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Abstract

The advancement of experimental technologies have enabled remarkable progress in molec-
ular biology in recent years. However, the advancements in computational methods as well as
sequencing technologies are essential to the progress of molecular biology. Molecular biological
data frequently contains a mixture of multiple states and is hence heterogeneous, and computa-
tional methods are powerful tools to elucidate biological tasks from such heterogenous data. In this
research, we accomplish the following two tasks, which cannot be investigated easily from experi-
mental data, by developing computational methods. Firstly, we developed a computational method
to infer individual haplotypes from sequencing data. Next, we developed a computational method

to analyze single-cell expression dynamics during cellular differentiation.

Development of a probabilistic model for haplotype assembly

Haplotype information is useful for various genetic analyses, including genome-wide associa-
tion studies. Determining haplotypes experimentally is difficult and there are several computational
approaches that infer haplotypes from genomic data. Among such approaches, single individual
haplotyping or haplotype assembly, which infers two haplotypes of an individual from aligned se-
quence fragments, has been attracting considerable attention. To avoid incorrect results in down-
stream analyses, it is important not only to assemble haplotypes as long as possible but also to
provide means to extract highly reliable haplotype regions. Although there are several efficient
algorithms for solving haplotype assembly, there are no efficient method that allow for extracting
the regions assembled with high confidence. Therefore, we develop a probabilistic model, called
MixSIH, for solving the haplotype assembly problem. Based on the optimized model, a quality

score is defined, which we call the ‘minimum connectivity’ (MC) score, for each segment in the
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haplotype assembly. By using the MC scores, our algorithm can extract highly accurate haplo-
type segments. We also show evidence that an existing experimental dataset contains chimeric read
fragments derived from different haplotypes, which significantly degrade the quality of assembled
haplotypes. Therefore, we developed a method to detect chimeric fragments. The basis of our
method is that a chimeric fragment would correspond to an artificial recombinant haplotype and
would, therefore, differ from biological haplotypes in the population. We applied our method to
two dilution-based sequencing datasets and the accuracy of assembled haplotypes increased signif-

icantly after removing chimeric fragment candidates.

Development of a probabilistic model for differentiation analysis

The advancement of single-cell technologies will shed light on the elucidation of the mechanism
of differentiation. To fully analyze single-cell data, a novel computational method is necessary.
There are several methods which use dimension reduction approach and reconstruct differentiation
trajectory on the latent space to analyze single-cell expression data along differentiation. Although
these approach will be useful to extract the properties of differentiations, these methods have several
problems such as the absence of standard in the selection of the axis. In this research, we developed
a novel method SCOUP to analyze single-cell expression data along differentiation by representing
the expression dynamics with Ornstein-Uhlenbeck process. In our evaluation, SCOUP can infer the
degree of differentiation of a cell (pseudo-time) with high accuracy comparing to previous meth-
ods, especially for single-cell RNA-seq. We evaluated the cell lineage estimation and SCOUP can
estimate more accurately than previous method, especially for cells at an early stage of bifurcation.
To understand cell fate decision mechanisms, it is important to analyze cells immediately after bi-
furcation. We also developed a novel correlation calculation to analyze gene regulatory relationship
while removing the spurious correlation. Thus, SCOUP will be a promising approach to analyze
single-cell expression data during cellular differentiation and to elucidate regulatory mechanism of

differentiation.
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Chapter 1

General Indtroduction

1.1 Driving force of molecular biology in recent years

The advancement of experimental equipment such as sequencing instruments and the develop-
ment of experimental techniques such as ChIP-seq and RNA-seq have enabled remarkable progress
in molecular biology in recent years. For example, the ENCODE (Encyclopedia of DNA Ele-
ments) project, an international collaboration of research groups that investigates comprehensive
experiments using such technologies, has yielded many insights [1]. Such progress illustrates the
importance of advancements in experimental technologies for the future of molecular biology. How-
ever, advancements in computational methods as well as sequencing technologies are essential to
the progress of molecular biology. Without advancements in bioinformatics algorithms for genome
assembly and read mapping, biological analysis using a high volume of sequenced reads would be
impossible.

The development of computational methods is indispensable to the progress of molecular biol-
ogy. In this research, we accomplish the following two tasks, which cannot be investigated easily
from experimental data, by developing computational methods. Firstly, we developed a computa-
tional method to infer individual haplotypes from sequencing data. Next, we developed a computa-

tional method to analyze single-cell expression dynamics during cellular differentiation.



1.2 Heterogeneity of biological data

Molecular biological data frequently contains a mixture of multiple states and is hence hetero-
geneous. For example, various subtypes exist in a tumor [2], and genome sequencing data of a
tumor sample therefore contains the individual reads from different subtypes. This heterogeneity
disrupts the accurate recognition of mutations in each subtype. Even if a sample is collected from
normal tissue, it may contain multiple cell types and the expression data from that sample is then
the average of the heterogeneous sample. Moreover, the human genome is diploid, containing two
homologous haplotypes. Therefore, genome sequencing data comprise a mixture of reads with dif-
ferent haplotype origins, which makes distinguishing the origin of a read and estimating haplotypes
a significant challenge. Because molecular biological data exhibit heterogeneity at various scales,
computational methods are necessary to infer the original states. The first theme of this research
is the development of a computational method to reconstruct haplotypes from sequencing data by
inferring the origin of individual reads.

However, there have been attempts to overcome the problem of heterogeneity through experi-
mental approaches. Single-cell sequencing technologies could solve some of these heterogeneity
problems. For example, single-cell gPCR and single-cell RNA-seq provide single-cell resolution
expression data and hence overcome the problem of averaged expression for bulk sample expres-
sion assays. Because of the novel properties of single-cell data, a novel computational method is
necessary to fully utilize these data. The second theme of this research is the development of a novel

computational approach to analyzing single-cell expression data for differentiation.

1.3 Probabilistic model and machine learning methods in bioin-

formatics

In bioinformatics, there are several computational methods for data analysis that are based on
probabilistic models and machine learning methods. Because of the flexibility of these approaches,
we can integrate several conditions into a single probabilistic model. Moreover, there are several
parameter optimization methods for probabilistic models within the framework of machine learning,

which makes it possible to analyze huge amounts of data. Therefore, methods that use probabilistic



models and machine learning are efficient approaches for analyzing complicated biological data.
In particular, many efficient probabilistic models based on mixture models have been developed
to overcome heterogeneity. For example, RNA-seq data contain a mixture of reads of different
isoform origins and inferences of isoform abundance are complicated because an individual read
can be mapped to multiple isoforms. The Cufflinks [3] deals with this problem by considering a
mixture model that generate reads from one of the iodoform depending on the iso form abundance
and estimates expression level from optimized parameters.

In addition, a method based on probabilistic model can be applied to the analysis of differ-
ent source data. For example, inference of taxonomic composition from metagenomic data can
be considered the inference of isoform abundance from transcriptome data, and a mixture model
like Cufflinks has been developed for metagenomic analyses [4]. Thus, probabilistic model-based
methods will be progressively more important in bioinformatics.

In this research, we construct methods for haplotype assembly and for differentiation analysis
based on a probabilistic model and machine learning approach. In a probabilistic model, data are
usually regarded not as an input, but as an output. Accordingly, it is important to properly represent
the experimental process by which data are generated in developing a probabilistic model. It is
also important that parameters capture biological meaning in probabilistic models so that biological
results can be directly interpreted from optimized parameters. From this perspective, we developed

computational methods for the two aforementioned tasks.

1.4 A new paradigm in bioinformatics

Because of the advancement of experimental technologies, we can now obtain huge biological
datasets, such as nucleotide sequence datasets. "Big data" advances data-driven science (rather than
hypothesis-driven science) and increases the importance of bioinformatics. Although a large por-
tion of recent biological knowledge has been generated through the power of bioinformatics, current
bioinformatics research programs usually just analyze biological data as requested by an experimen-
tal researcher. However, biology is also advanced through progress in computational research, for
example, through the development of probabilistic models to elucidate biological problems and by

proposing optimum experimental designs for subsequent analyses. This approach is regarded as an



integration of hypothesis-driven science and data-driven science, and will become a new paradigm
of bioinformatics. The second objective of this research is to delve into biological problems from
the perspective of the computational approach by fully utilizing single-cell data, and we hope this

will be a harbinger of a new paradigm in bioinformatics.



