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Abstract

Introduction:Young age at diagnosis (age < 40) is considered &m liedependent factor for poor
clinical outcomes in breast cancer patients. Patternsinobur infiltrating lymphocytes may
provide insight into the underlying biology behind this disparity, which is yet to be discovered.
Deconvolution algorithms can besed to characterizeemourinfiltrating lymphocytes given the

gene expression profile of the bulkmourtissue sampldn this work, nodels of deconvolutign

both novel and existing, wetsed to extract distinct patternstomourinfiltrating immune cdb

in early onset breast cancer that are significantly associated with clinical outcomes and other
molecular signatures.

Methods:The tumour immune landscape was characterized by computational deconvolution of
bulk tissue transcriptomes using an existog {TIMER) as well as developing a novel tool based

on deep learning: neural network immune contexture estimafNICE). Pseudebulk gene
expression profilesere simulated by leveraging single cell RIdSéquencing data from immune

and breast cancer celivith known cell type compositions. Psetudk profiles were used to
optimizedeep learningnodel with deep quartile regression to provide estimates for cell fractions
given bulktranscriptomesThen, theeharacterizetumour immundandscape was assoid with

clinical outcomesn early onset breast canagsing largescale breast cancer datasets

Resultsimmunecell abundance estimates from TIME®/ealed that clinical outcomes of early

onset breast cancer patients were more significantly affected by the abundance of CD8+ cytotoxic
T cells, but to a lesser extent in the old patiedt$ICE model of deconvolution produdenore
accurate predictionsfacell type composition from bulkranscriptoms on training dataset.
However, performance of NNICE model was not robust across different datasets, and the estimates
on breast cancer datasets showed inconsistent results across cohorts.

Conclusion:The camnical survival disparity of early onset breast cancer patients was observed
but the TIL landscape identified by current deconvolution algorithms do not give consistent results.
Novel models of deconvolution built on staikthe-art deep learning framewa leveraging
scRNA-seq data have potential to prodeaeurateestimates of cell type proportignsowever,

further research is needed to optimize these algorithms to be robust to differences between
transcriptomic datasets
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Chapter 1.  Background

1.1 Breast cancer
1.1.1 Epidemiology

Breast cancer is the most prevalent type of cancer in women worldijidgpgcifically,for
the year 202@h Canada,tiis estimated tha&27,400women will be diagnosed with breast cancer,
which accounts foaround25% ofall newcancer casas femaleq1]. In terms of mortality, breast
cancer remains the leading cause of canglated deths in women after lung cances,100
Canadian womewereprojected to die due to breast cancer in 2020, which accounts for 13% of
all cancer deathsl]. Converselyin men,breast cancer ia rare disease andlas projected to
account foronly around % of all new cancer cases in malesthe year 2020 in Canad).

This is because men have less breast tissue and different hormonal environment compared to
women P]. Although it is important to study various aspects of breast cancer in male p#tieynts,

have been excluded in this work because it is difficult to make meaningful associations with
scarcely available data on male breast cancer patients. Therefore, further mentions of breast cancer
in this work will be referring to breast cancer in wonueitess otherwise noted.

Numerous largecale studies were dedicated to the advancement of early detection, accurate
prognosis, and effective therapeutics for breast caritd}l. [These efforts are most likely
responsible for the continuous reductions lieast cancer mortality rate over the past 45 years.

The incidence rate for breast canc®reased during the 1990s, most likely due to the initiation
of breast screening programs haissinceremained relatively stable over the recent y¢ars.
Howeve, despite extensive research and efforts over the past decades to detect, prevent, and treat

breast canceit still remains a leading cause of canoelated deaths in womett. shows that



although we have made significant advancements thus far, therects work to be done to
understand the disease and improve the prevention, detection, and treatment of breast cancer.

1.1.2 Subtypes

The major challenge with breast cancenigs heterogeneity. There are a number of clinically
relevant methods to classifydast cancer, and each subtype of breast cancer is associated with
differential prognoses and treatment optiobs {Core needle biopsies aoften performed to
obtain samples of breast tumour tissize confirm the presence of malignant neoplasms,
characteize theirorigin (ductal vs. lobular) and gradesed on microscopic morpholoffy,7].
Invasive ductal carcinoma (IDC) is most common at 55% of new ¢8ke®llowed by ductal
carcinoman s/itu(DCIS) at around 20%9]. Invasive forms of breast cancer have worse prognosis
relative to thosen sity which are often classified as stage 0 tursolr addition, the Ki67
antibody is used in immunohistochemisiifydC) to evaluate the extent of proliferation of
malignant breasumour cells 10]. A positive test (Ki67+) is associated with aggressive growth
rates, and relatively poor prognodiarthermore, tumours with higher histological grade tend to
be less differentiated, and therefore, more aggressive as well as bestantasi therapeutics.
Samples of entinel lymph nodérom regions nearby tumours can also be assessed by pathologist
to characterize extent of lymph node metastésislal involvement)Presence of lymph node
metastasiss traditionally interpreted as imchtions for poor prognosi$]. Taken togetherthese
tumour characteristics are used to differentiate tumour stafgjeswith reference to thAmerican
Joint Committee on CanceAJCC) guidelineg11].

For breast cancer, the receptor status of tuntmslifferent clinical implications for response
to treatments and prognosis. It has been known that the breasts are sensitive to changes in levels

of hormones such &strogen and progesterone. Breast tumour cells may eligbitevelsof the



estrogenreceptor (ER) and/or the progesterone receptor (PR) that facilitates the dysregulated
proliferation of the neoplasm in response to their respective ligaihgsextent to which these
receptors are present can be evaluated with histopathology of tumoue s&tions afteiHC
staining Patients withhormone receptor positive (HR+) tumouvgith ER+ and/or PR+ status,
can be treated with hormonal therapies usglgctive estrogen receptor modulators (SERMSs) such
as tamoxifen that block the effectsadtrogen in the breastg[In general, HR+ breast tumours
are less aggressive than HBmours; therefore, patients with HR+ breast cancer have relatively
better prognosis. In additiothe overexpression duman epidermal growth factor receptor 2 gene
(HERJ in breast cancecells is known to facilitate proliferation of malignant cells. HER2+
tumours tend to be more aggressive than HEfR&ours; however, targeted treatment regimens
are available that include monoclonal antibodies against the HER2npsateh as trastuzumab
and pertuzumab6]. These treatments developed in the recent years ¢t@mvieibuted to the
significant improvements igurvival for asubset of patients with HER2+ breast can&gr A
relatively smaller subset (116%) of breast tuoursthat exhibit no signs of overexpression for
ER, PR, and HERQ@re classified as tripleegative breast cancer (TNBC) becaofsineir receptor
status ERt/PRt/HER2t) [12]. Patients with TNBC have the worst prognosis, mainly becaluse
its aggressive nareas well as the lack of available targeted treatmdr®s |

Advancements in human genetics and genome sequencing technologies have enabled
researcherso characterize the molecular heterogeneity of breast cancer. This ehatied
subtyping ofbreast tumours intointrinsic molecular subtype¢IMS) based on theivarious
genomic signaturd4 3]. Most widely used is the Prosigna breast cancer prognostic gene signature
array, formerly known as the Prediction Analysis of Microarray 50 (PAM50)1dktThis array

uses expression of 50 genesdistinguish between four IMS: luminal A (LumA), luminal B



(LumB), HERZ2enriched, and baséke [14]. Interestingly, these molecular subtypesrtially
overlap withIHC classificationdased on recept status 14]. Largescale study of breast cancer
by Molecular Taxonomy of Breast Cancer International Consortium (METABRI@her
classified breast tumours into ten integrative clusters (IntChis0)1lbased orcopy number
aberratiorprofiles[3]. Notably,subgroups opatients stratified by IntClust subtypsiso showed
distinct clinical outcomes relative to one anotf8r |

Year after year, numerous studies define new subtypes or refine existing classification systems
for breast cancer. Altogether, thedadies reemphasize the heterogeneity of breast cancer as a
complexdisease andontinue to inspire advancements towards personalized medicine to find cure
for all breast cancer patients.

1.1.3 Risk factors

There is no single factor that is responsible farsaag breast cancer, making it a diseagh
complex etiology The sensitivity of breast tissues to hormonal changes in women adds to this
complexity; hormonal and reproductive factors were found to be significantly associated with
breast cancer risk. The risk factors include histies of parity, menarche, breastfeeding, use of
oral contraceptives, and hormone replacement the&plFirthermore, lifestyle choices such as
diet, alcohol consumption, and smoking have been associated with breast carjbgrSimilar
to most other cancer types, genetics is an important risk factor to comdidérewith or without
family history of breast cances][ Germline nutations in theBRCAgenes are well known genetic
risk factors for hereditary breast cancers, whictoant for approximately-20% of all breast
cancer case®$]. Mostimportantly,risk of developing breast cancer has been observed to increase

with age [L5]. Only 5-7% of all breast cancer cases occwanngwomen under the age A@hile



80% occur in waen over the age 5QL5]; however,younger patients are knowro have
particularly worse prognosis compared to older breast cancer pgfients
1.2 Early onset keast cancer

Along with increasing risk, the agpecific incidence rate for all subtypes of breasicer
increases steadily until age 50, where an inflection point octBfsAfter this point, incidence
rate for HR+ breast cancers continugis® whereas the incidence rate for HBRreast cancers
decrease slightlylp]. Similar observationseremace with regards to the PAM50 subtypes, where
the incidence of luminal subtypes (LumA and LumB) increased with age while incidence of basal
like breast cancer decreased with af6].[ This marked inflection point is known to be the
superposition of two different incidence rate curves for: 1) emrget breast cancer, with modal
age at diagnosis of ~50 years; and 2)-taiset breast cancer, with modal age at diagnosis of ~70
years [L5]. This suggests that the biology and etiology may differ for the same disease depending
on the age at onset of breast cancer.

Young age at diagnosis of breast carisaonsidered to be andicatorfor poor prognosis.
Many studies have usedriousage threBolds(<35, <40, and <45yegrs o def i ne ®youn
at diagnosis for breast cancer patierit$,17. However, regardless of age threshold used,
researchers have consistently shown that a disproportionate number of young breast cancer
patients present witaggressive forms of the same diseasd poor prognosidn this work,
®oung age or ®arly onsetof breast cancer is defined as patients diagnosed agd4®.Y oung
women under the age 40 were most frequently diagnosedEiP-enriched(16%) andbasat
like (44%) subtypes that are associated with poor clinical outcomes, and with increasing age, the
proportions of older patients diagnosed with these aggressive subtypes consistently decreased to

11% for HERZ2enriched and 9% fobasatllike subtypes 16]. Furthermore, histopathological



analysis revealed that significantly larger proportion of young breasecaatients under age 35
presented with higher grade tumours and lymphagzrular invasion18]. More importantly,
young women with breast cancer under agstowed significantly lower diseadee survival
(DES), with a plateau at less than 50%, canep to their older counterparts with a plateau of
around 65%, ten years after initial diagnosig][ Thus, it is important to consider age as a
prognostiandicator, especially for women diagnosed with breast cancer under the age 45
Findingsabovesuggest that earhonset breast cancer may possess unique biological features
or show distinct etiology that result in the differences observed at both population and individual
levels with regards to incidence and clinical outcomes, respectiMetlye subcBular level, gene
expression analys demonstrated that many ag@related transcripts are expressed inphaisic
pattern, with an inflection point between-60 years of age in large cohorts of breast cancer
patients 19]. This pattern isattributed to the physiological changes during menopause, which
occurs in women around &2 years of agé€lp]. In particular, genes encoding the ERSRFZand
ESRZ, were found to be differentially express@@][and its expressiomegatively correlated wh
age[17, 19], only in the younger cohorts of breast cancer patiéhitsle these findings arm
accord with the observations that HRBreast cancer is more frequent in younger patiehéey
offer little insight for the potential unique biology of gadnset breast cancers. Furthermore, while
thousand of genes were found to bignificantly enriched specifically in younger breast cancer
patientshone remained significant after controlling for clinicopathologic features such as tumour
grade and IMSZ1]. Therefore, identification of differences between eaalyd lateonset breast
cancers at the subcellular level remains challenglegpite expectations of pathophysiological
differences due to aginét the celtlevel, histopathological features indtove of poor prognosis

such as high grade and lymphovascular invasion of tumour cells were more frequently observed



in earlyonset breast cancer$g. Otherwise, no mentions of apparent histological differences
between earlyand lateonset breast canceould be found. Theres yet to be anystudy that
investigate whether normalignant cells in the tumour region differ both subcellular and cell

level biology. In this regard, further research is warranted to explore the potentially unique biology
of early-onset breast cancer in context of young;mpenopausal women under the age 40, who
most frequently suffer from poor clinical outcomes and remain consistently underrepresented in
large cohort studies because of their relative low incidence rate.

1.3  Tumaur microenvironment

One way to viewhetumaur is to see it as a perturbed version of normal physiological tissue.
More than half of primaryumouss and their metastases are moalignant cells by masthat are
collectively referred to as the tumennicroenvironmen{TME) [22]. Thebreast TME can consist
of all the cells that belong in a normal breast tissue in addition to the tumourstnassl cells
such as fibroblastsadipocytesand endotheliatells that form the vasculature alygnphatics
normal cells that form the mammary glands sudhragalepithelial cellsand myoepithelial cells;
and cells of the immune syste@3]. While these cellseem to have normal morphologgder
the microscope, nemalignant cells adjacent to tleancerous cells can habeth tumouigenic
and/or anttumourfunctions at all stages of the disea2d .

One of the most significant clinical manifestatiorttod association between the breast stroma
andtumouigenesis is that mammographically densealsts have increased risk of developing
breast canceff]. In addition differentialstromal gene expression signatunase beeidentified
that are associated with particular clinical subtypdsedst cancd5, 26] and clinical outcomes
[27]. Allinen and colleagues discovered tlia¢ highestproportionof differentially expressed

geneswere associated with the myoepithelial cells between samples from normal and2BICIS [



Furthermore, between DCIS and IDC, epithelial and stromal cell types were tolrave the
highest differentially expressed genes, including increased expression of matrix
metalloproteinases that remodels the basement memiz@nddpwever,both studies suggest
these changes in gene expression and subsequent functional altefatelissin the TME do not
originate from changes in the genome but instead from the complex interactions between the
tumour and its microenvironmer23]. This makes sense from the tumour perspective because it
would be more efficient for them to produc@nimal amount of proteins that interacts and
manipulates their environment to work in favour of their growth and survival.
Interactiondbetween the tumour and its microenvironmesminclude chemical interactions
in the form of secretedmolecules(ex. growth factors),mechanical interactions, or physical
interactions between binding of cell surface mark2g 23]. Through these various modes of
interaction, theumourgrowth and developmertnbe stimulatel or suppressd As an example
of chemical interactiongrowing tumourscan induce hypoxia ithe TME and secrete vascular
endothelial growth factors (VEGFs) that stimulate the growth of new vasculature in theZME |
At the same timehypoxic state is detrimental to tumour growth; tifieme, angiogenesis inhibitqrs
such asbevacizumab and ramucirumab that bind to VEGF, have shown promising results on
patients with metastatic HER®&gative breast cancei2d]. However,studies on animal models
have shown increased metastatic programmaiminvasion of cancer celigotentiallyin response
to these pharmaceutical agen®8][ As an important substrate for mechanical communication
between cells, the extracellular matrix (ECM) also acts as a physical barrier to metastasis.
Numerous proteinand substrates can be released by both malignant anchad@gnant cells to
physically remodel, stiffen, or degrade the ECM][ Modulation of the ECM is a critical step for

disease progression fromn-s/itu to invasive carcinoma, which includes the losk the



myoepithelial layer and basement membréd2i@. [Low coverage of blood vessels by pericytes,
which play an important role in remodelling of the basement membrane during angiogenesis, is
correlated with metastasis and poor outcon3€ [n addition, mechanicalsignalling between
cells, either directly via celtell junctions or indirectly via the ECM, is crucial for cell survival
and proliferationlt is known that cells have intrinsic preferencerigrd andstiffer ECM. Stiffer
ECM can increase thaetastatic potential for tumour cells as well as inducing angioge@ékis [
Tumour cellsare often capable of stiffening the TME by secreting crosslinking enzymes, increased
deposition of ECM substrates, and mechanical contraction of tumour cells thesr{2g].

