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Abstract

Characterizing complex tissues requires precise identificatiodistiihctive cell types, cel

specific signatures and subpopulation proportiongissue heterogeneity, arising from multiple

cell types, is a major confounding factor in studying individitdjopulations and repopulation
dynamics Tissue heterogeneity cannot be resolved directly by most gloloé&cular and
genomicprofiling methods While sgnal deconvolution has widespreagplicationsin many
realworld problens, there are significant limitations associated with existing methods, mainly
unrealistic assumptions and heuristics, leading to urate or incorrect resulti this study, we
formulate the signal deconvolution task as a blind source separation problem, and develop novel
unsupervised deconvolution methods within the Convex Analysis of Mixtures (CAM)
framework, for characterizing mudscale tissue heterogeneity. We also explanatorily test the

application of Significant Intercellular Genomic Heterogeneity (SIGH) method.

Unlike existingdeconvolutionrmethodsCAM can identify tissuespecific markes directly from
mixed signals a criical task, without relying omany prior knowledge Fundamental to the
success of our approach is a geometric exploitatioiisgfiespecific markes andsignal non
negativity Using a wellgrounded mathematical frameworwe have proved new theorems
showing that the scatter simplex of mixesignak is a rotated andompressed version of the
scatter simplex of purgignak andthatthe resideniarkes at the vertices of the scatter simplex



are thetissuespecific markes. The algorithmworks by geometricht locating the vertices of the
scattersimplex of measuresignak and theiresident markex. The minimum description length
(MDL) criterion is appliedo determine the number of tissp@pulations in the samplBased on
CAM principle, we integratednomegative indeperaht component analysis (nICA) andnvex
matrix factorization (CMF) methodslevelogd CAM-nICA/CMF algorithm and appliedhem
to multiple gene expressigmmethylation and protein dataset&hieving very promising results
validated by tk ground truthor gene enrichment analysi®We integrated CAM with
compartment modeling (CMand develoged multi-tissue compartment modeling (MTCM)
algorithm testedon real DCEMRI data derived from mouse modelgth consistent and
plausible resultsWe dso developed an opesource Rlava software package that implensen
various CAM based algorithmscluding an R package approved by Biocatduspecifically

for tumorstroma deconvolution.

While intercellularheterogeneity is often manifested by muéiplones with distinct sequences
systematic efforts to characterizentercellular genomic heterogeneity must effectively
distinguish significant genuine clonal sequences from probabilistic fake deriv&@ases] on the
preliminary studiesoriginally targeting immune T-cells, we tested and appliedhe SIGH
algorithmto characterizéntercellularheterogeneity directly from mixed sequencing re&iGH

works by exploiting the statistical differences in both the sequencing error rates at different
nucleobass and the read counts of fake sequences in relation to genuine clones of variable

abundance.
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Chapter 1

| ntroducti on

1.1Background

1.1.1TissueHeterogeneity

Tissue heterogeneity, arising from multiglebpopulatiog serves as bota major cofounding

factor in studying individualsulpopulationsand an underexploited information source in
characterizing complex tissudd, 2]. Since the interactions betweesubpopulatios are
fundamental to both normal development and disease progresamacular analysisof
subpopulations in their native mieavironment provides the most accurate picture of their

vivo state® . Often defined bysubpopulatiorspecificmarker gnes (genes whose expressions
are exclusively enriched in a particulaubpopulation[5, 6]), complex tissues can then be
characterized regarding the identity, composition, and expression profile of possibly novel
subpopulation§7]. Tissue heterogeneity cannot be resolved directly by global profiling methods,
because they can neither identify differentially expressed genes between different subpopulations
nor distinguish between cailiutions of different subpopulations to the total measured gene
expressiorl, 7]. Therefore, it is not possmito tell whether expression change reflects a change

in subpopulation composition, a change in subpopulapatific expression or bath

A more specific, but highly relevant phenomeriontratumor heterogeeity, has been found in
many canceras evidenced bgleep sequencingelectivelyapplied to different parts of the same
tumor[8, 9]. Cancer cells display remarkable phenotypic variability, including ability to induce
angiogenesis, to seed metastases, and to survive thérafy11]. Advanced solid tumors often
contain vascular compartments wifstinct pharmacokineticcomprising hypoxic regions and
spatially mixed iregular vasculature that is leaky and inefficj@@t 13]. The complexity of

heterogeneity has clinical implicatiand more heterogeneous tumor is more likely to fail



therapy due to increased druggistant varianfd, 10], and characteristics of the dominant cell

type will not neessarily predict the behaviaskinterest rooted in specific cellsl].

Occurring in multi-scale biological activities, including gene expressibiNA methylation,

DNA copy number alteratiormnd biomedical imaging;haracterizingissue heterogengithas
attracted great attentidinom biologists, pathologists and gineers working in bioinformatics
domain. Currently, an experimental solution to mitigate tissue heterogeneity is to isolate
subpopulations before molecular profiling, via supervised cell sorting or microdissgctich.

Cell sorting separates cells accordingr&miouspropertiesof different cells and the three major
types of cell sortingechniquesare fluorecent activated cell sorting (FACS), magnetic cell
selection and single cell sorting. FACS is a popular experimental method used to sort a
heterogeneous mixture of cellsaser capture microdissection (LCMantarget andsolat cells

of interestfrom a heter@eneous tissue specimib).

However, theseexperimentalapproachesare expensive, biased, inapplicable to previcusly
assayed saples, and may alter the original gene expregdpr]. Many computational methods
have been developed to addréissue heterogeneity, but most of th@erform a supervised
deconvolution that either estimates emdecific expressions based on externaltyained
constituent proportion$2, 4, 11, 16], or estimates constituent proportions using previeusly
acquired celspecific sgnatureg5, 17-22]. Since getting the prior information relies largely on
experimental solution$l, 4, 23], the most relevant limitations remain unsolvédoreover,
marker gene expressions are contezpecific [3, 21, 24] and novel subpopilatiors are often

undetectable using standard histopathology and so greatly limit supervised approaches

1.1.2 Multiform molecular heterogeneity
Tissue heterogeneity can happanmultiple levels of biologicalunits or processes, such as

molecularevd, phenotypicor functional level.

Gene Epression
At molecular level, gne expression is th@roduct of a process called gene transcription, i.e.,

MRNA that serve as the basic unit &ymthetizng a functional gene produetproteins Gene



expression pofiling is the measurement fothe activiy of tens of thousands of genes
simultaneouslyGene expression profilggovidea global pictureabout variousellular function

[25]. DNA microarray is a high throughput technology that can measure the expression levels of
tens of thousands of genes simultaneousBequence based techniques, especially the- next
generation sequencing (NGS)shkhecome more and more gutar in recent years. RNA
sequencing (RNASeq) provides an alternative to microarrays to discover and profile the
transcriptomg26]. Compared to microarrays, RN8eq has higher specificity and sensitiyity

and enhaced detection of differential genes, but its cost is also much higher than microarrays.

DNA Methylation

DNA methylation occurs at the cytosine baseguiaryoticDNA, which are converted to-5
methylcytosine by DNA methyltransferase enzynmethylationhasbeenobserved to play a
crucial role in mediating gene expressidstudiesshow that methylation near gene promoters
varies considerably depending wariouscell type The more methgtedof promoters, the lower
the gene expression levdl$5. Moreover althoughoverall methylation levels are similar in
individual humansthe specific methylation levels between different tissue syped between

normal cells and cancer cells from the same tisanebe significantly different.