Chapter 2

MixSIH: a mixture model for single

individual haplotyping

2.1 Introduction

Human somatic cells are diploid and contain two homologous copies of chromosomes, each
of which is derived from either paternal or maternal chromosomes. The two chromosomes differ
at a number of loci and the most abundant type of variation is single nucleotide polymorphism
(SNP). Most current research does not determine the chromosomal origin of the variations and
uses only genotype information for the analyses. However, haplotype information is valuable for
genome-wide association studies (GWAS) [5] and for analyzing genetic structures such as linkage
disequilibrium, recombination patterns [6], and correlations between variations and diseases [7].

Let us consider a simple example to demonstrate the importance of haplotype information. Sup-
pose that in a gene coding region, there are two SNP loci, each of which has an independent dele-
terious mutation in either one of the two homologous chromosomes. If both of the two deleterious
mutations are located on the same chromosome, the other chromosome can produce normal pro-
teins. On the other hand, if each chromosome contains either one of the two deleterious mutations,
the cells cannot produce normal proteins. It is not possible to distinguish these two cases with only
genotype information.

There is a group of algorithms for haplotype inference that statistically construct a set of haplo-

types from population genotypes [8—12] Review see [13]. These algorithms have been developed in



response to technological advances such as SNP arrays that efficiently measure personal genotypes
at a genomic scale. The algorithms infer haplotype blocks based on the assumption that the vari-
ety of combinations of alleles is very limited. Therefore, these algorithms fail to identify correct
haplotypes in regions with low linkage disequilibrium (LD) where there are frequent recombination
events. These algorithms also cannot identify spontaneous mutations. These difficulties are par-
tially resolved by using genotypes of pedigrees. However, family data are not always available, and
furthermore, they cannot determine the haplotypes of the loci at which all the family members have
the same genotype.

Another group of algorithms is single individual haplotyping (SIH) or haplotype assembly.
These algorithms infer the two haplotypes of an individual from sequenced DNA fragments [14-21].
These algorithms take as input the read fragments that are aligned to the reference genome, and
output the two assembled haplotypes (Figure 2.1). The algorithms utilize the fact that each read
fragment is derived from either one of two chromosomes, though the observed data are a mixture
of fragment data from both the chromosomes. If a read fragment spans two or more heterozygous
loci, the haplotype can be determined for these sites from the co-occurrence of alleles in the frag-
ment. Two read fragments are determined to originate from the same chromosome if they overlap
at a region that has at least one heterozygous locus, and they have the same alleles at these loci.
In this case, we obtain a larger haplotype-resolved region by merging the two fragments. The SIH
problem is complicated because the fragment data contain many inconsistent fragments caused by
sequencing or mapping error.

SIH algorithms did not attract much attention until recently, since the read fragments of next-
generation sequencing experiments are not long enough to span multiple heterozygous loci, which
exist at only one in one kilo-base on average [22], and the Sanger sequencing that produces long
read fragments is too expensive to be conducted at a genomic scale. However, this situation is
changing rapidly with the advent of real-time single-molecule sequencing technologies, which are
able to sequence DNA fragments as long as 50 kilo-bases [23], and with the development of a novel
experimental technique called ‘fosmid pool-based next-generation sequencing’ [17,24,25], which
randomly assigns a bar-code to each read cluster that is derived from the same region in the same
chromosome. Because of these advances in experimental techniques, SIH has emerged as one of

the most promising approaches for analyzing the haplotype structures of diploid organisms.



The haplotype information which contains errors is likely to lead to wrong results in down-
stream analyses. For example, in detecting the recombination events from the parent-offspring
haplotypes [26], the haplotyping errors are regarded as recombination events by mistake. Another
example is that haplotyping errors considerably decrease the detection power of amplified hap-
lotypes in cancer [27] and fetus haplotypes [28]. To use haplotype information in downstream
analyses while avoiding such harmful influence of haplotyping errors, it is important not only to as-
semble haplotypes as long as possible but also to provide means to extract highly reliable haplotype
regions. In the statistical haplotype phasing, reliable haplotype regions are determined by selecting
the blocks of limited haplotype diversity and level of LD [29-31]. Although there are many algo-
rithms for SIH, none of these algorithms can provide confidence scores to extract reliable haplotype
regions.

The algorithms for SIH are classified into two strategies; most of the previous algorithms use
deterministic strategies [14—17,19,21] but a few take a probabilistic modeling approach [18, 20].
The deterministic algorithms usually include solving the MAX-CUT problem of graph theory [32]
in their computational procedures in order to partition the set of the input fragments into two groups
representing the two haplotypes. Because these algorithms are designed to optimize only a certain
global score function that measures the number of inconsistent fragments and do not model the
fragments and haplotypes themselves, it is difficult to produce confidence scores for each region of
the assembled haplotypes.

On the other hand, the probabilistic approaches of Kim [18] and Li [20] assume that each ob-
served fragment is sampled from one of the two unobserved haplotypes. Unlike the deterministic
approaches, probabilistic models allow the computation of various expected values and confidence
values from the Bayesian posterior distributions. For example, Kim [18] and Li [20] defined a con-
fidence value for the haplotype reconstruction of each segment of SNP loci. Unfortunately, those
researchers chose a model structure for which the exact computation of the likelihood is extremely
computationally intensive. Because the complexity of this summation is exponential in the number
of SNP sites, only the posterior probabilities of the haplotypes for neighboring loci are considered.
The complete haplotypes are reconstructed by connecting plausible haplotypes of neighboring pairs
according to their posterior probabilities. Hence, their approach cannot take into account the full

information of fragments that span three or more SNP loci. Their confidence scores for haplotype
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Figure 2.1. An illustration of single individual haplotyping (SIH). The input data for SIH are the SNP frag-
ments (B) which are extracted from the heterozygous alleles in aligned DNA fragments (A). SIH algorithms
(C) reconstruct the original haplotypes (D) from the SNP fragments.

segments include a summation over all the possible haplotypes, and it is not possible to compute
their confidence scores for all the possible segments in the assembled haplotypes.

In this paper, we develop a novel probabilistic STH model that is very different from the prob-
abilistic models of Kim [18] and Li [20] . Our model takes a ‘mixture model’ approach: each
fragment is emitted completely independently of the other fragments. In contrast, Kim [18] and
Li [20] took a ‘hidden variables’ approach: all the fragments are correlated through hidden haplo-
type variables (see the Additional file for further explanation). This difference allows us to compute
the likelihood with a computational time proportional to the total length of the input fragments.
We use the variational Bayes expectation maximization (VBEM) algorithm [33] to compute the
approximate posterior distribution of the haplotypes. By using the optimized distribution, we com-
pute the ‘minimum connectivity’ (MC) score for each segment in the reconstructed haplotypes; this
measures whether the segment is free from switch errors. We show that we can extract accurately
assembled regions by selecting regions with high MC scores. We also analyze a recent dataset
from fosmid pool-based next-generation sequencing and find evidence that the processed dataset
contains chimeric fragments derived from the erroneous merging of read clusters in different haplo-

types, which degrades the quality of assembled haplotypes significantly.



2.2 Methods

2.2.1 Algorithms and implementation
2.2.1.1 Notation

Throughout the paper, we denote the number of elements of any set A by |A|, and the direct
product set A x --- x Aby A®" Let X = {1,2,..., M} be the set of SNP loci, and # = {0, 1}
be the two haplo?ypes. It is convenient to introduce a phase vector ® = 1 ---pps. The pair
v;j = (@jo, ;) is referred to as phase, and represents the two alleles of haplotype 0 and 1 at
site 7, respectively. Because the haplotype assembly problem is trivial for homozygous sites, and
because it is usually much easier to determine the genotype than to determine the haplotypes, it is
often convenient to restrict the SNP loci X to heterozygous sites. Furthermore, if sequence-specific
sequencing errors are not considered, it is convenient to use a simple binary representation of alleles;
we randomly assign O to one of the two alleles at each heterozygous site 7, and 1 to the other allele.
In this case, the set of alleles is denoted by X = {0, 1}, and the set of possible phases is denoted by
A =1{(0,1),(1,0)}. We assume this binary representation throughout the paper.