As such, it is important to recognize the interactions between stromal cells and the adjacent
tumour cells; however, thihesiswill focus on a specific subset ohmune cells infiltrating the
TME, from henceforth referred to #se tumour immune landscape.

1.3.1 Tumour immune landscape

A critical role of the immune system is the surveillance, detection, and destruction of malignant
cells within the body. Under normal physiological circumstances, cytotoxic cells of both the innate
and adaptive immune systems can be expected to exertuambiur effects. This is one of the
reasons why cancearefrequently associated with inflammatid®i]. The most abundant immune
cell types in human tumours are the macrophage, followed by T lymgs@8%t In most cancers,
including breast cancer, higher levels dfmphocyteswvithin the TME have been associated with
favourable clinical outcomes22,23, whereasmacrophages in the TME known as tumour
associated macrophages (TAMs) have been knovire toretumouigenic [31]. However, it is
important to realize that these immuradl typescan be further distinguished into more specific

subsetdghat respond differently tmalignant cells



T lymphocytes are the second most abundant immune cell typgos$h human cancers,
representing up to 10% of all cells in and near the tumour 22aAlthough they are generally
associated with favourable prognosist all T lymphocytesubsetgontribute to the antumour
responsan the same wayCD8+ T cells ee known to actively kill tumour cellby secreting
cytotoxic moleculesuch as perforitPRFJ and granzyme B&G&ZMB) after becoming activated
with the help of CD4+ T helper 1 (Thl) celMlithin the classical Th1/Th2 framework, Thl
response is genenalfavourable over Th2 response in the TME; therefore, indications for T helper
2 (Th2) responses are often connected to poor progr&#is\ subset oflT lymphocytes known
as regulatory T cells (Tregs), characterized by high levels of the transcriptionFaxP3, have
consistently been associated with poor clinical outcamearious cancers including breast cancer
[22,31. This is because of the immunosuppressive nature of these cells agatnstdbécidal
cytotoxic immuneresponse executed by theforementioned CD8+ cytotoxic T and Thl
lymphocytes. OtheF lymphocytesubsets such as T cells andhatural killerT (NKT) cells are
usuallylinked with favourable prognosksut it is uncertain to what extent theseesubsets of T
lymphocytes haven the tumour and its microenvironme2g].

Macrophages are an important component of the immune system that initiates the adaptive
immune response as one of the antigesenting cellfAPCs) They are capable of phagocytosis
and presentation of neoantigens thatproeluced bymalignant cells tanitiate atumourspecific
immune response. Macrophages that follow this classical activation pathway are referred to as M1
macrophages and this subset of cells haveipilammatorydownstream effects involving Thl
response and type 1 cytokiné2,33). Higher abundance ohése M1polarizedmacrophages is
associated with better prognosis in various cancers including breast [ghcHowever, there is

another subset of macrophages that follow an alternative activation pathway referred to as M2
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macrophagethat areantrinflammatoryand involved in woundhealing processe84]. This M2
polarization of macrophages the defaulstate of tissueesident macrophage83], which also
accumulaten response to hypoxia and necrasisoth of which are common in the TM&/ithin
particular tumour types, macrophages can account for up to 50% of the tumouB#habt2 [
macrophageare onsidered to be prtumouigenic because thgylay an immunosuppressive role
as well as signalling for angiogenesid hence, are associated with poor clinical outcomes in
most cancers3p).

Although the macrophage and T lymphocytes are found mosteindgwvithin the TME, the
immune system consists of other cell typies interact with the tumour and its surrounding TME.
The B lymphocyte, responsible for humoral immune response, is found in the TME but more
commonly in the adjacent lymphoid tissug][ Although B cells do not exert cytotoxic effects
directly upon the malignant cells, they are capable of producing antibodies against neoantigens. B
cells have previously been associated with good prognosis in breast and ovarian @&hcers [
However, tke role of B lymphocytes in the TME remain inconclusive as many other sources
suggest that they promote tumour growth and cause chronic inflamngifjoNdtural killer (NK)
cells of the innate immune systesne capable of direct killing of malignant cells. Thene
associated with good clinical outcomes in cancersbopared to other immune cell tygbsse
cells are rarely observed within the TNIE2, 35]. Moreover, NK cells are reported hsingin a
suppressed stalby levels of TGF within the TME[22, 3§. Dendritic cells (DCs) have important
roles in initiating type 1 responses as one of the APCs in the immune si&ieever, the lack
of immune reponses against tumeassociated antigens is evidence that DCs are rendered
defective within the hypoxic and inflammatory TMEZ]. Althoughtraditional understanding of

DCs suggest they play a critical role in aotnour responses, their behaviouthin the TME
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remains uncleai[l]. Even more controversial is the role of tumagsociated neutrophils (TANS)
within the TME. Protumouigenic roles of TANs include supporting angiogenesistastasis,
and immune suppression, while their antinourfunctiors include enhancing activity of CDB
cells and effectiveness of radiothera@#,[31]. It is without a doubt that TANs play a significant
role in cancers, but the heterogeneity of their functions within the TME make it difficult to
characterize the dirdgon of its effects 31].

In summary the tumour immune contexture is composed of diverse immune cell types that
interactwith the tumour cells. Immune cells involved in type 1 response such dsT@els, Thl
cells, and M1 macrophages are often asgediwith favourable prognosis in cancer, whereas cells
involved in type 2esponse or immunosuppression such as Tregs, Th2 cells, and M2 macrophages
are associated with poor surviv@g]. The role ofcellssuch as B lymphocytes|K cells, DCs,
neutrophis, and other cell types within the TME are ambiguous and remains to be clearly
understood in the context of different cancers.

1.3.2 Cancer immunoediting, immune evasion, and immunotherapy

As illustrated above, the immune system is capable ofibbthiting and promang tumour
growth.In highly infiltrated tissues, the immune system eliminates immunogenic malignant cells
presenting with diverse neoantigens; at the same time however, it exerts a selective pressure that
allows for the clonal propagan of norimmunogenic malignant cell87]. This process called
cancer immunoediting consists of three phases that occur throughout tumour development:
elimination, equilibrium, and escap&7[38]. The elimination phase represents the initial
tumouicidal immune responses by both the innate and adaptive immune system against the
immunogenic malignant cells. When sulssaft tumour cellssurvive the elimination phase, the

tissue is considered to loeequilibrium phase, where the rates of tumour growth and elimination
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by the immune system are in equilibrium.this phase heterogeneity of the tumour is decreased
and only the populations that are immugsistant survive and proliferafBumours thagrow to
a size that is clinically detectable are considered to be in the escape phase, during which the
proliferation of cancer cells can no longer be controlled by the immune system.

For malignant tumour cells, survival depends on their ability to edatiction by immune
surveillance while taking advantage of immunosuppressive mechanisms totavoidicidal
attacks from the immune system. To evade immune surveillance, tumosticalisiteexpreson
of checkpoint molecules such as programnushthligand 1 (PDL1), and cytotoxic T
lymphocyteassociated protein 4 (CTLA4) within the TMB1]. Tumour cells aralsoable to
inhibit immune response by secreting imrosappressivecytokines such as HL0, TG,
prostaglandirE2, and VEGF to modulate th@mune system within the TMBJ]. Under normal
physiological circumstances, these mechanisms are indispensatak-folerance and preventing
autoimmunity; however, in various cancers, these mechanisms are taken advantage of by
malignant cells to suppotheir uncontrolled survival and growth within the tissues.

Most recent advances in cancer treatments include the immunotherapy regimens that were
designedd combathe tumour cells armed withese defenses against the immune system within
the TME In reference to the cancer immunoediting model, cancer immunotherapies are aimed at
forcing the tumour and TME in the escape phase back to the equilibrium phase (partial response)
or the elimination phase (complete respon3@). Different modalities of carer immunotherapy
include the anttumour vaccines, adoptive cell transfayscolytic virusesandtumourtargeting
immunotherapieg3§]. The first successful immunotherapy approved for treatment of HER2 over
expressing metastatic breast cancer was tnastalz+ a monoclonal antibody (mAb) against the

HER?2 protein 88]. By binding to HER2 overexpressed on surface of tumour cells, these mAbs
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can block signals for survival and proliferatidore recentlythe atezolizumab was approved for
treatment of metastatic TNBC, which makes it the first immune checkpoint inhibitor treatment
available for breast cance3q]. Atezolizumab is an mAb that binds to RI2 and allows for arti

tumour responses by cytotoxidlséy disabling PBL/PD-L1 interactionCancer immunotherapy
ultimately relies on the immune system to eliminate tumour,déils,only a subset of patients

with an inflammatory/immunénfiltrating (&ot ) TME responds to immunotherapigd¥]. Since

breast cancer is generally characterized®asld tumours with minimal infiltration by effector
immune celld3§], it is important to distinguish those small subsets of patients with significant
immune infiltration in the TME when administering immunotherapgfer toFigure 1.1 for an
illustrative example of tumour responses to cancer treatments dependent on extent of immune

infiltration.
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Figure 1.1 lllustration of the potentially differing responses to cancer treatments by tumours with vari
levels of immune infiltration.

1.3.3 Immunosenescence

Immunosenescence refers to the changes inntineune systemwith aging. Usudly these

changes entail a decrease in lymphocyte potential and increase in myeloid p&taatiais of
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peripheral blood mononuclear cells (PBMCs) from healthy adgksibetween 22 and 9gears
revealed that frequencies of both Clsd CD8 T cells were affected by age in both men and
women especiallysignificant decreases imaive CD8 T cells with age[39]. Meanwhile, no
significantagerelated changes were observed@@14 monocyteg39], suggesting an increase
in myeloidto-lymphocyte ratiolmmunosenescence is considered to be a contributing factor to a
process referred resutiing ansa syBtemid ihceasenia dgoradegchronic
inflammations with age40]. This is thought to be due to the mild increases in innate immune
activity that serves to compensate for the declines in the adaptive immune s¥&eifhis
chronic inflammation due to inflammaging leads to tissue damagenéerfieres withacute
inflammatory processed(,41]. Interestingly, in a mouse model of TNBf@atedwith ant-PD-
L1 or anttCTLA4 treatments, tumours in younger mice showed significant regression whereas
older mice did not respond to given treatmedA@.[Given these differences exist in breast cancer
between young and old patients, characterizatiotheir distinct tumour immune landscape
necessary to investigate whether the-aaiated differences in the immune contexture of the TME
has impact on clinical outcomes in breast cancer.
1.4  Characterizing theumour microenvironment

Several methods canebused to characterize the immune contexture within the TME.
Traditionally, cell phenotyping was done through histolagyy observation of cell and tissue
morphology using light microscopyVith identification of ceHltype-specific surface markers,
antibalies could be utilized to identify target cell populations within the tissues using
immunohistochemistry and immunofluorescene®]. Furthermore, advancements in flow
cytometry enabled higthroughput enumeration of cells as well as developments inaréhg

technique such as fluoresceramivated cell sorting (FACS). Experimentally, FACS is considered
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to be the gold standard method of quantifying cell type abundance within bulk tiggjies [
However, FACSemains as an expensive, and labotensivetechnique as well as being limited

to prior knowledge for cell type identification by known surface markéd. [Meanwhile,

numerous computational cell sorting algorithms have emerged over the recent decades that provide
alternative methods to quantifylcg/pe abundance using genomic d&alk genomic data such

as RNAseq (RNA sequencing) represent a mixture of signals from bulk tissue with between
hundreds to thousands of cells of diverse cell typas. computational cell sorting methods
commonlyref erred t o a sas c®idecby pianeeonny tesearcherdy, ®c e | | type
decomposition , ®computational mi crodi ssectio

1.4.1 Gene @pression dconvolution

Gene expression deconvolution algorithms view the bulk mixtuneession profile as a linear
combination between cell fractions and a signature matrix (or basis mag&jx)rhis signature
matrix is usually designed by researchmsed on curated gene expression profiles (GEPs) from
bulk tissue samples purified fordividual cell types of interest. One way to interpret signature
matrix is that it is the average expression value of each gene in the cell type of interest. Therefore,
the total signat represented by read counts in RI¥&q and fluorescence intensity kpeession
microarray+ is a sum of the mixture of signals from various cell types in accordance with their
respective proportions within the tissirefer toFigurel.2 for a graphical abstract of how gene
expression deconvolution models are developed.

The first work that formulated the expression deconvolution model was by Venet and
colleaguesin 200l wheteh ey pr oposed that the computationa
bulk transcriptomics analyses from the effects of tissue cell type heteroget@tit@ifce then,

the samenodel was proposed as a solution for diverse problems in estimating tpuoryi4 7-
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49|, cell type proportions44], stromal content48], and celitype-specific marker gene&(Q] from

bulk transcriptomics data. The unifying purpose of these models is to solve for the system of linear
eqguations that represent the relationdigfweerthe mixture GER signature matrix, and cell type
fractions within bulk tissue. To solve for thisdbnditioned problem, researchers have deployed
various regressiotype algorithms such as naregative least squaretd, robust linear regression

[51] and quadratic programmin§Z], as well as nomegative matrix factorizatiorbB]. Previous
studies have demonstrated that computational expression deconvolution models are capable of
producing robust estimates that are highly correlated with gl pyoportions within bulk tissue

as quantified by FACSo[], histology B#8,49, or known proportions used to simulate psebdtk

GEPs p4]. Here,®obustnessof estimates refer to thdesirabé capabilites of the cenputational
modelsto produceprecise and accurate estimatasoss different datasets
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Figurel.2 lllustration of how conventional gerxpression deconvolution algorithms are developed
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Chapter 2.  Rationale, Hypothesis, ar@bjectives
2.1 Rationale

Young age (nder40) at diagnosis is known to be an independent factohnifgrer risk of
recurrence and poor survival breast cancer patients. Manyctiars may contribute to this
disparity in clinical outcomesll of which have yet to be explored in depth. Many physiological
processes undergo changes as we age; therefore, it is reasonable to shatthieseagerelated
changes contribute to theffédrences in clinical outcomes between early and late onset breast
cancerskFurthermore, a thorough study of the immune system and the extent to which it contributes
to clinical outcomes in early onset breast cancer is warranted, recoghidinige immua system
deteriorates with age a process known as immunosenescenas well as playing critical roles
in tumour development, progression, and regressitnn the tumour microenvironment

Diversity and composition of cell types within a bulk tissumpgla can badentified in a
number of different ways. Traditional histological techniques and modern flow cytometers are
examples of experimental methods that can be used to characterize the tumour immune contexture.
However, recent developments in compiotaal methods, known as deconvolution, are capable
of providing such information in a fast and ceffiective way given existing genomic data.
2.2 Hypothesis

Distinct patterns of tumour infiltrating immune cells, identified by computational expression
deconwlution of bulk gene expression profiles, are associated with clinical outcomes in early
onset breast cancer.
2.3 Research objectives
Aim 1. Use existing tools for expression deconvolution to find distimohour immune

landscapes in early onset breast cancer fatien
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Aim 2. Develop a novel model for expression deconvolution based on the deep learning
framework.