The role ofdifferential methylatiorin cancer progression has been studi&d, and there are a
number of survey®n DNA methylation inother common diseasg15, 28]. However,robust
association of specific methylation alterations with a common diskease comprehensive
genomewide methyléion analysishas not yebeendemonstratef29]. One of the reasons is that
DNA samples available for methylation analysis are generally derivedHetenogeneous cell
populations, aneach of the functionallglistincive cell sulpopulations in one sampleas its
uniqgue DNA methylation signatureg26]. Cellular heterogeneity may act as a potential

confounder wheinvestigating DNA methylation.

Dynamic Contrast-Enhanced Magnetic Resonance Imaging
Magnetic resonance imagiigIiRIl) is amedical imagingtechnique used to investigate
theanatomyand physiology of the bodyit has been widely used for medical diagnosis in

medical institutes. Pnamic contrasenhanced magnetiesonance imaging (DCHRI) is one


http://en.wikipedia.org/wiki/Medical_imaging
http://en.wikipedia.org/wiki/Anatomy

way to analyzeblood vessels generated by a tumomprovides a noninvasivia vivo methodto

evaluae tumor vasculaturarchitecturs based on contrast accumulation and wagi@,80].

While DCE-MRI can potentially depict the intratumorheterogeneity of vascular permeability
[31], the quantitative application dDCE-MRI has been hindered by its inability to accurately
resolve mixed vascular compartmentwith distinct pharmacokinetics due tmnited imaging
resolution[13, 32]. This indistinctionamong thecontributions of differentompartmentso the
mixed tracer signalsancorfound compartment modeling and deep phenotyping for association
studieq 11, 33, 34].

1.2 Objectives andProblem Statement

While accurate characterization of tissue heterogeneity plays a critical role in understanding
disease mechanisamd intercellular crosstalkeffectiveanalytcal tools to address this problem.

To characterizecomplex tissueheterogeneity we propo® to identify celtspecific markers
directly from multiple heterogeneous samples, and to estisudgmpulation proportions based

on marker expressisn

Basically, the expression level of a heterogeneous sample is the weighted sewergf
underlying subpopulatida expressiofi7, 35, 36]. Mathematically the relatioship between the
heterogeneous samples and the underlying stddbopulations can be expressedXas AS,
where X is the measuremengignal such as gene expressisignals methylationsignals or
imaging pixel valuesobtained fromheterogeneous samples,is the mixing matrix (the
proportion$ of underlying cellsutpopulations, and is the measuremeignalsof pure cell
sulpopulations Supervised methods ofteely on theprior knowledgee.g.,A and Xto identify
S, or Sand Xto estimate A. Tese methodsanachieve accurate estimationly when the prior
knowledge isaccurate, relevant andeliable, thus would be limited in many real world

applications

Blind sourceseparation (BSS) algorithms, which are used to blindly separate from observed

signals X into source signalss, may provide viable paths to address tissuetelhogeneity.

4



However, most classic BSS algorithms are basecediainassumptions that cannot be satisfied

in many biological applicationsFor instance, Independenbmponentanalysis (ICA) requires

that original sources should be independent and-@anssian[37], while most biological
processes are highly correlatégbr examplein gene expressiommost genes are housekeeping
genes that have similar expression levels in almost all the cell, tyggsh means thathe
correlationcoefficientof gene expression profiles between thiferentcell typescan be as high

as 0.9. Principatomponent analysis (PCA) transforms a set of observations into a set of linearly
uncorrelated variablesThis propertycannot be satisfied by most biological measurements.
Nonnegative matrix factorization (NMF) decomposes observations i@ nonnegative
matrices without constraint on data distributj88], andits solution careasily get stuck in local

optimadepending omlgorithminitializations

Motivated bythe importance ofcomputationally resolvingissue heterogeneity, waopose to
addresghis problemwithin a wellgrounded mathematical framework, called Convex Analysis
of Mixtures (CAM). CAM providesnew theoremghat showthat the scatter simplex of mixed
signak is a rotated and compressed version of the scatter simplex cignab and the resght
markes at the vertices of the scatter simplex are tibguespecific markes. The minimum
desciption length (MDL) criterion can be used to determine the number gioguitations in the
mixtures. We combined CAM framework with nonnegative independentponent analysis
(nICA) or convex matrix factorization (CMF) methods develop a completely unsupervised

algorithmto accurately dissetissue heterogengifrom the original signal mixtures

We have successfully applied this approach to gene expnesethylation, proteirand DCE

MRI data, achieving promising results validated by ground titigprovides the only validated

tool to identify marker genes and to resolve tissue heterogeneity in the pubic datasets. The
significant advantage of omnethodis its ability to detect novel marker genes in an unsupervised
way usingthe data obtained froncomplex tissue samples. Importantly, CAM does not require
the presence of pusubpopulation samples (phenotypic archetypgd)40], and by exploiting

solely the mixing diversity in scatter space, CAM is more powerfullistinguish between

phenotypically similar sopopulations Supported by the MDL model selection, the benefits of



CAM method include its wide and unbiased applicability, and exciting potential for

characterizing subpopulations in tissue remodeling

Another effort we have made ido characterizeintercellular genomic heterogeneityy
distinguishing significant genuine clonal sequences frgmobabilistic fake derivatives. The
method is calledSignificant IntercellularGenomic Heterogeneity (SIGHWwhich works by
exploiting the statistical differences both the sequencing error rates at different nucleobases
and the read counts of fake sequences in relation to genuine clones of variable abundance.

In summary, the specifimbjectives othis researcinclude

1. Develop afully unsupervised signal deconvobn method based on the CAMamework,
aimedto address tissue heterogeneity problem

2. Apply CAM algorithmsto gene expression and methylation datacharacterimg molecular
tissue heterogeneity

3. Apply CAM to DCEMRI datafor dissectingntratumor vasculaire heterogeneity

4. Develop CAM softwargoolsto implementvariousCAM based algorithms

5. Testand apply SIGH algorithm to characterimgercellular heterogeneity dirdgly from

mixed sequencing reads

1.3 Organization of the Dissertation

The remainder ofhis dissertation is organized as follows.Chapter 2, we introduce the CAM
(Convex Analysis of Mixtures) framework, in which vekevelopa series of newly prove
theorems to demonstrate the feasibility and applicability of this framefworgeparating no
negative and dependent signal&e then proposeand implementpractical and effective
algorithms under this framework p@rform signal decamlution in variousreal worldscenarios
In Chapter 3, wevalidate and applyhe proposed methato resolving issue heterogeneity on
multiform data- gene expression, methylation and DUIRI data. We also introduceavaR
CAM softwarepackageand its useful featuretn Chapter 4, weliscuss the specifisolution for
two-source deconvolutiofor tumorstroma dissetion, andour UNDO R package. In Chapter 5,

we introduce theignificant IntercellularGenomic Heterogeneity (SIGHnethodology and its
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application to immune sequencing ddtmally, the major contributionsof this work and the

future work are summarized Chapter 6.



Chapter 2

Convex Analysis of Mixtur

2.1 Introduction

2.1.1Machine Learning Algorithms for Signal Deconvolution

The existing machine learning methods for signal deconvolution are either supervised or
unsupervisedvith some assumptiondinear egression and ordinary least squares based data
deconvolution approaches have been used to resolve tissue heterogeneity pfokbedi-43].
Although these supervised methods are very easy to use and can be highly effective, the major
disadvantage is that the accuracy of the signal deconvolution depends highéy cqurality and
relevance of the required prior knowledge. When the prior knowledge is inaccurate in relation to

the specific applications, the deconvolution results can be unreliable or even incorrect.

