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ABSTRACT

In biology and bioinformatics, a variety of data share a common property that challenges numerous
cutting-edge research studies: heterogeneities at the individual level with respect to more than one
factor. Examples of such heterogeneities include bubatrémited to: 1) unequal susceptibility

of different patientsand 2) large diversity in gene length, GC content, etc., along with the resulting
gene characteristics. For many biological data analysis studies, the critical first step is usually to
infer null probability distribution of observed dataith the heterogeneities in multiple
(confounding) factorsaken into accountso that we can further investigate the impact of other
factor(s) of interest. Obviously, the heterogeneities heavily influgmregetential conclusions that

we may draw from statistical analyses of the data.

However,modelingsuch heterogeneities sibeenchallenging not only due to the inapplicable

explicit modeling of all factors with heterogeneous effects on the data, bueaksase of the nen
independence of many factors from one anotristing methods, either partially/fully neglected

the heterogeneity issue at all, or took <care
have shown the insufficiency of suchaségies and the errors they may produce in downstream

analyses.

The emergence of larggeale data sets provsithe opportunity to directly and comprehensively

learn the heterogeneity from the data without explicitly modeling the mechanisms behind or
exering strong assumptionsThe data,as oftenstored ororganized as multidimensional
contingency tensordead to a natural perspective of modeling heterogengity each impact
factor of interest being one di m&aonghewanable The h

of interest can be captured by the marginal property of the data tensor with respect to the



corresponding dimensioRor instance, in a singleell sequencing dataset, which can be organized
as a matrix with each row representing a gand each column representing a cell, the

heterogeneity caused by both the gene and cell factors can be modeled.

In this dissertation, wedevelopa novel modelConditional Multifactorial Contingency (CMC),

that models the intertwined heterogeneities indatiensions of the data tensor and infers the
probability distribution of each entry of the data tensor jointly conditioned on these heterogeneities.

In the proposed CMC model, the problem is formulated as a maximum entropy problem of the
contingency tensood s probability distributi punderstnebj ec't
assumption that the individuals within each dimension are indepeftenmarginal constraints

are applied to the expected value instead of observed trial outcomes, which kégysoke in

avoiding the innumerable combinations of trial outcomes and leading to an elegant expression
form of the entryds probability distribution.
then extended to multidimensional data tensors iateger data tensors. Furthermore, missing

values are taken into account and CMC is extended to be compatible with data with missing values.

Being empowered by CMC, we conducted four case studies fewoelal bioinformatics research
problems:(1) driving transcription factor (TF) identification; (2) scRM&q data normalization;

(3) cancerassociated gene identification; @BIl similarity quantification. For each of these case
studies, we proposed a whole analysis framework and specific adaptatgpnfde€MC. For the
driving-TF identification, compared with traditional methods, we considered the variatitres in
geneds binding affinity in addition to the ty
Thedriving TFs were identified byaenparing the observed binding state and the estimated binding
probability conditioned on TF/gene binding affinities. For the scR&AY data normalization,
besides gene factor and cell factor, we figured out one more factor impacting the read counts,
cDNA length, and applied CMC toomprehensively analyze the three factors. For cancer
associated gene identification, the CMC model is applied to systematically model the patient, gene,
and mutation type factors in the mutation count data. As fdagteppliation, to the best of our
knowledge, our solution is the first proposed -teltell-type similarity quantification method,
thanks to the availability of CMC to systematically model and remove the impact of cell and gene

factors.



We studied the theoretical properties of the proposed model and validated the effectiveness and
efficiency of our methothroughexperiments. The uniqueness of the probability solution and the
convergence of the algorithm was proved. In the endeavor mifidérue driving TFs, CMC
significantly boosted the best record of success rate, which was proved using data with ground
truth. Besides, iran exploratory study without ground trutim, addition to the previously known

TFs, Oligl (ranks ), Olig2 (ranls 3%, and Sox10 (ranks', we successfully identified
Ppplrl4kranks %) andZfp36l1(ranks &) that function in oligodendrocyte lineage development,
which was validated via biological knoadut experiments andias led to genuine biological
discoveies. In the scRNAseq datanormalization, experimental results show that, by taking the
cell, gene, and cDNAength factors into account, the normalized data achieves lower variances
for housekeeping genes than the peer methods. Besides, the data edrinalize CMC model

leads to better accuracy of downstream DEG detection than that normalized by peer normalization
methodslin cancerassociated gene identificatidine CMC model is able to eliminate most of the
likely artefactual findingsresulted by cosidering the hidden factors separately. In ¢ted
similarity quantification CMC based modehables thedentificationof cell types byestablishing
betweenspeciescell similarity quantification,regardless ofontamination irscRNA-seq éGta
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GENERAL AUDIENCE ABSTRACT

Biological data are complicated and typically influenced by numerous factors, including
characteristics of biological subjects, physical or chemical properties of molecules, artifacts
created by experimental operations, and so on. The information of meakst in a
biology/bioinformatics study can be buried in all sorts of irrelevant factors and their impacts on
the data. Consider a simple example where a study is conducted to figureamasdociation

exists between a specific gene andamcer Although this gene shows obviously different
frequencies of mutation in two groups of people, patients and the normal, we cannot safely confirm
the association from this observation. Such differential mutationsleaalalso be a result of the
diversity amongll these people in how easily this gene is mutated in a person (related to many
characteristics of this perstesidedicancet not 6) . We <call this divers
actually can be seen everywhere, in people, in genes, in cells, aridypeg etc. One needs to

take good care of such heterogeneities so as to draw firm statistical hence scientific conclusions.

However, handling the heterogeneities is far from trivial. On the one hand, it is generally
impossible to fully understand theeghanisms behind those diversities, let alone to explicitly and
rigorously formulate them. One the other hand, it is not rare that multiple factors intertwine with

one another, in which case all these factors must be considered systematically in owhilto m

the data precisely. Existing methods, either partially/fully neglected the heterogeneity issue at all,

or took care of each factorés heterogeneity i

such strategies and the errors they may prooludewnstream analyses.

As the exact mechanisms behind heterogeneities are usually not available, we aim to learn and

infert he heterogeneitiesd effects on data from d



stored ororganized as multidimensiahcontingency tensors, with each impact factor of interest
being one di mension. The heterogeneity in eac
captured by the marginal property of the data tensor with respect to the corresponding dimension,

for example, the row sum and the column sum in a 2D tensor.

In this dissertationunder the assumption that the individuals of each dimension are independent,
we proposeda novel modelConditional Multifactorial Contingency (CMC), that models the
intertwined heterogeneitieg all dimensions of the data tensor and infers the probability
distribution of each entry of the data tensor jointly conditioned on these heterogeneities. The
eventual and most comprehensive version of CMC can work on multidiamal binary or integer

data tensors, even in cases where some values in the tensor are missing. CMC was initiated from
elegant and simple statistical principles, derived through rigorous theoretical proofs, but ended up
as a powerful tool being widelyplicable to reailvorld biology/bioinformatics studies.

Being empowered by CMC, we conducted four case studies fewoell bioinformatics research
problems:(1) driving transcription factor (TF) identification; (2) scRM#&q data normalization;

(3) caner-associated gene identification; (4) cell similarity quantification. For each of these case
studies, we proposed a whole analysis framework and specific adaptation design for CMC. In each
of them, our method based on CMC outperfedmexisting methods anprovided inspiring clues

for biological discoverigsvhichhave been validatdaly biological exgriments
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Chapterl Background and I ntro

1.1 Motivation

In the field of bioinformatics, heterogeneity at individual resolution is a common property of
diverse biological data and bothers numerous cuttge research studies. For example, unequal
susceptibility of different patients makesdbroughtoleta fHaver age patiento t
all. Likewise, when a gene is abstractly treated as a whole and genes are treated equally, the large
diversity in gene characteristics are forgott@hviously, such heterogeneities hateemendous

impact on the datand on the potential conclusions we may draw from studying these data, but so

far they have not been well controlled yet, unfortunately. In sett®nthree ral bioinformatics

research problems will provide a much deeper understanding of the prevalence of heterogeneity

issues and the consequences of neglecting them.

On the other hand, many biological data can be stored or organized as multidimensional
contingemry tensorsleadng to a natural perspective of modeling heterogeneity with each impact

factor of interest being onedimensi@éhv en i f one doesndt have exact
of the impact factors, t he heeariabteofgnéered (valugs i n e
in the tensor) can be captured by the marginal property of the data tensor with respect to the
corresponding dimension. In section 1.2 we can also see how various biological data and their
associated problems converge to fzene family of data and can be formulated as the same
statistical inference problem: inferring the probability distribution of each entry jointly conditioned

on all the factors (usually not independent from each other).

The work in this report aims to cstnuct a unified statistical model for this family of problems,
provide solution to the model, and present its wide application to diverseoddl biological

studies.



1.2 Example Biological Problems

1.2.1Problem 1: Driving Transcription Factor ldentification

Transcription factors (TFs) aggoteirs that regulate gene expressiby binding toeitherthe
enhancer sequence or the promoter sequefniteir targeted genes. They play essential roles in
controlling normal biological processes and &exuently implicated in diseasg$] - [3] .
Advances in genomic techniggjeespecially the singleell sequencingscRNA-seq) techniques,
have mucHacilitated the detection of differentially expressed ge(i@EGs)between conditions
(e.g., before vs. after biological processes, disease vs. normal, etc.). However, beyond the
differentially expressed genesjs alsocritical and illuminating to further ehtify the TFs that
underliesucly e n e s 6 e x pchamgs snd bemce the biotogdical proces&e name th@Fs
underlie thegene expression levehangeas driving TFs. Fdunately, with more and more
comprehensive experimental validateddéne binding databaséjs now theoretically available

to infer the driving TFs on the foundation of detectegkxpressed genes, though the inference is

a nontrivial mission figurel-1).
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Figurel-1 Introduction of the driving transcription factor (driving TiBentification problem



Here consider the problem of identifying the driving TFs for a set-ekpoessed genés.g., the

DEGs between two biological conditions)Ve define it as a problem of finding TFs with
significantly more frequent binding to the-expressed genes than expected in normaldnwmg

cases (with randomness in consideration). To
binding probability between each gene and each TF under the null hypothesis. Spedlieally,

null hypotresis means that a TF binds to a gene only by chance, and that the probability of such
random binding may be i mpacted by the TFO0s and
but has nothing to do with the biological process or disease undstigatsn.

The null probability of TFgene binding is actually indeed highly influenced by the characteristics

of the gene and the TF. Some genes are generally much easier to be bound by TFs, for which we
say that these genes hafgigher binding affinity Similarly, some TFs have much higher binding
affinity than others. From the largeale TFgene binding state databdgé¢ , we observed that

bot h bindhgafini ty and geneds binding afHgureli2t y ar e
Through 3072 chromatin immunoprecipitatiorsequencing (ChIP-seq experiments (which
experimentallyidentify the genomewide binding targetsof DNA-associated proteingke TF),
Figurel-2summalese ach TF O s n u mbesand, toffeach genedthemgmber ef TFs

it is possiblebound by In terns of thenumber of binding genes, some TFs can be hundreds, even
thousands afimes of other TEg~or TFs that involve in multiple biological processes, like CTCF

and KLF4, regulate och more genes than thodet only participatein a specific biological
function inaspecific cell type, like BCL6.
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A similar situation was also observed inegene ds number o fT hTeF sg einte sids
heterogeneity irbinding affinity may be partially explained by a hypothesis related to their
functional characteristics. The hypothesisgsenes that are suppostxrespond to any slight

change in the cell environment need to be regulated prgcibelreforethey tend to be co

regulated by multiple TE$n accordance, the housekeeping genes, which are constantly expressed

in nearly all tissues, shogimple expresen patternsand are expected to be regulated by only a

few TFs This hypothesis is supported by the findingg5h [6] : genes involved in complex

adaptive processes are often associated with high promoter conservation, making conserved co
regulation of multiple TFs possible; while genes with simple expression patterrefteme
associated with limited promotor sequence conservation, suggasétagively small amount of

T F disding sites.

Ignoring the heterogeneity in gene or TF binding affinity may impact the estimationgérig-
pairsoé6 binding ahedes, and dftgn regult i &lse positivied andfalse reegatives

for driving TF detectionFigurel-3illustratss uch consequence of Jignori
affinity. In the figure, the genes shown the first three columnsevebound by most of the TFs,

in another word, these genesd bi fmodithe gewaff f i ni t
the TF, a TF is |ikely binding to tlgeoscehegenes
geneds bi ndi nng estineate ¢he lmnglisgrpmlabiliy ,for emch TF by assuming that

every gene haanequal probability to be bound by the TF to be tedteehthe estimated binding
probability of each TF wouldhislead by the firsthreec ol umn genes (wena@dne t |
genes for convenience), and result in false positives and false negatives during the driving TF
detection. Jointly considering the heterogene
help to avoid the | mpa c tidenifythettrieodsveng TFdi st ur banc
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Figurel-3 lllustration ofthe necessity of jointly considarga | | f act or sidthdapdioatioo genei t
of driving TFs identificationTheresults are comparauth those ofjointly considering the
heterogeneities of gene and TF factors and ignoring the heterogeneity of gerselfauboing gene

factorsresults in false positigand negatives

Existing driving TF identification methods ignored the heterogeneityne gending affinity, and
treated each gene equally when estimating the binding probability, which often resulted in false

positives and false negatives for driving TF detection (as illustrat&igoye1-3).

To summarize, it is important to take both gene binding affinities and TF binding affinities into
account . However, itodos extremely hard to dire
each TFfromprio knowl edge. \Wowhtté §F ambgere pindmgy affinities are

given, how to model them into the ffene binding probability remains a challenge.

The problem, in the light of both the objective and the data, can be formulated in the fienm of i

wise probability inference for a 2D contingency tensor. The data can be summarized in a 2D binary
contingency tensoiHgure 1-4) where each row represents a TF while each column represents a

gene. Each item in the tensor depicts the binding state of the correspondiegd pair: 1 if the

TF regulates the gene andfOnbt. Then inference will be done at each item for the binding
probability of this TFgene pair undethen u | | hypot hesis. The heter ocf



affinity (or in TFoés affinity) can be model e
Statistical tests for driving TF detection can then be performed by aggregating suskisgem

probabilities.
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Figure1l-4 A 2D contingency tensor storing the -§Ene binding stat@formation

1.2.2Problem Il : scRNA-seqData Normalization

RNA-Seqis a sequencing techniquseedto quantifytheamounts of the mRNA&vhich represent

t he genes6 e xparbelwisa samplelaktarcertais )noment. Thengmewide
guantification of mRNA transcripts is highlyformative for characterizing cellular states and
molecular circuitrieg7] . Single-cell RNA sequencing (scRN&eqg)makes it possible to further
guantify mRNAs in an individual cell. In contrast tollk sequencingechnologies whicmeasure
the averagexpression level adachgenein all cellsof abiologicalsample, scRNAseqis able to
reveal theheterogeneous progis within a sampleOwing to such advantages;RNA-seghas
already beenvidely used in many applicatiorni8] , such ageveaing novel cell typesdetecing

devebpmental differences acrossie series, etd9] , [10].

A

ScCRNAseqquanti fies geneds #xpmnessi dmn nigenaléclls gy nre s \
to cDNA, cutting into cDNA fragmentamplifying them, then applyingextgeneration DNA
sequencingd.g.,lllumina[11])t o A r eseqdeaced dhese cDNAfragments. After that, the

sequence readse aligned to theeferencegenome, so as to determine the gene from which a

readout sequence comes. The final outputs aregaeé counts, which illustrate each gene's mRNA



molecule quantity in an individual ceicRNA-segmay sequence as large as millions of cells in a
single experimentThe read countareoften stored in a twaimension (2D) matrix, with each

dimension corresnding to the gene and cell respectively.