Aim 3. Extractand evaluatenarkers of tumour immune infiltration froestimates of immune
cell type composition made by computational deconvolution.

Aim 4. Investigate the associations between levels of tumour infiltrating immuneacells

clinical outcomes.
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Chapter 3.  Characterizing tumour immune landscape of early onset
breast cancersing existingools for expression
deconvolution

3.1 Motivations

There areclinical disparities in pathological features and disease outcomes between younger

(age at diagnosis <40) versus older (age at diagrd€isbreast cancer patienis’[21,5%. Young

women with breast cancer are more commonly diagnosed with aggressivevdrtypss of breast
cancer that are difficult to treat. Studies found survival to be inversely associated with age at
diagnosis 17,56,57. The underlying biological cause for thiseedependent disparity in survival
outcome is still unknowrbp).

Recent studies have provided accumulating evidence that the presememwofinfiltrating
lymphocytes (TILs) and their composition show significant associations with prognosis and
responsdo cancer treatment$8,59. Specific TILs such as CD8+ cytotoxic T lymphocytes, T
helper 1 cells, M1 macrophages, natural killer (NK) cells, affollitular helper (Tfh) cells have
been reported as exhibiting atumour activities, whereas -fegulatory(Treg) cells and M2
macrophages are known for their immunkibitory and thus prdumour activities B8§|.
Furthermore, measures of TILs have been shown to be markers for pathological complete
remission, chemosensitivity, and improved recurrdnee surwal, especially in no#uminal,
receptornegative breast cance®0{62)].

Today, there is an abundance of bulk transcriptomic data available publicly &)Hn&3[

These bulk transcriptomes often represent the average gene expression across adwisroge

mixture of cells. If cellular components and their proportions can be identified from bulk
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transcriptomic data by computational methods, sudilico methods can be used to characterize
and quantify immune infiltrates in a cgsime, and laboreffective manner.

Deconvolution is a computational problem of simplifying a complex mixture into its individual
constituents. In brief, most deconvolution algorithms see bulk transcriptome as a mixture where
one gene of the mixture is a linear combinatbithat gene expressed across different cell types,
weighted by the proportions of those cell typ£3].[ Deconvolution algorithms were previously
applied to a large breast cancer transcriptomic dataset by others to characterize immune infiltrates
across mltiple samples§4,63. After stratification by estrogen receptor (ER) status, Ali et al.
found CD8+ T cells and activated memory T cells to be associated with favorable clinical
outcomes in ERegativetumours, which supported similar findings in thesliature 36,5864).

Thetumourimmune landscape, as predicted by computational deconvolution, has the potential
to provide prognostic information as well as providing insight into immune functions within solid
tumous. If age group differences mmourimmune landscape exist, these differences may be
able to explain the ag#ependent disparities in clinical outcomes in breast cancer.

3.2 Materials and methods

3.2.1 Data

From The Cancer Genome Atlas (TCGA) database,-mmt RNA-seq expression data of
patients withprimary breast cancer (BRCA) were downloaded from Genomic Data Commons
(GDC) portal (https://portal.gdc.cancer.gov/) through TC&¥sembler 2 4,80]. The gene
expression data had previously been processed by the RNAseqV2 pipeline, providing estimated
courts and scaled estimate values from R8BY by Expectation Maximization (RSEMJ1].

Scaled estimates were converted to transcripts per million (TPM) values by multiplying by one

million, resulting in a bulk RNAseq dataset of 20,501 genes from 1095 bteasbursamples.
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We used RSEMrocessed TPM measure because it was used previously to develop the TIMER
method §9]. Mutations data from wholexome sequencing (WES) and clinical data associated
with the TCGABRCA cohort were downloaded from the cBioPorfiat Cancer Genomics
(https://www.cbioportal.org/)g2]. Samples from male patient® € 12) were excluded from
analyses, as well as any samples without associated age or survival data, resulting in final sample
size of 989. There are inconsistencies in thgesholds used to define early onset breast cancer
[17,5557]. Here, we used a relatively conservative, but commonly used threshold (age at diagnosis

= 40) to efine it. Hence, of the 989 samples, 70 were identified as youngteesdt (age <40),

and 919 were identified as old (agé40).

From the Molecular Taxonomy of Breast Cancer International Consortium (METABRIC)
cohort, gendevel microarray expression datad associated clinical data were downloaded from
cBioPortal B,82]. The gene expression data had previously been processed to log2 intensity values
as described in the original publicati@®).[Samples without associated age or survival data were
removed resulting in bulk microarray dataset of 24,360 genes from 1903 lweastirsamples,
of which 116 were young and 1787 were old.

3.2.2 Immune cell type deconvolution

Tumourimmune estimation resource (TIMER) was used to deconvolute bulk gene expression
data toestimate immune cell abundaneij[ In brief, most deconvolution algorithms see bulk
transcriptome as a mixture where one gene of the mixture is a linear combination of that gene
expressed across different cell types, weighted by the proportions otétiaypes #3]. This can

be represented by a sim@guation of a linear model:
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wherew is the gene expression level of a single ganehe mixture data offinumber of genes,

w,w, @ ,are gene expressions of the one gene adawdl types, and ,I , T ,are

relative fractions of those cell type$3[49]. Given a signature expression matkxconsisting of

nrows for number of genes akdaolumns for number of cell types, the deconvolution algorithm
produces estimates of cell fractioh9.(Specifically, TIMER utilizes constrained linear regression

with nonnegativity constraint on cell fractions to estimate the abundance of six immune cell types:

B cells, CD4+ T cells, CD8+ T cells, neutrophils, macrophages, and dendritic 48I$-¢r

settings, the samplemourt y pe was set t o cerBaRdihe defdulbreferemaee a st
data and gene set were used for both cohorts.

The TIMER method was available for quick implementation through the immunedeconv
package43,49]. Expression data with rows as genes and columns as samples was provided to the
algorithm as input, with which the algorithm estimated abundance of six immune cell types.
Results were visualized as heatmaps and violin plots using the pheatmap and ggpubr packages,
respectively.

3.2.3 Survival analyses

KaplantMeier (KM) survival curves were vislized using survival and survminer packages.
Maximally selected rank statistics (maxstat) as implemented in the survminer package was used
to determine the optimal coff to binarize the immune cell abundance estimates from TIMER
i nto ®hi ghroupgawhith pRoduses the maximum J@mk statistic on diseaseee
survival (DFS) 83].

Cox regression was used to compute hazard ratios for each of the six immune cell types for
which abundance was estimated by TIMER. Analyses were conducted separatggh age

group to consider the potential violation of the Cox proportiwaaiards assumptiof4]. Similar
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to previous approach by Adif al/, estimates of immune cell abundance were converted to quartiles
from 1-4 [64]. Results were visualized usitige meta package.

3.2.4 Single base substitution mutational signatures

From the TCGABRCA cohort, 981 samples had mutation data available. Number of
mutations for each of 96 possible single base substitution (SBS) types were summed using
deconstructSigs packa¢@4]. With the resulting matrix of SBS counts by samples, contributions
of each of the 30 SBS signatures from the Catalogue of Somatic Mutations in Cancer (COSMIC)
databasedb| were estimated for each sample using the R package MutationalPa&6rissfead
of excluding SBS signatures previously not extracted from breast cancer cohorts, all 30 signatures
were incorporated in our analysis because the young subset of breast cancer patients is largely
underrepresented in many cohorts that have been usediréot those signaturegg. Samples
with pairwise cosine similarity between the reconstructed mutation counts matrix and the original
input less than 0.5 were excluded=23). Samples without gene expression or relevant clinical
data were also excled, resulting in 858 samples, of which 57 were young and 801 were old.
Estimated contribution from each signature was compared by tWamtmey U (MWU) test
between young and old age groups.

3.2.5 Gene set enrichment analysis

To find genes positively associatedwCD8+ T cell abundance estimated by TIMER in each
cohort, simple linear regression models were fit for expression of each gene separately, with
expression values treated as the continuous predictor variable and TIMER estimates as the
continuous outcomeariable. Models were fit separately for each age group, andstiagistic
value for each of the resulting regression coefficients were calculated as a measure of association
to the CD8+ T cell abundance estimates. The list of genes ordered by dedrséiistic values

for each age group was used as input forranked gene set enrichment analysis (GSEA) on the
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C5:BP (Gene Ontology biological processes) gene sets downloaded from the Molecular Signatures
Database (MSigDB; http://software.broadinsgtorg/gsea/msigdb/index.jsf§7,89. Gene sets

of size < 2 and > 500 were excluded, resulting in total of 7094 gene sets evaluated in the analysis.
Results from GSEA were visualized by Cytoscape version 38 aiging the Enrichment Map

plugin [90]. Eniiched gene sets wittalse discovery ratedFDR) g value < 0.25 were represented

as nodes and any overlaps > 0.3 between nodes were represented as edges in the resulting network
diagram. Nodes were grouped together and labelled by the clusterM@ieiftoAnnotate §2),

and WordCloud93] plugins, and resulting annotations were manually corrected.

3.2.6 Data analysis software

All analyses and visualizations were performed in R Project for Statistical Computing version
3.6.1 and RStudio version 1.2.13@5oston, MA, United States). Unless otherwise noted, all
statistical analyses were conducted using the stats package, asided@ < 0.05 was considered
significant.

3.3 Results

3.3.1 Estimates of immune cell abundance by TIMER

Computational deconvolution of bugene expression data by tiuenourimmune estimation
resource (TIMER) method, which used the constrained lineardqastes regression approach,
allowed for abundance quantification of six immune cell types in each sad8plBifferences in
estimatedimmune cell abundance between age groups could not be distinguished by visual
inspection of heatmaps for either cohdiigure3.1). The absolute differences in mediagtieen
age groups in the Molecular Taxonomy of Breast Cancer International Consortium (METABRIC)

cohort ranged only from 0.0065 for CD8+ T cells to 0.0715 for dendritic cells.
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Figure3.1 Heatmaps of abundance estimates for immune subsets predicted by computation deconvolution
using thetumour immune estimation resource (TIMER) algorithm for the two cohorts: (a) The Cancer
Genome Atlas (TCGAPBreast Cancer (BCA); and (b) Molecular Taxonomy of Breast Cancer International
Consortium (METABRIC). Row and column dendrograms show clustering of cases and cell types,
respectively, according to Euclidean distance

3.3.2 Immune cell type abundance associated with disirasesurvival

The KaplagMeier (KM) survival curve was used to associate abundance of each of the six
immune cell types estimated by TIMER with disefree survival (DFS) time and status
separately for each age groupsgure 3.2 shows that samples with high estimated CD&ell
abundance in The Cancer Genome Atlas (TGB#8ast Cancer (BRCA) cohort had significantly
better prognosis (legank p= 0.019), which was ab replicated in the METABRIC cohort (log
rank p= 0.04). Similar trends were also visible in the old age group; however, the differences in
survival were less substantial between samples with high and low levels 6T@BBs. For the
other immune celiypes, results were discordant between the two cohorts; however, macrophages
seemed to consistently demonstrate little to no significant associations with DFS in the young age

group in both the TCGMRCA (logrankp= 0.94) and METABRIC (logankp= 0.28)cohorts.
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Figure 3.2 Diseasdree survival KaplatMeier (KM) curve for: (a) TCGABRCA; and (b) METABRIC
cohorts, grouped by age groups and stratified by high (red) and low (blué)TGi28 levels estimatd by
TIMER and binarized by the maximally selected ranked statistics algorithm. Depictddes are from log
rank tests.
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To quantify associations with survival, a Cox proportional hazards regression model was fit
for each immune cell type to estimate a hazard ratio (HR), visualized as a forest plot for each age
group and cohort ifrigure3.3. The trend across both cohorts for the young age group was that
higher estimates of immune cell types resulted in lower HR, albeit with little significance, with the
exception of macrophages. This trehdwever, was not observed in samples from the old age
groups. In particular, COg cells were consistently associated with better clinical outcome in the
young age group in both TCGBRCA (HR 0.69;p = 0.150) and METABRIC (HR 0.81p=
0.110) cohorts,sacompared to the old age group. High levels of CDeklls were also associated
with lower HR for the young age group in both TCBRCA (HR 0.58;p = 0.150) and
METABRIC (HR 0.83;p=0.130) cohorts but not in the old age group. Abundance of macrophages

was consistently shown as having little relationship with survival in all samples.

YOUNG (age <40) | OLD (age(40)

Variable YOUNG (< 40) HR 95% CI | Variable OLD (= 40) HR 95% CI
5 T.cell.CD4 0.58 [0.35;0.96] | T.cell.CD8 0.90 [0.75; 1.07]
¢ | Neutrophil — 0.63 [0.39; 1.03] | Neutrophil 0.90 [0.75; 1.07]
) T.cell.CD8 — T 0.69 [0.42; 1.13] | B.cell - 0.94 [0.79; 1.12]
<C | Dendritic.cell — 0.75 [0.45; 1.25] | Dendritic.cell . 0.95 [0.79; 1.13]
Q| B.cell — 0.81 [0.51; 1.26] | T.cell.CD4 = 1.00 [0.84; 1.19]
8 Macrophage | I —I'— | I 1.10 [0.70; 1.73] | Macrophage —+ 1.00 [0.87; 1.21]
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Variable YOUNG (< 40) HR 95% CI | Variable OLD (= 40) HR 95% CI
Q| B.cell . 0.74 [0.59; 0.94] | T.cell.CD8 0.92 [0.85; 0.99]
¢ | T.cel.CD8 0.81 [0.63; 1.05] | Macrophage : 0.95 [0.88; 1.03]
m | T.cel.CD4 0.83 [0.66; 1.06] | B.cell ; 0.97 [0.90; 1.05]
f_t Dendritic.cell 0.87 [0.67;1.12] | T.cell.CD4 ; 1.00 [0.97;1.12]
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Figure3.3 Unadjusted hazard ratios of each immune cell type quantified by TIMER, as individually estimated
by univariable Cox regression models on disdese survival for: (a) youngand (b) old patients in the
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TCGA-BRCA cohort; andc) young and (d) oldpatientsin the METABRIC cohorwith 95% confidence
intervals (CIs).