On the other hand, Blind Source Separation (BSS)oagpes, including PCA, NMF and ICA,

are unsupervised methods for signal deconvolution. They are based on various assumptions and
principles, thus are applicable to different applications. PCA represents the most popular matrix
factorization method that usean orthogonal transformation to convert a group of possibly
correlated variables into a set of linearly uncorrelated variables. Although multivariate normality

is not a strict requirement, PCA works well when this assumption is satisfied. The useref lowe
rank PCAs to represent the original data is probably the most widely used dimension reduction

technique in practicpt4].

The NMF method was first proposed by Lee and S¢@8pwith the main application to face
recognition. With specifically designed learning algorithms for matrix factorization, NMF
produces pas-based representation of original data using so| | e df adceeisgbe nor prot
faces. The differences arise from different constraints imposed on the matrix factors. The
original NMF only allows nomegative entries in the two matrix factors. The @gpfte behind



NMF isthatthenomegat i vity constraints can be interpr
to form the whol ebd. The major unresolved prob
that the factorization solution is generally aamqgue and depends highly on the initial
conditions of the learning algorithm. Thus, in real world applications, the matrix factorization

may always produce a meaningful pattern from the data. In fact, although NMF exploits-the non
negativity of the hidden veables, the statistical dependencies among the variables or parts are

|l argely ignored. I n other word, NMF cannot <ca
parts. To address this problem, several relevant algorithms, mainly by exploiting ndiffere
constraints, have been reported, including sparse NWBF46], constrained NMH47], and

graph regularized NMF8], however with only limited success.

Unlike classic PCA, the ICA approach assumes that the underlying sources-&aussman and
statistically independent. Two popular definitions of seumdependence in ICA are used to
seek decomposition solution. One is to minimize the mutual information between the estimated
sources, measured by the Kullbdakibler Divergence or maximum entropy. Another one is to
maximize the notGaussianity, measutdoy the kurtosis or negentropy rooted in the central limit
theorem (CLT). ICA, as a widely used BSS method, has two ambiguities. One is that the scales,
including the signs for the source and mixing matrix entries are unknown, and another one is that
the order of the independent components cannot be deterfd8gdlhe two ambiguities exist

in most BSS algorithms, but they are often insignificant in most applications and can be

eliminated by adding extra constraints.

These methods have been successfully applied te sodny BSS problems in many areas. The
applications of these methods to biomedical data have been problematic, because the major
assumptions behind these methods are no longer valid in many biological data. For example,
many biological processes and thgane products are highly dependent. In fact, most genes
participate in more than one biological process, implying that those processes are correlated.
This is why the algorithms based on the independency assumption, such as ICA and its variants,
will fail when analyzing biological problems. While the freegativity assumption in NMF is
largely valid in many biological applications, the decomposition results obtained by NMF is

often difficult interpret, in addition to the namiqueness of the solutions. Adiugh imposing



additional sparsity constraint can result in unique solution, there is no evidence to show that the

co-occurrence of biological process should be sparse.

Another critical and highly relevant issue, which has not been resolved, is hoverimidetthe
number of underlying sources in BSS problems. Model selection is still a pending issue and most
BSS algorithms assume that the number of underlying sources is known. Clearly, diegermin
the correct number of sources is a prerequisite step welaf@ng a fully unsupervised
deconvolution approach.

2.1.2 Ourapproach

Motivated by the concept of convex analysis, we propose a novel method to solve nonnegative
BSS problems, called Convex Analysis of Mixtures (CAM). Within the CAM framework, the
independent/uncorrelated assumption for underlying sources is no longer required. Instead, the
CAM principle can be derived from the assumption of local dominancegnalinded points

among the sourcgs0, 51]. We assumed that, for each of Amggative sources, there is at least

one point that has positive value in t®his so

sources. The assumptions can be expressed as, Medlenote a probability measure:

P{S<0} 6, i 172,...m (2-1)
P{§=0,$ ®} CG,jlL2.mi | (2-2)

These two assumptions are often satisfied in real world biomedical applications. For example,
the values of image pixels are always nonnegative and there are oftewentapped image
regions. Moreover, gene expressions are alwaysnegative and distinct subpopulations are
logically defined by the subpopulatkmpecific genes whose expressions are exclusively

enriched in that subpopulation.

When these assumptions are satisfied, the mixtures of sources confine an affine hull,l@d can
projected on a simplex resulting in a convex hull. Our method aims to find the vertices of the
convex hull, which correspond to the column vectors of the mixing matrix. We then formulate a

model selection scheme based on the Minimum Description Léhtdh) criterion, rooted in
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the information theory, to determine the optimal number of underlying sources. In the next few
sections, we review the basic concepts in the CAM framework, followed by the discussions on

the algorithms we developed to solve t&Bproblem under the CAM framework.

2.2 Formulation and Identifiability of the CAM Model

In the CAM frameworkwe only considelinear instantaneous mixture of nonnegative sources.

Then,the lineardatent variablenodel can bexpresed as
X=AS (2-3)

where X e R"*N is theobservatiommatrix with M denotingthe number obbsened mixtures
and N denoting tle data lengthA ¢ R™** is the mixing matrix withK being the number of
underlying sources; nel Se R¥™™ is the nomnegative source matrixThe key difference

between our CAM framework and NMFtisat, the CAM formulatioronly assumesourcesS to
be nonnegative, while the mixingroportionsA or observationgan be negativelhe equation

(2-3) can also beewrittenin a vector format as
. K . - .
X j=>as §,i=1,2.Mj=12.N (2-4)
k=1

where a is theikth entry of mixing matrixA, x j is the measurement level dhe’® Eata

point inith observed signal/samplands, j represents the measurement levethef® Hata

point in kth source signalln most applications, we hawe > M / K.

2.2.1 BasicAssumptions andRelevantConcepts
The goalof BSSis to retrieve source and mixing magsfrom the observatiomatrix. The word
fiblindd in the name came frorthis concept We first discuss the necessary and sufficient

conditions, in the form cdissumptiongo assure thalentifiability of the CAM model

11



Assumption 1 The number of observations is larger than the number of souecgdd, > K ;
Assumption 2.The mixing matrix A has full column rank;

Assumption 3.Every source is welgrounded, that idfor each source there exists at least one

data pointh at which§(h >0 ands (h)=0,i,j=1,..K \ =i ;

K
Assumption 4.Each row sunin A is unity, i.e.Za,.j =1.
j=1

Assumptionl and Assumption 2 are the two basic mathematical requirements for any valid
matrix inversion operation, thus are not the specifsuagptions made for the CAM principle.
Assumption 4 is simply for the mathematical convenience but not a strict requirement for the
CAM algorithm and this assumption can be easily met by mathematical transforms. It should be
noted that Assumption 3 is a goe requirement by the CAM framework, and serves as both a
necessary and sufficient for the iddiability of the CAM model. This assumption again is valid

in many real world applications, particularly in biomedical data. For exanmphbparse datat

many datapoints there will bepositive values in one sample, and zero value in all the other
samples.In molecularprofiling, the expression values ofarker genesvould behighly and
exclusivelyenrichedn one subpopulatiothus represent exactly tinell-grounded points.

Based on the BSS model, a series of condeptenvex analysishould be introducetb help
understand the solution smchproblem.We briefly introduce several important concepts first to
make the following algorithms readily undenstlable.

A coneC meansthatfor everyx i C andg 2 0, we havegx i C. A convex cone is convex

and cone, which mearisatfor any x,, x2i C andg,, g2 0,we havegx, + &, iC.
A setCl R"is affineif any point on the line through two distinct points@nalso lies inC .

