly classified based on the immunohistochemical
expression of hormone receptors, Progesterone (PR) and Estrogen receptor
(ER), and the HER2 receptor. These markers play a crucial role in the
management and treatment strategies for breast cancer [107] [108].

This approach defines four primary classes: (i) Luminal A (LA), (i) Lu-
minal B (LB), (%i) HER2-enriched (HER2+), and (i) Triple Negative
(TN) [107] [108], offering a detailed insight into the intricate molecular
landscape of the disease (Figure 2.2).

The Luminal A subtype (Figure 2.2, upper panel), constituting nearly
50% of cases, is defined by the presence of ER and/or PR, absence of
HER2, and low Ki-67 expression (<20%) [109] [110] [108].

Clinically, these tumors exhibit a low-grade, slow growth pattern, indica-
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tive of the most favorable prognosis [111] [112]. They demonstrate a robust
response to hormone therapy, particularly with agents like Tamoxifen or
aromatase inhibitors, while minimal chemotherapy benefits are observed
[113] [114]. The rare relapses are more commonly seen in bones, with lower
rates in visceral and CNS sites and, remarkably cases of recurrence exhibit
extended survival [115].

In contrast, Luminal B tumors, comprising 10-20% of cases, present a
higher histologic grade and a less favorable prognosis compared to Lumi-
nal A [109] [116] [110] [114]. Their molecular profile is characterized by
ER positivity, often PR negativity, HER2 negativity, and elevated Ki67
(>20%), indicating a faster growth rate [117] [108]|. Despite the applica-
tion of hormonal therapy combined with chemotherapy, these tumors pose
a higher risk of visceral recurrence, leading to lower survival rates from
diagnosis to relapse [117] [108].

Notably, both Luminal A and Luminal B subtypes frequently (40%) harbor
PIK3CA mutations, resulting in the hyperactivation of the Phosphatidyl-
inositol-3 kinase (PI3K) signaling pathway [118] [119].
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The HER2-positive breast cancer, Figure 2.2 mid panel, constitutes 10-15%
of diagnoses, exhibiting high HER2 expression with absence of ER and
PR [109] [110] [120] [108]. This subgroup primarily metastasizes to bones,
showing a higher incidence of visceral relapses compared to the luminal
group.

It could be further categorized as luminal HER2 and HER2-enriched,
which differ in hormonal receptor expression and Ki-67 rates. Lumi-
nal HER2 exhibits lower Ki-67 (15-30%) with hormonal receptors, while
HER2-enriched has higher Ki-67 (>30%) without hormonal receptors [120]
[108].

Despite heightened growth and aggressiveness compared to luminal sub-

types, prognosis has improved with HER2-targeted therapies like Trastuzumab

and Pertuzumab [121] [117] [122].

The most frequently identified genetic variants in HER2-positive breast
cancer were found in the TP53, VHL and ATM genes [123] [122].
Triple-negative breast cancer (TNBC), accounting for 20% of breast can-
cers, lacks ER, PR, and HER2 expression[13| [14] [22] [15]. It is often
associated with BRCA1/2 mutations (80%), along with TP53 (75%-80%)
and PIK3CA (16-18%) mutations [124] [123] [51]|. This results in DNA re-
pair gene alterations, increased genomic instability, and p53 signaling loss
[124] [125] [51]. While TP53 mutation alone did not predict a poor progno-
sis, TNBCs with PIK3CA mutation exhibited significantly worse outcomes
[124] [22] [51]. Histologically, TNBC is poorly differentiated, highly pro-
liferative, aggressive, prone to early relapse, and often diagnosed at an
advanced stage [126] [117] [127].

The lack of identifiable biomarkers has impeded the incorporation of tar-
geted therapies into the standard care for this type of breast cancer.
Currently, the standard approach relies on conventional chemotherapy,
typically a combination of anthracyclines (DNA intercalators) and taxanes
(mitotic spindle inhibitors). Unfortunately, only a minority, approximately
20% of patients, show positive responses to standard treatments [14]. Re-
grettably, a substantial proportion, ranging from 30% to 50% of patients,
rapidly develops drug resistance [13] [14] [21]|, emphasizing TNBC as a
compelling unmet clinical need (Figure 2.3, left panel).
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Figure 2.3. Triple Negative Breast Cancer survival rates and clas-
sification (left) Breast Cancer 2-years survival rates based on each molecu-
lar subtype defined by HR and HER2 statuses. Figure from [3] (midddle)
Lehmann classification of TNBC which is categorized into six main subgroups:
two basal-like classes (BL1 and BL2), an immunomodulatory (IM) class, a mes-
enchymal (M) class, a mesenchymal stem cell (MSL) class, and the luminal
androgen receptor (LAR) class. (right) The table reports main molecular
features of each TNBC subtype. Figure adapted from [4]

2.3.1 Triple Negative Breast Cancer subtypes: molecular
characteristics and clinical implications

Triple Negative Breast Cancer (TNBC) is a heterogeneous neoplasm,
predominant in premenopausal young women (under 40), especially African
Americans [128] [129], which is further categorized into six subtypes (Fig-
ure 2.3 middle panel) including (i-ii) basal-like (BL1 and BL2), (i) mes-
enchymal (MES), (iv) luminal androgen receptor positive (LAR), (v) im-
munomodulatory (IM) and (vi) unstable (UNS) each exhibiting distinctive
clinical outcomes and pharmacological responses [22| [130] [131] [51] [15].

Constituting the majority (60-80%) of TNBC cases, Basal-like TNBCs
are further categorized into two subtypes, BL1 and BL2 (Figure 2.3, mid-
dle panel), both exhibiting alterations in cellular proliferation regulation
at distinct levels (Figure 2.3, right panel).

Specifically, the BL1 subtype exhibits amplification in proliferation genes
like MYC, CDK6, and AKT2, while harboring deletions in DNA repair-
related genes such as BRCA2, MDM2, RB1, and TP53 [51] [15]. This un-
derscores the potential efficacy of PARP (poly (ADP-ribose) polymerase),
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MYC or RB1 downstream effectors inhibitors and DNA intercalators, such
as cisplatin, for which BL1 TNBCs show increased sensitivity [51] [15].

In contrast, BL2 types manifest AKT1 copy number gain and abnormal
activation of proliferation-controlling signaling pathways, involving EGFR,
MET, NGF, Wnt/-catenin, and IGF-1R pathways [14| [132]| [131]. Ther-
apeutic options for this subtype include mTOR, AKT1 and EGFR in-
hibitors, alongside antimitotic agents such as taxanes. Administering tax-
anes results in a notable four-fold increase in clinical remission rates for
both BL1 and BL2 subtypes [13] [133] [15].

The immunomodulatory subtype (IM) shows overexpression of immune sig-
naling genes with hyperactivation of the related pathways such as T cell
receptor (TCR) signaling, interleukin (IL)-12 and IL-7 (Figure 2.3, right
panel), so the most promising therapeutic approach relies on the admin-
istration of immune checkpoint inhibitors targeting PD1/PDL1 proteins
[133] [127].

The peculiarity of LAR subtype, apart from its higher occurrence in Asian
women and the overall survival rate (OS), is the hyperactivation of the
Androgen Receptor (AR) pathway indicating a potential clinical benefit of
this patients from the usage of anti-AR therapy [13] [15].

The mesenchymal group further divides into mesenchymal (M) and mes-
enchymal stem-like (MSL), each distinguished by their proliferation and
differentiation status (Figure 2.3, right panel).

Specifically, the M subtype demonstrates enhanced activation of cell mi-
gration, extracellular matrix—receptor interaction, and differentiation path-
ways (Wnt and TGF-) [15]. This subtype is predisposed to chemotherapeu-
tic resistance, prompting the consideration of mTOR, inhibitors or drugs
targeting epithelial-mesenchymal transition [134] [135].

In contrast, the MSL subtype exhibits diminished expression of cell proliferation-
related genes and elevated levels of stemness-related genes. In this scenario,
potential treatment options include PI3K inhibitors, Src antagonists, or
antiangiogenic drugs [130] [15].

In conclusion, breast cancer features diverse subtypes with favorable treat-
ment responses, unlike Triple-Negative Breast Cancer (TNBC), which dis-
plays notable heterogeneity. Various TNBC subtypes exhibit unique molec-
ular profiles and treatment responses, underscoring the imperative for com-
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prehensive investigations to refine therapeutic approaches for this intricate
and challenging breast cancer subtype.




Chapter

Single-cell RN A sequencing

3.1 Introduction

This section provides an overview of the state-of-the-art in both single

cell RNA sequencing with particular attention to standard workflow for
data analysis advantages, disadvantages, and applications in research.
Section 3.2 reports a description of single-cell RNA sequencing experimen-
tal platforms, comparing it to bulk RNA sequencing, followed by a detailed
overview of a standard workflow of scRNA-seq data analysis.
This encompasses (i) data pre-processing (paragraph 3.2.1), (ii) normal-
ization and eventual batch effect correction (paragraph 3.2.2), (iii) fea-
ture selection and dimensionality reduction (paragraph 3.2.3), (iv) clus-
tering (paragraph 3.2.4), (v) differential expression and enrichment anal-
yses (paragraph 3.2.5) and, finally, (vi) pseudotime reordering (paragraph
3.2.6).

3.2 Exploring single-cell RNA sequencing: Plat-
forms and data analysis

Single-cell RNA sequencing (scRNA-seq) has recently revolutionized
the detection and quantification of messenger RNA (mRNA) at the indi-
vidual cell level [136] [137] by assigning a unique cell barcode to each RNA
molecule in a cell. In this way scRNA-seq allows for the exploration of
individual cell transcriptional profiles and, compared to bulk RNA-seq, it
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had facilitated the identification of rare cell subpopulations and enhanced
cell type characterization [138] [139].

However, despite its potency in uncovering crucial cell types for develop-
mental and disease insights, scRNA-Seq faces several challenges, including
zero inflation due to both (i) limited mRNA in a single cell and (7) techno-
logical constraints [140] [52] [141]. Additionally, it demands larger starting
material than bulk RNA-seq, making it costlier and challenging for lim-
ited samples [140] [52] [141]. Finally, the substantial data volume presents
storage issues, and its analysis complexity requires specialized software and
bioinformatics expertise [140] [52] [141].

Single-cell RNA sequencing holds the advantage of isolating individual
cells from a population using a variety of methods that have been con-
tinuously refined over time. Early approaches, such as Smart-seq2, were
highly effective but limited to processing a small number of cells [142].
This limitation was addressed by microfluidic advancements, such as the
Fluidigm C1 platform, which enabled the automated processing of 96 cells
[143].

Recent advances in droplet microfluidics, including Drop-seq, inDrop, and
10X Chromium, have further expanded scRNA-seq throughput, making
them the prevailing methods [144] [145] [5] [139]. Despite sharing the co-
encapsulation technique, these platforms differ in terms of materials, bead
manufacturing, protocols, and capture efficiency. Drop-seq stands out for
its cost-effectiveness [5], while 10X Chromium excels in capture efficiency
due to the use of soft hydrogel beads and synchronized encapsulation, a
feature it shares with the InDrop platform [144] [145] [139].

Ultimately, platform selection depends on specific research needs, high-
lighting the dynamic nature of scRNA-seq methodologies.

In droplet microfluidics (Figure 2.1 A), the generation of nanoliter
droplets involves the co-flow of oil and aqueous solutions, encapsulating
single cells and barcoded beads [5]. This process, following a Poissonian
distribution, results in numerous empty droplets and a small fraction con-
taining multiple cells (doublets). The barcoded beads play a pivotal role in
post-mRNA capture amplification on beads, known as STAMPs (Single-
cell Transcriptomes Attached to Microparticles).
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Figure 3.1. Microfluidics-based single-cell RNA-sequencing
(scRNA-seq). (A) Overview of single-cell RN A-seq library preparation using
Drop-seq. In microfluidic devices, cells and barcoded beads co-flow, entering
aqueous droplets. Cell lysis, facilitated by the lysis buffer within the droplet,
releases the transcriptome. Barcoded bead surfaces capture cell transcrip-
tomes with primers. After emulsion breakage, uniquely barcoded STAMPs
are recovered, representing the original cell’s transcriptome. Subsequent bulk
reverse transcription yields amplified STAMPs, prepared for next-generation
sequencing. (B) Microparticle primers include a common PCR handle for am-
plification, with unique cell barcodes (BC) and molecular identifiers for mRNA
counting (UMI), finally the oligo dT sequence captures mRNAs. (C) Cell
barcodes are generated by splitting microparticle pools into oligonucleotide
synthesis cycles, creating unique sequences reflecting synthesis paths. (D)
UMIs are synthesized post split-and-pool cycles, with microparticles undergo-
ing eight degenerate synthesis rounds. Figure from [5]

The beads carry a common PCR handle sequence, a unique molecular
identifier (UMI, Figure 2.1 D), a cellular barcode (BC, Figure 2.1 C'), and

a 30 bp oligo dT sequence for mRNA capture [5].

The 12bp cellular barcode uniquely assigns each transcript to its cell of
origin during bioinformatic analysis, facilitating efficient pooled library
processing. UMIs offer distinctive tags to mRNA transcripts, ensuring
accurate computational counting and preventing the double-counting of

reads from the same mRNA transcript.

UMI length varies based on library preparation chemistry /platform, rang-
ing from 8bp in Drop-seq [5] to 14 bp in the latest chemistry, v3, of the

10X Chromium platform [144].

Droplets serve as reaction chambers, facilitating cell lysis and poly(A)-
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RNA capture on bead surfaces.

For subsequent Next Generation Sequencing (NGS), with Illumina tech-
nology predominant [146], captured mRNAs undergo reverse transcription,
and Illumina adapters are incorporated via protocols like tagmentation
[147] [148]. Resulting cDNA fragments, typically 200 to over 600 bp, un-
dergo limited-cycle PCR to ensure complete adapter sequence incorpora-
tion [146]. Following ligation with adapters, these fragments adhere to a
flow cell, initiating clonal amplification and generating clusters of identical
copies. Sequencing employs the sequencing by synthesis (SBS) technique,
utilizing a polymerase and chemically modified nucleotides.

The Hlumina platform remains the primary choice for this NGS process.
Sequencing throughput varies across [llumina sequencers (MiniSeq, MiSeq,
NextSeq, NovaSeq, and HiSeq). Notably, the NovaSeq 6000 sequencer en-
hances performance, offering up to 500 Gb with a 2x150 bp kit for the S1
flow cell and up to 3,000 Gb with a 2x150 bp read length for the S4 flow
cell [149].

Following sequencing, the data undergo analysis using specific bioinfor-
matic workflows. The steps of these workflows are detailed in the subse-
quent paragraphs, adhering to the most recent best practices.

3.2.1 scRNA-seq data pre-processing: from sequencing files
to expression matrix

In paired-end single cell sequencing, Read 1 (R1) usually provides cel-
lular barcodes and UMIs, while Read 2 (R2) contains captured cDNA
sequences.

After demultiplexing, associating reads with samples, low-quality barcodes
and associated cDNA sequences are removed. Following quality control, 5’
lumina adapters and 3’ poly-A tails are trimmed and Read 2 sequences
align to the reference genome, with STAR aligner [150|, optimized for
scRNA-seq, i.e. in "solo" mode.

Finally, bead synthesis errors are identified and corrected, ensuring robust
data processing in scRNA-seq. After pre-processing, single-cell transcrip-
tomes are reconstructed into an expression matrix, where columns rep-
resent cells and rows correspond to genes. Quality control ensures anal-
ysis includes individual, undamaged cells, addressing challenges like low
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sequencing depth, low detected gene count, high mitochondrial gene frac-
tion, ambient RNA contamination, and doublet formation.

Tools like CellRanger [144] distinguish "true" cells from background bar-
codes by evaluating count depth distribution, identifying damaged cells
with low gene counts, and dying cells with a high mitochondrial gene frac-
tion.

SoupX [151] tackles cell-free RNA contamination, estimating fractions in
potentially ’empty’ droplets.

Doublets, detected by excessive genes and high-count depth, are addressed
by DoubletFinder [152] by generating artificial doublets.

Quality control thresholds differ depending on tissue, protocols, and plat-
forms, necessitating reference to similar experiments and analysis of various
QC metric distributions.

Ultimately, the expression matrix may be influenced by read count vari-
ability arising from both technical and biological variations. To mitigate
technical-derived variability, normalization and, occasionally, batch effect
correction are frequently employed.

3.2.2 Takling scRNA-seq variability: normalization and batch

effect correction

Traditional normalization methods, effective in bulk RNA-seq, are gen-
erally unsuitable for scRNA-seq due to zero inflation.
Dedicated scRNA-seq methods such as MAST [153] and Scran [154] ad-
dress dropout events and scaling factor computation challenges to achieve
accurate normalization.

Batch effect, a phenomenon where non-biological factors unrelated to bi-
ology lead to changes in the experimentally generated data, can be effec-
tively removed in bulk RNA-seq [155] [156] [157]. However, in scRNA-seq,
it poses a significant challenge due to intricate nonlinear effects.
Correction methods like ComBat [157], mnnCorrect [155], Harmony [158],
CCA [159], LIGER [160], and scGen [161] aim to preserve biological sig-
nals while mitigating batch-specific biases.

Harmony offers speed for initial exploration, Seurat3/4-CCA demonstrates
moderate batch mixing, and LIGER excels at batch mixing with poten-
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tial impacts on cell type purity [162] [163]. Evaluation involves comparing
clustering or visualization results and using metrics like kBET [163] to as-
sess batch-effect correction effectiveness.

Biological effects like cell cycle, on the other hand, are corrected by scoring
related biological features (e.g., cell cycle genes expression), followed by a
simple linear regression against the calculated scores as implemented in
Seurat [164] [159] [165] [166]. Caution is advised to avoid unintentional
signal interference for specific analyses like cell differentiation or prolifera-
tion.

After normalization, values are typically pseudocounted, meaning that one
count is added to avoid numerical issues in the subsequent log-transformation.
Gene expression variance is stabilized by applying regularized negative bi-
nomial regression as in the case of SCTransform [167] [168].

At this stage, it is crucial to underscore the inherent biological information
for characterizing cell heterogeneity or distinguishing between cell types/s-
tates in the data. This entails the need for simplifying high-dimensional
data, given the abundance of profiled genes, through the application of
feature selection and dimensionality reduction methods.

3.2.3 Improve characterization of cell heterogeneity: fea-
ture selection and dimensionality reduction

Feature selection simplifies data by strategically choosing around most
biologically relevant genes from over 20,000 in the human genome. Typ-
ically unsupervised, it aims to identify genes with significant biological
variability, using Highly Variable Genes (HVGs) to filter out technical
noise. Tools like Seurat [164] [159] [165] [166] identify HVGs by assessing
the coefficient of variation and expression means, prioritizing those with
higher-than-expected zeros. While the theoretically selected gene number
depends on sample complexity, studies suggest that downstream analyses
can tolerate variations in the exact number of HVGs.

Following Highly Variable Gene (HVG) selection to emphasize relevant
information, dimensionality reduction techniques project cells from a high-
dimensional space to a lower-dimensional embedding while preserving cell-
to-cell variability.




3.2. EXPLORING SINGLE-CELL RNA SEQUENCING: PLATFORMS AND DATA ANALYSIS

23

Commonly used methods for dimensionality reduction include principal
component analysis (PCA) [169] [170] [171] [172], non-negative matrix
factorization (NMF) [173], t-distributed stochastic neighbor embedding
(t-SNE) [169] [171] [6] [174], and uniform manifold approximation and
projection (UMAP) [169] [171] [175].

Principal Component Analysis (PCA) is a linear projection method that
identifies dominant patterns, or principal components (PCs), by maxi-
mizing variance through linear combinations of original variables. PC1
captures the highest variance, and subsequent uncorrelated PCs, like PC2,
account for the next largest variances [169] [170] [171] [172]. Additional
PCs are often retained for downstream analyses such as clustering and
trajectory inference and their number determined by dataset complexity.
However, PCA doesn’t consider dropout events, leading to methods like
Zero-Inflated Factor Analysis (ZIFA) [176], introducing an extra zero-
inflation modulation layer to address dropouts. This enhanced projection
capability, while valuable, comes at the expense of increased computational
complexity.

Non-negative Matrix Factorization (NMF), analogous to PCA, is a linear
projection method designed to decompose a nonnegative data matrix (V)
with a positive rank (r) into basis (W) and coefficient (H) matrices. When
applied to the expression matrix (V), NMF produces a basis matrix W of
size (m, r), where m is the number of cells and r is the rank. The objec-
tive is to approximate V by expressing it as the product of nonnegative
matrices, W and H, using the 12 norm (squared Euclidean distance) as an
effective error function. NMF exhibits robustness to noise in scRNA-seq
data, showing reliable performance in cell clustering [102] [177]. Moreover,
the coefficient matrix derived from NMF aids in identifying genes specif-
ically expressed in subgroups, offering an unbiased approach for selecting
feature genes [102] [177].

For visualization, nonlinear methods like t-SNE and UMAP effectively
preserve distances among cells in the original space offering improved scal-
ability ideal for large-scale scRNA-seq. This method transforms high-
dimensional Euclidean distances between data points into conditional prob-
abilities, utilizing a Student’s t distribution to calculate similarity in the
low-dimensional space.




24

CHAPTER 3. SINGLE-CELL RNA SEQUENCING

t-SNE faces runtime limitations with large datasets, a challenge overcome
by the UMAP algorithm, recognised for its superior runtime performance
and global structure retention. UMAP operates on three pivotal data
assumptions: a uniform distribution on the Riemannian manifold, locally
constant or approximable Riemannian metric, and local connectivity of the
manifold. These assumptions enable modeling with fuzzy topology, deter-
mining the embedding by seeking the low-dimensional projection with the
closest equivalent fuzzy topology. During model construction, UMAP be-
gins by creating a weighted k-neighbor graph (kNN) through the nearest-
neighbor descent algorithm [178], ultimately computing a low-dimensional
representation that effectively preserves the desired characteristics of this
graph, enhancing its suitability for large-scale datasets.

After simplifying the data, the identification of cellular subpopulations,
one of the most potent capabilities of single-cell analysis, can be accom-
plished through the application of clustering methods.

3.2.4 Identifying cellular subpopulations: clustering meth-
ods

Clustering approaches aims at group data objects into clusters based
on similarities or shared characteristics. In the context of scRNA-seq clus-
tering must face multiple challenges like uncertainties in the number of
clusters, variable cell types, and scalability issues.

Clustering methods, usually applied in scRNA-seq data analysis can be
roughly classified into three groups: (i) K-means [179] [180] [181], (%)
hierarchical-based clustering [182] [183] and (i) graph-clustering [181]
[183].

K-means, an unsupervised machine learning algorithm, partitions data
points into a predefined number of clusters (k) by iteratively assigning
data points to the nearest cluster center based on Euclidean distances.
The algorithm then updates the cluster centers by averaging the assigned
data points, repeating the process until the cluster assignments stabilize or
converge. Despite scalability for large datasets, it has limitations, poten-
tially missing the global optimum and sensitivity to the choice of clusters
(k). TIts tendency to identify globular clusters and sensitivity to outliers
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pose challenges, particularly in detecting rare cell types.

Applied in various tools like SC3 [184], SIMLR [185] and RacelD [186],
k-means is adapted diversely.

SC3 integrates PCA /Laplacian graphs for improved performance on droplet-
based datasets. SIMLR uses Gaussian kernel-based distance matrices with
varied hyperparameters. RacelD employs k-means considering absolute
transcript counts, utilizing a gap statistic for cluster determination, and
includes an outlier detection step.

Hierarchical clustering encompasses agglomerative and divisive strategies
[182] [183].

Agglomerative clustering merges cells progressively based on distance mea-
sures, while divisive clustering recursively splits clusters. This hierarchical
approach aids in identifying rare cell types as small clusters. Unlike some
methods, hierarchical clustering doesn’t demand a predetermined cluster
number or assumptions about data distributions, making it adaptable and
widely incorporated in single-cell RN A-seq clustering algorithms at a high
computational cost. It is implemented in CIDR [187], BackSPIN [188] and
pcaReduce [189).

CIDR combines dimension reduction and hierarchical clustering, address-
ing dropout effects through implicit imputation.

BackSPIN employs divisive hierarchical clustering, thus with lower com-
putational complexity respect to agglomerative counterpart, and sorting
points into neighborhoods (SPIN) to cluster genes and cells simultaneously,
while pcaReduce utilizes agglomerative hierarchical clustering with PCA,
offering a hierarchical representation of clustering results.

Graph-based clustering has gained popularity in overcoming the limita-
tions of k-means and hierarchical methods in large-scale datasets. This
approach, applicable to single-cell RNA-seq data represented as graphs,
involves nodes (cells) and edge weights (pairwise distances).

Common methods include the (7) clique algorithm [190] [191], (i) spectral
clustering [192], and (%ii) the Louvain algorithm [193] [194].

The clique algorithm represents fully connected points in a graph, this
defining a cluster.

SNN-Clip utilizes shared nearest neighbors for calculating cell similarity
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to find quasi-cliques, thus reducing computational costs. Despite its abil-
ity to avoid manual cluster number specification, SNN-Clip suffers from
scalability issues with resulting clusters lacking stability.

Spectral clustering, adapting to data distribution, relies on eigenvalues of
the cell similarity matrix, but has high time complexity. It is implemented
in SIMLR [185], tailored for scRNA-seq, which combines spectral clus-
tering with kernel similarity measures, excelling in processing large-scale
datasets with noise.

SinNLRR [195], instead, applies spectral clustering with a nonnegative,
low-rank structure to detect cell types, though users must set the number
of clusters.

The Louvain algorithm recursively merges communities and executes mod-
ularity clustering on condensed graphs. Its efficient time complexity sets
it apart from other community-detection algorithms, making it a key com-
ponent in popular tools like Scanpy (Python-based) [196] and Seurat (R-
based).

In 2020, the Leiden algorithm enhanced Louvain clustering [197], overcom-
ing limitations related to community division precision, node distribution
density, and poorly connected communities. With faster and more accu-
rate partitioning, Leiden provides explicit guarantees and bounds, and it
has been successfully implemented in Seurat and Scanpy suites.

Identifying cellular subpopulations is crucial, requiring characterization
involving distinctive biomarker identification and exploration of activated
biological mechanisms. This step is essential for addressing questions in
pathological and healthy conditions, employing differential expression and
enrichment analysis.

3.2.5 Characterizing cellular subpopulations: differential
expression and enrichment analysis

Differential Expression Analysis (DEA) [198] [199] examines variations
in gene transcript expression levels across conditions, clusters, or cell states.
The robustness of DE analysis relies in employing statistical methods that
effectively handle the inherent variability among biological replicates [198].
Neglecting this variability leads to a plethora of false discoveries, signifi-
cantly diminishing the robustness of scRNA-seq experiment results.
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Seven statistical tests are usually used in DE analysis in scRNA-seq data,
as demonstrated by their implementation in the dedicated function (Find-
Markers) of Seurat package, including a t-test, Wilcoxon rank-sum test,
logistic regression (LR), negative binomial (NB) and Poisson generalized
linear models, a likelihood ratio test, and MAST’s two-part hurdle model
[167] [47] [165].

Two-tailored Student’s t-test compares mean gene expression between the
groups into consideration to discern treatment effects or group disparities
in populations.

Wilcoxon rank-sum test, instead, is non-parametric thus it compares the
ranks of genes in a gene set against those of genes outside of it.

Logistic regression constructs models predicting group membership for
each gene while comparing it with a null model using a likelihood ratio
test.

The negative binomial test relies on a distribution where the mean is less
than the variance, making it apt for experiments with a modest number
of replicates (typically 3-5).

Conversely, Poisson generalized linear models are favored in experiments
with a higher number of replicates.

Likelihood ratio test compares the probability of given expression level for
a gene in the target condition to the likelihood of the same expression level
for a gene not in the target condition.

MAST employs a two-part generalized linear model, suitable for scRNA-
seq data in complex experimental designs. It integrates an empirical
Bayesian approach, enhancing inference for sparsely expressed genes, and
utilizes the Cell Detection Rate (CDR) as a covariate for nuanced analyses
[153].

Numerous benchmarking studies [200] [201] [202] [51] underscores substan-
tial distinctions among statistical testes, showing the superior performance
of the nonparametric Wilcoxon’s rank-sum test compared to other meth-
ods. This holds particularly true for its notable advantages, such as low
false positive rates, especially in extensive sample sizes.

In addition to dedicated scRNA-seq DE analysis tools, those adapted from
bulk RNA-seq, involving pseudobulkerization (aggregating read counts




28

CHAPTER 3. SINGLE-CELL RNA SEQUENCING

across biological replicates), commonly yield comparable results. Notable
examples include DESeq2 [203], edgeR [204], and limma [205].

DESeq2 [203] utilizes the likelihood ratio test and the Wald test to assess
gene model coeflicients, incorporating shrinkage estimators and empirical
Bayes priors for stable results across diverse data types.

edgeR [204] models count data using an overdispersed Poisson model, em-
ploying an empirical Bayes procedure to moderate overdispersion. Statis-
tically, it employs likelihood ratio and quasi-likelihood F-tests for robust
error rate control.

limma [205] employs linear models, adjusting for factors and utilizing para-
metric empirical Bayes for reliable inference, particularly in small-sample
experiments. It can be used in two modes: limma-trend considers the
mean-variance relationship at the gene level, while voom applies it at the
level of individual observations.

Ultimately, tool selection hinges on the experimental context. Varied fea-
tures in each tool provide diverse scenarios, emphasizing the need for
methodological adaptation to specific study requirements.

Following the identification of biomarkers through differential expression
analysis, the resulting gene list requires biological interpretation to un-
veil the underlying mechanisms. Gene Set Enrichment (GSE) analysis
is a common approach, often employing Gene Set Enrichment Analysis
(GSEA) [206] [207], which ranks genes based on expression changes and
assesses the significant overrepresentation of gene sets or pathways. In
the context of scRNA-seq analysis, various methods developed for bulk
RNAseq, such as GSVA [208] and ssGSEA [209], are applicable.

Single sample gene set enrichment analysis (ssGSEA) and Gene Set Vari-
ation Analysis (GSVA) both extend the GSEA method by incorporating
elements of its algorithm.

While ssGSEA employs the same gene expression ranking and Kolmogorov-
Smirnov (K-S) like random walk statistic, it distinguishes itself by trans-
forming gene expression into a Pathway Activity Score (PAS) profile for
each cell-gene set pair, without requiring phenotype labels. On the other
hand, GSVA retains the K-S like random walk statistic but estimates
kernel-based cumulative density for each gene, using the classical maxi-
mum deviation method by default.
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While conventional bulk RNA-seq tools can be adapted for scRNA-seq
enrichment analysis, they often face challenges related to zero-inflation
and cellular heterogeneity. Specialized tools such as Vision [210], Pagoda2
[157], AUCell [210] and scGSEA [211] are tailored for scRNA-seq, employ-
ing unique strategies to tackle these issues.

Vision [210], an annotation toolkit, leverages autocorrelation statistics
to detect cellular biological variations. It identifies K-nearest neighbors
(KNN) for each cell, computes pathway scores by averaging expressed
genes, and corrects sample-level metrics using means and standard de-
viations.

In contrast, Pathway and Gene Set Overdispersion Analysis (Pagoda2
[157]) focuses on overdispersion in pathway activities to address cell hetero-
geneity in scRNA-seq data. It uses an error model for each cell, normalizes
gene variance, and quantifies Pathway Activity Scores (PAS) through the
first weighted principal component.

Area Under the ranked gene expression Curve (AUCell [210]) is a recovery-
based method identifying cells with activity scores. This approach calcu-
lates PAS using the AUC score among all ranked genes in a particular cell,
estimating the proportion of highly expressed genes in each gene set.
Finally, scGSEA [211] uses tf-idf normalized count matrix [212] [213] [214]
which are decomposed through NMF linear projection method [173]. Then,
GSEA is computed against the gene weights matrix (W) yielding matrix
P were positive and significant scores (FDR < 0.05) were retained. Path-
way activity in each cell was computed by the weighted sum of normalized
enrichment scores across shared factors, achieved by the dot product of P
and H (latent factors representing biological processes recurring through-
out the set of sequenced cells) matrices.

Pagoda2 and Vision face challenges with the log-transform method for
normalization, a concern shared by AUCell, which is notably affected by
normalization methods. Despite these challenges, Pagoda2 exhibits higher
stability with gene dropout and effectiveness in mitigating batch effects.
However, new tools and advancements are required to enhance functional
annotation in scRNA-seq, emphasizing the need for continued development
in this field.

In evaluating cellular responses to stimuli from static snapshots, com-
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prehending the dynamics of transcriptional states is essential. Pseudo-
time reordering methods are commonly employed for this purpose, but
they encounter challenges in non-developmental processes. In this context,
scGSEA has showed a strong capability to capture recurring patterns of
pathway activity across numerous cells in diverse conditions, thus enhanc-
ing pseudotime reordering in time-based non-developmental processes such
as drug response.

3.2.6 Reconstructing gene expression dynamics over time:
pseudotime reordering

Pseudotime refers to the arrangement of cells along a trajectory, quan-
tifying the relative activity or progression of the underlying biological pro-
cess [215] [216] [217].

Pseudotime methods are essential in differentiation and time-based stud-
ies, constructing various trajectories such as linear, cycling, bifurcating,
multifurcating, tree-shaped, or graph-based structures.

The classification of computational methods for pseudotime reordering is
determined by the topology of the trajectories they create.

In this respect, Wanderlust [218| deals with linear trajectories, while E1Pi-
Graph [219] and reCAT [220] are suitable for cyclical trajectories. Differ-
ences construction of trajectory topologies reflect in the type of algorithm
they rely on. In this context, two are main algorithm applied: (i) mini-
mum spanning tree (MST) and (i) the graph-based ones.

The minimum spanning tree algorithm is utilized in tools like Monocle
[221] [222], TSCAN |[223| and Slingshot [224], making them suitable for
complex developmental processes with branching points.

Monocle [221] [222] identifies pseudotime through the longest path in its
first version, while the second version learns the cell trajectory using the
MST algorithm and calculates pseudotime based on geodesic distances
along the MST.

TSCAN [223] applies the MST algorithm on clusters, reducing computa-
tional workload, and Slingshot uses a simultaneous principal curves algo-
rithm to create smooth curves from the MST during pseudotime calcula-
tion.

Graph-based methods, compute diffusion pseudotime (DPT) which com-
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putes cell transition probabilities via random walks from a designated root
cell, utilizing differences in these probabilities as pseudotime, thus accom-
modating loops or multiple separated trajectories, are applied in PAGA
[?] and Monocle3 [221].

In this context, a weighted KNN approach is employed to construct the
trajectory and compute pseudotime in the “diffusion map space”. Partition-
based graph abstraction (PAGA [225]) compresses and denoises data, cre-
ating a symmetrized KNN-like graph for community detection using the
Louvain algorithm. Monocle3 utilizes the principal graph algorithm to
generate the trajectory and assesses pseudotime as the geodesic distance
from a user-selected root node.

Multiple benchmarking studies have evaluated the strengths and weak-
nesses of trajectory inference tools, recommending method selection based
on anticipated trajectory topology [226] [183] and validate results with
multiple trajectory inference (TI) methods to avoid bias and ensure ro-
bust predictions.

Given these limitations, particularly when studying non-developmental
processes, emphasize the need for further improvements in this area.







Chapter

Lineage tracing

4.1 Introduction

This section provides an overview of the state-of-the-art in lineage trac-

ing methods with particular attention to the advantages, disadvantages,
and applications in research.
Section 4.2 describes lineage tracing principles and presents the current
state of the art in related methods divided by experimental platforms in
optical (paragraph 4.2.1), genetic (paragraph 4.2.2) and expression com-
patible (paragraph 4.2.3).

4.2 Lineage tracing: A state-of-the-art exploration
of methods

Lineage tracing comprises a collection of methods enabling the track-
ing of individual cell fate and their descendants while minimally perturbing
their physiological function during time-dependent processes, such as de-
velopment or drug resistance [227] [228] [157].

This reconstruction spans both molecular and evolutionary perspectives,
shedding light on the quantities and the molecular type of daughter cells
generated throughout the process.

Lineage tracing encompasses continuous direct observation of cell divi-
sions or cellular labeling for subsequent analysis. Figure 4.1 illustrates
various experimental methods, showing advancements in optical, genetic,
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and expression-compatible approaches.
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Figure 4.1. Overview of the lineage tracing methods. Visual repre-
sentations illustrating (A) dye injection for fate mapping in the 1890s, (B)
axis development and grafting, (C) creation of chimeric mouse embryos, (D)
retroviral labeling of cells, (A) application of specialized Cre-loxP cassettes
for clonal analysis, (F) accumulation of Cas9 scars in organisms, (G) viral
barcoding methods for clonal and lineage analysis, (H) compatibility of Cas9
scars with scRNA-seq, and (I) barcode accrual through transposon-mediated
processes. Figure from [6]

4.2.1 Optical lineage tracing: dyer and reporter genes bar-
coding

Since early fate mapping in the late 1800s, Figure 4.1 A4, B, lineage trac-
ing primarily involves continuous observation of cell divisions or labeling
cells for subsequent analysis, driven by advances in light microscopy and
dye injection techniques [229] [230].
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Notably applied in developmental studies on leeches and Styela partita
(a tunicate model organism), these techniques allowed for monitoring pro-
genitor cells and revealed the deterministic role of stereotypical cell divi-
sions in fate determination [231]; [232]. Progress continued with time-lapse
cinematography, culminating in the microscopy-based observation of live
animals, exemplified by the complete lineage mapping of C. elegans devel-
opment [233].

While these findings were pivotal, they were based on observations of trans-
parent model organism embryos with limited cell numbers and invariant
lineages. However, opaque embryos required additional techniques like dye-
ing or radiolabeling for fate mapping and lineage tracing, extending their
application to mice and zebrafish in the 1920s [234]. Tracer dye injection
in zebrafish revealed that the position of cells at the onset of gastrulation
determines their future cell type [235]. While dye injection allows clonal
analysis in wildtype organisms, it has limitations in time span and control
over labeled cells.

To overcome these constraints, advancements in genetic manipulations,
coupled with the advent of gene cloning technologies, have enabled the in-
tegration of reporter transgenes using viral transduction [236] [237]. This
method, employing adenoviruses, adeno-associated viruses, and lentiviruses,
is considered more practical and less cytotoxic than conventional transfec-
tion approaches. However, viral transduction faces challenges, including
factors influencing its efficacy, such as the antiviral response [227].
Reporter genes encompass biochemical and fluorescent variants (Figure 4.1
D), with -galactosidase as a prominent biochemical reporter. Its initial
application in the late 80s involved transducing developing rat retinas with
lentivirus to introduce (-galactosidase [238].

While aiding clonal analysis by inferring lineages from individual cells,
these methods face limitations in constructing a comprehensive lineage
hierarchy. Although capable of identifying progeny, they encounter chal-
lenges in resolving ancestor-progeny relationships crucial for a detailed
lineage tree. Advances in fluorescent reporter usage have addressed this
limitation.

Fluorescent reporters, particularly Green Fluorescent Protein (GFP), facil-
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itate the direct observation of dividing cells and are widely recognized and
utilized [157|. Its application has evolved with advancements in molecular
biology, especially with the introduction of recombinase enzymes like Cre
and FLP (Figure 4.1F). These enzymes facilitate controlled recombination
between strategically placed loxP and FRT DNA target sites, resulting
in predictable inversions or deletions. Inducing this process excises stop
codons upstream of GFP, permanently marking the cell population. The
precision is further enhanced by tissue-specific promoters regulating en-
zyme expression, ensuring accurate labeling in a minor proportion of cells,
specifically target cells.

This approach has proven particularly valuable for studying adult tissue
stem cells in organs like the intestine [239] or skin [240], significantly ad-
vancing our understanding of tissues development and maintenance.
Despite advancements, recombination-based lineage tracing encounters chal-
lenges in cell labeling frequency, impeding an accurate representation of
overall population behavior due to complexities in discerning shared an-
cestry.

To address these challenges, "mosaic" labeling strategies, such as Mo-
saic Analysis with Double Markers (MADM) [241], integrate cell labeling
and gene knockout through Cre-mediated interchromosomal recombina-
tion. This method employs two fluorescent markers (e.g., GFP and RFP)
for wildtype and mutant cells, expanding the population captured. This
enhances multiplexing, as in the case of multicolor lineage tracing tech-
niques like "Brainbow," [242| which employs various spectral fluorophores,
providing up to 90 distinct fluorescent signatures through stochastic Cre-
mediated recombination that assigns unique colors to cells originating from
a common ancestor.

A related method, Confetti [237], produced four distinguishable fluorescent
signatures. In mouse models, it unveiled symmetric divisions of sparsely
labeled intestinal stem cells, resulting in an expanded stem cell population.
Long-term lineage tracing demonstrated neutral drift towards clonality in
intestinal crypts, ultimately leading to one clone dominating the entire
crypt. For instance, Split-Cre [243] utilizes two inactive fragments, each
controlled by a distinct promoter. Here, recombination is coupled with the
expression of multiple genes by simultaneously activating both promoters
within a cell, resulting in Cre enzyme reconstitution and driving recombi-
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nation.

Beyond reporter genes, genetic mosaicism studies offer an alternative for
lineage tracing. Originating with Drosophila simulans gynandromorphs,
a mosaic of male and female cells derived from separate cleavage nuclei,
its application helped explore an alternative Drosophila mosaics model
via mitotic recombination, revealing compartments that emphasize lineage
segregation and influence functional subdivisions [244].

Mosaic organisms progressed to mammals, in the 1960s, with chimeric
mouse embryos (Figure 4.1C'), revealing the clonal origins of melanocytes,
effects of mosaic genetic hermaphroditism, and developmental consequences
of lethal mutations [6]. Chimerism advanced to interspecies aggregations
using chick and quail embryos, enabling the tracking of neural crest cell
migration, plasticity, and fate through phenotypic differences [245].

Observational lineage tracing employs phenotypic labels like morphology,
dye marking, and genetic recombination for continuous cell observation.
While informative, these methods may lack the precision necessary for
constructing lineage hierarchies in specific organisms. Genetic recombina-
tion, induced by agents like Tamoxifen, can trigger apoptosis and disrupt
tissue balance, posing challenges [6] [157]. Methods relying on a single
gene for labeling may also lack specificity for the target cell population,
limiting their effectiveness.

4.2.2 Genetic lineage tracing: Polylox and CRISPR/Cas9
barcoding and mutational patterns

As discussed earlier, optical techniques face challenges due to their lim-
ited color palettes, hindering the construction of comprehensive lineages
and fate maps.

Addressing this limitation, methods like Polylox, DNA barcoding and

CRISPR/Cas9-based scar generation have been introduced, generating

DNA fingerprints in each cell but sacrificing imaging information, Fig-

ure 4.1F.

Polylox, a genetic DNA barcoding technique, utilizes random Cre-LoxP-

mediated recombination events to generate approximately 1.9 million unique
genetic barcodes [246]. This approach minimizes the risk of "label colli-
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sion," where unrelated cells might acquire the same color combination, a
common issue in optical techniques. Its improved robustness respect to
optical methods was demonstrated in hematopoietic stem cell clones [246].
Polylox, with its increased label diversity, improves lineage tracing reso-
lution, yet challenges persist. Silencing of reporter expression, evident in
retrovirus-mediated labeling, hinders genuine lineage relationships. This
could be overcome by integrating genetic labeling into non-functional genome,
but it could induce differential labeling, inefficient capture, apoptosis-
induced cell loss, and lineage termination. Despite confounders, genomic
technologies uniquely potentiate lineage tracing, demanding careful con-
sideration of associated factors for accurate interpretation and application
[247] [248] [249].