3.3.3 Mutational signatures of high Tlldiffer across age groups

We investigated whether mutational burdens from particular mutational signatures were
significantly different between the age groupstile TCGABRCA cohort by analyzing the
associated wholexome sequencing (WES) dafable3.1 Differences in mutational burden from
30 SBS signatures from COSMIC between young and old age groups in the BRGA cohort.
Table3.1 shows that contributions from signature 12 were significantly higher in the young age
group (MangWhitney U, MWU p = 0.00145), with a median fold change of 1.48, as well as
signaturel4 (MWU p= 0.0425), with a median fold change of 2.18. None of the signatures were
found to be significantly higher in the old age group compared to the young. Mutation data
associated with the METABRIC cohort from targeted sequencing of 172 genedseereayzed,;
however, results were largely discordant with TGBRCA data. Reconstruction accuracy
between estimated mutational burden and actual represented by mean cosine similarity was lower
in the METABRIC (0.538) compared to TCGBRCA (0.775) cohortdlikely due to differences

in the total number of mutations captured from sequencing.
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Table3.1 Differences in mutational burden from 30 SBS signatures from COSMIC between young and old
age groups in the TG&BRCA cohort.

Signature n p YOUNG OLD Fold change
mutational burden mutational burden

1 767 0.217108 10.34976 10.59553 0.976804901
2 549 0.325358 3.888289 3.996138 0.973011829
3 343 0.690164 17.75103 8.407852 2.111244358
4 211 0.901561 3.976115 4.530104 0.87770942
5 24 0.185634 NA 2.53213 NA
6 374 0.335386 4.918544 5.84488 0.841513243
7 441 0.367437 3.826739 3.4218 1.118341061
8 120 0.128638 5.379963 3.999362 1.345205173
9 42 0.417925 1.868344 0.93043 2.00804291
10 426 0.068364 1.563409 2.486163 0.628843997
11 174 0.379684 2.325416 2.157148 1.078005214
12 149 0.001447 3.469254 2.341764 1.481470608
13 567 0.515672 3.193183 3.748332 0.851894393
14 88 0.042543 3.95495 1.810553 2.184388059
15 283 0.256524 2.316104 4.389657 0.527627423
16 164 0.832406 2.515793 3.27996 0.767019314
17 276 0.944968 3.159945 1.774596 1.780655868
18 214 0.192837 3.529686 2.599131 1.358025173
19 130 0.479199 2.194205 3.119958 0.703280388
20 229 0.964294 2.374497 2.731509 0.86929863
21 236 0.646418 1.912902 1.848762 1.034693208
22 304 0.76474 1.815304 1.421824 1.276743206
23 151 0.84864 0.940823 1.727247 0.544694984
24 306 0.285911 4.629516 3.332312 1.389280494
25 25 0.767103 8.925052 2.703811 3.300916033
26 144 0.757082 1.104366 2.569928 0.429726538
27 126 0.705574 0.16551 0.80792 0.204859272
28 157 0.283617 0.443062 1.248088 0.354992647
29 235 0.676288 2.515517 3.203889 0.785144874
30 139 0.102988 1.305804 2.927002 0.446123188

' nshows number of samples with mutational burden greater than zero from that particular signature.
? pdenotes the p value from MWU test between young and old groups.

The presence and abundance of TILs, especially CD8+ T cells, have been frequently and
consstently indicated as an important factor to consider for prognosis and treatment of breast
cancer 6,5962]. Therefore, we referred to the abundance of CD8+ T cells estimated by TIMER

as a measure of TILs for subsequent analyses. For each age group independently, we investigated
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whether contributions from particular mutational signatures were significantrett between

high and low CD8+ T cell groups as estimated by TIMER in the TBRLA cohort. None of

the mutational signatures were associated with TIL levels in the young age group. However, in the
old age group, mutational contributions from signatu(®U p= 0.00504; fold change 1.23),
signature 2 (MWUp = 0.0395; fold change 0.77), signature 17 (MWH 0.00319; fold change

0.99), signature 26 (MW = 0.0326; fold change 2.02), and signature 30 (M4 0.0455;

fold change 1.36) were significantygsociated with TIL levels estimated by TIMER.

3.3.4 Gene set enrichment for high TILs

Following our results from survival analyses which demonstrated this pattern in the young age
group but not in the old, we sought to validate TIMER estimates by examining géine sets
from the Gene Ontology project were enriched in samples with high TIL independently for each
age groupTable3.2 shows the number of gene sets enrichedémes positively associated with
TIL at various significance levels. At false discovery rate (FRY 0.05, there was one
overlapping positively enriched gene set between TBREA and METABRIC cohorts for each
age group: ®cotramglboi membr pmetein theggbdbung
movement in the old age group. Gene set enri
TCGA-BRCA cohort showed enrichment of gene sets related to the mitochondria and cellular
respiration, among se\arothers Table 3.3). In contrast, in the young age group from the
METABRIC cohort, many of the enriched gene sets were related to the adaptive immune response,
most ndably T cell proliferation, selection, and regulation of cytotoxicialfle3.4). In the old
age group from both cohorts, many of the top positively enriched geneesetselated to cilium
assembly, movement, and ciliary transpdralfle 3.5 and Table 3.6). For enrichment maps of

enriched gene sets for the young patient group in each cohort, refgute3.4 andFigure3.5.
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Table3.2 Number of positively enriched gene sets at different significance levels for each agéngracp
cohort from preranked gene set enrichment analysis (GSEA).

Age Group Dataset '\Iilér:ttt)fr:;: f pos'?t;:/rg lz;eern:f SE %an%all qi%l.qzs q':%ﬁ)s #chs\:zl%[.)gsat
Young TCGA-BRCA 19879 1370 126 135 33 1
Young METABRIC 24360 3765 246 204 30

Old TCGA-BRCA 20201 2801 42 3 0 1
Old METABRIC 24360 3793 95 8 1

¥ Denotes the number of genes in the ranked gene list used as input for the analyses.
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Table3.3 GSEA preranked results for gene list ranked by correlation with TIL levels in the young age group
from TCGA-BRCA cohort.

NAME Size ES NES NOM ¢ FDR ¢ FWER/Z
GO_COTRANSLATIONAL_PROTEIN_TARGETING_TO_MEMBRANE 97 0.544279 2.847659 0 0 0
GO_ESTABLISHMENT_OF_PROTEIN_LOCALIZATION_TO_ER 110 0.492764 2.655034 0 4.77E04 0.001
GO_STRESS_RESPONSE_TO_METAL_ION 15 0.780708 2.597907 0 6.39E04 0.002
GO_ATP_SYNTHESIS_COUPLED_ELECTRON_TRANSPORT 79 0.518184 2.561809 0 9.47E04 0.004
GO_COFACTOR_CATABOLIC_PROCESS 64 0.522318 2.551812 0 7.57E04 0.004
GO_RESPIRATORY_ELECTRON_TRANSPORT_CHAIN 97 0.47257 2.499912 0 0.001425 0.009
GO_DETOXIFICATION 112 0.454115 2.460509 0 0.001641 0.012
GO_KILLING_OF_CELLS_OF_OTHER_ORGANISM 54 0506229 2.428837 0 0.00192 0.016
GO_HYDROGEN_PEROXIDE_CATABOLIC_PROCESS 32 0.60728 2.420802 0 0.001814 0.017
GO_CORNIFICATION 111 0.445246 2.417347 0 0.001829 0.019
GO_PROTEIN_LOCALIZATION_TO_ER 134  0.425255 2.323629 0 0.005919 0.065
GO_OXIDATIVE_PHOSPHORYLATION 101 0.43471 2.318714 0 0.005665 0.068
GO_ANTIBIOTIC_CATABOLIC_PROCESS 50 0.484244 2.300764 0 0.006411 0.08
GO_NUCLEAR_TRANSCRIBED_MRNA_CATABOLIC_PROCESS_NO

NSENSE_MEDIATED_DECAY 114 0.420275 2.282805 0 0.007047 0.095
GO_GAS_TRANSPORT 19 0.628352 2.273192 0 0.00773 0.112
GO_BLECTRON_TRANSPORT_CHAIN 163 0.405188 2.223335 0 0.013208 0.197
GO_REGULATION_OF_SERINE_TYPE_PEPTIDASE_ACTIVITY 9 0.771998 2216882 0 0.01328 0.21
GO_CELLULAR_RESPONSE_TO_ZINC_ION 21 0.606071 2.19978 0 0.016612 0.269
GO_KERATINIZATION 178  0.377058 2.185627 0 0.018429 0.303
GO_ACYLGLYCEROL_ACYL_CHAIN_REMODELING 7 0.83337 218484 0 0.017607 0.305
GO_MITOCHONDRIAL_ELECTRON_TRANSPORT_UBIQUINOL_TO_

CYTOCHROME._C 12 0.660834 2.147358 0 0.024977 0.419
GO_C21_STEROID_HORMONE_METABOLIC_PROCESS 38 0.499533 2.134394 0 0.027856 0.466
GO_AEROBIC_ELECTRON_TRANSPORT_CHAIN 16 0.623273 2.120486 0 0.031017 0.517
GO_PEPTIDE_CROSS_LINKING 53 0.45384  2.110602 0 0.033145 0.563
GO_NEGATIVE_REGULATION_OF_SERINE_TYPE_PEPTIDASE_ACT

VITY 7 0.814052 2.101609 0 0.034936 0.601
GO_MITOCHONDRIAL_ELECTRON_TRANSPORT_NADH_TO_UBIQ

UINONE 45 0.480546 2.094323 0 0.03611 0.631
GO_RIBOSOMAL_LARGE_SUBUNIT_ASSEMBLY 28 0.537186 2.089743 0 0.036627 0.645
GO_PROGESTERONE_METABOLIC_PROCESS 10 0.710203 2.081615 0 0.038603 0.676
GO_OXYGEN_TRANSPORT 15 0.632096 2.078758 0 0.038627 0.691
GO_XENOBIOTIC_METABOLIC_PROCESS 107  0.380285 2.060239 0 0.045989 0.756
GO_BENZENE_CONTAINING_COMPOUND_METABOLIC_PROCESS 11 0.673088 2.057808 0 0.045593 0.765
GO_CELLULAR_DETOXIFICATION 100  0.384201 2.056978 0 0.0445 0.769
GO_FORMATION_OF_CYTOPLASMIC_TRANSLATION_INITIATION_

COMPLEX 14 0.628908 2.050842 0.004255  0.04569 0.792

' Size indicates number of genes in the gene set.

?ES is the enrichment score.

*NES is the ES value normalized by size.

“NOM pdenotes nomingbvalue

°* FDR gdenotes false discovery ragevalue. Only gene sets with FDfRvalue < 0.05 are shown.
° FWER pdenotes familywise error ratgrvalue.
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Table3.4 GSEA preranked results for gene list ranked by correlation with TIL levels in the young age group
from METABRIC cohort.

NAME SIzE ES NES NOM ¢ FDR ¢ FWERY
GO_ALPHA BETA_T_CELL_PROLIFERATION 28 0.66127 2.348763 0 0.001097 0.001
GO_B_CELL_RECEPTOR_SIGNALING_PATHWAY 53 0.57866 2.300078 0 0.002778 0.005
GO_NEGATIVE_T_CELL_SELECTION 12 0.838532 2.254999 0 0.005192 0.014
GO_DENDRITIC_CELL_MIGRATION 24 0.662275 2.224096 0 0.007778 0.028
GO_INACTIVATION_OF_MAPK_ACTIVITY 24 0.659955 2.221114 0 0.006223 0.028
GO_ADAPTIVE_IMMUNE_RESPONSE 350 0.396757 2.159699 0 0.01592 0.084
GO_POSITIVE_T_CELL_SELECTION 32 0.588408 2.137951 0 0.020617 0.122
GO_PROTEIN_ACTIVATION_CASCADE 25 0.618532 2.136991 0 0.018177 0.123
GO_REGULATION_OF_B_CELL_RECEPTOR_SIGNALING_PATHWAY 24 0.640197 2.130815 0 0.017994 0.137
gOEE_II_EF?VvIA_‘/\-\(TIONioFiANTIGENiRECEPTORiMEDIATEDisIGNALIN 53 0.522912 2.129687 0 0.01653 0.14
_?I(())T\IPOSITIVE_REGULATION_OF_ALPHA_BETA_T_CELL_PROLIFERA 16 0.711918 2.125998 0 0.01563 0.145
GO_LYMPHOCYTE_COSTIMULATION 54 0.521161 2.089008 0 0.025422 0.24
igs_g“liggl(_ATlON_OF_CYTOPLASMIC_MRNA_PROCESSING_BODY_ 8 0.870165 2.087923 0 0.024146 0.246
GO_T_CELL_SELECTION 44 0.542041 2.079368 0 0.024476 0.263
GO_THYMIC_T_CELL_SELECTION 20 0.635614 2.070601 0 0.025954 0.293
GO_LYMPHOCYTE_DIFFERENTIATION 312 0.386417 2.06839 0 0.024889 0.299
GO_POSITIVE_THYMIC_T_CELL_SELECTION 12 0.743443 2.056719 0.002024 0.027521 0.339
GO_REGULATION_OF_T_CELL_MEDIATED_CYTOTOXICITY 28 0.585715 2.043598 0 0.032096 0.406
GO_REGULATION_OF_LEUKOCYTE_APOPTOTIC_PROCESS 76 0.465984 2.031467 0 0.035965 0.463
GO_ANTIGEN_RECEPTOR_MEDIATED_SIGNALING_PATHWAY 216 0.388313 2.01726 0 0.041657 0.53
GO_PROTEIN_DEGLYCOSYLATION 25 0.592343 2.01484 0 0.041258 0.543
ggiPOSITIVEiREGULATION70FﬁLEUKOCYTEicELL7CELL7ADHESI 197 0.398304 2.011936 0 0.040939 0.555
sO_POSITIVE_REGULATION_OF_T_CELL_MEDIATED_CYTOTOXICIT 21 0.616534 2.011214 0 0.039835 0.558
COENALING AT Ay OV ATINGCELL_SURFACE_RECEPTO 355 0.364463 2.008047 0 0.039702 0576
GO_LEUKOCYTE_PROLIFERATION 262 0.381872 2.003348 0 0.040511 0.599
GO_POSITIVE_REGULATION_OF_ADAPTIVE_IMMUNE_RESPONSE 88 0.447851 1.994216 0 0.044336 0.644
GO_HEMOGLOBIN_METABOLIC_PROCESS 5 0.939277 1.99229 0 0.043678 0.651
GO_POSITIVE_REGULATION_OF_CELL_ACTIVATION 289 0.374459 1.990124 0 0.04311 0.658
GO_URONIC_ACID_METABOLIC_PROCESS 9 0.788019 1.987935 0 0.042694 0.665
GO_ESTABLISHMENT_OF_LYMPHOCYTE_POLARITY 10 0.747246 1.974582 0 0.048517 0.725

' Size indicates number of genes in the gene set.

?ES is the enrichment score.

*NES is the ES value normalized by size.

“NOM pdenotes nomingbvalue

° FDR gdenotes false discovery ragevalue. Only gene sets with FDfRvalue < 0.05 are shown.
°* FWER pdenotes familywise error ratgrvalue.
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Table3.5 GSEA preranked results for gene list ranked by correlation with TIL levethénold age group
from TCGA-BRCA cohort.