This idea can be generalized toore than two pointsi.e, a pointgx +... +gx , where

g +.. +g tandx,..,x | C,is anaffine combinatiorof points x,...,% , andalso belongs to

12



the affine seC. The set of all affine combinations of points in someGét R" is called the

affine hullof C, and denoted afC [52]:

affC = {gx+... +gx |%...x IC,,q % ,+q} (2-5)

Convex sethas quite similar definition as affine set excepat the parametersmust be

nomegative. A seC is convex if the line segment between any two point§ iies inC. A

point of the form gx +.. +gx , where g +.. +g % and X,..,xI C, along with

6. >0,i =1,...k is theconvex combinationf the pointsx,,...,% . A set can be called convex if

and only if it contains all the owex combinations of its point€onvex hullof a setC is the set

of all convex combinations of points @, which is defined ag52]:
coldC= O x+.+0% [x,.xc Co+ .+0,= 8> 0= 1.k (2-6)

It is the smallest convex set that contaihs

Polyhedra are an important family of convex sets, which can be defined as the solatfontef
number of linear equalities and inequalities, so a polyhedron can be viewed as intersection of a

finite number of halfspaces and hyperplanagolyhedron is defined as:

P={x g x¢thiEx.me¢x & jlL=n (2-7)

Simplex is a specialcaseof polyhedron.Suppose there ark+1 pointsv,,...,v, € R" that are

affinely independent, which means that-v,,...,u, —v, are linearly independenthen the
simplex defined byhese pointss:

conv vg,...p, =0w,+ ..s+0v, b, ,..0,> on= : (2-8)
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An important concept in convex settige extreme point, whicthas many good properties to
make it useful irsolving convex optimization problem#&n extreme point of convex setin a

real vector space is a point @ not lying in any line segment joining two points ©f

2.2.2 Identifiability of CAM model
We now discuss identifiability of CAMmodel under the aforementioned assuiops via the

following definitions and theorems

Definition 2.1 (Vertex)Consider a polyhedroR . A point )(Oi P is called a vertex i, is the

unique solution ofn linearly independent equations froAx =b .

Definition 2.2 (Well-grounded pointsihe source da points which satisfie (i, qp,) =€, are
called weltgrounded points (WGPs), whefe} are the &andard bases which are the axes of

the first quadrant.

Given a polyhedrorP and )(Oi P, X, is a vertex if and only if it is an extreme point. According

to Minkowski-Caratl? odory Theorem [53, 54], a convex set can be representgdubing the

extreme points of the convex séthus, if we know the coordinates of the vertices of the convex
set, the entire point set can be represented in terms of the vdnieemther word, if we know

the vertices of a convex set, wetuallyknow the whole set.

After introducing thee basic concepts, let us get backeguation 2-4). Since g, [ R and

S, I R*, the source matrix and observation matrix define two convex cAmesasyoperation

called perspeate projection can help us project the two wex cones on a standard simplex.

The standard -simplex is the subset &"* given by [26, 27].

D" {(ty...t,) R™[A.t 15t O%nd =1,.n (2-9)

Thenwe can get two convex sets, which are very helpful in the problem formulation.
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S =% (2-10)
a kzlskj

. ey
a i=1)§J'

It is easy to conclude from the above two equations that the difference begyegrand

s/ % is up toonly a scale.

In thefollowing sections, we will use; to represenbg'j , § to represens'j and X to represent
X', S to represent for the sake of conveniencexcept when we specifically mention the

and s; before projection.

Lemma 2.3 Suppose that Assumptions (2) hold$e vertices of the convex hutbnv{A}
formed by mixing matrix are coinn vectorq a,...a,} of mixing matrixA up to a positive scale
ambiguity.
Proof of lemma 23 According to the definition of convex huton{ A} can be expressed as:
o K < K .

conv{ A} :{aizlqiai lal A, 4, g=1, g%i 1:‘,..,K}
SinceA is full rank, a,,i =1,...K are linearly independent, so we can conclude that
a iK:lqiai =0ifandonlyifa =0, 1 %...K. Thus,a,i =1,...K can only be a trivial convex

combination ofa;, a,, ..., . Then definition 2.helpsus finish the proof of lemma 2.3

Lemma 2.4 Supmse that Assumption (33 satid§ied. The vertices of the convex hutbn{ S}

formed by source matriare{e, e,..., €} wheree(i=1,...,K)is the unit vector withith entry

equal to 1.

Proof of lemma 2.4According tolemma 2.3the convex hull confined by K standard bafe$

projected on K1 simplex hage, €,..., €} asthe vertices
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conv{E}={ g Tzla]ej le, IE, @ %}
Since assumption (3) is satisfied, we have \gediunded points in each souree have
conv{S}:{a < (e Is () zc}

The proof olemma 2.4s completed.

Lemma 2.5 When Assumptions (2) and (3) holthe convexhulls con{A} and cony{ X} are

identical.

Proof of lemma 2.9n the light of definition of convex hull, any poimti con{X} can be
represented by

v=a..ax(i) =8, aas(i) ~ a. ().
wherea, 2 0 and § | a;s(i) is aK dimensional nomegative vectorTherefore,vi con{A}.

We havecon{ X} I con{A}.

On the other handgl be the indi cwlsexc(igle(k)éli WM& set,

{lwortyr--- wo]
s etk 0 u k. Eorany pointv C{A} , it can be represented by
v=a ::la & = é:i_a—k x(iWGP(k))
S (uerto)
wherea, 2 0, "k i{1...,K}. Obviously,tavk/3<(r1,\,(3},(l())2 0, sovi con{X}, and we have

provedcon{ A} I conyX}.

From Lemma2.3 and 2.4the mixing matrix of observed matrix can be determined by the

vertices ofcony{ X} .

Theorem 2.6 (Unsupervised identifiability) When Assumptions (1), (2) dn(3) are satisfied,

the column vectorda,...a,} of mixing matrix A can be determined by the coordinates of
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vertices ofcon{ X} with scale ambiguityThis ambiguity can be eliminated when Assumption
(4) holds.
Proof of theorem 2.6n lemma 2.5we have proved thaton{ X} and con{A} are identical.

With the help of lemma 2,3his theorem is readilgroved

Thecritical point of solvingBSS problem in our formulation is to find vieds of the convex set
definedby the observed matrix X, whicban subsequentligelp determine the mixing matrix.

Then the source matrix can be computed by using nonnegative least square algontake

sure the sources are nonnegatiNes not a trival work to identify those vertices, especially
when the interference of noise cannot be ignored or the number of data points is too large to be

searched exhsstively.

2.3CAM Algorithms

So far, ve have discussetthe CAMframework underideal scenarig, for solving BSS problems
in whichthe four assumptiorare satisfiedin this section, we develop a series of algorittimas
implement the CAM frameworin real world scenarigén the presence afoise or outliers.

2.3.1Data Preprocessing
The first ¢ep in data preprocessing is tmplementequations (211) on the original observed
data toconstructa convex hull.Then the properties of convex hull we discussed in the previous

sectioncanbe exploitedin the data decomposition.

In signal processingo achieve expected results, how to eliminate or reduce the influence of
noise is a cruciatask that cannot be ignoredClustering is an effective strategy for noise
reduction.Besides, when the number of data point is up to tens of thousands, theyetfc
algorithms will be downgraded greatl¢lustering can be viewed aspaocedurethat down
sampla the original datasetddany classic clustering methods, such as&ans clusterinfp9],
hierardical clustering[56], have beenextensivéy usel in science and engineering areas.