Besides what we are interested in, biological gene expression level, the read counts are also
impacted by many unwanted factors. The two most important and widely considered groups of
factors are cell factors ancige factors. Cell factors refer to espiecific factors that impact the

read counts of every cell, such as the sequen
to be sequenced by the machine. Obviously, deeper sequencing depth of a cellamgles

probability of any cDNA fragments beiging to this cell to be sequenced. Similarly, gene factors

are the genspecific factors that impact the read counts of every gene. Such factors mainly come
from genesd own c har aeseqencing efiiciersy. Foheaample @ gene i b u-
length: a longer gene can be cut into more cCiNyments in the fragmentation step of SCRNA
sequencing and hencehak i gher f i nal read count ; and b)
sequences magffecti t s ¢ DNAG6s PCR a m[fid].iNbtialctreese ifactars canfbé i c i e |
explicitly depicted and measured, and what is available to us is to learn from dadanbgated

effect of a bunch of known or unknown factors on the read counts. For the convenience of
discussion, in the following sessiomg call the overall combined effect of all especificfactors

simply as fcel | f spedfofradc taonrds tshiamp loyf aasl | A ggeemee f

Before downstream analysis, the read counts of scR&Aneed to be normalized to reduce the
impact of unwanted cell factor and gene factor. Because the explicit modeling of cell/gene factor
is inapplicable due to the lack of direct measurements or regeogghisticated prior knowledge

of the underlying mechanisms, in practically, cell factor and gene factor are estimated from the
read counts data itselflany existing normalization methodeal withthe cell factor and gene
factorseparatelyl13] - [15] . In essencehey estimatéthe scaling factofi.e., cell factorfor each

cell and gene factor for each gene, andded eachread out byits correspondingell factorand

gene factar However, separately considering the factors may introduce unwanted bias to the
normalized data. Foexample, if a few highly expressed genes dominate the total read count of
cells and impact the estimation of cell fact&s a result, the normalization result will favor the



highly expressed genes. As illustratedrigurel-5, a smalhumber of extremely highly expressed

genes caused falddferentiatedexpression levelsf the house&eeping genes after normalization.

Necessity of jointly modeling
all factors’ heterogeneities
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Figurel-5 lllustration ofthe necessity of jointly considemga | | f act or s 6ringseERN&r ogenei
seq normalization. Results are shown for jointlg@parately considering the heterogeneities of gene and
cell factors. The separate application of normalization on different dimensions leads to problems in

housekeeping genes

Besides the gene factor and cell factes,also foundh new factor, theDNA-length factorwhich

is not considered in previsworks. Wdoundthat the length of cDNA after reverse transcription

(RT) also significantly impastthe read counts in the fdkkngthbased scRNAeq technologies

(such as Smaeq2[16],[17]). Figure1l-6 showsthe final read out of an External RNA Controls
Consortium (ERCC) spike NERGG0011® i n e a théfunctienlof its ¢comesponding
cDNA-length The ERCC RNA spikée n mol ecul es are added evenly
expected to have similar read outs across all cells. As can be seen, when thienBtNAs shorter,

the final read counttend to drop dramatically. Moreover, the cDNekgthfactoris positively

correlated with the gene fact@figure 1-7), making the normalization problem more complex.

More details about the cDNRength factor willbe dscusgdin 0.
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i ER@® 1 Inkach of 1816 single cellg the figure, one circle peesents an individual cell.

correlation coefficient
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Figurel-7Thecor r el ati on coefficient between sequencing
length (cDNAlength factor) across all cells. In the figure, one dot repteske correlation coefficient of
a gene. The genes are ordered based on their O rates across cells. It shows that except for a small part of
genes with high 0 rates (i.e., low expression rates), the corresponding cDNA lengths of most genes have a

positvec or r el ati on with the cell sdé sequenc



To sum up, the scRN&eq read counts are impacted by cell factor, gene factdrcDNAlength

factor. Such factors likely introduce bias to the read counts and should be normalized out before
downstream analysis. However, what makes the problem challenging is the fact that processing
cell factor and gene factor separately may w@mtionally introduce bias to the datdurel1-5),

not to mention that the cDNAength factor hasa positive correlation with the gene factor.

Therefae, systematically modelg all three levels of factoris highly desired.

For normalization regarding the three factors we discussed, it is natural to store thesmiRNA
read count data as a 3ntingency tensor~{gure 1-8) wherethe cDNA length iscategorizd
into multiple levels/bins. An item in the tensor is the read count of a gene in a cell whose cDNA

afterreversdranscriptionis at a certaitevel/bin.
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Figurel-8 scRNAseq read courdatatensor

1.2.3Problem Ill : Cancer-AssociatedGenel dentification

The development of neoplasms comes with alterations in DNA sequence which can be either a
result of somatic mutation or transmitted throutie germline [18] . A key step to
comprehensively understangd the cancer mechanism is to identify the genes in whose DNA

sequence mutations occurred and drove the cancer pathogenesis.
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Figure1-9 Introduction of thecancerassociated gene identification problem

As shown inFigure 1-9, whole genome sequencing techniques enable us to detect the mutations
occurring in any gene for eachtigat. With the establishment of largeale databases containing
such mutation data from a huge number of cancer patients, in the sense of sufficient information
it is now feasible to identify the mutated genes that are responsible for the initiation and
progression of a particular type of cancer. The basic idea is to find the genes with significantly
higher mutation ratein the patients of a certain type of cancer than expectedeinormal

population (taking randomness into consideration).

Tothisend i tdés cruci al t o wel Itherausation rate.tTlee génbnmec n u | |
mutation rate is originally assumed to be constant across the genome and across patients with the

same tumor type[d 9] . However, there are at least thtgpes & heterogeneity in mutation rate
[20] .

Firstly, the mutation rate varies madktg across patients, even for patients within a given cancer

type. As can be seen Figure 1-10, themedian mutation frequency varies by more than 1,000

11



fold across cancer types. And within a cancer
quite different. For example, in STAD, the number of mutations of a patient ranged from tens to

tens of thoisands.
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Figure1-10 Heterogemity of mutation rateacross patients. Each dot represents a patient. Patients are
clustered according to their cancer types. Within each cancer type, patients are ordetiee ffvorast

number of mutations (left) to the highest (right). In this figure, mutationatatcom[20] .

Secondly, the mutation rate shows diwgramong different mutation categoridsigure 1-11

presents the uneven distribution of mutation amount across mutation categories (CpG transition,
CpG transversion, C:G transition, C:G transversion, A:T transition, A:T transversion, and null
mutation) in the whole population and in all gerfasthermoreFigure1-12 shows the heatmap

of the proportionof each mutation category occurringi each pati ent. For ex
transversiono has a much | ower mutation frec
heterogeneity in terms of mutation category is different from cancer type to cancer type. For
example, for LAML, CpG transitionsccur more frequently than other categories, while in LUAD,

C:G transversions are dominant.
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Figurel-11 Mutation rate heterogeneity regarding mutation type. Each bar in the barplot presents the

proportion of a mutation type in all genes of all samples, evaluated regtrdomint of mutations.
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Figure1l-12 Heatmap showing the progion of each mutation type within each patient. Each column

corresponds to a patient. Patients are ordered with respect to cancer type.

13



Finally, the mutation rate clearly varies from one genoegen to another(Figure1-13). The
diversity of gene characteristics (especially expression level and replication time during the cell
cycle) may be esponsible for such genomegionrelated heterogeneity, and thegene

characteristics are celype-specific[20] , [21] .
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Figurel-13 Heterogeneity of mutation ratggnong genome regions, suggested by the histograne of

average amount of mutations in a gene (averaged across patients).

What makes the situation even more complex is that the three types of heterogeneitigs are
independent of each other. The impadtamy two factors orthe mutation rate are intertwined
together. For example, as isosvn inFigure1-14, the real pattern of mutation amount variations

is so different from the supposed pattern under the assumption of independence between the impact
of the patient factor and that d¢iie mutation type factor. For this reason, it is oversimplified and
hence oo risky to take care of each factor in isolation. A systematic way of modeling multiple or
even all factors jointly would be highly favorable, not only for the sake of accurate modeling itself

but also for the following analysis.

The analytical results geén by some related works help us to gain empirical evidence of the

consequences of oversimplified assumptions.
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Figurel-14 The impact othe patient factor on mutations and that of mutation type facwonar
independent. The upper is the observed mutation rate of each mutation type in each patient. The lower is
the expected mutation rate of each mutation type in each patient under the assumption of independence
betweenthe patient factor and mutation tggactor. In the lower figure, an expected rate was given by

multiplication of the estimated marginal mutation rate of the corresponding patient and that of the

corresponding mutation type.

A group of popular related methods (representetbtSig1.0[19] ) ignored the mutaticnate
heterogeneities across patients, genes and mutation types, and only considered the overall mutation
rate for a specific tumor typés aresult, unreasonable results occurred frequently. For example,
with increasing sample size, the number of significant genes grows rapidly, which is opposite to
the expectation. A larger sample sgexpected taome with morgowerboth to detect theue

driving genes (sensitivity) andistinguishthem from thefalsepositive genes (specificity).
Specifically, MutSig1.0 identified 450 driving genes fmuamous dklung cancer, including a

lot of genes believed to be false positiy23] .

Another methodMutSigCV [20] , took the three types dfeterogeneiéis into account, which
indeed reduces the false positive in many cases. For exampleMul@®igCV was applied to the

15



squamous cellng cancer example, the identified genes shrank from 450 to 11. And most of them
are related either tsquamous celung ancer or to other tumor types. However, as it addresses
the factors separateliutSigCV identifies many fals@ositive genes in some other cases. For
example, it identified about 1500 significant genes €orgl adenocarcinomeancer. Although

some of thermare known to be associated with cancer, many of them are highly suspected to be

false positive according to the genesd biolog

The results oMutSigl.0 andMutSigCV imply the necessity of systematically modelling the

heterogeneities in gene, patient, and mutatigre levels.

In this problem, the mutation data can be summed up as a contingency Fens@1(15) where

each dimensionorresponds to a factor that we believe matters for mutation rate and can be clearly
decided for each item in the data tensor: patient, mutation category, or gene. In this 3D tensor,
each item can be either the count of mutations for a triplet (genentpatietation category) or

the state variable mutated/not. The heterogeneity in any factor can be modeled and constrained by
marginal information with regard to the corresponding dimension. Then the problem is formulated
as inferring the three factors joytand inferring the expected mutation rate of each entry
conditioned on the three factors, namely, the mutation rate at each tensor item.

pl gl Tp*A—>T
pl g2 Tp*C>mut
g2 C>A
g3 G>C

Figurel-15 A contingency tensor storing the mutation data
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1.3Common Features ofthe ExampleProblems

To summarize the above examples, in problems such as driving TF identification,-seflgAta
normalization, and tumeaissociated gene identification, data can be stored or organized in the
form of contingency tensors. In these data tensors, each dimension corresponds to a categorical (or
binned) impact factor or the aggregated effect of a set of impact factors, where heterogeneity at

individual resolution is very likely to exist and requires caretulisideratior{Figure1-16).
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Figurel-16 Data organized as contingency tensor

Such heterogeneity dftenextremelyhard to be exactly depicted or explicithodeled due to the
usual lack of sufficienbutersourced prior knowledgabout the mechanism of impact of each

factor. Therefore] ear n and i nfer the heterogeneitieso
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What makes the task even more challenging is the association among impact factors, requiring
systematic modeling and optimization on all the dimensions. Accordingly pribleability

distributions of the tensor entries should be inferred conditional on all the factors jointly.

To summarize, the theoretical problem that we are trying to solvéorisa multifactorial
contingencytensor with heterogeneity in marginal propesthow tojointly infer the effect of

each categoricédinned factor variable and the probability of each data tensor entry conditional on
these factors. This is such a widely applicable problem. Besides the three examples introduced in
previous sectionsve also encountered other similar case studies such as pathway enritmnent,

similarity of asingle cell to a given cell type, etc.
1.4 Organization of the dissertation

The remainder of thidissertations organized as follows$n Chapter 2we will introduce the basic
CMC model. Several major extensions of the model will be presented respecti@blgater 3.

The optimization solution to thEMC model and its extended versions is going to be given in
Chapter 4, along with details of implementation and acceleratihapter 5 will discuss the
properties ofthe CMC model and provide theoretical proof tifem. Followingthat, four
application case studies are going to be presented separa@apter €9. In the end, we will

summarize theontribution of thisvork and discuss about future worksGhapter 10.
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Chapter2 T he Comdi Mulotni f act «

Contingency (CMC) Model

2.1 Introduction

Data collected in science, engineering, and business are often represented as a table, with each row
a data record. Each record usualiyntains one or several factors (like name, age, etc.), along with

a value of interest (like salary, gene expression, etc.) This value could be a categorical, binary,
integer, or real number. Statistical learning and further downstream analysis caa peeifobmed

on this data. As the individualise heterogeneities in part or all of the factors jointly contribute to
the variance of recordodés valwues, failure or i
factors may severely disrupt the leizag. For example, to identify genes responsible for a certain

type of tumor, mutation counts information is collected from patients suffering from the tumor and

is compared with the expected counts. The expected number of DNA mutations occurring in a
spe¢c fic gene of a patient i s associated with 1
2) the usual mutation rate of this specific gene, and 3) how often a certain type of mutation (such
as C:G transitions, A:T transversions, etc.) occurs. Wéheale three aspects as the patient factor,

the gene factor, and the mutation category factor, respectively. Individkeaheterogeneity is
embedded in each of the factors: patients have different levels of vulnerability to mutations; genes
are not eqally likely to get mutated; and not all types of mutations share the same possibility to
occur. Whatoés mor e, it is often insufficient
factors are empirically shown relevant to one anofiRigiure1-7, Figure1-14). The necessity of

jointly considering the heterogeneities in all fasta further confirmed by the consequences of

either ignoring a part of the factors or considering the factors sepaifitglyg1-3, Figurel-5).

Many applications require joint consideration of the heterogeneities in all factors. However,

current applicatiorspecific solutions either use a sinfgetor only or treat the heterogeneities of
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different factors independently. One example is driving TF detection frorgelE binding
frequency datd22] -[25]i gnored t he diversity of genesb®o
Another example is the normalization of scRIN&q data[13] , [26] normalized out the gene
factor and/or the cell factor independently, wiild] , [15], [27] -[29] , partially considered the
gene factor when estimating the cell factor. The identification of ttamsociated genes, as the
third example, also suffered from the similar omission of part of the factofsha lack of ability

to handle the associations among tH26] .

Here we introduce a model, conditional multifactorial contingency (CMC), that jamatigiders

the heterogeneities of all factors in the collected dstaue 2-1). The model is designed for data

bi

whose values are influenced by multiple factors while each factor can be heterogeneous (i.e., the

individuals of a factor may have different impact strengtims the values). In addition,

heterogeneities between factors may twist together and jointly sway the values. Chapter 1 names

a few example applications of the CMC model, including the normalization of seiRijAata in

the presence of multiple confoundirigctors (cell, gene, and cDNngth), as well as the

enrichment analysis with heterogeneities in multiple factors (gene and TF factors in driving TF

identification; patient, gene, and mutation type factarancerassociated gene identification).
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Figure 2-1 Introduction to the CMC moderThis figure shows th€EMC model and its three example
applicationsCancerassociated gene identificatioAgplicationlll); sScRNAseq data normalization
(Applicationll); and driving TF identificationApplicationl). Left: for these applications, the values in
their data (mutation list; sScRN8&eq raw count; and Fgene binding respectively) are often relevant to
multiple factors (gene, patient, and mutatigpe factors imApplicationlll ; gene, cell, and cDNA length
factors inApplicationll; and gene and TF factorsApplicationl) and are impacted by the individual
wise heterogeneity in each factor. Middle: the data of each application is stored tirdimmemsional
tensor in which each dimension corresponds to one factor that exerts influence on the data values. For
each entry in the tensor, the CMC model learns the optimal probability distribution form that reveals how
the multiple factors jointlyimpct t he value of this entry, and | ear
of a factor to quantitatively measure the contribution of individuals on observed value (e.g., mutation,
binding, or expression). The null distribution of each entry conditionad t he i nferred fAsus.
computed. Right: By comparing the observed data and its corresponding null distributisn that
incorporated with the heterogeneity of each factor, CMC identifies the associated genes, normalizes out

the unwanted variae, and detects the driving TFs fopplicationl~lll, respectively.