NAME SIzE ES NES NOM ¢ FDR ¢ FWERY
GO_INTRACILIARY_TRANSPORT 49 0.531478 2.095876 0 0.198538 0.211
GO_CILIUM_MOVEMENT 45 0.549711 2.084047 0 0.118814 0.247
GO_OUTFLOW_TRACT_SEPTUM_MORPHOGENESIS 27 0.599063 2.020211 0 0.21298 0.538

' Size indicates number of genes in the gene set.

ES is the enrichment score.

NES is the ES value normalized by size.

NOM pdenotes nomingbvalue

FDR gdenotes false discovery rafesalue. Only gene sets with FDdRvalue < 0.05 are shown.
FWER pdenotes familywise error ratgrvalue.
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Table3.6 GSEA preranked results for gene list ranked by correlatiagtn WIL levels in the old age group
from METABRIC cohort.

NAME SIZE ES NES NOM ¢ FDR ¢ FWER/Y/
GO_REGULATION_OF_CILIUM_ASSEMBLY 44 0.605123 2.31246 0 0.006294 0.006
S\(I)vzl-\l(EPATOCYTE_GROWTH_FACTOR_RECEPTOR_SIGNALING_PA‘I 16 0.70647 2.066047 0 0.135248 0.228
GO_EPITHELIAL_CILIUM_MOVEMENT 16 0.675739 2.020608 0.001938 0.179515 0.399
GO_CILIARY_BASAL_BODY_PLASMA_MEMBRANE_DOCKING 80 0.465679 2.0138 0 0.151112 0.436
GO_HYALURONAN_BIOSYNTHETIC_PROCESS 12 0.743555 1.994188 0.001862 0.16514 0.549
GO_NEGATIVE_REGULATION_OF MRNA_PROCESSING 28 0.57346 1.963609 0 0.22187 0.717
GO_POSITIVE_REGULATION_OF_CILIUM_ASSEMBLY 20 0.63506 1.96157 0.001855 0.195556 0.724
GO_CILIUM_MOVEMENT 40 0.520157 1.944506 0 0.207414 0.791

! Size indicates number of genes in the gene set.

?ES is the enrichment score.

*NES is the ES value normalized by size.

“NOM pdenotes nomingbvalue

° FDR gdenotes false discovery ragevalue. Only gene sets with FD@Rvalue < 0.05 are shown.
* FWER pdenotes familywise error ratgp-value.
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Figure3.4 Enrichment map of results from pranked GSEA on the ranked gene list from the young TCGA
BRCA cohort. Nodes represent gene sets significant at #&ue < 0.25 and edges are drawn between
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vascular endothelial growth factor.
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3.4 Discussion

Despite several reports in various parts of the world echoing the conclusion that young age at

diagnosis is an indication for poprognosis of breast cancdi7[57,66,67], researchers have been
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unsuccessful in identifying significant biological differences between young and old breast cancer
patients. For example, Anders et al. found a number of genes that were differentiallyegkpress
between younger and older breast cancer patients, but none remained significant after correcting
for subtype and other clinicopathological featuk96]. Our results are consistent with previous
findings in that we were also unable to uncover sigaift differences in immune cell
compositions estimated by gene expression deconvolution between young and old patients.
Various immune subsets should decline with age in a phenomenon known as
immunosenescencé§]. The older patient population was also esied to have greater myeloid
potential and lesser lymphocyte potential due to involution of the thy@8lisSThese observations
were not apparent in our analyses of differential immune profiles between age groups, which may
be due tatumourassociated imome responses masking the global-egjated changes in the
immune system. Immunosenescence in women can also be attribudeprivation of estrogen,
which has immun&nhancing activities, during menopau6€]] In the datasets we used, 95.8%

and 100% ofhe young patients (age at diagnosis <40) wergrmaeopausal, whereas in the older

patients (age at diagnosigl0) 20.36 and 16.5% were pmaenopausal in the TCGBRCA and

METABRIC cohorts, respectively. Hence, menopausal state was a potential confounding variable
in our study. Therefore, we fit a multiple linear regression model to further explore broader
associations beteen estimated TIL, age at diagnosis (continuous variable), and menopausal state
(categorical variable) (refer tdable 3.7 Coefficients and statistical results of multiple linear
regression between the response variadgéimatedTIL level; and predictor variables: age at
diagnosis, and menopausal statéVe found that TIL levels estimated by TIMER were
significantly lower with older age at diagnosis\value: 0.0258nd 0.000282 for TCGABRCA

and METABRIC cohorts, respectively). This finding is consistent with a recentanatgsis
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exploring tumourinfiltrating lymphocytes and prognosis of eadgfage triplenegative breast

cancersT0]. However, menopausal state was associated with TIL levels in both cohorts.

Table 3.7 Coefficients and statistical results of multiple linear regression between the response variable:

estimatedTIL level; and predictor variables: agedi@gnosis, and menopausal state.

TIL ~ age_at_diagnosis + menopausal_state

Coefficients:
Estimate Std. Error | tvalue Pr(>|t))
(Intercept) 0.2579713 0.0354456 7.278 1.09e12
TCGA-BRCA age_at_diagnosis -0.0016823 0.0007642 | -2.201 0.0281
menopausal s{ -0.0599772 0.0364901 | -1.644 0.1008
menopausal st 0.0210642 0.0224287 | 0.939 0.3480
F-statistic: 2.891 on 2 and 590 Dgyalue: 0.03151
Coefficients:
Estimate Std. Error | tvalue Pr(>|t])
(Intercept) 0.1474797 | 0.0094865 | 15.546 <2el6
METABRIC . .
age at diagnosis -0.0007406 0.0002036 | -3.638 0.000282
menopausal s1 0.0064385 0.0064213 | 1.003 0.316143
F-statistic: 9.864 on 2 and 1900 D#yalue: 5.474€5

three
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wBREAh
for

variabl e
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and ®Post )

state is a
(®Pr e

'Menopausal
and two | evels
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We found thatspecific immune subsets, in particular the CD8+ T cells, were significantly
associated with disea$ee survival in the young breast cancer patients but not in their older
counterparts. This is in line with past studies that showed that higher infiitrattioytotoxic
immune cells is indicative of better prognosis and greater odds of response to trea®6éht [
Notably, Ali et al. showed that CD4+ and CD8+ T cells were more closely associated with
favorable outcomes in ERegativetumouss than in ERpositive tumouss [64]. Considering the
fact that receptor statusegativetumouss are much more common in the younger subset of breast
cancer patients, our results are consistent with previous findigsS].

GSEA results showed that gene sets relatedlaptive immune response and cytotoxic T cell
processes were most obviously enriched in the young age group from the METABRIC cohort. On

the other hand, gene sets related to the mitochondria and oxidative phosphorylation were positively
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enriched in the yawg age group from the TCGBRCA cohort. It may not be obvious, but
mitochondria are important for T cell activation, proliferation, and differentiation because they are
involved in processes such as immune synapse functions, production of reactive gegmes s

and various metabolic processég][ In the old age group from both cohorts, gene sets related to
cilium assembly, movement, and ciliary transport were positively enriched for the high TIL
phenotype, although with lower significance. Ciliary pssas have recently been proposed to be
involved in the formation of the immunological synapse between T cells and apteganting

cells, which is necessary for T cell activation and downstream funcf@3]. This suggests

that the TIMER algorithm mafocus on different subset of genes for different datasets to provide
estimates of immune cell composition.

Mutational signatures analysis showed that signatures 12 and 14 were significantly enriched
in young compared to old breast cancer patients; hemvélie two signatures have not been
previously associated with breast canc&,15). Signature 12 was originally identified in liver
cancer and is characterized by T > C substitutions with a transcripsivaatibias, which is
indicative of being assated with transcriptiortoupled nucleotide excision repafd]. Signature
14 was first identified in uterine cancer and is characterized by C > A and C > T substitutions, with
a recent study suggesting that it is associated with microsatellite ingtahit to defects in
mismatch repairq6]. However, our current knowledge on mutational signatures specific to breast
cancer is likely reflective of the majority of breast cancer cases that are diagnosed in those over
the age 40 (~93%). The landscape ofatiohal signatures specific to early onset breast cancer
(~=7%) has not been characterized previously. Further research is necessary to validate if the
signatures previously not associated with breast cancer or novel signatures are responsible for

mutationsin the young subset of breast cancer patients. Within the young age group, none of the
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30 single base substitution (SBS) signatures were significantly associated with TIL levels
estimated by TIMER. However, within the old age group, mutational burdamssigmatures 1,
26, and 30 were significantly higher in samples with high TIL levels, whereas signatures 2 and 17
were significantly associated with low TIL levels, although to varying degrees. Moreover,
mutational signatures that were significantly assteci with TIL levels in the old age group were
all previously reported in breast cancer patients, which once again suggests that TIL levels
estimated by TIMER may also be indicativetwfourpurity within samples.

TIMER has been frequently used on RISy data from the TCGA database, since it was
originally developed on TCGA data to work with bulk RMAq data49,77,78]. However, it must
be noted that the reference gene sets used in TIMER were curated from microarray gene expression
data. To our knowledyy we are the first to employ the method for analyzing microarray data from
the METABRIC cohort. Microarray gene expression data suffers from artifacts, such as limited
profiling of genes with very low expression levels or saturation at very high exprdesais,
which poses potential challenges for data analysis compared to bulksBiNAata 49,79].
However, authors of TIMER method have stated that both R&bfpand microarray data may be
used as input to estimate the abundance of immune cell types tumtbar microenvironment
[49,79]. They showed that TIMER is capable of producing highly coneurdstimates between
RNA-seq and microarray gene expression data generated from thieieaonesamples49]. This
demonstrated that the algorithm used for deconvolution, constraineesde@ase regression
(Equation3.1), is robust regardless of input data typ8,79].

TIMER only provides estimates for six broad immune cell types: B cells, CD4+ T cells, CD8+
T cells, neutrophils, macrophages, and dendritic célk [This can be advantageous because

limiting number of cell types interrogated to those that are linearly separable prevents instability
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of estimates due to statistical-koearity between cell types with very similar gene expression
[49,78]. However, this ist the expense of resolution of the output. Even though they may originate
from the same progenitor cell, different immune cell types and states can play vastly different roles
within thetumourtissue; for example, MO and M2 macrophages have tradityoloedin associated
with protumour responses whereas M1 macrophages have been associated witimanti
responses3p,58]. Our results from TIMER that found macrophages consistently insignificant to
clinical outcomes in both cohorts may stem from thetfzatt TIMER cannot distinguish between
the different activation states of macrophages. Despite its limitations, we were able to use TIMER
as a tool to estimate the composition of immune cells within bteasiur samples and find
specific immune subsetsahshowed significant trends with regards to diségsesurvival in the
young age group of breast cancer patients but not in the old.
3.5 Conclusions

In summary, we determined that a particular immune cell type, the cytotoxic CD8+ T cell, was
significantly asociated with diseadeee survival in young breast cancer patients under the age
40, but not in their older counterparts. Furthermore, our analyses showed that single base
substitution mutational signatures 12 and 14 were significantly enriched inuthg patient group
compared to the old, that were not previously associated with breast cancer. We also highlighted
some potential limitations of our data and methods, especially with TIMER and its lack of
resolution. Nonetheless, our work suggests thauttterlying biological differences may stem

from more abstract relationships involving multiple levelsiafourphysiology and not age alone.
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Chapter 4. Neural network algorithm for expression deconvolution
4.1 Motivations

There are numerous expression deconvolutiotstbat have been developed over the recent
decaded42+54]; however currently,-sttéredar d s tnoool af osri
deconvolutionTraditional expression deconvolution algorithms such asERMise greviously
curated refegnce dataset in conjunction walset of marker genesctonstruct a signature matrix
[49]. However, tlis approach relies gorevious knowledgandis limited in itsahility to leverage
new information sut as data generated froscRNAseq expements. Also,generation of
signature matrix does ntke into account several confounding factors such as tigsegstage
of disease, gpulation charactestics, and/or differences between male famdales Anothermain
challenge with research in expression deconvolution is that these studies require an
interdigciplinary approach with considerations for two eehanging fields in science: machine
learning, and molecular biology. Just within the last few decades, genomics research has already
gone through several technological revolutions starting with the miagsa then to next
generation sequencing, and most recently with scRB#94]. On the other handhe machine
learning field has advanced just as fast with developments in artificial intelligenost notably
deep learning anartificial neural netwdt-based algorithmf95].

Despite the huge success of neural network algorithncenmputer vision and recently in
bioinformatics[95], only a few studies have explored how such algoritehmldbe applied to
the problem of expression deconvolutighrecenty developedtool based on artificial neural
network calledligitalDLsorter was trainedn simulated pseudoulk data generated from scRNA
seq dataset9§]. ThedigitalDLsorter showed predions that correlated with estimates from other

methods as well as providing prognostic values in breast and colorectal cancer pa@lents [
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However, the authors did not compare the performance against existing tools for expression
deconvolution on any behmark datasets, which makes the robustness of the tool questionable.
Another reent neural networkased toglScaderj97], was trained rigorously on both simulated

and real GEPs. While demonstratisgemingly robust performancesrecovering immune cell

type fractions even against existing methods, as well as bairaglableas a Python package,
authors do not provide the weight kernels used in the study. This requires the udesitothe
Scaden model from scratch using scRbEY from their cell tges of interest, which makes
implementations challenging. Therefore, the main motivation for this chapter was to develop a
novel expression deconvolution tool based on artificial neural network architecture iaeis
robust, accessible, and accuratenttize existing toolsThe focus will remain on characterizing

the immune landscape given bulk tissue profiles because immune celvgfgeshown to greatly
influence patient outcome and response to various treatn3hts [

4.2 Materials and methods

4.2.1 Single cell RNAsequencing ataof immune cells

Single cell RNA sequencing (scRNgeq) datasets from immune cells isolated by FACS was
downloaded from the 10X Genomics websi®8][ Specifically, datasets for the followint)
immune cell types were curatedD14 monocytes, CD19B cells, CD34 cells, CD4 helper T
cells, CD4/CD25 regulatory T cells, CDACD45RA’/CD25 naive T cells, CD4CD45RO
memory T cells, CD56NK cells, CD8 cytotoxic T cells, CD§CD45RA naive cytotoxic T cells

refer toTable4.1.
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Table4.1 List of sScRNAseq data curated from the 10x Genomics database.

Cdl type Marker FACS # of cells # of cells after Reads per

purity detected filtering cell
B cells CD19 ~100% ~10,000 9879 ~25,000
Monocytes CD14 98% ~2,600 2553 ~100,000
Hematopoietic stem anc CD34 45%  ~9,000 9080 ~24,700
progenitor cells
Helper T cells CD4 99% ~11,000 11168 ~21,000
Regulatory T cells CD4/CD25 95% ~10,000 10201 ~27,000
Naive T cells CD4/CD45RA/CD25 98% ~10,000 10454 ~19,000
Memory T cells CD4/CD45RO 98% ~10,000 10191 ~24,000
Natural Killer cells CD56 92% ~8,000 8238 ~29,000
Cytotoxic T cells CD8 98% ~10,000 10187 ~28,600
Naive cytotoxic T cells CD8'/CD45RA 99% ~12,000 11891 ~20,000

From the original dataset preprocessed by Cell Ranger 1.1.0, @dg délls expressing
betweer200and 3,000 different features with positive counts, and proportion of total counts from
mitochondrial genes under S5#ere retainedJoint plot of sScRNA datasets before (top) and after

(bottom)processing is shown frigure4.1 visualized by scanpy [99] package in Python.
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Figure4.1 Joint plot of dataset quality control metrics befftop panelsand afte(bottom panelsprocessing

the collected scRNA eq dat asets. ®n_genes_by counts equals the
(non-zero) count within the single cell profi@t ot al _counts  refers to the sum
features for a given single cell profile. ®pct_count

are mitochondrial genes/transcripts.