However, hierarchy in hierarchical clustering is often complexdifidult to interpret Another
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problem of hierarchical clusterings that every decision is deterministic. Once a point is
incorrectly grouped into one group, it cannot be reevaluated in the laterAHadgterminations

are based on local decisions, and using different distance metric often results in different
clusiering results. Kmeans is a quite effective techniqltas fast and easy to interpret, while the
major disadvantagesclude (1) it is very sensitivao the initial choice of clusters; (2) the

number of clusters has to be defined in advance; (3) i ofiavergsto local optima.

In 2007, Frey and Duedk7] proposeda novel clustering method called Affinity Propagation
Clustering (APC)which performs clustering through passing messages between data points.
Cluster cengrs,or exemplas as calledin APC, are not chosen randomlyhe initial choice is
relevantwith fipreference that can be specified by usdefore runnig the algorithm, and often
leadsto solution close tmptimalone NegativeEuclideandistance is usetb measure similany
between all the data points, and the similarity matrix is the input of. APQice property of

APC is that the number of clusters does not need to be specified since the algorithm can
determine this by evaluating the value of preafiess, which are the values on the diagonal of the
similarity matrix. The data points wittargervalues are more likely to be chosen as exemplars.

Two kinds of messages responsibility and availability exchange between data points.

Responsibilityr(i,k) is sent fromdata pointi to candidate exemplgk , which indicates that

how strongly each data point favors the candidate exemplar over other candidate exemplars.

Availability a(i,k) is sent from candidate exemplirto data poini which indicates tavhat

degree each candidate exemplar is available as a cluster center for the data point.

Initially, all theavailablities are set to zeraa(i, k) = 0. Responsibilities are computed as:
rik)« s(,k)- klm?Xk{a(i,k') 4s(i, k )} (2-12)
stk,

This step makes all candidate exemplars compete for ownership of a datal peietfective
values of iput similarities will decrease while candidate exemplars will be removed from

competition.
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The update of availabilities is as below:

a(i,k) « minfO,rQ(,k)+ a max{O,r('k)}? (2-13

i's.ti{i,k} |

Self-availability a(k, k) reflects the evidemc that k is an exemplar based on positive

responsibilities sent to candidate exemplar k from other points

alk K« & max{o,r( k) (2-14)

i's.til{i,k}

After clustering, the data pointtustered intanultiple clusters.The number otlusters depends
on the pattern of the data we want to analyze. In our applications, this number is usually from ten
to hundredsThenthe exemplarin each clustecan be used to represeaalt the points in this

cluster.

2.3.2 Vertex Clusters Searching

To identify theverticesof convex setX (scatter simplex of mixed expression profiles)e

performed CAM onthe obtainedM cluster center%gm} of gene vectorsWe assumed true

vertices anctonductedan exhaustive combinatorialaeh (with totalC}' combinationy based

on a convexhull-to-data fitting criterion, to identify the most probalievertices We used the

marginof-error

On A ., a9

dm,{l,...K}i o - a'[“'Zl

=K
J a9 a, «al (2-15)

dm{l...K}icy =0 if g, is inside X. We then select the most probalie vertices when the
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correspondingum ofthe margin-of-error between the convex hull and themainingi e x t er i or 0

cluster centers reaches its minim{68-60]:

{ Oy K*} =argming n'\:lzldm,{ T (2-16)

""" {1,.K}i c!

Subsequently, we identify the indices wkll-grounded pointsbased on the memberships

Although exhaustive searchrovides a feasible wayo find the optimal solution the

computationaltime increase exponentiallyas the number of clusters increasés we know

from previous theoremslata points insideonv{ X} has no influence on the fitting criterion, so

it is not necessary to search tle cluster centerdnstead we only need to search the cluster
centers that are the vertices of the simplex formed by obsersalioideal scenariovithout
noise and outliersthose verticexorrespond to column vectord mixing matrix with scale
amhguity. When noise or outliers exist, althoughsikring has helped us reduce the iotpe
noise and outlierdy using the cluster centén represent each clustet,is still possible that

some cluster centers will be outside the convex hull formatidgolumns of mixing matriXn

another word, the number of vertices ain{ X} may be larger than the number of sources

under nonAdeal scenarioThe searching can be performawly on all the vertices but not on all
the cluster center

The QuickHull algorithni61] provides us a fast and efficient way of calculating a convexoffiull
a point set.QuickHull uses thealivide and conquestrategy,an important algorithm design
paradigmlts core idea isecursively beaking down a problem into two or maebproblems of
the same type, until they become simple enough to be solved difidotyQuickHull algorithm
in high dimension space is much more complex than the case in two or three diméefiones.
we introducethe general case, we need to know some definitions in convexThallboundary

elements of a facet are calladges A facet isvisible for a point if the point is above the facet.
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The boundary of the visible facets is the setaizon ridgedor the wint. A point is in a facés

outside set only if it is above the facet.

QuickHull Algorithm:
From the previous analysis, the dimension for the convex hull defined by observed data points is
M - 1, the number of data points is the rhanof cluster centers
(1) Create an initial simplex oM points by selecting points with either a maximum or
minimum coordinate;
(2) For each facet- and each unassigned poipt, if p is aboveF , it is assigned td- G
outside set;

(3) For each faceft with a norempty outside set, select the furthest pgmtf F G outside set;

(4) Initialize the visible se¥/ to F ;

(5) For all unvisited neighborsl of facets if pis aboveN, addNtoV . The set of horizon
ridgesH is the boundary oY ;

(6) For each ridgeR in H, crede a new facet fronR and p, and link the new facet to its
neighbors;

(7) For each new facef and each unassigned pomtin an outside set of a facet\n, if g is

aboveF , assignq to F & outside set;

(8) Delete the facets iw .

QuickHull can help us find all the kté&ces of the convex hull defined by observaixing signals
based on which the search for the most possible K vertices representing the columns of mixing
matrix can be performed with high efficien@yfter the mixing matrix is determined, the sources

canbe calculated by using nonnegative least sqalgaithm.

2.3.3 Nonnegative Independent Component Analys{alCA)
The previous subsection providesstraightforward way to determining theixing matrix by
directly finding the coordinates of verticeslternatively, this problem can be solvédm a

totally differentperspective.
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Nonnegative ICA (nICA) algorithm was proposed by Oja and Plumbley in p&#)4Suppose

thats is a vector of nonnegative wafounded independent unariance sources,i=1,...,n.
Let y=Us. U is a square orthonormal rotatiohhen if and only if ally, are nonnegativethe

elementsy, of y are thegpermutation of the sooes S [63].

To reduce the BSS problem timding the correct orthogonal rotatiahe first stage is to whiten

the observation matrix, that is, to find a n® n whitening matrix vV that satisfies
a ,=E{(z 2(z 9"} fwith Z=E{3 , wherez=Vx. Suppose thaE is the orthogonal
matrix of eigenvectors of the data covariance mat@;gx:E{(x -X)( X §<)T} and
D=diag(d,...,d,)is the diagonal matrix of corresponding eigenvalu&ken, a suitable
whitening matrix isV=é5'1'X1'2 ED YE" with D'V*=diag(d™?...,d ¥?). To avoid losing

information about the nonnegativity of the sourf®§, we do not remove the mean of the data.
With successful witening the axes of the original observatidmscomeorthogonal to each other

asshown inFig. 2.1.
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Figure 2.1 (a) The scatter plot of original data (b) The scatter plot of whitened data

When we rewritey =Us asy =Wz with Z being the whitened observation vector and

being an unknown orthogonal rotation matrix, the problem is transformed into finding an
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orthogonal matrixw to rotate the whitened obsex matrix Z to make all the whitened
observation nonnegative after rotatidimus, a suitable cost function used to determine whether

we have found the optimaV is quite critical, and can be constructedG3:

J(W):E{||z -2||2} E{Hz Wy* 2}, (2-17)
Y =5 Yo s
y, =max(0y )

Specifically we want to find a matrixv that minimizes the cost functiordefined abovewith

the minimum value of zero. This can only be obtained when all the are nonnegative,

otherwise, thetruncationprocess will truncate the negatiwe, and the result of above cost

function will be larger than zer@he cost function haanother desirable property that it has no

local minima in the Stiefel manifold of rotation matrices.