Let ' = {f;|i = 1,..., N} be the set of input fragments which are supposed to be aligned to
the reference genome, and each fragment f; takes value f;; € ¥ at locus j € X if a nucleotide is
aligned and equal to one of two alleles, and f;; = () if fragment f; is unaligned, gapped, ambiguous,
or a base different from the two alleles, at site j. For any subset X’ C X, we say fragment f;
spans the sites X' if f;; # () for all j € X'. We refer to the subset of X spanned by fragment f as
X (f). We say fragment f; covers site j if there exists a pair of spanning two different (possible non
consecutive) SNP sites ji, jo € X (f;) such that j; < j < jo. The set of fragments that cover site
j is denoted by F“(j). Further, we refer to the set of all the possible haplotypes for sites X (f;) as
A(f;) = ABIXEI

The SIH problem takes a set of aligned SNP fragments F' as input and outputs a hidden phase
vector ¢ (Figure 2.1). Because the SIH problem does not associate the inferred haplotypes H
with the real paternal and maternal chromosomes, the switched configuration ® = @1 --- @y,
®j = (gojﬁ, gpﬂ) with 0 = 1 and 1 = 0, must be regarded as a completely equivalent prediction.
Therefore, SIH has no meaning if there is only one heterozygous site, and it is only meaningful if

one considers co-occurrences of alleles on the same haplotype for two or more heterozygous sites.



2.2.1.2 Mixture model

We model the probabilistic distribution of the observed fragments F' by

P(Fl©e)= > H ST P(filhi, @D)p™ (hi) P(2D)

HeHON i=1 () eA(f;)

=[] »7") .
JjeX(fi)
where © represents a set of parameters defined later, ®() ¢ A(f;) represents a partial haplotype
reconstruction over the sites X (f;) spanned by fragment f;, H = hy ... hy where h; € H repre-
sents the haplotype origin of fragment f;, p"(h) is the mixture probability of haplotype h € H,
and p;-b(l/) is the probability that phase v € A is instantiated at site j. We define the probability of

emitting fragment f; from haplotype h; given a fixed phase vector ®(*) as follows.

P(filhi, @) = ] pe(fing'i}zi)

JEX(fi)

where,

) (1—a) foroc=0o
pi(olo’) =

a for o # o’

is the probability that we observe o € 3 when the true allele is ¢’ € X and « represents the sequence
error rate which we assume is independent of fragments and positions.

We take « as a fixed constant because it is better estimated from other resources rather than from
only the bases at the SNP sites. For example, we may estimate « by using the all the read sequences
or by using information from other dedicated studies about sequencing and mapping errors. In the
following, we use o = 0.1 unless otherwise mentioned and the dependency of the « is described in
the Additional file. We further assume the mixture probabilities are equal, p"(0) = p™ (1) = 0.5,
as they often converge to around 0.5. Therefore, the parameter set O that needs to be optimized

consists only of the set of phase probabilities: © = {0;,} = {p} (v)}.
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Let Z;;j, be the indicator function that is one if fragment f; is derived from haplotype A,
X(f;) includes j, and the haplotypes have phase v at site j, and that is zero otherwise. Z;j,
is uniquely determined if the haplotype origins H = {h;}i = 1,...,N} and phase vectors
U = {®@|; =1,..., N} of fragments F are specified. Then the marginalized likelihood P(F|0)

is given by

P(F|©) = ZP(F, H,V|0),
H,¥

log(P(F, H, ¥|0)) = N log(0.5)+
N
SN 3T S Tinjulpingy +10g 050]
=1 heH jeX(f;) vEA

Pingy = log(p®(fijlvn)) -

We explain the difference between our model and the models of Kim [18] and Li [20] in the Addi-

tional file.

2.2.1.3 The minimum connectivity score

As described above, the two haplotypes H in the SIH problem have no particular identity and
it is not possible to predict which of them converges to the actual paternal or maternal chromo-
some. In relation to this, the likelihood function P(F, H,¥|©) has a symmetry between the
switched configurations: P(F, H,¥|©) = P(F, H,V|0), where H = {h;li = 1,...,N} and
¥ = {®|; = 1,..., N} represent the configuration that all the haplotype origins of the frag-
ments are exchanged, and © = {éjy}, éjy = 0;; are the switched phase probabilities. Therefore,
the marginal likelihood P(F'[©) = 3= ¢ P(F, H, ¥|O) is symmetric for the two parameter sets:
P(F|©) = P(F|O©).

Suppose that the probabilistic model is optimized for two segments of SNP sites between which
there are no connecting fragments, then the association of the haplotypes {0, 1} to the true paternal
and maternal chromosomes are selected at random for each segment. Even if there are several con-
necting fragments, the associations in each segment are determined almost randomly if the number
of connecting fragments is not sufficient or there are many conflicting fragments. Such sites of-

ten cause switch errors. We define the connectivity at site jp as a log ratio of the marginal log



likelihoods:

PN _ g (D))

connectivity(jg) = lo ( ]
¥(io) =10 ( (e P(F(0)/®))

where ©' = {0),} with 0, = 0;, for j < jo and ¢}, = 0, for j > jo. The second equality
follows from the symmetry of P(F'|©) described above, and shows that only the fragments covering
site jo are necessary to compute the connectivity of site jo. The connectivity measures the resilience
of the assembly result against swapping the two haplotypes 0 and 1 in the right part j = jo,..., M
of the sites. We refer to this change of parameters © — O’ as twisting the parameters at site j.

For each pair of sites (j1,j2) (j1 < j2), we define the minimum connectivity (MC) score as

MC(j1,j2) = min connectivity(j) .
J1<j<j2

We extract confidently assembled regions by selecting the pairs (j1, j2) with high MC values. From
the above definition, it is obvious that if the MC value is higher than a given threshold for some
pair (41, j2), then all the pairs inside range [j1, jo] have MC values higher than the threshold. In this

sense, MC(j1, j2) can be considered as defined on the range [j1, ja2|.

2.2.1.4 Variational bayesian inference

We use the VBEM algorithm to optimize the parameters © [33]. We approxi-
mate the Bayesian posterior distribution P(H,¥,©|F) with factorized variational func-
tions Q(H,¥,0) = QFY(H,¥) - Q®(©) such that the Kullback-Leibler divergence
KLpye(Q(H,V,0)||P(H,V,0|F)) between the two distributions is minimized. The solution

to this optimization problem has the form

N
QMY (H, W) = %exp (Z SN D Ty IOg(/Bihju)) :

i=1 heH jEX(f;) vEA

e :M (0.
Q~(0) HDlr(03|)‘])>

j=1
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where ZHY

is a normalization constant, 3;5;, and \j, represent the hyperparameters that specify
the posterior distributions, and Dir(¢;|);) is the Dirichlet probability distribution of |A| parameters.
Because Q7Y (H, ¥) and Q®(©) are connected through the dependencies among the hyperparam-
eters, they cannot be found simultaneously. Therefore, we optimize [3;5,j, and A;, by an iterative
method.

In our model, the parameters often converge to sub-optimal solutions, because switch errors
existing in the sub-optimal configurations are not removed by gradual parameter changes. There-

fore, we apply a heuristic procedure that re-runs the VBEM several times with twisted parameter

configurations after every convergence:

1) Do VBEM and calculate the connectivities for all the sites.

2) Do another VBEM with a parameter set A that is twisted at a site with low connectivity.

3) Repeat until convergence.
Here, the twist of hyperparameters A = {);, } is defined similarly to that of parameters © = {6;, }.
We describe the details of this procedure in the Additional file.