To further explore the scRNAeq dataset, andhsther computational algorithms would be
able to distinguish single cell GEPs from one cell type to another, uniform manifold approximation
and projection (UMAP) algorithm was used to cluster the single cell profiles into 10 groups as

shown belown Figure4.2.
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Figure4.2 UMAP dimensionality reduction of single cell gene expression profiles into 10 clusters, coloured
by the known cell type annotations.

The resultingcombined scRNAseq dataset contained GEPs of a total of 93,842 cells for
20,024 genes/transcriptseatureggenes/transcripts) were further filtered by using SCTransform
method LOQ provided in Seurat v3 R packadeOfl] to normalize read counts, compensating for
percentage of mitochondrial genes, and selecting the top 3000 most variable fedtiteare
standard preprocessing steps in scRBEq pipelines to discard pequality cells and
housekeeping genes(q.

4.2.2 Bulk tissue RNAsequencing data of immune cellgh FACS-quantified cell
proportions

Bulk GEPdatafrom mRNA-seq(singleend Illumina HiSeq2000)of PBMCs isolated from
468 whole blood sampledbtained from healthy participants aged betweeis@as downloaded
from the ImmPort databagaccession SDY67)1L02. Briefly, the sequencedeads were aligned
to hgl9using TopHat and Bowtjdollowed by gene counting with HTSegesulting in raw read
count matrix of 23,113 genes and 468 sampl®|[ From here onwards, this dataset will be

referred to asFor®@&b Yahgle of whale bleoa, the cell type proportions

a7



guantified by flow cyometry panels was downloaded from supplementary materials of Menaco
al [5]1]. From this dataset, proportions for 14 immune cell types were available: B naive, B
exhausted (Ex), B neswitched memory (NSM), B switched memory (SM), plasmablasts, CD4
T cells, CD8 T cells, basophils, myeloid dendritic cells (mDCs), plasmocytoid dendritic cells
(pDCs), natural killer (NK) cells, and the classical (C), intermediate (I) andatessical (NC)
subsets of monocyte§]]. The known proportion of the cells frooell types of interest within
each GEP sample will be ref er r Mdissingflowcgteme®t r u e
data for specific cell types were filled with zero and given values for each sample were normalized
to sum to one by dividingach value by the sample total.

Additional bulk GEP data from mRNAeq(pairedend lllumina HiSeq 2000f PBMCs in
whole blood samples drawn from 13 healthy young adults (a@®&P®as obtainetb be used as
an external validation datasgbm the GeneExpression Omnibus (GEO) database (accession
GSE107011)[5]]. Briefly, the sequenced reads were preprocessed using Fasli@dzd to
GRCh38.p10 transcriptome using kallisto, and aggregated into transcripts per million (TPM) for
each gene with tximport, salting in final dataset of 55221 features/transcripts and 13 samples.
This dataset will be referred to as ®ABI S
algorithm known as ABIS by the authofsl]. One sample withowssociated FACS sortirdata
was removed, so only 12 samples with both bulk GEP and FACS quantified cell proportions data
were used for subsequent analygesature annotations were provided as Ensembl IDs, which
were converted to HGNC gene symbols using&msDb.Hsapiens.vAsackage in RCell type
proportions for 29 immuneelated cell types were available: CD@lymphocyte subsets (naive,
terminal effector (TE), T follicular helper (Tfh), Tregs, T helper (Th) 1, Th1/Th17, Th1l7, Th2);

CD8' T lymphocyte subsets (naive, centramory (CM), effector memory (EM), TE); mucosal
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associated invariant T (MAIT), 1T lymphocyte subsetsv{2 and norvy2); B lymphocyte
subsets (naive, SM, NSM, Ex, and plasmablasts)demsity (LD) granulocytes (LD basophils,
LD neutrophils); NK cellsDCs (pDCs and mDCs); and monocyte subsets(C, I, andN{) |

4.2.3 Immune cell type pooling

Since the number of cell types were not the same across dafdséts $cCRNAseq;14 for
SDY67, and 29 for ABIS), the cell types were pooled into tbiéwing cell types whenever
appropriate: B cells, CD4T cells, CD8 T cells, myeloid cells, NK cells, and other cedis
illustrated inFigure4.3. For the scRNAseqdataset, number of cells after cell type pooling for
CD4 T cells and CD8T cells was 42,014 and 22,078, respectively. Numberetié for the
remaining cell types that were not pooled are showrable4.1. Cell type lineages were drawn

with reference to cell type mappings available in previous studies [43,51].
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Figure4.3 Lineage of immune cells used to pool cell types into broader cell type categories.
4.2.4 Bulk tissue RNAsequencing data of breast tumours

As previously done in Chapter Bulk GEPs of breast tumours from TC&BRCA [4] and
METABRIC [3] cohorts were used.

The TCGABRCA datasef r om ®HHABKNM  wowak fowmdoaded using the
GDCqueryfunction in TCGAbiolinks R packagel(3. The read counts matrix provided as

fragments per kilobase million (FPKM) values was converted to transpeptsiillion (TPM)
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values that is conventionally used for expression deconvolutdg. Associated clinical data
including patient survival, age at diagnosis, menopause status, and other relevant veeigbles
downloaded from the cBioPortal for Can@enomics 82]. As previously done in Chapter 3, only
data from female patients with associated age at diagnosis and survival data wearesulet)

in final sample size d397. Of these patients,0 were identified as young/eatyset (age <40),

and 27 were identified as olthte-onset(agex 40) patients

The bulk breast tumour microarray GEPs and clinical data from patients MBRABRIC
cohort were downloaded from cBioPor&d previously done in Chapte[&]. Samples without
associated age onwival data were removed, resulting in bulk microarray dataset of 24,360 genes
from 1903 breagumoursamples, of which 116 were young and 1787 were old.

42,5 Feature selection

In order for the expression deconvolution model to be applied to a variety sétdata was
clear from the beginning that there was a need to provide the model with consistent number of
input featureslnitially, to prevent potential loss of information, all features wemvided to the
model as inpuif they were represented consistently across the datasets beingntesedtingly,
the model performance did not sufighen only the top 3,000 most variable genes selected by
SCTransform methofl00] on the scRNAseq dataset were provided. Furthermperformance
of the trained models significantly improvethen thanputfeatures were further selected for only
those based on the 4,815 immunologically related genes from the ImmPort through the InnateDB
[104]. Therefore, the final modakcepted inputdatures that satisfied all of the following criteria:
1. Included in the ImmPort list of immunologically related features (4,815 genes).
2. Included in all of the datasets used in the study

3. Top 3,000 most variable features determined by SCTransform on ssBftfataset.
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Consequently, total of 3,000 features were used as input into the final model.

4.2.6 Pseudebulk simulationwith known cell type proportions

For the simulation of pseudmulk GEPs using scRNAeq datawvith G number of features
(genes/transcriptsthe cell type fractions for each pseddalk sample wre simulated first by
samplingvectos of numbesfrom the Dirichlet distributiorior K cell typesthat add up to,Which
represents the proportion of given cell types in each sarpkrefore, NV by K matrix was
simulated for/V pseudebulk samples and& cell types of interesiThen cells from each of th&
cell typeswere randomly subsampled according to the simulated proportion of a total number of
cells (O in each pseudbulk tissueFollowing previous studies that simulated psebdik GEPs
from scRNAseq data96,97], the total number of cells in each psetmdk sample ¢) was set to
be 500 by defaulThen the GEPs af'subsampled cells were summed together across each feature,
resulting in the final pseudbulk GEP ofl by G. Graphical summary of this simulation process is

shown below irFigure4.4.
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Figure 4.4 Graphical representation of the psedmdk gene expression profile simulation process using
scRNA-seq dataset.

Different values were tested for parameters in psdwdio simulation. Forthe number of
pseudebulk samplesV, values 100, 1,000, and 10,000 were tested, while for the number of cells
per pseuddulk sampleC, values 500, 1,000, and 2,500 were tes&uhulation of pseudbulk
GEPs using &h combination of parameteebove wasrepeated 20 times tassess the
performance of deconvolution model trained on each simulated pbelldGEP dataset. As
shown belowin Figure 4.5, value of C higher han 500 has no impact on model performance
whereas the number of training samphMsas a much greater influence on performance. Finalized
pseudebulk dataset was simulated witi= 10,000 for training set antl = 1,000 for test sets
= 3,000;C= 500; aal number of cell type& = 6 (B cell, CD4 T cell, CD8 T cell, myeloid cell,

NK cells, and other cells)
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Figure 4.5 Performance metrics on pseuddolk training datasets simulated with different combination of
parameters replicated 20 times for each combination. Left panel shows performance in Pearson correlation
(X0_r) and right panel shows performance in RMSE (X0_jmBer each panel, columns show different
number of cells €) per sample, saxis shows different number of sampl@g (n each replicate.

All feature values in input data were scasaanplewiseto a range between 0 and 1 by using
the MinMaxScaler functiom scikit-learn package in Pythpwhich is described as:
W W
0 ®
wherew is the scaled feature values for a single GEP samplaridw andw  are the
minimum and maximum feature values within the GEP sample.

4.2.7 Neural network model architecture apptimization

A variety of model architectures were tested for expression deconvolution on TensorFlow
(version 2.3.0) using the Pyth programming language (version 3.8.8). Recent works in
expression deconvolution involving deep learning frameworks used a series of densely connected
layersfollowed by a softmax activation functi@mnown below96,97].

Q
B Q
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Here, given the /" element of vecto@with length K, the softmax function, () provides the
normalized probabilities of the exponentials of input vector with lb&s2718282.

Preliminary model architectures that were tested consistedutdencoders odensely
connected layers with rectified linear unit (ReLUatch normalizatin (BN), dropout,softmax,
or linear activation functions with or without regularizati@xi or L2). Equations for each layer

are listed belowvith wrepresenting a batch of input vectors.

2A, B & odatn 4.3

) & %0
— 4.4

6 A® T

In Equationd.4 above % represents the expected valueugin other words, the mear§; A ©
represents the variance @ff andf are learned scaling and centering parameters; and a small

valu€e] is added to the denominator for numerical stability (to avoid division by zero).
$01 PHOO 45
In Equationd.5 above] takes the value of O or 1 depending on adefned dropoutfrequency

A E 4.6

- ] 4.7

In Equations4.6 and4.7 above that represent L1 and L2 regularization terms, respectivisly:

the predefined regularzation factor; and is the weight kernel of the layer.
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Different loss functions for optimizing these models were tested, including root mean square
error (RMSE), Pearson correlatitwss (1 + A), as well as custom loss function from OnionNet

[105. Cudom loss function is defined iBquation4.8.
, 100 p Y p 12-3% 48

In machine learning, it is desirable to be able to provide stable estimates that do not underfit
or overfit to the training dataset. Models that underfit fail to accurately represent the relationship
between input and output values; hence, often show geEréormance during optimizatiofor
this reasondifferent combinations oimodel architectures and hyperparameters were tested as
shown inFigure 4.6. First architectue tested was thpre-trainedautoencoder (AEjnodel,in
which a single hidden layer was ugedecover the input valuedter reducing the dimensions of
input features from 3,000 to 150. Then the-jpagned hidden layer was used with ari€lron
output hyer with L1 regularization for the expression deconvolution. Subsequent architectures
named ®DNN models for dense neur al tlargelywor k
consisted of a series of densely connected layers, linear activation fspatidrintermittent batch
normalization or drop out layers. Two types of output layers were tested, including softmax
activation function and a simple linear activation function with either L1 or L2 regularization.

Additional det ai | mmetersand peefornmmancd ae¢ showhablgdB.e r p a
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Figure4.6 Neural network model architectures tes@dD NN~ is short form for densel

network; and AE stands for autoencoder motalyers(rectangleskyre scaled and do not represent true

dimensions labelled under édlayer as numbers. Unless otherwise stated, activation functions between each

|l ayer is a linear function. ®BN~ denotes bath nor mal
®softmax  denotes softmax act i v artadtietion with hilcar L20 n ; ®L 1"
regularization, respectively.

4.2.8 Deep quantile regressionodelfor expression deconvolution

For many realvorld problems, we are often interested in the uncertantye confidence

interval of the estimatgwovided by the prediction model as much as the accuracy of the estimates

themselves. Howeveone limitation oftraditional regression models as well as¢haventional

neural network models is that they dd poovide any measure of uncertainty on the predictions
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One way to obtain the range of uncertaifitgm these models is to fit the predicted values on a
number of conditional quantilg406. Whereas conventional regression mode& predict the
mean vaue of the distribution at each data paané fitted on theesidualgdifference against the
expected value of the meaas is,quantile regression can provide the interval between which a
percentage of all data points exist withiFigure 4.7 Graphical representations of quantile
regression and tilted loss: A) An example of quantile regressiohd line shows model fit against
the median (50 quantile) whereas the dashed lines show models fit against than@i090
guantiles; thereforeghe interval between the dashed lines contain 80% of data points. B) Tilted
loss function plotted with different quantiles (0.10, 0.25, 0.50, 0.75, Big0ye4.7A shows an
example of quantile regression with the uncertaintgredictionrepresented by the dashed lines
representing predictions by quantile regression models fitted agairi€t'tied the 90quantiles.
This is made possible hysing thetilted loss functio visualized inFigure4.7B. Given an error
metric or residuals, (| betweentrue and predicted fractions (6Xearson correlation loss £1R),

root mean square errdRMSE), or custom loss), angifrom the set of quaites {0.10, 0.25, 0.50,

0.75, 0.90}, the tilted loss is represented bedma mathematical expressiarEquation4.9.
4El OAAG OO, hny p 49
This approach is referred to as deep quantile regression (X&) combined with neural
network modelMultiple instances of the same model were trained on different tilted loss function

fit on different quantiles (19 25", 50", 75", and 90), which allowed the visualization of

uncertainty in the cell type abundance estimates provided by the model.
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Figure 4.7 Graphical representations of quantile regression and tilted loss: A) An example of quantile
regressiont solid line shows model fit against the median”(§0antile) whereas the dashed lines show
models fit against the f@&nd 9 quantiles; thereforghe interval between the dashed lines contain 80% of
data points. B) Tilted loss function plotted with different quantiles (0.10, 0.25, 0.50, 0.75, 0.90).