Finding the minimumpoint of the cost function is to search a rotation matixthat can rotate

all the whitened datgoints into the first quadrantA natural idea is to consider gradient
algorithm under the orthogonality constraint.way to do the constrained minimization by
gradient descent is to divide each descent step into two[p&d]tsa step in the direction of the
unconstrained gradient, followed bysalsequent projeatn of the new point onto the constraint

set.For vectow, , the update rule is the unconstrained gradient descent step with stgp size

W, =w, -gﬂ w, 2-B{min(0,y )3 (2-18)

The vectorW, is projected onto the orthonormal constraint set

W = (WW Ty VAW (2-19)
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where W is the one with row vectow! . In our algorithm, we performed nICA on all ttata

points from the K vertex clustevge got from the vertex searching step

2.3.4Convex Matrix Factorization (CMF)

Since Lee and Seung first proposed NMF in 1999, many algorithms and variamsvaloped
based on the original algthm. It has been primarily applied to unsupervisiedompositiongn
image and natural language processMagst recently, thigpproachhas found its way into the

domain of computational biolod®5] [66].

The simplest model udein NMF is of the form equation (3). There are manylifferent

strategies talefine the cost functiorD(X || AS) leadingto different NMFvariants while most

of them still make use ohultiplicative or projected gradiefi88, 67].

Although the original NMF has beemiccessfully usetb learn parbased representation in face
recognition, deconvolution of astronomical images, it has the drawback of bgiogeltl, which

means thait is easy to get stuck in local optima of the cost functgh different initial vdues.

Sparse NMF[68, 69| is one way to rake NMF becme more welposed.Adding sparseness
constrains to NMF can ake it find partsbased representations the scenariosvhere basic

NMF does notvork, but for datasetthatare not inherent sps, this constraint may destroy the

true structureof the dataFor example, gene expression data can never be sparsejmsiate
expression profilesare hous&eeping genes, which have similar positive expression levels in
mostsubpopulationsonly a few genemay have sparse values across all the subpopulations

the ®py number datathe number of copies is twio normal cadition. Only when homo
deletion or hemdeletion happens, the number becomes zero or one, while amplification happens,
this number becomeariger than two, so copy humber data can seldom be sptnsever,the
property of wellgrounded point reminds ubdt even for the nesparse datawe may find a
subset that can be sparse across all the sources, such as marker genes in moleculdrhaology.
underlying sparse structure in data can be accurately located on the vertices of the convex hull
confined by tle whole dataseThus, we can make use of CAM to find the sparse subset from the
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original data if such sparse subgroup indeed existsnsparseNMF can be used tperformthe

optimal factorization based on the sparse group.

2.4 Model Selection Strategy

24.1 Introduction

Previous analysis has provided a way to solve BSS problems under-graugiiedCAM

framework, buthis still leavesout the issue ofleterminingthe appropriate moderderfor the
particular problem This problemcannot be decided spty by maximizing the likelihood

function since itusuallyleads to excessively complex models and diteng.

As we know from previous analysitie number of sources is equal to the number of veritices
noisefree scenariopwhich means that the meldorderhas beemeterminedafter we confirm all

the verticesof the convex hull formed by observatiom$owever, in most casethe impact of
noise cannot be ignored, so wsually obtairmore vertices than the number of true sourCes.

the other handwhen the strict welgrounded point does not exist, there may be more vertices
than expected.

Model selection is a criticéhsk in BSSwhich has not yet been successfully solvech@astBSS

related algorithmsTo assure that CAM provides a completelysupervised methodwe
proposd to use a widehadopted and consistent information theoretic criterion, namely the
minimum description length (MDL])70-72] to realize model selectioithe major thrust of this
approach is the formulation of a model fitting procedure in which an optimal model is selected
from several competing candidates, such that the selected imestefits the observed data.

MDL formulates the problem explicitly as an information coding problem in which the best
model fit is measured such that it assigns high probabilities to the observed data while at the

same time the model itself is not too quex to describe.

The general formulation for MDL can be easily written as:
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MDL (K) = Hog f (X|0) |ALZJL||0g|x| (2-20)

whereU is the set of free parametef&l,| is the cardinality ofU . The first term corresponds to

the model fitting error, and the second one is model compléDL basically tries tdfind the
balance between the moditling error and model complexity based on the prilecgf Occands

razor.

2.4.2MDL F ormulation in CAM Framework

MDL calcul ates the total number of O&6bitsd tha
omodel 6. When the model thes nfovmat i(mnm ea&lsddutma
between mdel and data needs to be explained (or encod&djn the MDL principle, we

propose and derive two MDL formulations tbis specific BSS problem.
In the first formulation, we follow the definition of MDL.

MDL (K) = 409(£(X| @())) (ﬁ'zﬂlog(l\l) %\Iﬂog(M) (2-21)

where £( denotes the joint likelihood function of the clustered compartment model,

denoteshe set ofall data pointsQ(K) denotesthe set of freely adjustable parameterghe

clusiered compartment modeand K is the number ofunderlying sourcesThe first term
(negative joint l i kel i hood) in the MDL deter
conditioned on the given model . T hlet ysbe coom dt ha
model complexity, that is, the total number of bits for explaining the model.

Di f ferent parameters have different preci sion

explain.Specifically, in equation ¢21), choosing one WGP cornar(k) (column vector) from

N candidates requiretog(N) bits to specify this parameter that contafté- 1)M free
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variables, and estimating one sous;grow vector) based oM mixtures requireéog(M)
bits to specify this parameter that contaikN free variables. Thus, each parameaék)

explainsN data points, and each parameteexplainsM data points.

In the secondformulation, we naturally adopt and extend the clustered models into the .MDL
This model allows all data points belonging to the same cluster to share the same exhiister ¢

thus greatly reducing model complexity a given value od clusters.
MDL (K)= dog(£(X.| (X)) Qf';ﬂmgu) 52J4-|og(|v|) (2-22)

where X, denotes the set of clustering center poistshere the number oiidata pointe

becomed.

We conpute MDL(K) by settingK equal from 2 to a possible upper bouhd most cases, we
would get a Ucurve with optimaK corresponding to minimum value of MDK).