2.2.1.5 Inferring haplotypes

We set p;l’(y) to the posterior mean estimate of ;, with respect to the converged posterior
distribution:

Ajy

) = [ 400,0(0) = 5

We select the phase v at site j for which this pg’( v) is the highest. We limit the predicted haplotype

segments to the regions with high MC values.

2.2.1.6 Possible extensions of the model

In this paper, we consider only the binary representation of heterozygous sites. We also con-
strain the error rate to be constant throughout the sequence. However, some of these constraints
are easily removed. We can include homozygous sites and four nucleotide alleles by expand-

ing the phase set A. For example, the phase set of a multi-allelic variant is represented like
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A = {(A,0),(A,G),(C,A),(C,G),(G,A),(G,C)}. We can even include small structural variations
if they can be represented by additional allele symbols and the phase set of a structural variant is
represented such as Ay = {(A,-),(-,A)} forindel and Ay = {("AC","ACAC"),("ACAC","AC")} for
short tandem repeats. With these extensions, the accuracy of genotype calling of multi-allelic vari-
ants from sequencing data might be improved by considering haplotypes simultaneously [34] and
the accuracy and the recall of the haplotype region might be improved because all variant sites add
information to infer the derivation of the fragments. Furthermore, we can make the error probability
matrix p®(o|o’) dependent on the alleles of each fragment, which may be useful for incorporating

the quality scores of sequenced reads.

2.2.2 Datasets and data processing
2.2.2.1 Dataset generation

Simulation data were created through a strategy similar to the one reported by Geraci [35].
We first generated M binary heterozygous phase vectors and then we generated SNP fragments
by replicating each haplotype c times and randomly dividing them into subsequences of length
between /1 and /3. We then randomly flipped the binary values of the fragments from 0(1) to 1(0)
with probability e. In the following, we use M = 1000, c = 5,1; = 3, lo = 7 and e = 0.1 unless
otherwise mentioned.

For the real data, we used the dataset of Duitama’s work [17], who conducted fosmid pool-based
next-generation sequencing for HapMap trio child NA12878 from the CEU population. NA12878
had about 1.65 x 10° heterozygous sites on autosomal chromosome and the haplotypes of about
1.36 x 100 sites were determined by a trio-based statistical phasing method [22]. In the fosmid pool-
based next-generation sequencing, the diploid genomic DNA was fragmented into pieces of length
about 40 kilo-bases, and partitioned into 32 pools with low concentration, so that the fragments
were long enough to span several heterozygous sites and each pool rarely contained homologous
chromosomal regions of different haplotypes. Each pool was sequenced separately using a next-
generation sequencer and the read data were mapped onto the reference genome. Since a read
cluster in which the reads were close to each other and had the same pool origin were supposed to

originate from the same DNA fragment, the alleles observed in the same cluster were merged into
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a SNP fragment. Duitama [17] converted the fragment data to a binary representation by collecting
only the alleles of the heterozygous sites determined by the 1000 genomes project. The coverage of
the data was about 3.03. We used the trio-based data and the sequencing data in binary format for
our experiment.

The normalized linkage disequilibrium D’ for the CEU population was downloaded from the
HapMap Project [6].

We compared our MixSIH software with ReFHap [17], FastHare [21], DGS [19], which were
implemented by Duitama [17], and HapCUT [15]. We selected these algorithms because they have
been shown to be superior to other algorithms [17].

For the comparison of the runtimes, we generated simulation data with
M = 100,200,500,1000. We repeated the measurement 10 times for each M and the aver-
age runtimes are reported here. The computations were performed on a cluster of Linux machines
equipped with dual Xeon X5550 processors and 24 GB RAM.

As described in the introduction, our algorithm is focusing on extracting the reliable haplotype
regions. To examine whether we have succeeded in extracting the reliable haplotype regions, an ac-
curacy measure which evaluates the quality of the piecewise haplotype regions is needed. However,
existing accuracy measures are designed to compare the efficiency between the algorithms and are
not suitable for evaluating the quality of the piecewise haplotype regions.

Let ®®) be the true haplotypes, and @ be inferred haplotypes. Because the inferred haplotypes
® are sets of partially assembled haplotype segments ® = (@1, Do, ..., Pp) where each of Py is
independently predicted, the accuracy measures have to be applicable for such predictions.

Many previous papers used the Hamming distance to measure the quality of assembled haplo-
types [35]:

1 )
1 - ® (®
R(®o) = 1~ g7 min [D(@0,2), D(@o, 81)]

M
D(@,®)=>"> I(pjn=¥})

j=1heH

where @ represents a fully assembled haplotype prediction and I(a = b) represents the indicator

function which assumes 1 if a = b and 0 otherwise. A simple modification of the above formula to
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the partially assembled haplotype segments might be
1§ (1) (1)
/ o . S
R(®)=1- 2—;:1: min [ D(®;, @), D(®y, B)| .

However, this definition is inconvenient because the minimization is applied for each segment and
this accuracy measure can always be improved just by breaking a segment into smaller pieces at
random positions.

The switch error rate [17] is another measure used for comparing SIH algorithms. A switch
error is defined by the inconsistency between ® and o) at neighboring heterozygous sites:
(pj,0541) = ( g-t), gbﬁl) or (gbg.t), 80521)- The switch error rate is defined by the total number
of switch errors divided by the total number of neighboring pairs of heterozygous sites in all the
segments. Although the switch error rate is useful for comparing different algorithms, it does not
reflect the global influence of switch errors. Figure 2.2(B) shows the example of the case that the
switch error rate is not suitable to evaluate the quality of the segments. A single switch error in
the middle of a reconstructed haplotype segment has a greater influence on downstream analyses
such as detecting amplified haplotypes [27] than a switch error located at an end of the segment
(top and middle of Figure 2.2(B)). Two contiguous switch errors, which are likely to be caused by
sequencing error or genotyping error, do not disrupt the consistency between front and back parts
of the haplotype segments. However, such two contiguous switch error disrupt twice in terms of
switch error rate (bottom of Figure 2.2(B)).

Here, we propose another simple accuracy measure based on the pairwise consistency of the
prediction with the true haplotypes. This pairwise consistency score is inspired by the D’-measure
of linkage disequilibrium where the statistical correlations among population genomes are measured
for pair sites. Similarly to the switch error, a pair of heterozygous sites j and j' (j < j') is defined
as consistent if (¢;, p;1) = ( gt), 4,053)) or (cﬁ§~t), @gf)), and inconsistent otherwise. A pair (j,j') in
a haplotype segment is consistent if there is no switch error in range [4, j'] and inconsistent if there
is one switch error in the segment. If there are uncontrolled number of switch errors in range [, j'],
the probabilities that pair (7, j') is consistent or inconsistent are both 0.5, which is equivalent to

selecting a random phase at each site (Figure 2.2(A)). For each haplotype segment, we count the

consistent and inconsistent pairs. The total numbers of consistent and inconsistent pairs over all the



A B

b.Inferred Haplotypes switch errorrate ~ CP/(CP+IP)
a. True Haplotypes

00000011111

0000000000 """ 0000000000 11111100000 01 0.45
1111111111----- 1111111111 .Trus Haploypes
00000000000 00000000001

b. Inferred Haplotypes , 1111111111 11111111110 O 082

00000100000

11111011111 02 082

Figure 2.2. Consistency of pair sites. A. a. We assume that the two true haplotypes are the sequences of
all 0 and all 1. b. Inferred haplotypes contain switch errors indicated by the arrows: (i) a consistent pair,
(ii) an inconsistent pair, and (iii) if there are an uncontrolled number of switch errors between a pair, the
probabilities of being consistent or inconsistent are both 0.5. B. The example of the case that switch error
rate is not suitable to evaluate the quality of the segment. The consistency of a reconstructed haplotype which
has single switch error in the middle (top) is high than a reconstructed haplotype which has single switch error
located at an end of the segment, but switch error rate cannot distinguish these situations. Two contiguous
switch errors, which are caused by sequencing error or genotyping error and do not disrupt the consistency
between front and back parts, are regarded as twice of a single switch error in switch error rate (bottom).

haplotype segments are denoted by CP and IP, respectively. We define precision by CP/(CP + IP).
This is used as the measure of accuracy in the later sections. Unlike the switch error rate, this
precision accounts for the global influence of switch errors because a switch error in the middle of
a haplotype segment leads to a much smaller CP than switch errors at an end of the segment.