2.2The CMC Model

2.2.1The CMC Model

The CMC model as shown inFigure 2-1, stores the collected data intb multidimension
contingency tensor in which each dimension corresponds to one factor whose indivsdual
heterogeneity contributes to the datads varia
tensor is then learned. The distribution cofin@s joint consideration of all factors so as to reveals

how these factors collectively impact the value of that entry. The mean value of the distribution
can be considered as the amount of 6swayo6 of
distribuion can be used as the null distribution of the effect of heterogeneity. Instead of directly
learning the distribution of each entry, CMC learns a hidden vector for each factor, and each
element of the vector measure how strong the individual (e.g.,ea ggratient, etc.) contributes

to a value of interest: mutation count, binding state, or expression level. Therefore, each vector,
with various values in its elements, models the heterogeneity of the corresponding factor. We call
such hiddenptviewittoyro fbseucsacuese t he distribution
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calculated from, hidden vectors of all factors. The susceptivity can be regarded as an overall
measure of each individual 6s i ntr i nxampke,inchar ac

the mutation count dataset, susceptivity of a patient reflects hisliexent vulnerability to any
mutation

The susceptivity of a patient is almost impossible to compute directly from all possible factors,
because there are no ways to measure all the fab#irontributed to the susceptivity, and even,

for the sake of discussion, were measuretl, 0 s ydard td preciselg model the impact of each
factor to the susceptivity.

An alternative waly is to learn tiseisceptivity from the data itself. For the 3D tensor thaestbe
mutation countKigure2-2 (A)), we specifically checkatientl andPatient5 Figure2-2 (B)). In
Figure2-2 (B), a black entry represents thésea specific type omutationthatoccusin a gene.

In the examplel2 mutation®ccur in Patientl while only 6 PRatient5 Figure2-2 (C)), implying

that Patientl is more vulnerable to mutation than Patient5. In another word, the margin of each
patient embeds thaformation of how vulnerable this patigstto the mutatior{Figure2-2 (D)).

A larger marginal total of a patient implies a higher vulnerability of this patient to any DNA
mutation.

(A)

(®)

cerr” L ——

e?ne 2 ‘

g 6,
S eng 5 —
(L] -
N
e |
Gen” “*‘ ‘
‘7"\ 7‘»(.7'\;1 7]‘\ (o""b
@ © (,Q
&
(D) Margmnaliemﬁ =6 Marginna\ientl =12 (c)
e » Mmost vulnerable
Mutation list
2 B + least vulnerable Gene L,T*A DT =
g -
s Patient 5 . > GenelL Tp*C>mut < Patient 1
™ . Genel Misc -«
k] T Gene2, AT
£ Gene2,C>T
s Gene3, Tp*A 2T
=
Patients Patient 1is more vulnerable to mutation than patient 5

Figure2-2 Individualwise heterogeneity withipatientfactoris captured by the correspondimgrgns
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Inspired by the example iRigure 2-2, the CMC model estimates the distribution based on the
marginal totals in each dimension. A marginal total is the sum of all entries corresponding to one
index (an individual of a factor) imne dimension. For each factor, the marginal total reveals the
susceptivity of each individual of this factor to the observational event of interest, while the

differential information of margins reflects the individweise heterogeneity within the factor

~smar gin adi nMasxi mum entropy _ __ _
<o 7 without constral.-t_&—‘__‘
____________ Wm_ )
il B
. - .|'| "N bl
AEci A 1 :
A MQ  mm” w g
YrXj Pijr=mn; 1
) E I‘l u, |
Yk i Pije =my o Wj
Y EY P = ax O G
R P & o eri+w}-+uk
_AEGEA A AEGLAY | p,=—
yk eri+w]-+uk +1

Figure2-3 Framework of CMC model. We took the 3D mutation count tensor as an example. A larger
marginal total of a patient implies a higher vulnerability of this patient to DNA mutations. With no extra
assumption of the observational event of interest other than the heterogeneities in all factors, the
heterogeneiy nduced nul | probability distribution of th
the entropy under the marginal expectation constraints. Having obtained the fheprabability
di stribution, the @susc e forislearnedyrom tleefdateettaonidgh i ndi vi
maximum likelihood estimation. The optimization problem can be quickly solved by iteratively
optimizing variables corresponding to each dimension. During each iteration, variables of any specific
dimension can be indepéently solved (in parallel) with variables of other dimensions fixed.

With no extra assumption of the observed values other than the heterogeneities in alagactors
well as the independency among individuals within each fattterprobability distribution of the
entries in ah 0 O tensor can be captured by maximizing the entropy under the marginal

expectatiorconstraintgFigure2-3):
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iAgB B B 0 10D p 0 11p 0 (2.1)

é:
w
w
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™
Q

o8 hj
G Q pB

B B 0 n Q pBh

w
™
C

whered s the probability of tensor entififiQ) to take value 1. We assume each entry follows

the Bernoulli distribution , & andr] are the marginal totals of tf@ ,"Q andQ individual

in the three dimensions, respectively. The marginal expectation constraints impose considerations
for the heterogeneities, and the maximum entropy principle ensures no extra information is

introduced. The CMC model is applicable on the tensor of any dimension. For simplicity, here we

only present the thregimensional case.

An alternative way to undstand the role of the maximum entropy principle here is to search for
the probability distribution of the tensor under the marginal expectation constraints and the
consistency principle. The consistency principle is based on the concept that the stiutions
problem should be consistent if this problem can be solved in more than one way. Maximum
entropy is a way to search for this uniqgustribution[30] .

To solve Eg2.1, Lagrange multiplierss , 0 ,and 6 are introduced:

i AB B B 0 iD p 0 11p O B i B B 0
hh h
¢ B 0B B 0 a B 6 B B 0 A (2.2)

Taking the derivative with respect{®),} andsetting itto O.

10 p I1p O p i 0 6 m (2.3)

The optimal probability form for each entry is obtained by reorganizing.Bg.

0 SR (2.4)
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Having obtainedthe probability distribution from E@.4, the susceptivities, i.e., the parameters

1},{0 }and {06 }, can be learned through maximum likelihood estimafkigure2-3):

(A B B llo —— p & —— (2.5)
where x;, | {0,1} is the observed value the entry (i, j k) of the tensorTaking the derivative

with respect tér} , {w} , and{q,} , andsetting them alto O, we have:

“B B —F ¢ 0 phsd q8pid

[ 4

B B ——— & 0 pfad c8pco (2.6)
yB B — i Q pBHD C8pd

wheren =§ ?A:l éfi)gjk ,m=3 i'\il a(;)ﬁk ,andg = § L é,—Mink are the marginal totals of

the tensor.

According to Eq. 2.3, given the information of margins, the solufion is unique, as for any
entry ((IQ, itsi 0 6 s fixed (See proof details i@hapter 5). The problem of searching

O O O variables0 in Eg. 2.1 now converts into searching 0 0 variablesi },

{0 }and {6 }in Eq. 2.7. The global optimal solution of Eq. 2.6 can be efficiently obtained by an
iterative strategy. In each iteration, variable sefs {0 } and {0 } are updated respectively.
Within each variable setj } for example, variables, 8 i , can be independently optimized,

which permits parallelization. For any specific variable,isayhe solution can be obtained by
Newt onds met hdHapter8ee detai l s in

2.2.2Interpretation of CMC model

Eg.2.3 modebk how the probability distribution is determined by the susceptifibes all factors.
It shows that the probability distribution of entiiyj( k) is determined and only determined by

multipliers with thei' individual of the first factorQ of the second, an@ of the last. This is
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consistent with our intuitiorh&at value in each entry should only be related to its corresponding
individual sd6 susceptivities rather than ot her :
in a gene of a patient shoul d onlodys bveu lrneel raatbeidl
rather than those of other patients or genes. Considering thi monotonically increasing with

Q K hQ andthatQ iQ hQ remain positiveQ can be safely interpreted as a quantitative

measure bthe susceptivity of individual’Qof the first factor. The same applies® andQ .

The distribution form in Eg2.3 is consistent with the approximate mean of Fisher's noncentral
hypergeometric distributionf multiple binary variables. This distribution is a generalization of

the hypergeometric distribution by allowing the modification of sampling probabilities with a
weight factor. Indeed, the rati o ofpondswoothei ndi vi
ratio of these two individual s6é weights. Howe
can only handle one factor, and even for the single factor, the weights of all individuals are required

to be provided by users. Instead, in @ dC model, such susceptivities are automatically learned

from the data itself.

Thereis infinite number ofsolutionsfor Eqg. 2.6, even the number of variableg { M Q) is

equal to that of equations. This is becauBe ¢ B & B n,ie., at least two
equations in th&q. 2.6are the combinations of the othdrowever, the valueaf 0 6 for

allif f,..,N}, ji {,....M}, andki {L,...,Q} are always fixed. And consequently, , the
function ofi 0 &6 , has a uniqusolution (Theorend.1 in Chapter 5). Wh at 6 sthanor e

ratio between antwo variables of the same factors is also fixed (Theer@mm Chapter 5). This
is consistent with our institute, i.e., given the margin of a tensor, it is the ratio between individuals

that impacts the count values distributed indbetingencytensor.

2.2.3Marginal Constraints on Expectation

One contribution and strength of thisomk lies in the type of marginal constraints that CMC
employs. Instead of constraining the problem on the exact margins as noncentral hypergeometric
distribution or other works did, CMC constrains the problem on the expectations of mBigirs (

2-4). The exact margin constraints result in arn-iNied problem, while the margin expectation
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constraints lead to a simple form of distribution (Bdl), which can be easilgxtended to high

dimensional tensors.

Two dimensions High dimensions

ritwitugt

e
—> Py = g

Constrainon  “}'%
—— A
outcomes LY 0l Pii =9

1 | (NPhard problem!)

Figure2-4 Constraints on expectation. CMC applies the marginal constraints on the sum of expectations
of corresponding entries. The marginal constraints oout@mes result in an Nifard problem, while
the constraint on expectation leads to a simple distribution form for any entries and can be easily extended

to high dimensional tensors

All the above discussion about the CMC model can easily be extendeth ifiensional tensors,

and tensors with values beyond binary numbers (such as probability values, and integer frequency
count). It is also compatible with data with missing values. We will discuss the extension in
Chapter 3.
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2.3The Saddle Point Approximation

Having solved the null distribution of the tensor entries concerning the heterogeneities, one might
be interested in identifying features that are enrichedsit af entries, as in applications such as
driving TF identification and tumeassociated gene identification. Usually, one needs to check
whether the observed values in a set of entries are significantly higher than the corresponding
expected values. Thigrocedure involves the statistical test on multiple entries joiffthe
statistical test on entries sharing the same expected value is straightforward, with the null
distribution being Binomial distribution. However, as CMC carefully takes care of the
heterogeneities of all factors, the expected values of the entry set are typically different. In this

case, the statistical test becomes extremely hard. For example, for a case wibofstime

observed values i entries, there ar® L(i) possible cases whose sums of observed values

are larger than this specific case. And thHése lci) cases have different probabilities of being

observed, making it an NRard problem to consider all these cases. The saddle point

approximation is utilied here to well approximate the exacitvglue €igure 2-5) (See
implementatiordetails in Sectio6.6).

Exact p value (NP hard) Saddle point approximation
Null probability | 0.6 |01 | 0.9]«++

X XN

§ 1“.“- Involve (1:/) possible cases
3 case / 3
T case 2 "'EI"'EI é ’_.o/' E_ ® O Saddle point
c _ X e = @ approximation
E case 3 n ve 'EI soe ./" = ® + Simulation
[5) R L . .

Px;++xy>Y)=2? 12 i1i NAN Y casel case? case3

Figure2-5 Apply saddle point approximation to enrichment analysis. Given the expected value of each
entry in the tensor, applications like enrichment analysis negliettk whether the observed values in a
set of entries are significantly higher than the corresponding expected values. This procedure involves the
statistical test on multiple entries wherein the expected values are typically different. Since computing the
exact pvalue is an NFhard problem, saddle point approximation is utilized here to well approximate the

exact pvalue.
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Chapter3 Ext enef oGBC Model

3.1 Extend to Multidimensional Binary ContingencyTensor

Consider a Bdimensional0 0 E 0 E 0 contingency tensor. LetO
"OHOMB AOM FQ denotes the index of the entry in thednersional tensor, wheré&Qis the

index of the d" dimension. Let”Y be the set of all possibléO s. Define
OB AQ HQ B HQ asasebf i ndex®®s,i nhiecaet eis al | possi
d" dimension (i.e.,pf8 O ). Similarly, Of8 D HQD B D is a set of indexes, where only

the index of thel" dimension is fixed t¢Q and the indexes of all the other dimensions can be any

possible valueso (=0or 1) is the observed value in enfde @ i of the tensor. The marginal
total of the’Q individual in theé" dimensionist 5 B  Juiw i mp © - FOr brevity,

we will denoted j asd when there is no confusion.

We assume each entry of the contingency tensor is independent, and follows the Bernoulli

distribution with probabilityd .0 can be inferred bynaximizing the entropy under the

marginal expectation constraints:

i AGB ., 0id p 0 1ip ©

(3.1
88 B N OB R FBE'.)G d hAI'D pFBFU AT @ pFBFD
To solve Eq.3.1), Lagrangemultipliers are introduced
i A@B , 0 110 p 0 ap O
" ‘ ) , 3.2
BB i B .ogw nw goV O
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wherei 1yMBh (hgBh MBHMBAH ; . Herei j is related to theQ
individual of theQ dimension. Similarly, we will denote , as simplyi when there is no

confusioni s related to theusceptibilityof individual‘Qin dimensioriQ

The optimal solution of Eq3(2) is:

3 (0% (3.3
U —_—
.gf p
whereB i is the sum obusceptivity of individual that the enti@ corresponding to in each

of the D dimensions, and is the solution to the margin constraints:

® o (3.9
o BB B ——— O A'® pBH AT@ pfBFo

3.2 Extend to Tensor with ExpectedValues

For now, the values in the tensor are binary values. However, in practice, we may not be very
confident with the observed values. For example, in an experiment observing whether a specific
TF binds to a particular gene, according to the experimentalwlatapnclude that the TF and
gene are |ikely bound together. ALIi kel yo was
due to known/unknown factors, such as measurement error. In such cases, rather than rashly
assigning 0 or 1 to the contingency tenssing an expected valie 1 'Q p is a wise way.

In this case, the marginal total wouldioe B, sz w1 o @ for'Q pMB M hand

Q pMB HO. Notethatd  may not be integers.
While inferring the probability distribution for such a tensor with expected values, the object

function and the margin constraints (Eq. S4.7) are still held in thisAadehe solutions are also
the same as Eq3.Q) and Eq. 8.4).
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3.3Extend to Tensor with MissingValues

Missing values exist in collected datasets of many fields, inclusioignce, engineering, and
business In such datasets, only the nomssing (observed) values are used to infer the

susceptivities of each factorés individual s.

ForaDdimensionab 0 E O E 0 binarytensor, lety denotes the indexes of
observed entries of the-@imension tensor. Assum®B D HOD MDD  m 1 foralQ

and allQ that is, any individual of any dimension has at least onemssingvalue.

To infer the distribution of each entry:

| Ag 0 10 p 0 11p 0
(3.5
a8 B N OB R B B 0 4 hAEID pFBFU AT @ pFBF[)
where { a } are the marginal totals of the observed values.
B «omb i mo  ©, for'Q pfBM andQ pfBFO.
The optimal solution is:
i 03 (3.6)
0 . _
.gf p
where i s the solution to the margoonstraints:
B o o o (3.7
B okm & BD - « AlI'@ pBh NQ pBHO

Eq. 3.6) shares the form with that of tensor without missing values, excepi thatre learned

from observed entries.
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We have learned from Eg3.6) and Eq. 8.6) that the relationship between the probability
distribution of an entry and its correspondimdden factori . According to this relationship,

the probability distributions of the missing items can also be estimated given thabas been
learned from the observed entries. From this point of view, the CMC model has the potential to
impute the missing values in muttimensional tensors, especially for datasets that the
heterogeneities that exist in multiple dimensions. The imputed values are the expected values of

the missing entries given the inferraalsceptivities of the correspondiindividuals.

3.4 Extend to Multidimensional Integer Contingency Tensor

with MissingValues

We extended the CMC model to haniiesos with integer values, where the integer values follow

the binomial distributions with success probabililess to be inferred, given thrimber of trials

® s for each entriDO.

We first discuss a special case wh@re @ for all'ON *Y, then extend to the general cases

where® s are not identical.

The integer value in each entry is thember of successes in a sequendéinfiependent Bernoulli
trials, where the trials share an identical success probability. Therefore;direddson integer
tensorcan be regarded as the sunmiudD-dimensionbinary tensor in which each entry of every
binarytensormecords the outcomes of a single Bernoulli trial. Inspired by dsshown inFigure

3-1 (A), for aninteger tensor, we introduce a virtual dimension (D+1) to the origiral D
dimensional tensor. The length of this dimension is equél Adong with this virtual dimension,
each individual records the results of a single trial in each entry. In thisneasan estimate the

probability distribution of this D+Himensional binary tensor.