Genomic technologies are pivotal for lineage tracing, especially in manip-
ulable model organisms. In human samples, challenging direct manipula-
tions necessitate lineage reconstruction based on naturally occurring so-
matic mutations, arising from DNA polymerase errors during cell division,
analyzed through sequencing both at bulk and single-cell level, to retro-
spectively identify cells originating from a common ancestor [250] [228§]
unlike other genomic tracers. This flexible approach, unconstrained by
specific labeling times, gains significance, notably in tumors with exten-
sive genomic aberrations.

One challenge in this method is the high sequencing error rate, partic-
ularly for rare somatic mutations. A solution involves using copy-number
variants (CNVs), microsatellites (MSs), and retrotransposition due to their
detectability with low genome coverage [251] [252].

CNVs, abundant in cancer cells, have been employed to reconstruct breast
cancer lineage trees. Single-cell whole-genome sequencing integrates CNV
profiles with spatial information for cancer lineage tree reconstruction.
Well-defined mutation sites in MSs have long delineated lineage trees.
LINE1 retrotransposition serves as a lineage tracer in brain development
[253].

These markers address challenges in exploring tumorigenesis and organ-
specific development. However, the broad application is hindered by the
high cost of sequencing of large numbers of single cells which can be solved
by using targeted sequencing of mutation hotspots with high depth [251]




4.2. LINEAGE TRACING: A STATE-OF-THE-ART EXPLORATION OF METHODS

39

[252], DNA hydroxymethylation [254] and mitochondrial DNA (mtDNA)
|255].

The limited occurrence of somatic mutations, particularly in healthy tis-
sues with high turnover, hinders the resolution of somatic mutations-based
clonal tree reconstruction. To overcome this limitation, innovative meth-
ods such as the CRISPR-~Cas9 system have emerged Figure 4.1H.

This system introduces random indel mutations generated from DNA re-
pair following Cas9-induced double-strand breaks (DSBs), uniquely label-
ing cells. Genetic barcodes within a multi-copy transgenic reporter, tar-
geted by sgRNA, accumulate edits over time through Cas9 expression, fa-
cilitating lineage reconstruction by genomic DNA sequencing [256]; [257].
Early CRISPR-Cas9 methods faced challenges of editing saturation and
potential false-positive lineage issues, especially in rapidly developing or-
ganisms. Mammalian lineage tracing lacked label diversity for prolonged
periods, prompting self-targeting approaches using homing guide RNA
(hgRNA) to create a genetic barcode, although with limited single-cell
resolution. Recent genomic advancements have improved in-vivo modifi-
cations Figure 4.1 [, incorporating transposases like PiggyBac [258], often
in conjunction with CRISPR-Cas9, or independently, as seen in the Sleep-
ing Beauty transposon system [259].

The mentioned methods frequently depended on DNA-based sequencing,
lacking the capability to capture the transcriptome and provide detailed
information about cell identity and state. Consequently, there is a need
for approaches compatible with single-cell RNA sequencing (scRNA-seq)
to address these limitations.

This solution is given by DNA barcoding discussed in the next section.

4.2.3 Expression-based lineage tracing: DNA barcoding

DNA barcoding techniques have evolved for compatibility with scRNA-
seq, expressing barcodes as RNA transcripts within the 3’UTR of a trans-
gene, allowing simultaneous capture with the transcriptome Figure4.1 G.
The length of barcodes, measured in base pairs (bp), is directly linked to
the number of unique labeling combinations. Therefore, the choice of li-
brary is influenced by this correlation.
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Retro/lentiviruses secure the inheritance of DNA barcodes in progeny cells,
aiding lineage relationship identification across numerous cells, with NGS
revealing barcode-cell associations. Applied to hematopoietic cells, this
approach unveils diverse clonal differentiation patterns in vivo and studies
cancer cells, uncovering heterogeneity and clonal evolution in various can-
cer subtypes.

Lentiviral transduction introduces unique barcodes into a cell’s genome,
facilitating clonal analysis but is confined to identifying populations from
a single cell.

To address this limitation, modified barcodes known as "CellTags" [260]
enable labeling in successive rounds, providing a relative timescale for lin-
eage tree construction. Lentiviral barcoding proves valuable in in vitro
cell culture or regenerative systems, allowing clonal resampling and linking
early cell states to eventual fates. This method, exemplified by CellTag-
ging [260], reveals insights into lineage conversion trajectories and gene
regulatory factors in reprogramming and hematopoiesis. Integrating ad-
ditional information, such as chromatin accessibility, may unveil hidden
heritable properties, offering deeper mechanistic insight into development
and reprogramming.

CRISPR-Cas9 lineage tracing methods have evolved for enhanced compat-
ibility with scRNA-seq [261] [256] [262].

Notably, the GESTALT (genome editing of synthetic target arrays for lin-
eage tracing) method stands out in this regard [261]. Utilizing CRISPR-
Cas9 editable cassettes integrated into genomes, GESTALT facilitates lin-
eage tracing in intact, developing organisms like zebrafish models. The
method has illustrated that the majority of cells in adult fish can be traced
back to a limited number of embryonic progenitors. In the study of neural
development, GESTALT has identified migratory neural progenitor pop-
ulations, shedding light on their greater potency compared to previous
understanding. However, limitations, such as large deletions erasing lin-
eage records, have prompted the development of alternative approaches
like ScarTrace [263] and LINNAEUS ([256]), which distribute Cas9 targets
across the genome to mitigate such effects.
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Single cell lineage tracing
reveals clonal dynamics of
anti-EGFR therapy resistance
in Triple Negative Breast
Cancer

5.1 Introduction

While EGFR-activating mutations and amplifications (> 5 copies) are
relatively rare in Triple-Negative Breast Cancer (TNBC) [22] [23] [24] [15],
a majority of primary TNBCs exhibit increased expression of EGFR due
to an increased gene copy number (three to four copies) [25] [26] [27] [24]
[17] [28] (Figure 5.1 A-G), representing a potential vulnerability for TNBC
patients [29].

However, EGFR-targeted therapies have demonstrated variable and un-
predictable clinical responses in TNBC [34] [35] [36] [37] [38].

On the other hand, genomic variants found to be predictive of anti-EGFR
resistance are relatively infrequent in TNBC patients [34] [23] [40] (Figure
5.1H), suggesting that non-genomic mechanisms of resistance must be at
play in TNBCs.
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Therefore, the lack of predictive biomarkers for response to anti-EGFR
therapies in TNBC has hampered the translation of EGFR inhibitors in
breast cancer.
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Figure 5.1. EGFR genetic alterations in patients’ cohorts. (A) Per-
centage of TNBC patients from TCGA cohort with CNVs (left bar) or muta-
tions (right bar) in EGFR gene. CNVs were divided in gain (3-4 copies, pink)
or amplification (> 5 copies, red), while mutations were separated in activating
(dark blue), deleterious (light blue) and not deleterious ones (cyan). (B,C)
Distribution (B) and correlation (C) of EGFR gene expression relative to its
copy number status in TNBC patients within the TCGA cohort. (D) EGFR
genetic alterations at the copy number and mutational level (Asian cohort of
patients). (E, F) EGFR gene expression distribution (E) and correlation (F)
as a function of its copy number status in TNBC patients from Asian cohort.
(G) Correlation between efficacy of anti-EGFR and EGFR status (mRNA,
protein expression, CNV and EGFR phosphorylation status) in TNBC cell-
lines. Data were downloaded from GDSC [7] portal and anti-EGFR efficacy
was computed as average IC5g of all drugs targeting EGFR. (H) Percentage
of TNBC patients harboring both deleterious (blue) and not deleterious (grey)
mutations in known anti-EGFRs resistance genes reported on x-axis. Details
on data analysis of patients cohort are reported in 6.2.8

To reveal these underlying mechanisms and identify drug resistance
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signatures to potentially improve patients’ stratification, we developed an
experimental and computational platform to enable and analyze single cell
lineage tracing in a human EGFR-dependent TNBC cell line (Section 5.2).
Next, as described in Section 5.3, we took advantage of retrospective lin-
eage tracing method to identify a pre-existing cellular population, char-
acterized by high expression of IGFBP2 gene which involvement in drug
resistance have been widely validated with orthogonal approaches.

The peculiar features identified thank to the retrospective lineage tracing
have been employed to develop a contrastive learning approach to auto-
matically predict Afatinib response in model cell lines, which is describef
in Section 5.4.

Finally, in Section 5.5, prospective lineage tracing was applied to recon-
struct the molecular dynamics of Afatinib resistance in MDA-MB-468.

5.2 Single-cell lineage tracing in EGFR-dependent
Triple Negative Breast Cancer (TNBC)

We integrated lineage tracing with single-cell transcriptomics to dis-
cover novel predictive biomarkers of resistance to EGFR inhibitors in
MDA-MB-468 cell line treated with Afatinib.

MDA-MB-468 is a human TNBC cell line characterized by wild-type EGFR
gene amplification, which is highly sensitive to anti-EGFR therapies [41]
[42] including Afatinib (Figure 5.2B). Additionally, it lacks mutations in
anti-EGFR resistance-associated genes such as KRAS and HRAS [39].
Afatinib is a highly selective second-generation EGFR TKI that covalently
binds to the intracellular tyrosine kinase domain of both EGFR and HER2
receptors, impeding the activation of EGFR signaling pathway [264] [265].
It exhibited substantial antitumor efficacy in a preclinical study assessing
the effectiveness of six EGFR inhibitors across 14 distinct TNBC cell lines
[266]. Its effectiveness was further demonstrated in TNBC PDX models,
where it showed the highest synergistic cytotoxicity, among 1,363 drugs
screened, when combined with YM155 (BIRC5 inhibitor) [267]. Finally,
it produced a modest effect in TNBC patients when co-administered with
neoadjuvant paclitaxel [265].
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To allow single-cell lineage tracing, each cell in the initial MDA-MB-468
population was individually labeled through transduction with Cellecta’s
CloneTracker XP 10M Barcode-3’ Libraries [268] at a low Multiplicity Of
Infection (MOI, 0.05) to avoid for multiple infections into a single cell
as described in 6.1.1 (Figure 5.2D). Cellecta library is a commercially
available lentiviral barcodes library [268| in which each virion carries the
plasmid depicted in Figure 5.2C, containing Venus, a red fluorescent re-
porter gene for infected cell detection, and a Puromycin resistance gene
for their corrected selection. Importantly, the Venus gene incorporates a
48-nucleotide barcode cassette, referred as lineage barcode, positioned ap-
proximately 70 nucleotides upstream of the polyA sequence in its 3’-UTR
region. This strategic placement makes the library compatible with oligo-
dT cDNA synthesis, a crucial step in RNA-sequencing library preparation.
In practice, lentivirus integrates the plasmid into the DNA of infected cells,
facilitating barcode transcription. The resulting RNA fragments, carrying
the barcode, are captured at the 3’ end using indexed oligo-dT primers,
ensuring the presence of the lineage barcode in sequencing files. This en-
ables its computational identification in both single-cell and bulk RNA
sequencing data, as described in 6.2.1.
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Figure 5.2. Platform for the identification of drug response biomark-
ers with single cell lineage tracing. (A) An overview of strategies of
lineage tracing. Once cells are marked, they can be exposed to a selected
drug concentration to drive the selection of resistant clones (yellow cells). In
prospective analyses resistant clones (i.e. lineages) are followed over time to
reconstruct driving mechanisms of drug adaptation. In retrospective analyses
resistant lineages are retrospectively mapped on the untreated condition to
reconstruct pre-existing mechanisms of drug resistance. (B) Average log IC5
distribution of MDA-MB-468 cells and of all the other available TNBC cell
lines to anti-EGFRs. (C) The Cellecta’s lentiviral construct. (D) Infection of
MDA-MB-468 cells to enable lineage tracing. (E) Scheme of the time series ex-
periment performed on the barcoded MDA-MB-468 cell line. D0 are untreated
parental MDA-MB-468 cells (MDA-MB-468-P) a few hours before Afatinib ad-
dition, and D3 through D40 is the duration of the experiment where cells where
subjected to incremental doses of Afatinib. Cells at D40 were considered as
Afatinib tolerant persisted cells (ATPC). 10x Chromium sequencing was per-
formed at D0, D3, D6 and D9 of 250 nM Afatinib treatment. Quantseq-Flex
to retrieve Afatinib-tolerant lineages in bulk was performed at Day 40 with
2000 nM Afatinib treatment. (F) Dose-response curve showing cell viability
of MDA-MB-468-P and MDA-MB-468-ATPC cells following treatment with
the indicated concentrations of Afatinib. (G) Estimated ICyy for the dose
response curve in (F). (H) Number of unique lineages in the MDA-MB-468-P
and MDA-MB-468-ATPC cell lines.

To gain a deeper understanding of clonal complexity of barcoded MDA-
MB-468 cells, we improved lineage barcode detection by utilizing a custom
bulk RNA-sequencing approach (see 6.1.1). Through this method, we iden-
tified 2,336 distinct clonal populations within the pool of barcoded MDA-
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MB-468 cells (Figure 5.2H ), representing groups of related cells descended
from a common ancestor.

Next, we employed the lineage tracing experimental platform to investigate
the mechanisms of drug resistance in TNBC. This exploration took into
consideration its temporal dynamics via a time series experiment (refer to
6.1.2). We induced the selection of drug-tolerant cells in our cellular sys-
tem by exposing barcoded MDA-MB-468 cells to escalating concentrations
of Afatinib, ranging from 250 nM to 2000 nM. The chosen concentration
range intentionally mimics a drug adaptation process, ranging from the
minimal level at which a breast cancer cell line responds to an EGFR
inhibitor from GDSCI screening [7], as shown in Figure 5.3 left, to the
highest concentration, which is twice the IC5g value of Afatinib in the
MDA-MB-468 cell line (Figure 5.3 right).

Drug concentration was doubled every 9 days to allow cells to adapt to the
drug treatment and sustain survival. This interval was chosen not only for
its ability to facilitate cellular adjustment to the drug but also to ensure
experiment reproducibility. Attempts to double the drug concentration at
shorter intervals resulted in notable variability in cell viability and incon-
sistent outcomes across experiments.
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Figure 5.3. (left) Barplot showing ICj5 values of anti-EGFRs (y-axis) in BC
cell lines screened in GDSC2 (top) and GDSC1 (bottom) dataset and colored
based on their CNV status (x-axis, ordered by median IC5g). (right) Dose-
response curve in terms of cell viability (y-axis) after Afatinib treatment at
the indicated concentrations (x-axis) on MDA-MB-468 cell line.




5.3. RETROSPECTIVE LINEAGE TRACING TO ELUCIDATE PRE-EXISTING MECHANISMS OF DRUG
RESISTANCE

47

Given that the ICxy represents the drug concentration at which 50% of
the treated cellular population dies, our decision ensures the identification
of fully drug-tolerant cells. Indeed, after 40 days, we obtained MDA-MB-
468 Afatinib Tolerant Persister Cells (MDA-MB-468 ATPC) which were
able to grow stably in a medium with 2000 nM of Afatinib showing a 4-fold
increase in Afatinib IC5y values with respect to the parental population
(Figure 5.2 F,G).

Interestingly, this population comprises only the 8% of the initial clones
(i.e., 192 out of the initial 2,336 ones), as we found from the retrieval
of the lineage barcode using RNA bulk sequencing (Figure 5.2E, lower
part). During the time-series experiment a subset of cells were collected
and frozen in order to be later sequenced with single cell transcriptomics.

In summary, our time series experiment accurately recapitulates a typi-
cal drug adaptation process. The lineage tracing platform we developed,
combining both experimental and computational approaches, facilitates
the evaluation of the clonal composition of cancer cell populations.

5.3 Retrospective lineage tracing to elucidate pre-
existing mechanisms of drug resistance

To unravel the dynamic non-genomic cellular states influencing the re-
sponse to Afatinib, we systematically collected cells at three-day intervals
for single-cell transcriptomics, providing close snapshots of their evolving
gene expression patterns (refer to Figure 5.2F).

Specifically, we performed single-cell transcriptomics using the 10X Chromium

platform (see 6.1.3) on 4,101 cells obtained at day 0, day 3, day 6, and day 9
post-Afatinib treatment (see Figure 5.4A). The Chromium 10X platform
was chosen for its heightened sensitivity and depth, enabling the detec-
tion of both lowly expressed genes and those expressed in a small fraction
of cells. This capability is particularly crucial for identifying rare cellular
populations. Ultimately, the sequencing data underwent analysis following
a standard workflow, as theoretically outlined in Chapter 3, and further
detailed for the specific analysis in 6.2.2.
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Figure 5.4. Retrospective lineage tracing analysis to reveal intrinsic
drug resistance biomarkers. (A) UMAP representation of MDA-MB-468
cells colour-coded for the days of treatment. (B) Retrospective projection
of the Afatinib tolerant persisted lineages on a UMAP representation of un-
treated MDA-MB-468 cells at Day 0. (C) Differential expression between Afa-
tinib tolerant persisted lineages versus Afatinib sensitive lineages on untreated
MDA-MB-468 cells (i.e. cells from Day 0). (D) Expression distribution of
IGFBP2 in Afatinib tolerant persisted lineages and Afatinib sensitive lineages
over time. Statistical differences were estimated using a two-tailed Wilcoxon
test. (E) IGFBP2 expression in MDA-MB-468-P and MDA-MB-468-ATPC
cells measured by real-time quantitative PCR. The statistical difference was
estimated using a two tailed T-test.

The UMAP plot reported in Figure 5.4A, show that cellular popu-

lations within each time point are quite homogeneous, with extreme time
points, i.e. control and day 9, with higher homogeneity respect to interme-
diate time points (day 3 and 6). This could indicate an initial drug-induced
stress which is rapidly overcome at day 9 that show a different “stable”
state, in line with the current knowledge of drug adaptation mechanism.
Next, the clonal composition of the cellular populations into each time
point was evaluated by analyzing transcriptional barcodes in single cells,
following the steps reported in 6.2.1, allowing us to capture the transcrip-
tional state of 448 distinct clones at day 0, and 186, 206, and 228 distinct
clones at day 3, day 6, and day 9, respectively.
To identify the rare drug-tolerant pre-existing cellular population, we con-
ducted a retrospective analysis (i.e. retrospective lineage tracing). This
involved mapping the barcodes of the 192 fully Afatinib-tolerant clones
observed on day 40 onto the single-cell data of untreated MDA-MB-468
cells at day 0, as depicted in Figure 5.4B.

Subsequently, we explored the possibility of identifying genes with dis-
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tinct expression patterns in untreated cells at day 0 which contribute to
understanding the pre-existing mechanisms of resistance to Afatinib treat-
ment. To this end, we compared cells originating from Afatinib-tolerant
lineages with those from Afatinib-sensitive lineages, the latter being those
disappeared during 40 days of continuous Afatinib exposure (see 6.2.2).
Remarkably, we observed differential expression in 374 genes between these
two cell populations (refer to Table 6.1), with 221 genes exhibiting up-
regulation in the Afatinib-tolerant lineages and 153 genes up-regulated in
the Afatinib-sensitive lineages (see Figure 5.4C).

To unravel the mechanisms underlying Afatinib resistance associated with
the genes in our signature, we conducted a Gene Ontology Enrichment
Analysis (GOEA) on the 221 up-regulated genes in the Afatinib-tolerant
cell population. This analysis unveiled involvement in biological processes
associated with resistance to EGFR TKIs observed in other cancer types,
such as oxidative phosphorylation (OXPHOS) and fatty acid metabolism
[16] [269] [262] [270] (refer to Table 6.2).

These processes are implicated in reducing drug-induced stress by detoxi-
fying secondary products derived from drug action on cellular components.
Conversely, the Afatinib-sensitive cell population exhibited up-regulation
of 153 genes, including EGFR and several genes associated with the estro-
gen signaling pathway (refer to Table 6.3).

This observation validates a diminished cellular reliance on these signaling
pathways, potentially blocked by the treatment, serving as an initial indi-
cation of resistance.

To validate our approach, we concentrated on characterizing the most
significantly upregulated gene within the untreated Afatinib-tolerant lin-
eages. Asshown in Figure 5.4C, it was Insulin-Like Growth Factor Binding
Protein 2 (IGFBP2), recently linked to the progression and metastasis of
various tumor types [271] [272].

This protein, a member of a six-gene family, exhibits high affinity for bind-
ing to Insulin-like Growth Factors I and II (IGF1 and IGF2), thereby am-
plifying the activation of Insulin-like Growth Factor Receptors (IGF1-R
and IGF2-R). Notably, these receptors have been associated with resis-
tance to EGFR TKIs in glioblastoma [273] [274] and NSCLC [275] [276].
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Interestingly, the high expression of IGFBP2 observed in Afatinib-tolerant
lineages, existing prior to drug treatment, persists throughout the treat-
ment period, as illustrated in Figure 5.4D. This implies a potential involve-
ment of this gene, among the others, in both the initiation and maintenance
of drug resistance.

Indeed, the increased expression of the IGFBP2 gene in Afatinib-tolerant
clones was subsequently validated through qRT-PCR in MDA-MB-468-
ATPC (see 6.1.4) showing a 2-fold increase (Figure 5.4F).

Targeted drugs usually function by inhibiting a specific target situated
upstream of a signaling pathway. Consequently, when cells undergo treat-
ment and this target is suppressed, the entire pathway experiences block-
ade. Nevertheless, cells manage to overcome this blockade by activating
compensatory pathways, effectively activating downstream components of
the initially impeded one. In the case of EGFR-TKIs resistance, numerous
studies have demonstrated the activation of IGF1-R, MET, and the PI3K-
AKT-mTOR signaling signaling pathways [39] [277] [237] [278] [279].
This understanding, coupled with the knowledge that IGFBP2 is part of
the IGF1-R pathway, prompted us to co-treat parental MDA-MB-468 cells
with different concentrations of Afatinib and GSK-1904529A, a selective
inhibitor of IGF1-R and Insulin Receptor (INSR). As shown in Figure 5.5
(see 6.1.5 for experimental details) co-treatment of parental MDA-MB-
468 cells at different concentrations of Afatinib and GSK-1904529A had a
strong synergistic effect on these cells.

The occurrence of synergism in drug combination studies is validated when
the combined effect of two or more drugs surpasses the sum of their individ-
ual ones. This substantiates the effectiveness of simultaneously blocking
two distinct pathways (i.e., EGFR and IGF1-R) in this experimental con-
text.
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Figure 5.5. Compensatory activation of IGF1-R and INSR pathways
to overcome EGFR inhibition. (A) Single agent dose-response data and
fitted curve for Afatinib (upper) and GSK-1904529A (lower) on MDA-MB-
468 parental cells. (B) (left). Synergy scores calculated using Combenefit
tool according to the Loewe additivity model (see 6.1.5) for different concen-
tration of Afatinib and GSK-1904529A on MDA-MB-468 parental cells. The
larger the value stronger is the synergism while negative values mean antago-
nism between the two drugs. The number below the synergy score is standard
deviation. Asterisks below standard deviation indicate results that are sta-
tistically significant by the one-sample t-test. The degree of significance are
as follows: * p < 5x10-2; ** p<10-3; *** p<10-4. The number of biological
replicates (N) is indicated at the top left of the matrix. (right) Combination
dose-response surface, expressed as a percentage of the control value. Overlain
on the dose response surface are the Loewe synergy scores.(C) Same as (A)
but where concentration of Afatinib vary from 31nM to 1pM. (D) Same of
(B) but where concentration of Afatinib vary from 31nM to 1pM.

To gain a more thorough understanding of the dose-response relation-
ship, we conducted two independent experiments in triplicate. One exper-
iment involved varying Afatinib concentrations from 1 to 16 M (see Figure
5.5 A,B), while the other focused on lower Afatinib concentrations, rang-
ing from 31 nM to 1 M (see Figure 5.5 C,D).

As depicted in Figure 5.5 B, the synergistic interaction between Afatinib
and GSK-1904529A is noticeable across a broad spectrum of Afatinib con-
centrations, with particular potency observed around 1 M, which is ap-
proximately the IC5g value for MDA-MB-468 (Figure 5.3B).

These findings further validate the existence of a pre-existing subset of
cells exhibiting heightened activity in the compensatory IGF1-R signaling
pathway sustained by IGFBP2.

In conclusion, the integration of scRNA-seq and lineage tracing techniques
enabled us to pinpoint a set of potential biomarkers for intrinsic drug re-
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sistance, enhancing the stratification of patients. Initial characterization
of the most up-regulated gene, IGFBP2, suggests promising prospect.

5.4 Contrastive learning to predict Afatinib re-
sponse in TNBC cells.

Employing retrospective lineage tracing within our cellular model, we
successfully delineated a unique signature encompassing 374 potential biomark-
ers linked to intrinsic drug resistance. This discovery prompted an explo-
ration of the predictive potential of these genes as biomarkers for Afatinib
therapy in other Triple Negative Breast Cancer cells.

To address this, we developed scASTRAL (single-cell Afatinib reSponse
of TRiple negAtive cells), a novel deep doublet learning approach de-
tailed in the 6.2.3.

Leveraging contrastive learning and Supported Vector Machine (SVM),
scASTRAL predicts Afatinib sensitivity from single-cell data using the ex-
pression values of the 374 identified marker genes for Afatinib response
shown in Figure 5.6.




5.4. CONTRASTIVE LEARNING TO PREDICT AFATINIB RESPONSE IN TNBC CELLS.

53

B cell class distance
inter-distance [==1 intra-distance

learned embedding

6 before traning 16;

5
> 4 \
23 2 s
3

20

|
"o

Density

step 2 - SVM training

lw)

0 02 y
cosine distance

300

06 08 0 05 1 15 2

cosine distance

SCC =068

Pvalue = 0.0038

T e :

L) -

0 025 050 075
Predicted sensitive cells (%)

-04 00 04
Spearman Correlation Coefficient

Figure 5.6. Single-cell Afatinib response prediction in TNBC cells.
(A) Schematics of scASTRAL. Contrastive learning is used in the first step
to build an embedding space where positive examples (two cells of the same
class) are separated from negative examples (two cells of different classes). In
the second step an SVM classifier is trained on the learned embedded space
to predict the class (i.e. Afatinib-tolerant or Afatinib-sensitive) of novel cells.
(B) Inter- and intra- cosine distance between sensitive and tolerant MDA-MB-
468 cells before and after the training. Intra-distance is the cosine distance
among cells of the same Afatinib response class, while inter-distance is the
distance among cells belonging to two different Afatinib response classes (C)
UMAP representation of 22,724 TN breast cancer cells from 16 cell lines. (D)
Spearman Correlation Coefficient (SCC) between scASTRAL predicted sensi-
tivity to Afatinib and experimentally estimated IC5. (E) Histogram of SCC
values computed between scASTRAL predicted sensitivity to Afatinib and ex-
perimentally estimated IC5o using 374 random genes. 1,000 simulations were
performed. Red arrow indicates SCC value obtained using the 374 Afatinib
response marker genes we identified with our retrospective lineage tracing ap-
proach.

Contrastive learning enhances low-dimensional data embeddings by
bringing similar samples closer and pushing dissimilar ones farther apart
[280] [281] [282].

In our specific context, it constructs an embedding space where positive
examples (e.g., two cells with the same drug response label) are segregated
from negative examples (e.g., two cells with different drug response labels).
On the other hand, the SVM excels in binary classification, utilizing an op-
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timal decision boundary, the hyperplane, to maximize the margin between
data points of distinct classes., thus improving clarity in class differentia-
tion [283] [284] [285].

As illustrated in Figure 5.6 A, scASTRAL takes cells as input, represent-
ing their transcriptional status through the expression values of the 374
marker genes identified in the intrinsic Afatinib response.

The method involves two main steps. In the first step, scASTRAL con-
structs an embedding space, minimizing cosine distance within the same
Afatinib-response class clones and maximizing distance between different
clones (Figure 5.6B). This ensures robust and scale-independent compar-
isons, as cosine distance assesses similarity without considering object size.
In the second step, scASTRAL employs an SVM classifier to distinguish
between Afatinib-sensitive and Afatinib-tolerant cells within the learned
space from the first step.

We trained scASTRAL using the drug response labeled 1,541 MDA-MB-
468 control cells (see 6.2.3) and assessed its performance in predicting
Afatinib sensitivity on 22,724 single-cell transcriptional profiles from 16
TNBC cell lines (refer to Figure 5.6C'). Specifically, data for 11 of the 16
cell lines (comprising 15,022 cells) were sourced from the recently released
breast cancer atlas [136], while the remaining 5 cell lines (SUM149PT,
SUM185PE, SUM22PE, SUM159PT, and SUM1315MO2), totaling 7,702
cells, were de novo sequenced using the DROP-seq platform [5] (see 6.1.6
for experimental details and 6.2.4 for computational ones).

Subsequently, we utilized scASTRAL to project the 22,724 triple-negative
cells into the acquired Afatinib-response space, classifying each cell as sen-
sitive or resistant to Afatinib, following the procedure reported in 6.2.5.

To assess scASTRAL’s predictive performance for Afatinib sensitivity, we
translated single-cell predictions to the cell-line level. This involved com-
puting the fraction of predicted Afatinib-sensitive cells in each cell line
and correlating these values with experimentally estimated Afatinib ICsq
values obtained from the Genomics of Drug Sensitivity in Cancer (GDSC)
database [7] or measured de novo when unavailable (refer to Table 6.4).

Figure 5.6 D illustrates that sScASTRAL accurately predicted cell-line sen-
sitivity values, exhibiting significant correlation (P=0.0038, SCC=0.68)
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with the corresponding experimentally estimated IC5p values (see Table
6.5). To assess the predictive power of our 374-marker gene signature, we
utilized Monte Carlo simulations which model the probability of various
outcomes in processes influenced by random variables.

In each simulation, we randomly selected 347 genes, trained scASTRAL
on MDA-MB-468 control cells, applied the model to predict Afatinib re-
sponses in the 16 TNBC cell lines mentioned earlier, and assessed perfor-
mance by correlating predicted sensitivities with experimentally estimated
1C50 values. Despite conducting 1,000 simulations, Figure 5.6F demon-
strates that none yielded a set of 347 genes surpassing the predictive capa-
bility of those identified through our retrospective lineage tracing strategy.

In summary, these findings show the efficacy of our cell lineage tracing
strategy, which retrospectively maps drug-tolerant clones onto untreated
cells. Beyond facilitating the identification of predictive biomarker genes
for drug response, this approach also exhibits promise in proficiently clas-
sifying cell lines, especially in situations where drug response data are
unavailable.

5.5 Prospective lineage tracing to identify biomark-
ers of acquired drug resistance

In our earlier analyses (see paragraph 5.2), it was revealed that among
the 2,336 clones (i.e., lineages) initially present in the parental MDA-MB-
468 cellular population, only 192 eventually developed full tolerance to
Afatinib treatment.

To understand the evolutionary trajectory of these tolerant clones over
time, we computed, at each sequenced time point, the percentage of cells
associated with each Afatinib-tolerant lineage.

This was done by estimating the number of cells linked to a specific lineage
and dividing it by the total number of sequenced cells. The trends of these
percentages over time are depicted in Figure 5.7A (and detailed in Table
6.6).
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Figure 5.7. Prospective lineage tracing analysis to reveal acquired
drug resistance biomarkers. (A) Cellular frequency of the Afatinib tol-
erant clones bc14-013:bc30-092942 and bc14-013:bc30-092942 and all other
clones at the sequenced time points (CTRL, Day 0), Day 3, Day 6, Day 9). (B)
Cellular frequency of clones bc14-013:bc30-092942 and bcl4-013:bc30-092942
in the MDA-MB-468-ATPC cell line. (C) Up-regulated genes identified by
comparing cells belonging to the dominant clones to cells belonging to the
neutral clones. (D) Average log2 fold change (FC) of the top ten up-regulated
genes from (C). A 95% confident interval is reported. (E) Expression dis-
tribution of IGFBP2 in dominant and neutral clones over time. Statistical
differences were estimated with a two-tailed Wilcoxon test.

This analysis revealed that 190 of the 192 lineages maintain a constant

relative population size (i.e. the same percentage) over time, which we
termed ‘“neutral”. The remaining 2 clones, however, showed significantly
increased relative size frequency, constituting nearly half (45%) of the total
population after nine days of Afatinib treatment (see Figure 5.7A), which
we termed “dominant”.
Subsequent analysis verified that these two clones emerged as the pre-
dominant ones, constituting 81% (see Figure 5.7B) of the drug-tolerant
MDA-MB-468-ATPC cell line (i.e., cells after 40 days of Afatinib expo-
sure).

To identify key genes driving the cellular expansion of these two domi-
nant clones during the first nine days of Afatinib treatment, we catego-
rized cells into two groups based on the behavior of their clone of origin,
distinguishing them as either "dominant" or "neutral". Next, we applied
a semi-supervised pseudotime reordering algorithm [286] to combine func-
tional and time-dependent trajectories, providing a comprehensive depic-
tion of the evolutionary pattern for both types of clones. Subsequently,
we applied time-course differential expression analysis [287] to pinpoint
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genes that displayed up-regulation specifically in the cells of the dominant
clones (for additional details, refer to 6.2.6). This led to the discovery of
a comprehensive set of 549 driver genes, all demonstrating significant up-
regulation (FDR < 5%) in the dominant clones (consult Figure 5.7C and
Table 6.7 for details).

Particularly noteworthy is the consistent emergence of IGFBP2 as the
most up-regulated gene (see Figure 5.7D). These findings, along with its
constant upregulation through time points in dominant clones respect to
neutral ones (Figure 5.7E) strongly suggest that IGFBP2 may be instru-
mental in both the initiation of resistance and the subsequent cellular
expansion during Afatinib treatment.

To test for IGFBP2 implication in drug resistance, we generated two novel
cell lines from the parental MDA-MB-468 cell line using CRISPR-based
transcriptional modulation techniques to enhance/reduce the expression of
IGFBP2 gene in physiological conditions (details in 6.1.7).

This comes in two variants: CRISPRi for repression and CRISPRa for ac-
tivation. They both contains a nuclease deactivated Cas9 (dCas9), to the
target genomic region thanks to a guide RNA (sgRNA), without generat-
ing a DSB, fused with a transcriptional repression domain, or a transcrip-
tional activation one, respectively. In our case CRISPRa model was the
MDA-MB-468-VPH-IGFBP2, stably overexpressing IGFBP2, and MDA-
MB-468-KRAB-IGFBP2 stably downregulating IGFBP2 expression, as re-
ported in Figure 5.8.
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Figure 5.8. Identification of genes driving cellular expansion during
Afatinib adaptation. (A) Dose-response curve in terms of cell viability
following treatment of MDA-MB-468 control (CTR) and IGFBP2-knockdown
cells with Afatinib at the indicated concentrations (see 6.2.7). A value of
6.81 corresponds to a very strong significant difference between the two dose-
response curves [8]. (B) Dose-response curve in terms of cell viability of MDA-
MB-468 control (CTR) and IGFBP2-overexpressing cells following treatment
with Afatinib at the indicated concentrations. Significance was assessed as in
(A). A value of 4.3 corresponds to a strong significant difference between the
two dose-response curves [8]. (C) Colony assay (representative images) for
MDA-MB-468 control (CTR) and IGFBP2-overexpressing cells after 10 days
of Afatinib exposure at 2, 5 and 10 uM (left). Quantification is reported on the
right. Experiments were performed in triplicate. (D) Spheroid volume growth
of MDA-MB-468 control and IGFBP2-overexpressing cells with 2 uM Afatinib
(see 6.1.9) over time. (E) Colony assay (representative images) for MDA-MB-
468 control and IGFBP2-knockdown cells after 3 days of Afatinib exposure at
0.5 and 1 uM (left). Quantification is reported on the right. Experiments were
performed in triplicate. (F) Spheroid volume growth of MDA-MB-468 control
and IGFBP2-knockdown cells with 2 uM of Afatinib over time. (G) Spheroid
volume growth over time of MDA-MB-468 IGFBP2-overexpressing cells. (H)
Spheroid volume growth over time of MDA-MB-468 IGFBP2-knockdown cells.
1 Transwell migration assay of MDA-MB-468 IGFBP2-overexpressing cells.
Reported p values from panels C to I were estimated using two-tailed t-test.

As depicted in Figure 5.8 A, exposing these cells to escalating concen-
trations of Afatinib revealed a substantial increase in cytotoxicity across
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the concentration range (see 6.2.7), after IGFBP2 knockdown. This im-
provement is evident in Figure 5.8 A, showing a notable reduction in the
1C5p value for these cells.

The data additionally highlights almost complete cellular death in the pop-
ulation at 2 uM Afatinib, emphasizing the compromised capacity of these
cells to endure adverse conditions. Conversely, IGFBP2 overexpression
significantly decreased cytotoxicity, elevating both the IC5y value and the
concentration at which the drug’s cytotoxic effect was total.

Conversely, to demonstrate the potential involvement of IGFBP2 in cellu-
lar expansion under treatment, we conducted a cell colony growth assay
on both cellular systems (see 6.1.8).

The system with IGFBP2 overexpression exhibited robust cellular growth
even at high Afatinib dosages, ranging from 2 to 10 M, showing a significant
enhancement compared to the control, as presented in Figure 5.8 B. This
behavior persisted in 3D cell culture (see 6.1.9), where IGFBP2 overexpres-
sion amplified MDA-MB-468 spheroid growth during a nine-day exposure
to 2 uM Afatinib, mirroring the findings of our time series experiment
(Figure 5.2F).

In contrast, IGFBP2 knockdown hindered colony formation after 5 days
of exposure to 1 uM Afatinib (see Figure 5.8C') and significantly impeded
MDA-MB-468 spheroid growth throughout the nine days of Afatinib treat-
ment (see Figure 5.8D).

To assess whether IGFBP2 might serve as a potential generalized biomarker,
among others, imparting resistance to Afatinib in other TNBC cell lines,
namely HCC1806 and HDQ-P1, we conducted gene overexpression inves-
tigations.

The first cell line represents the most sensitive cell line to Afatinib, while
the latter, despite harboring a heterozygous deletion of IGFBP2, stands as
the second most sensitive. For the first cell line, a CRISPRa system was
employed to generate cells stably overexpressing IGFBP2, whereas in the
second cell line, plasmid transfection was utilized (6.1.10).

As shown in Figure 5.9, again overexpression decreased Afatinib cytotox-
icity in both cell lines, thus indicating a possible involvement in Afatinib
resistance for a broader range of TNBC cell lines.
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Figure 5.9. IGFBP2 implication in Afatinib resistance. (A) Dose-
response curve in terms of cell viability following treatment with Afatinib at
the indicated concentrations on HCC1806 IGFBP2 overexpressing cells and
relative control cells. (B) Dose-response curve in terms of cell viability fol-
lowing treatment with Afatinib at the indicated concentrations on HDQ-P1
IGFBP2 overexpressing cells and relative control cells. (C) Transwell migra-
tion assay of HCC1806 IGFBP2 overexpressing cells. (D) Transwell migration
assay of HDQ-P1 IGFBP2 overexpressing cells.

All together, these results demonstrate the capacity of our cell lineage
tracing strategy to enable the reconstruction of cell expansion at single-
clone resolution, providing insights into the dynamic nature of drug resis-
tance mechanisms. Our findings also reinforce the role of IGFBP2 as one
of the players influencing Afatinib adaptation in MDA-MB-468 cells.

5.6 Reconstruction of gene expression dynamics
of acquired mechanisms of drug resistance

The signature related to acquired mechanisms that we identified al-
lowed us to validate the involvement of IGFBP2 over time. However, it’s
crucial to recognize that other genes may play a role, and their activation
might be induced in later stages of the drug response.

To pinpoint these potential targets and obtain a more comprehensive un-
derstanding of gene expression dynamics during Afatinib response, we ana-
lyzed the expression patterns of the 549 driver genes that were upregulated
in drug-tolerant lineages along their reconstructed pseudotime trajectory
(refer to 6.2.6).

After clustering analysis (see 6.2.6) four distinct patterns of transcriptional
adaptation to Afatinib treatment were observed (Figure 5.10).
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Cluster one encompassed genes with an "early" transcriptional response,
showing a significant increase after three days of treatment, while cluster
two comprised genes with a "delayed" transcriptional response, demon-
strating a significant increase after six days of treatment. Cluster three
included genes that consistently downregulated in expression during Afa-
tinib treatment, whereas genes in cluster four exhibited a “waving” behav-
ior with a transient decrease in expression followed by a return to baseline
levels.
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Figure 5.10. Gene expression dynamics in response to Afatinib adap-
tation. (A) 549 driver genes clustered according to their expression. Cells are
binned according to their reconstructed pseudotime. The average expression
profile of the genes in the cluster and the cell composition of each bin as a
percentage of cells in each timepoint is reported below each cluster. (B) Gene
ontology enrichment analysis of 549 genes (bottom) and for each enriched term
the percentage of genes belonging to a specific cluster of (A). (C) Genes in
the enriched term EGFR tyrosine kinase inhibitor resistance and the cluster
of (A) in which they fall.

Subsequently, we conducted time-resolved Gene Ontology Enrichment
Analyses (GOEA) to unravel the sequential activation of transcriptional
programs guiding the adaptation to Afatinib.

Initially, we performed GOEA on all 549 driver genes (see Table 6.8) and
then determined the specific activation times of each significant GO term
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by calculating the proportion of genes it included from each cluster.

The GOEA analysis of the 549 driver genes (refer to Figure 5.10B) unveiled
numerous biological processes previously associated with drug resistance
in other cancer types, encompassing lysosome biogenesis, Reactive Oxy-
gen Species (ROS) homeostasis, and fatty acid metabolism [288] [289] [290]
[201] [292] [293] [294].

Additionally, it highlighted specific genes linked to EGFR resistance, such
as PDGF-C [295]|, FGF2 [296] [297], PIK3R2 [298], HRAS [299], MAPK3
[300] [301], GAS6 [279] and BAX [302| (refer to Figure 5.10C).

Notably, PDGF-C and FGF2 serve as ligands for PDGFR- and FGFR
receptors, respectively, which related pathways are well-established com-
pensatory ones activated to counteract EGFR inhibition [303] [92]. This
activation is often linked to the acquisition of mesenchymal features [303]
[92], so pointing out to dediferrentiation, one of the most known non ge-
netic drug resistance mechanism, a trait frequently sustained by the AXL
pathway [304] [305] where GAS6 acts as an activator, an additional EGFR
resistance gene we identified (refer to Figure 5.10C").

Furthermore, lysosome biogenesis and lipogenesis have been extensively
studied for their involvement in drug adaptation across various cancer
types, encompassing both standard chemotherapeutics and targeted ther-
apy [288] [289] [290] [291] [292] [293] [294].

Enhanced lysosomal biogenesis facilitates the sequestration of hydrophobic
weak base compounds, thereby mitigating the cytotoxic potential of a drug
by limiting its availability at the site of action [288] [289]. Conversely, en-
hanced lipogenesis has been reported to contribute to drug adaptation by
reducing drug uptake and participating in antioxidant cell defense through
the regulation of membrane fluidity [290] [291] [292] [293] [294].

As depicted in Figure 5.9A, a discernible temporal program emerges, al-
though most pathways feature genes distributed across all four clusters.