We define the total prediction space as follows. We consider a graph whose nodes are the set of
all the heterozygous sites. We connect two nodes by an edge if there is a fragment spanning both
the sites. We collect all the connected components with at least two nodes and consider each of the
corresponding clusters of heterozygous sites as an independent segment. The total number of pairs
is the sum of the numbers of all the pair sites over the segments. Although it is rare, there are cases
in which some segments consist of noncontiguous heterozygous sites. For example, segment sets
such as {(1,4,5),(2,3)} and {(1,3), (2,4,5)} may occur for the consecutive heterozygous sites
(1,2,3,4,5). We define recall as the ratio of the predicted pairs divided by the total number of
pairs. Because the previous algorithms provide no score to limit the prediction to highly confident
regions, recall is always nearly equal to one for these algorithms. On the other hand, our algorithm
is able to make predictions with high precision at the expense of reduced recall.

A more detailed discussions of other accuracy measures is given in the Additional file.



2.2.2.2 Potential chimeric fragments

The processed sequence data derived from fosmid pool-based next-generation sequencing might
contain chimeric fragments if a pool contains DNA fragments derived from the same region of
different chromosomes and reads with different chromosomal origins are merged into a single SNP
fragment. By using the trio-based haplotypes, we compute the ‘chimerity’ of each SNP fragment f

by measuring the change of its likelihood after breaking it into two pieces:

maxpey Po(f|h) )

chimerity(f) = — log < _
maxe x (f),nen Fo(f<jlh) Po(f>;1h)

Po(flh) = (1 — ao)”(ﬁh)agx(f)\*n(f,h) ’

where n(f, h) is the number of sites at which the fragment f matches with the true haplotype h,
f<j and f-; represent the left and right parts of fragment f divided at site j, and o = 0.028 is
the empirical sequence error rate computed by comparing the true haplotypes and all the SNP frag-
ments. We removed potential chimeric fragments with chimerity higher than a given threshold. We
recomputed the accuracies for this removed dataset and compared them with those for the original

dataset.

2.3 Results and discussion

2.3.1 Comparison of pairwise accuracies

We examined whether MixSIH can extract the accurate haplotypes regions by using MC. Fig-
ure 2.3 shows the accuracies derived from counting the consistent pairs. The z-axis is the number
of predicted pairs (CP+IP) and the y-axis is the precision (CP/(CP+IP)). We have also shown the
accuracy for the prediction without the haplotype assembly where the phase of each pair is deter-
mined by majority voting of spanning fragments. Figure 2.3A shows that the precisions of all the
algorithms are around 0.5-0.6 at recall ~ 1.0, indicating that there are many switch errors in the
predictions and the quality of assembled haplotypes are not much different from picking phases

randomly. By increasing the MC threshold, the precision of MixSIH improves rapidly and becomes
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Figure 2.3. Precision curves based on the consistent pair counts. The z-axis represents the number of
predicted pairs in log scale. The arrows indicate the MC thresholds. The accuracies are computed for the
simulation dataset (A), and the real dataset (B): [J no assembly; o MixSIH; A ReFHap; + FastHare; x DGS.
In the simulation, we set M = 2000 and repeated the experiment 10 times for each algorithm; average values
are plotted.

close to one around MC = 4 at recall 0.07. The recall of unassembled haplotypes is about 0.005
with precision 0.93, which is 20 times smaller than the recall 0.1 of MixSIH at the same precision.
For the real dataset, the precision of the algorithms is around 0.85 at recall ~ 1.0, which is much
higher than the precision for the simulation dataset. This is because there are many small fragment
clusters for which the correct haplotypes are easily predicted. The accuracy of MixSIH can still be
improved with precision up to 0.95 at the expense of deleting about 3/5 of weakly supported pairs
from the prediction. However, it does not reach the precision of unassembled haplotype prediction.

‘We discuss this issue in the next subsection.

2.3.2 Effects of potential chimeric fragments

Inspecting the switch errors in the prediction for the real dataset, we found that there are po-
tential chimeric fragments that have a considerable effect on the pairwise accuracies. A chimeric
fragment is defined as a fragment whose left and right parts match different chromosomes very
well. Such fragments can occur in fosmid pool-based next-generation sequencing data. We show
the chimerity distribution in the Additional file. We computed the accuracy of MixSIH for a frag-

ment dataset in which the fragments with chimerity higher than a given threshold are removed. We
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Figure 2.4. The precisions of the algorithms for the dataset in which fragments with chimerity greater
than 10 are removed. For comparison, the precisions of MixSIH for the original dataset are also shown as
diamonds.
experimented with several chimerity thresholds and we found that the accuracy improves with de-
creasing chimerity thresholds and saturated at about chimerity threshold 10, which corresponded
to the case that only 1.65% (4,482/271,184) of the fragments were removed. We show the accura-
cies for different chimerity thresholds in the Additional file. We also show that the fragments whose
chimerity is over 10 are indeed chimeric in the Additional file. Figure 2.4 shows the precision curves
for the dataset of removed fragments. The accuracies are considerably higher for this dataset, and
the precision now reaches that of the unassembled prediction at recall 0.5 with MC threshold 6.0.
We also show the effects of chimeric fragments on simulation data in the Additional file.

These results suggest that more careful data processing to avoid spurious chimeric fragments is

necessary to obtain high-quality haplotype assembly.

2.3.3 Incorporation of the trio-based data

Although the trio-based statistical phasing method can determine most of the phases of the
sites, there still exist SNP sites whose phases cannot be determined by this method. SIH is capable

of determining the phases which are not determined by the trio-based data, and we can obtain more
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complete haplotypes data by combining both of the SIH-based data and the trio-based data. To
examine how many phases of the sites can be determined anew by combining both of the SIH-based
data and the trio-based data, we devise a method that combines both information to determine the
phases (see the Additional file). By using this method, about 82% (237,950/291,466) of the phases
of the sites which are undetermined by trio-based data could be determined anew and totally about
97% (1,601,381/1,654,897) of the phases could be determined by both the methods. This result
suggests that almost all of the phases of the sites can be determined by using both of the STH-based

data and the trio-based data.

2.3.4 Spatial distribution of MC values

Figure 2.5A shows an example of the spatial distribution of the MC values for the real dataset.
The regions that are densely covered tend to have large MC values. On the other hand, the MC values
are low in chromosomal regions with sparse heterozygous sites because few fragments span two or
more sites. Figure 2.5B shows the density plot of MC values which are converted to the correspond-
ing precisions using the graph of Figure 2.5B, and the absolute normalized linkage disequilibrium
|D’|. STH can accurately infer the haplotypes in many regions with low linkage disequilibrium, but
there are also regions with reduced precision and high |D’| values. This suggests that the accuracy

of predictions might be improved by using both pieces of information.

2.3.5 Dependency of MC values on the fragment parameters

Figure 2.6 shows the dependency of MC values on the quality of the input dataset. In these fig-
ures, the minimal MC threshold that achieves precision > 0.95 (y-axis) is plotted for different frag-
ment length ranges [l1, l2] (three panels), coverages c (three lines), and error rates e (x-axis). They
show that the MC threshold must be increased to obtain high-quality assembly for low-coverage,
highly erroneous data, while it has a minor dependence on the typical fragment length. However, the
overall scale of the MC threshold changes relatively moderately and it is bounded above at MC = 6
for the tested cases. We also calculated the dependency of MC values on the input dataset which
include chimeric fragments and the results were almost the same (see the Additional file). Hence

we set the default MC threshold to 6.0 in our software.
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Figure 2.5. Spatial distribution of MC and LD. A. A colored density plot of the MC values and the number
of fragments. The z-axis represents the coordinates of heterozygous sites. The actual locations of the sites
in genome coordinates are shown by thin black diagonal lines and the black horizontal line represents a 10-
11 megabase region of chromosome 20. The upper densities represent the connectivity values. The lower
densities represent the number of fragments spanning the pair sites. B. A colored density plot of the precisions
(upper) and the absolute normalized linkage disequilibrium | D’| (lower) for the same region.
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Figure 2.6. Dependency of the lowest MC value with precision > 0.95 for coverage c, fragment length
[11,12], and error rate e. The experiments were repeated 10 times, and the average values are plotted.