32



An integer tensor An integer tensor

Figure3-1 lllustration of decomposing a 2D integer tensor into a 3D binary tensor, in which a virtual
dimension is introdced. Along with this virtual dimension, each entry in every individual is the results of
a single trial in each entry. (A) The special case where the numbers offfriafeéch entry in the 2D

integer tensor are the same. The length of the virtualrdiioe is equal t&. Value ofA T @ @ the 2D

integer tensor is the number of successes in a sequevigedapendent Bernoulli trials (corresponding
toAT @ @ PA T @ Oin the 3D binary tensor) with an identical success probability. (B)g€neral

cases wheréy; s are different. The length of the virtual dimension is equél tol A @ . ForAT ® O
in the 2D integer tensor, among its corresponding entkids@® @B M T @ Q in the 3D binary tensor,

® & ofthem@T @O B M T @ Q are set as missing values.

Let ds coximérsbrakd ad DE 0 E 0 integercontingency tensor, in
which the value of T @ Gollows the binomial distributio® &) . A virtual dimension (the

(D+1)"" dimension) is introduced, along which each individual is-difBersional binary tensor.
For the new (D+Himersionald E 0 0 binary tensor @, and the value of

AT @ O follows theBernodli distribution with success probability . 0  can be inferred

according to the maximum entropy principle, under the margipactatiorconstraints:
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i AgB 0 110 p 0 17p 0 (3.9

where "'Oh"Q  denotes the index vector of tH®+1)-dimensional tensor, in whicHD
represents the index of the first D dimensions 8nd denote the index of the last dimension.
There is no marginal constrain on the virtual dimension. Instead, an additional constraint set is

added to force thentries along the virtual dimension to have the same success probabilities.

To solve Eq.3.8), Lagrange multiplies are again introduced

I Fé\QB O 10 p 0 agp 0
B B | B NOBID R D B 6 a (39)
B B S 0
wherei 1 for'Q plBh) and’Q ph8 HORO p.
The optimal solution of Eq3(9) is:
B ~ . by
i h Al'® p
0 v B (3.10
% - hEl @ ¢8R
Vg h
where © and i are the solution to:
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NOBD h D RBD B

B oo ik wo B — a
A phB ho (3.1
B Pt B ..
. = , for any’O, and'Q ¢h8 h (3.12
f
From Eq. 8.12, we had rtfor anyO, and'Q ¢ciB ) . Therefore, Eq.3.10),

Eq. 3.11), and Eq. 8.12 can be rewritten as:

{J— (3.13

B .ok i mp @s——— & hAE®D plBH ATA pBHO (3.14

We extend to the general cases whgres are different. For such cases, as showfigure 3-1

(B), we also introduce a virtual dimension (D+1) to ¢higinal D-dimensional tensor. The length

of this dimension is equal t6 where® | A @ .ForA1 O Gnlhe original integer tensor,
if its number of trialgo is smaller thany, then among its corresponding binary entries, @

of them will be marked as missing values. We then estimate the probability distribution of this

D+1 dimensional binary tensor with missing values.

Consider a Bdimersional0 0 E O E 0 integercontingency tensor, in which

the value ofA 1 @ Gollows the binomial distributio® & ) . A virtual dimension (the
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(D+1)" dimension) is introduced, along which each individual is-éirDersional binary tensor.
Forthenewd E 0 0  binary tensor) ® | Add .ForAl @antheD

dimensional integer tensor, among its corresponding entries in the-¢{dwdhsional binary
tensor ATOQ BRRATOQ )& @ ofthemAT OO BMRTOQ ), are maked
as missing values. Lety  denotes the indexes of the mmissing entries of the (D+1)
dimensional binary tensor. Value Afl @ O (for'O ~ m ) follows Bernoulli distribution
with success probability . Again,0 can be inferrecccording to the maximum entropy

principle, under the marginakpectatiorconstraints:

i AgB o0 10 p 0 I Tp O (3.15
(88 B . ogp ko B 0 a hEI'D pBH AT@ pBH
0 0 ; hAI OhQ ~m ,whereONY,andQ  ¢B hd

To solve Eq.3.19, Lagrange multiplies are again introduced

>
Q
w
C
=
©
c
Q‘
m‘
©
C

B-B 1 B .ogp i o . U a (3.1

oy}
o8]
¢
Ca
¢
C
<

The optimal solution of Eq3(16 is:
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v h N o . B 3 s (317)
" _ hal Q@ B
Vg h
where * and i  are the solution to:
B R B
B vokbp ik kD 3 B ok nm mo B — o,
A ph8 Ro (3.189
B Ao P ek n o
_ _ for'on YRAT R 8 (3.19
i
From Eg. 8.19, we have nfor'Ov "'YRAT B ¢HB iy . Therefore, Eq.

(3.17), Eq. 8.18, and 8.19 can be rewritten as:

J— (3.20

~

B «oki ik go ® —— G h AI'® pBH AT'A pBRO (3.20)

Similarly, the CMC model can be extended to integer tensors with missing values. In this case,
while expanding the original dimensional tensor into (D+H)imensional tensor, if the values

AT @ an the original Ddimensional tensor is missing, thehtak values of the corresponding
entries AT @ Q hfor all Q ) in the (D+1)dimensional tensor will also be marked as

missing. Similarly, the maximum entropy principle under the margixyaéctatiorconstraints and
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constraints onthéd p  dimension is applied, and the success probabilitie®f each entry

in the Ddimensional integer tensor is:

(3.22

wherem is the indexes of entiries with nanissing values, and can be obtaied by solving

the equations:

~

F mpe © —— G h A'® pBH ATA@ pBRO (3.23

Eq. 3.22 is the optimal distribution for the entry of tBe-1 dimensional binary tensor. Values in
the originalD dimensional integer tensor are the sum oflkd dimensional tensor across the
virtual dimension. The probability distribution of each entry in the orighhdimensions tensor

is:
0Qo M . 0 p O , for Ovm (3.29

wherel s givenby Eq. 8.20. When® =1 for all'ON m) , the solutions are the same as those

of the binary tensor (Eq3(6) and Eq.8.7)).
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Chapter4d | t er a$tirarn e g$ a rt coh t

Opti BallutAina@n | t s Accel er at

In this chapter, we firstliscuss theterationstrategy tosearchfor the optimal solution to CMC
model, and then discuss its acceleration. We first startseltition tobasic CMC model (for 3D

binary tensor)
4.1 Iterative Optimization Strategy

For the convenience of discussion, we first discuss the solution to Eg. (2.6) (CMC model for 3D
binary tensor), and then to Eq. (3.23) (CMC modelrfaidtidimensional integer contingency

tensor with missing valugs

Thereis aninfinite number ofsolutionsto Eg. (2.6), even the number of variableag { M Q)

is equal to that of equations. This is becalde ¢ B a B n,ie., atleast two
equations in the Eq2(6) are the combinations of the othdrdowever, the valueaf 0 06
forallii {1,...,N}, ji {L..,M}, andki {,...,Q} are always fixed. And consequently, , the
functionofi 0 & , has a uniqusolution (Theoremd.1). Besides, the ratio between any two

variables of the same factors is also fixed (Theoteth

We proposed an iterative strategy (Algorithm 1, &iwglire4-1) to find a solution to Eq. 2.6, in

which, variable setd }, {0 } and {0 } are updatedequentially And during the update of each
variable seti }, {0 }or 6 , variable elements within each set can be updated parallelly, given

the fact that theariable elements within each set are independent if the other two variable sets are

fixed. For every single variable, say, there is only one soluton® B — ¢,
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since Qi B B is amonotonic functionn the range [0, NJThis solution can

be efficiently found via Newtonds met hod.

Ty, .., Ty are independently
optimized (in parallel)

Likelihood

Update

Iteration

Figure4-1 Iteration strategy to seardébr the optimal solution

Algorithm 1 lterative strategy to solve Eqg. (2.6)

Initialization:  »

,and Og a Os

While »

,and ¢g are not convergedio

/I Parallellyupdate »:

Parallelly update»for i 8 Rl by solving
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/I Parallellyupdate «

. , > o= Hg
8 K by solvingB? BL = 0
y solvingB* § ST

Parallelly update:

/I Parallellyupdate O g

> :
| |
B Of

= Hg
> w &

Parallelly updaté-g for 8 |k by solvingBi BJJ

end while

Similar strategy can apply to find a solution to Eq. (3.23) (Algorithrm2yhich, variable sets,
are updatedequentiallyfor Q  pH8 FO. And during the update of each variableisetvariable
elements within each set are updated parallelly, given the fact that the variable elements within

each set are independent if the other variable sets are Figed.single variable, say , there is

B

only one solution t0B . 55 rp oY W 5—— & , since |

B
v ol R B« ® 5 Is amonotonic function This solution can be

eficent | y f ound v i Algohttemtisqynatasteedrie findh sosdlution to Eq. (3.23)
(Theoremd.3).

Algorithm 2 Iterative strategy to solve Eg. (3.23)

Initialization: ®a Os
while ®is not converged do
for®=1to /I for each dimension
Parallelly update »g for @ B mbysoving I » O
using Newtonds met hod

end

end while
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4.2 Acceleration

In practice, it takes a long time to solve the problem, especially for the tensor with high dimensions.
For example, it takes about 38.5 hours for a tensor with sigeroft p 1t T 70 T 1T 0 TT;7@Nd
0.67 hours fora size of¢ m ¢ ¢ 1T 1T ¢ TU.TtT herefore, it is deéed to accelerate the

algorithm.

For the sake of discussion, we use the algorithm for the basic CMC model to discuss the
acceleration. Sample acceleration rules apply to ex@md€ model. We first rewrote the

Algorithm 1 as Algorithm 1.1 shown ihigure4-2.

Newt onds met hod i s use®d BtBb—so+Vv e¢ .tTheatimef unct i

complexity of Algorithm 1.1 is0 ¢ ‘00 Q ¢ 0 Qdal Ad ¢ 00 Q , where
¢ "00 Q is the number of outer loops; O "ts the number of dimensions of the input tensor;

i Ad isthe maximum length o dimension; and “Oid ‘Q is the number of iteratiarto

solve the functioriQi BB ———— ¢ byusingNewt onés met hod.

Algorithm 1.1 Iterative strategy y
Initialization:{r;, w;,u; } 0

Forilter = 1tonltery, e, //Outerloops
ForiDim = 1tonDim //
Fori=1to MiDim

pTitWjtHE
solve f(1,) = X Xk revwyrme,; = M
End Newton’s method s e
End
End A good initial point will help to
reduce the iterations count

Figure4-2 Algorithm to solve the basiCMC model
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The principle of acceleration is to reduce th

assigning a good initiation to iFigure4-2). In the following, we will discuss how to get a good

initiation for Newtonds nBeB hoed—+o0¢esol ve t he f

There are two key propertiestoth e f uncti on to be solved by New:!

Property 1): For a certain dimension, say Dimension 1, the function to be solved all share a same

function™Qi BB ——— ¢ fori=1,..,M1. The only difference is for different

Property 2): FunctionQi BB ——— ¢ is a strictly monotonically increasing

function Therefore, i £ ¢ , theni i [

Given the two properties above, we may sort the (for i = 1, ...,M1) from largest to smallest:
¢ MR BR andthersolve™Qi sinthe orderofthatof : Qi M RQI B HQi
According to the properties, weavei i E i Ei . In such case, except for
"Qi , when solving othe€iQi s, we may use the solution to be the initialization ofQi

when applying Newtonbs measfhbdr r oMei ncga lohn f sour crha

nei ghbor o.

Besides that, for every specif@i  function, which may involve multiple iteratioflsfiout er
| oopso i n Anhenapdatingh. muridg.théd) iteration, we may also use the solution

of theprevious iteration as the initialization of this iteration.

h

To sum up, for any specifi©i  function, duringitsf"i t er ati on of Newtonos
two values can be used for its initialization. One is by borrowing informationifréns nei ghbor

the other one is by borrowing information from its previous iterattigu(e4-3).
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Figure4-3 Acceleration strategyoorrowing informatiorfrom its previous iteration or neighbbr

Given two available values that chaserved for initialization, now the question is which one to
be used. In our practice, we find that, when the length of each dimehifn) (s large, the

elements of fi} tend to be closer to each other, so as esblutions {i}. In such casgi _ is
expected to be closer to,. On the other hand, if the length of a dimension is siall, is
expected to be closerto, . Therefore, in practice, if the length of a dimensgdargerthan 1000,

we useborrow information from neighbar, otherwisefrom its previous outeioop iteration

Table4-1 show that thecceleration strategypakesthe new algorithnabout 30 times faster than

thepreviousonein tensors with various sizes

Table4-1 AccelerationResult

Times used .
Times used (after
tensor (before :
: acceleration)
acceleration)
2D: 1816 x8000 10.3s 0.86s
3D: 1816 x8000 x15 306s 10.3s
3D: 1000 x5000 x50 526s 11.2s
4D: 200200X200X200 2445s 87s
4D: 1000x1000X300x300 38.5h 1.3h
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Chapter5 Properti es o0dn @ChveC

Pr osof

In this section, we will prove three CMC properties that we mentioned before:

Propertyl: The probability distribution defined by Eq3.22 and Eg. 8.23 is unique. This

property will be formally stated and provedliheorem 41.

Property2: The ratio between any two variables of #@me factors—, is fixed for'QRQ

plB D AT @ pfB HO(Theorem 4.9.

Property3: The iterative update af (Algorithm 2) will converge to a solution that satisfies
Equation 8.23 (Theorem 43).

First, we will give some definitions.

For a D dimensionab 0 E O E 0 tensor, define index of entrjO
OB RO FQ ,Q  pB M , forQ pHB HO; Qis the index of the™ dimension.

Definemas the indexes of items with nomissing values andd8 BIQ®B D m .

Define'Oinduced set O as p = Q 0 ;in other words, we pick the first dimension,

as well as all dimensi@iQwhose corresponding coordind®is less tha .

Let i igBhH A MR MBHMBH i , andi ; is shortened as when

there is no confusion.
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We defined j as the marginal total for thi@th item in dimensiof®) and we also abbreviate it

as@ . These values are calculated from data, and are considered as fixed.

Before we prove Theorem 4.1, we need two lemmas.

Lemma4.1llLet
gol o1 Id o G i d

Then™Q1i s a strictly convex function. Here s are constant values.

Proof:

TheHessiamatrix of Qi

;o) 0 8 0 8 0 U]
s o 8 0 8 0 :::
O] Y é é E é E é 0
B 5 8 6 8 6 i
@8 & E & E &
Lp o} 8 0 8 0 g

Ead element ofO1 is the second order derivative'®i  for each pair of (Q ph8 M
ifQ p,andQ pBH  pifQ ¢MBHD). O isasymmetric matrix, where o)
forQ ph8 HO8

Submatrice® s are diagonal matrices. &ldiagonal elements i are:
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W B . wbro ® ,for'Q  pMB

The diagonal elements i (where d>1) are:
B i
) B . oD KB BD (D) - , forQ pI’Bh!) P
For® whereQ ¢ RO, its elements are:
B i
© B opeo hb eD, © — :

N

forQ pMBHRH andQ pBH pifQ p.

Foro whereQ Q,Q p,andQ p,its elements are:

where D8 OB MIQ B D is shorten forOMB D HOD B H[QMD B D . Since
OB RD MM  m »n, all entriesin Oi  are norzeros except theff-diagonal

entriesin the submatrices s.

Letw N g . T, then

®Qv B B B

<
q

=3

<
q

é(

=

6(
E:
€
€



) ™ QQ 0 WEQ p . )
wherew o Ri OEAOO It 6s oob @i ar,uasd Hasdiaantatrix Ois

positivedefinite. Therefoe, Qi is strictly convex#

Lemma 4.2 Defineequations

v “ 'S_ZB v L~ s N
e N anBNi a hZAI'D pBHh
v PRD P
¢ - V
I ® _ G hAEI'D pBH pAT A ¢8RO
vooomh nEp RO O P
&% are constant values, amd d B . orp i ko @ for'Q pBR andQ

pF8 FO,. Then the equation set has at most one solution.