Notably, lysosomal genes show significant enrichment in clusters one and
two, indicating a potential early cellular response to drug-induced damage.
In contrast, genes associated with fatty acid metabolism, Reactive Oxygen
Species (ROS), and EGFR TKI resistance (refer to Figure 5.9B) display
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expression profiles falling within clusters three and four. Here, gene ex-
pression is elevated from day 0 (i.e., untreated cells), suggesting that these
pathways may represent inherent characteristics of drug-tolerant cells, ei-
ther required in later stages of drug adaptation (cluster four) or not (cluster
three).

In conclusion, these findings substantiate the hypothesis that, in response
to Afatinib, tolerant clones not only induce xenobiotic detoxification mech-
anisms to limit drug availability but also activate compensatory pathways
beyond IGF1-R to sustain pro-survival signals.

This capability allows them to diminish Reactive Oxygen Species (ROS)
production [306], concurrently alleviating their detrimental effects by gen-
erating antioxidants and facilitating Epithelial to Mesenchymal Transition
(EMT) [92] [303].







Chapter

Conclusions

Due to the intricate genetic makeup of triple-negative breast cancer

(TNBC) and the absence of recurrent oncogenic alterations, treatment op-
tions for TNBC are currently limited to conventional chemotherapies [14]
[13] [21].
Despite increased EGFR, expression in the majority of primary TNBCs,
EGFR-targeted therapies have shown inconsistent clinical responses, ne-
cessitating the urgent exploration of novel approaches to identify biomarker
genes that can effectively guide tailored EGFR-targeted treatments [35]
[34] [36] [38] [37]. Clinical studies of EGFR inhibitors in various tumor
types have revealed variable response rates, emphasizing the need for ro-
bust biomarker identification strategies to predict patient outcomes accu-
rately and optimize EGFR-targeted therapy in TNBC.

In this investigation, we employed single-cell transcriptomics, cellular bar-
coding, and time-resolved computational analyses to comprehensively char-
acterize the transcriptional profile of MDA-MB-468 cells in response to
Afatinib treatment, a potent tyrosine kinase inhibitor (TKI) targeting both
EGFR and HER2 proteins. Retrospective lineage tracing analysis uncov-
ered a pre-existing subpopulation of Afatinib-tolerant MDA-MB-468 cells
with distinct features, including elevated IGFBP2 gene expression.

Experimental validation demonstrated that IGFBP2 overexpression ren-
ders TNBC cells tolerant to Afatinib by activating the compensatory IGF1-
R signaling pathway in MDA-MB-468 cells. Prospective lineage tracing
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analysis revealed several mechanisms contributing to drug adaptation, in-
cluding lysosome biogenesis, reactive oxygen species homeostasis, and fatty
acid metabolism [288] [289] [290] [291] [292] [293] [294].

Our approach not only shed light on the molecular mechanisms of Afa-
tinib resistance in MDA-MB-468 cells but also led to the development of
an algorithm, scASTRAL, through deep learning techniques.

This algorithm accurately predicts Afatinib sensitivity based on the ex-
pression levels of 374 genes identified through retrospective lineage tracing.
The signature demonstrated generalizability by accurately predicting Afa-
tinib response in both publicly available and de novo single-cell datasets
of TNBC cell lines.

Further studies are required to explore whether the transcriptional pro-
grams linked to Afatinib resistance are conserved across different tumor
types and shared by other tyrosine kinase inhibitors (TKIs).

Understanding the diverse responses of cancer cell clones to treatment
is crucial for comprehending how intra-tumor heterogeneity affects drug
efficacy and identifying druggable targets for personalized cancer ther-
apy. Our findings underscore the promising potential of lineage tracing
techniques to reconstruct single-clone behaviors under various stimuli, fa-
cilitating the identification of predictive biomarker genes that can inform
personalized treatment strategies for cancer patients.




Appendix - Materials and Methods

6.1 Experimental Methods

6.1.1 Set up of the lineage tracing experimental platform

For single-cell lineage tracing, we engineered MDA-MB-468 cells with
Cellecta’s CloneTracker XP 10M Barcode-3’ Libraries that is a commer-
cially available lentiviral barcodes library [268|.

Each virion carries a plasmid containing Venus, a red fluorescent reporter
gene for infected cell detection, and a Puromycin resistance gene for cor-
rectly infected cells selection. Importantly, the 3-UTR of the Venus gene
incorporates a 48-nucleotide barcode sequence.

To establish the cellular barcoded pool, 50,000 cells were infected with
the library using LentiTrans™ Polybrene Transduction Reagent at a low
MOT (0.05), resulting in a 5% infection rate and generating a population
with 2,500 unique barcodes. After 72 hours post-infection, 1 ug/mL of
Puromycin (Thermo Fisher Scientific) was added to the medium to selec-
tively retain transduced MDA-MB-468 cells.

Following 5 days, the selected cells were evaluated for Venus expression us-
ing the BD AccuriTM C6 flow cytometer (BD Biosciences, Franklin Lakes,
NJ, USA), confirming 100% positivity. Subsequently, the cells were ex-
panded in culture medium supplemented with 1 pg/mL of Puromycin.
To enhance barcode identification in the parental and fully tolerant cellu-
lar populations, we utilized QuantSeq-Flex technology for bulk RNA-seq.
For this purpose, total RNA was extracted from three independent bio-
logical replicates using the Qiagen RNeasy Mini kit, following the man-
ufacturer’s instructions. Subsequently, libraries were prepared according
to the protocol provided by Lexogene. To specifically capture Cellecta
barcodes, target-specific reverse transcription primers were designed, each
incorporating a partial Illumina P7 adapter extension followed by the
target-specific sequence, in accordance with the guidelines outlined in the
QuantSeq-Flex manual. These primers were utilized as a pool at a con-
centration of 50 nM, with lengths ranging from 44 to 50 nucleotides as
required by the manufacturer’s protocol.
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6.1.2 Time series experiment

To explore the mechanisms of drug resistance in TNBC, we subjected
MDA-MB-468 cells to incremental concentrations of Afatinib and per-
formed single-cell sequencing at intermediate time points. This approach
allowed us to reconstruct changes in transcriptomic profiles over the course
of treatment.

To achieve this, 5 x 105 barcoded cells were plated in triplicate in a 6-well
plate and allowed to adhere for 24 hours. Concomitantly, control cells
were plated in triplicate, and their viability was monitored throughout the
experiment. Subsequently, the cells were exposed to incremental concen-
trations of Afatinib (Selleckchem cat. Num. S1011), starting from 250
nM, with each treatment lasting 72 hours.

The Afatinib concentration was doubled every nine days, reaching up to 2
uM. At intervals of 3 days, cell viability was assessed for both treated and
untreated cells, and 1 x 10* treated cells were collected and cryopreserved
from each treated replicate. This was achieved by centrifuging the cells
at 1,100 rpm for 3 minutes, resuspending them with resuspension buffer
(RB) (100% FBS) to obtain a final concentration of 1,000 cells/ul. Sub-
sequently, 10 ul of this cell suspension was combined with 90 ul of RB to
achieve a final concentration of 100 cells/sul (total: 1 x 10* cells). Finally,
100 il of cold freezing buffer (FB) (100% FBS and 5% DMSO) was added
before storing the cells at -80°C.

6.1.3 Single-cell sequencing with 10X Chromium platform

To single cell profile the cryopreserved samples derived from interme-
diate picking during time series experiment underwent thawing in a 37°C
water bath and were thoroughly washed with MACS@®) Separation Buffer
(Miltenyi Biotech).

Single-cell suspension viability was assessed using Trypan Blue on a LUNA-
IT™ Automated Cell Counter (Logos Biosystems). After filtering through
a 40-pm filter and centrifugation, cells were resuspended to a final con-
centration of 1 x 103 cells/ ul. Single-cell libraries were generated using a
Chromium Single Cell Gene Expression 3 Library and Gel Bead kit v3.1
[144]. The cells, along with gel beads, were injected into microfluidic chips
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of the 10x Chromium instrument, forming nanoliter-scale Gel Beads-in-
Emulsion (GEMs). Reverse transcription within the GEMs was carried
out, followed by sample purification, cDNA amplification, and quantifica-
tion. Amplified cDNAs were then fragmented, end-repaired, A-tailed, and
subjected to post-ligation amplification.

Sequencing-ready libraries were purified, and their quality and concentra-
tion were assessed before sequencing on a NovaSeq 6000 SP 100 cycles flow
cell.

6.1.4 RNA extraction, reverse transcription, and quantita-
tive RT-PCR (qPCR)

Cell line total RNA extraction employed the Qiagen RNeasy Mini kit
(Qiagen, Hilden, Germany) in accordance with the manufacturer’s instruc-
tions. Subsequently, 1 ug of total RNA per sample was utilized for double-
strand cDNA synthesis through the QuantiTect Reverse Transcription Kit
(Qiagen). Quantitative Real-Time PCR (qRT-PCR) involved a reaction
mixture comprising 10 uL of 2x Sybr Green (LightCycler 96, Roche Molec-
ular Systems, Inc.), 200 nM of each primer, and 20 ng of the previously
generated cDNA.

Relative gene expression was determined using the comparative C(T) method,

with RP18S serving as the housekeeping gene.

6.1.5 Drug combination assays

A total of 4 x 10* MDA-MB-468 cells were plated in a 96-well plate
and incubated overnight at 37°C. Afatinib and GSK-1904529A drugs were
prepared in various dilutions and then combined in all possible pairs to
generate either a 5 x 5 or 5 x 6 drug combination matrix. Subsequently,
cells were exposed to either single-agent drugs or to the drug pairs from
the combination matrix, with negative controls treated with DMSO (each
treatment performed in triplicate). After a 72-hour incubation at 37°C,
cell viability was assessed using the CellTiter (Promega), and absorbance
was read at 490 nm with the GloMax®) Discover instrument plate reader.
Interactions between Afatinib and GSK-1904529A drugs, along with ex-
pected drug responses, were calculated using the Combenefit tool [307]
employing the Loewe additivity model.
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6.1.6 Single-cell sequencing with Drop-Seq platform

The SUM149PT, SUM185PE, SUM22PE, SUM159PT, and SUM1315MO2
cell lines underwent single-cell transcriptomics using DROP-seq technol-
ogy. Library preparation followed the procedure outlined in [136].
Subsequently, scRNA libraries were sequenced on a NovaSeq 6000 machine
using an SP 100 cycles flow cell.

6.1.7 dCas9 plasmids cloning, lentiviral packaging and trans-
duction and sgRINA cloning

The plasmids facilitating cellular integration of dCas9, namely pRDKCE2B-
EFS-dCas9-KRAB-2A-Blast, pRDVCE2B-EFS-dCas9-VPH-2A-Blast, pRSG16N-
U6-sg-UbiC-TagRFP-2A-Neo, and pRSG17H-U6-sg-UbiC-TagGFP2-2A-Hygro,
were obtained from Cellecta (#9E2B-PS, #9E2B-PS, #616N-L, and #617H-

L, respectively).

Subsequently, lentiviral packaging was conducted following the manufac-
turer’s guidelines (Cellecta, Mountain View, CA). Briefly, 24 hours before
transfection, 4 x 105 HEK293T cells were seeded in a 100-mm tissue-
culture dish. On the day of transfection, 2ug of the plasmid of interest
was combined with 10ug of the packaging plasmid mix (Cellecta, psPAX2:
pMD2.G) in DMEM without serum or antibiotics, along with Plus Reagent™
and Lipofectamine™ (Life Technologies). Cells were incubated with the
DNA /Plus Reagent™/Lipofectamine™ mix for 24hours.

Viral supernatant was collected 48hours post-transfection, filtered through
a 0.45um PES filter, and concentrated using LentiFuge™ Viral Concentra-
tion Reagent (Cellecta) following the manufacturer’s protocol. The con-
centrated lentiviral particles were re-suspended in PBS and stored at 80°C.
Next, 5 x 10° MDA-MB-468 and HCC1806 cells were seeded in a 6-
well plate and transduced with lentivirus to stably express dCas9-KRAB
or dCas9-VHP in the presence of 8 pg/mL of LentiTrans™ Polybrene
Transduction Reagent (Cellecta, LTDR1) at a MOI of 0.5. After 72
hours of transduction, 2.5 ug/mL of Blasticidin (Thermo Fisher Scientific,
Waltham, MA, USA) was added to MDA-MB-468 cells, while 1 pug/mL of
Blasticidin was used for the HCC1806 cell line. Once dCas9-KRAB and
dCas9-VHP stable cell lines were established, they were transduced with
pRSU6-gRNA lentivirus to modulate IGFBP2 expression with a MOI of
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0.5. After 5 days of selection, sgRNA RFP-positive or GFP-positive cells
were further sorted using BD FACS ARIA III.

The sgRNAs used to overexpress or downregulate the IGFBP2 gene, in-
stead, was designed using the CRISPick Broad Institute tool [308]. IGFBP2
protospacer sequences were synthesized, hybridized, phosphorylated, and
inserted into pRSU6-gRNA plasmids using BbslI sites.

6.1.8 Clonogenic survival assay

Cells (5 x 10%) were seeded in a 12-well plate and allowed to adhere for
24 hours. Subsequently, the cells were treated with varying concentrations
of Afatinib and incubated for either 10 days or 5 days. Fresh media was
replenished on the fifth day. On the tenth day, the media was aspirated,
and the dishes were washed once with ice-cold PBS.
Colonies were fixed and stained with a crystal violet solution for 45 minutes
on a rocking platform. Following three rinses with PBS, the dishes were
air-dried. The stained crystal violet was then solubilized with PBS-0.1%
SDS, and absorbance at 590 nm was measured. The experiments were
conducted in triplicate, and the results are presented as mean + SD.

6.1.9 Spheroids generation and image acquisition

Monolayer-cultured cells were detached to create a single-cell suspen-
sion, diluted to 2.5 x 10* cells per milliliter of ice-cold medium, and com-
bined with Cell Basement Membrane (ATCC, ATCC-ACS-3035) at a final
concentration of 2.5%. The resulting cell suspension (200 pl) was dis-
pensed into each well of an Ultra-Low Attachment (ULA) 96-well plate
with a round or conical bottom (PerkinElmer, #6055330). Spheroid for-
mation commenced with centrifugation of the plates at 300g for 10 minutes,
followed by incubation under standard cell culture conditions (37 °C, 7%
CO02) in humidified incubators.

For Afatinib response studies, the drug was introduced as follows: after 24
hours, when spheroids had formed, 100 ul of medium was aspirated, and
treatment was administered by adding 100 ul of medium containing 2 uM
of Afatinib to each well. Treatments were renewed after 3 days in fresh
complete medium. Images were captured before treatment and at days 3,
5, and 7 post-treatment using the High Content Analysis System Operetta
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CLS (PerkinElmer) with controlled temperature (37 °C) and CO2 (5%).
Acquisition involved multiple planes, and area analyses were conducted on
maximum projections using Harmony software (PerkinElmer). Volumetric
analyses were performed through stack processing with 3D analysis.

6.1.10 IGFBP2 plasmid transfection in HDQ-P1 cell line

The pCMV6-AC-IGFBP2-GFP expression vector, containing the hu-
man IGFBP2 (NM_00597) gene fused to GFP in the C-terminal region,
was acquired from Origene Technologies (RG202573). This plasmid fa-
cilitated the generation of HDQ-P1 cells with stable overexpression of the
IGFBP2 gene. Transfection of HDQ-P1 cells was accomplished using Lipo-
fectamine 2000 (Life Technologies, Grand Island, NY, USA) following the
manufacturer’s instructions. The stable-transfected HDQ-P1 cells were
subjected to selection in a medium containing 500 ug/mL G418 (Life Tech-
nologies). After 7 days of selection, cells were sorted using BD FACS ARIA
III to isolate the transfected population.

6.1.11 Cell migration assay

Transwell chambers (8-pm pores) (Euroclone) were used to perform
transwell migration assays. Briefly, breast cancer cells were plated in the
upper side of the transwell chamber in a serum-deprived medium. Next,
as chemoattractant, 300 ul of complete medium was added in the lower
chamber. After 24 hours, cells migrated to the lower side of the chambers
were stained with crystal violet solution (crystal violet 0.05%, methanol
20%). Then, crystal violet in the chamber was de-stained with PBS-0.1%
SDS solution and read at 570 nm.

6.1.12 Cell culture

HEK293T, MDA-MB-468, HCC1806 and HDQ-P1 were obtained from
ATCC biobank. HEK293T and HDQ-P1 cells were cultured with DMEM
supplemented with 10% foetal bovine serum (FBS), 1% L-glutamine, 1%
penicillin /streptomycin (Euroclone, Milan, Italy), whereas MDA-MB-468
and HCC1806 cells were cultured with RPMI supplemented with 10%
foetal bovine serum (FBS), 1% L-glutamine, 1% penicillin/streptomycin
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(Euroclone). Cells were kept at 37 °C under 5% CO2 atmosphere. SUM se-

ries cell lines were obtained from BiolV'T biobank. SUM149PT, SUM185PE,
SUM225CWN, SUM229PE and SUM159PT were cultured with Ham’s F12
medium (Gibco) supplemented with 5% heat-inactivated FBS (Gibco), 10

mM HEPES (Sigma-Aldrich), 1 ug/ml hydrocortisone (Sigma-Aldrich), 5
pg/ml insulin (Sigma-Aldrich) and 1% L-glutamine (Euroclone). SUM1315MO2
were cultured with the Ham’s F12 medium supplemented as described
above with in addition 10 ng/mL EGF. No penicillin-streptomycin was
added to the SUM cell line medium, as recommended by the suppliers.

6.2 Computational Methods

6.2.1 Lineage barcode identification from RNA sequencing
data

The lineage barcode sequence introduced by lentivirus in Cellecta li-
brary [268] is strategically located 70nt upstream of polyA sequence mak-
ing it compatible with oligo-dT ¢DNA synthesis in RNA-sequencing library
preparation. Practically, lentivirus integrates the plasmid into infected cell
DNA, facilitating barcode transcription. Resulting RNA fragments, carry-
ing the barcode, are captured at the 3’ end using indexed oligo-dT primers,
initiating essential cDNA first strand synthesis. This method enables bar-
code identification from both single cell and bulk RNA sequencing data.
Next, we developed a computational barcode identification from FASTQ
files takes advantage of the distinctive structure of the barcode. The 48-
nucleotide sequence comprises two sub-sequences: one 14-nt long (bcl4)
and the other 30-nt long (bc30), separated by a 4-nt (TGGT) anchor. The
first sub-sequence, bcl4, can occur in 100 different ways, while bc30 can
manifest in 100,000 different occurrences, resulting in a total of 10,000,000
possible combinations and, consequently, the same number of potential
clones to be uniquely tagged. Notably, Cellecta provides a whitelist con-
taining the 100 possible bc14, and 100,000 be30 can appear on both sides
of the anchor.

The initial step of barcode identification is the search of the TGGT an-
chor, allowing for one possible mismatch. Then, it extracts putative bcl4
(14-nt bases before the anchor) and putative bc30 (30-nt bases after the
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anchor) if a match is found. If both putative bc14 and be30 are present in
the Cellecta whitelist, the lineage barcode, represented by the combined
string (bcl4:bc30), is assigned to the corresponding cell from read one (for
single-cell data).

If either putative lineage barcode is absent from the Cellecta whitelist,
correction is made using the closest barcode sequence with a Hamming
distance of one, but only if no other barcodes in the whitelist share this
distance. In cases where both putative bcl4 and be30 are not in the Cel-
lecta whitelist, the bcl4 barcode undergoes correction first, following the
described method.

The corresponding be30 is corrected only if the bcl4 correction is suc-
cessful, reducing the computational demand for sequencing errors without
sacrificing sensitivity. At the conclusion of this iterative process, each se-
quenced cell is associated with the most abundant pair of lineage barcodes
(bc14:be30) identified. Only reads where both bcl4 and be30, after cor-
rection, match those provided by Cellecta’s whitelist are utilized, ensuring
precise lineage barcode assignment.

This process was implemented in an R script using the Biostrings R pack-
age for string matching and a custom C++ function for computing Ham-
ming distances between DNA sequences of the same length.

6.2.2 Analysis of single-cell RN A-seq data from 10X Chromium
platform

The scRNA-seq data analysis initiated with demultiplexing and the
alignment of raw sequencing reads to the Hg38 human reference genome
using Cell Ranger tool version 6.1.2.

For alignment, we utilized GENCODE annotation v32 of Hg38, focusing
on genes with biotypes protein coding, lincRNA, and antisense. Subse-
quently, cells with fewer than 5,000 Unique Molecular Identifiers (UMI)
were excluded.

To further refine the dataset, putative cell doublets and cells expressing
a high fraction of mitochondrial reads were removed using the filterCell
function from the gficf version 2 R package, which is available at [309].
This function, employing loess regression, modeled the relationship be-
tween the total UMI count (log scale) and the ratio of UMIs in mitochon-
drial genes over the total UMI count. Cells with a significantly deviating
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ratio, as indicated by an adjusted p-value (FDR) < 0.1, were discarded.
A similar strategy was employed to identify and remove putative cell dou-
blets. Here, loess regression modeled the relationship between the total
UMI count in a cell (log scale) and the ratio of detected genes over the
total UMI count. Cells with a significantly deviating ratio, again indicated
by an FDR < 0.1, were discarded.

Drawing on our extensive experience in single-cell data analysis, this ap-
proach not only effectively eliminated cell doublets but also addressed
technical issues associated with cells exhibiting a high total UMI count
concentrated in a small number of genes.

The resultant dataset, consisting of 4,101 highly covered cells post-filtering,
formed the basis for all subsequent analyses. To address potential batch
effects arising from sequencing day 0 cells using two distinct captures in
different flow cells, we applied the CombatSeq function from the sva R
package [157].

Furthermore, genes expressed in fewer than 50 cells and in less than 5%
of sequenced cells were excluded, but only if their average expression was
less than 1.12 UMI, following a methodology similar to that in [310].
Finally, this pre-processed and filtered expression matrix underwent anal-
ysis using the standard Seurat pipeline (v3) with default parameters. The
pipeline includes normalization with the LogNormalize function, feature
selection with FindVariableFeatures, and data scaling with the ScaleData
function. Subsequently, dimensionality reduction was performed by com-
puting PCA with RunPCA, followed by UMAP computation using the
RunUMAP function. Differentially expressed genes in MDA-MB-468 con-
trol cells between tolerant and sensitive Afatinib clones were identified
using the FindMarkers function with logfc.threshold and min.pct parame-
ters set to 0.

6.2.3 scASTRAL architecture and training

The scASTRAL architecture is built upon a contrastive autoencoder
model. The encoder includes an input layer with 374 neurons, represent-
ing the number of Afatinib response biomarker genes identified through
retrospective lineage tracing.

Subsequent to the input layer, two hidden layers, comprising 64 and 32
neurons, respectively, utilize the Rectified Linear Unit (ReLU) activation
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function. The decoder replicates the architecture of the encoder.
scASTRAL underwent training using the 1,541 MDA-MB-468 control cells
categorized as afatinib-tolerant or afatinib-sensitive in the training set.
Prior to training initiation, the matrix of normalized Counts Per Mil-
lion (CPM) was trimmed to the 374 intrinsic Afatinib response biomarker
genes, whose expression was then rescaled using tf-idf transformation [212].
This dataset was randomly divided into 5 batches of equal size, ensur-
ing a balanced distribution of Afatinib-tolerant and Afatinib-sensitive cells
across batches. Then, the contrastive model training proceeded as follows.
First, for each cell in the batch, a positive and a negative example were
randomly generated, therefore ensuring that the number of training ex-
amples for each batch equaled twice the number of cells in that batch.
Then, the contrastive model was trained using a loss function composed
of the weighted sum of three terms: (i) the cosine embedding loss, (ii) the
reconstruction error, and (7ii) the latent space regularization factor. The
cosine embedding loss maximizes the cosine distance between pairs of cells
labeled with -1 (negative example) while simultaneously maximizing the
cosine similarity between pairs labeled with +1 (positive example). The re-
construction error ensures that the decoder could reconstruct the original
data from the latent representation generated by the encoder, incorpo-
rating dependencies among the 374 input genes into the final embedding
space.

Subsequently, an SVM classifier was trained using the reconstructed em-
bedding space of the considered cell batch. Specifically, the SVM classifier
employed a cosine kernel with a regularization hyperparameter set to 100.
The classification accuracy of the SVM trained on a batch was assessed
using the left-out cells. The Adam optimizer [311] was employed with
a learning rate of 0.0001, and training utilized an early stopping criterion
with a maximum of 250 epochs. Metrics for evaluating improvement across
epochs included validation loss and SVM classification accuracy. Training
stopped if no improvement was observed over the last 20 epochs. Hyperpa-
rameters for the contrastive model were determined through a grid search
and after training the five contrastive models along with their associated
SVM models, the model achieving the highest classification accuracy was
chosen for predicting Afatinib sensitivity at the single-cell level, detailed
below.
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scASTRAL was implemented in Python using PyTorch version 1.13.1, and
the code is accessible at [312].

6.2.4 Analysis of single-cell sequencing data from Drop-Seq
platform

Raw reads pre-processing was performed as described in Macosko et
al.. Only high depth cells with at least 5,000 UMI were retained and used
to test the scATRAL tool.

The alignment pipeline can be found at [313].

6.2.5 Evaluation of scASTRAL performance on single-cell
profiles from TNNBC cell lines

To validate scASTRAL and assess its predictive capability for Afatinib
sensitivity in TNBC cell lines, we utilized 22,724 single-cell transcriptional
profiles derived from 16 TNBC cell lines of which 11 were sourced from
[136], while the remaining 5 were newly sequenced using the Drop-seq plat-
form [5], see experimental details in 6.1.6.

Prior to input into the scASTRAL method, the raw UMI count matrix for
each cell line was normalized using sklearn to obtain Counts Per Million
(CPM).

Subsequently, the matrix was trimmed to include only the 374 Afatinib
response biomarker genes and their expression values were then rescaled
using tf-idf transformation before applying scASTRAL.

For the classification of Afatinib sensitivity, a cell was considered sensitive
if the SVM classification probability exceeded 0.75; otherwise, it was clas-
sified as tolerant. This threshold was determined during the SVM training
phase to maximize classification accuracy.

To translate predictions from the single-cell level to the cell-line level, we
calculated the fraction of predicted Afatinib-sensitive cells in each cell line,
by dividing the number of cells predicted as sensitive by the total number
of cells predicted as either sensitive or tolerant.
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6.2.6 Pseudotime reordering and time-course differential
expression analysis in dominant /neutral clones

The 2,836 single-cell expression profiles linked to Afatinib-tolerant clones
were categorized based on the behavior of their clone of origin into two
groups: "dominant" and "neutral." The matrix of dominant clones con-
sisted of 1,293 cells, while the matrix of neutral clones comprised 1,543
cells.

Subsequently, we ordered cells over a time-course aware pseudotime trajec-
tory by employing the psupertime function from the psupertime R package
[286] with default parameters, utilizing the sequencing day (i.e., 0, 3, 6, 9
days) as cell labels.

For both matrices, the expression profile of each gene underwent a three-
step process: (i) ordering based on the reconstructed pseudotime, (ii)
smoothing using the moving median method implemented in the rollme-
dian function from the zoo R package which was employed with a rolling
window of 51, and (44) division into 50 expression bins according to the
inferred pseudotime, so the expression profiles of each gene in both matri-
ces were represented by 50 pseudotime points.

Finally, to identify upregulated genes in cells associated with dominant
clones over the first 9 days of treatment, we utilized the splineTimeR pack-
age to compare the reconstructed time-course profile of a gene across cells
of the dominant clones with its counterpart in the neutral clones. Upreg-
ulated genes were defined as those with a False Discovery Rate (FDR) <
5% and a positive average fold change across the 50 binned pseudotime
points.

6.2.7 Significance evaluation of dose-response curves trend
using Gaussian processes

We employed Gaussian processes to assess the significance of variations
in dose-response curve trends. Following the methodology in [314], we
reconstructed the dose-response trend for each condition by interpolating
response values at each tested concentration. Subsequently, we identified
differences between the two trends (i.e. the two dose-response curves)
by calculating the log-likelihood and the associated Bayesian factor (BF)
which is reported in bits.
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6.2.8 Estimation of EGFR copy number alterations, muta-
tions, and expression in TNBC.

Two independent cohorts of TNBC patients were used to estimate gene
copy number alterations, mutations and expression reported in Figure 5.1.
The first cohort composed of 192 TNBC patients was obtained from the
Genomic Data Common (GDC) portal. GDC raw bulk expression, muta-
tional data and copy number variation data along with clinical information
were retrieved using TCGADbiolinks R package v.2.25.3.

The second cohort was composed of 465 TNBC Asiatic patients [22] for
whom gene expression, gene copy number alteration and mutations were
available was gathered from the NODE database after the author’s autho-
rization.

The raw expression counts downloaded from GDC were first normalized
with edgeR package and transformed in log2(CPM+1), while those from
the Asiatic cohort were already normalized as FPKM values, and thus we
only transformed them into log2(FPKM + 1).

A sample in the GDC cohort was defined to have EGFR copy gain if the
number of copies was 3 or 4, while EGFR amplification was defined when
this number was greater than 5.

For the Asiatic cohort, EGFR gain and amplification were defined based
on GISTIC scores, respectively, +1 and +2.

For both cohorts, mutations were considered only if they were in the cod-
ing region (i.e., missense, non-sense, in-frame and out-of-frame deletions).
Next, the deleterious tag was assigned when at least two functional an-
notations among VEP, PolyPhen and SIFT reported a negative impact of
the mutation on protein function.

Finally, EGFR activating mutations tag was conferred based on indica-
tions in [315].







Appendix - Supplementary Tables

Table 6.1. Differentially expressed genes in Afatinib-tolerant vs
Afatinib-sensitive subpopulations in untreated MDA-MB-468 cells.
(A) Ensembl gene ID (B) HGNC gene symbol (C) Log2 fold change in gene
expression between the two subpopulations. A positive sign means that the
gene is upregulated in Afatinib-tolerant cells, while a negative sign means that
the gene is upregulated in Afatinib-sensitive cells (D) Percentage of cells ex-
pressing given gene in Afatinib-tolerant subpopulation (E) Percentage of cells
expressing given gene in Afatinib-sensitive subpopulation (F') p-value of Stu-
dent’s t-test (G) False discovery rate (FDR) by Benjamini-Hochberg method

from the p-value of Student’s t-test.
Only significant (FDR < 0.1) are shown

Afatinib  Afatinib

ENSEMBL HGNC Fold 0t sensitive | Student’s
Gene Gene change t - test FDR
ID Symbol (log2) cells cells p - value
(%) (%)
| ENSG00000108826 | MRPL27 | 0.6 | 085 | 0.78 | 2.30E-07 | 1.144E-04 |
| ENSG00000008018 | ~ PSMB1 | -0.14 | 094 | 095 | 249E-07 | 1.149E-04 |
| ENSG00000188001 | ~ TPRG1 | 0.08 | 0.19 | 0.10 | 246E-07 | 1.149E-04 |
| ENSG00000179862 |  CITED4 | 026 | 098 | 098 | 2.59E-07 | 1.151E-04 |
| ENSG00000100097 |  LGALS1 | -0.18 | 099 | 100 | 3.20E-07 | 1.376E-04 |
| ENSG00000134986 |  NREP | 015 | 067 | 057 | 3.69E-07 | 1.532E-04 |
| ENSG00000182196 | ~ ARL6IP4 | 0.1 | 097 | 0.96 | 6.69E-07 | 2.690E-04 |
| ENSG00000167815 | ~ PRDX2 | 012 | 098 | 098 | 7.07E-07 | 2.753E-04 |
| ENSG00000126709 | IF16 | -0.12 | 009 | 018 | 7.89E-07 | 2.981E-04 |
| ENSG00000143977 |~ SNRPG | 012 | 098 | 096 | 9.11E-07 | 3.339E-04 |
| ENSG00000171208 |  NETO2 | -020 | 0.78 | 085 | 1.25E-06 | 4.464E-04 |
| ENSG00000112769 | ~ LAMA4 | 017 | 089 | 085 | 1.38E-06 | 4.791E-04 |
| ENSG00000089280 | FUS | -0.15 | 098 | 099 | 1.53E-06 | 5.153E-04 |
| ENSG00000124610 | H1-1 | 030 | 071 | 062 | 1.69E-06 | 5.536E-04 |
| ENSG00000164104 |  HMGB2 | 0.16 | 094 | 089 | 2.30E-06 | 7.342E-04 |
| ENSG00000197061 | H4C3 | 038 | 099 | 098 | 282E-06 | 8.778E-04 |
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ENSEMBL HGNC Fold izfli?;‘;}t) iﬁ‘;ﬁi Student’s
Gene Gene change colls t - test FDR
ID Symbol (log2) (%) (%) p - value
| ENSG00000204262 |  COL5A2 | -0.11 | 0.04 | 0.10 | 2.99E-06 | 9.095E-04 |
| ENSG00000135046 | ~ ANXA1 | -0.15 | 0.99 | 0.98 | 3.10E-06 | 9.205E-04 |
| ENSG00000135480 | KRT7 | -011 | 099 | 099 | 3.43E-06 | 9.930E-04 |
| ENSG00000169908 | ~ TM4SF1 | -0.18 | 0.84 | 0.90 | 3.55E-06 | 1.006E-03 |
| ENSG00000111786 | SRSF9 | 011 | 096 | 096 | 3.91E-06 | 1.058E-03 |
| ENSG00000113389 | NPR3 | 028 | 053 | 044 | 3.90E-06 | 1.058E-03 |
| ENSG00000175315 | CST6 | <030 | 063 | 0.70 | 4.53E-06 | 1.201E-03 |
| ENSG00000091436 |  MAP3K20 | 0.16 | 090 | 090 | 4.67E-06 | 1.212E-03 |
| ENSG00000164485 |  IL22RA2 | 0.13 | 039 | 029 | 6.46E-06 | 1.642E-03 |
| ENSG00000122641 |  INHBA | -0.14 | 045 | 055 | 6.79E-06 | 1.691E-03 |
| ENSG00000146648 | EGFR | -020 | 1.00 | 100 | 7.14E-06 | 1.721E-03 |
| ENSG00000173156 | ~ RHOD | 012 | 092 | 091 | 7.18E-06 | 1.721E-03 |
| ENSG00000104979 |~ C19orf53 | 0.1 | 096 | 0.95 | 7.49E-06 | 1.760E-03 |
| ENSG00000135940 |  COX5B | 0.09 | 099 | 099 | 1.02E-05 | 2.356E-03 |
| ENSG00000198176 | ~ TFDP1 | 0.1 | 090 | 0.88 | 1.04E-05 | 2.356E-03 |
| ENSG00000139714 |  MORN3 | 0.08 | 066 | 056 | 1.12E-05 | 2.490E-03 |
| ENSG00000148773 |~ MKI67 | 022 | 088 | 0.83 | 1.23E-05 | 2.689E-03 |
| ENSG00000101639 |  CEP192 | 0.4 | 059 | 048 | 1.31E-05 | 2.771E-03 |
| ENSG00000177700 |  POLR2L | 0.10 | 098 | 0.97 | 1.29E-05 | 2.771E-03 |
| ENSG00000065054 | SLC9A3R2 | 012 | 081 | 0.78 | 1.48E-05 | 3.021E-03 |
| ENSG00000198542 |  ITGBL1 | -0.04 | 003 | 0.07 | 1.48E-05 | 3.021E-03 |
| ENSG00000231826 | LINCO01819 | 0.13 | 087 | 0.84 | 1.50E-05 | 3.021E-03 |
| ENSG00000006625 | ~ GGCT | 011 | 096 | 096 | 1.62E-05 | 3.211E-03 |
| ENSG00000131876 |  SNRPA1 | 013 | 090 | 0.86 | 1.85E-05 | 3.610E-03 |
| ENSG00000071994 |  PDCD2 | -0.11 | 0.71 | 0.77 | 1.91E-05 | 3.655E-03 |
| ENSG00000118193 | KIF14 | 021 | 055 | 045 | 2.05E-05 | 3.879E-03 |
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Table 6.1 continued from previous page

Afatinib  Afatinib

ENSEMBL HGNC Fold 0 sensitive | Student’s
Gene Gene change t - test FDR
ID Symbol (log2) s cells = value
(%) (%)
| ENSG00000178209 | PLEC | -017 | 093 | 093 | 212BE-05 | 3.946E-03 |
| ENSG00000168243 | GNG4 | -006 | 0.08 | 014 | 219E-05 | 4.012E-03 |
| ENSG00000026508 | CD44 | -0.16 | 100 | 1.00 | 241E-05 | 4.299E-03 |
| ENSG00000109452 |  INPP4B | -0.05 | 0.04 | 0.09 | 2.42E-05 | 4.299E-03 |
| ENSG00000125266 | ~ EFNB2 | -0.12 | 028 | 0.37 | 2.51E-05 | 4.410E-03 |
| ENSG00000116667 |~ Clorf21 | -0.08 | 037 | 046 | 2.61E-05 | 4.453E-03 |
| ENSG00000134508 | CABLES1 | -0.07 | 0.19 | 027 | 2.58E-05 | 4.453E-03 |
| ENSG00000102038 | SMARCAL | 0.03 | 015 | 0.08 | 3.29E-05 | 5.400E-03 |
| ENSG00000169021 |  UQCRFSL | 0.08 | 099 | 0.99 | 3.28E-05 | 5.400E-03 |
| ENSG00000197409 | H3C4 | 010 | 037 | 027 | 327E-05 | 5.400E-03 |
| ENSG00000162496 | ~ DHRS3 | -0.07 | 007 | 0.13 | 3.59E-05 | 5.806E-03 |
| ENSG00000133112 | TPT1 | -008 | 099 | 1.00 | 3.68E-05 | 5.882E-03 |
| ENSG00000196230 |  TUBB | 0.11 | 100 | 1.00 | 4.22E-05 | 6.658E-03 |
| ENSG00000135318 | NT5E | -020 | 035 | 044 | 527E-05 | 8.208E-03 |
| ENSG00000107738 | VSIR | -0.07 | 020 | 028 | 6.13E-05 | 9.429E-03 |
| ENSG00000138119 |  MYOF | -0.13 | 094 | 095 | 6.39E-05 | 9.710E-03 |
| ENSG00000035115 |~ SH3YL1 | 013 | 078 | 0.69 | 6.82E-05 | 1.017E-02 |
| ENSG00000119333 |  DYNC212 | 012 | 096 | 095 | 6.85E-05 | 1.017E-02 |
| ENSG00000136518 |  ACTL6A | 0.3 | 079 | 0.72 | 7.15E-05 | 1.048E-02 |
| ENSG00000135679 | ~ MDM2 | 0.1 | 046 | 037 | 7.51E-05 | 1.075E-02 |
| ENSG00000142507 | PSMB6 | 0.10 | 095 | 092 | 7.48E-05 | 1.075E-02 |
| ENSG00000131747 | ~ TOP2A | 023 | 084 | 079 | 7.70E-05 | 1.091E-02 |
| ENSG00000188486 | H2AX | 013 | 084 | 077 | 8.62E-05 | 1.207E-02 |
| ENSG00000139433 | GLTP | 0.08 | 086 | 0.8 | 8.82E-05 | 1.221E-02 |
| ENSG00000186591 |  UBE2H | -0.11 | 0.73 | 0.78 | 9.48E-05 | 1.298E-02 |
| ENSG00000111275 | ALDH2 | 0.1 | 054 | 047 | 1.000E-04 | 1.342E-02 |
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ENSEMBL HGNC Fold fflatinﬂt) Afat.itr.‘ib Student’s
Gene Gene change © eﬁa‘ . senshlve t - test FDR
ID Symbol (log2) cers cers p - value
(%) (%)

| ENSG00000153113 | CAST | -013 | 095 | 096 | 1.002E-04 | 1.342E-02 |
| ENSG00000075618 |~ FSCN1 | -0.09 | 026 | 0.34 | 1.030E-04 | 1.366E-02 |
| ENSG00000053254 | ~ FOXN3 | 0.08 | 045 | 037 | 1.071E-04 | 1.386E-02 |
ENSG00000111057 KRT18 -0.15 0.99 0.99 | 1.079E-04 | 1.386E-02

| | | | | | | |
| ENSG00000140153 | ~ WDR20 | 0.08 | 044 | 035 | 1.073E-04 | 1.386E-02 |
| ENSG00000159228 | CBR1 | 010 | 091 | 089 | 1.102E-04 | 1.402E-02 |
| ENSG00000172531 |  PPPICA | 0.08 | 097 | 098 | 1.123E-04 | 1.412E-02 |
| ENSG00000234741 | GAS5 | -0.10 | 099 | 099 | 1.133E-04 | 1.412E-02 |
| ENSG00000171863 | RPS7 | 007 | 100 | 1.00 | 1.200E-04 | 1.481E-02 |
| ENSG00000151914 | DST | -005 | 066 | 0.73 | 1.218E-04 | 1.488E-02 |
| ENSG00000172348 | RCAN2 | -0.07 | 017 | 025 | 1.271E-04 | 1.538E-02 |
| ENSG00000146674 |  IGFBP3 | -0.19 | 050 | 058 | 1.290E-04 | 1.546E-02 |
| ENSG00000124098 | FAM210B | 0.11 | 0.85 | 081 | 1.307E-04 | 1.551E-02 |
| ENSG00000154518 |  ATP5MC3 | 0.09 | 097 | 097 | 1.337E-04 | 1.571E-02 |
| ENSG00000108244 | ~ KRT23 | -0.14 | 092 | 0.92 | 1.414E-04 | 1.617E-02 |
| ENSG00000147676 | MAL2 | -0.14 | 093 | 094 | 1.414E-04 | 1.617E-02 |
| ENSG00000176890 | ~ TYMS | 0.0 | 097 | 096 | 1.410E-04 | 1.617E-02 |
| ENSG00000132530 | XAF1 | -002 | 001 | 004 | 1.531E-04 | 1.734E-02 |
| ENSG00000107779 | BMPRIA | 0.07 | 041 | 0.32 | 1.575E-04 | 1.768E-02 |
| ENSG00000141753 | IGFBP4 | 0.1 | 079 | 072 | 1.621E-04 | 1.771E-02 |
| ENSG00000225663 |  MCRIP1 | 0.0 | 071 | 0.67 | 1.632E-04 | 1.771E-02 |
| ENSG00000232124 | | 002 | 008 | 003 | 1.634E-04 | 1.771E-02 |
| ENSG00000244509 | APOBEC3C | -0.08 | 051 | 0.61 | 1.614E-04 | 1.771E-02 |
| ENSG00000235823 | OLMALINC | 0.3 | 056 | 049 | 1.694E-04 | 1.820E-02 |
| ENSG00000085063 | CD59 | -012 | 095 | 094 | 1.724E-04 | 1.836E-02 |
| ENSG00000144063 | ~ MALL | -0.10 | 048 | 0.55 | 1.753E-04 | 1.851E-02 |
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Table 6.1 continued from previous page