4.2.9 Neural network immune contexture estimator for expression deconvolution

During model optimizationit wasalsorealized that instead of training a single model with
one input andk outputs forK number of cell types of interest, models were able to provide better
estimates when their number of outputs were reduced to a single cell type during optimizati
Hence, the final expression deconvolution model was based on DQR and consisted -of 6 sub
models one for each cell type of interest (B cell, CD4ell, CD8 T cell, myeloid cells, NK cells,
and other cells). Each suhodel consisted of an input layer for 3,000 input features connected to
a densely connected layer by linear activation functions with 300 neurons, followed by a 1 neuron
output layer with lineaactivation functions with nonegativity constraint on the bias kernel and

L2 regularization on the weight kernel wilh=0.0001. Models were optimized by multiple
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iterations, or epochs, through a training datasétimizing the custom loss functioEdquaton
4.8) nested inside the tilted loss functidigation4.9) across 5 quantige(0.10, 0.25, 0.50, 0.75,

090).The final mod el wi | | * Neearal Neawork immang Cdntextur s

Estimator refer toFigure4.8 andAlgorithm 1 below.

e Neural Network Immune Contexture Estimator — NNICE ™

mRNA sequencing
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Figure4.8 Graphical description of NNICExpression deconvolution model.

60

®N N



Algorithm 1 Pseudocode faXNICE expression deconvolution

w: weight kernel for" layer
Y: bias vector for" layer
Z: output of/" layer

Input:
Gene expression datas®t:= [/, wxc
N # of samples in the input dataset
G. # of features/genes/transcripts in the input dataset
Output:
Cell type fractionsF = [/, m«
K: # of cell types of interest

Algorithm:
forn=1toN
for k=1toK
for g={0.10, 0.25, 0.50, 0.75, 0.90}
Z’Y LinearActivatiofw’, m, )
oY LinearActivatiogw’, Z', b)
end for
f;zk? mea/(lfn,mo‘lo, f;i,k,q:O.ZS, fn,k,q:o.so, fn,k,qzms, fn,k,qzo.go)
end for
Y sumto-ondf,)
end for

4.2.10 Benchmarking against existing expression deconvolution tools

When developing a new computational tool, it is important to compare its performance against

existing tools Six existing expression deconvolution tools available emithmunedecon{43] R

package werasedfor performance comparisons agaiNMNICE on benchmark datasets: pseudo

bulk, SDY67 and ABIS. Refer fbable4.2 below forthedescriptiors of expression deconvolution

tools:

Table4.2 List of existing deconvolution tools used to compare performance against.

Tool name Acronym  Algorithm

Cell types Year Reference
CIBERSORT CBS &SVR 22 2015 [44]
TIMER TMR Constrained linear least square regression 6 2016 [49]
MCP-counter MCP Geometric mean of expression marker genes 9 2016 [107]
EPIC EPC Constrained least square regression 9 2017 [108]
quanTiseq QTS Constrained leasiguare regression 11 2019 [54]
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4.2.11 Model evaluation

We first evaluated our model performance using the simulated pselkdaataset, which
consisted of 10,000 training samples and separately simulated 1,000 test/validation samples. Next,
we evaluated our nuel performance on two real datasets: the larger SDY67 dataset (468 samples),
and the smaller ABIS dataset (12 sampl&#)ce there is only limited number of samples from
the real datasets, 40ld crossvalidation (CV) approach was used to train anddadé the model
on the SDY67 dataset. This means thamall portion of the dataset (10% in this study) was set
aside as internal validation data to validate performance of the model that is trained on a larger
subset of the dataset referred to as thaitrgidata (90% of same Therefore, 10 instances of
the model were createtl each with trained with 90% of the dataset and tested on a unique
remaining subset (10%) of the dataastillustrated irFigure4.9. Next, another instance of the
model was trained on the entirety (100%) of the SDY67 dataset and then tested using the ABIS

dataset as an external validation set.

62



= TRAIN B -resT

Iteration

1 FOLD1 | FOLD2 | FOLD3 FOLD4 FOLDS5 | FOLD& | FOLD7 FOLD S8 | FOLD 9 RawileRii]
2 [

8 ]
o [
10

Figure4.9 lllustration of thelO-fold cross validation technique for model evaluation.

For performance metrics, Pearson correlatidnand root mean square error (RMSE) were

used. Formula for Pearson correlati@? wherewrepresents true fractions (labelsyepresents
estimatedractions, and the bar above variableRs§ represents the mean of the given vector, is

as follows

Bw ww

—— —— 4.10
Bw w Bw w
For RMSE, the formula is as follows:
B 0
YU YO : 411

wherenrepresents total number of samples in the minibatch.
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4.2.12 Model prediction andtatistical analyses

To obtain immune contexture estimates for TGBRCA and METABRIC cohorts, only
those features that fulfilled the criteria outlinedSection4.2.5were included. Then the input
expression values were scaled to a range between 0 and 1 using the MinMaxScaler function
(Equationd.1). Scaled input GEPs were provided to NNICE model trained on the 468 bulk GEPs
from the SDY67 dataset for prediction.

Sulsequent statistical analyses followed methods as described previously in Chapter 3 for the
analysis of differences in immune subsets between-eanty lateonset breast cancer patients as
well as the survival analyses including KM survival analyses and Cox proportional hazards
regression. Unless noted otherwise, statistics were computed askagps such as stats, survival,
survminer, and maxstat in the R programming language.

4.3 Results

4.3.1 Model optimization

Results from preliminary and exploratory evaluation of different model architecigleswn
in Table4.3. Most of the architectures initially tested, includitg and DNN2models,showed
underwhelming performances in both training and validation data&etsQ.50). Overfitting
occurs when models demonsgraery high performance on the training data but do poorly on all
other datasets. This is usually because the model has learned too much of the patterns underlying
the training dataset, as demonstrated by results from the preliminary model DN&lhle#.3
with = 0.9754 on training data but o= 0.3005 on the validation set. Therefore, developing
successful models in machine learning involves achieve a fine balance between underfitting and
overfitting to the training data. There are several possible interventions that can be used to avoid
the wo extremes. Applying regularization, and dropout layers during the training phase can reduce

overfitting. For example, when dropout layers were included in DNN2, the validg&trameased
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to 0.4674 compared t&= 0.3005 in DNN1 without dropout layerspwever, this approach often
times also involve a tradeff in performance or convergence on the training dataset. Ultimately,
changes to the number of parameters in the hidden layers was made to achieve robust performance

across training and validation daets; refer to results for DNN5 Trable4.3.

Table 4.3 Description of models trained during preliminary exploratorglgses, hyperparameters, and
performance ) on training and validation datasets.

. . . Output Loss Learning R R

MODEL Hidden layer dimensions layer function rate (train)  (valid)
L2 Custom

DNN5 None (1=0.2) (1=0.8) le3 0.7587 0.7587
Custom

DNN4 6004 4004 2004 200 softmax (1=0.8) le3 0.6282 0.6044
L2 Custom

DNN3 6004 4004 200A 200 (1=0.2) (1=0.8) le3 0.6333 0.6134
5004 DO(0.2)A BNA 5004 Pearson

DNN2' 50,2 BNA 2004 DO(0.2A BN SOMM3X orelation 184 04292 0.4674
Pearson

DNN1 10004 BNA 10004 BNA 5004 BN softmax correlation led 0.9754 0.3005

AE 150 L1 pearson 103 03201 0.3203

(#=0.1) cormelation

By using grid search algorithm to find the optimal hyperparameters for layers that provide the
best performance, it was discovered that-negativity constraint on weight kernels had negative
impact on performance, while the same constraint placed ohidlekernels seemed to have
slightly positive impact. In addition, 0.0001 was selected as the oplintakm for L2
regularization. Various batch sizes were also tested; however, it became clear that when training
the models with real data (ex. SDY67),thgenerally performed better when provided with the
entire training set instead of in mibatches in sizes of 1, 32, or 100.

4.3.2 Evaluation of model trained on psedblolk GEPs

First, the performance dhe NNICE model after training 010,000pseudebulk GERs was
evaluatedAs shown below irFigure4.10, a convergence was reached for simulated psbuto

within aroundl0 epoch& meaning thator all cell typeslittle-to-no improvement in performance
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could be expected after 10 epodhsr most cell types except CDBcell, NNICE model was able

to provide estimates with well over 90% correlation on truth values. Estimates foTCB#was

the lowest atR = 0.776 for traning set andR = 0.797 for validation set. Exact values of
performance metrics for each cell type is providetiable4.4. Performance metrics were similar

on trainirg and validation data, which indicated that the model showed no performance deficits
due to overfitting on the training set, at least on the simulated pselikialatasetFigure4.11

shows performance @reviouslyunseen simulated pseutlalk data(/7= 1,000)by quantiles, by

cell types, and after averagiegtimatescross the five quantiles.
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Figure4.10 Training history of performance metrics (loss, Pearson correlation, RMSE) for the NNICE model

for training (left) and validation (right) data.

Table4.4 Performance of NNICE gxession deconvolution model by cell types.

Cell type Lpgs gossl Pearson_ gorrelation Pearso_n cqrrelation Rl\_/I_SE R_MS!E
(training) (validation) (training) (validation) (training) (validation)
B cell 0.047868 0.049630 0.914451 0.910366 0.183390 0.181860
T CD4 0.111183 0.100479 0.776069 0.797260 0.204266 0.180917
T CD8 0.040219 0.034704 0.940366 0.954283 0.263763 0.278719
NK 0.021716 0.020406 0.978335 0.983276 0.235035 0.253303
Myeloid 0.013878 0.013869 0.993336 0.993851 0.213518 0.217974
Other 0.012828 0.014040 0.989757 0.989689 0.160532 0.184164
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Figure4.11 Scatter plots of true cell type fractionsdxis) by fractions predicted by NNICE-&xis) on the
previouslyunseen 1,000 simulated psetldk GEPs. Each panel shows results fréghgverage across all
quantiles; B) each quantile; andCj each cell type. Solid lines show simple linear regression lines for each
quantile or cell type.
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The performance of NNICE wacompared against existing methods on previously unseen
1,000 pseuddulk GEPs refer toFigure 4.12. NNICE trained on 10,000 pseutiolk GEPs
showed the best performance among all existing methods at overall Pearson corRetafich
Theseconédbest performing tool on pseudhnlk GEP wasCIBSERSORT af?= 0.88.

Figure 4.12 Comparison of prediction performance of NNICE and existing expression deconvolution
methods on previously unseen 1,000 pselala GEPs. Each row shows results from a single method from
the following: NNICE (trained on simulated data); QTS (quanTlseqf; BEEPIC); MCP (MCPcounter);
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TMR (TIMER); and CBS (CIBERSORT). Each column represents results for a single cell type from the
following list: B cell, CD4 T cell, CD8 T cell, NK cell, cells of monocytic lineage, other cells, and all cell
types combined. &t each scatter plot-axis is the true fraction and theaxis is the estimated fraction by

the methods. Blank plots indicate that the specific method provides no estimates for the particular cell type.
Solid black line shows the computed Pearson cdivelg/”) between the true and estimated fractions
between1 and 1 withpvalue showing probability that the correlation in data is due to chance.
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4.3.3 Evaluation of model trained on real bulk tissue GBRB FACS-quantified cell type
proportions

To evaluate the performanceNICE modeltrained with real data, 3@ld crossvalidation
approach was used t@in on the available 468 real bulk tissue GEP from the SDY67 dataset to
evaluate its performancEigure4.13 belowshowspredictionresultsfrom 10-fold crossvalidation
of NNICE model on SDY67 dataset. Correlation between the predicted and true fractions was
similar across the 5 quantiles but the modelrditiperform consistently across all six cell types.
Estimates from NNICE on SDY67 dataset was most accurate on the NK/ells745) and least
on the CD4T cells (R = 0.3833).Across all cell typeshowever,predictions fromthe NNICE
model showed gréer correlation with truth/= 0.7) when compared with existing methods, of

which predictions from EPIC had the highest correlati®@s 0.65); refer tdrigure4.14.
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Figure4.13 Scatter plots of true cell type fractionsgxis) by fractions predicted by NNICE-@xis) on the
previously unseen 468 GEPs from SDY67 dataset. Each panel sbswits from A) average across all
quantiles; B) each quantile; andC} each cell type. Solid lines show simple linear regression lines for each
quantile or cell type.
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Figure 4.14 Comparison of prediction performance of NNICE and existing expression deconvolution
methods on previously unseen 468 GEPs from SDY67 dataset. Each row shows results from a single method
from the following: NNICE (trained on real data); QTS (quanTlseq)¢ EBPIC); MCP (MCFcounter);

TMR (TIMER); and CBS (CIBERSORT). Each column represents results for a single cell type from the
following list: B cell, CD4 T cell, CD8 T cell, NK cell, cells of monocytic lineage, other cells, and all cell

types combined. ¢t each scatter plot-axis is the true fraction and theaxis is the estimated fraction by

the methods. Blank plots indicate that the specific method provides no estimates for the particular cell type.
Solid black line shows the computed Pearson cdioelg”) between the true and estimated fractions
between1 and 1 withp-value showing probability that the correlation in data is due to chance.

Upon confirming that NNICE could be expected to attain robust performance when trained
with only a subset dhe real dataset, another instance of NNICE model was trained on the entire
468 samples of the SDY67 dataset for 100 epothis. instance of NNICE model was used to
validate its performance on an external real dataset (ABIS) as well as the simulatedjpdieud
GEPs.Record oftraining (SDY67) and validation (ABIShetricst loss, Pearson correlation, and

RMSE = throughout the 100 epochs of training is showrFigure4.15. In contrast to training
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metrics that reached convergence between 80 and 100 epochs, validation metrics fluctuated
throughout the training process and did not plat€nsequently, NNICEnodel performed

poorly on the external validation (ABIS) dataset. Overall correlation across all cell typé&was

0.35 with best estimates for CDR cell atR=0.2067; refer tdrigure4.16. andFigure4.17.
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Figure4.15 Training history of performance metrics (loss, Pearson correlation, RMSE) for the NNICE model

for training (left) and validation (right) data (ABI&= 12).
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Figure4.16 Scatter plots of true cell type fractionsdxis) by fractions predicted by NNICE-gxis) on the
previously unseen 12 GEPs from ABIS dataset. Each panel shows resultsAfyameftage across all

quantiles; B) each quanie; and C) each cell type. Solid lines show simple linear regression lines for each

quantile or cell type.
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Figure 4.17 Comparison of prediction performance of NNICE and existing expression deconvolution
methods on previously unseen 12 GEPs from ABIS dataset. Each row shows results from a single method
from the following: NNICE (trained on real data); QTS (quanTlseq); EEPRIC); MCP (MCPcounter);

TMR (TIMER); and CBS (CIBERSORT). Each column represents results for a single cell type from the
following list: B cell, CD4 T cell, CD8 T cell, NK cell, cells of monocytic lineage, other cells, and all cell
types combined. Fagach scatter plot,-axis is the true fraction and theaxis is the estimated fraction by

the methods. Blank plots indicate that the specific method provides no estimates for the particular cell type.
Solid black line shows the computed Pearson coroglaff?d) between the true and estimated fractions
between1 and 1 witho-value showing probability that the correlation in data is due to chance.