Proof:
Define’@i B , & 1 IcF* s p B i4 B B ia ,
wherei i A h MHhH MA BhH

FromLemma4.1, we know thatQi is strictly convex. Therefore, any local minimuni@ftin

is also the unique global mimum of "Q"(r .

To obtain the unique global optimal solution, we take the derivative with respect to each element

of i respectively and set them equal to O:
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’r oo'QBNi a hZAI'D pBHh
N DBD | P
(N QB } o
I'p ® G hAEI® pBH pATA B
O« oD AP B G p

In other words, any solutions to the equation set are the optimal soluti@is toSince’Qi

has at most one global nimum, the equation set has at most one solution.

To prove the equation set has exactly one solution, in the following, we prov@ithawill not

obtain its optimal solution whan © Hori © Ho
Foranyi ~i ,ifi © Hp then

x -

— ) a
T pe E e Yo illd
N OB R RBD P

As a BNC)FSFDHFD B (:),— TL

Similarly, ifi ©  Hp, then

As @ m — 1L
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To summarize)Qi  will obtain an optimal solution with finite . Therefore;Qi has and only

has one optimal global solution, and the equation set has and only has one $olution.

Theorem 41 For a Ddimensionald © E O E 0 tensor. Let™O
"OHOMB AOM FQ denotes the index of the entry in thednersional tensor, wheré&Qis the
index of thed™ dimension.Define "B FQ MBIQ MBHQ as a set of P ndexe
indicates all possible indexes of tiédimension (i.e.QN pfB R ). Similarly, 8 QDB D
is a set of indexes, where only the index ofdAelimension is fixed téQ and the indexes of all

the other dimensions can be any possible vaDesne the probability distribution of each entry:

. (03
U —
.gf p
where i s the solution to the constraints:
B .. ~ ~ ~ ~ ~
B vokin nio g, @ 5 ——— G AI'® pBH M pMBHO
where {0 } are the marginal totals and are given, & B vowm ri mp @ for

Q pMB R andQ pfB HO, andmreprents the indexes of items with Rmssing values and

OB HOD MM, m »n.Then among all the solutions s,B 1 is always fixed

for any’O, and0 has a unique solution.

Proof:

Define

,forQ pMB R ,andQ ph8 HO.
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Then i m forQ 0 andQ ¢MBHO. And B i B 1 ,forQ pR ,and
Q phB Ro.

The probability function and constraints can be rewritten as:

and

G ,for'Q pMBRH ,andQ pB HO.

e
6(

€
@

nNORD h D

Asi s are only involved in the addition operation and ; Tfor Q ¢ RO, variables

i ; (for' Q c¢fB HO) can be safely omitted during the following procedures. Besides, the

B

constraint8 sz 7 p B 5——— & & for Q ¢ HOare redundant and can

also be omitted because the sums of marginal totals in different dimeastoalways the same,

3

ie,B & B & E B &

Therefore, the constraint equation set can be rewas:

o G QBQB & RAED pfb i

N ODBD | p
P -g)BNi 5 . o
I'p W a hZAI'®D pBh pAl @ ¢BHho
U ok R BD ol P

FromTheorem 41, we know that the constraint equation has a unique soILitioZl}.{Therefore,
B

0 ———is unique, an® i B 1 isfixed.®
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Theorem 4.21f P is fixed forQ pMBH AT '@ pMB HO, then—is fixed for'Q

plBH hQ pBH AT@ phBHO.
Proof:

As'P is fixed,B 1 is also fixed. LeB i @ , where® is a constant value for

0 OB RO HQ .

For any’ G~ plBHO , 1. 1| B i i. B i B 1 i

&(
=x
&=
¢
e
= x
g(
0«
=
= x
=
=3
(@]
>0
(7) .
QD
(@]
(@]
>
[%)]
—+
QD
>
—
—
o
-
=
=z
e
E(
E'(

B - i @

and’Q N pB D - .

Therefore—is fixed forQ pMB R h'Q pBH A

D
el

E(
8(

Next, we prove the convergence of the updating algorithm. We will first introduce a useful lemma.

Lemma 4.3([31] ) Given a realalued continuous functicon& &, define apointto-set

map' doO dwith respect tdQas

® ol fEDdw  ofQahw  Qaw Ao w.

If ' & is nonempty' is closed ata

Theorem 4.3The iteratively update operation in Algorithm 2 will converge to a solution that

satisfying the constraint equation set E2128.
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Let' :'YO V 'Y bethe point to set map defined by Algorithm 2, whéisa subset ofi , with

¢ B 0 . Repeated application of generates a sequende for the given initial

point N 'Y through the iteratiorp NC B, whereb BB he |, B
i iR ; for'Q pfB Hohande T8 Mt 8Let 3 be the solution set.

Define continuous functiolQe B , & 1 1 p B B i & . Taking

derivatve w.r.t.i for all "‘Qgives us:

@ —— & h A'® piBl ATA pMHRO
OB R B o] P
which is exactly the equation set Algorithm 2 to be solved. Ithe iteration (Q TipkchB),
B,  are updatedor Q phB HOone after another. F@ Q (whereQ  pf8 HO), given the

values ofB i andB 1, B is computed by solving the equation set
B B
B worm rm B, ® - a forQ pBRH 8
Therefore,
Qb Mh H hH Bh Qb Mh h b MBhe

After computingiy, for all'Q, we have

Qb Qb

If b N 3, then the equality holds. i ¢ 3, then' Qb "Qip
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Besides, define a continuous functié® B & Q&8 heyhd, B, where®
mis aconstant®" s , and@™ s . Then' b = i QE IQehd & Qiehd
Ng

Qe Hé&Ns ashO Hb.' b isnonempty for everp™ Y. According to Lemma 4.3, we

obtain that b is closed orv.

In the following, we will prove that all poirg  are in a compact satO'Y:

Again, i is updated by solving:
B B
. Q
@ a
B B
NOBID h D BD Q p

Sincem & < B .5 ip mo @ . the values ofB i i
B i that solve the equation is finite. If all the element® of are finite, then is
finite, and consequently, is finite for all’Q. In another word, there exists a large finite
positive valuewsuch that N ofw for all Q. Thereforep is in a compact set
n o.
As the given initial poinp T8 It does not include any infinite valugscan bededuce

thate for'Q mipkf8 FHbare in a compact satO Y.

To summarize, 1)lbpointip  are in a compact set; 2) b is closed abN “Y; 3) and there is a

continuous functioriQip , such that®Qp Qb ifip e 3, and Qb "Qb if

P N3. According to Zangwi | |[3F),thglinotbfapl icim3anver gen
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Chapter6 Appl i cation | : Dri v

Factor | denti fi cati on

6.1 Introduction

TFs initiate and regulate the transcription of genes by binding to the enf@anpeomoter

sequences of their target genes. Identifying the TFs that are responsible for the transcriptional
change of bi ol ogi cal pTes®)s ses eoessantsieals et or
mechanism of the biological processes/diseases. Unfortunately, it is not applicable to find those
TFs directly in wet lab. On the other hand, the increasing amount of availatgeng&Finding

datasets enabled usdetect such TFs through statistical data analysis, as long as we have a list of
genes that we know are highly assoeekpessedd wi t |
geneso). Such a I|list can be the diofjidgsebut@aatt i al
limited to it. The drivingTFs are here characterized by their ydcdive binding to the co
expressed genes. CMC carmchida veep poliinedd ntgod doefc iad el
significantly higher count of bindings to gendsmerest than expected in normal cases. Therefore

the key task is to accurately infer the probability of binding between eagerié-pair hence the

probability distribution othe overall count of bindings of any TF to the-erpressed genes.

The taskis a nontrivial one. As discussed in Secti@r?.1, each TF or gene has its own (unique)

binding affinity (i.e., how likely a TF tends to bind any gene, or hialyjia gene is bound by any

TF) (Figurel-2) . What 6s more, the TFs06 dypaspegifcries d bi 1
have shown the necessity of jointly model b ot h t he heterogeneity in
t hat 1 n gene 8gurdli3n Rrevious drigidgfTk identifioation methods (such as
0oPOSSUM 3.[22], Enrichf23], BART[24], LISA[25], etc.) generally ignored the heterogeneity

among genes in binding affinity and treated all genes equally,hwhisely disregarded the

evidence from important genes and blew up the influence of others.
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Here, for any given cell type, we applied the CMC model to jointly infer thetyqedspecific
binding affinity of each gene and of each TF, as well as the mabdaing probability of any T+

gene pair conditional on the corresponding TF affinity and gene affinity. Given the fact that some
cell types may hava limited number of available ChiBeq datasets (recording the TF binding
site information in a specificell type), we also proposed a CMi@sed pipeline to figure out

ChlIP-seq datasets for similar cell types.

We validated the effectiveness of our CMC model by applying it to 49 benchmarks. Results
demonstrate that CMC model successfully identifies the grontikd TFs for 2 benchmarks,

being much better than the second best method, [PEJA which successes in 19 benchmarks
with the help of additional biological prior knowledge (i.e., genawae chromatin accessibility

information).

We also applied our model to the study of Iglieogenitor diversity and its contributions to brain
tumor malignancy. CMC model successfully identified Zfp36l1 TF as a critical regulator for
oligodendrocyteastrocyte lineage transition and glioma groj@Bj (validated by Zfp36I/1 knock

out experiments).

In Section6.2, we will discuss in more detail about the heter@ggnn celltype-specific TF/gene
binding affinities, in addition to that of in Sectidn2.1. In Section6.2.1 we will present the
design principles of the driving TF identification model and working framework, followeal by
detailed description of three core modules:géne binding state database, -tygtle-specific TF
gene binding probability, and the statistical test in Se&ién6.6. The results of experiments on

both benchmarks and-imuse applications are shown in Secton.
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6.2 Heterogeneity in TF/Gene Binding Affinity

6.2.1Heterogeneityin Cell-Type-Specific TF/Gene Binding Affinity

As put in Section1.2.1, both the gene binding affinity and TF binding affinity show strong
heterogenity across individualsHgure 1-2). To echo this observation, in this section we also
present the gene/TF binding affinity CMC leadrfrom a largescale ChiPseq déabase[4]

(Figure6-1). The conclusion is further confirmed.
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Figure6-1 Heterogeneityof e ne 6s binding affinity in diff

6.2.2Cell-Type-Specific Binding Affinity

What maks the thing even more complicated is that the binding affinities areypalspecific.

That is, the binding affinity of a gene can be different in different cell types. Thiigghe6-2

we would |Iike to provide visualized evidence ¢
cell types. In the figures, one dot presents one gene, with its location in the 2D plot being its
inferred binding affinity in two céltypes, respectively. The two figures contain the same set of

genes but different cell type set (axes). The figures clearly illustrate: for similar cell types, like B

cellsvs.proB c e | | s, bindirg affingyenrthe 8vo types are highly correldt@=0.98); in

57



contrast, for distinct cell types, e.fjver cellsvs.proB c¢c e | | s, binditgeffingyeimtlees 6

two types are pretty different (r=0.43). Si mi
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Figure6-2Ge ne 6 s b i yniddiffargnt callftypes n i t

The celttype-specific binding affinity may be explained blgromatin accessibilityin eukaryotic

cells, DNA is tightly condensed by wrapmm around nuclear proteins callddstones to form
chromatinand storedvithin thecellularnucleus When necessary, a specific part of the chromatin
will rearrangefrom a condensed state to a transcriptionally accessible state, allbgog other
DNA-binding proteins to access DNA and control gene expressmma gene, the accessibilities

of its corresponding DNA region are various across cell types, which, consequently, results in its

cell-type-specific binding affinity.

To sum up, the genes have diffint binding affinities to TFs, and these binding affinities are cell

type specific.
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6.3 Design Principlesand Framework

A TF isbelieved to be the driver of a biological process/disease if it respotigstranscriptional

change between two conditions.j.activates and regulate the differentially expressed genes

(DEGS) between two conditionBecause of the regulation relationships with the DEGs, the
driving TFs are expected to bind these genes more frequently than random bindings. Thus, in order

to decide whether a Fis a driving T, we compare its binding frequency (to the DEGSs) with the

binding frequency due to randomnes& this endwe need teestimate the binding probability

between each gene and each TF under the null hypothesis. Spectfieatiy|l hypothesis means

that a TF binds to a gene only by chance, and that the probability of such random binding may be

i mpacted by the TF6s and the geneds own prope

with the biological process org#iase under investigation.

As mentioned above, both the TFO&6s anadditgeneds
almost impossible to directly quantify the binding affinity of each gene and each TF for each cell
type. What 6s modr eg, e nbeodtsh btimeeditdribgiystehadticalyimbdeleds
during estimating the binding probability under null so as to avoid false pass#n false

negative in the detection result3.herefore, we applthe CMC model here to jointly learn the
TF@snd geneds bi ndi rscple @Fgdne hindingistatensdr(binding of natr g e
binding), and then model the binding probability of eachgéhe pair conditional only otme

corresponding geneb6s/ TFd6s binding affinities

The TFgene binding state tensor is the pkoowledge andanbe extracedfrom largescale TF

bindingsite databases (such as databhased on all available ChB&q experiment datasgts

One more key issue needed to be considered is that the binding affinities -typecsipecific.

Ideally, we mayr egar d the fdficell t y p egére binding @robabllity nd f ac
addition to the gene and TF factarmay construct a 3 dimensions-gEne binding state tensor

with TF, gene, and cell typsorrespondingo each dimension respectivend then CMC model

can be applied to learn the binding pmbiity while systematically modeling all three factors.

However, in realityfor some no so webtudy cell types, we only have binding state information
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for limit TFs. Though the CMC model can handle missing items in th@die binding state
tensor, forthose cell types, the available binding information is too few to have a reliable
estimation.Therefore, to handle this issue, for each cell type, we may use its availableeghIP
datasets as seed, and identify Ch#@ datasets of similar cell types.ntmning the seed and

identified ChIiRseq datasets, we may safely learn reliable gene/TF binding affinities for each cell

type.

The TFgene binding state tensor indicates whether a TF is binding to a gene. It serves as a
knowledge base in the driving TFeidtification model. A binding matrix of good quality is critical

for the identification task.

There are three scenarios for the binding matrix's quality: 1) it should be highly precise and highly
sensitive. 2) it should be comprehensive. In other wonéshinding information should be for all

TFs and all genes. The model can't identify the TFs that are omitted in the database. And the
identification result will bias to the TFs that are included in the database. 3) it should be capable
of reflecting the ell-typerelated binding state. The gene bindings are celype related34]

[35] . Therefore, a good binding matrix should be able to reflect such a difference in order to
identify the target TF accurately.