= arg _min  MDL(K) (2-23)

..... max

The difficult point in (222) and (223) lies in calculatingthe negative joint likelihood In
formula (222), the first term is:

-Iogf(X|U) '&Iog(s,i)

= logg-a k() As(i)]

(2-24)

For formula (223), it is formulatedas:

- Iogf(X|U) 'ﬁlog(si)

== togf-a 7 [x(i) As(i)[
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2.5 Evaluation Criteria

After we obtain the deconvolutiaesult onecrucial question is how t@valuate the resulise
obtain.This question needs to be anseddirom two aspects: one whetherthe original signals
have beensuccessfullyrecovered the other is thahow accuratethe mixing proportions are

estimated compared with the real mixing proportions

To evaluate the performance of CAM, we need to tast dlata sets with ground truth available.
Pearson produghoment correlatiorcoefficient[73, 74] is a measure of thenkar correlation
between two variables, giving a value betwekmnd +1 inclusive. It is widely used in statistics
to measure the degree of linear dependence between two variEtilesan be one way to
evaluate the correlation between original soulnes recovered sources, since we know that if
the sources are perfectly recovered, thenahsolutecorrelation between them should be 1
according to the definition of Pearson correlation coeffici&#he formula forcalculating the

correlation between gginal and recovered sources is:

_covs,s) _El(s- m)(s - 2 (2-26)
Ss & $ s

S,S

where m and /7 are mean of original sourceand recovery source respectively.s is the

standard deviation of original sourseands is the standard deviation of recovered sowce

El isa measuremertdf evaluatng the similarity between the estimated mixing matrix and true

mixing matrix. The performancendex is defined as

ORI IR WY

- +a 1- (2-27)
izléa:lmaxk|pik| Qi E i gnaxk‘pkj‘
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where p; is theijthelement of matrix P=WA, W is the estimated demixing matrix and A is the

mixing matrix. This measurement is imriant to the permutain and scalesthus it measures
how close matrix W is to the true demixing matAx*. It is nonnegative and the smaller it is,

the closer the two matrices are, so the lower bound is zero and the upper bidahdiépends

on the dimension of the matrix P, whichdbl? - 2N whereN is the dimension of matrix P.
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Chapter 3

Val it dati on aofd GANI Ag@at o ad

3.1 Introduction

Many biological processeare accompanied by changes of cell subpojauigtin corresponding
tissueg[41]. For example, tumor samples often consist of malignant and nonmalignant cells in
varying proportions dependent on the tumor devetamnprocessCells from distinct phases of

the cell cycle show phaspecific transcriptional patterrig5]. Thus, the key molecular events
contained in these processes may be obscured by tissue heterogeneity and hard to be identified.

Subpopulatiorspecific marker (or marker gene) is a widely acceptedamiopted concepe, 5,
17, 18, 20-22, 76]. Subpopulatiorspecificmarkers are defined as the mark&l®se expressions
are exclusively enriched in a particutbpopulation5, 6, 18, 20].

_ M MF L m(m) £ : 31
SMG E:Jl%le(n)' :rtnji’lf [maan{,n](n} m ( )

where m(n) is the arithmetic mean of the expression levels for gené j=1,...N ) under
subpopulatiorm(mM=1,...,M). The denominator term of the above equation is the maximum

mean expression levef all of the remainingsubpopulationgnd? , is the predefinedhreshold

depenénton the data we are analyzingere expressiofevel refers to gene expression level,

methylation level or protein expression level.

Concerning the key assiption on the existence of subpopulatgpecific markes forour CAM
approach the justification is twofold First, the assumption on the coeaste of distinct

subpopulatioa and subpopulatiorspecific marker genes i®gic, since the definition of a
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distinct subpopulatorwoul d require a set o f sulbpGpslatianim a t ar e
other words, asubpopulationmay no't b e sctoinnscitdée riefd i6tdi does no
unigue MGs. Secondsince in our newly provedheorems, the coexistence of distinct
subpopulatioa andsubpopulatiorspecific marker genes is proven to be both a sufficientaand
necessary condition for a successfetanvolution thus, if the assumption on the coexistence of

distinct subpopulatioa and subpopulatiorspecific marker genes is not true, a successful
deconvolution of mixed expressions (validated by the ground truth) is not possible; and if a
deconvolution of mixed expressions isuccessfullyachieved, the coexistence of distinct

subpopulatioa andsubpopulatiorspecific marker genes would be guaranteed

It should be noted that the indices and expression levels of markers are condition dependent.
Thus, unspervised methods for detecting conditiependent and subpopulatispecific

markers are preferred as compared to supervised methods. For example, since exjatession

often noisy andelevant literature is oftemcomplete,simply usinga priori maikers may not

provide accurate information for data deconvolutiprg]. Moreover, fromseveral lines of

evidence notably our own work in Novartis isorted cell§77], we know that there are other
populatians that also express CD14 when concertirggmakes of monocytesSpecifically, in

addition to CD14+ cellsnfonocytes) CD14 is also significantly expressed D15 positive

cells, as vell as moderatexpression levein both CD4 positive and CD56 positive celkhis

means that the sorted CD14 positive cells actually represent a mixtsignidicantmonocytes

and some fraction a€D15, CD4 and CD56 positive celBurthermoreCD15, D4 and CD56

cells also express CD14 epitope. This is not a technical artifaattmrent to using CD14 as a

marker for monocyted. n t he paper by Kuhn #&lonocgdspecifict he a
genes (e.g. EN1, CD163)were expressed at very loeviels and we did not further considie
contribution of monocytes. o0 The potenti al rea
6uni qued when usi ng amosocyemianwsone @mportanprplemahe c h . Si
study,the exclusion of maocytes in the analysis may affect the accuracy of relevant estimation

on other componente.g, the correlationcoefficient betweenthe estimated and actually

proportions on lymphocytes varies betw@8and 0.8
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The definition of cell specific geneslmes welgrounded points in CAMalgorithm in which
well-grounded points can be pinpointed before deconvolu@éiM can be applied tadentify
subpopulatiorspecific marker genes directly from mixed expressions, a critical [&sk7],
without requiring any prior informatignance the scatter simplex of mixed expressions is a
rotated and compressed version of thetecaimplex of pure expressions whose vertices host
the marker gene$ig. 3.1 gives an illustration of how to connect the unsupervised deconvolution
method with the tissue heterogeneity probld@imssue samples to be analyzed by CAM contain
unknown numberand varying proportions of distinct subpopulations. In these samples, the
contributed expression of a gene in a particular subpopulation is modeled as being linearly
proportional to the abundance of the subpopuldtoid] (Fig. 3.1¢) (without log transformation
[78]). Because many genes are ofteregpressed across subpopulations, CAM instead identifies
the marker genes by detecting the simpleertices of mixed expressionghe minmum
description length (MDL) criterion is applied to determine the number of subpopulations in the

samples[79].
In this dapter, we validated CAM by usimgconstituted mixed expressioasd then performed

CAM on several different biological applicationBhe promising analysis results we got from

CAM can give us some guidelines for further biological analysis.
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Figure 3.1 The illustration of tissue heterogeneity problém) The mixing process of three subpopulations with marker genes
highlighted and corresponding to the column vectors of mixing matrix. (b) The illustratsmatér plots fronmixing samples

and underlying subpopulations. The scatter plot of pure subpopulations composes a rotated and compressed triangle inside the
scatter plot of mixing sample&) The illustration ofmixing process.
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3.2CAM Validation and Applications on Gene Expression

3.2.1Robust Detection of Marker Genes orNumerically Mixed Expressions
To validae CA MO s

abhlirdly teyecing marker genedrom mixed gene expression

profiles, we numerically generated three different sets of mixtures usrgdhiles of pure liver,

brain and lung tissuel¥], correspnding to 36, 45 and 60 simplex rotationsand arbitrary

compressionsThe mixing matrices corresponding to the three arajledistecbelow.