2.3.6 Optimality of inferred parameters

We use a heuristic method for parameter optimization to avoid sub-optimal solutions. To test
whether the optimized parameters actually reach the global optimum, we compared the log like-
lihood of the optimized parameters with the approximate maximal log likelihood obtained by op-
timizing the parameters with an initial condition in which the optimal solution falls into the set
of true haplotypes; we add one to the Dirichlet parameters for the true phase probability: that is,
Ajy = )\5-?/) +1lifv = gpg-t) and \j, = )\g.?,) otherwise, where )\5-?,) is hyperparameters of the Dirichlet

()

distribution and ¢, is the true phase at site j. Figure 2.7 shows the changes of the log likelihood
for each twist operation. It also shows the connectivity values at the sites where the parameters
A are twisted. The log likelihood increases monotonically and reaches the approximate maximal
likelihood after 50 twist iterations. The connectivity values also increase monotonically in most
cases. The figure implies that the parameters converge to the global optimum upon repeating the

twist operation.

2.3.7 Comparison of running times

Figure 2.8 shows the runtimes of the test programs. Bansal released the faster version of Hap-

CUT recently, so we calculated the runtimes of both latest and previous version of HapCUT. Our
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Figure 2.7. Increase of log likelihood values for each iteration. The dotted line represents the approximate
maximal log likelihood; the solid line, the changes of the optimized log likelihood for each twist operation;
the broken line, the connectivity values at the positions that the optimizing parameters are twisted.

method applies the VBEM algorithm repeatedly and hence is rather slow. It is comparative to Hap-
CUT (previous versoin) and about 10-fold slower than both ReFHap and HapCUT(latest versoin),
and from 50-fold to 500-fold slower than both FastHare and DGS. Considering that NA12878 has
about 1.23 x 10° heterozygous sites on chromosome 1, it is roughly estimated that MixSIH takes
about 15 days to finish haplotyping for the data whose connected component includes all heterozy-

gous sites, and MixSIH is still manageable for such chromosome-wide data.

2.4 Conclusions

With advances in sequencing technologies and experimental techniques, single individual haplo-
typing (SIH) has become increasingly appealing for haplotype determination in recent years. In this
paper, we have developed a probabilistic model for SIH (MixSIH) and defined the minimal connec-
tivity (MC) score that can be used for extracting accurately assembled haplotype segments. We have
introduced a new accuracy measure, based on the pairwise consistency of the inferred haplotypes,
which is intuitive and easy to calculate but nevertheless avoids some of the problems of existing
accuracy measures. By using the MC scores our algorithm can extract highly accurate haplotype

segments. We have also found evidence that there are a small number of chimeric fragments in an
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Figure 2.8. The running times of the tested algorithms. The z-axis is the number of sites. The y-axis is the
running time in seconds. Both are displayed on a logarithmic scale.
existing dataset from fosmid pool-based next-generation sequencing, and these fragments consider-
ably reduce the quality of the assembled haplotypes. Therefore, a better data processing method is
necessary to avoid creating chimeric fragments.

Our program uses only read fragment data derived from an individual. However, it is expected
that more powerful analyses could be made by combining SIH algorithms with statistical haplotype
phasing methods that use population genotype data. An interesting possibility would be to construct

a unified probabilistic model that infers the haplotypes on the basis of both kinds of data.
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2.5 Supplementary text

2.5.1 Difference Between Our Model and Existing Models

There are a number of differences between our model and those of [18] and [20]. Our model
takes a ‘mixture model’ approach: each fragment is emitted independently of the other fragments

and a partial phase vector @) € A(f;) is independently drawn for each fragment f;:

P(FI©)= H > P(filhi, @D)p™ (hi) P(@)

HeH®N i=1 oD cA(f;)

On the other hand, [18] and [20] take a ‘hidden variables’ approach: the model first draws a full-

length phase vector @, then all the fragments are emitted from this common phase vector ®:

N
P(Fl©)y= > P@) >  [[Pfilhi,®)p™(hi)

He AOM HeH®N =1

Although their model might look somewhat more natural, since the fragments are actually derived
from the fixed true chromosomes, the computation of the likelihood function is quite costly; we
need either to traverse all the |A| -phase patterns (where |A| is the number of possible phases at
each site), or to traverse all the 21F°U )‘—patterns for assigning haplotype origins h; € H to covering
fragments f; € F°(j) for each site j. Therefore, it is impractical to use their model to compute a
likelihood for genome-scale data. On the other hand, our model considers only one fragment at a
time and the complexity of the likelihood computation is only |A| x SN [X(f;)|. Although our
model loses some complicated correlations among fragments, it still takes into account the allele

co-occurrences within each fragment.

2.5.2 Variational Bayes Expectation Maximization Algorithm

We set the prior probabilities for parameters © to be those of the Dirichlet distribution with

hyperparameters A(0) = { )\ }
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where I'(z) is the gamma function, and we set )\g-g) = (0.5 forall j and v.

The solutions for Q7Y (H, ¥) and Q®(©) have the form

N
QMY (H, W) = %exp (Z SN D T IOg(Bihjz/)) :

i=1 heH jeX(f;) veA
M

Q°(©) = ] Dir(8;[Av) .

J=1

where ZHV represents a normalization constant and Binjy and Aj, are the hyperparameters that

specify the posterior distributions. Because QY (H, ¥) and Q®(©) are dependent on each other
through the dependencies among the hyperparameters, they cannot be found simultaneously. There-

fore, we optimize f3;5,;,, and \;,, by repeating two computational procedures, called VBE and VBM.

In the VBE step, we calculate the expectations

s = 3 T @) =512,
HU
7,(1) _ [iex () (Xvea Binjv)
" 2w HjEX(fi)(ZVGA Bintjv) ’

MO Bingv
v ZV’EA B’ihjl/

In the VBM step, we update the Dirichlet parameters A;,, and then compute expectation w;, as

well as Bip;:

N
0
Ajv = Aﬁ-y) +D D Yingw »
i=1 heH

Wiy = / d010g(0;,)Q%(0) = () — ¥ () Aw)

Binjv = p°(fijlvn) exp(w;,) .

2.5.3 lterative Twist Operations to Avoid Sub-optimal Solutions

We optimize the parameters as follows.
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Figure 2.9. Increase of log likelihood values for each iteration. The dotted line represents the approximate
maximal log likelihood; the solid line, the changes of the optimized log likelihood for each twist operation;
the broken line, the connectivity values at the positions that the optimizing parameters are twisted.

1) Set /\,(COV) = 0.5 for all £ and v and initialize A with Ay, = )\,Efl)/) + rp,. Here, ry,, are random
numbers sampled from the uniform distribution in the range [0.0,0.1]. They are necessary
to avoid the symmetric point of the likelihood function. Let S be the empty set, and set

score = —oo and A1 = A.

2) Do variational Bayes expectation maximization [33] with initial parameter A; until the pa-
rameters converge or the number of iterations exceeds a given limit (100). Let score’ and A’

denote the converged likelihood and converged parameter set, respectively.
3) If score < score’ then set score = score’, A = A’.

4) Select the site j out of sites X \ S that has the smallest connectivity ¢; with respect to the

model A.
5) Add j to S'if j has already been selected once in the previous iterations.

6) Set A1 = A and twist A at site j. (The concept of ‘twisting’ is described in ‘The Minimum

Connectivity Score’ subsection in the main paper.)