There are many types of databases available for binding state tensor constriclitve mptif

based databas¢22] , [36] , [37] . These databases predict the TF binding sites (TFBSs) by
computationally omparing the TF motif with the whole genome sequence. Intuitively, the TF
motif is the bindingpreferenceof the TF. The advantage of these databases is that tijeng~
binding sites are genonweide. However, they have obvious drawbacks. Firstly, theiqtest

TFBSs are not reliable. The only information they relied on during the prediction is the matching
score between the TF motif and genome sequence, which is arbitrary. The second drawback of
motif-based databasestheir TFBSs are not celype relatd. A TF binds to its target genes only
when itéds necessary. It may bind to a gene to
not bind to this gene in another cell typeotiftbased databasds not take such information into
account, and #ir predicted TFBSs are not cgfipe related. Finally, as only the wsliudied TFs

have motif information, thenotif-based databasean only cover a small part of TF&.Knock-

out (KO)/overexpress QE) experimentbased database, which colethe TFgene binding
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information through the TF KO or OE experime[88] . TF KO/OE experiment knocks out or
overexpresses a single TF, and then idesdthe genes whosexpression changes (DEGSs) after

the KO/OE. In such cases, the KO/OE TF is responsible for the expression change of the DEGs.
Therefore, the DEGs are the direct or indirect targets of the KO/OE TF. Suggn€Relationship
information is highly reliableisce the relationship itself is directly from biological experiments.
However, i tdéds al most impossible to conduct th
cell types, respectivel)nockTH38] manually curatedatasets of 570 TF KO/OE experiments,

far from enough to build a comprehensivedéne binding state database. In a word, although the
TF-gene relationship via KO/OE experimgns highly reliable, the number of it is far from
building a comprehensive databaseLiraturebased databasdike BioGRID[{39] . It curates

the publicationsn which TRgene regulatory relationships are well studied and experimentally
validated. The interactions frothe literature are highly reliable. However, the number of well
studyTF-geneinteractionds far from enough. For examplBioGRID collected58521L genegene
interaction pairgor mus musculusAmong them, onlyi2761 are Tkyene pairsNot to mention

that thesd 2761interactionseed to be further divided according to tissue/cell types. Besides, the
literaturecuratedinteractionsare biased to thevell study TFgene pairs. A Tfene interaction

not reporéd by anypublishedpapers does not imply that this-gEne pair has no interaction. It

may simply be because the related TF and gene are not wellestihd no experiment is
conductedso far 4) ChlP-seq (chromatin immunoprecipitation followed by sequencing) based
database. ChiBeq experiment can be performed to detect the gemodeebinding sites of an
individual TF in a specific tissue/cell type. After mapping the reads generated bys€&thtPthe
genome, genomic regions enriched for mapped reads are identified. The identified genomic
locations are known as Chbeq peak§0] . They derive from the HBNA interactions in vivo.
Therefore, the ChH3eq data of a specific TF in particular cell types, which accurately
characterizes its genomrdgde binding sites, can be used to infer its targeted genes in that cell type
[25] . 5) userprovidescRNA-segbased database. This method directly uses the sefRitBAthat

the ceexpression gene set coming from to compute thgdite binding state. Specifically, a TF
andagene are believed to be associated if their expressionisavghly correlated across ¢l
Therefore, the Tfgene binding state can be extracted by computing the correlation between any
TF-gene pair. Suchdatabaséasanobvious advantagd is perfectly celitypespecific because

the usetprovidad sScRNA-seq data reflect the exact biologl condition (eg., cell type, etc.) where
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the ceexpressed genes cerfintom. However, this type of databasgjuiresheuser to upload their
scRNA-seq data (which is not always available) amaly havearisk of overfitting to the SCRNA
seq data

After considering all possible sources of-gEne binding datasets, we believe the &$dg based
databaseand useiprovide scRNAseq based databaaee the tworeasonable choisgas they
satisfy all the three scenarios we Jdte former is more robust, whiledlatter ismore data and

cell-type specificUsers may chase the one that bestditheir studies

Taking all the discussions above into account, we proposé@naework for driving TF
identification shown irFFigure6-3. The input of this application is a-@xpressed gene set and it
outputs the identified driving TF$n the frameworkthe TF-gene binding state data firstly
derived from ChlPseq databasendstored in a 2D tenspwith each row/column corresponding

to a TF/gene, respectivelyhen theCMC model is applied to infer the binding affinities of each
TF/gene, as well as the binding probability of eachg€Re pairFinally, thedriving TFs are
identifiedby comparing each TFO6s o0bs eexpressedgbne setlandc g
the corresponding binding probability.

In the following three sections, we will describe the details of the implementation of this
framework, which includethe following key modules: Tgene binding state database,-tyle-

specific TFgene binding probability, and the statistical test.
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Figure6-3 The frameworlof driving TF identification The input of this application is a-expressed
gene set and it outputs the identified driving TFs. The@ke binding state data is derived from GhIP
seq databases and stored in a 2D tensor. Each row/column corsgtspanB/gene, respectively. The
binding and notbinding states are distinguished by black and white colétwesCMC model is applied to
infer the binding affinities of each TF/gene, as well as the binding probability of eaglrieFpair. By
compar i n gobseavedibinding siate with the inputeogressed gene set and the corresponding

binding probability, driving TFs are identified.
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6.4 Core Module 1: TF-geneBinding State Database

The TRgene binding state tensor indicates whether a TF is binding to a gene. The tenser is two
dimensional, in which one column represents a gene, and one row corresponds to a TF attached by
cell-type property. Value 1 in an entrffiQindicates thathe"YObinds to and consequently
regulates théQQ@ in the corresponding cell type. Value 0 indicatéSdoes not bind tdQQ@

in that cell type. The 2D tensor collects the binding states between different TFs and genes in
various cell ypes. It serves as a knowledge base in the driving TF identification model. It's the
binding state matrix that thdentificationmodel relieson to identify the TFs that significantly

"favor" the coeexpressed gene list. A bindirggate tensoof good quaty is critical for the

identification task.

As discussed in the design principle (SecBdhl), the binding state tensor is from ugpeovided
scRNA-seq dataoChlP-seq database accordingbeu s e r 6 s Wecdlsauss o detail how the

binding state tensor is constructed from the two sources.

1) Userprovided scRNAseq data based methdd:order to compute the binding frequency of

each F, we first inferthe TRgene binding state (whether & i binding to a gene or not) based
ontheassociation of FF-gene expression. Sincé&-gene regulation is tisstspecific, we consider

the problem within the scope of a certain tissue. We assume that, in a spsti8¢cdi gene should
haveasimilar expression pattern with &That regulates (binds) it. Pearson correlation coefficient

is employed to assess the association bettesgxpressionofaFand a gene, and S
test of the correlation coefficients performed to decide if theFigene pair is statistically
significantly associated, namely, if the gene is bound by Ehdfie inferred binding state of all

TF-gene pairss organized into a F-gene binding statiensor

2) ChiRseq database methddatasets from ChH8eq experiments were selected to extract the
TF-gene binding state. Each dataset records the result of onesé&dl@xperiment. ChiBeq
experiments can be performed to detect the gerwithe binding sites of an imddual TF in a
specific tissue/cell type. is wildly used to detect FBNA interactions in vivo. Chlf3eq datasets

were selected for the following considerations: 1) Gédg data of a TF can accurately
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charact er i z e-widehbending 5ité$25] . @)eChlBseredata can capture the cell type
specific binding states between TFs and genes. 3) There are thousands-sédqCtiRasets for
different TFs in diffeent cell typeg4] , [41] -[44] .

We extracedthe TRgene Dbi ndi ng st atDAA intéractoms Databag@li, nd 6 s T
which comes from 9654 CRiseq experiments across nine species, for its high standard in terms

of data quality. UniBind uses two quality control metrics to ensure the quality of infithtee

seq datsets. 1) It expects the higjuality ChIRseq peak datasets to be enriched fefTth binding

motif known to be bound by t fseg dafaketsmd sadsfyiigF , an
this metric. 2) It filters out the datasets where the predicted TFBSs did not show a significant
enrichment around the summits, as it expects igfe-duality ChiRseq peaks to be enriched for

TFBSs close to their summits. In addition, UniBind combines both computational (via TF motif
information) and experimental (via Ch#eq datasets) evidence to find the kheginfidence TF

gene interactions.

A TF regulates its targeted gene's expression by bindiedher enhanceror promotes of the
targetedyenesHowever, converting the TBNA interactions to the Ti§ene binding states is not

trivial for the following reasons: 1) althouginomoters are typally immediately adjacent to the
geneéstranscriptional start sitff SS)in DNA sequence, the exact length of each gene's promoter
can often only be defined experimentally; 2) The enhancer can be lapateeam or downstream

up to 1 Mbpaway from the TSS of its targeted gene, and there is no accurate map linking enhancers
to their target gendd5] ; 3) not all TF's bindings are functiojdb] . A score is therefore needed

to quantify how likely a gene is regulated by a TF. While estimating the score, the effect a TF
binding site has on the expression of @#geted gene is assumed to decay exponentially with the
genomic distance between the binding site and the[Z9S While TFs can also regulate genes

by binding to genes' enhancers, it's almost impossible to incorporate such regulation into the
database, as discussed abf¥d . Therefore, we only consider tAd- binding sites located
around the TSS.

To calculate the binding score between anygERe pair, a distance weightrepresenting the

regulatory influence of a locus at positi@on the TSS of gen&is firstly defined?25] :
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c¢Q

p Q
whereQ Q 0 is the distance between nucleotide posifttand the position of geri@ s
TSS at.* —is the parameter to determine the decay rate of the weighta predefined

decay distangeorresponding to the distance that decay to 0.5. The binding score between TF
“‘Gand genéQs:

Y | AOG i

wherei N Tip is the signbof whether TF@s bi ndi ng afQYgenm.me positi

We found that, for ChiBeq datasets from different labs, theirDRNA interaction counts vary
dramatically, even for the same TF in the same cell types.&iifference is probably due the
batch effects. We assigned differeletcay distances-to roughly control the impact of the batch
effect. Thes- was set to 250, 500, and 1000 for datasets witlDPlNR interaction counts less than
256, between 256 and 102hdlarger than 1024, resgiévely.

The final TFgene binding state tensoiilisistrated inFigure6-4, in which one row corresponds to

a ChiRseq dataset, and one column represents a getie tansor, TFs with an identical name

but from different datasets are regarded as different TFs and are represented by different rows.
This is because the datasets of TFs with an identical name are the resultsséqCadperiments

that may be conduaeonvariouscell types, andhe TRgene binding states are cell typgecific.

TFs with identical name will be jointly considered in the final step of driving TF identification.

For each dataset, its corresponding TF and cell type are attached. This tensor has 3072 rows
(datasets) and 24528 columns (genes).
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(Genel Gene2 Gene3 .
0.5 0] 0.8

0.9 0.3 0
0 0] 0.6
0.6 0 0

Figure6-4 The TFgene binding state tensor

6.5Core Module 2: Cell-Type-Specific TF-Gene Binding
Probability

The binding probability matrix is inferred from the -g€ne binding state matrix. Value in entry

"6Qis the probability that thg" gene is bound by the TF of th® ChiP-seq dataset in the
corresponding cell type, conditional on the °
probability matrix is used to compare with the binding state matrasgo identify the TFs that

are significantly enriched among the inputted gene set.

The bindingprobability is often cell typspecific, due to the cell typspecific regulatiorj48] -
[52] . Evidence from the Tgene binding state tensor also supports tiaitesient(Figure 6-2).
Figure 6-2 shows that the binding affinities of a gene are closemilas cell types/tissues, but
could be quite different in distinct cell types/tissues. Therefore, a celspgafic TFgene

binding probability is needed.

To learn the cell typspecific TFgene binding probability from the binding state tensor, a
straghtforward method is regarding the cell type as a third factor and storing the binding state
information in a threglimension (TF, gene, and cell type) tensor, then applying the CMC model

to infer the ceHltype-specific binding probability. However, theh@P-seq datasets that have been
generated are far from covering all TFs and all cell typ2f. For many cell types/tissues, only a
limited number of ChiFseq data et s ar e avail abl e. For t hese

confidently estimate the Fgene binding probability given the small number of datasets.
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We developed a CM®ased framework to confidently estimdke cell typespecific TFgene
bindingprobability Figure6-5). Basically, for each cell type, the ChéRq datasets corresponding

to this cell type were used as seeds to identify the -Gat¢Pdatasets coming from similar cell

types. The seeds and tiaentified ChlPseq datasets would jointly contribute to the inference of

the TRgene binding probability for this specific cell type. For convenience, we call theseqIP
datasets coming from similar celskqdiyspepds 0of Ttol
identify the related ChH8eq datasets for each cell type, we first identified from the seeds a set of
representativegenes, which represents the binding characteristic of this cell type. Given the

representativgenes, the related Chdeqg datsets were then identified.
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Figure6-5 The CMGbased framework for related Ch#feq dataset identification

Therepresentativgienes of a cell type are the genes that are more frequently bound by various
TFs in this cell type than in other cell types (the background cell types). These genes contribute to
the binding characteristics of this cell type. As TF regulates the expression of its target genes by
binding to them, these genes are likely to be DEGsiscell type compared with the background

cell types. To identify therepresentativegenes, the CMC model was reused again. The
identification module is similar to that of driving TF identification (Figure 4&¢cept that the

input is the IDs of the sesdi.e., theChlP-seqdatasets of a specifaell typd. In such casegliven
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the binding genes of alChlP-seqexperiments performed on various cell typdse module
identifiesthe genes thaire enriched ithe ChlP-seqof a specific cell typeTo this end, for each

gene, its observed binding states among the seeds were compared with the corresponding binding
probabilities, and a-palue was assessed. To infer the binding probability, the CMC model was
applied due to the existence of heterogie®iacross genes and datasets. Unlike the driving TF
identification, we do not need to consider the-tglle-specific binding probability, because the
binding heterogeneity between cell types is the information that we rely on for the identification.
fwe regard the fAcell typeso as an additional
remove the impact of the heterogeneity of cell types, and the desired celelgteel datasets

would not be identified.

Given therepresentativegenes of a specificell type, we then detected the related Céel
datasets, in which theepresentativgienes are frequently bound. The assumption behind this is
that the seeds and their related Gh#e| datasets have similar binding characteristics. Specifically,
their representativegenes are highly overlapped. The module of related -SadP datasets
identification is also similar tBigure6-3, except that the input is thepreserdtivegenes. In such

a case, the module identified the Clsiy datasets that thepresentativgenes are bound more

frequently than expected.

Given the identified related Chi$eq datasets, we then combined them with the seed datasets to
jointly infer the cell typerelated Inding probability matrix Specifically, for each cell type, its
corresponding seeds and identified related @é datasets were used to infer the-tyglée-
specific gene factor, during which, the binding scores of each datasetilamied by a weight
reflecting how well the datasetpresergthe bindingcharacteristics of the cell type. The weights

are transformed from theyalues of the related datasets identified.

Gi ven t he-typespedafic bBindirngeaffinities, we themferred the celtype-specific
binding probabgdndikisndiomrg tsteatieTFt ensor 06 show
type, the CMC model was appl i etgpespecific bildeng whol e
affinities fixed, and the cellype-specific binding probabilities are estimated for this cell type.

69



6.6 Core Module 3: Statistical Test

To detect the driving TFsf the inputted ceexpressed gene set, for each TF, we checked whether

it binds to the ceexpressed gene set more frequently than by random. SpecificallytBefco

be the binding states of the examined TF andéthe-expressed genes, and8 ) are the
corresponding binding probabilities condition

assess the-yalue of the score

under null hypothesis

where is theBernoulli variablewith success prolidity 0 ;1 is a predefined weight attached

to . We set to guarantee that each weigtitBernoulli variablehas the same

variance and equally contributes

As we carefully considered the binding affinity of each gefe,are typically different, making
it extremely hard to compute the exaetglues. Therefore, as mentioned in the main text, we
utilized saddle point approximation to provideaacurate and efficient alternatjvees.,r Y

p "O°Y ,whereO°Y isthe approximated CDF. It is given B3] :

b P Al %D EY

—x

Oy
FEloD %D EY
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wherev Y 1 TC"Y is thecumulant generating functiph “Y is the moment generating

function of the distribution ofY | OCh ¢ &Y 0w ,f ®WUL ©,andwis the

solutiontob w Y

After the statistical test, for TFs wmiidentical names, only the most significant one was reported.

6.7 Experimental Results

6.7.1Cell-Type-Specific Binding Affinity

Estimating thecell-type-specific binding affinities is an essential step for accurate driving TF
identification. In Sectio®.5, weproposed a CM@ased model tmlentify ChlP-seq datassivith

similar cell type so as to tackle the issue that some cell types have too limit number of available
ChlIP-seq datasets. Given the identified ClsH?) datasets for each cell type, CMC model is again
applied to estimate theFIgene binding affinities for that cell type.

Before given the final driving TF detection results, in this section, we show the detection results
for ChlP-seq datasstwith similar cell typeas well as the estimatexll-type-specific binding
affinities. These results may help to partially judge the power of CMC model as these results are
all CMC based.