T TTU BT U Y g O @ G
& C QUG QUBIT X G
TBIC X Y& 0 ¢ Y 0 L U

™ T YPPstocud pyYo
T NMoqd YnmuBip @O

TBIP QWS POTD QY

We performed standard differential analysis (@eesuseveryone[6]) on the gene expression

profiles

of

t he

three pure

ti ssues

t o

constr

applied CAM to these mixtures and comphtike marker genes blindly detected by CAM to the

gold standard set, assessed by both sensitivity and specificity. In these experiment¥38e set

that is also supported by MDL based model selection. Using these blindly detected marker genes,

we estimatedhe constituent proportiongn each of the mixtures anslibpopulatiorspecific

expression profiles
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Figure 3.2 CAM validation on synthetic GSE19838) Upper left: Scatter plot for gene expression prdfilef liver, brain and

lung mixture with mixing matrix equal to 30 degree rotatibipper right: The sensitivity and specificity of marker genes
identified by CAM compared with those from classic fold change method. LowefThedt:Venn diagram that reprege the

overlap of marker gene set found by CAM and fold change. Lower right: Scatter plot of measured and estimated mixing
proportiong(b) The scatter plot and comparison results when the rotation degree is 45 @ggrke.scatter plot and comparison

results when the rotation degree is 60 degree.

Fromthe Venn diagrams ifig. 3.2 we can see that fold change can fantew marker genes
when the rotation angle is small. The largernbiation anglas, the fewer marker genes can be
detected by fold dngein the mixturs. While CAM works well no matter how large the

rotation angle isThe sensitivity of the marker gene detection is around i958% the three cases.

3.2.2Performanceof Supervised M ethodsWhen Prior Knowledge is Inaccurate
To compardahe performance between unsupervised CAM approach and supervised methods, we
analyzed the same benchmark datasets with supervised method$. Since a priori

information used in supervised methods is prone to various errors and is often cesphtdic,
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we mainly assessed the reliability of these methods by numerically perturbing the baseline

constituent propomins[7] or reference signatur¢s].

In the first experiment, wegpturbed the mixing matrix by randomly increasing, decreasing or
unchanging the value of each entry to compare the correlation of recovery smdaeasasured
sources of all the genes/OVEDEGHSe increae the proportion by adding-0.3 to the original

value, and decreasestlproportion by subtracting~0.3 from the original value. Once the value

IS negative it is set to 0, and after perturbing, baow sum of the entire mixing matrix is
normalize to 1.To reduce random impact, under each perturbation rate, the experiment is
performed 100 times. The change of correlation coefficients can be observé&iy. 3.3, which
illustrated that the accura®f mixing proportions has huge impact on the deconvolution results

in terms of correlation between the measured and estimated pure expression profiles, especially

across marker genes.

In the second experimerafter averaging the replicate samples, weehd pure samples, and 10
mixture samples (the one with dominant lung is discarded in-Shem 6 s met hod) .
experiment, we randomly seledtone mixture sample from the 10 mixtures, and chdrige

mixing proportion of this sample arbitrarily. Theximg proportions for the other 9 samples are
unchanged. Then we performéte supervised method @] T multiple linear regressioan the

mixtures with the new mixing matri¥ig. 3.4 shows similar phenomenon as in Fig. 3.3.
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Figure 3.3 The curve of correlation coefficient change when the perturbation rate increases from 0 to 0.3.
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Figure 3.4 The boxplots of correlation coefficients between measured and estimated pure expression preéitebin and

lung over all genes and marker genes in 500 times run.

Another populasupervised deconvolution methdighly depends on the prior knowledge of
marker gene selection and the expression level of marker genes. We \kaawtavhetherthe
estimation will be inaccuraterthenthe marker genendicesare mislabeledor when the marker

gene expression levathange
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The dataset we udeincludes pure and mixed RNA from rat primary neurons, astrocytes,

oligodendrocytes and microgljdl]. The proportions for mixed samples are listedable3.1.

Table 3.1 The fractions of pure RNA in mixed samples from rat [42]

Sample | Neuronal | Astrocytic | Oligodendrocytic | Microglial | Samples used

ID RINA ENA RNA fraction RINA for mixing
fraction fraction fraction

1 1 0 0 0 NA

2 1 0 0 0 NA

3 1 0 0 0 NA

4 1 0 0 0 NA

5 0 1 0 0 NA

6 0 1 0 0 NA

7 0 1 0 0 NA

8 0 1 0 0 NA

9 0 0 1 0 NA

10 0 0 1 0 NA

11 0 0 1 0 NA

12 0 0 1 0 NA

13 0 0 0 1 NA

14 0 0 0 1 NA

15 0 0 0 1 NA

16 0 0 0 1 NA

17 0.25 0.75 0 0 1.5

18 0.25 0.75 0 0 2.8

19 0.5 0.5 0 0 1.5

20 0.5 05 0 0 2.8

21 0.75 0.25 0 0 1.5

22 0.75 0.25 0 0 2.8

23 0.5 0.25 0.25 0 1,5 10

24 0.5 0.25 0.25 0 2.8,12

25 0.5 2 0.2 0.1 1,5, 10, 14

26 0.5 2 0.2 0.1 2,812, 15

In the first exgrimentbased on GSE19386wv0 of the three marker genes are replaced by two
randomly selected genes each cell typeThe proportions are computed by usthgmethodin
[41] and compared with ground truth terms ofcorrelation coefficients. This experiment is

repeated 1000 times.
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Figure 3.5 The histogram of correlation coefficients of mixing proportions between ground trutistimdted proportions from
Kuhndéds met hod

We next randomly perturbed the reference signatures with £1~50% expression variations and
compared the estimated constituent proportions against ground truth via correlation coefficient

[5]. These comparison experiments were performed on a large number of replications
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Figure 3.6 The curve of correlation coefficient change when theregfce signal variation changes from 0 to 50%.
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3.2.3Accurate Estimations of Mixing Proportions and Pure Expression Profiles from CAM

on Biologically Mixed Samples

We used CAM to perform deconvolution on tlwenchmarkpublic datasetdn the firstdataset
cRNA derived fom rat brain, liver and lung biospecimens frarsingle ratare mixedin 14
different proportionsthree of whichwere fromeach of the tissues in isolate (100% lung, 100%
brain and 100%iver). The 11 other mixtures included RNA from eadf the threetissues at
varying proportions. Each of the samples was analyzedplicate so there are 42 samples in
total. To suppress noise, wiok the averageof triplicate samples for each proportiamd
summarizedthe proportionsof all the 11 mixing sanplesin Table 3.2. This dataset can be

accessed through accession code GSE19830.

Table 3.2 The mixing proportionsf 11 mixtures inGSE19830

Liver (%) Brain (%) Lung (%)

Mixture 1 5 25 70
Mixture 2 70 5 25
Mixture 3 25 70

Mixture 4 70 25

Mixture 5 45 45 10
Mixture 6 55 20 25
Mixture 7 50 30 20
Mixture 8 55 30 15
Mixture 9 50 40 10
Mixture 10 60 35 5
Mixture 11 65 34 1

Then we perform CAMIWCA to deconvoluteghe 11 mixturesAs shown in Fig. 3.7 MDL

curve suggested three as the optimal source number
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Figure 3.7 The MDL curve of GSE19830

In Fig. 3.8 we use scatter plot to compare the estimated expression level and measured

expression value before and after log tramafion.
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Figure 3.8 The scatter plots of measured gene expression vs. estimated gene expression in liver, brain (@) Iuhge
scatter plot between measured expression profiles and estimated expression profileg foralivend lungThe
expression level is raw data without log transformatio#f) ([the scatter plot between measured expression profiles

and estimated expression profiles for liver, brain and [ihg.expression level is after log transformation.

Table 3.3 The estimated mixing proportions for brain, liver and lung in 11 mixtures

Liver Brain Lung
Mixture 1 0.0545 0.2881 0.6574
Mixture 2 0.6938 0.0318 0.2744
Mixture 3 0.1966 0.7527 0.0507
Mixture 4 0.6163 0.3277 0.0560
Mixture 5 0.4054 0.5053 0.0893
Mixture 6 0.5369 0.2272 0.2359
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