Afatinib  Afatinib

ENSEMBL HGNC Fold 0 sensitive | Student’s
Gene Gene change t - test FDR
ID Symbol (log2) s cells = value
(%0) (%)
| ENSG00000180198 | RCC1 | 008 | 065 | 056 | 1.857E-04 | 1.928E-02 |
| ENSG00000198824 | CHAMP1 | 0.08 | 0.68 | 0.61 | 1.842E-04 | 1.928E-02 |
| ENSG00000130429 |  ARPCIB | -0.09 | 098 | 098 | 1.913E-04 | 1.944E-02 |
| ENSG00000137700 |  SLC37A4 | 0.08 | 052 | 043 | 1.919E-04 | 1.944E-02 |
| ENSG00000161203 | AP2M1 | 0.1 | 096 | 094 | 1.892E-04 | 1.944E-02 |
| ENSG00000077942 |  FBLN1 | -0.16 | 0.75 | 0.79 | 2.092E-04 | 2.062E-02 |
| ENSG00000133216 |  EPHB2 | -0.03 | 0.04 | 008 | 2102E-04 | 2.062E-02 |
| ENSG00000186665 | ~ Cl7orf58 | 0.03 | 026 | 0.8 | 2.086E-04 | 2.062E-02 |
| ENSG00000242125 |  SNHG3 | 0.08 | 086 | 0.81 | 2.056E-04 | 2.062E-02 |
| ENSG00000123179 | EBPL | 010 | 086 | 082 | 2154E-04 | 2.097E-02 |
| ENSG00000111341 | MGP | 037 | 098 | 098 | 2196E-04 | 2.121E-02 |
| ENSG00000074071 |  MRPS34 | 0.10 | 096 | 095 | 2.247E-04 | 2.154E-02 |
| ENSG00000089220 |  PEBP1 | 0.08 | 098 | 0.98 | 2.330E-04 | 2.166E-02 |
| ENSG00000144029 |  MRPS5 | 0.1 | 093 | 091 | 2.300E-04 | 2.166E-02 |
| ENSG00000174547 | ~ MRPL11 | 0.09 | 092 | 091 | 2.316E-04 | 2.166E-02 |
| ENSG00000253438 | ~ PCAT1 | 0.06 | 0.13 | 0.07 | 2.324E-04 | 2.166E-02 |
| ENSG00000089009 | RPL6 | 007 | 100 | 1.00 | 2.367E-04 | 2.185E-02 |
| ENSG00000151498 |  ACAD8 | 0.06 | 032 | 023 | 2450E-04 | 2.245E-02 |
| ENSG00000099817 |  POLR2E | 0.09 | 090 | 0.88 | 2.549E-04 | 2.302E-02 |
| ENSG00000148908 | ~ RGS10 | -0.12 | 0.90 | 0.90 | 2.568E-04 | 2.302E-02 |
| ENSG00000272068 | BCAN-AS1 | -0.01 | 0.01 | 0.04 | 2.558E-04 | 2.302E-02 |
| ENSG00000162552 | ~ WNT4 | 0.05 | 025 | 0.17 | 2.616E-04 | 2.328E-02 |
| ENSG00000040275 | ~ SPDL1 | 012 | 075 | 0.68 | 2.707E-04 | 2.392E-02 |
| ENSG00000143469 |  SYT14 | -0.06 | 0.09 | 0.16 | 2.726E-04 | 2.392E-02 |
| ENSG00000090520 | DNAJB11 | 0.0 | 073 | 0.68 | 2.786E-04 | 2.425E-02 |
| ENSG00000099624 | ATP5F1D | 0.09 | 096 | 0.96 | 2.802E-04 | 2.425E-02 |
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ENSEMBL HGNC Fold fflatinﬂt) Afat.itr.‘ib Student’s
Gene Gene change © eﬁa‘ . senshlve t - test FDR
ID Symbol (log2) cers cers p - value
(%) (%)
| ENSG00000163041 | H3-3A | 0.08 | 100 | 1.00 | 2946E-04 | 2.497E-02 |
| ENSG00000167700 | ~ MFSD3 | 0.07 | 0.65 | 0.58 | 2.938E-04 | 2.497E-02 |
| ENSG00000183648 | NDUFBL | 0.09 | 097 | 095 | 2.928E-04 | 2.497E-02 |
| ENSG00000163993 | S100P | -0.08 | 008 | 013 | 3.034E-04 | 2.542E-02 |
| ENSG00000176102 |~ CSTF3 | 0.09 | 094 | 094 | 3.039E-04 | 2.542E-02 |
| ENSG00000176912 |  TYMSOS | 0.0 | 077 | 0.74 | 3.106E-04 | 2.580E-02 |
| ENSG00000178999 |  AURKB | 0.4 | 063 | 0.58 | 3.159E-04 | 2.590E-02 |
| ENSG00000130312 |  MRPL34 | 0.0 | 091 | 0.90 | 3.259E-04 | 2.654E-02 |
| ENSG00000125445 | ~ MRPS7 | 0.07 | 094 | 0.93 | 3.336E-04 | 2.667E-02 |
| ENSG00000147100 |  SLC16A2 | -0.11 | 040 | 049 | 3.310E-04 | 2.667E-02 |
| ENSG00000185950 | IRS2 | -0.13 | 065 | 0.73 | 3.339E-04 | 2.667E-02 |
| ENSG00000231426 |  FILNC1 | -0.04 | 0.01 | 0.3 | 3.370E-04 | 2.675E-02 |
| ENSG00000103534 | TMC5 | -0.06 | 010 | 0.16 | 3.581E-04 | 2.820E-02 |
| ENSG00000117713 | ARID1A | 0.07 | 0.74 | 0.67 | 3.599E-04 | 2.820E-02 |
| ENSG00000013364 | MVP | -0.09 | 024 | 030 | 3.655E-04 | 2.847E-02 |
| ENSG00000231131 | LNCAROD | -0.07 | 0.14 | 021 | 3.768E-04 | 2.916E-02 |
| ENSG00000136810 | TXN | -0.09 | 097 | 098 | 3.827E-04 | 2.926E-02 |
| ENSG00000188042 | ~ ARL4C | -0.14 | 0.80 | 0.83 | 3.826E-04 | 2.926E-02 |
| ENSG00000104852 | SNRNP70 | 0.10 | 094 | 091 | 4.012E-04 | 3.049E-02 |
| ENSG00000140451 | PIF1 | 013 | 026 | 018 | 4.091E-04 | 3.090E-02 |
| ENSG00000144366 | ~ GULP1 | -0.01 | 0.00 | 0.02 | 4.117E-04 | 3.091E-02 |
| ENSG00000198836 | OPA1 | 008 | 051 | 042 | 4.320E-04 | 3.224E-02 |
| ENSG00000170312 | CDK1 | 017 | 083 | 077 | 4.421E-04 | 3.279E-02 |
| ENSG00000185479 | ~ KRT6B | -021 | 028 | 0.35 | 4.514E-04 | 3.329E-02 |
| ENSG00000073282 | TP63 | 002 | 008 | 004 | 4.652E-04 | 3.334E-02 |
| ENSG00000178053 | MLF1 | -0.09 | 040 | 048 | 4.596E-04 | 3.334E-02 |
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Afatinib  Afatinib

ENSEMBL HGNC Fold 0 sensitive | Student’s
Gene Gene change t - test FDR
ID Symbol (log2) s cells = value
(%) (%)
| ENSG00000184924 | PTRHD1 | 0.10 | 086 | 0.83 | 4.632E-04 | 3.334E-02 |
| ENSG00000204592 |  HLA-E | -0.10 | 0.83 | 0.87 | 4.655E-04 | 3.334E-02 |
| ENSG00000230124 |  ACBD6 | 0.10 | 089 | 086 | 4.625E-04 | 3.334E-02 |
| ENSG00000090530 | P3H2 | -0.10 | 028 | 0.35 | 4.753E-04 | 3.365E-02 |
| ENSG00000138668 | HNRNPD | 0.10 | 097 | 096 | 4.739E-04 | 3.365E-02 |
| ENSG00000080986 | ~ NDC80 | 0.4 | 0.76 | 0.70 | 4.836E-04 | 3.405E-02 |
| ENSG00000115241 | PPM1G | 0.09 | 098 | 097 | 4.874E-04 | 3.412E-02 |
| ENSG00000111716 |  LDHB | 0.08 | 097 | 097 | 4.981E-04 | 3.468E-02 |
| ENSG00000277443 |  MARCKS | 0.11 | 097 | 0.97 | 5.080E-04 | 3.517E-02 |
| ENSG00000122644 |  ARL4A | 012 | 075 | 0.72 | 5.235E-04 | 3.570E-02 |
| ENSG00000177879 |~ AP3S1 | -0.08 | 041 | 048 | 5.294E-04 | 3.570E-02 |
| ENSG00000188015 |~ S100A3 | 0.05 | 052 | 044 | 5.301E-04 | 3.570E-02 |
| ENSG00000204922 |  UQCC3 | 0.08 | 093 | 093 | 5.262E-04 | 3.570E-02 |
| ENSG00000240541 | TM4SF1-AS1 | -0.05 | 0.11 | 0.17 | 5.228E-04 | 3.570E-02 |
| ENSG00000156411 |~ ATP5MJ | 0.08 | 097 | 0.95 | 5.483E-04 | 3.673E-02 |
| ENSG00000075856 |  SART3 | 0.05 | 064 | 055 | 5.653E-04 | 3.767E-02 |
| ENSG00000167393 | PPP2R3B | 0.07 | 033 | 0.25 | 5.683E-04 | 3.767E-02 |
| ENSG00000111665 |  CDCA3 | 012 | 051 | 043 | 5.754E-04 | 3.777E-02 |
| ENSG00000176485 | ~ PLAAT3 | -0.12 | 0.64 | 0.69 | 5.759E-04 | 3.777E-02 |
| ENSG00000198771 |~ RCSD1 | 0.07 | 012 | 0.7 | 5.814E-04 | 3.793E-02 |
| ENSG00000102359 |  SRPX2 | -0.07 | 0.19 | 0.26 | 5.896E-04 | 3.823E-02 |
| ENSG00000171865 | RNASEH1 | 0.0 | 092 | 0.89 | 5.922E-04 | 3.823E-02 |
| ENSG00000086570 | FAT2 | 005 | 011 | 0.06 | 6.200E-04 | 3.942E-02 |
| ENSG00000145386 |  CCNA2 | 0.3 | 0.60 | 054 | 6.198E-04 | 3.942E-02 |
| ENSG00000188910 | GJB3 | -006 | 022 | 030 | 6.201E-04 | 3.942E-02 |
| ENSG00000087884 |  AAMDC | -0.10 | 0.79 | 0.82 | 6.293E-04 | 3.980E-02 |
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| ENSG00000255690 | TRIL | 002 | 011 | 006 | 6.405E-04 | 4.031E-02 |
| ENSG00000177030 | ~ DEAF1 | 0.07 | 048 | 040 | 6.494E-04 | 4.066E-02 |
| ENSG00000124102 | PI3 | 009 | 029 | 021 [ 6.673E-04 | 4.076E-02 |
| ENSG00000148671 |~ ADIRF | -020 | 085 | 0.87 | 6.569E-04 | 4.076E-02 |
| ENSG00000167754 | KLK5 | -011 | 097 | 097 | 6.673E-04 | 4.076E-02 |
| ENSG00000183696 | UPP1 | -0.15 | 095 | 094 | 6.607E-04 | 4.076E-02 |
| ENSG00000242265 |  PEG10 | 0.14 | 099 | 0.98 | 6.635E-04 | 4.076E-02 |
| ENSG00000107438 | ~ PDLIM1 | -0.09 | 0.60 | 0.66 | 6.741E-04 | 4.077E-02 |
| ENSG00000180035 | ~ ZNF48 | 0.05 | 023 | 0.16 | 6.724E-04 | 4.077E-02 |
| ENSG00000065882 |  TBC1D1 | -0.12 | 0.64 | 0.68 | 6.873E-04 | 4.126E-02 |
| ENSG00000126777 | KTN1 | 009 | 099 | 1.00 | 6.887E-04 | 4.126E-02 |
| ENSG00000172922 | RNASEH2C | 0.10 | 0.86 | 084 | 6.935E-04 | 4.135E-02 |
| ENSG00000228716 | ~ DHFR | 0.09 | 087 | 0.82 | 6.979E-04 | 4.141E-02 |
| ENSG00000003096 | ~ KLHL13 | 0.06 | 029 | 021 | 7.029E-04 | 4.151E-02 |
| ENSG00000283235 | | -0.01 | 000 | 001 | 7.142E-04 | 4.198E-02 |
| ENSG00000165949 | IF127 | -0.17 | 0.04 | 0.08 | 7.224E-04 | 4.226E-02 |
| ENSG00000114115 | RBP1 | -0.15 | 084 | 0.84 | 7.383E-04 | 4.279E-02 |
| ENSG00000197467 | COL13A1 | -0.07 | 0.16 | 023 | 7.359E-04 | 4.279E-02 |
| ENSG00000126878 |~ AIFIL | 0.06 | 0.74 | 0.65 | 7.427E-04 | 4.284E-02 |
| ENSG00000159055 | ~ MISI8A | 0.08 | 0.60 | 0.53 | 7.472E-04 | 4.286E-02 |
| ENSG00000224259 | LINCO01133 | -0.17 | 045 | 0.52 | 7.498E-04 | 4.286E-02 |
| ENSG00000277283 | | 002 | 011 | 006 | 7.566E-04 | 4.305E-02 |
| ENSG00000109654 | ~ TRIM2 | -0.06 | 023 | 0.30 | 7.603E-04 | 4.306E-02 |
| ENSG00000029993 |  HMGB3 | 011 | 097 | 094 | 7.779E-04 | 4.386E-02 |
| ENSG00000126216 | TUBGCP3 | 0.0 | 061 | 052 | 7.901E-04 | 4.422E-02 |
| ENSG00000137965 | IF144 | -0.03 | 004 | 008 | 7.913E-04 | 4.422E-02 |
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Afatinib  Afatinib

ENSEMBL HGNC Fold 0 sensitive | Student’s
Gene Gene change t - test FDR
ID Symbol (log2) s cells = value
(%) (%)
| ENSG00000132746 | ALDH3B2 | 0.09 | 0.65 | 0.59 | 8.017E-04 | 4.440E-02 |
| ENSG00000261122 | LINCO02167 | 0.07 | 024 | 0.18 | 8.005E-04 | 4.440E-02 |
| ENSG00000172893 |  DHCR7 | 0.09 | 087 | 082 | 8138E-04 | 4.487E-02 |
| ENSG00000124575 | H1-3 | 014 | 047 | 0.38 | 8.227E-04 | 4.505E-02 |
| ENSG00000176101 |~ SSNA1 | 0.09 | 093 | 093 | 8.243E-04 | 4.505E-02 |
| ENSG00000006125 | AP2B1 | -0.14 | 0.77 | 0.79 | 8.435E-04 | 4.522E-02 |
| ENSG00000079931 |  MOXD1 | -0.04 | 011 | 0.17 | 8.486E-04 | 4.522E-02 |
| ENSG00000136824 | SMC2 | 013 | 083 | 0.76 | 8.453E-04 | 4.522E-02 |
| ENSG00000138735 | ~ PDE5SA | -0.10 | 024 | 031 | 8371E-04 | 4.522E-02 |
| ENSG00000151748 | SAV1 | -0.11 | 065 | 0.69 | 8.477E-04 | 4.522E-02 |
| ENSG00000170558 | CDH2 | -0.01 | 000 | 0.02 | 8492E-04 | 4.522E-02 |
| ENSG00000134690 |  CDCA8 | 0.5 | 068 | 0.63 | 8542E-04 | 4.529E-02 |
| ENSG00000143546 |~ S100A8 | 0.2 | 0.14 | 0.09 | 8.650E-04 | 4.567E-02 |
| ENSG00000166794 | PPIB | 008 | 097 | 097 | 8.709E-04 | 4.579E-02 |
| ENSG00000143322 | ABL2 | -0.12 | 056 | 0.62 | 8.750E-04 | 4.581E-02 |
| ENSG00000117115 | PADI2 | 0.08 | 055 | 048 | 8.797E-04 | 4.587E-02 |
| ENSG00000112242 | E2F3 | <012 | 075 | 0.80 | 9.173E-04 | 4.763E-02 |
| ENSG00000120594 |  PLXDC2 | 0.07 | 0.79 | 0.71 | 9.241E-04 | 4.778E-02 |
| ENSG00000089685 | ~ BIRC5 | 012 | 093 | 091 | 9.618E-04 | 4.936E-02 |
| ENSG00000135390 | ATP5MC2 | 0.09 | 095 | 0.94 | 9.625E-04 | 4.936E-02 |
| ENSG00000213190 | ~ MLLT11 | 0.03 | 0.19 | 0.13 | 9.698E-04 | 4.941E-02 |
| ENSG00000250802 | ZBED3-AS1 | 0.02 | 0.06 | 0.02 | 9.715E-04 | 4.941E-02 |
| ENSG00000134333 |  LDHA | -0.12 | 097 | 0.97 | 1.037E-03 | 5.255E-02 |
| ENSG00000122952 |  ZWINT | 0.0 | 078 | 0.72 | 1.042E-03 | 5.256E-02 |
| ENSG00000012124 | CD22 | 000 | 004 | 007 | 1.058E-03 | 5.314E-02 |
| ENSG00000167985 | ~ SDHAF2 | 0.07 | 075 | 0.72 | 1.063E-03 | 5.321E-02 |
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| ENSG00000169288 | ~ MRPL1 0.79 | 0.75 | 1.073E-03 | 5.347E-02 |
| ENSG00000125868 | DSTN 098 | 098 | 1.078E-03 | 5.353E-02 |
| ENSG00000171792 |  RHNO1 043 | 035 | 1.091E-03 | 5.394E-02 |
| ENSG00000143870 | PDIA6 098 | 098 | 1.099E-03 | 5.412E-02 |
| ENSG00000258920 | FOXN3-AS1 020 | 013 | L111E-03 | 5.452E-02 |
| ENSG00000117525 | F3 024 | 031 | 1.120E-03 | 5.473E-02 |
| ENSG00000101384 | JAG1 023 | 030 | 1.137E-03 | 5.491E-02 |
| ENSG00000130816 | ~ DNMT1 1.00 | 1.00 | 1.133E-03 | 5.491E-02 |
| ENSG00000156299 |  TIAMI 037 | 045 | 1.135E-03 | 5.491E-02 |
| ENSG00000124380 |  SNRNP27 0.88 | 084 | 1.148E-03 | 5.525E-02 |
| ENSG00000149262 | INTS4 035 | 028 | 1.159E-03 | 5.535E-02 |
| ENSG00000171345 | KRT19 1.00 | 1.00 | 1.159E-03 | 5.535E-02 |
| ENSG00000171848 |~ RRM2 0.84 | 0.77 | 1.187E-03 | 5.646E-02 |
| ENSG00000136522 | ~ MRPLA7 0.84 | 080 | 1.225E-03 | 5.803E-02 |
| ENSG00000168610 |~ STAT3 0.81 | 0.86 | 1.229E-03 | 5.803E-02 |
| ENSG00000184990 | SIVA1 094 | 094 | 1.261E-03 | 5.929E-02 |
| ENSG00000116698 | SMG7 0.69 | 074 | 1.276E-03 | 5.973E-02 |
| ENSG00000127419 | TMEM175 020 | 0.14 | 1.280E-03 | 5.973E-02 |
| ENSG00000089127 | OAS1 015 | 021 | 1.290E-03 | 5.999E-02 |
| ENSG00000182197 | EXT1 0.66 | 0.71 | 1.306E-03 | 6.048E-02 |
| ENSG00000156011 | PSD3 015 | 0.09 | 1.323E-03 | 6.107E-02 |
| ENSG00000160298 | C21orf58 0.80 | 0.71 | 1.330E-03 | 6.117E-02 |
| ENSG00000131981 |  LGALS3 095 | 094 | 1.346E-03 | 6.164E-02 |
| ENSG00000124795 | DEK 099 | 1.00 | 1.379E-03 | 6.273E-02 |
| ENSG00000173141 | MRPL57 096 | 094 | 1.379E-03 | 6.273E-02 |
| ENSG00000179271 | GADD45GIP1 097 | 097 | 1.391E-03 | 6.304E-02 |
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Afatinib  Afatinib

ENSEMBL HGNC Fold 0 sensitive | Student’s
Gene Gene change t - test FDR
ID Symbol (log2) s cells = value
(%) (%)
| ENSG00000174775 | HRAS | 009 | 093 | 090 | 1.405E-03 | 6.344E-02 |
| ENSG00000102974 | CTCF | 013 | 076 | 0.67 | 1.423E-03 | 6.388E-02 |
| ENSG00000142208 | AKT1 | 005 | 089 | 085 | 1.426E-03 | 6.388E-02 |
| ENSG00000205581 |  HMGN1 | 0.05 | 099 | 1.00 | 1.430E-03 | 6.388E-02 |
| ENSG00000162599 | NFIA | 009 | 064 | 057 | 1.447E-03 | 6.416E-02 |
| ENSG00000251602 | | 004 | 018 | 012 | 1.447E-03 | 6.416E-02 |
| ENSG00000136098 | NEK3 | 008 | 029 | 022 | 1.453E-03 | 6.419E-02 |
| ENSG00000149212 |~ SESN3 | 0.07 | 024 | 017 | 1.462E-03 | 6.438E-02 |
| ENSG00000130340 | SNX9 | -0.05 | 044 | 050 | 1.472E-03 | 6.459E-02 |
| ENSG00000136108 | ~ CKAP2 | 0.4 | 070 | 0.64 | 1.489E-03 | 6.501E-02 |
| ENSG00000171346 |  KRT15 | -0.18 | 0.88 | 0.89 | 1.494E-03 | 6.501E-02 |
| ENSG00000204264 |  PSMB8 | -0.10 | 082 | 082 | 1.497E-03 | 6.501E-02 |
| ENSG00000106153 | CHCHD2 | -0.06 | 0.99 | 1.00 | 1.525E-03 | 6.596E-02 |
| ENSG00000186847 | ~ KRT14 | -024 | 036 | 044 | 1.543E-03 | 6.653E-02 |
| ENSG00000165507 | ~ DEPP1 | -0.04 | 0.18 | 0.25 | 1.549E-03 | 6.657E-02 |
| ENSG00000105767 |  CADM4 | 0.07 | 045 | 038 | 1.601E-03 | 6.834E-02 |
| ENSG00000171861 | ~ MRM3 | 0.06 | 036 | 0.30 | 1.600E-03 | 6.834E-02 |
| ENSG00000188229 | TUBB4B | 0.10 | 099 | 098 | 1.643E-03 | 6.987E-02 |
| ENSG00000119655 | NPC2 | -0.10 | 086 | 0.88 | 1.676E-03 | 7.102E-02 |
| ENSG00000189266 |  PNRC2 | 0.12 | 080 | 0.74 | 1.710E-03 | 7.225E-02 |
| ENSG00000071073 |  MGAT4A | 0.08 | 052 | 046 | 1.718E-03 | 7.225E-02 |
| ENSG00000154723 |~ ATP5PF | 0.08 | 097 | 0.96 | 1.728E-03 | 7.225E-02 |
| ENSG00000253293 |  HOXA10 | -0.03 | 0.09 | 014 | 1.722E-03 | 7.225E-02 |
| ENSG00000114416 | FXR1 | 011 | 086 | 0.85 | 1.753E-03 | 7.294E-02 |
| ENSG00000167397 |  VKORC1 | 0.09 | 088 | 084 | 1.756E-03 | 7.294E-02 |
| ENSG00000163882 | POLR2H | 0.08 | 0.89 | 0.88 | 1.771E-03 | 7.333E-02 |
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| ENSG00000133131 | MORC4 | -0.09 | 046 | 053 | 1.809E-03 | 7.415E-02 |
| ENSG00000151849 |~ CENPJ | 0.08 | 047 | 040 | 1.804E-03 | 7.415E-02 |
| ENSG00000187608 | ISG15 | -024 | 057 | 059 | 1.809E-03 | 7.415E-02 |
| ENSG00000175592 | ~ FOSL1 | -0.06 | 0.64 | 0.71 | 1.823E-03 | 7.448E-02 |
| ENSG00000155368 | DBI | 008 | 097 | 097 | 1.852E-03 | 7.542E-02 |
| ENSG00000162614 | ~ NEXN | -0.06 | 029 | 0.35 | 1.899E-03 | 7.708E-02 |
| ENSG00000250722 | SELENOP | 0.05 | 0.19 | 0.13 | 1.942E-03 | 7.857E-02 |
| ENSG00000152795 | HNRNPDL | 0.08 | 098 | 0.97 | 1.956E-03 | 7.888E-02 |
| ENSG00000170471 | RALGAPB | 0.03 | 034 | 0.26 | 1.979E-03 | 7.955E-02 |
| ENSG00000137267 | TUBB2A | -0.09 | 057 | 063 | 1.998E-03 | 8.001E-02 |
| ENSG00000175449 | ~ RFESD | 0.02 | 0.09 | 0.5 | 2.003E-03 | 8.001E-02 |
| ENSG00000137312 | FLOT1 | -0.07 | 0.79 | 081 | 2.025E-03 | 8.060E-02 |
| ENSG00000013810 |~ TACC3 | 0.09 | 074 | 0.66 | 2.040E-03 | 8.095E-02 |
| ENSG00000121864 |  ZNF639 | 0.08 | 043 | 036 | 2.073E-03 | 8.175E-02 |
| ENSG00000237512 | UNC5B-AS1 | -0.06 | 023 | 0.30 | 2.071E-03 | 8.175E-02 |
| ENSG00000075234 |  TTC38 | -0.04 | 022 | 028 | 2082E-03 | 8.185E-02 |
| ENSG00000099785 | MARCHF2 | -0.05 | 021 | 027 | 2.097E-03 | 8.216E-02 |
| ENSG00000111335 | OAS2 | -001 | 001 | 002 | 2114E-03 | 8.257E-02 |
| ENSG00000167272 | POP5 | 007 | 086 | 0.83 | 2136E-03 | 8.302E-02 |
| ENSG00000247746 | ~ USP51 | 0.04 | 0.11 | 0.7 | 2.139E-03 | 8.302E-02 |
| ENSG00000137699 | ~ TRIM29 | 0.10 | 066 | 0.61 | 2.188E-03 | 8.416E-02 |
| ENSG00000163659 | ~ TIPARP | -0.07 | 024 | 030 | 2.182E-03 | 8.416E-02 |
| ENSG00000188313 | ~ PLSCR1 | -0.14 | 0.76 | 0.78 | 2.181E-03 | 8.416E-02 |
| ENSG00000141644 | MBD1 | -0.06 | 037 | 043 | 2.255E-03 | 8.645E-02 |
| ENSG00000134222 |  PSRC1 | 0.0 | 049 | 043 | 2.285E-03 | 8.729E-02 |
| ENSG00000171617 | ENC1 | 009 | 08 | 085 | 2291E-03 | 8.729E-02 |
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ENSEMBL HGNC Fold 0 sensitive | Student’s
Gene Gene change t - test FDR
ID Symbol (log2) s cells = value
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| ENSG00000197958 |~ RPL12 | -0.05 | 099 | 0.99 | 2.308E-03 | 8.769E-02 |
| ENSG00000129187 | ~ DCTD | 0.04 | 039 | 031 | 2.345E-03 | 8.826E-02 |
| ENSG00000165215 | ~ CLDN3 | 0.07 | 0.78 | 0.72 | 2.352E-03 | 8.826E-02 |
| ENSG00000262814 |  MRPL12 | 0.07 | 094 | 093 | 2.347E-03 | 8.826E-02 |
| ENSG00000286522 | H3C2 | 012 | 049 | 043 | 2.342E-03 | 8.826E-02 |
| ENSG00000134874 | DZIP1 | 0.08 | 057 | 051 | 2373E-03 | 8.880E-02 |
| ENSG00000170906 | NDUFA3 | 0.09 | 093 | 0.88 | 2.397E-03 | 8.914E-02 |
| ENSG00000175193 | PARL | 0.08 | 067 | 061 | 2404E-03 | 8.914E-02 |
| ENSG00000197429 | IPP | 006 | 020 | 015 | 2.398E-03 | 8.914E-02 |
| ENSG00000198931 | APRT | 007 | 097 | 097 | 2420E-03 | 8.949E-02 |
| ENSG00000183684 |  ALYREF | 0.08 | 094 | 0.93 | 2432E-03 | 8.966E-02 |
| ENSG00000184260 |  H2AC20 | 0.1 | 060 | 053 | 2.446E-03 | 8.990E-02 |
| ENSG00000183734 | ASCL2 | 0.03 | 011 | 0.06 | 2.465E-03 | 9.033E-02 |
| ENSG00000042753 | AP2S1 | 006 | 096 | 096 | 2503E-03 | 9.066E-02 |
| ENSG00000100813 | ACIN1 | 0.0 | 087 | 0.83 | 2.484E-03 | 9.066E-02 |
| ENSG00000106615 | RHEB | -010 | 094 | 094 | 2.500E-03 | 9.066E-02 |
| ENSG00000183049 | CAMKID | -0.08 | 047 | 0.54 | 2.499E-03 | 9.066E-02 |
| ENSG00000135870 | ~ RC3HL | 0.06 | 053 | 045 | 2.517E-03 | 9.089E-02 |
| ENSG00000035141 |  FAMI136A | 0.08 | 092 | 091 | 2.540E-03 | 9.098E-02 |
| ENSG00000064651 |  SLC12A2 | -0.05 | 0.70 | 0.73 | 2.566E-03 | 9.098E-02 |
| ENSG00000084774 | CAD | 005 | 071 | 0.64 | 2.554E-03 | 9.098E-02 |
| ENSG00000109881 |  CCDC34 | 0.0 | 094 | 092 | 2577E-03 | 9.098E-02 |
| ENSG00000134882 | ~ UBAC2 | 0.11 | 071 | 0.64 | 2.555E-03 | 9.098E-02 |
| ENSG00000145390 |  USP53 | -0.12 | 0.53 | 0.58 | 2.573E-03 | 9.098E-02 |
| ENSG00000168298 | H1-4 | 012 | 064 | 057 | 2573E-03 | 9.098E-02 |
| ENSG00000226197 | | 0.02 | 008 | 004 | 2552E-03 | 9.098E-02 |
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| ENSG00000107164 |  FUBP3 | 0.07 | 059 | 051 | 2.608E-03 | 9.130E-02 |
| ENSG00000159450 | ~ TCHH | -0.06 | 0.8 | 0.25 | 2.603E-03 | 9.130E-02 |
| ENSG00000169062 | ~ UPF3A | 0.05 | 096 | 097 | 2.603E-03 | 9.130E-02 |
| ENSG00000147614 | ATP6VOD2 | -0.08 | 0.58 | 0.64 | 2.647E-03 | 9.214E-02 |
| ENSG00000163491 | ~ NEK10 | 0.05 | 0.05 | 0.02 | 2.642E-03 | 9.214E-02 |
| ENSG00000174705 | SH3PXD2B | -0.08 | 046 | 052 | 2.699E-03 | 9.343E-02 |
| ENSG00000254024 | | -0.02 | 006 | 010 | 2.699E-03 | 9.343E-02 |
| ENSG00000196924 | FLNA | -0.14 | 100 | 1.00 | 2.743E-03 | 9.469E-02 |
| ENSG00000146425 |  DYNLT1 | 0.08 | 093 | 0.89 | 2.764E-03 | 9.515E-02 |
| ENSG00000029364 |  SLC39A9 | -0.04 | 026 | 033 | 2811E-03 | 9.648E-02 |
| ENSG00000160789 | ~ LMNA | -0.08 | 100 | 1.00 | 2.850E-03 | 9.705E-02 |
| ENSG00000173928 |  SWSAP1 | 0.03 | 039 | 031 | 2.844E-03 | 9.705E-02 |
| ENSG00000184207 | PGP | 009 | 089 | 086 | 2.850E-03 | 9.705E-02 |
| ENSG00000179059 | ZFP42 | 000 | 000 | 001 | 2860E-03 | 9.710E-02 |
| ENSG00000077152 |~ UBE2T | 011 | 090 | 0.87 | 2.8386E-03 | 9.772E-02 |
| ENSG00000229989 | MIR181AIHG | 0.06 | 0.15 | 0.10 | 2.903E-03 | 9.802E-02 |
| ENSG00000138430 | OLA1 | -0.10 | 094 | 096 | 2.920E-03 | 9.833E-02 |
| ENSG00000171320 |  ESCO2 | 0.05 | 041 | 033 | 2.964E-03 | 9.903E-02 |
| ENSG00000177508 | IRX3 | 013 | 093 | 090 | 2964E-03 | 9.903E-02 |
| ENSG00000225383 | ~ SFTAIP | 0.08 | 063 | 0.58 | 2951E-03 | 9.903E-02 |
| ENSG00000116991 | ~ SIPAIL2 | 0.08 | 0.70 | 0.65 | 2.974E-03 | 9.910E-02 |
ENSG00000109089 CDR2L -0.07 0.30 0.36  2.999E-03  9.966E-02
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Table 6.2. GOEA for genes up-regulated in tolerant subpopulation
(A) Term name (B) Percentage of up-
regulated genes in tolerant population contained in the given term (C) Total
number of genes in the given term (D) Population Hits represents the num-
ber of background population genes associated with the gene ontology term
(E) Population Total is the number of background population genes (F) Fold
Enrichment is the percentage of up-regulated genes in tolerant population
belonging to given term, divided by the corresponding percentage in the back-
ground (G) p-value of Fisher’s Exact of the enrichment (H) False Discovery

in the untreated condition.

Rate (FDR) correction of enrichment p-value for the given term.

Only significant (FDR < 0.1) are shown.

N° Fisher’s
% genes Po Po Fold
Term Name in%ers. genes HitI; Totzl Enrich Exact FDR
term p - value
GO:0006412
translation 548 | 193 | 223 | 19308 | 5.38 | 1.510e-5 | 5.674e-3
GO:0006334
nucleosome assembly 4.57 | 193 | 148 | 19308 | 6.76 | 1.760e-5 | 5.674e-3
hsa03010
Ribosome 4.57 100 158 | 8164 5.17 1.190e-4 | 1.157e-2
G0:0030261
chromosome 2.28 193 23 19308 | 21.75 7.240e-5 | 1.866e-2
condensation
hsa05208
Chemical carcinogenesis 5.02 100 223 8164 4.03 3.510e-4 | 2.284e-2
reactive oxygen species
hsa04714
Thermogenesis 5.02 | 100 | 232 | 8164 | 3.87 | 4.810e-4 | 2.345e-2
hsa05010
Alzheimer disease 6.39 | 100 | 384 | 8164 | 2.98 | 7.010e-4 | 2.475e-2
hsa05415
Diabetic cardiomyopathy 4.57 100 203 8164 4.02 7.620e-4 | 2.475e-2
G0:0015986
ATP synthesis 2.28 193 | 27 | 19308 | 18.53 | 1.390e-4 | 2.987e-2
coupled proton
transport
G0:0090267
positive regulation
of mitotic 1.83 193 12 19308 | 33.35 1.990e-4 | 3.212e-2

cell cycle spindle
assembly checkpoint
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Table 6.2 continued from previous page
N° Fisher’s
% genes Pop | Pop Fold
Term Name in%ers. 8ENCS | Hits | Total | Enrich Exact FDR
term p - value
G0:0034501
protein localization 1.83 193 12 19308 | 33.35 1.990e-4 | 3.212e-2
to kinetochore
hsa00190
Oxidative
phosphorylation 3.65 100 | 134 | 8164 | 4.87 | 1.165e-3 | 3.246e-2 |
hsa05012
Parkinson disease 5.02 100 | 266 | 8164 | 3.38 | 1.379e-3 | 3.362e-2 |
G0O:0007052
mitotic spindle
organization 2.74 193 57 19308 10.53 2.540e-4 | 3.532e-2
GO:0007094
mitotic spindle 2.28 193 32 19308 15.63 2.740e-4 | 3.532e-2
assembly checkpoint
hsa05020
Prion disease 5.02 100 | 273 | 8164 | 3.29 | 1.675e-3 | 3.629¢-2 |
G0:0016584
nucleosome positioning 1.83 193 16 19308 25.01 4.930e-4 | 5.774e-2
GO0:1901970
positive regulation 137 | 193 | 4 | 19308 | 75.03 | 5.830c-4 | 6.257c-2
of mitotic
sister chromatid separation
GO:0000278
mitotic cell cycle 3.65 193 | 154 | 19308 | 5.20 | 8.970e-4 | 7.798e-2 |
GO:0007059
chromosome segregation 2.74 193 76 19308 7.90 9.630e-4 | 7.798e-2
G0:1903490
positive regulation 1.37 193 5 19308 | 60.02 9.650e-4 | 7.798e-2
of mitotic cytokinesis
G0O:0007049
cell cycle 5.48 193 | 359 | 19308 | 3.34 | 9.680e-4 | 7.798¢-2 |
hsa05014
Amyotrophic lateral
sclerosis 5.48 100 | 364 | 8164 | 2.69 | 4.433e-3 | 8.644e-2 |
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Table 6.3. GOEA for genes up-regulated in sensitive subpopula-
tion in the untreated condition.
up-regulated genes in tolerant population contained in the given term (C)
Total number of genes in the given term (D) Population Hits represents the
number of background population genes associated with the gene ontology
term (E) Population Total is the number of background population genes (F')
Fold Enrichment is the percentage of up-regulated genes in tolerant population
belonging to given term, divided by the corresponding percentage in the back-
ground (G) p-value of Fisher’s Exact of the enrichment (H) False Discovery
Rate (FDR) correction of enrichment p-value for the given term.
Only significant (FDR < 0.1) are shown.

(A) Term name (B) Percentage of

Term

% genes
inters.

N°
genes
inters

Pop
Hits

Pop
Total

Fold
Enrich

Fisher’s
Exact
p-value

FDR

G0O:0045109
intermediate
filament
organization

7.28

11

66

19308

23.15

3.755E-11

4.972E-08

hsa05169:
Epstein-Barr
virus infection

7.95

12

202

8164

6.06

3.362E-06

5.950E-04

G0O:0098609
cell-cell adhesion

6.62

10

190

19308

7.31

9.212E-06

5.534E-03

GO0O:0009615
response to virus

5.30

111

19308

10.01

1.496E-05

5.534E-03

G0:0002486
antigen
processing
presentation
endogenous
antigen MHCI
ER pathway,
TAP-independent

2.65

19308

69.45

1.949E-05

5.534E-03

G0:0019882
antigen
processing
presentation

3.97

47

19308

17.73

2.090E-05

5.534E-03
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Table 6.3 continued from previous page

Term

% genes
inters.

N°
genes
inters

Pop
Hits

Pop
Total

Fold
Enrich

Fisher’s
Exact FDR
p-value

hsa05163:Human
cytomegalovirus
infection

6.62

10

225

8164

4.54

3.007E-04 | 2.661E-02

G0O:0048870
cell motility

3.31

38

19308

18.28

1.527E-04 | 3.370E-02

GO0:0045071
negative
regulation of
viral genome
replication

3.31

46

19308

15.10

3.230E-04 | 6.107E-02

G0O:0045087
innate
immune response

9.27

14

599

19308

3.25

3.690E-04 | 6.107E-02

G0O:0045104
intermediate
filament
cytoskeleton
organization

2.65

21

19308

26.46

4.324E-04 | 6.361E-02

G0O:0030855
epithelial cell
differentiation

3.97

94

19308

8.87

5.719E-04 | 7.572E-02

G0O:0042270
protection
from NK
cell mediated
cytotoxicity

1.99

19308

69.45

7.466E-04 | 8.237E-02

GO:0031581
hemidesmosome
assembly

1.99

19308

69.45

7.466E-04 | 8.237E-02

hsa04915:Estrogen
signaling pathway

4.64

138

8164

5.18

2.115E-03 | 8.812E-02

hsa05150:
Staphylococcus
aureus infection

3.97

96

8164

6.38

2.297E-03 | 8.812E-02
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Table 6.3 continued from previous page

N° Fisher’s
% genes Pop | Pop Fold
Term inters. genes Hits | Total | Enrich Exact FDR
inters p-value
_ hsal5416: 3.31 5 60 | 8164 | 850 | 2.627E-03 | 8.812E-02
Viral myocarditis
| hsa04145:Phagosome |  4.64 7 | 152 | 8164 | 4.70 | 3.430E-03 | 8.812E-02
hsa04218: 4.64 7 156 | 8164 | 4.58 | 3.898E-03 | 8.812E-02
Cellular senescence
hisa04514:Cell 4.64 7 157 | 8164 | 4.55 | 4.023E-03 | 8.812E-02
adhesion molecules
hsa05165:Human
papillomavirus 6.62 10 331 | 8164 | 3.08 | 4.481E-03 | 8.812E-02
infection
hsa05166:
Human T-cell 5.30 8 222 | 8164 | 3.68 | 5.514E-03 | 9.280E-02
leukemia virus
1 infection
hsa05330: 2.65 4 38 | 8164 | 10.74 | 5.767E-03 | 9.280E-02
Allograft rejection
GO:0001916~positive
regulation of 2.65 4 27 | 19308 | 20.58 | 9.215E-04 | 9.385E-02
T cell mediated
cytotoxicity
hsa04612: Antigen
processing 3.31 5 78 8164 6.54 6.741E-03 | 9.943E-02
presentation
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Table 6.4. Dose response curves of SUM cell lines. (A) Cell line
name (B) Biological replicate ID (C) Technical replicate ID (D) Condition of
the assay i.e., only vehicle (DMSO), background (bg) or Afatinib treatment.
(E) Treatment concentration (M) for Afatinib or % of DMSO evaluated (F')
Lumicescence value"

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO[%] Value

| SUMIL59PT | 1 | 1 | vehicle(DMSO) |  0.15% | 16740 |
| SUMIS9PT | 1 | 2 | vehicle(DMSO) |  0.15% | 19710 |
| SUMI159PT | 1 | 3 | vehicle(DMSO) |  0.15% | 22630 |
| SUMI159PT | 1 | 1 |  afatinib | 15 | 16160 |
| SUMI59PT | 1 |2 |  afatinib | 15 | 20450 |
| SUMI159PT | 1 | 3 |  afatinib | 15 | 20500 |
| SUMIS9PT | 1 | 1 |  afatinib | 10 | 17400 |
| SUMI159PT | 1 | 2 |  afatinib | 10 | 19730 |
| SUMI159PT | 1 |3 |  afatinib | 10 | 20540 |
| SUM159PT | 1 | 1 | afatinib | 7.5 | 11420 |
| SUMI159PT | 1 |2 | afatinib | 75 | 15590 |
| SUMI59PT | 1 | 3 |  afatinibb | 7.5 | 13420 |
| SUMI59PT | 1 | 1 |  afatinib | 5 | 2790 |
| SUMIL59PT | 1 | 2 |  afatinibb | 5 | 1800 |
| SUMI159PT | 1 | 3 |  afatinib | 5 | 1720 |
| SUMI159PT | 1 | 1 | afatinib | 2.5 | 2430 |
| SUMI159PT | 1 | 2 |  afatinib | 2.5 | 2800 |
| SUMI159PT | 1 | 3 |  afatinib | 2.5 | 1400 |
| SUMI59PT | 1 |1 | afatinib | 1 | 3140 |
| SUMI59PT | 1 |2 | afatinib | 1 | 1980 |
| SUMI59PT | 1 |3 |  afatinib | 1 \ 450 \
| SUMI59PT | 1 | 1 |  afatinib | 0.1 | 2990 |
| SUM159PT | 1 | 2 |  afatinib | 0.1 | 3m1 |




6.2.