Figure6-6 andFigure6-7 show therelated ChiPseq dataset identification results for regulatory T
cellsand for hepatocytesespectively.For comparison, we alsdnew the identification results
using correlatiorbased method. The correlatibased methoulentifiesChlP-seq datasetsf TFs
whose target genes are higldyerlappedwith cel-t y p e 6 s s 8eetidn6.§)e The last (
column show labeled the actual cell type/tissue in which the-8édfexperiment is performed on.
As can be seen iRigure6-6, the cell types oEMC-b a s e d ni@ptrankedlidestified ChHP
seq datasets are all T cells (ft€lls and Thlzells are the subsets of T cellsyhile the
correlationbased method identifies more than half of unrelated ShtPdatasets (marked in blue).
The similar conclusion also applies to thedated ChlPseq dataset identification results for
hepatocytes
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CMC-based method Correlation-based method

Cell Type of ChiP-seq Correlation

Rank  DatasetID p value datasets Rank DatasetID coefficient

pvalue Cell Type of ChIP-seq datasets

1 EXP037772  6.34E-64  ThO-cells 1 EXP031718 0.512 < 1E-300 CD4+ T-cells
2 EXP038873 4.23E-63  Th17-cells 2 EXP034618 0.495 < 1E-300 acute myeloid leukemia
3 EXP038870 5.54E-60 Th17(beta)-cells 3 EXP037954 0.490 < 1E-300 bone marrow-derived macrophages
4 EXP038875 6.24E-59  Th17-cells 4 EXP053330 0.486 < 1E-300 MLL-AF9 Leukemic Cells
5 EXP038596  1.63E-56 Thi17-cells 5 EXP034619 0.484  <1E-300 acute myeloid leukemia
6 EXP037774  1.62E-55 ThO-cells 6 EXP033975 0.480 < 1E-300 thymocytes
7 EXP038868 1.02E-53 Th17-cells 7 EXP036591 0.479 < 1E-300 pre-B-cell progenitors
8 EXP038872  2.59E-53  Thi17-cells 8 EXP038459 0.478 < 1E-300 CD4+ T-cells
9 EXP037769  2.81E-51 Thi7-cells 9 EXP038748 0.473 < 1E-300 CD4+ T-cells
10 EXP030760 7.54E-50 Thi7-cells 10 EXP033272 0.472 < 1E-300 mature megakaryocytes
11 EXP038866 3.49E-49  Tho-cells 11 EXP037290 0.471 < 1E-300 bone marrow-derived macrophages
12 EXP038863  6.80E-49  Thi17-cells 12 EXP058860 0.469  <1E-300 prostate cancer
13 EXP038597  4.74E-48 Thi17-cells 13 EXP039859 0.463  <1E-300 CH12.LX (Mouse lymphoma)
14 EXP031653  4.00E-46  Th2-cells 14  EXP033974 0.458 < 1E-300 thymocytes
15 EXP038888  3.54E-45 Th0-cells 15  EXP030589 0.456  <1E-300 prostate
16  EXP038889  8.72E-45 Thl-cells 16  EXP037572 0.455 < 1E-300 Hoxb8-FL
17 EXP038864  1.23E-44 Th17-cells 17 EXP052117 0.454  <1E-300 pro-T-tumor derived (Scid.adh.2c2 cells)
18 EXP038874 1.75E-44  CD4+ T-cells 18 EXP058777 0.453 < 1E-300 bone marrow-derived macrophages
19 EXP038865  1.96E-44 Thi7-cells 19  EXP031720 0.453 < 1E-300 CD4+ T-cells
20 EXP037659  5.96E-44  ThO-cells 20 EXP038886 0.452 < 1E-300 Thi7-cells
21 EXP038887  2.34E-43 Th17-cells 21 EXP038956 0.451 < 1E-300 spleen B-cells
22 EXP037664  2.75E-42  Thi17(beta)-cells 22 EXP031717 0.450 < 1E-300 CD4+ T-cells
23 EXP038876 4.42E-42  Th1l7-cells 23 EXP052102 0.449 < 1E-300 pro-T-tumor derived (Scid.adh.2c2 cells)
24 EXP031638 9.31E-42 Th17-cells 24 EXP037959 0.449 < 1E-300 bone marrow-derived macrophages
25 EXP038907  2.35E-41 ThO-cells 25  EXP037571 0.448  <1E-300 Hoxb8-FL
L] L]

Figure6-6 Related ChiPseq dataset identification results for regulatory T cells. Left: results of the

proposed CMebased method; Right: results of the correlatiased method.
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CMC-based method

Correlation-based method

Rank  Dataset ID p value Eﬁlll)'l_'syg: :i:tasets Rank Dataset ID Eg;?:':zit;m pvalue  Cell Type of ChIP-seq datasets
1 EXP038755 5.14E-116 liver 1 EXP037737 0.687 <1E-300 liver
2 EXP032039 1.03E-115 liver 2 EXP037733 0.683 < 1E-300 liver
3 EXP031831 9.40E-114 liver 3 EXP035238 0.643 < 1E-300 liver
4 EXP031823  2.31E-111 liver 4 EXP035239 0.642 <1E-300 liver
5 EXP031827 1.19E-104 liver 5 EXP035240 0.638 < 1E-300 liver
6 EXP031835 1.32E-104 liver 6 EXP037419 0.629 <1E-300 brown preadipocytes
7 EXP031834  2.13E-101 liver 7 EXP031994 0.621 <1E-300 liver
8 EXP031992  8.87E-101 liver 8 EXP037418 0.614 <1E-300 brown preadipocytes
9 EXP031825 5.13E-100 liver 9 EXP034594 0.612 < 1E-300 CD4+ T-cells
10 EXP031828  2.35E-99 liver 10 EXP038743 0.611 <1E-300 bone marrow-derived macrophages
11 EXP031833 1.68E-98 liver 11 EXP037735 0.607 <1E-300 liver
12 EXP033796  4.32E-96 liver 12 EXP031993 0.606 < 1E-300 liver
13 EXP031165 6.51E-96 liver 13 EXP031992 0.601 < 1E-300 liver
14 EXP033740 1.26E-94 liver 14 EXP033795 0.596 <1E-300 liver
15 EXP033885 1.83E-93 liver 15 EXP033794 0.585 < 1E-300 liver
16 EXP033792 2.18E-93  liver 16 EXP033796 0.593 < 1E-300 liver
17 EXP031837 9.22E-91  liver 17 EXP037738 0.593 <1E-300 liver
18 EXP036075  9.23E-91 liver 18 EXP038742 0.590 < 1E-300 bone marrow-derived macrophages
19 EXP033795 2.39E-90  liver 19 EXP035241 0.587 < 1E-300 liver
20 EXP031824  8.87E-90 liver 20 EXP038744 0.587 <1E-300 bone marrow-derived macrophages
21 EXP033794  6.11E-89 liver 21 EXP038741 0.584 <1E-300 bone marrow-derived macrophages
22 EXP031830  1.04E-87 liver 22 EXP037420 0.583 <1E-300 brown preadipocytes
23 EXP031826 1.46E-86  liver 23 EXP038755 0.581 <1E-300 liver
24 EXP033600 1.80E-86 liver 24 EXP030890 0.579 < 1E-300 3T3-L1-derived adipocytes
25 EXP035239  5.07E-86 liver 25 EXP038740 0.576 <1E-300 bone marrow-derived macrophages
bt [}
bt °
. .

related
4
cell type

Figure6-7 Related ChiPseq dataset identification results for hepatocytes. Left: results of the proposed
CMC-based method; Right: results of the correlatiased method
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Figure6-8showst he correl ation coefficient of the est.i
two cell types. It can be seen that similar cell types have relatively higher correlation coefficients
compared with those among distirelll types. The results are consistent with iotuition that
similar cell types have similar genesod bindin

The above results partially validate the correction and the power of CMC model.

6.7.2Driving TF ldentification for Benchmark Datasets

To measure the performance of the CMC model on driving TF detection, we used 49 benchmark
datasets for testin@5] . Figure6-9 show how the evaluation is performed. In each dataset, a single
TF (or a TF family) is knocked out (KO) or overexpressed (OE) and the corresponding DEGs are
identified. Thereforewe may input the DEGs into the driving TF identification model and check

if the model can successfully identify the KO/OE TF that results in the differential expression of

these genes.
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Figure6-9 lllustration of driving TF identification result validation wighbenchmark dataset

We patrticularly checked the identification result in an example benchmark dataset with MYOD1
being knocked out and serving as the ground truth TF tddmified (Figure6-10). Theknock

out experiment and DEGs analysis were condugtecembryonic fibroblastsThe CMC
successfully identified MYOD1 as the most significant anyviTF. As a comparisofs i s her 6s
exacttestbasedme t h o d, which ignore the heterogeneity

MYOD1 as the 18 most significant driving TFThere are two reasons fibre failure detection of
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Fi s hesacttestbased methadl) cellt ype speci fi c; 2) heteroger

affinities. We discuss these two reasons in detatihefollowing.

Among the 14 TFs ranked above the ground truth TF, 7 of them afg~thevhose Chl3eq
experiments are performexh cell typeghat are the same or similar to that of the DEGs coming
from. These 7 are |ikely the fal se megestoft i ves
thecel-types peci fi ¢ genesd bi ndi ngsegdxdeniramtiwasiugedto Spec
determine the target genes of a TF in a specific cell type. In such experiments, the cell types that
the experiments are performed on are an important factor. This is not only becaus@tleerTE 0 s
binding state itself is cetlype specifi¢ but also because, by random, a TF has zero chance to bind

to the genes whose corresponding chromosare closed (typically the neexpressed genes),

and high change to the chromoseateessible genes (corresponding to the expressed genes).
Therefore, gnes should be assigned different weights when estimating their probabilities to be
bound at random. l gnoring such heterogeneity
in abiased estimation of the iandom binding probability. Specificalligwer probabilities for

expressed genes and higher probabilities foraxressed genes. In the case showRigure

6-10, the input DEGs are the expressed genes in embryonic fibroblasts and are falsely higher
estimated for the TFs whose CkHBq experiments are conducted in embryonic fibrablast

similar cell types. As a consequence, such TFs are falsely identifiedvas drig TFs by Fi ¢

exact test.
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Figure6-10 The significant TF identification results for an example benchmark dataset by the CMC
mo d e | (Lef t)-exacttebtbdasddenetifofRiglt)eThedCMC successfully identified the
ground truth TEF, MY OD1, as the most significant d
exact test, MYODL only ranks the 15th. It falsely identified some TFs whosesghIBxperiments are
peformed on embryonic fibroblasts or related cell types. Embryonic fibroblasts are the cell types that the
input DEGsthatare detected.

Figure6-11 summarizes, amondpé 49 experimentsvhich came from the paper of related work:

Lisa[25] ), how many datasets whose ground truth TF is successfully identified. We used three
criteria to define the fisuccessful i denti fica
5, or10 of the identified TF lists. As shown in the figures, by jointly considering the TF and gene
factors, the CMC model surpasses all the other methods in all criteria. The second beft3$ Lisa

which accounts for additional biological knowledge (i.e., genange chromatin accessibility

information).
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Number of datasets whose ground truth TF was successfully identified

Fisher’s exacttest Lisa Enrichr BART oPOSSUM3 Our model
(on49 datasets) (on49datasets) (on33datasets) (on49datasets) (on29datasets) (on49 datasets)

Criterion_1° 11(22.4%) 19(38.8%) 3(9.1%) 13(26.5%) 2(6.9%) 24 (49.0%)

Criterion_2# 24 (49.0%) 27 (55.1%) 11 (33.3%) 23 (46.9%) 4 (13.8%) 33 (67.3%)

Criterion_3* 28(57.1%) 32 (65.3%) 13 (39.4%) 28(57.1%) 7(24.1%) 37 (75.5%)

* The ground truth TF appears in the top 1 of the identified TF lists
#The ground truth TF appears in the top 5 of the identified TF lists
*The ground truth TF appears in the top 10 of the identified TF lists

Figure6-11 Summary of driving Thdentification results on 49 benchmark datasets

6.7.3Driving TF ldentification for Real Study Case

Oligodendrocyteg¢OLs) are a type oflial cellsin the central nervous system (CN$heir main
functions are to provide support and insulatioaxonsin thecentral nervous systeby creating
the myelin sheatAround theaxons of CNS nerve cel[S4] . Neural stem cell (NSOjifferential
to primitive oligodendrocyte prairsor cell{pri-OPCg as well a®ligodendrocyte precursor cells
(OPC) OPCdifferentiatesinto immature premyelinating OLs (pf2Ls) and finally differentiate

into mature OLghatprovide support and insulation &xong[55] [56] .

As NSC may alsdifferentiateto other lineage cells, likastrocyts, it is eager tadentify theTFs

that drive oligodendrocyte lineageTo do so,given the scRNAseq data of cells including
oligodendrocytfastrocyte/neuronlineage cells, we first identified the genes differentially
expressed IOPCs and therfed them to our CMC model for driving TF identification. In this
application, as the scRN#eq data is available, we estimated theg€Re binding state from the

scRNA-seq data itself.

Table6-1 showsthetop 10 identifieddriving TFs. Among thenQligl, Olig2, andSox10are the
previously knownTFs of oligodendrocyte fate commitment and differentiat[di] . We also

identified TFsnot previouslyeported to béunction in oligodendrocyte lineage developmdike
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Ppplrl4band Zfp36l1. We collaborated with Lu Lab fron@incinnati Children's Hepital to

validate these two candidaf@s3] .

We firstvalidatedtherolesof Zfp36I1 in regulating the differentiation of oligodendrocyfeom
NSC. Zfp36l1encoesan RNAbinding zinefinger protein of the C3H typg&8] . ThroughmRNA
in situ hybridization our collaboratesonfirmedzfp36116 s e x pirrsebsestricalar zone (SVZ2)
progenitors during early developmental stad@3] , implying Zfp36116 gotental role in

regulatingoligodendrogliecell fate commitment

Table6-1 Top 10 identifieddriving TFs. In the tablethegreen color marked the previously known TFs of
oligodendrocyte fate ardifferentiation andtheblue color marked the two TFs thaérenot previously
reportedto be involvedn oligodendrocyte lineage developmanid to be validated via biological

experimentsn this study
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To further validatehatZfp36I1is in deeded dvie the differential obligodendrocyte lineagieom
NSC, our collaborators bred Zfp36l1-cKkO mouse and compare the number of
oligodendrocytfastrocytelineage cells with the contrahouse[33] . Immunostainingresults

indicated thathe numbersof oligodendrocyte lineage cells: OPC (marked by Olig2)-OQR(C
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(marked by Pdgfra), and pfeL (marked by Mbp) all reduced significanily the cortices of the
Zfp3611-cKO mice at P7 compared tontrols.Besidesjt was observed thatfp36/1-cKO mice
exhibited generalized tremogsobably because dfie myelination deficiency.

As acomparisonimmunostainingesults indicated that the nimer of other gliacells,astrocytes
(marked by GS), increased dramaticailyZfp3611-cKO cortices compared to control&h at 6 s
more,immunostaining resulfsvhichshowedthe celabeling of GSand tdTomato in Zfp36FtKO

cells, further indicated that the increasing astrocytes werederived from the Zfp36icKO
progenitors at the expense of OPCs

All the resultsabovesuggest that Zfp36I1 controls oligodendroegitrocyte fate transition in the

developing brain.

Surprisingly our collaboratorsalsofound thatZfp36I1 deficiencysignificantly decreased the rate
of glioma cell proliferatior{33] , implying the importance of Zfp36I1 in gliomagaise The role

of Zfp36I1 is summarized iRigure6-12.
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Figure6-12 lllustration for the role oZfp36I11. Zfp36l1 controls oligodendrocylineage cellslerived

from NSC andnbhibits theinitiation andgrowth ofglioma.
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In addition to Zfp36I1our collaboratoralso examined the function of Ppplrl4b, the TF that ranks
1%t in our driving TF detection listvia gRT-PCR analysisthey found that the knockdown of
Ppplrl4b in primary OPdehibited 1) expression of myelin gene8) OPC differentiation into
mature oligodendrocyteshichsuggestthat Ppp1rl4b regulates OPC lineage progression.

To sum up, we applied the CMC model to identify the TFsdbatrol oligodendrocyte lineage
cells derived from NSGCMC model identified the previously known Té&koligodendrocyte fate
commitment and differentiatio®lig1, Olig2, andSox10(ranked fron2"to 4"). It alsoidentified
TFsnot previouslyreported Pppilrl4b(ranked 1) andZfp36l1 (ranked '), whose functionn
oligodendrocyte lineage developmeme confirmed via conditional knoaut experiments. The

results above well validate the eftiveness of our CM®ased driving TF detection model.
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Chapter7 Appl i cation -séd: Dafc

Nor mal i zati on

7.1 Introduction

scRNA-seq is a sequencing technique usqutodile the RNA molecule quantity iach individual

cell [8] . It provides uswith a poweful tool for revealing exciting biological insightg single-cell
resolution However, scRNAseq data is known toebsusceptive to some unwanted factors
Therefore, before downstream analysis, ring data need to be normalized to reduce the impact

of such factors and let the real signals of interest remain.

Technically, the scRNAegisolates a biological sample intcsingle cels. For every single cell,
the mRNA molecules in its lysis are capturbg poly[T] priming) and araeverséy transcribed
into complementary DNA(CDNA). Subsequentlya tiny amount of cDNAs are amplified and
fragmented. Finally, the cDNA fragmisnresulting from the fragmentation, are sequené&&qj .
After aligning the sequenced fragments to the reference gemawepuns are obtained. A raw

count records the number of reads (fragments) of a gene in a single cell.