7) If ¢; > 7.0 or X = S, then terminate, otherwise go to step 2.

2.5.3.1 Optimality of Inferred Parameters

We use a heuristic method for parameter optimization to avoid sub-optimal solutions. To test

whether the optimized parameters actually reach the global optimum, we compared the log like-



29

lihood of the optimized parameters with the approximate maximal log likelihood obtained by op-
timizing the parameters with an initial condition in which the optimal solution falls into the set
of true haplotypes; we add one to the Dirichlet parameters for the true phase probability: that is,
Ajp = )\( )+1 ifv = ( ) and Ajp = )\5-?,) otherwise, where go§t) is the true phase at site j. Figure 2.9
shows the changes of the log likelihood for each twist operation. It also shows the connectivity val-
ues at the sites where the parameters A are twisted. The log likelihood increases monotonically and
reaches the approximate maximal likelihood after 50 twist iterations. The connectivity values also
increase monotonically in most cases. The figure implies that the parameters converge to the global

optimum upon repeating the twist operation.

2.5.4 Comparison of Accuracy Measures

Because of the equivalence of predictions between the switched haplotypes as explained above,
measuring the difference between ®() and ® is nontrivial. Many previous papers used the Hamming

distance to measure the quality of assembled haplotypes [35]:

1 _
o ; (1) ()
R(®) =1~ - min [D(®,80), D(®, 1))

D(®,d') = ZZIgth Cin)

j=1heH

where I(a = b) represents the indicator function which assumes 1 if a = b and 0 otherwise. This
definition is not appropriate when we consider the accuracy of multiple, partially resolved haplo-
type segments. For example, there is no way for the SIH algorithms to relate the haplotypes of
chromosome 1 to those of chromosome 2 because there is no fragment that overlaps with both the
chromosomes. It is also impossible for any SIH algorithm to relate the haplotypes of two con-
secutive regions if there is no fragment that overlaps with both regions. Furthermore, we wish to
extract confidently assembled sub-regions using the minimum connectivity thresholds. Therefore,
it is desirable for the accuracy measures to allow comparisons on the set of partially assembled
haplotype segments. We now consider a simple extension of the Hamming distance measure. Let

® = (91, Py,...,Pp) be the set of partially assembled haplotype segments with M total sites,
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then a simple modification of the above formula might be
1§ (1) (1)
/ o . S
R(@)=1- b§:1j min [ D(®;, @), D(®y, B)| .

However, this definition is inconvenient because the minimization is applied for each segment and
this accuracy measure can always be improved just by breaking a segment into smaller pieces at
random positions.

The switch error rate [17] is another measure used for comparing SIH algorithms. A switch
error is defined by the inconsistency between ® and o) at neighboring heterozygous sites:
(pj,0541) = ( g-t), gbﬁl) or (gbg.t), 80521)- The switch error rate is defined by the total number
of switch errors divided by the total number of neighboring pairs of heterozygous sites in all the
segments. Although the switch error rate is useful for comparing different algorithms, it does not
reflect the global influence of switch errors. For example, a single switch error in the middle of a
reconstructed haplotype segment has a greater influence on downstream analyses, through incorrect
prediction of allele co-occurrences, than a switch error located at an end of the segment.

There are other measures, such as the minimum number of entries to correct (MEC) [36], the
adjusted N50 (AN50) and its variants S50, N50 [37], and the quality adjusted N50 (QANS50). Apart
from QANSO, these measures do not use the true haplotypes and there is no guarantee that the
correct haplotypes have a higher score than incorrect ones. The procedure to compute the QANS0
score is complex and can be roughly described as follows. First the prediction is broken into smaller
segments that do not contain any switch errors. For each segment an adjusted length score, which
is the segment length in the reference genome multiplied by the proportion of heterozygous sites
inside of the segment, is assigned. The segments are sorted in order of decreasing adjusted length
scores and ANSO0 is defined as the threshold score such that half of heterozygous sites are covered
by segments with scores greater than the threshold. Although this measure accounts for both the
quality and segment sizes of the reconstruction, the complex interactions between inhomogeneity of
the SNP density and fragment coverage seem to make it difficult to understand the practical utility
of SIH algorithms by using their QANSO0 scores.

In comparison to the switch error rate, which cannot account for genotyping errors in homozy-

gous sites, the pairwise consistency score works without modification in the cases where homozy-
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gous sites are included in the prediction space. Furthermore, although the notion of pairwise con-
sistency is applicable to haplotype segments that are not made up of simple contiguous sites, the

definition of a switch error for such segments is somewhat ambiguous.

2.5.5 Potential Chimeric Fragments

Figure 2.10 shows the chimerity distribution of real data [17], which indicates that only a small
proportion of the data has high chimerity. Figure 2.11 shows the accuracies for different chimerity
thresholds, which suggests that the improvement of the accuracies saturates at around chimerity

threshold 10.
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Chapter 3

Integrating dilution-based sequencing
and population genotypes for single

individual haplotyping

3.1 Background

Advances in experimental techniques for DNA sequencing and genotyping have made it possi-
ble to determine many individual human genomes and detect variations, such as single nucleotide
polymorphisms (SNPs) [22,38]. This has brought about great progress in genome analyses, such
as genome-wide association studies (GWAS) [39], inference of population structure [40], and ex-
pression phenotypes [41]. However, most technologies give only genotype information and most
current research does not determine the haplotype origin of the variations. Haplotypes contain more
detailed information than genotypes and are valuable for GWAS [5], and for analyzing genetic
structures such as linkage disequilibrium, recombination patterns [38], and correlations between
variations and diseases [7].

Determining haplotypes experimentally is difficult, and there are three main computational ap-
proaches for haplotype inference. The first approach is the statistical phasing method, which infers
population haplotypes from population genotypes using statistical computation [8—11, 13]. Algo-
rithms for statistical phasing have been developed in response to technological advances for geno-

typing, and its basis is that the diversity of haplotypes is limited, and there are conserved haplo-
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types [42]. Because of the strategy, statistical phasing does not work well in chromosomal regions
which exhibit several different haplotypes, particularly regions of low linkage disequilibrium. This
approach is also weak in inferring long haplotypes because the complexity of population haplotypes
increases exponentially according to the number of SNPs.

In the second approach, haplotypes are inferred from genotypes of pedigrees. For example, a
child’s haplotypes are determined from the genotypes of child and its parents (trio-based haplotyp-
ing). The origin of child’s alleles can be determined if only one of the parents has the same alleles.
However, the haplotypes of sites at which all family members have the same genotype cannot be
determined and, furthermore, family genotype data are not always available. In addition, neither the
statistical phasing method nor this approach can identify spontaneous mutations.

The third approach uses DNA sequencing data and is called single individual haplotyping (SIH)
or haplotype assembly [14-21,43]. SIH utilizes the fact that each sequenced read is derived from
only one of the haplotypes. If a read spans two or more heterozygous sites, the haplotype can be
determined from the co-occurrence of alleles in the read. Two reads are determined to originate
from the same chromosome if they overlap at a region that has at least one heterozygous site, and
they have the same alleles at these sites.

SIH did not attract much attention until recently, since it needed long DNA sequencing reads that
spanned multiple heterozygous sites, and obtaining such reads quickly and economically was dif-
ficult. However, this situation is changing rapidly with the advent of new experimental techniques,
such as fosmid pool-based next-generation sequencing [17, 24, 25], long read fragment technol-
ogy [44], and dilution-amplification-based sequencing [45] that can produce virtual long reads. In
these methods, long DNA fragments are separated into distinct low-concentration aliquots which
each contain less than one fragment per chromosomal region. After sequencing an aliquot with a
next-generation sequencer and mapping short reads, clusters are formed in which the reads are close
to each other. A cluster corresponds to a long DNA fragment and is supposed to be derived from a
single haplotype. Thus, virtual long reads can be obtained by merging the short reads in a cluster
(see Figure 3.1).