COMPUTATIONAL METHODS

101

Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO|%] Value

| SUMI159PT | 1 | 3 |  afatinib | 0.1 | 4201 |
| SUMI59PT | 1 | 1 |  afatinib | 0.01 | 4531 |
| SUMI59PT | 1 |2 | afatinib | 0.01 | 4301 |
| SUMI59PT | 1 |3 |  afatinib | 0.01 | 5431 |
| SUMI59PT | 1 R bg \ no \ 25 \
| SUMI59PT | 1 |2 bg \ no \ 20 \
| SUMI159PT | 1 |3 bg \ no \ 20 \
| SUMI159PT | 2 | 1 | vehicle(DMSO) |  0.15% | 6450 |
| SUMI159PT | 2 | 2 | vehicle(DMSO) |  0.15% | 6121 |
| SUMI59PT | 2 | 3 | vehicle(DMSO) |  0.15% | 5611 |
| SUMI159PT | 2 | 1 |  afatinib | 15 | 5201 |
| SUMI159PT | 2 | 2 |  afatinib | 15 | 5571 |
| SUMI159PT | 2 | 3 | afatinib | 15 | 5601 |
| SUMI159PT | 2 | 1 |  afatinib | 10 | 4|
| SUMI159PT | 2 | 2 |  afatinib | 10 | 5281 |
| SUMI159PT | 2 | 3 |  afatinib | 10 | 5281 |
| SUMI59PT | 2 | 1 |  afatinib | 7.5 | 4861 |
| SUMI159PT | 2 | 2 |  afatinib | 7.5 | 4621 |
| SUMI59PT | 2 |3 |  afatinib | 7.5 | 4521 |
| SUMI159PT | 2 | 1 |  afatinib | 5 | 1680 |
| SUMI59PT | 2 | 2 |  afatinib | 5 | 1610 |
| SUMI59PT | 2 | 3 |  afatinib | 5 | 1330 |
| SUMI59PT | 2 | 1 |  afatinib | 2.5 | 1050 |
| SUMI159PT | 2 | 2 | afatinib | 2.5 | 1030 |
| SUMI159PT | 2 | 3 |  afatinib | 2.5 \ 880 \
| SUMI159PT | 2 | 1 | afatinib | 1 \ 770 \
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO[%)] Value

| SUMI59PT | 2 |2 | afatinib | 1 \ 910 \
| SUMI59PT | 2 | 3 |  afatinib | 1 \ 850 \
| SUMI59PT | 2 |1 | afatinib | 0.1 \ 320 \
| SUMI59PT | 2 |2 | afatinib | 0.1 \ 340 \
| SUMI159PT | 2 | 3 |  afatinib | 0.1 \ 380 \
| SUMI159PT | 2 | 1 |  afatinib | 0.01 | 1570 |
| SUMI159PT | 2 | 2 |  afatinib | 0.01 \ 270 \
| SUMI159PT | 2 |3 |  afatinib | 0.01 \ 580 \
| SUMI159PT | 2 |1 bg \ no \ 10 \
| SUMI159PT | 2 | 2 | bg \ no \ 30 \
| SUMI59PT | 2 |3 bg \ no \ 50 \
| SUMIS9PT | 3 | 1 | vehicle(DMSO) |  0.15% | 148700 |
| SUMI159PT | 3 | 2| vehicle(DMSO) |  0.15% | 222400 |
| SUMI159PT | 3 | 3 | vehicle(DMSO) |  0.15% | 248300 |
| SUMI159PT | 3 | 1 | afatinib | 15 | 200300 |
| SUMI159PT | 3 | 2 |  afatinib | 15 | 209200 |
| SUMI59PT | 3 |3 |  afatinib | 15 | 209000 |
| SUMI159PT | 3 | 1 |  afatinib | 10 | 200600 |
| SUMI159PT | 3 |2 | afatinib | 10 | 202600 |
| SUMI59PT | 3 | 3 |  afatinibb | 10 | 182800 |
| SUMI159PT | 3 | 1 |  afatinib | 7.5 | 143800 |
| SUMI59PT | 3 | 2 |  afatinib | 7.5 | 136200 |
| SUMI59PT | 3 |3 |  afatinib | 75 | 122100 |
| SUMIL59PT | 3 | 1 |  afatinib | 5 | 54910 |
| SUMI159PT | 3 | 2 |  afatinib | 5 | 57110 |
| SUMIL59PT | 3 | 3 |  afatinib | 5 | 50130 |
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO|%] Value

| SUMI159PT | 3 | 1 | afatinib | 2.5 | 8703 |
| SUMI59PT | 3 | 2 | afatinib | 2.5 | 11200 |
| SUMI159PT | 3 | 3 |  afatinib | 2.5 | 6962 |
| SUMI59PT | 3 | 1 |  afatinib | 1 | 25970 |
| SUMI59PT | 3 |2 | afatinib | 1 | 31430 |
| SUMI59PT | 3 | 3 |  afatinib | 1 | 36060 |
| SUMI159PT | 3 | 1 |  afatinib | 0.1 | 27050 |
| SUMI59PT | 3 |2 | afatinib | 0.1 | 31030 |
| SUMI159PT | 3 | 3 |  afatinib | 0.1 | 29040 |
| SUMI159PT | 3 | 1 |  afatinib | 0.01 | 22740 |
| SUMI159PT | 3 | 2 |  afatinib | 0.01 | 21740 |
| SUMI159PT | 3 | 3 |  afatinib | 0.01 | 17790 |
| SUMI159PT | 3 |1 bg \ no \ 75 \
| SUMI159PT | 3 |2 bg \ no \ 110 \
| SUMI159PT | 3 |3 bg \ no \ 70 \
| SUMI59PT | 4 | 1 | vehicle(DMSO) |  0.15% | 169320 |
| SUMI59PT | 4 | 2| vehicle(DMSO) |  0.15% | 122100 |
| SUMI159PT | 4 | 3 | vehicle(DMSO) |  0.15% | 121600 |
| SUMI59PT | 4 | 1 |  afatinib | 15 | 140800 |
| SUMI159PT | 4 | 2 |  afatinib | 15 | 139300 |
| SUMI59PT | 4 |3 |  afatinib | 15 | 137900 |
| SUMI159PT | 4 | 1 | afatinib | 10 | 116800 |
| SUMI59PT | 4 |2 | afatinib | 10 | 124300 |
| SUMI159PT | 4 | 3 |  afatinib | 10 | 117600 |
| SUMI159PT | 4 | 1 | afatinib | 7.5 | 70120 |
| SUMI159PT | 4 | 2 |  afatinib | 7.5 | 76660 |
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO[%)] Value

| SUM159PT | 4 | 3 |  afatinib | 7.5 | 65360 |
| SUMI59PT | 4 | 1 |  afatinib | 5 | 24030 |
| SUM159PT | 4 | 2 |  afatinib | 5 | 9514 |
| SUMI59PT | 4 |3 |  afatinib | 5 | 16620 |
| SUMI59PT | 4 |1 | afatinib | 2.5 | 15150 |
| SUMI159PT | 4 |2 |  afatinib | 2.5 | 27670 |
| SUMI59PT | 4 | 3 |  afatinibb | 2.5 | 31880 |
| SUMI159PT | 4 | 1 |  afatinib | 1 | 24290 |
| SUMI159PT | 4 | 2 |  afatinib | 1 | 21910 |
| SUMI159PT | 4 | 3 |  afatinib | 1 | 21780 |
| SUMI159PT | 4 | 1 |  afatinib | 0.1 | 11910 |
| SUMI159PT | 4 | 2 |  afatinib | 0.1 | 15802 |
| SUMI159PT | 4 | 3 |  afatinib | 0.1 | 16712 |
| SUMI159PT | 4 | 1 |  afatinib | 0.01 | 22140 |
| SUMI159PT | 4 | 2 |  afatinib | 0.01 | 47100 |
| SUMI159PT | 4 | 3 |  afatinib | 0.01 | 45100 |
| SUMI59PT | 4 S bg \ no \ 100 \
| SUMI159PT | 4 |2 | bg \ no \ 90 \
| SUMI159PT | 4 3| bg \ no \ 70 \
| SUM225CWN | 1 | 1 | vehicle(DMSO) |  0.15% | 59500 |
| SUM225CWN | 1 | 2| vehicle(DMSO) |  0.15% | 54990 |
| SUM225CWN | 1 | 3 | vehicle(DMSO) |  0.15% | 48370 |
| SUM225CWN | 1 | 1 |  afatinib | 15 | 40790 |
| SUM225CWN | 1 | 2 |  afatinibb | 15 | 48000 |
| SUM225CWN | 1 | 3 |  afatinib | 15 | 49430 |
| SUM225CWN | 1 | 1 |  afatinibb | 10 | 36040 |
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO|%] Value

| SUM225CWN | 1 | 2 |  afatinib | 10 | 26530 |
| SUM225CWN | 1 | 3 |  afatinib | 10 | 26490 |
| SUM225CWN | 1 | 1 | afatinib | 7.5 | 21680 |
| SUM225CWN | 1 |2 | afatinib | 7.5 | 22670 |
| SUM225CWN | 1 | 3 |  afatinib | 7.5 | 25300 |
| SUM225CWN | 1 | 1 |  afatinib | 5 | 19760 |
| SUM225CWN | 1 | 2 |  afatinib | 5 | 18360 |
| SUM225CWN | 1 |3 |  afatinib | 5 | 19590 |
| SUM225CWN | 1 | 1 |  afatinib | 2.5 | 19980 |
| SUM225CWN | 1 |2 | afatinib | 2.5 | 19780 |
| SUM225CWN | 1 | 3 |  afatinib | 2.5 | 18520 |
| SUM225CWN | 1 | 1 |  afatinib | 1 | 19890 |
| SUM225CWN | 1 | 2 | afatinib | 1 | 14010 |
| SUM225CWN | 1 | 3 |  afatinib | 1 | 13030 |
| SUM225CWN | 1 | 1 | afatinib | 0.1 | 18820 |
| SUM225CWN | 1 | 2 |  afatinib | 0.1 | 9390 |
| SUM225CWN | 1 | 3 |  afatinib | 0.1 | 12730 |
| SUM225CWN | 1 | 1 |  afatinib | 0.01 | 8700 |
| SUM225CWN | 1 |2 | afatinib | 0.01 | 8840 |
| SUM225CWN | 1 | 3 |  afatinib | 0.01 | 7060 |
| SUM225CWN | 1 R bg \ no \ 50 \
| SUM225CWN | 1 | 2 | bg \ no \ 55 \
| SUM225CWN | 1 3 bg \ no \ 70 \
| SUM225CWN | 2 | 1 | vehicle(DMSO) |  0.15% | 1800 |
| SUM225CWN | 2 | 2| vehicle(DMSO) |  0.15% | 1950 |
| SUM225CWN | 2 | 3 | vehicle(DMSO) |  0.15% | 2430 |
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO[%)] Value

| SUM225CWN | 2 | 1 |  afatinib | 15 | 1940 |
| SUM225CWN | 2 |2 |  afatinib | 15 | 1840 |
| SUM225CWN | 2 | 3 |  afatinib | 15 | 1060 |
| SUM225CWN | 2 | 1 |  afatinib | 10 \ 990 \
| SUM225CWN | 2 |2 | afatinib | 10 | 1010 |
| SUM225CWN | 2 | 3 |  afatinib | 10 \ 990 \
| SUM225CWN | 2 | 1 |  afatinib | 7.5 | 1230 |
| SUM225CWN | 2 |2 | afatinib | 7.5 \ 850 \
| SUM225CWN | 2 | 3 |  afatinibb | 7.5 \ 630 \
| SUM225CWN | 2 | 1 |  afatinib | 5 \ 430 \
| SUM225CWN | 2 | 2 |  afatinib | 5 \ 410 \
| SUM225CWN | 2 | 3 |  afatinib | 5 \ 390 \
| SUM225CWN | 2 | 1 | afatinib | 2.5 \ 350 \
| SUM225CWN | 2 | 2 |  afatinib | 2.5 \ 550 \
| SUM225CWN | 2 | 3 |  afatinib | 2.5 \ 460 \
| SUM225CWN | 2 | 1 |  afatinib | 1 \ 530 \
| SUM225CWN | 2 |2 | afatinib | 1 \ 470 \
| SUM225CWN | 2 | 3 |  afatinib | 1 \ 490 \
| SUM225CWN | 2 | 1 |  afatinib | 0.1 \ 440 \
| SUM225CWN | 2 | 2 |  afatinibb | 0.1 \ 380 \
| SUM225CWN | 2 |3 |  afatinib | 0.1 \ 370 \
| SUM225CWN | 2 | 1 |  afatinib | 0.01 \ 470 \
| SUM225CWN | 2 |2 | afatinib | 0.01 \ 480 \
| SUM225CWN | 2 | 3 |  afatinibb | 0.01 \ 610 \
| SUM225CWN | 2 |1 bg \ no \ 20 \
| SUM225CWN | 2 | 2 | bg \ no \ 10 \
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO|%] Value

| SUM225CWN | 2 |3 bg \ no \ 40 \
| SUM225CWN | 3 | 1 | vehicle(DMSO) |  0.15% | 90360 |
| SUM225CWN | 3 | 2 | vehicle(DMSO) |  0.15% | 97560 |
| SUM225CWN | 3 | 3 | vehicle(DMSO) |  0.15% | 93470 |
| SUM225CWN | 3 | 1 |  afatinib | 15 | 67420 |
| SUM225CWN | 3 | 2 |  afatinib | 15 | 60230 |
| SUM225CWN | 3 | 3 |  afatinib | 15 | 62080 |
| SUM225CWN | 3 | 1 |  afatinib | 10 | 39620 |
| SUM225CWN | 3 | 2 |  afatinib | 10 | 40120 |
| SUM225CWN | 3 |3 |  afatinib | 10 | 40530 |
| SUM225CWN | 3 | 1 |  afatinib | 7.5 | 39450 |
| SUM225CWN | 3 | 2 |  afatinib | 7.5 | 37630 |
| SUM225CWN | 3 | 3 |  afatinib | 7.5 | 35830 |
| SUM225CWN | 3 | 1 |  afatinib | 5 | 30610 |
| SUM225CWN | 3 | 2 |  afatinib | 5 | 27950 |
| SUM225CWN | 3 | 3 |  afatinib | 5 | 23620 |
| SUM225CWN | 3 | 1 |  afatinib | 2.5 | 23670 |
| SUM225CWN | 3 | 2 |  afatinib | 2.5 | 23840 |
| SUM225CWN | 3 |3 |  afatinib | 2.5 | 23640 |
| SUM225CWN | 3 | 1 |  afatinib | 1 | 18130 |
| SUM225CWN | 3 | 2 |  afatinib | 1 | 16730 |
| SUM225CWN | 3 | 3 |  afatinib | 1 | 19410 |
| SUM225CWN | 3 | 1 |  afatinib | 0.1 | 19200 |
| SUM225CWN | 3 | 2 |  afatinib | 0.1 | 15540 |
| SUM225CWN | 3 | 3 |  afatinib | 0.1 | 10370 |
| SUM225CWN | 3 | 1 |  afatinib | 0.01 | 13450 |
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO[%)] Value

| SUM225CWN | 3 | 2 |  afatinib | 0.01 | 13260 |
| SUM225CWN | 3 | 3 |  afatinib | 0.01 | 16880 |
| SUM225CWN | 3 |1 bg \ no \ 150 \
| SUM225CWN | 3 | 2 | bg \ no \ 110 \
| SUM225CWN | 3 |3 bg \ no \ 110 \
| SUM225CWN | 4 | 1 | vehicle(DMSO) |  0.15% | 39300 |
| SUM225CWN | 4 | 2 | vehicle(DMSO) |  0.15% | 35990 |
| SUM225CWN | 4 | 3 | vehicle(DMSO) |  0.15% | 34950 |
| SUM225CWN | 4 | 1 |  afatinib | 15 | 74450 |
| SUM225CWN | 4 |2 | afatinib | 15 | 19850 |
| SUM225CWN | 4 | 3 |  afatinibb | 15 | 6732 |
| SUM225CWN | 4 | 1 |  afatinib | 10 | 14370 |
| SUM225CWN | 4 | 2 |  afatinib | 10 | 15060 |
| SUM225CWN | 4 | 3 |  afatinib | 10 | 13890 |
| SUM225CWN | 4 | 1 | afatinib | 7.5 | 12320 |
| SUM225CWN | 4 | 2 |  afatinib | 7.5 | 11940 |
| SUM225CWN | 4 |3 |  afatinib | 7.5 | 11380 |
| SUM225CWN | 4 | 1 |  afatinib | 5 | 5391 |
| SUM225CWN | 4 |2 | afatinib | 5 | 7432 |
| SUM225CWN | 4 | 3 |  afatinibb | 5 | 8373 |
| SUM225CWN | 4 | 1 |  afatinib | 2.5 | 10610 |
| SUM225CWN | 4 | 2 | afatinib | 2.5 | 11250 |
| SUM225CWN | 4 |3 |  afatinib | 2.5 | 10050 |
| SUM225CWN | 4 | 1 |  afatinib | 1 | 5331 \
| SUM225CWN | 4 | 2 |  afatinib | 1 | 5121 |
| SUM225CWN | 4 | 3 |  afatinib | 1 | 5441 \
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment replicate Condition or Luminescence
DMSO|%] Value

| SUM225CWN | 4 | 1 | afatinib | 0.1 | 3t |
| SUM225CWN | 4 | 2 | afatinib | 0.1 | 5721 |
| SUM225CWN | 4 | 3 |  afatinib | 0.1 | 5421 |
| SUM225CWN | 4 | 1 |  afatinib | 0.01 |37t
| SUM225CWN | 4 | 2 |  afatinib | 0.01 | 4111 |
| SUM225CWN | 4 | 3 |  afatinib | 0.01 | 4031 |
| SUM225CWN | 4 |1 bg \ no \ 100 \
| SUM225CWN | 4 |2 bg \ no \ 80 \
| SUM225CWN | 4 | 3 bg \ no \ 85 \
| SUMI149PT | 1 | 1 | vehicle(DMSO) |  0.15% | 10660 |
| SUMI49PT | 1 | 2 | vehicle(DMSO) |  0.15% | 9864 |
| SUMI49PT | 1 | 3 | vehicle(DMSO) |  0.15% | 10320 |
| SUMI149PT | 1 | 1 | afatinib | 15 | 9432 |
| SUMI149PT | 1 | 2 |  afatinib | 15 | 9572 |
| SUMI149PT | 1 | 3 | afatinib | 15 | 9132 |
| SUMI49PT | 1 | 1 |  afatinib | 10 | 8862 |
| SUMI49PT | 1 | 2 | afatinib | 10 | 8002 |
| SUMI149PT | 1 | 3 |  afatinib | 10 | 9442 |
| SUMI49PT | 1 | 1 |  afatinib | 7.5 | 9481 |
| SUMI49PT | 1 | 2 |  afatinib | 7.5 | 7341 |
| SUMI49PT | 1 |3 |  afatinib | 7.5 | 3220 |
| SUMI149PT | 1 | 1 | afatinib | 5 | 2470 |
| SUMI49PT | 1 |2 | afatinib | 5 | 2720 |
| SUMI49PT | 1 | 3 |  afatinib | 5 | 2750 |
| SUMI149PT | 1 | 1 | afatinib | 2.5 | 3101 |
| SUMI149PT | 1 | 2 | afatinib | 2.5 | 2591 |




110

CHAPTER 6.

CONCLUSIONS

Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO[%)] Value

| SUMI149PT | 1 |3 | afatinib | 2.5 | 2451 |
| SUMI149PT | 1 | 1 |  afatinib | 1 | 2270 |
| SUMI149PT | 1 |2 | afatinib | 1 | 2130 |
| SUMI149PT | 1 |3 |  afatinib | 1 | 1560 |
| SUMI149PT | 1 |1 | afatinib | 0.1 | 1950 |
| SUMI149PT | 1 |2 |  afatinib | 0.1 | 1650 |
| SUMI149PT | 1 | 3 |  afatinib | 0.1 | 1430 |
| SUMI149PT | 1 | 1 |  afatinib | 0.01 \ 930 \
| SUMI149PT | 1 | 2 |  afatinib | 0.01 \ 120 \
| SUM149PT | 1 | 3 |  afatinib | 0.01 \ 740 \
| SUMI149PT | 1 |1 bg \ no \ 50 \
| SUM149PT | 1 |2 bg \ no \ 40 \
| SUMI149PT | 1 |3 bg \ no \ 50 \
| SUMI149PT | 2 | 1 | vehicle(DMSO) |  0.15% | 34710 |
| SUMI149PT | 2 | 2 | vehicle(DMSO) |  0.15% | 31300 |
| SUMI49PT | 2 | 3 | vehicle(DMSO) |  0.15% | 33090 |
| SUMI49PT | 2 | 1 |  afatinib | 15 | 29870 |
| SUM149PT | 2 | 2 |  afatinib | 15 | 35570 |
| SUMI149PT | 2 |3 | afatinib | 15 | 33480 |
| SUMI149PT | 2 | 1 |  afatinib | 10 | 31110 |
| SUMI149PT | 2 |2 | afatinib | 10 | 28610 |
| SUMI149PT | 2 | 3 |  afatinib | 10 | 11730 |
| SUMI149PT | 2 | 1 |  afatinib | 7.5 | 12510 |
| SUMI149PT | 2 | 2 |  afatinib | 7.5 | 15150 |
| SUM149PT | 2 | 3 |  afatinib | 7.5 | 19030 |
| SUMI149PT | 2 | 1 |  afatinib | 5 | 170 |
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO|%] Value

| SUMI149PT | 2 |2 | afatinib | 5 | 1470 |
| SUMI49PT | 2 | 3 |  afatinib | 5 | 1180 |
| SUMI49PT | 2 | 1 |  afatinib | 2.5 | 1310 |
| SUMI49PT | 2 |2 | afatinib | 2.5 \ 990 \
| SUMI49PT | 2 |3 |  afatinib | 2.5 | 1190 |
| SUMI49PT | 2 | 1 |  afatinib | 1 | 1810 |
| SUMI149PT | 2 | 2 | afatinib | 1 | 1720 |
| SUMI49PT | 2 |3 |  afatinib | 1 | 2250 |
| SUMI149PT | 2 | 1 | afatinib | 0.1 | 2650 |
| SUMI149PT | 2 |2 | afatinib | 0.1 \ 660 \
| SUMI149PT | 2 | 3 |  afatinib | 0.1 | 2140 |
| SUMI149PT | 2 | 1 |  afatinib | 0.01 \ 650 \
| SUMI149PT | 2 | 2 | afatinib | 0.01 \ 710 \
| SUMI149PT | 2 | 3 |  afatinib | 0.01 | 1240 |
| SUMI149PT | 2 |1 bg \ no \ 20 \
| SUMI49PT | 2 |2 bg \ no \ 20 \
| SUMI49PT | 2 3 bg \ no \ 10 \
| SUMI149PT | 3 | 1 | vehicle(DMSO) |  0.15% | 33800 |
| SUMI49PT | 3 | 2| vehicle(DMSO) |  0.15% | 39230 |
| SUMI49PT | 3 | 3 | vehicle(DMSO) |  0.15% | 35170 |
| SUMI49PT | 3 | 1 |  afatinib | 15 | 36860 |
| SUMI49PT | 3 | 2 |  afatinib | 15 | 34970 |
| SUMI49PT | 3 |3 |  afatinib | 15 | 38870 |
| SUMI49PT | 3 | 1 |  afatinib | 10 | 30930 |
| SUMI149PT | 3 | 2 |  afatinib | 10 | 37560 |
| SUMI49PT | 3 | 3 |  afatinib | 10 | 47710 |
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO[%)] Value

| SUMI149PT | 3 | 1 |  afatinib | 7.5 | 32280 |
| SUMI149PT | 3 |2 |  afatinib | 7.5 | 33210 |
| SUM149PT | 3 | 3 |  afatinib | 7.5 | 17130 |
| SUMI149PT | 3 | 1 |  afatinib | 5 | 5701 |
| SUM149PT | 3 | 2 |  afatinib | 5 | 4621 \
| SUMI149PT | 3 | 3 |  afatinib | 5 | 4041 |
| SUMI149PT | 3 | 1 |  afatinib | 2.5 | 3200 |
| SUMI149PT | 3 |2 | afatinib | 2.5 | 2410 |
| SUMI149PT | 3 | 3 |  afatinibb | 2.5 \ 950 \
| SUM149PT | 3 | 1 |  afatinib | 1 | 5852 |
| SUMI149PT | 3 | 2 |  afatinibb | 1 | 7342 |
| SUM149PT | 3 | 3 |  afatinib | 1 | 7322 |
| SUMI149PT | 3 | 1 | afatinib | 0.1 | 7122 |
| SUMI149PT | 3 | 2 |  afatinib | 0.1 | 5451 |
| SUMI149PT | 3 | 3 |  afatinib | 0.1 | 7483 |
| SUMI149PT | 3 | 1 |  afatinib | 0.01 | 5101 |
| SUMI49PT | 3 |2 | afatinib | 0.01 | 6182 |
| SUMI149PT | 3 |3 |  afatinib | 0.01 | 12290 |
| SUMI149PT | 3 R bg \ no \ 100 \
| SUMI149PT | 3 | 2 bg \ no \ 90 \
| SUMI149PT | 3 3 bg \ no \ 90 \
| SUMI49PT | 4 | 1 | vehicle(DMSO) |  0.15% | 10064 |
| SUMI149PT | 4 | 2| vehicle(DMSO) |  0.15% | 10600 |
| SUMI49PT | 4 | 3 | vehicle(DMSO) |  0.15% | 10380 |
| SUM149PT | 4 | 1 |  afatinib | 15 | 12040 |
| SUMI149PT | 4 | 2 |  afatinib | 15 | 9211 \
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO|%] Value

| SUMI149PT | 4 |3 |  afatinib | 15 | 9483 |
| SUMI49PT | 4 | 1 |  afatinib | 10 | 9053 |
| SUMI49PT | 1 |2 | afatinib | 10 | 8833 |
| SUMI49PT | 4 |3 |  afatinib | 10 | 8912 |
| SUMI149PT | 4 | 1 |  afatinib | 7.5 | 5741 |
| SUMI49PT | 4 | 2 |  afatinib | 7.5 | 5931 |
| SUMI149PT | 4 | 3 | afatinib | 7.5 | 11680 |
| SUMI49PT | 4 | 1 |  afatinib | 5 | 4201 |
| SUMI49PT | 4 | 2 |  afatinib | 5 | 3801 |
| SUMI149PT | 4 |3 |  afatinib | 5 | 4081 |
| SUMI149PT | 4 | 1 | afatinib | 2.5 | 2940 |
| SUMI149PT | 4 | 2 |  afatinib | 2.5 | 2400 |
| SUMI149PT | 4 | 3 | afatinib | 2.5 | 2620 |
| SUMI149PT | 4 | 1 |  afatinib | 1 | 2020 |
| SUMI149PT | 4 | 2 |  afatinib | 1 | 2690 |
| SUMI149PT | 4 | 3 |  afatinib | 1 | 3911 |
| SUMI49PT | 4 | 1 |  afatinib | 0.1 | 3701 |
| SUMI49PT | 4 |2 | afatinib | 0.1 | 4441 |
| SUMI49PT | 4 |3 |  afatinib | 0.1 | 42010 |
| SUM149PT | 4 | 1 | afatinib | 0.01 | 3580 |
| SUMI49PT | 4 | 2 |  afatinib | 0.01 | 3870 |
| SUMI49PT | 4 | 3 |  afatinib | 0.01 | 3650 |
| SUMI49PT | 4 R bg \ no \ 40 \
| SUMI149PT | 4 |2 | bg \ no \ 50 \
| SUMI149PT | 4 |3 | bg \ no \ 20 \
| SUM131MO2 | 1 | 1 | vehicle(DMSO) |  0.15% | 2290 |
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO[%)] Value

| SUM131MO2 | 1 | 2 | vehicle(DMSO) |  0.15% | 2640 |
| SUM131MO2 | 1 | 3 | vehicle(DMSO) |  0.15% | 3441 |
| SUM131MO2 | 1 |1 | afatinib | 15 | 2810 |
| SUM131MO2 | 1 |2 | afatinib | 15 | 2430 |
| SUM131MO2 | 1 | 3 |  afatinib | 15 | 2300 |
| SUM131MO2 | 1 | 1 |  afatinib | 10 | 1100 |
| SUM131MO2 | 1 | 2 |  afatinib | 10 | 2190 |
| SUM131MO2 | 1 |3 |  afatinib | 10 | 2550 |
| SUM131MO2 | 1 | 1 |  afatinib | 7.5 | 1510 |
| SUM131MO2 | 1 |2 | afatinib | 7.5 | 2170 |
| SUM131MO2 | 1 | 3 |  afatinibb | 75 | 1880 |
| SUM131MO2 | 1 | 1 |  afatinib | 5 | 1440 |
| SUM131MO2 | 1 | 2 |  afatinib | 5 \ 90 \
| SUM131MO2 | 1 | 3 |  afatinib | 5 \ 60 \
| SUM131MO2 | 1 | 1 | afatinib | 2.5 \ 70 \
| SUM131MO2 | 1 |2 | afatinib | 2.5 \ 80 \
| SUM131MO2 | 1 |3 |  afatinib | 2.5 \ 60 \
| SUM131MO2 | 1 |1 |  afatinib | 1 \ 50 \
| SUM131MO2 | 1 |2 | afatinib | 1 \ 40 \
| SUM131MO2 | 1 | 3 |  afatinib | 1 \ 30 \
| SUM131MO2 | 1 | 1 |  afatinib | 0.1 \ 20 \
| SUM131MO2 | 1 | 2 | afatinib | 0.1 \ 20 \
| SUM131MO2 | 1 |3 |  afatinib | 0.1 \ 50 \
| SUM131MO2 | 1 | 1 | afatinib | 0.01 \ 20 \
| SUM131MO2 | 1 | 2 |  afatinib | 0.01 \ 10 \
| SUM131MO2 | 1 | 3 |  afatinib | 0.01 \ 50 \
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO|%] Value

| SUM131MO2 | 1 (R bg \ no \ 10 \
| SUM131MO2 | 1 |2 bg \ no \ 20 \
| SUM131MO2 | 1 3 bg \ no \ 10 \
| SUM131MO2 | 2 | 1 | vehicle(DMSO) |  0.15% | 300 \
| SUM131MO2 | 2 | 2 | vehicle(DMSO) |  0.15% | 280 \
| SUM131MO2 | 2 | 3 | vehicle(DMSO) |  0.15% | 270 \
| SUM131MO2 | 2 | 1 | afatinib | 15 \ 210 \
| SUM131MO2 | 2 |2 | afatinib | 15 \ 250 \
| SUM131MO2 | 2 | 3 | afatinib | 15 \ 250 \
| SUM131MO2 | 2 | 1 |  afatinib | 10 \ 150 \
| SUM131MO2 | 2 | 2 | afatinib | 10 \ 200 \
| SUM131MO2 | 2 | 3 |  afatinib | 10 \ 250 \
| SUM131MO2 | 2 | 1 | afatinib | 7.5 \ 310 \
| SUM131MO2 | 2 | 2 |  afatinib | 7.5 \ 150 \
| SUM131MO2 | 2 | 3 | afatinib | 7.5 \ 140 \
| SUM131MO2 | 2 | 1 |  afatinib | 5 \ 60 \
| SUM131MO2 | 2 | 2 | afatinib | 5 \ 50 \
| SUM131MO2 | 2 | 3 |  afatinib | 5 \ 50 \
| SUM131MO2 | 2 | 1 |  afatinib | 2.5 \ 20 \
| SUM131MO2 | 2 | 2 | afatinib | 2.5 \ 60 \
| SUM131MO2 | 2 |3 |  afatinib | 2.5 \ 70 \
| SUM131MO2 | 2 | 1 | afatinib | 1 \ 40 \
| SUM131MO2 | 2 |2 | afatinib | 1 \ 60 \
| SUM131MO2 | 2 | 3 |  afatinib | 1 \ 50 \
| SUM131MO2 | 2 | 1 | afatinib | 0.1 \ 70 \
| SUM131MO2 | 2 | 2 | afatinib | 0.1 \ 60 \
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO[%)] Value

| SUM131MO2 | 2 |3 | afatinib | 0.1 \ 80 \
| SUM131MO2 | 2 | 1 |  afatinib | 0.01 \ 20 \
| SUM131MO2 | 2 |2 | afatinib | 0.01 \ 10 \
| SUM131MO2 | 2 |3 |  afatinib | 0.01 \ 30 \
| SUM131MO2 | 2 I bg \ no \ 20 \
| SUM131MO2 | 2 | 2 | bg \ no \ 10 \
| SUM131MO2 | 2 |3 bg \ no \ 10 \
| SUM131MO2 | 3 | 1 | vehicle(DMSO) |  0.15% | 25350 |
| SUM131MO2 | 3 | 2 | vehicle(DMSO) |  0.15% | 35980 |
| SUM131MO2 | 3 | 3 | vehicle(DMSO) |  0.15% | 28730 |
| SUM131MO2 | 3 | 1 |  afatinibb | 15 | 30220 |
| SUM131MO2 | 3 | 2 |  afatinib | 15 | 30470 |
| SUM131MO2 | 3 | 3 |  afatinib | 15 | 34180 |
| SUM131MO2 | 3 | 1 |  afatinib | 10 | 34440 |
| SUM131MO2 | 3 | 2 |  afatinib | 10 | 37180 |
| SUM131MO2 | 3 | 3 |  afatinib | 10 | 27680 |
| SUM131MO2 | 3 | 1 |  afatinib | 75 | 32530 |
| SUM131MO2 | 3 | 2 |  afatinib | 7.5 | 25120 |
| SUM131MO2 | 3 |3 | afatinib | 75 | 15660 |
| SUM131MO2 | 3 | 1 |  afatinib | 5 | 4751 \
| SUM131MO2 | 3 |2 | afatinib | 5 | 3761 |
| SUM131MO2 | 3 | 3 |  afatinib | 5 | 4911 \
| SUM131MO2 | 3 | 1 |  afatinib | 2.5 | 13030 |
| SUM131MO2 | 3 | 2 |  afatinibb | 2.5 | 3551 \
| SUM131MO2 | 3 | 3 |  afatinib | 2.5 \ 780 \
| SUM131MO2 | 3 | 1 |  afatinib | 1 | a3 |
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO|%] Value

| SUM131MO2 | 3 | 2 |  afatinib | 1 | 7202 |
| SUM131MO2 | 3 | 3 |  afatinib | 1 | 5531 |
| SUM131MO2 | 3 | 1 |  afatinib | 0.1 | 4551 |
| SUM131MO2 | 3 |2 | afatinib | 0.1 | 4821 |
| SUM131MO2 | 3 | 3 |  afatinib | 0.1 | 5972 |
| SUM131MO2 | 3 | 1 |  afatinib | 0.01 | 4801 |
| SUM131MO2 | 3 | 2 |  afatinib | 0.01 | 5491 |
| SUM131MO2 | 3 |3 |  afatinib | 0.01 | 6622 |
| SUM131MO2 | 3 |1 bg \ no \ 25 \
| SUM131MO2 | 3 |2 bg \ no \ 20 \
| SUM131MO2 | 3 |3 bg \ no \ 10 \
| SUM229PE | 1 | 1 | vehicle(DMSO) |  0.15% | 1470 |
| SUM229PE | 1 | 2 | vehicle(DMSO) |  0.15% | 1950 |
| SUM229PE | 1 | 3 | vehicle(DMSO) |  0.15% | 1910 |
| SUM229PE | 1 | 1 | afatinib | 15 \ 1990 |
| SUM229PE | 1 |2 | afatinib | 15 | 1390 |
| SUM229PE | 1 | 3 |  afatinib | 15 | 1950 |
| SUM229PE | 1 | 1 | afatinib | 10 | 1450 |
| SUM229PE | 1 |2 | afatinib | 10 | 1780 |
| SUM229PE | 1 | 3 | afatinib | 10 \ 270 \
| SUM229PE | 1 | 1 |  afatinib | 7.5 \ 330 \
| SUM229PE | 1 | 2 | afatinib | 7.5 \ 430 \
| SUM229PE | 1 |3 |  afatinib | 7.5 \ 250 \
| SUM229PE | 1 | 1 | afatinib | 5 \ 180 \
| SUM229PE | 1 | 2 |  afatinib | 5 \ 110 \
| SUM229PE | 1 | 3 |  afatinib | 5 \ 150 \
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO[%)] Value

| SUM229PE | 1 | 1 |  afatinib | 2.5 \ 130 \
| SUM229PE | 1 |2 |  afatinib | 2.5 \ 110 \
| SUM229PE | 1 |3 | afatinib | 2.5 \ 120 \
| SUM229PE | 1 | 1 |  afatinib | 1 \ 190 \
| SUM229PE | 1 |2 | afatinib | 1 \ 160 \
| SUM229PE | 1 | 3 |  afatinib | 1 \ 140 \
| SUM229PE | 1 | 1 |  afatinib | 0.1 \ 220 \
| SUM229PE | 1 |2 | afatinib | 0.1 \ 180 \
| SUM229PE | 1 | 3 |  afatinib | 0.1 \ 190 \
| SUM229PE | 1 | 1 |  afatinib | 0.01 \ 190 \
| SUM229PE | 1 | 2 |  afatinib | 0.01 \ 150 \
| SUM229PE | 1 | 3 |  afatinib | 0.01 \ 160 \
| SUM229PE | 1 |1 bg \ no \ 10 \
| SUM229PE | 1 |2 | bg \ no \ 30 \
| SUM229PE | 1 |3 bg \ no \ 10 \
| SUM229PE | 2 | 1 | vehicle(DMSO) |  0.15% | 2101 \
| SUM229PE | 2 | 2| vehicle(DMSO) |  0.15% | 2450 |
| SUM229PE | 2 | 3 | vehicle(DMSO) |  0.15% | 2040 |
| SUM229PE | 2 | 1 |  afatinib | 15 | 2440 |
| SUM229PE | 2 | 2 |  afatinib | 15 | 2780 |
| SUM229PE | 2 |3 |  afatinib | 15 | 2830 |
| SUM229PE | 2 | 1 |  afatinib | 10 | 2750 |
| SUM229PE | 2 |2 | afatinib | 10 | 2490 |
| SUM229PE | 2 | 3 |  afatinib | 10 | 2260 |
| SUM229PE | 2 | 1 |  afatinib | 7.5 \ 330 \
| SUM229PE | 2 | 2 |  afatinib | 7.5 \ 590 \
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO|%] Value

| SUM229PE | 2 | 3 |  afatinib | 7.5 \ 550 \
| SUM229PE | 2 | 1 |  afatinib | 5 \ 150 \
| SUM229PE | 2 |2 | afatinib | 5 \ 550 \
| SUM229PE | 2 |3 |  afatinib | 5 \ 230 \
| SUM229PE | 2 | 1 |  afatinib | 2.5 \ 540 \
| SUM229PE | 2 | 2 |  afatinib | 2.5 \ 450 \
| SUM229PE | 2 | 3 | afatinib | 2.5 \ 430 \
| SUM229PE | 2 | 1 |  afatinib | 1 \ 450 \
| SUM229PE | 2 | 2 | afatinib | 1 \ 460 \
| SUM229PE | 2 |3 |  afatinib | 1 \ 480 \
| SUM229PE | 2 | 1 | afatinib | 0.1 \ 310 \
| SUM229PE | 2 | 2 |  afatinib | 0.1 \ 230 \
| SUM229PE | 2 | 3 | afatinib | 0.1 \ 250 \
| SUM229PE | 2 | 1 |  afatinib | 0.01 \ 210 \
| SUM229PE | 2 | 2 |  afatinib | 0.01 \ 170 \
| SUM229PE | 2 |3 |  afatinib | 0.01 \ 150 \
| SUM229PE | 2 (R bg \ no \ 20 \
| SUM229PE | 2 |2 | bg \ no \ 20 \
| SUM229PE | 2 3 bg \ no \ 30 \
| SUM229PE | 3 | 1 | vehicle(DMSO) |  0.15% | 4101 |
| SUM229PE | 3 | 2| vehicle(DMSO) |  0.15% | 4002 |
| SUM229PE | 3 | 3 | vehicle(DMSO) |  0.15% | 4031 |
| SUM229PE | 3 | 1 |  afatinib | 15 | 4431 |
| SUM229PE | 3 | 2 | afatinib | 15 | 3441 |
| SUM229PE | 3 | 3 |  afatinib | 15 | 4391 |
| SUM229PE | 3 | 1 | afatinib | 10 | 4801 |




120

CHAPTER 6.