Current scRNAseq technologies can be roughly divided iftdl-length technologiesand
technologies based on theique molecular identifier (UMI Full-length technologies convert the
entire MRNA into cDNA and sequence them after fragmentation and amplification. The UMI
based technologies, on the other hand, only sequence part of M. MRey sacrificed the full
length coverage to increase the throughput of scRBIf\library generation by one to three orders
of magnitude and dramatically reduced the sequencing[66%t[61] . These methods allow us

to tag a UMI to each mRNA molecule. Therefore, each mRNA will be correctly identified and
counted even if it &as many duplicates after the amplification §&4j . The UMI-based methods
count the absolute numbers of MRNA molecules and have advantages [B8tosiull-length
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technologies can cover the whole genome sequence. And compared withasiddi technologies,

they are more sensitive, especially for those lowly expressed [§ejes

During these processéberawcountsof scCRNAseq aresusceptiveo factors likethecellb s | i br ar vy
si ze, geneds GC content, g edineetly immactsgthe hotal read c . Tt
counts of a cell . The GC <cont e efficienoyfof PER gened

amplification. As for gene length, compared with shortegethe longer ones will result in more

cDNA fragments and are more likely to be sequenced during thedeyédencingThefirst one

is the technical factor impacting every single cell, and the last two are inherent to the gene. We
name the combined effectallcelltr el at ed f actors including the |
likewise, the overall effect of allgenee | at ed factors including GC

f act or otheseBwogategaies, we found that, whdhlength sequencintgchnologies is

used (such as Smaseq2[16] ,[17]) , t he #AcDNA I engtho is al so a

nortnegligibleimpact on the raw coun{gigurel-6).

None of the existing normalization methods notitieelcDNA length factor, and many of them
deal with the cell factor and gene facseparately13] ~ [15] . They basically estimated the cell
factor (fAscal i ngndthegene factordfgr eathgene, thanaikided eathlreadout
by itscorrespondingell factorand gene factoFor example, in btalCount (TC)65], thescaling
factorof each cellvasthe sum of the read counts across all gelngbeupperquartile (UQ)[26],

the scaling factowas computed by using thepperquartile (75th percentile)f the gendevel
count distribution Other normalization methods partially considetbéd gene factor when
estimating the cell factor. For exampillee Trimmed Mean of M Values (TMM|27] estimated

the scaling factors bgssunng that the majority of genes are not differentially expressed across
groups of cellsIn Scran [28] , the scaling factoravere computedby pooling expression
measuresf multiple cellsandthenperformingdeconvolutiorto obtaine a ¢ h scaénly fadios.
SCnorm[29] usel regression to ¢isnate the dependence of gene expreskseel on sequencing
depth, then grouped genes with similar dependence, ainthlly usel a second regression to
estimate scaling factors within each groumfortunately, as we presented $ection1.2.2,
separately considering the factors is very likely to introduce unwanted bias to the normalized data.
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We developed a framework to normalize the raw countfuliflengthbased scRNA-seq
technologiesin the framework, the CMC model is applied to jointly infer the factors mentioned
above (cell factor, gene factor, and cDiNghgth factor) and then to normalize out the cell and
cDNA-length factors The heterogeneity among genegeapt in the normalized data because it
includes informatonmwgeneds average expression | evels a

interest to the users. Users can choose to normalize out the gene factor as well if they want.
7.2 The cDNA-L ength Factor

The NA length refers to the sequence length of a cDNA molecule after its reverse transcription
from the template mMRNA during the scRM#&q library preparation. Compared with a short cDNA
molecule, a longer one tends to generate more cbDabfnentsafter the fagmentatiorprocedure

andis expected to have more fragments to be successfully sequenced in the final step of sequencing,

resulting in a higher read count.

Typically, the length of a cDNA molecule is equal to that of the mRNA that it reverselycriles

from, if an entire MRNA molecule is successfully reversely transcribed to cDNA (the lengths of
primers are not consideredjowever, incomplete reverse transcriptions may occur and result in
truncated cDNAs, which are shorter than they shoul@®e As a consequence, fewer fragments

are expected to be generated and successfully sequédfigade 7-1 illustrates normal and
incompletereverse transcriptioftake the protocol of Smasieq2 as an example). In the normal

casethe oligo(dT) primer is attached to the mRNA's pAlyail, wherethe reverse transcription

starts from. After fully reversely transcribing the mRNA templex¢ranucleotide,Cs are added,

and the ISPCR primer will be attached to%0beap In this case, the mRNA will be fully reversely
transcribedRigure7-1 (A)). However, in some abnormal circumstances, the oligo(dT) primer may
wrongly attach to the mRNA6s coding sequence,
position. Besides, extra Csand ISPCR primer may alsmproperlybi nd t o t he mMRNAJ:
sequence, resulting in an early stop of reverse transcription. As a result, only a part of the mRNA

sequence is successfully reversely transcribed, as shdviguire7-1(B).
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Figure7-1 (A) Reverse transcription (normal case); (B) Incomplete reverse transcription results in
truncated cDNA.

The phenomenon oficomplete reverse transcripti@also revealed by the sequenced fragments,

which is the outputs of a sequencing machByealigning asequencefragment to the reference

genome, we precisely identify the part of th®KA sequence that the fragment was initially
reverselytranscribed from. We found that, in some cases, the fragments of an individual gene in
one cell were all originally f rKgwe7a2(Assimavs | par
the alignment results of fragments corresponding to ERCI16 in a cell. It can be seen that all

these fragments are squedmn a small region of ERCO 0116 6s s equ e these, i mp
sequenced fragments initially come from a small part of an mRNA moleculeaSabkervation

can be explained by the incomplete reverse transcription, where only this small part of mMRNA is
successfully fAcopiedo f or equdnang. By design,tduriagatme a mp |
library preparation, an entire mMRNA molecule is expected to be réyédranscribed to cDNA

and to be sequenced after amplification and fragmentation. As a result, the sequenced cDNA
fragments are expected to cover the lhaRNA Figure7-2(B) shows a typical case where the
sequence reads align to the ent i rphenonegaicann o f

also be observed in other gerfegyure7-2 (C) and (D).
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Figure7-2 Results of aligning the sequenced fragments to the reference sequences (introns are
omitted). In the figuregne red line with two red circles in both ends represesésjaenced
fragment.The horizontalaxisrepresents the position where the sequenced fragments alfgh to.
the sequence reads are ordered according to their starting points of the alignment positions.
Greed circles indicattsSPCR primers ariound inthec or r espondi ng fr agmen

A concern may arise with the causality between the number of fragments and the reference
sequenceds region c oV e r,dwhaybethesnmiknuhberafgsegqeenceds . Sy
fragments that result in the narroweoage of the reference region by the fragments. A piece of

direct evidence to address this concern isI8#CR primers. ISPCR primers are used and only

used to attach the ends of the revdraascribed cDNA[17], Figure7-1). For the cases shown

in Figure7-2 (A) and (C) we indeed foundther agment s whose tbtheead 306 e
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of thenarrowly covered regiois attached by ISPCRrimer, implying that théragments already

cover both the 56 and 306 ends of the cDNA 1t
also performed focases shown ifigure7-2 (A) and (C)to test whether the narrowly covered

regions are due to the smalimber of fragments. For this purpose, we randomly permuted the
location of each fragment f@r ttimes, and computed the lengths of the covered regions. The

null distribution is built by fitting the distribution of covered region lengths obtained from the
permutations. We then accessed thalue of the observed covered region length. Thalpes

for Figure7-2 (A) and (Clare both smaller thgm 1t , rejecting the null hypothesthat the small

length is due to the small number of sequenced fragments.

Though the sequence length of each revaesescribed cDNA molede was not recorded during

the sequencing, it could be roughly inferred by aligning the corresponding fragments to the
reference sequences and calculating the length between the first and the last nucleotide covered by
the fragments. However, there is heit enough information for us to tell the original cDNA
molecule for each sequenced fragment, nor the set of fragments that originate from the same cDNA
molecule. Therefore, for the fragments corresponding to a gene (which could be told by the
alignment reults), we do not distinguish which cDNA molecule they are coming fhestead,

we infer the | ongest possi eDNA molezulegAsiaresult,at hes e
single cDNA length value is inferred for all fragments of a gene in a cell.

The product of incompleteeverse transcriptiois truncated cDNAs, which are shorter than the

normal ones and will generate fewBagments in the following steps. As a result, the
corresponding mMRNAs tend to have smaller read counts. We observed such a tensieRISyA-

seq datasets from multiple sour¢ég] , [64] . Figurel-6 s hows t he tendency of
count across cells, as a function e0f0 1ilt6s0O dc osr ra
spikein RNA, which is manually added to each cell lysis evenly as a control probe. Its read counts

are expectedotbe similar across all cells. This is true when the mRNA is completely reversely
transcribed (in such cases, the corresponding cDNA lengths are equal to the RNA length, which is
1991) Figurel-6 implies that the read counts tend to be smaller as the reversely transcribed cDNA

becomes shorter. We also observed this phenomenon for other ggnes{-3).
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cDNA length factor was regarded as an additional factor duringdhealization procedure. It

(1 ef tipneaohrof 1816 girfglé cellsythe figgrk, bre circle
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or

was notcategorized into the gene factor as the gene length did, because the corresponding cDNA

length of the same gene varies across cells.

Besidesasmentiored in Sectiorl.2.2, preliminary evidence shows that the cDNA length factor

is not independent of other facts, such as the cell f@€iqure 1-7), highlighting the necessity of

jointly considering the gene, cell, anBNA length factors.

In summary, incomplete reverse transcription may occur during theselydencing, resulting in

shorter cDNAs and, consequently, smaller read counts than they should be. It is necessary to take

the cDNA length into account when normalizing the scRNA ¢

raw count s.

Wh a t

cDNA length factor is not independentather factors, the cDNA length factor, along with other

factors, should be considered jointly. As the CMC model consider multiple factors jointly, we shall

apply it to the scRNAseq data normalization task.
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7.3scRNA-seq Normalization Model

To normalize the &#NA-seq raw counts, we organize the raw counts into a tensor with three
dimensions, corresponding to the gene factor, cell factor, and dBihgah factor, respectively
(Figurel-8). An entryin the tensor is the read count of a gene in a cell whose cDNAaftase
transcriptionis at a certain level/birin the experiment, the cDNA length is inferred during the

alignment process.

Given the 3D tensothe CMC model is applied to estimate the expected value of each entry with
joint consideration of the gene, cell, and cDNA length fac®pecifically, CMC is used to first

infer the susceptivity values for each gene, cell, and cldwyth category, anthe expected value

of each entry conditional on the inferred susceptivities of cell factor and dBiNgh factor. After

the expected values are estimated, the raw count and the expected values in the 3D tensors are
summed back to twdimensional (2D) terss respectively along the cDNA length dimension.
Finally, the read counts are normalized via dividing the raw count by its expectation and taking a
logarithm transformationThe gene factor is not normalized out from the data for the sake of

reserving uskell information for downstream analysis.

More thanB80%of values in a typical sScRNAeq data set are zero. However, a-negligible part

of them is not truly zero. Instead, due to the small number of RNA molecules in a single cell, many
nonzero values cannot lgetected68] . The 0 values in the raw count of sScRSAQ are probably

due to dropout events during the RNA sequencing. Such 0s do not necessarily imply that the
corresponding genes have no exgrs i o n . For exampl e, dropout ev
MRNAs fail to be captured during the reverse transcription procedlsithere is nanformation

source that help® distinguish truly zero from netnuly zero,weignored all the zeros amdgard

them as missing valueshen modeling the heterogeneities and inferring the gene/cell/eDNA

length factors. Fortunatelpur CMC model is compatible with data containing missing values.
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7.4 Experimental Results

We use two criteria to evaluate the normalizagoe r f or manc e : 1) the wvari
expression across a set of homogeneous cells; 2) the differentially expressed gene (DEG) detection
results for two distinct cell types. The first criterion is a direct measure showing how much of the
variance de to noise (both sequencing noise and biological noise) is removed after the
normalization. The second one illustrates the overall impact of normalization on the downstream
analysis like DEG detection; the biological signal in the dataset should nosély f@moved by

the normalization.

Thedataset used for this purpose is the scRi¢4 data of two cell types: immature microglia and
proliferativeregionassociated microglia (PAM), where the cell type labels are determined by

clustering analysis basedore | | s 6 e x p nthatarsalso givefpAd.of i | es

For the first criterionfFigure 7-4A) s hows each geneds variance <c¢ch
Normalization using the CMC model reduces the variance of most genes to about half of their
original variance. For comparisdfigure7-4B shows the variance changes after eiarmalized

by a popular normalization method, total count (TC3] , which considers the cell factor
separately from the gene factor. It can bensthat, for the TC methodhe variances reduce
significantly for a small part of extremely highly expresgegelnes (such as ARN45s0
However, except for this smal/l part of genes,
changed. Whatés mor e, vimaaoontrals) whils areostipposen todaveE R C C
small variances, even becararger after normalization by TC method. This is because the total

count of each cell is dominated by a small number of extremely highly expressed genes.
Normalizing out the cell factor without jointly considering such heterogeneity among genes will

resut in the normalization result favoring those highly expressed genes.

We compared the variance change after normalizing by CMC and TC metHeédsrna7-4(C).

As can le seen, compared with the TC method, CMC reduces the variance of most genes, except
for a small part of genes. This small part of genes is mainly contributed by the genes with large 0
rates (typically corresponding to the genes with small detected valdesu#fering from large
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detection noise). Except that, a few other genes (e.g., genes with small O rates) also result in larger
variances after normalization. We specifically inspect the genes on the left part (0 rates <0.15) in
which many important genese located for this dataset. It can be seen that, compared with the TC
method, after normalization by the CMC model, most of the genes with larger variances are the
differentially expressed genes (DEGS) reporte{bi@y ; in themeanwhile theERCC RNAspike-

in controls have much smaller variance. It implies that the poiviire CMC model in terms of

reducing the variance of housekeeping genes while enlarging thasf DE Gs 0 .

Figure7-5s ummar i zes the genesod6 variance change aft
model and other normalization methods, [IGQ] , TMM [27] , RUV [14] , UQ [26] , SCnhorm
[29], Scran[28] , andCensuq15] . It can be seen that the CMC model outperforms all the other

met hods in terms of reducing genesd variances

To exanine the robustness of the CMfased normalization method,oext the results discussed
above, we apply the model to two more datasets that are from asatineg64] and of different

cell types.
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Figure7-4 scRNAseq data normalizatiamesults (A-B) Variance change of each gene across all cells
before andafter normalization (A: CMC model; B: Total count method). Each dot represents the variance
change of an individual gene. Theyis is the ratio of variance after normalization to that of before
normalization. The variances are all computed on theti@®formed normalized data. (The mtio of
variance after normalization by CMC and T@thods. The genes in the regiontiofleft side (0 rates <

0.15) are specifically inspected. Among them, the ERCC spikentrols aranotedin blue color texts;

andfor those genes witaratio larger than 1, waotethe DEGs in brown color texts.
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The two datasets are the scRNé&q data of 4,381 homogeneous microglia cells and 1,338
homogeneous oligodendrocyells.Figure7-6 ( t he f i r st r o wariaredchange e ac h
after normalization. Normalization using the CMC model reduces the variance of most genes to
about half of their original variance. For comparisbiyure 7-6 (the second row) shows the

variance changes after being normalized by a popular normalization methochuots[TC)[13],

which considers the cell factor separately from the gene factor. It can be seen that, for the TC
method, the variances reduce dramatically for genes with very small zero rates (corregjgonding

a small part of extremely highly expressed genes). However, except for this small part of genes,
the rest of the genesd variances are only sli
cell is dominated by a small number of extremely higitpressed genes. Normalizing out the

cell factor without jointly considering such heterogeneity among genes will result in the
normalization result favoring those highly expressed gefigsre 7-6 (the third row) compares

the variance of each gene after normalizinghi®CMC model and byheTC method respectively.

It confirmed that the TC method emphasized more on a small part of genes with extremely large
values.Figure7-6 ( t he | ast row) summari zes the genesd
performed bythe CMC model and other normalization methods. It can be seethéh&MC

model outperforms all the other methods in te
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