When applied to the simulated psetluldk dataset, cell type fraction estimates from NNICE
modeltrained on ral datashowed poooverall correlation across all cell type& & 0.15) but
showed remarkable recovery of certain cell tirpetiors for NK cells (R=0.9363), CD8T cells
(R = 6406), and myeloid cellsAH = 0.5199).Figure 4.18 below shows overall prediction
performance of NNICE on 1,000 psedololk GEPs, as well as by quantiles and by cell types. In
addition,Table4.5 shows a summary of overall performancalb&xpression deconvolution tools

compared thus far in this study different datasets.
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Figure4.18 Scatter plots of true cell type fractionsgxis) by fractions predicted by NNICE-@xis) on the
previously unseen 1,000 simulated psebdtk GEPs. Each panel shows results fréghdverage across all
quantiles; B) eachquantile; and ) each cell type. Solid lines show simple linear regression lines for each
quantile or cell type.
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Table 4.5 Overall performance (Pearson correlajiaf expression deconvolution models on theee
datasets. Performance on simulated data for NNICE is after training on 10,000 -psudamples.
Performance on SDY67 dataset for NNICE is based on ttield @V approach. Performance on the ABIS
dataset for NNICE is after training on 468 samfilemn SDY67 dataseBest performance achieved for each
dataset is bolded.

Models Simulated SDY67 ABIS
(n=1,000) (n=468) (n=12)
NNICE 0.9 0.7 0.35
quanTlseq 0.41 0.54 0.29
EPIC 0.8 0.65 0.62
MCP-counter 0.45 0.43 -0.37
TIMER 0.41 0.1 0.67
CIBERSORT 0.88 0.46 0.51

4.3.4 Characterizing thereast tumoummmune contexture with NNICE

NNICE model was applied to breast tumour GEP datasets (TBR®@A and METABRIC)
to characterize the tumour immune contexture breast cancer patients as previously done in Chapter
3.

First, immune cell type fractions estimated by NNICE was visualized bynhagator both
TCGA-BRCA and METABRIC cohorts; sefigure 4.19. From the heatmaps, stark visual
differences could be noticed between estimates for the two cahehisregd most samples in the
METABRI C cohort were predicted to have high pr

tissue, results for TCGveremore variable across samples.
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Figure4.19 Heatmaps of abundance estimates for immune subsets predicted by computation deconvolution
using NNICE modelfor the twocohorts: TCGABRCA (left); and METABRIC (right). Sum of cell type
fraction values across each row iRbw and column dendrograms show clustering of cases and cell types,
respectively, according to Euclidean distar®atus of diseasiee survival within the followup period and

age at diagnosis is indicated for each row.
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Wilcoxon ranksum statistic wasomputedto identify any immune subsets with significant
differences in abundance between eailge<40) and lateonset (aged0); refer toFigure4.20.
for the stastics along with the violin plot of estimated immune cell proportions for both cohorts.
As expected from the heatmaps, NNICE predicted that bulk tissue samples from METABRIC
cohort are primarily occupied by ®estYoewger cell
patients (age40) in the METABRIC cohort had significantly higher proportion of other cells
medians of 95% in young versus 91.6% older patients (Wilcpxoh.5<10"). However, this was
opposite in the TCGABRCA cohort, from which the older patients were estimated to have higher
proportion of other cells with median of 4.46% versus 3.21% in young patients (Wilgoxon
0.049).For the remaining cell types and in galgthere were no significant differences between

the two age groups that were consistent across both cohorts.
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Figure4.20 Violin plot of abindance estimates for immune subsets predicted by computation deconvolution
usingNNICE model after stratifying each estimate for age group and cellfoy@e two cohorts: TCGA

BRCA (top); and METABRIC(bottom) Each dot represents a patient from whicé blue dots represents

patients who experienced relapse, metastasis, or death due to disease and yellow dots represent all other
patients with no record of such events during the follgpayears

4.3.5 Immune subsets associated with clinical outcomes in btaaser

As previously done in Chapter 3, KM survival analyses were performed to discover potential
associations between proportion of immune subset estimated by NNICE and clinical outcome in
early- and lateonset breast cancels. brief, both TCGABRCA andMETABRIC cohorts were
stratified into young<40) and old40) age groupsas well as being separated into high and low
abundance group for each cell type depending on the threshold value computed by theRmaxstat
packageFigure4.21 shows KM survival curves for samples split into high and low abundance of
myeloid, other, and CDST cellsas estimated by NNIGEell typeswith insignificant resultsvere
excluded. Of the six cell types that NNICE provided cell type proportion estimates for, only the
proportion of myeloid cell type had significant effect on disdese survival (DFS) in the old age

group. In both TCGABRCA (logrankp= 0.026; threshold 5.47% and METABRIC (logrank
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p = 0.018 threshold = 0.17%cohorts, lateonset patients with high proportion of myeloid cells
estimated by NNICE experienced poor clinical outcorSasilarly, patients with high proportion

of ®ther cells were expected to have worse survival outcomes in the METABRIC cohert (log
rank p < 0.0001; threshold = 911%6) but this relationship was opposite in the TGBRCA
cohort (logrank p= 0.027; threshold = 0.88%) from which patients with high foacbf other

cells faired better in terms of disedsee survival Furthermore, high proportion of CD® cells

in late-onset breast cancer patients from METABRIC was significantly associated with favourable
survival outcomes (logank p<0.0001; threshid = 9.77%). This relationship was also opposite

in late-onset patients from TCGBRCA cohort, although statistical significance was marginal at

log-rank p= 0.093 at threshold of 31.42%.
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Figure 4.21 Diseasdree survival KaplatMeier curve for: TCGABRCA (left panels) and METABRIC
(right panels)cohorts, grouped by age groups dridarized intohigh (red) and low (blueimmunecell
proportims for three cell types (myeloid, other, and CD&ells)estimated byNNICE. Threshold to binarize
estimates was determined by maximally selected ranked statistics alg@épittedp-values are from log
rank tests.
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The hazard ratiogHR) for the assaations between cell type fractions and DFS were
guantified by Cox proportional hazards regressismescribed in Chapter Bhe estimated HRs
and the 95% confidence intervals (ClIs) are showhigure4.22. Results from some cell types
were removed if HR estimates were not meaningful with 95% CI range exceedinghnbitsh

sides of the plot axidNo significant results were found except for the-laset (aged0) group,

in which proportions of CDST cells (HR = 0.95; Wald tegt= 3.2%<10°) and ®ot her ~

= 1.20; Wald tesp= 1.13%10") estimated by NNICE was significantly associated with DFS.
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—_
o
3‘ Variable Hazard Ratio HR 95% CI
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Figure4.22 Hazard ratios of each immune cell tyfpgctionquantified byNNICE, as individually estimated

by univariable Cox regression models on disdase survivalwith 95% confidencentervals (Cls) Left
panels show results for TCGBRCA, while the right panels show results for METABRIC cohort. Top panels
show results for young patients with eadgset breast cancer and bottom panels are for their older
counterparts with latenset bbeast cancer.

4.4 Discussion

Enormous success of artificial neural netwofR&NNs) and deep learning in the fields of

computer vision and natural language processing has prompted their application to various

problems in computational biology over the recermiadie. Central motivation of this work was to

develop a novel method of expression deconvolution based on a deep learning framework to
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characterize the tumour immune contexture of breast cancer patients. Because artificial neural
network models have showa dutperform many of the existing algorithnitsyas reasonable to
expect potential improvements over existing methods of expression deconvolution. This research
endeavor, however, was met with numerous challenges.

Firstly, ANNs usually require massive ammts of data to train, in orders of thousands if not
millions, depending on the type of problem. It is not impossible to train on a smaller amount of
data; however, ANNs often fail to achieve convergence with insufficient training data during
training, leading tounstable predictions$n order to overcome this limitation, it was proposed that
models would be trained on artificial gene expression data simulated from se&Ndatasets.

This way, an arbitrarily large amount of psednidk GEPs could be gersed to optimize
performance of ANN modelsUsing smulated GEPsto benchmark and validate tools for
expression deconvolutide not a novel idea several groups have previousliynulatedpseude

bulk GEP datafrom both RNA-seq §4,54] and scRNAseq[96,97. Pseudebulk simulation
involves the following steps: 1) simulation of cell type fractions within each pgaulddonixture;

2) subsampling of single cell GEPs or reads from bulk GEPs in proportions simulated in the first
step; and 3) summation of readsass all features up to a maximum cell or read count. Although
this simulation approach is often used, previous studies have focused on validating performance
of expression deconvolution tools on these datasets; therefidation of the simulation
appoach itself was largely neglectedrtificial datasetssimulated in this way may be poor
representations of real data because-RNK-seq profiles are not simple summations of sScCRNA

seq profiles thahave been subject to many technical biases and efoorsxample, drofuts

This could be one of the reasons underlying poor performance of NNhQEseenreal or

simulated data. There is a need for existing psduwdlo GEP simulatiorstrategies taindergo
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rigorousevaluations to assess to what extenutated datasets resemble real data3éts. way,

new algorithms should be developedjemerate simulated datasets that are increasingly stmilar

real datasets. Computational approach to generate new data is restcie; however, large

scale stues that involves collection of new gene expression and cell fractions data would also

help overcome the current shortage of training data with known cell type proportions data.
Second underfitting and overfitting are two common problems in machine itegarin

particular, preventing overfitting was a major challenge for this project because in the end, none

of the neural network models were able to provide stable and robust estimates for tissue immune

contexture acrosthe three datasets considered (dataed, SDY67, and ABISModels trained

only on simulated pseuelaulk GEP data failed to show robust performances when applied to GEP

from real bulk tissues (SDY67%ince previous works that applied deep learning framework to

expression deconvolution used simple densely connected layers, the model architectures tested in

this project were mostly also variations of dense neural networks. Therefore, there it is yecessar

to test whether different model architectures and optimization strategies have a positive impact on

the performance of expression deconvolution and generalizability of the model to unseen data.
Finally, NNICE model trained on SDY67 dataskd not perfom well on the ABIS dataset

This means that thtrained NNICE model could not generalize well between real dgtadeth

could be because of several factoks mentioned in Sectiof.2.2 while lllumina HiSeq 2000

sequencer was used to generate transcriptomic data fatddaesetsdifferent sequencing (single

end vs. paireénd) and bioinformatics workflows were used to collect and preprocess the data.

These telnical differences could have contributed to the poor generalization of NNICE model

trained on one dataset to the other, despite transforming both datasets to the same range and scale.

Moreover, it is important to consider that the SDY67 dataset was ¢ethdram PBMCs of
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healthy participants between ages 50 and 74, while the ABIS dataset was generated from PBMCs
of healthy participants between ages 20 and 35. As previously mentioned, aging is known to
significantly effect immune composition; therefore,nmmosenescenamay have affected the
robustness of the NNICE model trained on one dataset over the other.

With all things considered, it is difficult to conclude that estimates for immune cell type
fractions by NNICE models trained on either simulatectal data are true and accurate. However,
the abundance of certain immune subgetach as myeloid cellCD8 T cells and other cells
weresignificantly associated with clinical outcomesthre oldersubset of breast cancer patients.
Therefore, althoug the estimates should not be interpreted as grbutial cell type fractions
within tissues, it is also important to recognize that these values have potential to serve as
intermediate risk scores for prognostic use, while providing additional insighthatimmune
contexture within the TME in breast cancer.

Contrary to what wasnitially expected, no significant differences in tumour immune
landscape were identified between eadgd lateonset breast cancer patients. As mentioned in
Chapter 3, thisauld reflect the actual state of the immune landsedfi@n the context of the
TME, which would be different from the global changes in immune cell abundance resulting from
process of immunosenescence. Moreover, it is more likely that any significameddés in the
tumour immune landscape were not detected because the estimates from NNICE cannot be relied
on to be true representations of actual cell type proportions within the tissue anyway. Therefore,
results from this study are inconclusi¥at would be interesting to investigate experimentally
whether the cell type compositions within the TME are significantly different between young and

older patients in breast cancer.
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4.5 Conclusions

Artificial neural network model (NNICE) was able to successfulgower grounetruth cell
type fraction values given unseen bulk mixture gene expression profiles from the same dataset it
was trained on. NNICE was not sufficiently robust to provide consistent performance across
different datasets; however, this could lesalved either with acquisition of additional good
quality bulk gene expression datasets or improvements to simulation algorithms that generate
pseudebulk profile data.lt is difficult to conclude whether estimates from NNICE should be
interpreted as accate representation of the tumour immune contexture; howtnegstimated
values for certain immune cell type fractions showed significant associations with disease
survival in lateonset breast cancer patients, suggesting that these estimatesrovae p

prognostic value.
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Chapter 5.  Significance limitations and future work

Due to the evegrowing interest to characterize the cell type contexture within bulk tissue
samples for research in various fields of molecular biology, computational deconvolugemeof
expression profiles has become an active area of research in the past two. deltiaciegh
experimental methods including microscedpgsed methods such as immunohistochemistry, and
flow cytometrybased method such as fluoresceactvated cell sontig technique, are considered
to be tshan®a@aldd met h o d-suthovdluespof celMyipaedpropogiong, thesa n d
methods remain expensive with respect to time, resources and labour. In comparison,
computational expression deconvolution aitons, once established, have potential to offer a
more efficient way to quantify cell type proportions within bulk tissue samples, especially with
substantial reductions igost of next generation sequencing in the recent years. However,
development of dicient deconvolution algorithm that is robust to the diversity of genomic datasets
have presented itself with unique challenges of its own as disdnsthesithesis

In Chapter 3, computational estimates for specific immune subsets, such'as g made
by TIMER deconvolution tool were found to potentially have significant associations with clinical
outcomes in earhkpnset breast cancer patients. This immune abundsomes was further
validated by GSEA dlist of genes significantly corraled with the CD8T cell estimates, which
showed that the list was enriched for genes related to adaptive immune response. Therefore,
computational deconvolution of tumour gene expression profiles was able to characterize distinct
patterns of tumour infitating immune cells that were significantly associated with clinical
outcomes in earbpnset breast cancer.

However, die to the illconditioned nature of the problem of expression deconvolution

meaning that there are numerous computatiorsalynd soltions from the same input datat is
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unseemlyto expect that single estimatewould perfectly correlate withrue cell type fractions
within the tissueNonethelesseven though the estimated cell type proportions may not resemble
true proportions withi the bulk tissuesit was discussed thahese estimates can provide
prognostic information when interpreted as a type of risk scores that are associated with clinical
outcomes in cancer patients.

This thesisalso encompassed endeavors to apply -statiee-art deep learning and artificial
neural network modelas a potential solution tihe problem ofexpressiordeconvolutionFew
groups have already attempted to make significant improvements over existing methods using
deep learning algorithm86,97. However, heir modelsas well as those tested in this thesis, were
elementary in terms of the architecture because they only consisted of a series of densely connected
layers. Thisshows that research is still nascent in this area of saumlyfuture worlshould focus
on testing more sophisticated model architectures from the rapidly advancing field of deep.learning
Furthermore, in order to train these sophisticated models to be data agnostic or impervious to biases
present in different datasets, thera reecessity for pseudmulk simulation algorithms to be further
refined to generate higher quality of artificddtasets that are reflective of rearld data. With
all things considered, even though there is not yet a-galtlard method for expressio
deconvolution, with future research and developmenhis computational approach hsld
enormous potential to provide novel insights into the cellular composition within various tissues
for research in the diverse areas of biology to ultimately enhaeceaftacity for personalized

medicine.
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