CONCLUSIONS

Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO[%)] Value

| SUM229PE | 3 |2 | afatinib | 10 | 4231 |
| SUM229PE | 3 | 3 |  afatinib | 10 | 3621 |
| SUM229PE | 3 | 1 |  afatinib | 7.5 | 3250 |
| SUM229PE | 3 |2 | afatinib | 7.5 | 3260 |
| SUM229PE | 3 | 3 |  afatinib | 7.5 | 3170 |
| SUM229PE | 3 | 1 |  afatinib | 5 | 3170 |
| SUM229PE | 3 | 2 |  afatinib | 5 | 3340 |
| SUM229PE | 3 |3 |  afatinib | 5 | 3010 |
| SUM229PE | 3 | 1 |  afatinib | 2.5 | 1610 |
| SUM229PE | 3 |2 | afatinib | 2.5 | 1260 |
| SUM229PE | 3 | 3 |  afatinibb | 2.5 | 1380 |
| SUM229PE | 3 | 1 |  afatinib | 1 | 1410 |
| SUM229PE | 3 | 2 |  afatinib | 1 | 1640 |
| SUM229PE | 3 | 3 |  afatinib | 1 | 1410 |
| SUM229PE | 3 | 1 | afatinib | 0.1 | 1980 |
| SUM229PE | 3 |2 | afatinib | 0.1 | 1160 |
| SUM229PE | 3 |3 |  afatinib | 0.1 | 2270 |
| SUM229PE | 3 |1 |  afatinib | 0.01 | 1090 |
| SUM229PE | 3 |2 | afatinib | 0.01 | 1140 |
| SUM229PE | 3 | 3 |  afatinib | 0.01 | 1230 |
| SUM229PE | 3 R bg \ no \ 30 \
| SUM229PE | 3 |2 | bg \ no \ 10 \
| SUM229PE | 3 3 bg \ no \ 50 \
| SUMISSPE | 1 | 1 | vehicle(DMSO) |  0.15% | 4710 |
| SUMISSPE | 1 | 2| vehicle(DMSO) |  0.15% | 4550 |
| SUMISSPE | 1 | 3 | vehicle(DMSO) |  0.15% | 4854 |
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO|%] Value

| SUMIS5PE | 1 | 1 | afatinib | 15 | 4651 |
| SUMIS5PE | 1 | 2 | afatinib | 15 | 4581 |
| SUMISSPE | 1 | 3 |  afatinib | 15 | 461 |
| SUMIS5PE | 1 | 1 |  afatinib | 10 | 4031 |
| SUMISSPE | 1 | 2 |  afatinib | 10 | 3951 |
| SUMIS5PE | 1 | 3 |  afatinib | 10 | 3681 |
| SUMIS5SPE | 1 | 1 |  afatinib | 7.5 | 2980 |
| SUMIS5PE | 1 |2 | afatinib | 7.5 | 2930 |
| SUMISSPE | 1 | 3 |  afatinib | 7.5 | 3070 |
| SUMISSPE | 1 | 1 |  afatinib | 5 | 2480 |
| SUMISSPE | 1 | 2 | afatinib | 5 | 2490 |
| SUMISSPE | 1 | 3 |  afatinib | 5 | 2360 |
| SUMISSPE | 1 | 1 | afatinib | 2.5 | 2550 |
| SUMISSPE | 1 | 2 |  afatinib | 2.5 | 2340 |
| SUMISSPE | 1 | 3 | afatinib | 2.5 | 2180 |
| SUMIS5PE | 1 | 1 |  afatinib | 1 | 1580 |
| SUMIS5PE | 1 | 2 | afatinib | 1 | 1340 |
| SUMIS5PE | 1 |3 |  afatinib | 1 | 1420 |
| SUMIS5PE | 1 | 1 |  afatinib | 0.1 | 1640 |
| SUMISSPE | 1 | 2 | afatinib | 0.1 | 1710 |
| SUMIS5PE | 1 |3 |  afatinib | 0.1 | 1260 |
| SUMISSPE | 1 | 1 | afatinib \ 0.01 \ 1610 \
| SUMIS5PE | 1 |2 | afatinib | 0.01 | 1440 |
| SUMISSPE | 1 | 3 |  afatinib | 0.01 | 1540 |
| SUMISSPE | 1 |1 bg \ no \ 20 \
| SUMISSPE | 1 |2 | bg \ no \ 10 \
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO[%)] Value

| SUMISSPE | 1 |3 | bg \ no \ 50 \
| SUMIS5PE | 2 | 1 | vehicle(DMSO) |  0.15% | 500 \
| SUMISSPE | 2 | 2 | vehicle(DMSO) |  0.15% | 580 \
| SUMIS5PE | 2 | 3 | vehicle(DMSO) |  0.15% | 480 \
| SUMIS5PE | 2 |1 | afatinib | 15 \ 410 \
| SUMIS5PE | 2 |2 |  afatinib | 15 \ 470 \
| SUMISSPE | 2 | 3 |  afatinibb | 15 \ 460 \
| SUMIS5PE | 2 | 1 |  afatinib | 10 \ 450 \
| SUMISSPE | 2 | 2 |  afatinib | 10 \ 400 \
| SUMISSPE | 2 | 3 |  afatinib | 10 \ 420 \
| SUMISSPE | 2 | 1 |  afatinib | 7.5 \ 420 \
| SUMISSPE | 2 | 2 |  afatinib | 7.5 \ 440 \
| SUMISSPE | 2 | 3 |  afatinib | 7.5 \ 400 \
| SUMISSPE | 2 | 1 |  afatinib | 5 \ 200 \
| SUMISSPE | 2 | 2 |  afatinib | 5 \ 110 \
| SUMISSPE | 2 | 3 |  afatinib | 5 \ 150 \
| SUMIS5PE | 2 | 1 |  afatinib | 2.5 \ 110 \
| SUMIS5PE | 2 |2 | afatinib | 2.5 \ 160 \
| SUMIS5PE | 2 |3 | afatinib | 2.5 \ 170 \
| SUMISSPE | 2 | 1 |  afatinib | 1 \ 40 \
| SUMIS5PE | 2 |2 | afatinib | 1 \ 60 \
| SUMISSPE | 2 | 3 |  afatinib | 1 \ 50 \
| SUMIS5PE | 2 | 1 |  afatinib | 0.1 \ 70 \
| SUMISSPE | 2 | 2 |  afatinib | 0.1 \ 60 \
| SUMISSPE | 2 | 3 |  afatinib | 0.1 \ 80 \
| SUMISSPE | 2 | 1 |  afatinib | 0.01 \ 20 \
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO|%] Value

| SUMIS5PE | 2 |2 | afatinib | 0.01 \ 10 \
| SUMIS5PE | 2 | 3 |  afatinib | 0.01 \ 30 \
| SUMIS5PE | 2 R bg \ no \ 10 \
| SUMIS5PE | 2 |2 bg \ no \ 10 \
| SUMISSPE | 2 |3 bg \ no \ 20 \
| SUMIS5PE | 3 | 1 | vehicle(DMSO) |  0.15% | 510 \
| SUMIS5SPE | 3 | 2 | vehicle(DMSO) |  0.15% | 490 \
| SUMIS5PE | 3 | 3 | vehicle(DMSO) |  0.15% | 500 \
| SUMISSPE | 3 | 1 |  afatinib | 15 \ 510 \
| SUMISSPE | 3 |2 | afatinib | 15 \ 450 \
| SUMISSPE | 3 | 3 |  afatinib | 15 \ 490 \
| SUMISSPE | 3 | 1 |  afatinib | 10 \ 390 \
| SUMISSPE | 3 | 2 | afatinib | 10 \ 370 \
| SUMISSPE | 3 | 3 |  afatinib | 10 \ 400 \
| SUMISSPE | 3 | 1 | afatinib | 7.5 \ 410 \
| SUMISSPE | 3 | 2 |  afatinib | 7.5 \ 450 \
| SUMIS5PE | 3 | 3 |  afatinib | 75 \ 370 \
| SUMISSPE | 3 | 1 |  afatinib | 5 \ 390 \
| SUMIS5PE | 3 |2 | afatinib | 5 \ 300 \
| SUMISSPE | 3 | 3 |  afatinib | 5 \ 80 \
| SUMIS5PE | 3 | 1 |  afatinib | 2.5 \ 80 \
| SUMISSPE | 3 | 2 |  afatinib | 2.5 \ 80 \
| SUMIS5PE | 3 |3 |  afatinib | 2.5 \ 80 \
| SUMISSPE | 3 | 1 |  afatinib | 1 \ 60 \
| SUMISSPE | 3 | 2 |  afatinib | 1 \ 70 \
| SUMISSPE | 3 | 3 |  afatinib | 1 \ 30 \
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Table 6.4 continued from previous page

Afatinib[uM] Raw
CCL experiment  replicate Condition or Luminescence
DMSO[%)] Value
| SUMIS5PE | 3 | 1 |  afatinib | 0.1 \ 20 \
| SUMIS5PE | 3 |2 |  afatinib | 0.1 \ 30 \
| SUMISSPE | 3 | 3 |  afatinib | 0.1 \ 40 \
| SUMIS5PE | 3 | 1 |  afatinib | 0.01 \ 20 \
| SUMIS5PE | 3 |2 | afatinib | 0.01 \ 20 \
| SUMIS5PE | 3 | 3 |  afatinib | 0.01 \ 20 \
| SUMISSPE | 3 T bg \ no \ 10 \
| SUMIS5PE | 3 | 2 | bg \ no \ 20 \
SUMI185PE 3 3 bg no 10

Table 6.5. Afatinib sensitivity prediction results of scASTRAL. (A)
Cell line name (B) Log2 IC50 of the cell line (C) Percentage of cells predicted
to be sensitive to Afatinib by scASTRAL (D) Source of the IC50 value which

could or GDSC [7] or the estimated one.

Log?2 %.
CCL 1C50 sensitive  source 1C50

cells
| SUM1315MO2 | 0.411 | 049 | estimated |
| SUMI49PT | 0.275 | 0.55 | estimated |
| SUMI59PT | 0.310 | 0.58 | estimated |
| SUMIBSPE | 1.491 | 040 | estimated |
| SUM22PE | -0.272 | 0.31 | estimated |
\ BT20 | 3752 | 086 | GDSC |
\ BT549 | 2942 | 099 | GDSC |
|  CAL51 | 3564 | 097 | GDSC |
| CAL81 | 3615 | 095 | GDSC |
| HCC1143 | 2562 | 0.80 | GDSC |
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Table 6.5 continued from previous page

Log2 %.
CCL 1C50 sensitive  source IC50

cells
| HCC1187 | 3.051 | 1.00 | GDSC |
| HCC1937 | 3.409 | 099 | GDSC |
|  HCC38 | 5339 | 097 | GDSC |
| HCC70 | 3121 | 1.00 | GDSC |
|  HDQP1 | 0579 | 0.73 | GDSC |

MDAMB436  6.276  0.99 GDSC

Table 6.6. Clones (i.e., lineage) frequencies over time. (A) Lineage
(clone) ID (B) Frequency of the given lineage in the control condition (Day
0) b At 3 days (D) At 6 days (E) At 9 days (F) Afatinib response group of
given lineage as Tolerant or Sensitive

. Frequency Frequency Frequency Frequency Afatinib
Lineage ID Day 0 Day 3 Day 6 Day 9 response
group

‘ bc14-021:bc30-021932 ‘ 2.206 3.340 4.034 2.809 Tolerant
| bcl4-037:bc30-021892 | 4.348 1.461 2.017 2.019 Tolerant
‘ bc14-012:bc30-099590 ‘ 1.168 0.835 1.274 1.405 Tolerant
| bcl4-021:bc30-048793 | 2.401 2.296 2.123 1.405 Tolerant
‘ bc14-054:bc30-099259 ‘ 2.206 2.714 2.335 1.317 Tolerant
‘ bc14-006:bc30-019687 ‘ 0.844 0.626 0.531 0.966 Tolerant

| | | | |
| | | | |
| | | | |
| | | | |
| | | | |
| | | | |
| bcl4-061:bc30-092152 | 0.584 | 1.253 | 0531 | 0.966 | Tolerant |
| | | | |
| | | | |
| | | | |
| | | | |
| | | | |
| | | | |

| bcl4-011:bc30-090251 | 0.973 0.209 1.380 0.878 Tolerant
| bc14-060:bc30-072759 | 0.649 0.209 0.955 0.790 Tolerant
| bc14-065:bc30-030058 | 0.714 3.132 0.637 0.702 Tolerant
| bcl4-043:bc30-034364 | 0.714 1.044 0.531 0.615 Tolerant
| bc14-064:bc30-086398 | 0.584 0.626 0.849 0.615 Tolerant
| bc14-065:bc30-029505 | 0.973 2.088 0.531 0.615 Tolerant
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Lineage ID Freduency Fradueney frauency - foduency ceponee
group

| bc14-096:bc30-014468 | 0.779 | 0209 | 0.849 | 0.615 | Tolerant |
| bc14-052:bc30-005120 | 0.389 | 0.835 | 1380 | 0.527 | Tolerant |
| bc14-052:bc30-029064 | 0.714 | 1.044 | 0.106 | 0.527 | Tolerant |
| bc14-087:bc30-061352 | 0.519 | 0209 | 0212 | 0527 | Tolerant |
| bc14-022:bc30-047533 | 0.324 | 0.209 | 0425 | 0439 | Tolerant |
| bc14-059:bc30-072335 | 0.324 | 0.209 | 0531 | 0439 | Tolerant |
| bc14-019:bc30-041430 | 0324 | #N/A | 0637 | 0351 | Tolerant |
| bc14-029:bc30-078291 | 0.324 | 0209 | 0212 | 0351 | Tolerant |
| bc14-039:bc30-051511 | 0.324 | 0418 | 0.743 | 0351 | Tolerant |
| bc14-065:bc30-057163 | 0.195 | 0418 | 0531 | 0351 | Tolerant |
| bc14-020:bc30-010913 | 0.649 | 0418 | 0425 | 0263 | Tolerant |
| bc14-033:bc30-023121 | 0.195 | 0418 | 0212 | 0263 | Tolerant |
| bcl4-055:bc30-057547 | 0.454 | 0418 | 0318 | 0263 | Tolerant |
| bcl4-061:bc30-015052 | 0260 | #N/A | 0106 | 0263 | Tolerant |
| bc14-063:bc30-070885 | 0.519 | 1.044 | 0318 | 0263 | Tolerant |
| bc14-003:bc30-090195 | 0.389 | 0418 | 0425 | 0.176 | Tolerant |
| bc14-006:bc30-066015 | 0.454 | #N/A | 0425 | 0176 | Tolerant |
| bc14-006:bc30-071388 | 0260 | #N/A | 0106 | 0.176 | Tolerant |
| bc14-018:bc30-066885 |  0.195 | #N/A | 0106 | 0.176 | Tolerant |
| bc14-022:bc30-069303 | 0454 | 0209 | #N/A | 0176 | Tolerant |
| bc14-037:bc30-094922 |  0.195 | #N/A | #N/A | 0176 | Tolerant |
| bcl4-061:bc30-007079 | 0260 | #N/A | 0212 | 0176 | Tolerant |
| bc14-065:bc30-033306 | 0.324 | 0209 | 0318 | 0176 | Tolerant |
| bcl4-071:bc30-020429 | 0.584 | 0209 | 0425 | 0.176 | Tolerant |
| bcl4-086:bc30-044324 | 0519 | 0209 | 0106 | 0.176 | Tolerant |
| bc14-095:bc30-012872 | 0260 | 0209 | 0212 | 0176 | Tolerant |
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Table 6.6 continued from previous page

Lineago D Froeney ey Prency - Freguency [0
group

| bcl4-001:bc30-037375 | 0.065 | #N/A | #N/A | 0.088 | Tolerant |
| bc14-007:bc30-038130 |  0.130 | #N/A | #N/A | 0.08 | Tolerant |
| bcl4-015:bc30-078014 | 0.065 | #N/A | #N/A | 0.088 | Tolerant |
| bc14-024:b¢30-096023 | 0.065 | 0209 | 0425 | 0.088 | Tolerant |
| bc14-029:bc30-044951 | 0.130 | 0209 | #N/A | 0.088 | Tolerant |
| bc14-037:bc30-069628 |  0.065 | 0418 | #N/A | 0.08 | Tolerant |
| bcl4-045:bc30-024511 | 0.324 | #N/A | #N/A | 0.088 | Tolerant |
| bc14-050:bc30-014578 | 0.065 | 0209 | #N/A | 0.08 | Tolerant |
| bcl4-055:bc30-073573 | 0.260 | 0418 | 0425 | 0.088 | Tolerant |
| bc14-058:bc30-071926 |  0.065 | #N/A | 0.106 | 0.088 | Tolerant |
| bcl4-059:bc30-086131 | 0.065 | #N/A | 0106 | 0.088 | Tolerant |
| bcl4-061:bc30-079696 | 0.195 | #N/A | 0106 | 0.088 | Tolerant |
| bcl4-065:bc30-098517 | 0.065 | 0209 | 0106 | 0.088 | Tolerant |
| bcl4-069:bc30-027116 | 0.260 | #N/A | #N/A | 0.088 | Tolerant |
| bc14-083:bc30-009620 | 0.324 | 0.626 | 0.106 | 0.088 | Tolerant |
| bcl4-087:bc30-065831 | 0.130 | 0418 | 0106 | 0.088 | Tolerant |
| bc14-095:bc30-033735 | 0.065 | #N/A | #N/A | 008 | Tolerant |
| bcl4-095:bc30-059525 | 0.195 | #N/A | 0212 | 0.088 | Tolerant |
| bc14-013:bc30-092942 |  14.471 | 21.503 | 32,696 | 35470 | Tolerant |
| bcl4-065:bc30-046216 | 2466 | 6.472 | 7.749 | 9.921 | Tolerant |
| bc14-029:bc30-097278 | 0.649 | 1.670 | 0.849 | 2019 | Tolerant |
| bcl4-057:bc30-088917 | 0.519 | 0418 | 1911 | 1141 | Tolerant |
| bc14-040:bc30-048917 | 0.324 | 0209 | 0.849 | 1.054 | Tolerant |
| bc14-002:bc30-074580 |  0.389 | 0.835 | 0955 | 0.878 | Tolerant |
| bcl4-063:bc30-058638 | 0.260 | 0209 | 0531 | 0615 | Tolerant |
| bc14-040:bc30-018935 |  0.130 | #N/A | 0425 | 0439 | Tolerant |
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Lineage ID Freduency Fradueney frauency - foduency ceponee
group

| bcl4-051:bc30-000703 | 0.195 | 0418 | 0318 | 0439 | Tolerant |
| bc14-029:bc30-007942 | 0.065 | #N/A | #N/A | 0263 | Tolerant |
| bcl4-038:bc30-044710 | 0.065 | #N/A | #N/A | 0263 | Tolerant |
| bc14-099:bc30-079659 | 0.065 | #N/A | 0212 | 0263 | Tolerant |
| bcl4-065:bc30-087150 | 0.065 | #N/A | 0106 | 0.176 | Tolerant |
| bc14-001:bc30-003651 | 0.065 | 0209 | #N/A | #N/A | Tolerant |
| bcl4-001:bc30-050813 |  0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-001:bc30-073725 | 0.195 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-002:bc30-005546 | 0.130 | #N/A | #N/A | #N/A | Sensitive |
| bc14-002:bc30-018515 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-002:bc30-023232 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-002:bc30-037900 | 0.130 | #N/A | #N/A | #N/A | Sensitive |
| bc14-002:bc30-045329 | 0.130 | #N/A | #N/A | #N/A | Sensitive |
| bc14-002:bc30-051804 | 0.195 | 0209 | 0212 | #N/A | Sensitive |
| bc14-002:bc30-059123 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-002:bc30-097262 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-003:bc30-006836 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-003:bc30-018637 |  #N/A | 0209 | #N/A | #N/A | Sensitive |
| bc14-003:bc30-023649 |  #N/A | 0209 | #N/A | #N/A | Sensitive |
| bcl4-003:bc30-060369 |  #N/A | 0209 | 0106 | #N/A | Sensitive |
| bc14-004:bc30-003418 | #N/A | #N/A | 0106 | #N/A | Sensitive |
| bcl4-004:bc30-008394 |  #N/A | 0209 | #N/A | #N/A | Sensitive |
| bc14-004:bc30-027226 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-004:bc30-031423 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-004:bc30-071961 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-004:bc30-087344 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
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Table 6.6 continued from previous page

Lineago D Froeney ey Prency - Freguency [0
group

| bc14-005:bc30-009892 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-006:bc30-030371 | 0.195 #N/A 0.106 #N/A | Sensitive |
| bc14-006:bc30-067911 | 0.065 0.209 #N/A #N/A | Sensitive |
| bc14-006:bc30-085689 |  #N/A #N/A 0.106 #N/A | Sensitive |
| bcl4-007:bc30-000605 | #N/A 0.209 #N/A #N/A | Sensitive |
| bc14-007:bc30-007531 | 0.065 #N/A 0.106 #N/A | Sensitive |
| bc14-008:bc30-004652 | 0.195 #N/A #N/A #N/A | Sensitive |
| bc14-008:bc30-027839 | 0.130 #N/A #N/A #N/A | Sensitive |
| bc14-008:bc30-059667 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-008:bc30-062269 | 0.065 0.209 #N/A #N/A | Sensitive |
| bc14-010:bc30-004435 | 0.065 0.209 #N/A #N/A | Sensitive |
| bc14-010:bc30-007792 | 0.065 0.209 #N/A #N/A | Sensitive |

| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| bc14-010:bc30-043637 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |

| bc14-010:bc30-099753 | #N/A 0.209 #N/A #N/A | Sensitive |
| bc14-011:bc30-059389 | 0.065 0.209 #N/A #N/A | Sensitive |
| bcl4-011:bc30-061613 | #N/A 0.209 #N/A #N/A | Sensitive |
| bc14-011:bc30-062136 | 0.130 0.209 0.106 #N/A | Tolerant |
| bcl4-011:bc30-062576 | #N/A #N/A 0.106 #N/A | Sensitive |
| bc14-011:bc30-069933 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-011:bc30-080773 | #N/A 0.209 #N/A #N/A | Sensitive |
| bc14-011:bc30-092844 | 0.130 #N/A #N/A #N/A | Tolerant |
| bcl4-011:bc30-096594 |  #N/A 0.209 0.106 #N/A | Sensitive |
| bc14-011:bc30-099377 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-012:bc30-026933 | 0.324 #N/A 0.212 #N/A | Sensitive |
| bcl4-012:bc30-027008 | #N/A #N/A 0.106 #N/A | Sensitive |
| bcl4-012:bc30-035872 | #N/A #N/A 0.106 #N/A | Sensitive |
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Lineage ID Freduency Fradueney frauency - foduency ceponee
group

| bc14-012:bc30-068431 | #N/A | #N/A | 0106 | #N/A | Sensitive |
| bc14-012:bc30-080160 |  #N/A | #N/A | #N/A | #N/A | Tolerant |
| bc14-012:bc30-083558 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-013:bc30-009766 |  0.130 | 0209 | #N/A | #N/A | Tolerant |
| bc14-013:bc30-018603 | 0.065 | 0209 | #N/A | #N/A | Sensitive |
| bc14-013:bc30-028407 | 0.195 | 0418 | #N/A | #N/A | Sensitive |
| bcl4-013:bc30-085462 |  0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-013:bc30-093973 |  #N/A | #N/A | 0106 | #N/A | Tolerant |
| bcl4-014:bc30-000356 | 0.130 | #N/A | 0212 | #N/A | Sensitive |
| bc14-014:bc30-064469 | 0.844 | #N/A | 0106 | #N/A | Sensitive |
| bcl4-014:bc30-095687 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-015:bc30-045353 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-015:be30-060120 | 0.130 |  #N/A | #N/A | #N/A | Sensitive |
| bcl4-015:bc30-066453 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-015:be30-077167 | 0.065 | 0209 | #N/A | #N/A | Sensitive |
| bcl4-015:bc30-079242 | 0.065 | 0209 | 0106 | #N/A | Sensitive |
| bc14-015:bc30-081240 | 0.130 | 0.209 | 0.106 | #N/A | Sensitive |
| bcl4-015:bc30-091592 | 0.130 | #N/A | #N/A | #N/A | Sensitive |
| bc14-016:bc30-007195 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-017:be30-037177 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-018:bc30-015072 |  #N/A | #N/A | 0106 | #N/A | Sensitive |
| bcl4-018:bc30-028041 |  0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-018:bc30-029572 |  #N/A | 0209 | #N/A | #N/A | Sensitive |
| bcl4-018:bc30-034063 |  0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-018:bc30-054089 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-018:bc30-065781 |  0.065 | #N/A | #N/A | #N/A | Sensitive |
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Table 6.6 continued from previous page

Lineago D Froeney ey Prency - Freguency [0
group

| bc14-019:bc30-065627 | #N/A #N/A 0.106 #N/A | Sensitive |
| bc14-019:bc30-068533 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-020:bc30-079030 | 0.065 #N/A 0.212 #N/A | Sensitive |
| bc14-021:bc30-010896 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-021:bc30-024916 | #N/A 0.209 #N/A #N/A | Sensitive |
| bc14-021:bc30-031240 | 0.130 #N/A #N/A #N/A | Tolerant |
| bc14-021:bc30-046704 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-021:bc30-053172 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-021:bc30-061643 | 0.065 0.209 #N/A #N/A | Sensitive |
| bc14-021:bc30-076957 |  #N/A 0.209 #N/A #N/A | Sensitive |
| bc14-021:bc30-089309 | 0.130 #N/A 0.106 #N/A | Sensitive |
| bc14-021:bc30-099996 | 0.130 0.418 #N/A #N/A | Sensitive |

| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| bcl4-022:bc30-029811 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |

| bc14-022:bc30-032129 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-022:bc30-032693 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-022:bc30-034018 | 0.130 0.209 #N/A #N/A | Sensitive |
| bc14-022:bc30-059089 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-022:bc30-059265 | 0.130 #N/A 0.212 #N/A | Sensitive |
| bcl4-022:bc30-063862 | #N/A #N/A #N/A #N/A | Tolerant |
| bc14-022:bc30-067450 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-022:bc30-098837 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-029:bc30-001138 | 0.130 #N/A #N/A #N/A | Sensitive |
| bc14-029:bc30-001504 | #N/A 0.209 #N/A #N/A | Sensitive |
| bc14-029:bc30-002160 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-029:bc30-005813 | 0.195 0.209 0.212 #N/A | Sensitive |
| bc14-029:bc30-018914 | 0.130 #N/A #N/A #N/A | Sensitive |
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| bc14-029:bc30-022186 | #N/A | 0209 | #N/A | #N/A | Sensitive |
| bc14-029:b¢30-052996 | 0.195 | #N/A | #N/A | #N/A | Tolerant |
| bc14-029:bc30-072575 | 0.065 | 0418 | #N/A | #N/A | Sensitive |
| bc14-029:bc30-076836 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-029:bc30-078747 | #N/A | 0209 | #N/A | #N/A | Sensitive |
| bc14-029:bc30-091740 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-030:bc30-014189 |  0.130 | #N/A | #N/A | #N/A | Sensitive |
| bc14-030:bc30-079766 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-032:bc30-088851 |  0.130 | 0209 | #N/A | #N/A | Sensitive |
| bc14-033:bc30-023722 |  #N/A | #N/A | 0106 | #N/A | Sensitive |
| bcl4-033:bc30-036686 |  #N/A | #N/A | 0106 | #N/A | Sensitive |
| bc14-033:bc30-088008 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-034:bc30-025803 | #N/A | 0209 | #N/A | #N/A | Sensitive |
| bc14-034:bc30-065305 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-034:bc30-067943 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-034:bc30-088466 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-034:bc30-094912 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-036:bc30-011076 | #N/A | 0209 | #N/A | #N/A | Sensitive |
| bc14-036:bc30-013232 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-036:bc30-033544 |  #N/A | #N/A | 0106 | #N/A | Sensitive |
| bc14-036:bc30-043462 | 0260 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-036:bc30-045775 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-036:bc30-055776 |  #N/A | 0209 | #N/A | #N/A | Sensitive |
| bcl4-036:bc30-055997 | 0.130 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-036:bc30-072252 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-036:bc30-074269 |  0.130 | #N/A | #N/A | #N/A | Sensitive |
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| bc14-037:bc30-006301 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-037:bc30-009106 |  0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-037:bc30-009931 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-037:bc30-015631 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-037:bc30-018534 | #N/A #N/A 0.106 #N/A | Sensitive |
| bc14-037:bc30-033005 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-037:bc30-034693 | 0.130 #N/A #N/A #N/A | Sensitive |
| bc14-037:bc30-038326 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-037:bc30-039971 | #N/A #N/A 0.106 #N/A | Sensitive |
| bc14-037:bc30-047211 | 0.130 #N/A #N/A #N/A | Tolerant |
| bcl4-037:bc30-048607 | 0.065 #N/A 0.106 #N/A | Sensitive |
| bcl4-037:bc30-064907 | 0.065 #N/A #N/A #N/A | Sensitive |

| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| bcl4-037:bc30-065837 | 0.130 | #N/A | #N/A | #N/A | Sensitive |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |

| bcl4-037:bc30-078298 | 0.130 #N/A #N/A #N/A | Sensitive |
| bc14-037:bc30-080081 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-037:bc30-081298 | #N/A #N/A 0.106 #N/A | Sensitive |
| bc14-037:bc30-086504 | 0.065 #N/A #N/A #N/A | Tolerant |
| bcl4-038:bc30-004062 | #N/A 0.209 #N/A #N/A | Tolerant |
| bc14-038:bc30-022777 | 0.130 #N/A #N/A #N/A | Sensitive |
| bc14-038:bc30-025776 | 0.260 #N/A #N/A #N/A | Sensitive |
| bc14-038:bc30-043693 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-038:bc30-055830 | 0.195 #N/A #N/A #N/A | Sensitive |
| bc14-038:bc30-057819 | 0.065 0.209 #N/A #N/A | Sensitive |
| bc14-038:bc30-059241 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-039:bc30-005606 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-039:bc30-067041 | 0.260 #N/A #N/A #N/A | Sensitive |
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| bc14-039:bc30-071070 | 0.130 | #N/A | #N/A | #N/A | Sensitive |
| bc14-039:bc30-071573 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-039:bc30-074798 | 0.324 | #N/A | 0212 | #N/A | Tolerant |
| bc14-039:bc30-085698 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-039:bc30-086156 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-039:bc30-097361 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-040:bc30-041540 |  0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-040:bc30-052198 | 0.130 | #N/A | #N/A | #N/A | Tolerant |
| bcl4-040:bc30-077147 | 0.130 | #N/A | #N/A | #N/A | Tolerant |
| bc14-040:bc30-077164 | 0260 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-040:bc30-086653 |  #N/A | 0209 | 0106 | #N/A | Sensitive |
| bc14-040:bc30-087074 | 0.324 | 0209 | #N/A | #N/A | Sensitive |
| bcl4-041:bc30-019652 | 0.130 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-041:bc30-024244 | 0.065 | 0209 | #N/A | #N/A | Sensitive |
| bcl4-041:bc30-028986 |  #N/A | #N/A | 0106 | #N/A | Sensitive |
| bc14-041:bc30-040419 | 0.195 | #N/A | #N/A | #N/A | Sensitive |
| bc14-043:bc30-089487 |  #N/A | 0209 | #N/A | #N/A | Sensitive |
| bc14-044:bc30-024918 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-045:bc30-055277 | 0.130 | #N/A | 0106 | #N/A | Sensitive |
| bcl4-045:bc30-082359 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-046:bc30-017426 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-046:bc30-047148 |  #N/A | #N/A | 0106 | #N/A | Sensitive |
| bcl14-046:bc30-059550 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-046:bc30-085341 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-046:bc30-088001 |  #N/A | 0209 | #N/A | #N/A | Sensitive |
| bcl4-047:bc30-092195 |  #N/A | #N/A | 0106 | #N/A | Tolerant |
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| bcl4-049:bc30-005445 | #N/A 0.209 #N/A #N/A | Sensitive |
| bc14-050:bc30-038125 |  #N/A #N/A 0.106 #N/A | Sensitive |
| bcl4-050:bc30-069935 | #N/A #N/A 0.106 #N/A | Tolerant |
| bc14-051:bc30-024824 |  #N/A #N/A 0.106 #N/A | Sensitive |
| bcl4-051:bc30-041241 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-051:bc30-045497 | 0.260 0.209 0.106 #N/A | Sensitive |
| bcl4-051:bc30-059824 |  #N/A #N/A 0.106 #N/A | Sensitive |
| bc14-051:bc30-059884 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-051:bc30-087661 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-051:bc30-094255 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-051:bc30-097150 | 0.195 0.209 #N/A #N/A | Sensitive |
| bcl4-052:bc30-043614 | 0.065 #N/A #N/A #N/A | Tolerant |

| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| bcl4-052:bc30-071932 | 0.065 | #N/A | 0106 | #N/A | Sensitive |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |

| bcl4-052:bc30-072418 | #N/A #N/A 0.106 #N/A | Sensitive |
| bc14-052:bc30-084859 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-053:bc30-014960 | #N/A #N/A 0.212 #N/A | Sensitive |
| bc14-053:bc30-047684 | 0.065 #N/A #N/A #N/A | Tolerant |
| bcl4-054:bc30-019543 | 0.324 0.209 0.106 #N/A | Sensitive |
| bc14-054:bc30-040931 | 0.454 0.209 0.106 #N/A | Sensitive |
| bcl4-054:bc30-051394 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-054:bc30-053680 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-054:bc30-056461 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl14-054:bc30-058015 | 0.130 #N/A #N/A #N/A | Sensitive |
| bcl4-054:bc30-063716 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-054:bc30-067588 | 0.065 #N/A 0.106 #N/A | Tolerant |
| bcl4-054:bc30-067885 | 0.130 #N/A #N/A #N/A | Sensitive |
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| bcl4-054:bc30-077234 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-054:bc30-083274 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-054:bc30-091290 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-054:bc30-095388 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-055:bc30-001342 | #N/A | #N/A | 0106 | #N/A | Sensitive |
| bc14-055:bc30-003559 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-055:bc30-007437 | #N/A | #N/A | 0106 | #N/A | Sensitive |
| bc14-055:bc30-017992 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-055:bc30-024585 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-055:bc30-029529 | 0.389 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-055:be30-037305 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-055:bc30-041960 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-055:bc30-056904 | 0.065 | #N/A | 0106 | #N/A | Tolerant |
| bcl4-055:bc30-056969 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-055:bc30-059348 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-055:bc30-059564 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-055:bc30-064685 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-055:bc30-066496 | 0.065 | #N/A | 0106 | #N/A | Tolerant |
| bc14-055:bc30-068091 |  0.130 | #N/A | #N/A | #N/A | Tolerant |
| bcl4-055:bc30-069491 | 0.260 | #N/A | #N/A | #N/A | Sensitive |
| bc14-055:bc30-082544 | 0.065 | 0209 | #N/A | #N/A | Tolerant |
| bcl4-055:bc30-083868 |  0.324 | 0418 | 0212 | #N/A | Sensitive |
| bc14-055:bc30-091658 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-056:bc30-031480 |  #N/A | #N/A | 0106 | #N/A | Sensitive |
| bcl4-056:bc30-054790 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-057:bc30-011210 | 0.065 | 0209 | 0106 | #N/A | Sensitive |
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| bcl4-057:bc30-072952 | #N/A #N/A 0.106 #N/A | Sensitive |
| bc14-058:bc30-006803 | 0.065 #N/A 0.106 #N/A | Sensitive |
| bcl4-058:bc30-010204 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-058:bc30-035786 |  #N/A 0.209 #N/A #N/A | Sensitive |
| bcl4-058:bc30-037894 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-058:bc30-054741 | 0.065 0.209 #N/A #N/A | Sensitive |
| bc14-058:bc30-057807 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-059:bc30-055555 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-061:bc30-003529 | 0.065 #N/A 0.106 #N/A | Sensitive |
| bc14-061:bc30-008845 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-061:bc30-013855 |  #N/A 0.209 #N/A #N/A | Sensitive |
| bcl4-061:bc30-026269 |  #N/A #N/A 0.106 #N/A | Sensitive |

| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| bcl4-061:bc30-028070 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |

| bc14-061:bc30-035108 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-061:bc30-050888 | 0.130 #N/A #N/A #N/A | Sensitive |
| bcl4-061:bc30-098212 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-062:bc30-048318 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-062:bc30-082235 | #N/A 0.209 #N/A #N/A | Sensitive |
| bc14-063:bc30-041979 | #N/A 0.209 #N/A #N/A | Sensitive |
| bcl4-063:bc30-080432 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-064:bc30-053728 | 0.260 0.418 0.318 #N/A | Sensitive |
| bcl4-065:bc30-026474 | #N/A #N/A 0.106 #N/A | Sensitive |
| bc14-065:bc30-033004 | #N/A 0.209 #N/A #N/A | Sensitive |
| bcl4-065:bc30-051915 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-065:bc30-067976 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-066:bc30-020663 | 0.130 #N/A #N/A #N/A | Sensitive |
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| bcl4-067:bc30-077257 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-067:bc30-081937 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-067:bc30-086683 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-069:bc30-016428 | 0.649 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-069:bc30-036996 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-069:bc30-061227 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-069:bc30-062798 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-069:bc30-075416 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-069:bc30-082362 |  #N/A | #N/A | 0106 | #N/A | Sensitive |
| bc14-069:bc30-091431 | 0.065 | #N/A | 0212 | #N/A | Tolerant |
| bcl4-069:bc30-098271 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-069:bc30-098454 | 0.065 | 0209 | 0106 | #N/A | Sensitive |
| bcl4-071:be30-012516 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-071:bc30-014545 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-071:bc30-030902 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-071:bc30-042924 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-071:bc30-061562 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-071:bc30-062014 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-071:bc30-075980 |  0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-071:bc30-080963 |  0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-071:bc30-083356 |  #N/A | 0209 | #N/A | #N/A | Sensitive |
| bcl4-071:bc30-086570 |  0.065 | 0418 | 0106 | #N/A | Sensitive |
| bc14-073:bc30-098970 |  #N/A | 0209 | #N/A | #N/A | Sensitive |
| bcl4-074:bc30-015189 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-074:bc30-029197 | 0324 | 0209 | #N/A | #N/A | Sensitive |
| bcl4-074:bc30-056463 |  #N/A | #N/A | 0106 | #N/A | Sensitive |
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| bcl4-074:bc30-084891 | 0.324 | #N/A | #N/A | #N/A | Sensitive |
| bc14-075:bc30-012281 |  #N/A | 0418 | #N/A | #N/A | Sensitive |
| bcl4-075:bc30-017658 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-075:bc30-017829 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-075:bc30-078925 | 0.130 | #N/A | 0106 | #N/A | Sensitive |
| bc14-076:bc30-002264 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-076:bc30-076229 |  #N/A | 0209 | #N/A | #N/A | Sensitive |
| bc14-077:bc30-018113 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-077:bc30-027907 | 0.065 | #N/A | 0212 | #N/A | Sensitive |
| bc14-077:bc30-052322 |  0.065 | 0209 | #N/A | #N/A | Tolerant |
| bcl4-077:bc30-090562 |  0.065 | #N/A | #N/A | #N/A | Tolerant |
| bcl4-079:bc30-029643 | 0.065 | 0209 | #N/A | #N/A | Tolerant |
| bcl4-079:bc30-045148 | 0.260 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-079:bc30-049731 | 0.130 | #N/A | #N/A | #N/A | Sensitive |
| bel4-079:bc30-085071 | 0.130 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-079:bc30-087174 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-080:bc30-006100 |  0.130 | #N/A | #N/A | #N/A | Sensitive |
| bc14-080:bc30-035943 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-080:bc30-087209 |  #N/A | #N/A | 0106 | #N/A | Tolerant |
| bc14-083:bc30-035442 | 0.195 | 0209 | 0106 | #N/A | Sensitive |
| bc14-084:bc30-034645 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-084:bc30-082356 |  0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-085:bc30-049090 |  0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-085:bc30-051927 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-085:bc30-052053 | #N/A | #N/A | #N/A | #N/A | Tolerant |
| bcl4-085:bc30-095436 | 0.065 | 0209 | #N/A | #N/A | Sensitive |
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| bc14-086:bc30-011266 |  0.065 | 0209 | 0106 | #N/A | Sensitive |
| bc14-086:bc30-012804 |  #N/A | #N/A | 0106 | #N/A | Sensitive |
| bcl4-086:bc30-014797 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-086:bc30-016545 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-086:bc30-026510 | #N/A | #N/A | 0106 | #N/A | Sensitive |
| bc14-086:bc30-064451 | 0.130 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-086:bc30-094800 |  0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-087:bc30-017654 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-087:bc30-023694 |  0.130 | #N/A | #N/A | #N/A | Sensitive |
| bc14-087:bc30-061156 |  0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-087:bc30-085371 |  0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-087:bc30-088025 | 0.195 | #N/A | #N/A | #N/A | Sensitive |
| bc14-088:bc30-021201 | 0.130 | 0209 | #N/A | #N/A | Sensitive |
| bcl4-088:bc30-042359 | 0.065 | #N/A | #N/A | #N/A | Tolerant |
| bc14-088:bc30-077874 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-088:bc30-081283 | 0260 | #N/A | #N/A | #N/A | Tolerant |
| bc14-090:bc30-063687 |  #N/A | 0209 | 0212 | #N/A | Sensitive |
| bc14-090:bc30-079989 | 0.130 | #N/A | #N/A | #N/A | Sensitive |
| bc14-090:bc30-091729 | 0.065 | #N/A | 0106 | #N/A | Sensitive |
| bcl4-093:bc30-017643 | 0.130 | #N/A | #N/A | #N/A | Tolerant |
| bc14-093:bc30-021312 | 0260 | #N/A | #N/A | #N/A | Tolerant |
| bcl4-093:bc30-031743 |  #N/A | #N/A | #N/A | #N/A | Sensitive |
| bc14-093:bc30-046216 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-093:bc30-055999 |  #N/A | #N/A | 0106 | #N/A | Sensitive |
| bc14-095:bc30-010829 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-095:bc30-017886 |  0.324 | #N/A | 0318 | #N/A | Tolerant |
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| bc14-095:bc30-018626 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-095:bc30-023975 | #N/A #N/A 0.106 #N/A | Sensitive |
| bc14-095:bc30-026140 | 0.065 #N/A 0.318 #N/A | Sensitive |
| bc14-095:bc30-028359 | 0.130 #N/A 0.106 #N/A | Sensitive |
| bc14-095:bc30-030772 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-095:bc30-048456 | 0.195 #N/A #N/A #N/A | Sensitive |
| bc14-095:bc30-052882 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-095:bc30-053340 | 0.260 0.209 #N/A #N/A | Sensitive |
| bcl4-095:bc30-058330 | #N/A 0.209 #N/A #N/A | Sensitive |
| bc14-095:bc30-068182 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-095:bc30-070011 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-095:bc30-079714 | 0.065 #N/A #N/A #N/A | Sensitive |

| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| bcl4-095:bc30-090215 | 0.065 |  #N/A | #N/A | #N/A | Sensitive |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |

| bc14-095:bc30-093295 | 0.065 #N/A 0.106 #N/A | Sensitive |
| bc14-096:bc30-017133 | #N/A #N/A 0.106 #N/A | Sensitive |
| bc14-096:bc30-037139 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-096:bc30-053569 | #N/A #N/A 0.106 #N/A | Sensitive |
| bcl4-096:bc30-085993 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-097:bc30-004602 | 0.065 #N/A #N/A #N/A | Tolerant |
| bcl4-097:bc30-007881 | 0.065 0.209 0.106 #N/A | Sensitive |
| bc14-097:bc30-027180 |  #N/A #N/A 0.106 #N/A | Sensitive |
| bc14-097:bc30-030681 | 0.065 0.209 #N/A #N/A | Sensitive |
| bc14-097:bc30-031611 | 0.065 #N/A #N/A #N/A | Sensitive |
| bc14-097:bc30-090378 | 0.065 #N/A #N/A #N/A | Sensitive |
| bcl4-097:bc30-097790 | 0.454 0.209 0.106 #N/A | Tolerant |
| bcl4-098:bc30-094274 | 0.065 #N/A #N/A #N/A | Sensitive |
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| bc14-099:bc30-006725 | 0.389 | 0209 | 0212 | #N/A | Tolerant |
| bc14-099:bc30-024293 | #N/A | 0418 | #N/A | #N/A | Sensitive |
| bc14-099:bc30-056416 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bc14-100:bc30-095175 | 0.065 | #N/A | #N/A | #N/A | Sensitive |
| bcl4-087:bc30-018814 | 0.324 | #N/A | 0106 | 0615 | Sensitive |
| bc14-036:bc30-057524 | 0.065 | 0.626 | 0318 | 0.527 | Sensitive |
| bcl4-052:bc30-015400 |  0.130 | 0418 | 0425 | 0.527 | Sensitive |
| bc14-061:bc30-056416 |  #N/A | 1.253 | 0531 | 0527 | Sensitive |
| bcl4-062:bc30-023729 | 0.195 | 0.835 | 0531 | 0.527 | Sensitive |
| bc14-030:bc30-021720 | 0.195 |  0.209 | 0318 | 0439 | Sensitive |
| bcl4-054:bc30-009684 |  0.519 | 0.835 | 0425 | 0439 | Sensitive |
| bcl4-001:bc30-020424 |  #N/A | #N/A | #N/A | 0351 | Tolerant |
| bc14-010:bc30-010957 | 0.649 | 0209 | 0.106 | 0351 | Sensitive |
| bc14-032:bc30-098530 | 0.130 | #N/A | 0318 | 0351 | Sensitive |
| bcl4-057:bc30-073331 | 0.195 | #N/A | 0106 | 0351 | Sensitive |
| bcl4-097:bc30-049818 | 0.454 | 1461 | 0955 | 0.351 | Sensitive |
| bc14-002:bc30-036494 | 0.130 | #N/A | 0.106 | 0.263 | Sensitive |
| bc14-006:bc30-062663 | 0.454 | 1.253 | 0531 | 0.263 | Sensitive |
| bc14-016:bc30-017899 |  0.130 | #N/A | #N/A | 0263 | Sensitive |
| bc14-018:bc30-079210 |  0.065 | #N/A | 0106 | 0.263 | Sensitive |
| bc14-029:bc30-051262 | 0.195 |  0.209 | #N/A | 0263 | Sensitive |
| bcl4-058:bc30-063078 | 0.195 | 0209 | 0106 | 0.263 | Sensitive |
| bc14-071:bc30-014542 |  #N/A | #N/A | #N/A | 0263 | Sensitive |
| bcl4-002:be30-005695 | 0.130 | #N/A | #N/A | 0176 | Sensitive |
| bc14-003:bc30-016505 | 0.389 | #N/A | 0318 | 0.176 | Sensitive |
| bcl4-005:bc30-040269 |  0.324 | 0209 | 0318 | 0.176 | Sensitive |
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| bcl4-006:bc30-076376 | 0.065 | #N/A | #N/A | 0.176 | Sensitive |
| bc14-008:bc30-013525 |  0.324 |  0.626 | 0.106 | 0.176 | Sensitive |
| bcl4-013:bc30-079065 |  #N/A | #N/A | 0106 | 0.176 | Tolerant |
| bc14-018:bc30-024519 | 0.324 | 0209 | 0212 | 0.176 | Sensitive |
| bcl4-018:bc30-097470 | #N/A | #N/A | 0212 | 0.176 | Sensitive |
| bc14-029:bc30-099942 | #N/A | #N/A | #N/A | 0176 | Sensitive |
| bcl4-033:bc30-026128 | 0.065 | #N/A | #N/A | 0.176 | Sensitive |
| bc14-036:bc30-047443 | 0324 | #N/A | 0106 | 0.176 | Sensitive |
| bcl4-037:bc30-017983 |  0.195 | 0209 | 0106 | 0.176 | Sensitive |
| bc14-037:bc30-098606 |  #N/A | #N/A | #N/A | 0176 | Sensitive |
| bcl4-039:bc30-001884 |  #N/A | 0209 | #N/A | 0.176 | Sensitive |
| bc14-039:bc30-004780 | 0.195 | #N/A | 0212 | 0.176 | Sensitive |
| bc14-039:bc30-093289 | 0.260 | 0209 | 0106 | 0.176 | Sensitive |
| bcl4-046:bc30-001122 | #N/A | 0209 | #N/A | 0.176 | Sensitive |
| bcl4-051:bc30-007396 | 0.065 | #N/A | #N/A | 0176 | Sensitive |
| bcl4-051:bc30-042898 |  #N/A | #N/A | #N/A | 0176 | Tolerant |
| bc14-052:b¢30-014687 | 0.130 | 0209 | #N/A | 0176 | Sensitive |
| bcl4-054:bc30-008363 | #N/A | 0209 | #N/A | 0.176 | Sensitive |
| bc14-054:bc30-043716 | #N/A | #N/A | 0425 | 0176 | Sensitive |
| bcl4-054:bc30-086176 |  1.103 | 0418 | 0318 | 0.176 | Sensitive |
| bc14-055:bc30-009568 | 0.260 | 0.209 | 0212 | 0176 | Sensitive |
| bcl4-055:bc30-096249 |  #N/A | 0209 | #N/A | 0176 | Sensitive |
| bc14-056:bc30-081470 | 0.065 | 0418 | 0212 | 0176 | Sensitive |
| bcl4-058:bc30-090278 |  #N/A | #N/A | #N/A | 0176 | Sensitive |
| bcl4-061:bc30-010643 |  #N/A | #N/A | #N/A | 0.176 | Sensitive |
| bcl4-065:bc30-055225 | 0.324 | #N/A | #N/A | 0176 | Sensitive |
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| bc14-076:bc30-038301 | 0.130 | 0209 | 0212 | 0.176 | Sensitive |
| bc14-080:bc30-044858 |  0.065 | #N/A | 0637 | 0176 | Sensitive |
| bcl4-085:bc30-035729 |  #N/A | #N/A | #N/A | 0176 | Sensitive |
| bc14-085:bc30-073908 | 0.065 | #N/A | 0106 | 0.176 | Sensitive |
| bcl4-086:bc30-029282 |  #N/A | #N/A | #N/A | 0176 | Tolerant |
| bc14-089:bc30-041178 | 0.065 | #N/A | #N/A | 0176 | Sensitive |
| bcl4-092:bc30-045445 | 0.260 | 0.835 | 0318 | 0.176 | Sensitive |
| bc14-093:bc30-078550 | 0.065 | #N/A | #N/A | 0176 | Sensitive |
| bcl4-001:bc30-030855 |  #N/A | #N/A | 0106 | 0.088 | Sensitive |
| bc14-003:bc30-016579 |  #N/A | #N/A | #N/A | 0088 | Sensitive |
| bcl4-005:bc30-016671 | 0.130 | 0418 | #N/A | 0.088 | Sensitive |
| bcl4-005:bc30-022606 |  #N/A | #N/A | #N/A | 0088 | Sensitive |
| bc14-005:bc30-030128 | 0.130 | #N/A | #N/A | 0.088 | Sensitive |
| bcl4-005:bc30-066773 | #N/A | #N/A | #N/A | 0088 | Sensitive |
| bcl4-006:bc30-037654 | 0.389 |  #N/A | 0106 | 0.088 | Sensitive |
| bc14-008:bc30-086830 | 0.195 | 0209 | 0212 | 0.088 | Sensitive |
| bc14-010:bc30-012146 | 0260 | #N/A | #N/A | 0.08 | Sensitive |
| bc14-010:bc30-083133 | 0.065 | #N/A | #N/A | 0.088 | Sensitive |
| bc14-011:bc30-034804 |  #N/A | #N/A | 0212 | 008 | Tolerant |
| bcl4-011:bc30-049090 |  #N/A | #N/A | #N/A | 0.088 | Sensitive |
| bc14-012:bc30-006577 | #N/A | #N/A | #N/A | 0.088 | Sensitive |
| bcl4-012:bc30-083329 |  0.065 | #N/A | #N/A | 0.088 | Sensitive |
| bc14-013:bc30-027978 | 0.195 | 0209 | #N/A | 0.088 | Sensitive |
| bcl4-015:bc30-070768 |  0.130 | 0209 | #N/A | 0.088 | Sensitive |
| bcl4-015:bc30-082024 | 0.195 | #N/A | #N/A | 0088 | Sensitive |
| bcl4-021:be30-031111 | 0.065 | #N/A | #N/A | 0.088 | Sensitive |
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| bcl4-021:bc30-071239 | #N/A #N/A 0.212 0.088 | Sensitive |
| bc14-029:bc30-010283 | 0.065 #N/A 0.106 0.088 | Sensitive |
| bcl4-033:bc30-014112 | #N/A 0.209 #N/A 0.088 | Sensitive |
| bc14-033:bc30-045424 | 0.195 #N/A #N/A 0.088 | Sensitive |
| bcl4-033:bc30-091477 | #N/A #N/A 0.106 0.088 | Sensitive |
| bc14-034:bc30-035948 | #N/A #N/A #N/A 0.088 | Sensitive |
| bc14-036:bc30-000431 | 0.065 #N/A #N/A 0.088 | Sensitive |
| bc14-036:bc30-044408 | 0.065 #N/A #N/A 0.088 | Sensitive |
| bcl4-036:bc30-056689 |  #N/A #N/A #N/A 0.088 | Sensitive |
| bc14-037:bc30-015258 | 0.130 0.209 #N/A 0.088 | Sensitive |
| bcl4-037:bc30-092499 | 0.130 #N/A #N/A 0.088 | Sensitive |
| bc14-038:bc30-012487 | 0.324 0.209 0.106 0.088 | Sensitive |

| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| bc14-039:bc30-001593 | #N/A | #N/A | #N/A | 0.088 | Sensitive |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |

| bc14-039:bc30-054153 | 0.389 #N/A 0.106 0.088 | Sensitive |
| bc14-039:bc30-090948 | 0.065 #N/A #N/A 0.088 | Sensitive |
| bc14-039:bc30-094541 | #N/A #N/A #N/A 0.088 | Sensitive |
| bc14-040:bc30-043189 | 0.130 0.209 #N/A 0.088 | Sensitive |
| bcl4-040:bc30-048938 | 0.195 0.209 0.212 0.088 | Sensitive |
| bc14-040:bc30-059270 | 0.065 0.209 0.106 0.088 | Sensitive |
| bcl4-041:bc30-051143 | #N/A 0.626 0.212 0.088 | Sensitive |
| bc14-041:bc30-053766 | 0.130 #N/A #N/A 0.088 | Sensitive |
| bc14-041:bc30-092680 |  0.195 0.209 #N/A 0.088 | Sensitive |
| bc14-045:bc30-059780 | 0.130 #N/A #N/A 0.088 | Sensitive |
| bc14-046:bc30-063899 | 0.065 0.209 0.212 0.088 | Sensitive |
| bcl4-047:bc30-080252 | #N/A #N/A 0.106 0.088 | Tolerant |
| bc14-049:bc30-072859 | 0.195 #N/A 0.106 0.088 | Sensitive |
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| bcl4-050:bc30-021964 |  #N/A | #N/A | #N/A | 0088 | Sensitive |
| bc14-051:bc30-033549 | 0.130 | #N/A | #N/A | 0.08 | Sensitive |
| bcl4-052:bc30-017825 |  #N/A | 0209 | 0106 | 0.088 | Sensitive |
| bc14-052:bc30-027804 | #N/A | #N/A | #N/A | 0.088 | Sensitive |
| bcl4-053:bc30-001774 | 0.065 | #N/A | 0106 | 0.088 | Sensitive |
| bc14-053:bc30-020023 |  #N/A | #N/A | 0212 | 0.088 | Sensitive |
| bcl4-054:bc30-034945 |  #N/A | 0209 | #N/A | 0.088 | Tolerant |
| bc14-054:bc30-047787 | #N/A | #N/A | #N/A | 0.088 | Sensitive |
| bcl4-054:bc30-057477 |  #N/A | #N/A | 0106 | 0.088 | Tolerant |
| bc14-054:bc30-092374 | 0.195 |  #N/A | 0.106 | 0.088 | Sensitive |
| bcl4-055:bc30-045298 |  #N/A | #N/A | #N/A | 0.088 | Tolerant |
| bcl4-055:bc30-058298 | #N/A | 0209 | #N/A | 0088 | Tolerant |
| bcl4-055:be30-062697 | #N/A | 0209 | #N/A | 0088 | Sensitive |
| bcl4-055:bc30-082736 |  #N/A | #N/A | #N/A | 0088 | Sensitive |
| bcl4-057:bc30-005958 | 0.130 |  #N/A | #N/A | 0.088 | Sensitive |
| bcl4-057:bc30-033121 | 0.130 | #N/A | #N/A | 0088 | Sensitive |
| bc14-057:bc30-076524 |  0.649 | 0209 | #N/A | 0.088 | Sensitive |
| bcl4-057:bc30-087557 | #N/A | #N/A | #N/A | 0.088 | Sensitive |
| bc14-058:bc30-060180 |  0.130 | 0.209 | #N/A | 0.088 | Sensitive |
| bcl4-058:bc30-095762 |  #N/A | #N/A | #N/A | 0.088 | Sensitive |
| bc14-059:bc30-056389 | 0.195 | #N/A | 0212 | 0.088 | Sensitive |
| bcl4-061:bc30-023425 | 0.260 | #N/A | #N/A | 0.088 | Sensitive |
| bc14-065:bc30-029169 | 0.195 | #N/A | 0.106 | 0.088 | Sensitive |
| bcl4-065:bc30-064666 |  #N/A | #N/A | #N/A | 0.088 | Sensitive |
| bcl4-065:bc30-064882 |  #N/A | #N/A | #N/A | 0088 | Sensitive |
| bcl4-065:bc30-072137 | #N/A | 0209 | #N/A | 0.088 | Sensitive |
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| bcl4-065:bc30-095370 | 0.065 0.209 #N/A 0.088 | Sensitive |
| bc14-065:bc30-099357 | #N/A #N/A #N/A 0.088 | Tolerant |
| bcl4-066:bc30-073305 | 0.454 #N/A 0.106 0.088 | Sensitive |
| bc14-069:bc30-004604 | 0.065 #N/A #N/A 0.088 | Sensitive |
| bcl4-069:bc30-046350 | #N/A #N/A #N/A 0.088 | Sensitive |
| bc14-073:bc30-057065 | 0.844 0.418 0.212 0.088 | Sensitive |
| bc14-076:bc30-045840 | 0.065 #N/A #N/A 0.088 | Sensitive |
| bc14-079:bc30-062970 | 0.130 0.209 #N/A 0.088 | Sensitive |
| bc14-080:bc30-060261 | 0.195 0.418 0.106 0.088 | Sensitive |
| bc14-080:bc30-094133 | #N/A 0.209 #N/A 0.088 | Sensitive |
| bcl4-086:bc30-017902 | 0.130 #N/A 0.106 0.088 | Sensitive |
| bc14-086:bc30-031919 | 0.389 #N/A 0.212 0.088 | Sensitive |

| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| bcl4-086:bc30-034547 | 0.260 |  #N/A | #N/A | 0.088 | Sensitive |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |
| | |

| bcl4-086:bc30-041658 | 0.130 #N/A #N/A 0.088 | Sensitive |
| bcl4-086:bc30-047583 | #N/A 0.209 #N/A 0.088 | Tolerant |
| bcl4-086:bc30-073968 | #N/A #N/A 0.106 0.088 | Sensitive |
| bc14-086:bc30-085498 | 0.130 #N/A #N/A 0.088 | Sensitive |
| bcl4-087:bc30-004923 | #N/A 0.209 #N/A 0.088 | Sensitive |
| bc14-087:bc30-063176 |  #N/A #N/A #N/A 0.088 | Sensitive |
| bc14-088:bc30-067626 | 0.065 0.209 #N/A 0.088 | Sensitive |
| bc14-089:bc30-007827 | #N/A 0.209 #N/A 0.088 | Sensitive |
| bc14-089:bc30-073923 | #N/A #N/A #N/A 0.088 | Sensitive |
| bc14-090:bc30-065489 | #N/A 0.209 #N/A 0.088 | Tolerant |
| bcl4-093:bc30-013754 | #N/A #N/A #N/A 0.088 | Sensitive |
| bcl4-095:bc30-005522 | #N/A #N/A #N/A 0.088 | Tolerant |
| bc14-095:bc30-006695 | 0.065 #N/A #N/A 0.088 | Sensitive |
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| bcl4-095:bc30-045251 | 0.130 | #N/A | #N/A | 0.088 | Sensitive |
| bc14-096:bc30-089923 |  #N/A | #N/A | #N/A | 0.088 | Sensitive |
| bcl4-097:bc30-011582 | #N/A | #N/A | #N/A | 0088 | Sensitive |
| bc14-097:bc30-045223 | 0.195 | #N/A | 0106 | 0.088 | Sensitive |
| bcl4-097:bc30-075976 | 0.130 | 0209 | #N/A | 0.088 | Sensitive |
bc14-097:bc30-093253 #N/A #N/A #N/A 0.088 Tolerant

Table 6.7. Differentially expressed genes using cells of dominant
clones with clonals versus cells associated to neutral clones.
HGNC Gene Symbol (B) Average expression of the given gene in dominant
clones (C) Average expression of the given gene in not dominant clones (D)
Average fold change in the expression of given gene between dominant and not
dominant clones (E) Mean standard deviation of fold change in the expression
of given gene between dominant and not dominant clones (F) Cumulative fold
change in the expression of given gene in both populations (G) p-value of a
Student’s t-test (H) False Discovery Rate (FDR) correction of p-value for the

given gene. Only significant (FDR < 0.1) are shown

(A)

HGNC Average Average Average SD Cum

Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
| IGFBP2 | 858 | 787 | 070 | 0.358 | 35.188 | 3.25e-7 | 1.60e-6 |
|  MYEOV | 756 | 687 | 070 | 039 | 34746 | 2.10e-2 | 4.63e-2 |
| SERPINB6 | 759 | 692 | 067 | 0389 | 33.646 | 4.28e-5 | 1.49e-4 |
| ALCAM | 807 | 743 | 064 | 0586 | 31.935 | 2.23e-14 | 5.02e-13 |
\ BST2 | 755 | 691 | 064 | 0485 | 31.923 | 3.86e-8 | 2.19e-7 |
\ SLPI | 846 | 7.86 | 059 | 0384 | 29.68 | 3.15e-5 | 1.12e4 |
| CLDN10 | 750 | 691 | 059 | 0377 | 29.507 | 8.96e-6 | 3.49-5 |
\ MME | 736 | 678 | 059 | 035 | 29438 | 2423 | 6.38¢-3 |
| RNF168 | 7.02 | 643 | 058 | 0216 | 29.116 | 3.10e-4 | 9.4le-4 |
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HGNC Average Average Average SD Cum

Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
\ OSBP2 | 717 | 659 | 058 | 0303 | 29.103 | 1.24e-2 | 2.83e-2 |
\ ALDH2 | 766 | 709 | 057 | 0377 | 28.719 | 2.24e-10 | 1.94e-9 |
|  GLYATL2 | 727 | 671 | 056 | 0382 | 28197 | 2.28¢-9 | 1.63e-8 |
|  XAGE2 | 730 | 675 | 056 | 0419 | 27.807 | 4.44e-9 | 2.98e-8 |
\ NPR3 | 699 | 644 | 055 | 0435 | 27.68 | 4.50e-23 | 1.70e-20 |
| AP2M1 | 866 | 812 | 054 | 0278 | 27.217 | 1.93e-8 | 1.17e-7 |
|  LAMP1 | 860 | 807 | 053 | 0287 | 26496 | 1.5le-7 | 7.83e-7 |
|  SLC1A6 | 797 | 744 | 053 | 0504 | 26.444 | 6.35e-10 | 5.02¢-9 |
\ QPRT | 837 | 784 | 052 | 0307 | 26203 | 22le5 | 8.02¢-5 |
| NDUFB5 | 765 | 713 | 052 | 0588 | 26.105 | 5.67e-15 | 1.49e-13 |
\ CD82 | 806 | 754 | 052 | 0279 | 26.08 | 1.56e-6 | 6.8le-6 |
\ MDK | 802 | 750 | 052 | 0551 | 25.794 | 7.54e-10 | 5.86e-9 |
\ CLDN3 | 779 | 727 | 052 | 0414 | 25.775 | 1.83e-5 | 6.75e-5 |
|  MAP3K20 | 827 | 776 | 051 | 0201 | 25379 | 2.66e-3 | 6.97e-3 |
| FGFBP1 | 6.93 | 643 | 050 | 0299 | 25.079 | 4.29¢-8 | 2.42e-7 |
|  MAGEF1 | 754 | 705 | 050 | 019 | 24863 | 6.58¢-4 | 1.90e-3 |
| OLMALINC | 725 | 676 | 050 | 0424 | 24.729 | 8.4le-11 | 7.92e-10 |
| SELENOP | 693 | 643 | 049 | 0266 | 24636 | 1.18¢-9 | 8.83¢-9 |
|  NUDT8 | 746 | 697 | 049 | 0492 | 24492 | 4.19e-7 | 2.02e-6 |
\ S100A9 | 708 | 659 | 048 | 0425 | 24.114 | 9.31e-13 | 1.40e-11 |
\ NFIA | 712 | 664 | 048 | 0254 | 24112 | 4.35e-5 | 15led |
\ SUSD2 | 750 | 701 | 048 | 0269 | 24.051 | 6.51e-8 | 3.58¢-7 |
| NCBP2AS2 | 762 | 714 | 048 | 0439 | 24.025 | 8.33e-13 | 1.27e-11 |
\ PI3 | 699 | 652 | 048 | 0345 | 2384 | 3.17e6 | 1.32e5 |
\ DLG1 | 753 | 705 | 047 | 0282 | 23.576 | 9.0le-5 | 2.97c4 |
\ MVD | 776 | 730 | 046 | 0291 | 23.128 | 8.67e-4 | 2.46e-3 |
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HGNC Average Average Average SD Cum
Gene Exp Exp Fold Fold Fold p - value FDR
Symbol T1 T2 Change Change Change
| SEMA3E | 693 | 648 | 046 | 027 | 22955 | 5.33e6 | 2.15e-5 |
\ COMT | 854 | 809 | 046 | 0322 | 22.808 | 1.29e-7 | 6.79e-7 |
\ LGMN | 715 | 6.69 | 046 | 0372 | 22.841 | 4.1led | 1.23e3 |
\ ITGB6 | 695 | 649 | 046 | 0286 | 22.776 | 1.58¢-6 | 6.91e-6 |
| DHCR7 | 7.82 | 736 | 045 | 0.338 | 22629 | 8.66e-8 | 4.66e-7 |
| ARID5A | 7.02 | 657 | 045 | 027 | 22618 | 3.724 | 1.12e-3 |
\ HES6 | 776 | 731 | 045 | 0.367 | 22.391 | 1.34e4 | 4.3led |
| DYNLT2B | 756 | 711 | 045 | 0442 | 22.337 | 1.63e9 | 1.19e-8 |
| TCF7L1 | 778 | 733 | 045 | 0293 | 22.335 | 5.88e-3 | 1.42e-2 |
| POLR2H | 809 | 764 | 044 | 0352 | 22105 | 1.03e-12 | 1.54e-11 |
| CYP27A1 | 7.01 | 658 | 044 | 0351 | 21.927 | 9.49e-5 | 3.1le-4 |
|  TRIM29 | 730 | 686 | 044 | 0365 | 21.832 | 4.75¢-9 | 3.16e-8 |
\ TFDP1 | 807 | 764 | 044 | 0219 | 21.792 | 1.62e-4 | 5.15e-4 |
| BCLIIA | 693 | 649 | 044 | 0323 | 21.741 | 4.82e-7 | 2.30e-6 |
| ATPIB1 | 831 | 788 | 043 | 031 | 21.657 | 6.48e-10 | 5.11e-9 |
\ ANK3 | 775 | 732 | 043 | 0324 | 21.509 | 1.44e-5 | 5.38¢-5 |
|  FBXO45 | 690 | 647 | 043 | 0244 | 21451 | 1.33e-2 | 3.03e-2 |
\ PIGX | 716 | 674 | 043 | 0308 | 21434 | 3425 | 12le4 |
\ RFC4 | 715 | 672 | 043 | 0373 | 21422 | 23le7 | 1.16e-6 |
| ADAMTS1 | 6.87 | 644 | 043 | 0439 | 21414 | 2.46e-27 | 3.07e-24 |
\ PTMS | 802 | 7.60 | 043 | 0257 | 21.244 | 6.04e-3 | 1.46e-2 |
| CITED4 | 960 | 918 | 042 | 0257 | 21102 | 287e-6 | 1.20e-5 |
| ATP13A3 | 699 | 657 | 042 | 0321 | 21.04 | 347e2 | 7.32e-2 |
| CIGALTIC1 | 7.08 | 6.66 | 042 | 0401 | 20.833 | 5.92e-7 | 2.78e-6 |
| SCPEP1 | 711 | 670 | 041 | 0415 | 20.628 | 7.64e-6 | 3.0le-5 |
\ ALG3 | 738 | 697 | 041 | 0518 | 20.523 | 5.55e-19 | 5.28¢-17 |
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HGNC Average Average Average SD Cum

Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
\ ENC1 | 821 | 780 | 041 | 0.304 | 20436 | 1.03e-6 | 4.6le-6 |
\ IRX3 | 824 | 784 | 041 | 0171 | 20.363 | 3.42-4 | 1.03e-3 |
\ TEX30 | 747 | 707 | 041 | 0451 | 20.304 | 1.61e-8 | 9.82¢-8 |
|  PROM1 | 728 | 6.87 | 041 | 0377 | 20295 | 1.55e-8 | 9.5le-8 |
|  BLVRB | 809 | 769 | 040 | 0418 | 20.203 | 2.84e-8 | 1.66e-7 |
| VGLL1 | 708 | 668 | 040 | 0457 | 20.076 | 1.33e-19 | 1.61e-17 |
| DCUNID1 | 6.93 | 653 | 040 | 0.269 | 20.067 | 2.85e-9 | 2.00e-8 |
|  TMEM205 | 736 | 696 | 040 | 0483 | 20.038 | 4.96e-13 | 7.94e-12 |
| SLC2A11 | 701 | 661 | 040 | 0347 | 20.033 | 2.95e-5 | 1.05e-4 |
| MUC15 | 746 | 707 | 040 | 0252 | 19.898 | 3.52e-4 | 1.06e-3 |
| PDZKIIP1 | 6.85 | 645 | 040 | 0288 | 19.884 | 1.06e-14 | 2.60e-13 |
| DNAJC3 | 776 | 737 | 040 | 0215 | 19.848 | 5.87e-5 | 1.99e-4 |
| ACTL6A | 739 | 699 | 040 | 0351 | 19.848 | 6.50e-9 | 4.23e-8 |
| UBAC2 | 733 | 694 | 040 | 0294 | 19.809 | 3.83e-6 | 1.57e-5 |
|  TMED9 | 855 | 815 | 040 | 022 | 19.798 | 2.30e-4 | 7.12e-4 |
| LINCO0662 | 924 | 884 | 039 | 0696 | 19.687 | 5.07e-16 | 1.79%-14 |
| MPZL1 | 777 | 738 | 039 | 022 | 19.648 | 1.29e-2 | 2.95e-2 |
\ LPP | 718 | 679 | 039 | 0272 | 19565 | 1.29e-2 | 2.94e-2 |
| PPPIR2 | 713 | 673 | 039 | 0294 | 19551 | 1.38e-6 | 6.07e-6 |
| CCDC8B | 6.81 | 642 | 039 | 0221 | 19396 | 1.78¢-7 | 9.06e-7 |
\ CLN3 | 747 | 708 | 039 | 0275 | 19.365 | 5.86e-5 | 1.99e-4 |
|  ATPLIA | 818 | 7.79 | 039 | 0394 | 19.327 | 2.95e-7 | 1.46e-6 |
| ITM2C | 757 | 718 | 039 | 0263 | 19.303 | 4.19e-5 | 1.46e-4 |
| SYNGR1 | 6.98 | 659 | 039 | 0267 | 1928 | 3.07e-8 | 1.78-7 |
|  FBXO32 | 741 | 703 | 039 | 0385 | 19.254 | 3.68¢-5 | 1.29e-4 |
|  EIF2B5 | 710 | 672 | 038 | 0288 | 19.223 | 9.53e-3 | 2.22¢-2 |
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HGNC Average Average Average SD Cum
Gene Exp Exp Fold Fold Fold p - value FDR
Symbol T1 T2 Change Change Change
\ ITGA6 | 791 | 753 | 038 | 0212 | 19123 | 1.64e-2 | 3.68¢-2 |
| UBE2E3 | 747 | 708 | 038 | 0428 | 19.11 | 1.00e-5 | 3.87e-5 |
\ PMF1 | 782 | 744 | 038 | 0454 | 19.092 | 6.63¢-8 | 3.64e-7 |
| COMMD4 | 756 | 718 | 038 | 0464 | 19.025 | 1.39e-7 | 7.24e-7 |
| CYPIBL | 920 | 882 | 038 | 0436 | 1899 | 4.71e-25 | 4.20e-22 |
| LGALS3BP | 782 | 744 | 038 | 0392 | 18.925 | 3.18e-5 | 1.13e-4 |
\ ID4 | 849 | 811 | 038 | 045 | 18.884 | 5.04¢-9 | 3.34e-8 |
\ OPA1 | 687 | 650 | 038 | 0244 | 18841 | 9.39e-3 | 2.19e-2 |
\ CCN1 | 706 | 668 | 038 | 0301 | 18.828 | 2.86e-2 | 6.13e-2 |
| MESP1 | 761 | 724 | 038 | 0382 | 18797 | 3.98¢-10 | 3.27e-9 |
|  BBOX1 | 691 | 654 | 038 | 0281 | 18.794 | 3.97c-18 | 2.86e-16 |
|  PTPN14 | 781 | 744 | 037 | 0309 | 18.687 | 2.30e-2 | 5.03e-2 |
| NUPRL | 9.07 | 870 | 037 | 0292 | 18559 | 1.22e-4 | 3.93e-4 |
| SLC9A3R2 | 7.74 | 737 | 037 | 0291 | 18539 | 2.07e-3 | 5.53e-3 |
| NXPH4 | 702 | 665 | 037 | 0379 | 1852 | 1.34e-7 | 7.0le-7 |
| ALDH9A1 | 735 | 698 | 037 | 0335 | 18502 | 2.06e-8 | 1.24e-7 |
\ LGR4 | 738 | 7.02 | 037 | 034 | 18403 | 1.10e4 | 3.56e-4 |
| Cborf3s | 751 | 715 | 037 | 0367 | 18351 | 6.60e-5 | 2.22e-4 |
\ CLN5 | 689 | 653 | 037 | 0222 | 18295 | 220e4 | 6.84e4 |
|  GRTP1 | 713 | 676 | 037 | 0267 | 18.272 | 4.70e-3 | 1.16e-2 |
\ BOC | 693 | 657 | 037 | 0372 | 18.248 | 2.03e-5 | 7.43e5 |
\ FDPS | 9.09 | 873 | 036 | 0243 | 18.202 | 3.72e-8 | 2.13e-7 |
\ ERG28 | 716 | 6.80 | 036 | 0.384 | 18.188 | 1.51e-10 | 1.35e-9 |
|  TRA2B | 817 | 781 | 036 | 0234 | 18143 | 1.50e-2 | 3.38e-2 |
\ STOM | 680 | 644 | 036 | 0218 | 18.065 | 7.55e-12 | 9.02e-11 |
| KLHDC3 | 741 | 7.05 | 036 | 0411 | 18.051 | 4.73e-6 | 1.92e-5 |




6.2.

COMPUTATIONAL METHODS

153

Table 6.7 continued from previous page

HGNC Average Average Average SD Cum

Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
\ EMP2 | 787 | 751 | 036 | 0257 | 18.029 | 3.21e-10 | 2.71e-9 |
| IL22RA2 | 6.84 | 648 | 036 | 0259 | 18.027 | 1.99e-3 | 5.34e-3 |
| COMMDY9 | 730 | 694 | 036 | 0352 | 18.014 | 1.30e-10 | 1.17e-9 |
| NDFIP2 | 725 | 6.89 | 036 | 0308 | 17.989 | 1.16e-7 | 6.14e-7 |
\ PARL | 709 | 673 | 036 | 037 | 17.961 | 1.75e-11 | 1.94e-10 |
| ARGLUl | 852 | 816 | 036 | 0285 | 17.874 | 6.42e-13 | 9.92e-12 |
| GCHFR | 681 | 646 | 036 | 025 | 17.79 | 2.47e-23 | 9.62e-21 |
|  ARL4A | 771 | 736 | 036 | 0309 | 17.786 | 3.58¢-7 | 1.75e-6 |
| AHCYL1 | 821 | 7.8 | 036 | 0272 | 17.771 | 2.3le-7 | 1.16e-6 |
|  MRPL47 | 746 | 710 | 035 | 0491 | 17.626 | 8.69%-11 | 8.18e-10 |
\ BCL7C | 769 | 734 | 035 | 0366 | 17.597 | 6.88e-16 | 2.3le-14 |
\ TXN2 | 798 | 763 | 035 | 0367 | 17.518 | 1.18e-8 | 7.37e-8 |
\ RERG | 692 | 657 | 035 | 0313 | 17.507 | 8.20e-8 | 4.43e-7 |
| TMCO3 | 702 | 6.67 | 035 | 034 | 17472 | 3.45e-3 | 8.8%-3 |
| CDC42BPG | 6.91 | 6.57 | 035 | 0344 | 17.375 | 3.62e-4 | 1.09e-3 |
| EEFIAKMT4 | 691 | 657 | 035 | 0267 | 17.369 | 1.07e-9 | 8.08¢-9 |
\ GAS1 | 676 | 642 | 035 | 0216 | 17.28 | 1.73e-3 | 4.69¢-3 |
\ CSRP2 | 695 | 661 | 035 | 0262 | 17.241 | 1.95e-11 | 2.15e-10 |
\ NOL12 | 741 | 706 | 034 | 0475 | 17.218 | 6.42e-14 | 1.30e-12 |
| ECHDC2 | 7.03 | 6.69 | 034 | 0305 | 17.197 | 8.72-6 | 3.40e-5 |
|  FRMD4A | 681 | 646 | 034 | 0221 | 17194 | 2.28e-2 | 4.98¢-2 |
\ NEAT1 | 926 | 891 | 034 | 0632 | 17.143 | 5.87c-14 | 1.20e-12 |
| POLR2J3 | 851 | 817 | 034 | 0385 | 17.136 | 4.17e-10 | 3.42¢-9 |
\ TMX4 | 724 | 690 | 034 | 0382 | 17.075 | 2492 | 5.4le2 |
\ SIPA1 | 684 | 650 | 034 | 0267 | 17.016 | 1.32¢-9 | 9.77e-9 |
| FAM241B | 710 | 6.76 | 034 | 037 | 17.015 | 4.55e-11 | 4.58e-10 |
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HGNC Average Average Average SD Cum

Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
| PCDH9 | 6.77 | 643 | 034 | 0259 | 17.01 | 7.82-11 | 7.45e-10 |
| TMED1 | 708 | 674 | 034 | 0336 | 16972 | 6.52e-6 | 2.60e-5 |
\ GGA1 | 722 | 6.8 | 034 | 0223 | 16.936 | 3.40e-3 | 8.78¢-3 |
\ EPHB3 | 676 | 643 | 034 | 0174 | 16.934 | 2.30e-2 | 5.03e-2 |
|  BACE2 | 748 | 715 | 034 | 0342 | 16.922 | 3.26e-8 | 1.88¢-7 |
| ANKRD10 | 729 | 695 | 034 | 0297 | 16.921 | 9.38e-8 | 5.04e-7 |
\ CD99 | 773 | 739 | 034 | 0414 | 16.899 | 2.79¢-9 | 1.96e-8 |
\ PFN2 | 752 | 718 | 034 | 0452 | 16.879 | 1.53e-7 | 7.93e-7 |
\ AGA | 684 | 650 | 034 | 0227 | 16.863 | 8.1le-6 | 3.18¢-5 |
| VICN1 | 735 | 701 | 034 | 0343 | 16.841 | 6.35e-6 | 2.53e-5 |
| PLEKHH3 | 697 | 6.64 | 034 | 0358 | 16.792 | 1.18e-5 | 4.48e-5 |
\ ATF6B | 685 | 652 | 034 | 0311 | 16.748 | 3.29¢-3 | 8.52e-3 |
\ COA5 | 716 | 6.83 | 033 | 0383 | 16.723 | 5.74e-13 | 9.07e-12 |
\ SEC62 | 822 | 789 | 033 | 0298 | 16.63 | 3.19¢4 | 9.69e-4 |
|  CRABP2 | 972 | 939 | 033 | 0536 | 16.565 | 1.06e-12 | 1.56e-11 |
| ISYNAL | 767 | 734 | 033 | 0367 | 1655 | 4.59%-9 | 3.07e-8 |
|  DIPK2A | 6.84 | 651 | 033 | 0263 | 16.543 | 5.37e-7 | 2.54e-6 |
\ FDX2 | 846 | 813 | 033 | 0431 | 16.514 | 6.96e-15 | 1.80e-13 |
\ FOS | 697 | 6.64 | 033 | 0323 | 16446 | 4.78¢-4 | 1.4le3 |
| MGST2 | 707 | 674 | 033 | 0345 | 1643 | 1.99e-6 | 8.54e6 |
| SREBF1 | 6588 | 655 | 033 | 0273 | 164 | 1.50e-2 | 3.38e-2 |
|  KEAP1 | 783 | 751 | 033 | 0322 | 16.363 | 1.32¢9 | 9.80e-9 |
| TXNRD1 | 711 | 678 | 033 | 0298 | 16.359 | 1.08e-2 | 2.49e-2 |
| ALDH3B2 | 741 | 709 | 033 | 0298 | 16.311 | 1.64e-3 | 4.46e-3 |
|  CCPGI1 | 693 | 661 | 033 | 0282 | 163 | 2.6le-6 | 1.10e5 |
|  SCAMP3 | 746 | 713 | 033 | 0455 | 16.287 | 2.08e-11 | 2.27e-10 |
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HGNC Average Average Average SD Cum

Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
| CRELD2 | 720 | 688 | 033 | 0248 | 16249 | 1.46e-2 | 3.29e-2 |
| ABHD8 | 713 | 6.80 | 033 | 0304 | 16237 | 3.66e-5 | 1.29e-4 |
\ EPC1 | 708 | 676 | 032 | 0339 | 16.217 | 1.03e-5 | 3.96e-5 |
\ BCAM | 689 | 657 | 032 | 0287 | 16.185 | 4.37e-5 | 1.52e-4 |
|  TADA3 | 692 | 6.60 | 032 | 0243 | 16.145 | 1.44e-8 | 8.88¢-8 |
| PRKCI | 727 | 695 | 032 | 0211 | 16.095 | 8.64e-3 | 2.03e-2 |
\ GCAT | 700 | 668 | 032 | 0252 | 16.089 | 7.00e-9 | 4.53e-8 |
|  CYBSR3 | 749 | 717 | 032 | 0386 | 16.034 | 3.34e-7 | 1.6de-6 |
| NFKBIA | 723 | 691 | 032 | 0347 | 16.029 | 3.48¢-8 | 2.00e-7 |
\ VPS28 | 828 | 796 | 032 | 0308 | 16.022 | 1.03e-4 | 3.36e-4 |
\ SCD | 789 | 757 | 032 | 0328 | 16.009 | 1.03e-5 | 3.95¢-5 |
|  TSC22D3 | 676 | 644 | 032 | 0225 | 15972 | 2.54e-18 | 1.97e-16 |
\ MCAT | 678 | 646 | 032 | 0202 | 1595 | 2.88¢-10 | 2.45e-9 |
| HERPUDI | 792 | 760 | 032 | 0604 | 15.938 | 2.90e-17 | 1.58e-15 |
|  TCEAL1 | 679 | 647 | 032 | 0212 | 15934 | 7.05e-11 | 6.81e-10 |
| SLC25A1 | 757 | 725 | 032 | 0479 | 15886 | 1.06e-13 | 2.03e-12 |
\ PILRB | 699 | 668 | 032 | 0361 | 15.858 | 2.89e-8 | 1.69¢-7 |
| CC2D1A | 710 | 679 | 032 | 0261 | 15803 | 6.89e-4 | 1.98¢-3 |
\ IER5 | 791 | 759 | 032 | 034 | 15802 | 4.24e-13 | 6.90e-12 |
| ALKBH7 | 771 | 739 | 032 | 0491 | 15794 | 2.05e-8 | 1.23e-7 |
\ STK24 | 795 | 763 | 032 | 028 | 15786 | 9.99¢-3 | 2.33e-2 |
| CLDN4 | 781 | 750 | 032 | 0282 | 15775 | 2.92e-2 | 6.23e-2 |
\ NQO2 | 779 | 747 | 032 | 038 | 15769 | 3.88¢-7 | 1.88¢-6 |
| ALYREF | 828 | 796 | 032 | 0402 | 15753 | 2.02e-8 | 1.2le-7 |
\ IRX6 | 674 | 643 | 032 | 0194 | 1574 | 1.35e-3 | 3.7le-3 |
|  TM9SF2 | 7.93 | 7.62 | 031 | 0248 | 15721 | 7.75e-4 | 22le-3 |
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HGNC Average Average Average SD Cum
Gene Exp Exp Fold Fold Fold p - value FDR
Symbol T1 T2 Change Change Change
\ LDLR | 764 | 732 | 031 | 0529 | 15712 | 1.30e-12 | 1.88e-11 |
|  LMNB1 | 745 | 714 | 031 | 0398 | 15.688 | 3.28e-4 | 9.94e-4 |
| SLC27A3 | 6.79 | 648 | 031 | 0.261 | 15.686 | 2.55e-4 | 7.83e-4 |
| MARCKSLL | 933 | 902 | 031 | 0224 | 15675 | 1.77e-5 | 6.52e-5 |
\ GSN | 813 | 7.81 | 031 | 0295 | 15.646 | 6.46e-6 | 2.57e-5 |
\ CNIH2 | 689 | 658 | 031 | 03 | 15644 | 5.8le-18 | 3.87e-16 |
\ CHD7 | 701 | 670 | 031 | 033 | 15629 | 2.2le2 | 4.84e-2 |
| CREG1 | 772 | 740 | 031 | 0338 | 15.61 | 4.35e-4 | 1.29e-3 |
| HOOK3 | 695 | 6.64 | 031 | 0189 | 15558 | 4.26e-2 | 8.83e-2 |
\ RAB25 | 829 | 798 | 031 | 0492 | 15552 | 3.74e-11 | 3.85e-10 |
\ OSTF1 | 723 | 692 | 031 | 0363 | 15549 | 8.19e-6 | 3.2le5 |
|  FAM210B | 790 | 759 | 031 | 0331 | 1554 | 6.88e-6 | 2.73e-5 |
| IRF2BPL | 705 | 674 | 031 | 0348 | 15538 | 3.07e-9 | 2.13e-8 |
\ GLI4 | 682 | 651 | 031 | 0255 | 15536 | 1.60e-9 | 1.17e-8 |
\ RGL2 | 676 | 645 | 031 | 0183 | 15504 | 4.3le-2 | 8.93e-2 |
\ HEXA | 680 | 649 | 031 | 0231 | 155 | 848e-5 | 2.8led |
\ TOB1 | 679 | 648 | 031 | 0209 | 15482 | 12le-6 | 5396 |
| MEDI1 | 676 | 6.45 | 031 | 0244 | 15443 | 540e-11 | 5.34e-10 |
\ ACO2 | 742 | 712 | 031 | 0232 | 15442 | 1.19e-3 | 3.30e-3 |
| NT5DC2 | 809 | 779 | 031 | 0248 | 15426 | 1.26e-2 | 2.88¢-2 |
\ TK1 | 749 | 718 | 031 | 0613 | 15412 | 9.23e-6 | 3.58e-5 |
\ CALR | 962 | 932 | 031 | 0215 | 15379 | 5.3le-7 | 25le6 |
| CARHSP1 | 780 | 749 | 031 | 0488 | 15379 | 6.38e-13 | 9.90e-12 |
| PLEKHF1 | 698 | 6.68 | 031 | 0283 | 1536 | 3.7le5 | 1.30e-4 |
|  TMEM219 | 739 | 708 | 031 | 0471 | 15.359 | 1.63e-7 | 8.40e-7 |
\ VSNL1 | 677 | 6.46 | 031 | 0251 | 15353 | 1.25e-5 | 4.76e-5 |
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HGNC Average Average Average SD Cum

Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
|  PLXDC2 | 7.80 | 749 | 031 | 0254 | 15346 | 1.08¢-5 | 4.16e-5 |
| HSD17B4 | 696 | 6.65 | 031 | 0335 | 15319 | 4.62e-4 | 1.37e-3 |
| MGST1 | 893 | 863 | 031 | 0527 | 15316 | 1.35e-17 | 8.06e-16 |
\ TTC14 | 675 | 644 | 031 | 0.193 | 15307 | 1.88¢e-5 | 6.91e-5 |
\ NINJ1 | 688 | 657 | 031 | 0248 | 153 | 6.45¢-7 | 3.0le-6 |
\ OBIl | 687 | 657 | 031 | 0282 | 15229 | 1.55e-9 | 1.14e-8 |
\ FIS1 | 802 | 772 | 031 | 0447 | 15225 | 2.75e-9 | 1.93e-8 |
| SREBF2 | 710 | 679 | 030 | 0295 | 15225 | 7.87e-6 | 3.09e-5 |
\ TWF2 | 734 | 704 | 030 | 0415 | 15181 | 1.14e-10 | 1.04e-9 |
| WDR8S30S | 863 | 833 | 030 | 0406 | 15149 | 5.48e-9 | 3.6le-8 |
|  MYCBP2 | 796 | 7.66 | 030 | 023 | 15144 | 2.3le6 | 9.80e-6 |
|  PDGFC | 693 | 6.62 | 030 | 0265 | 15.097 | 7.27e-9 | 4.70e-8 |
\ RNF13 | 695 | 664 | 030 | 0284 | 15.093 | 7.10e-7 | 3.29¢-6 |
\ HES1 | 829 | 799 | 030 | 0502 | 15.074 | 1.17e-15 | 3.69e-14 |
| ACAT2 | 786 | 756 | 030 | 0343 | 15.061 | 2.02e-14 | 4.61e-13 |
\ IDI1 | 782 | 752 | 030 | 0204 | 15.056 | 1.26e-7 | 6.62-7 |
|  CYBSR1 | 677 | 647 | 030 | 0202 | 15.015 | 2.14e-5 | 7.79%-5 |
|  NUCB1 | 682 | 652 | 030 | 0241 | 15.004 | 1.88e-2 | 4.18e-2 |
\ GCA | 698 | 668 | 030 | 0284 | 14.996 | 7.24e-8 | 3.95¢-7 |
\ FGF2 | 686 | 656 | 030 | 0251 | 14.971 | 2.67e-5 | 9.56e-5 |
|  DDAH2 | 824 | 794 | 030 | 0311 | 1497 | 2.54e-6 | 1.08e-5 |
| SCAND1 | 804 | 7.74 | 030 | 0419 | 14.967 | 7.75e-10 | 6.00e-9 |
|  PDCD10 | 788 | 758 | 030 | 0328 | 1495 | 1.10e-13 | 2.09e-12 |
\ TTC32 | 694 | 664 | 030 | 0324 | 14931 | 2.78e-3 | 7.26e-3 |
\ MCM3 | 783 | 754 | 030 | 0393 | 14.915 | 1.45e-8 | 8.90e-8 |
|  EFHDI | 887 | 857 | 030 | 0249 | 14.904 | 2.1le-7 | 1.06e-6 |
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Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
| COPGL | 685 | 655 | 030 | 0237 | 1489 | 2.35e-4 | 7.27e-4 |
| MAP3KI3 | 710 | 680 | 030 | 0282 | 14.88 | 245e-2 | 5.33e-2 |
\ IFT27 | 680 | 650 | 030 | 0204 | 14.869 | 1.1le-7 | 5.92e-7 |
\ TAF15 | 755 | 725 | 030 | 0373 | 14.868 | 2.99e-7 | 1.48¢-6 |
| RBM26 | 7.74 | 745 | 030 | 0.277 | 14.846 | 1.14e-3 | 3.16e-3 |
\ HRAS | 790 | 761 | 030 | 0371 | 14.837 | 1.33e-12 | 1.91e-11 |
| CCDC50 | 697 | 6.67 | 030 | 0294 | 14797 | 1.2le4 | 3.92e-4 |
\ AARD | 916 | 88 | 030 | 0222 | 14728 | 1.73e-5 | 6.42e-5 |
\ CBR3 | 730 | 701 | 029 | 0425 | 14.67 | 4.15e-7 | 2.0le6 |
|  FANCL | 687 | 657 | 029 | 0271 | 14.661 | 1.23e-7 | 6.47e-7 |
| TPs3I1L | 691 | 662 | 029 | 0381 | 14.646 | 2.14e-3 | 5.7le-3 |
\ 089 | 689 | 6.60 | 029 | 0238 | 14.638 | 9.57e-6 | 3.Tle-5 |
\ MGP | 1000 | 971 | 029 | 0414 | 1461 | 2.6le2 | 5.64e-2 |
|  RWDD3 | 678 | 649 | 029 | 0.186 | 14.561 | 4.60e-6 | 1.87e-5 |
|  FAMI89B | 691 | 662 | 029 | 026 | 14543 | 2.52e-3 | 6.63e-3 |
| ZNF428 | 802 | 773 | 029 | 0302 | 14525 | 6.23e-6 | 2.49e-5 |
| DNAJC19 | 726 | 697 | 029 | 0378 | 14.521 | 2.95e-4 | 8.99%-4 |
\ CHID1 | 702 | 673 | 029 | 0275 | 1452 | 5.30e-7 | 2.5le6 |
|  KCTD3 | 707 | 678 | 029 | 028 | 1452 | 2.0led | 6.28e-4 |
|  METTL13 | 7.03 | 674 | 029 | 0242 | 1447 | 3.0le-6 | 1.26e-5 |
| TMPRSS3 | 684 | 655 | 029 | 0209 | 14464 | 7.23e-5 | 2.4le-d |
|  SUPT7L | 6.81 | 652 | 029 | 0242 | 14458 | 7.05e-5 | 2.36e-4 |
| SNRNP48 | 699 | 670 | 029 | 0307 | 14457 | 9.16e-4 | 2.58e-3 |
\ PCID2 | 738 | 7.09 | 029 | 0214 | 14455 | 1.04e-3 | 2.9le-3 |
| ENDOV | 729 | 700 | 029 | 0353 | 14429 | 7.50e-4 | 2.15e-3 |
| OSGEP | 699 | 670 | 029 | 0235 | 14427 | 1.63e-9 | 1.19e-8 |
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HGNC Average Average Average SD Cum

Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
\ RHOV | 698 | 670 | 029 | 031 | 14426 | 3.05e-4 | 9.29-4 |
|  UPF3A | 870 | 841 | 029 | 0.166 | 1442 | 1.13e-2 | 2.60e-2 |
|  RFXANK | 758 | 730 | 029 | 047 | 14418 | 3.55e-12 | 4.62e-11 |
| IFNGR1 | 757 | 729 | 029 | 0295 | 14414 | 2.49e-6 | 1.05e-5 |
\ TMC6 | 679 | 650 | 029 | 0234 | 14408 | 7.53¢-7 | 3.48¢-6 |
\ UFC1 | 869 | 840 | 029 | 0287 | 14.395 | 6.86e-7 | 3.19¢-6 |
| ATP6VOE2 | 6.81 | 652 | 029 | 026 | 14392 | 3.03e-10 | 2.57e-9 |
| TMEM106B | 686 | 657 | 029 | 0219 | 1439 | 1.11e-7 | 5.90e-7 |
| UGGT2 | 675 | 647 | 029 | 0217 | 1439 | 3.64e-2 | 7.65e-2 |
\ ASF1B | 731 | 702 | 029 | 0528 | 14.351 | 1.29e-4 | 4.14e4 |
\ PDIA4 | 761 | 732 | 029 | 0245 | 14.347 | 59le-3 | 1.43e-2 |
| PITHD1 | 759 | 730 | 029 | 0391 | 14322 | 2.64e-6 | 1.1le-5 |
| TMEMI61A | 710 | 6.81 | 029 | 0317 | 14318 | 1.89e-4 | 5.94e-4 |
\ PEX13 | 677 | 649 | 029 | 0.186 | 14.317 | 2.14e-2 | 4.7le2 |
|  GPR108 | 675 | 647 | 029 | 0232 | 14.308 | 1.6le-4 | 5.12e-4 |
| SNAP47 | 6.83 | 654 | 029 | 0232 | 14298 | 2.45e-3 | 6.45e-3 |
|  FAMI11B | 746 | 718 | 029 | 0475 | 14.268 | 7.52e-9 | 4.85e-8 |
| GADD45B | 706 | 678 | 029 | 0318 | 14.265 | 1.90e-4 | 5.96e-4 |
\ HPS1 | 678 | 650 | 029 | 0252 | 14.243 | 5.24e-10 | 4.20e-9 |
| LAMA4 | 766 | 737 | 029 | 0391 | 14.233 | 1.27e-10 | 1.15e-9 |
| CYYR1 | 693 | 665 | 028 | 0254 | 14217 | 1.74e-3 | 4.70e-3 |
\ RPAP2 | 6.82 | 653 | 028 | 0293 | 14.159 | 9.95e-7 | 4.49¢-6 |
\ NPTN | 696 | 668 | 028 | 0315 | 14.152 | 1.76e-5 | 6.49%-5 |
\ PSAP | 814 | 786 | 028 | 0232 | 14151 | 2.73e-6 | 1.15e-5 |
|  TCAF1 | 743 | 715 | 028 | 0272 | 14.148 | 3.76e-3 | 9.42¢-3 |
| GSTM3 | 695 | 6.66 | 028 | 0358 | 14.144 | 3.55e-17 | 1.82e-15 |




160 CHAPTER 6. CONCLUSIONS

Table 6.7 continued from previous page

HGNC Average Average Average SD Cum

Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
| PRDX2 | 992 | 963 | 028 | 0511 | 14.133 | 2.99-16 | 1.15e-14 |
\ PSPC1 | 744 | 716 | 028 | 0299 | 14131 | 4.45e4 | 1.32e-3 |
\ GRN | 741 | 713 | 028 | 034 | 14129 | 9.2le-6 | 3.57e-5 |
|  NCKAP5 | 671 | 643 | 028 | 0202 | 14128 | 1.03e2 | 2.39%-2 |
\ EHD1 | 728 | 7.00 | 028 | 0254 | 14124 | 250e-2 | 543e2 |
| DNASE2 | 832 | 804 | 028 | 0323 | 14121 | 3.00e-4 | 9.14e-4 |
\ MGMT | 746 | 718 | 028 | 0559 | 14.11 | 4.85¢-10 | 3.91e-9 |
\ ENSA | 860 | 831 | 028 | 0313 | 14.085 | 3.80e-8 | 2.17e-7 |
\ BAX | 756 | 727 | 028 | 0459 | 14.085 | 2.16e-9 | 1.55e-8 |
| TRAPPC6A | 718 | 690 | 028 | 0507 | 14.071 | 2.20e-12 | 3.03e-11 |
\ OBSL1 | 719 | 691 | 028 | 0305 | 14.059 | 7.83¢-4 | 2.23e-3 |
\ DRG1 | 734 | 706 | 028 | 0527 | 14.052 | 2.02e-12 | 2.80e-11 |
\ EAPP | 674 | 646 | 028 | 0.177 | 14.052 | 2.6le-2 | 5.65¢-2 |
| LINCO1315 | 6.83 | 655 | 028 | 0236 | 14.03 | 6.39-9 | 4.16e-8 |
| DNPEP | 748 | 720 | 028 | 0334 | 14.03 | 7.56e-11 | 7.26e-10 |
| VKORC1 | 773 | 745 | 028 | 0578 | 14.014 | 8.89%-11 | 8.35e-10 |
\ BRD1 | 677 | 649 | 028 | 0264 | 14.011 | 1.44e-3 | 3.96e-3 |
|  RBM4B | 679 | 651 | 028 | 0201 | 14.001 | 6.49e-5 | 2.19e-4 |
|  MICALL1 | 672 | 644 | 028 | 016 | 13.956 | 1.04e-5 | 4.02e-5 |
| DNAJC4 | 733 | 7.05 | 028 | 0516 | 13.905 | 7.5le-15 | 1.92e-13 |
| AKRIA1 | 735 | 708 | 028 | 0438 | 13.899 | 6.13e-9 | 4.0le-8 |
| TMEM59 | 795 | 7.67 | 028 | 0317 | 13.891 | 3.10e-11 | 3.24e-10 |
| PTOVI | 744 | 716 | 028 | 0295 | 13.876 | 1.6le-3 | 4.40e-3 |
| COMMD2 | 765 | 737 | 028 | 0227 | 13.871 | 245e-3 | 6.45e-3 |
|  NUDT22 | 7.72 | 745 | 028 | 0.366 | 13.864 | 9.48e-16 | 3.06e-14 |
| CAMK2G | 713 | 6.85 | 028 | 0309 | 13.862 | 2.95e-8 | 1.72-7 |




6.2.

COMPUTATIONAL METHODS

161

Table 6.7 continued from previous page

HGNC Average Average Average SD Cum

Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
\ TECR | 918 | 891 | 028 | 0.38 | 13.814 | 1.19¢-10 | 1.08¢-9 |
\ ECT2 | 711 | 683 | 028 | 046 | 13.814 | 1.05e-4 | 3.42e4 |
\ GAS6 | 681 | 654 | 028 | 0259 | 13.807 | 8.94e-4 | 2.53e-3 |
\ LSG1 | 680 | 652 | 028 | 0229 | 13.802 | 1.72e-4 | 5424 |
\ MTX1 | 731 | 703 | 028 | 0482 | 13.781 | 7.38e-12 | 8.83e-11 |
\ YIPF3 | 752 | 724 | 028 | 0308 | 13.779 | 5.37e-5 | 1.83e-4 |
|  RAB3IP | 6.82 | 655 | 028 | 0257 | 13.776 | 1.07e-3 | 2.98e-3 |
| MTFP1 | 711 | 683 | 028 | 0399 | 13.743 | 4.80e-8 | 2.69-7 |
\ PRSS8 | 708 | 680 | 028 | 0315 | 13.733 | 4.48e-7 | 2.15e-6 |
| DYNC212 | 846 | 818 | 027 | 0256 | 13.713 | 1.95e-3 | 5.24e-3 |
\ CD59 | 881 | 854 | 027 | 0234 | 137 | 7.19e¢-12 | 8.64e-11 |
| LINCO1278 | 7.48 | 720 | 027 | 0419 | 13.688 | 1.65¢-7 | 8.50e-7 |
|  TMEM237 | 699 | 672 | 027 | 0244 | 13.647 | 5.40e-3 | 1.32e-2 |
|  MVB12A | 756 | 728 | 027 | 0405 | 13.644 | 1.62¢-6 | 7.05e-6 |
\ ZNF639 | 669 | 642 | 027 | 0145 | 13.616 | 5.8le-4 | 1.69¢-3 |
\ ERP29 | 897 | 870 | 027 | 0298 | 13.615 | 4.57e-8 | 2.57e-T |
\ SGCE | 702 | 675 | 027 | 0303 | 13.587 | 1.55e-3 | 4.24e-3 |
| ccpcier | 717 | 6.90 | 027 | 0.329 | 13.584 | 2.50e-3 | 6.58¢-3 |
| CKAP4 | 723 | 696 | 027 | 028 | 13582 | 4.5%-2 | 9.46e-2 |
| PRADC1 | 675 | 648 | 027 | 0218 | 13.568 | 2.69¢-5 | 9.63e-5 |
|  FKBP8 | 842 | 815 | 027 | 0218 | 13.567 | 6.54e-7 | 3.06e-6 |
|  MORN3 | 689 | 6.61 | 027 | 03 | 13564 | 4.43e-14 | 9.28¢-13 |
\ PCNA | 880 | 853 | 027 | 0401 | 13.547 | 6.56e-10 | 5.17e-9 |
|  MCM3AP | 671 | 644 | 027 | 0.196 | 13.546 | 1.14e-2 | 2.62e-2 |
| TMEM223 | 735 | 7.08 | 027 | 0515 | 13.542 | 1.10e-17 | 6.74e-16 |
| ABHD5 | 7.03 | 676 | 027 | 036 | 13.526 | 4.78¢-5 | 1.65e-4 |
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| TRIOBP | 740 | 713 | 027 | 0285 | 13.513 | 257e-2 | 5.57e-2 |
| NUBP2 | 730 | 7.03 | 027 | 0441 | 13.512 | 3.09e9 | 2.14e-8 |
| DDX17 | 839 | 812 | 027 | 0249 | 13.512 | 2326 | 9.85e-6 |
| MCF2L | 669 | 642 | 027 | 0142 | 13.496 | 3.26e-2 | 6.91e-2 |
\ NEU1 | 691 | 6.65 | 027 | 0255 | 13484 | 4.34e-5 | 1.50e-4 |
\ AP1B1 | 712 | 685 | 027 | 0286 | 13482 | 4.43e2 | 9.16e-2 |
\ | 672 | 645 | 027 | 0279 | 13.473 | 8.69¢-7 | 3.96e-6 |
|  CCDC34 | 853 | 8206 | 027 | 0268 | 13459 | 3.54e2 | 7.44e-2 |
| SFT2D2 | 792 | 765 | 027 | 0336 | 13458 | 4.69e-7 | 2.24e6 |
\ INTS6 | 681 | 654 | 027 | 0305 | 13445 | 1.87e-d | 5.87e4 |
| TMED10 | 753 | 727 | 027 | 0216 | 13403 | 5.13e4 | 1.5le-3 |
\ SPOP | 681 | 654 | 027 | 0261 | 13.395 | 1.29e-11 | 1.47¢-10 |
\ HCG11 | 679 | 652 | 027 | 0226 | 13.378 | 2.12e-2 | 4.67e-2 |
\ SPG21 | 720 | 693 | 027 | 0313 | 13.367 | 2.76e-3 | 7.22¢-3 |
\ CDC16 | 720 | 694 | 027 | 0306 | 13.36 | 1.86e-2 | 4.14e-2 |
| Clorf35 | 799 | 772 | 027 | 0312 | 13.353 | 6.30e-8 | 3.47e-7 |
\ PNKD | 814 | 7.87 | 027 | 0339 | 13.351 | 4.64e-3 | 1.15e-2 |
\ LHPP | 674 | 647 | 027 | 0.199 | 13.347 | 2.55e¢-5 | 9.17e-5 |
\ SSR2 | 890 | 863 | 027 | 0262 | 13.342 | 6.18¢e-8 | 3.4le-7 |
\ ALG14 | 679 | 653 | 027 | 0199 | 1334 | 5.78-8 | 3.20e-7 |
| COROIB | 810 | 784 | 027 | 0235 | 13.326 | 8.64e-d | 2.45e-3 |
|  PLAAT4 | 6.68 | 642 | 027 | 0145 | 13.313 | 1.23e-9 | 9.15e-9 |
|  MYDGF | 767 | 740 | 027 | 0271 | 13296 | 7.76e-6 | 3.05e-5 |
\ TLCD4 | 670 | 6.44 | 027 | 0151 | 13.279 | 1.60e-3 | 4.35¢-3 |
| TMEM106C | 7.80 | 753 | 027 | 0369 | 13.265 | 4.63e-9 | 3.09e-8 |
| TMEM9B | 687 | 6.60 | 027 | 0269 | 13.258 | 2.92e-9 | 2.04e-8 |
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\ DRG2 | 684 | 657 | 027 | 0225 | 13.253 | 1.19e-5 | 4.53e5 |
\ P4HB | 865 | 839 | 027 | 0214 | 13.251 | 3.13e-6 | 1.30e-5 |
| GPR18O | 703 | 676 | 027 | 0268 | 1325 | 1.30e-3 | 3.59%-3 |
|  PARD6A | 6.69 | 642 | 027 | 0162 | 13249 | 2.99e-6 | 1.25e-5 |
\ EXD3 | 675 | 648 | 027 | 0204 | 13.238 | 3.23e-3 | 8.37e-3 |
| MMS22L | 687 | 660 | 027 | 026 | 13234 | 7.98e-5 | 2.65e-4 |
\ CIRBP | 805 | 778 | 027 | 036 | 13232 | 3.85e-6 | 1.58¢-5 |
| SCCPDH | 6.86 | 659 | 027 | 026 | 13.227 | 5.05e-10 | 4.05e-9 |
\ H1-10 | 822 | 796 | 026 | 0358 | 13223 | 1.53e-5 | 5.7le-5 |
\ MTX2 | 725 | 698 | 026 | 0334 | 1321 | 3.26e-5 | 1.15e-4 |
| ZNF576 | 6.79 | 652 | 026 | 0222 | 13.198 | 3.32e-5 | 1.17e-4 |
|  MRPL28 | 740 | 714 | 026 | 0506 | 13.189 | 5.00e-5 | 1.7le-4 |
| GPAAI | 790 | 763 | 026 | 0269 | 13.179 | 1.2le-4 | 3.92e4 |
|  TOR3A | 737 | 710 | 026 | 0333 | 13.165 | 1.75¢-5 | 6.46e-5 |
| POLR2E | 7.83 | 757 | 026 | 0274 | 13.156 | 2.52¢-9 | 1.79e-8 |
\ HIBCH | 691 | 664 | 026 | 0302 | 13.153 | 4.70e-10 | 3.80e-9 |
| CYB5A | 746 | 720 | 026 | 0446 | 13.148 | 3.20e-7 | 1.57e-6 |
\ ITSN2 | 694 | 668 | 026 | 0307 | 13.141 | 1.16e-3 | 3.21e-3 |
\ LY6K | 797 | 770 | 026 | 0427 | 13.122 | 3.63e-7 | 1.77e-6 |
|  THOC6 | 6.84 | 657 | 026 | 0273 | 13.119 | 1.65¢-2 | 3.69%e-2 |
\ MANF | 770 | 744 | 026 | 0427 | 13111 | 5.28e-3 | 1.29-2 |
\ NFYB | 707 | 681 | 026 | 0295 | 13.109 | 5.59e-3 | 1.36e-2 |
|  SUCLG1 | 753 | 727 | 026 | 0516 | 13.107 | 9.76e-14 | 1.88e-12 |
|  MGAT4A | 711 | 685 | 026 | 0303 | 13.091 | 3.42e-5 | 1.2le-4 |
| ACOT13 | 745 | 719 | 026 | 0428 | 13.091 | 2.42e-12 | 3.30e-11 |
\ EBP | 829 | 803 | 026 | 0334 | 13.084 | 1.10e-8 | 6.91e-8 |
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| SECISBP2 | 727 | 701 | 026 | 0295 | 13.076 | 7.8le-3 | 1.85e-2 |
| CCHCRL | 699 | 673 | 026 | 0317 | 13.067 | 5.92e-4 | 1.72e-3 |
|  TM7SF3 | 6.83 | 656 | 026 | 0256 | 13.064 | 3.28e-3 | 8.50e-3 |
| MAPK3 | 673 | 647 | 026 | 0178 | 13.06 | 3.18e-3 | 8.23e-3 |
| GMPPA | 680 | 654 | 026 | 0233 | 13.033 | 3.66e-7 | 1.78¢-6 |
| MYO9B | 7.09 | 683 | 026 | 0288 | 13.027 | 1.06e-5 | 4.09-5 |
\ PHF3 | 720 | 694 | 026 | 028 | 13.02 | 1.66e-3 | 4.50e-3 |
\ TET1 | 718 | 692 | 026 | 0302 | 13.02 | 7.35e4 | 2.10e-3 |
| PIK3R2 | 684 | 658 | 026 | 0272 | 13.016 | 5.89e-3 | 1.43e-2 |
\ ATF7 | 690 | 6.64 | 026 | 0258 | 13.004 | 4.59e-8 | 2.58e-7 |
|  PODXL2 | 734 | 708 | 0206 | 045 | 12994 | 2.36e-13 | 4.14e-12 |
| LYNX1 | 668 | 642 | 026 | 0.16 | 12.985 | 8.03e-6 | 3.15e-5 |
| RAB4A | 743 | 717 | 026 | 0441 | 12983 | 9.88e-9 | 6.26e-8 |
\ HNMT | 684 | 658 | 026 | 0309 | 12.954 | 4.74e-13 | 7.6le-12 |
| SEC22B | 6.89 | 664 | 026 | 0321 | 1295 | 1.93e-8 | 1.17e-7 |
\ FJX1 | 757 | 732 | 026 | 0257 | 12.942 | 7.32e-6 | 2.90e-5 |
| SPDEF | 674 | 648 | 026 | 0209 | 12941 | 4.75¢-9 | 3.16e-8 |
\ PBX1 | 777 | 751 | 026 | 0379 | 12.926 | 1.43e-5 | 5.35e-5 |
| GMPR2 | 682 | 656 | 026 | 0255 | 12.918 | 3.84e-5 | 1.35e-4 |
\ ZBTB1 | 670 | 644 | 026 | 0.159 | 12.877 | 2.68¢-2 | 5.79e-2 |
\ UNC50 | 686 | 6.60 | 026 | 0246 | 12.875 | 4.90e-6 | 1.99e-5 |
\ SUGP2 | 761 | 735 | 026 | 0276 | 12.871 | 5.30e-4 | 1.55e-3 |
| ENOSF1 | 785 | 759 | 026 | 0258 | 12.853 | 2.75e-8 | 1.61le-7 |
| TMEM208 | 742 | 716 | 026 | 0447 | 12.852 | 8.84e-9 | 5.63e-8 |
\ PPIL2 | 668 | 642 | 026 | 0.159 | 12.846 | 2.99e-5 | 1.07e4 |
| ZNF518A | 703 | 6.77 | 026 | 0362 | 12.838 | 1.87e-6 | 8.08e-6 |
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Table 6.7 continued from previous page

HGNC Average Average Average SD Cum

Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
\ AAMP | 759 | 733 | 026 | 0434 | 12.822 | 3.57e-8 | 2.05e-7 |
| PAFAHIB3 | 867 | 842 | 026 | 04 | 12.822 | 24le-8 | 1.42e-7 |
\ AMOT | 668 | 643 | 026 | 0.154 | 12.814 | 2.14e-3 | 5.70e-3 |
\ RPN2 | 825 | 800 | 026 | 0295 | 12.808 | 2.27e-3 | 6.02¢-3 |
\ COPE | 911 | 88 | 026 | 028 | 12.787 | 4.26e-7 | 2.05¢-6 |
| TANC1 | 675 | 650 | 026 | 0202 | 12.787 | 4.45e-3 | 1.10e-2 |
\ CALD1 | 896 | 871 | 026 | 0239 | 12786 | 1.48e-6 | 6.47e-6 |
| SNRNP25 | 721 | 696 | 026 | 0503 | 12.767 | 1.46e-11 | 1.64e-10 |
\ NCBP2 | 725 | 699 | 026 | 0294 | 12765 | 7.50e-7 | 3.46e-6 |
| ATP6AP1 | 785 | 7.60 | 026 | 0285 | 12758 | 1.40e-3 | 3.84e-3 |
\ EFR3A | 716 | 690 | 026 | 0363 | 12754 | 5.8le-5 | 1.97e4 |
| MYL6B | 761 | 735 | 026 | 0447 | 12754 | 1.47e-7 | 7.65e-7 |
| MPHOSPH6 | 732 | 7.06 | 026 | 0444 | 1275 | 2.02¢-10 | 1.76e-9 |
\ APP | 889 | 864 | 026 | 0401 | 12.75 | 2.76e-10 | 2.36e-9 |
| ZFAND6 | 7.02 | 676 | 026 | 0282 | 12745 | 3.62e-4 | 1.09e-3 |
|  MFGE8 | 698 | 673 | 0206 | 0255 | 12741 | 2.67e-3 | 7.00e-3 |
|  BPNTI | 687 | 661 | 026 | 0238 | 12.738 | 8229 | 5.27e8 |
\ HM13 | 744 | 719 | 026 | 0367 | 12.732 | 1.69¢-8 | 1.03e-7 |
| SLC39A7 | 767 | 741 | 026 | 0282 | 12732 | 2.67e-5 | 9.58e-5 |
\ HYAL2 | 677 | 652 | 025 | 0247 | 12.722 | 4.38e-5 | 1.52e4 |
\ STX17 | 684 | 659 | 025 | 0334 | 12718 | 1.25e-6 | 5.54e-6 |
\ SCP2 | 740 | 715 | 025 | 0408 | 12706 | 2.83¢-7 | 1.40e-6 |
| GTPBP8 | 6.86 | 6.60 | 025 | 0236 | 12.693 | 2.69¢-5 | 9.62e-5 |
\ MED13 | 671 | 646 | 025 | 0.182 | 12.686 | 2.33e-3 | 6.17e-3 |
\ SQLE | 783 | 758 | 025 | 0.169 | 12.68 | 2.09¢-4 | 6.5le-4 |
| TMEM214 | 6.80 | 655 | 025 | 0294 | 12,678 | 4.67e-7 | 2.24e6 |
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HGNC Average Average Average SD Cum
Gene Exp Exp Fold Fold Fold p - value FDR
Symbol T1 T2 Change Change Change
| SDR39U1 | 6.78 | 653 | 025 | 0267 | 12.675 | 6.93e-8 | 3.79%-7 |
\ SRA1 | 708 | 6582 | 025 | 0431 | 12671 | 2.36e-15 | 6.90e-14 |
\ PMVK | 799 | 774 | 025 | 0.365 | 12.663 | 3.69¢-10 | 3.07¢-9 |
\ VEZF1 | 673 | 647 | 025 | 0.186 | 12.657 | 2.19e-5 | 7.98e-5 |
\ MIA3 | 701 | 675 | 025 | 0337 | 12.652 | 8.0le-4 | 2.28¢-3 |
| PGAP2 | 670 | 644 | 025 | 0.142 | 12.646 | 5.45e-3 | 1.33e-2 |
| EIF4A2 | 812 | 787 | 025 | 0.148 | 12,639 | 3.79e-2 | 7.94e-2 |
| HNRNPH2 | 7.02 | 676 | 025 | 0298 | 12.629 | 1.07e-2 | 2.47e-2 |
|  ACTR6 | 719 | 693 | 025 | 0306 | 12.627 | 2.70e-3 | 7.08¢-3 |
| HSPA14 | 715 | 690 | 025 | 0325 | 12.606 | 9.36e-5 | 3.07e-4 |
\ PDIA6 | 921 | 896 | 025 | 026 | 12.605 | 1.80e-9 | 1.3le-8 |
| PPPIRIA | 6.67 | 642 | 025 | 0152 | 12599 | 1.23e-23 | 5.31e-21 |
|  RNF187 | 817 | 792 | 025 | 0318 | 12592 | 6.08¢-6 | 2.43e-5 |
\ MPC2 | 830 | 805 | 025 | 0463 | 12.559 | 2.18e-19 | 2.47e-17 |
\ SSH1 | 668 | 643 | 025 | 0.124 | 12531 | 2.38e-2 | 5.19e-2 |
| B4GALT3 | 685 | 6.60 | 025 | 0232 | 12524 | 6.77e-5 | 2.27e-4 |
| NT5DC1 | 703 | 678 | 025 | 0353 | 12.522 | 1.80e-4 | 5.67e-4 |
|  TRPV4 | 672 | 647 | 025 | 0.228 | 12517 | 1.55e-7 | 8.0le-7 |
\ SC5D | 680 | 655 | 025 | 0254 | 12517 | 1.56e-9 | 1.14e-8 |
\ HSPA5 | 856 | 831 | 025 | 041 | 12509 | 1.6le-15 | 4.88¢-14 |
| CNOT8 | 7.02 | 677 | 025 | 0286 | 12503 | 9.32e-6 | 3.62¢-5 |
|  FAM32A | 743 | 718 | 025 | 0385 | 1246 | l.44e5 | 5.38e-5 |
| PsMC2 | 755 | 730 | 025 | 0391 | 1246 | 58le-8 | 3.2le-7 |
| SYNJ2BP | 670 | 645 | 025 | 0.171 | 12448 | 1.65e-3 | 4.48e-3 |
| NELFE | 747 | 722 | 025 | 0542 | 12444 | 1.69-11 | 1.88e-10 |
|  MANIBL | 6585 | 660 | 025 | 0315 | 12438 | 885e-5 | 2.92e-4 |
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Table 6.7 continued from previous page

HGNC Average Average Average SD Cum

Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
\ VDR | 684 | 659 | 025 | 0354 | 12438 | 6.88e-5 | 2.3led |
\ STX4 | 684 | 659 | 025 | 0239 | 12431 | 8.18e-5 | 2.7le4 |
| GTPBP6 | 6.88 | 6.63 | 025 | 0293 | 1243 | 3.30e-10 | 2.77e-9 |
\ MED4 | 693 | 668 | 025 | 0304 | 12414 | 1.91e-8 | 1.15e-7 |
| ATP13A2 | 736 | 711 | 025 | 0212 | 12411 | 1.16e-4 | 3.74e-4 |
| MED30 | 679 | 654 | 025 | 0254 | 12393 | 1.10e-2 | 2.54e-2 |
| ADIPOR1 | 741 | 716 | 025 | 0448 | 12392 | 6.54e-9 | 4.25e-8 |
\ PLPP2 | 839 | 814 | 025 | 0245 | 12.387 | 1.62e-6 | 7.06e-6 |
\ RRP7A | 761 | 736 | 025 | 0394 | 12.385 | 5.89e-23 | 2.10e-20 |
| ZNF695 | 670 | 646 | 025 | 0.178 | 12384 | 1.67e-5 | 6.20e-5 |
\ SNX7 | 692 | 667 | 025 | 0262 | 12382 | 1.52e-5 | 5.67e-5 |
|  GPR160 | 6.67 | 642 | 025 | 0124 | 12377 | 7.67e-4 | 2.19e-3 |
| KIAAO319L | 6.73 | 649 | 025 | 0226 | 12374 | 5.00e-4 | 1.47e-3 |
\ CBR1 | 792 | 768 | 025 | 0399 | 12.37 | 2.97e-11 | 3.13e-10 |
| TMEM38B | 6.85 | 6.60 | 025 | 0226 | 12.365 | 6.65¢-7 | 3.10e-6 |
| FN3KRP | 702 | 677 | 025 | 0336 | 12363 | 1.16e-13 | 2.19-12 |
\ DCPS | 757 | 732 | 025 | 041 | 12353 | 2.82-5 | 1.0led |
| DNPHI | 791 | 766 | 025 | 0314 | 12346 | 1.39¢-6 | 6.10e-6 |
| TRIM59 | 668 | 643 | 025 | 0.158 | 12342 | 2.78e-2 | 5.98¢-2 |
| LAMTOR4 | 796 | 771 | 025 | 0421 | 1234 | 8523 | 2.00e-2 |
|  EFNA4 | 684 | 660 | 025 | 0231 | 12335 | 1.50e-4 | 4.80e-4 |
\ RPIA | 678 | 654 | 025 | 0253 | 12322 | 5.32e-4 | 1.56e-3 |
\ STX5 | 689 | 665 | 025 | 0296 | 12.321 | 9.62e-14 | 1.86e-12 |
| SLC39A1 | 791 | 7.67 | 025 | 0.284 | 12317 | 7.67e-11 | 7.35e-10 |
|  DYNLT1 | 818 | 793 | 025 | 0324 | 12313 | 1.72¢-13 | 3.12e-12 |
|  DPYI9L3 | 6.76 | 651 | 025 | 0256 | 12309 | 7.24e-3 | 1.72¢-2 |
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Table 6.7 continued from previous page

HGNC Average Average Average SD Cum

Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
\ RIPK4 | 684 | 6.60 | 025 | 0447 | 12.308 | 1.73e-13 | 3.14e-12 |
\ MMAB | 747 | 723 | 025 | 0472 | 12293 | 3.97e-7 | 1.92e-6 |
| LRRC42 | 696 | 671 | 025 | 0283 | 12.289 | 2.35e-4 | 7.28e-4 |
|  BACE1 | 704 | 680 | 025 | 0306 | 12.284 | 3.35e-3 | 8.65e-3 |
|  CAPNI1 | 787 | 763 | 025 | 0258 | 12279 | 3.63¢-7 | 1.77¢-6 |
|  HMCES | 711 | 686 | 025 | 0318 | 12.271 | 1.19e-3 | 3.30e-3 |
|  HACD3 | 797 | 772 | 025 | 0224 | 12268 | 1.03e-5 | 3.97e-5 |
\ YPEL3 | 667 | 642 | 025 | 0134 | 12257 | 2.17e2 | 4.77e-2 |
\ DPM2 | 737 | 712 | 025 | 057 | 12255 | 9.13e-13 | 1.38e-11 |
| ACADM | 699 | 675 | 025 | 0293 | 12.253 | 9.13e-6 | 3.55e-5 |
\ NUP58 | 709 | 68 | 025 | 0266 | 12.237 | 1.96e-6 | 8.44e-6 |
| HMGXB4 | 763 | 739 | 025 | 0346 | 12226 | 3.8%e-5 | 1.36e-4 |
|  NANOS1 | 6.69 | 645 | 024 | 0172 | 12224 | 1.38e-2 | 3.13e-2 |
| MCF2L-AS1 | 6.88 | 6.64 | 024 | 032 | 12219 | 7.84e-17 | 3.54e-15 |
| LAMTOR1 | 832 | 808 | 024 | 0468 | 12217 | 9.24e-16 | 2.99e-14 |
\ GRB14 | 667 | 643 | 024 | 0131 | 1221 | 820e5 | 2.724 |
\ CTSD | 790 | 765 | 024 | 0317 | 12206 | 1.08¢-9 | 8.1le-9 |
| DHCR24 | 7.73 | 748 | 024 | 019 | 12188 | 1.68e-3 | 4.56e-3 |
| HDGFL2 | 702 | 678 | 024 | 0301 | 12.181 | 3.66e-4 | 1.10e-3 |
\ GJC1 | 670 | 646 | 024 | 0215 | 12176 | 3.05e-4 | 9.29e-4 |
| VDAC3 | 749 | 725 | 024 | 0425 | 12176 | 1.94e-12 | 2.7le-11 |
| CCDC88A | 715 | 691 | 024 | 0351 | 12163 | 7.63e-8 | 4.14e-7 |
| ATAD1 | 692 | 6.68 | 024 | 0296 | 12157 | 22le4 | 6.88e-4 |
|  TENT4A | 692 | 668 | 024 | 0298 | 12155 | 8.14e-4 | 2.32e-3 |
\ TUSC3 | 727 | 703 | 024 | 0385 | 12154 | 2.70e-7 | 1.34e-6 |
\ RNF5 | 699 | 674 | 024 | 0322 | 12152 | 1.36e-9 | 1.01e-8 |
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Table 6.7 continued from previous page

HGNC Average Average Average SD Cum

Gene Exp Exp Fold Fold Fold p - value FDR

Symbol T1 T2 Change Change Change
| TIMM29 | 7.05 | 6.81 | 024 | 0276 | 12147 | 1.36e-6 | 5.98¢-6 |
\ UBAG6 | 682 | 658 | 024 | 0318 | 12141 | 5.95e-4 | 1.73e-3 |
|  MRPL46 | 687 | 662 | 024 | 0258 | 12132 | 5.63e-10 | 4.48¢-9 |
| RPL39L | 732 | 708 | 024 | 0424 | 1213 | 2.04e-9 | 1.47e-8 |
| PALM2AKAP2 | 746 | 722 | 024 | 0213 | 12122 | 1.58e-2 | 3.55e-2 |
\ RBM3 | 769 | 745 | 024 | 0337 | 1212 | 2189 | 1.56e-8 |
| TM2D3 | 666 | 642 | 024 | 0129 | 12114 | 2.36e-9 | 1.67¢-8 |
\ LITAF | 771 | 746 | 024 | 0378 | 12111 | 2529 | 1.78-8 |
| MIR99AHG | 6.68 | 6.44 | 024 | 0154 | 12108 | 1.06e-3 | 2.96e-3 |
\ EPS15 | 682 | 658 | 024 | 0263 | 12107 | 247e-4 | 7.6led |
|  HMGCS1 | 668 | 644 | 024 | 0122 | 12105 | 1.70e-4 | 5.37e-4 |
|  DDOST | 763 | 738 | 024 | 0302 | 12087 | 1.72¢-5 | 6.37e-5 |
| SAC3D1 | 833 | 809 | 024 | 0283 | 12.079 | 8324 | 2.36e-3 |
| SLC25A26 | 6.71 | 646 | 024 | 0182 | 12075 | 6.8le-5 | 2.28e-4 |
\ GK5 | 6.84 | 660 | 024 | 0287 | 12,064 | 3.04e-3 | 7.89e-3 |
| TUBGCP3 | 6.84 | 6.60 | 024 | 0221 | 1205 | 3.77e-4 | 1.13e-3 |
| RRAGA | 739 | 715 | 024 | 0329 | 12.043 | 4.86e-8 | 2.72e-7 |
|  GOLTIB | 668 | 644 | 024 | 0145 | 12.041 | 1.02e-2 | 2.38e-2 |
| GABARAP | 852 | 828 | 024 | 0478 | 12.041 | 2.55e-12 | 3.45e-11 |

ZNF519 6.73 6.49 0.24 0.266 12.038 2.38e-5 8.60e-5
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Table 6.8. Gene Ontology (GO) analysis results against KEGG path-
ways on genes up-regulated in tolerant clones with clonal fitness re-
spect to tolerant clones without clonal fitness. (A) Category ID (B)
Term name (C) Number of up-regulated genes in tolerant clones with clonal
fitness contained in the given term; (D) Percentage of up-regulated genes in
clones with clonal fitness in the intesection with the gene set (E) p-value of
Fisher’s Exact of the enrichment.

Only significant (FDR < 0.1) are shown.

N° %
Category 1D Term Name genes | genes | p-value
inters | inters

| hsa01100 | Metabolic pathways | 67 | 1227 | 5.160e-4 |
‘ hsa04141 ‘ Protein processing in endoplasmic reticulum ‘ 21 ‘ 3.85 ‘ 1.120e-7 ‘
| hsa04142 | Lysosome | 15 | 2.75 | 2.940e-5 |
‘ hsa05208 ‘ Chemical carcinogenesis - reactive oxygen species ‘ 14 ‘ 2.56 ‘ 1.382¢-2 ‘
| hsa05166 | Human T-cell leukemia virus 1 infection | 13 | 238 | 2.975e-2 |
‘ hsa05225 ‘ Hepatocellular carcinoma ‘ 12 ‘ 2.20 ‘ 1.024e-2 ‘
| hsa04210 | Apoptosis | 10 | 1.83 | 1.818¢-2 |
| hsa05161 | Hepatitis B | 10 | 1.83 | 4.815e-2 |
| hsa00513 | Various types of N-glycan biosynthesis | 9 | 1.65 | 1.350e-5 |
‘ hsa00510 ‘ N-Glycan biosynthesis ‘ 9 ‘ 1.65 ‘ 8.890e-5 ‘
| hsa01212 | Fatty acid metabolism | 8 | 1.47 | 1.281e-3 |
| hsa05218 | Melanoma | 7 | 128 | 1.849¢-2 |
| hsa00980 | Metabolism of xenobiotics by cytochrome P450 | 7 | 1.28 | 2.633¢-2 |
‘ hsa01521 ‘ EGFR tyrosine kinase inhibitor resistance ‘ 7 ‘ 1.28 ‘ 2.782e-2 ‘
‘ hsa05210 ‘ Colorectal cancer ‘ 7 ‘ 1.28 ‘ 3.985e-2 ‘
‘ hsa00900 ‘ Terpenoid backbone biosynthesis ‘ 6 ‘ 1.10 ‘ 4.500e-4 ‘
‘ hsa00280 ‘ Valine, leucine and isoleucine degradation ‘ [§ ‘ 1.10 ‘ 1.267e-2 ‘
| hsa05213 | Endometrial cancer | 6 | 110 | 2.683e-2 |
| hsa00100 | Steroid biosynthesis | 5 | 092 | 23983 |
| hsa01040 | Biosynthesis of unsaturated fatty acids | 5 | 092 | 7.3993 |
| hsa05216 | Thyroid cancer | 5 | 092 | 22192 |
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Table 6.8 continued from previous page

N° %
Category ID Term Name genes | genes | p-value
inters | inters

| hsa00340 Histidine metabolism 4 | 073 | 2.530e-2
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