Although such experimental techniques are sophisticated, they have the problem of producing
chimeric fragments whose left and right parts match different chromosomes very well. Because long

DNA fragments are separated into aliquots randomly, there are cases where an aliquot has some long
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DNA fragments derived from the same region of different chromosomes and, consequently, reads
with different chromosomal origins are regarded as one cluster and merged into a single fragment
(see Figure 3.1). In the process of developing MixSIH [43], which is the first SIH algorithm that
can evaluate the reliability of a haplotype region, we have shown that such chimeric fragments
significantly decrease the accuracy of SIH. This is because the chimeric fragments can lead to
opposite haplotypes between right and left of haplotype regions.

In our previous study we detected chimeric fragments under the condition that parents genotypes
were given. However, independence from pedigree data is one of the advantages of SIH and, there-
fore, it is common to assume that pedigree genotypes are not available. Even if pedigree genotypes
are available, there are regions whose haplotypes are not determined from pedigree genotypes and
the chimeric fragments in such regions cannot be detected with the previous method. The length
of a reads cluster and heterozygous calls in a reads cluster were also used for detecting chimeric
fragments [17]. The length of a reads cluster which correspond to a chimeric fragment will be
larger than that of most reads clusters because reads with different long DNA fragment origins are
regarded as one cluster and merged into one fragment. In addition, if there are some heterozygous
SNPs in an overlapped region where reads with different haplotype origins coexist, these SNPs will
show heterozygous calls in a reads cluster. Although some chimeric fragments will be detected
with cluster length and heterozygous calls, considerable number of chimeric fragments will be left
behind because of the dispersion of the cluster lengths, and non-detection of the heterozygous calls
in the overlapped regions due to the lack of coverage and absence of heterozygous SNPs. For these
reasons, chimeric fragment detection method which does not depend on pedigree genotypes and can
detect chimeric fragments which are overlooked by the cluster length and the heterozygous calls is
necessary to obtain high quality assembled haplotypes.

In this paper, we propose a general method to detect chimeric fragments without using pedigree
genotypes. Our method is based on the assumption that chimeric fragments are derived artificially
and differ from the biological conserved haplotypes in the population. Under this assumption, we
use population genotypes to evaluate inconsistency between virtual long read and inferred haplo-
types.

Previous researches showed that the quality of haplotype inference will increase by integra-

tion of SIH and statistical phasing [46—48]. These approach basically consider the SNP fragments
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Figure 3.1. An illustration of dilution-based sequencing. (i) The DNA fragments are separated into multiple
low-concentration dilutions. (ii) After sequencing and mapping an aliquot, mapped reads form clusters which
correspond to DNA fragments. (iii) Clusters are merged into read fragments and result in natural fragments
(a), (b) and a chimeric fragment (c). Chimeric fragments are produced when short reads derived from multiple
DNA fragments are regarded as one cluster.

as reliable information sources and use population haplotypes to supplement inferred individual
haplotypes. Therefore, these approaches will not be suitable for preventing the effect of chimeric
fragments, which are unreliable and can lead to incorrect haplotypes. Our research presents the
importance of considering chimeric fragments in SIH and proposes a novel strategy for integration
by focusing on the process of dilution-based sequencing.

We applied our method to two real datasets and showed that the chimeric fragments could be
detected with high accuracy. Moreover, we compared the accuracy of multiple SIH algorithm for be-
fore and after removing chimeric fragments candidates. We found that accuracy of assembled hap-
lotypes improved considerably after chimeric fragment candidates were removed using our method.

In addition, we found that SIH algorithm successfully inferred long haplotypes and showed the

usefulness of STH.

3.2 Methods

3.2.1 Notation

Throughout the paper, we denote chimeric fragment as CF, and natural fragment as NF.
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Because SIH is trivial for homozygous sites and because it is usually much easier to deter-
mine the genotype than to determine the haplotypes, we focus on heterozygous sites and rep-
resent heterozygous alleles by a simple binary representation. Fragments from which the ho-
mozygous sites have been removed are called SNP fragments. SNP fragments are represented by
F={fili=1,...,N}, and fragment f; takes value f;; € {0,1} atsite j if f; covers the site. We

denote the set of sites which f; covers by X (f;).

3.2.2 Statistical phasing method

In this paper, we describe a method to detect CFs by using statistical phasing. The statistical
phasing method estimates haplotypes from population genotype data based on the fact that the
diversity of local haplotypes is low.

Here, we use the software PHASE (version 2.1.1) with default settings for statistical phas-
ing [10, 11]. PHASE infers haplotypes of the specified set of SNPs S using the Gibbs sampling
method which samples each individual in a random order, updates the individual haplotypes under
the assumption that all the other haplotypes are given, and repeats this process. PHASE outputs
several candidate haplotypes and their probabilities for each individual. In detecting CFs, we are
interested in the individual haplotypes of the individual who is the target of SIH and denote the set
of candidate haplotypes for the individual by H®) = {H | 1,..., M}, where M is the number

of candidates and HZ»(p ) is composed of the haplotype pair H Z%’ ) and H Z(f ),

H l(]p ) is composed of the
setof H; » ,2 (k € S) which represent the binary allele of the haplotype H. l(]p ) at site k. We denote the

probability of H” for the individual by P(H ™).

3.2.3 Chimeric fragment detection model

We model probabilities that a fragment f; is NF (P™( f;)) and CF (P<(f;)), and develop an indi-
cator for detecting CF with these probabilities. Upon the calculation of the NF and CF probabilities
of a fragment, we obtain H(?) and P(H, (p )) by running PHASE for S = X (f;).

The NF probability of fragment f; is composed of the probability of the individual haplotypes
and the probability of the SNP fragment given the haplotypes:

ZP hpr(filHP)
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where « is a error term to deal with sequencing and PHASE errors. In this paper, we use o« = 0.01
(the effect of changing « is described in the Additional file).

The CF probability is similar to the NF probability, but the probability of SNP fragments given
haplotypes is slightly different. P°(f;|H ;Z)) is calculated by assuming that left and right parts of f;

are derived from different haplotypes in a haplotype pair:
% () )
- Py )
j=1
fZIH Z (H P(fim\H}fgm IT ~( fm\H ) ,
m<l

eX(f, m>l

where 0 = 1 and 1 = 0. Although we assume that the CF changes the origin of haplotype only
once, it is possible that a CF changes the derivation many times over. However, such a CF would be
rare and the CF probability given above would, in such a situation, approximate the result obtained
by marginalizing over the switched sites.

Using these probabilities, we would like to define an indicator that evaluates the degree of
artificiality of a recombinant SNP fragment which we will call the ‘chimerity based on statistical

phasing’ (CSP). In principle, we would like to use
CSP(fi) =InP°(fi) —InP"(f;) .

However, because the number of possible haplotypes and their combinations increase expo-
nentially and the running time of PHASE increases according to SNP fragment size, we use a

sliding-window approach to calculate CSP if the size of a SNP fragment is over sliding window
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width:
CSP ) — 1 PC ‘(/81/B+W_1) _1 Pn '(B,B-i-W)—l
(fi) = max. (In Pe(] ) = In P"(f, )
where fi(’B PEW=D s the partial fragment of f; which starts from the Sth site and whose size is

W. X'(f;) is X(f;) in which X(fi('y’%wfl)) is removed, where fi(ﬂ”wrwfl) is the rightmost
partial fragment. W is the sliding window width and we use W = 5 for the default setting (see the
Additional file for the effect of changing W). In the process of sliding window calculation, H ()
and P(H. Z-(p )) are obtained by running PHASE for S = X ( fi(ﬁ A +Wﬁl)).

We detect the CF candidates in a set of SNP fragments by selecting the SNP fragments whose

CSP are larger than a threshold.

3.2.4 Cluster length and heterozygous calls for detecting chimeric fragment

In the previous research, the length of a reads cluster and heterozygous calls in a reads cluster
were used for filtering CFs [17]. Because a CF is produced when two long DNA fragments are
regarded as one reads cluster, the length of reads cluster (cluster length) which corresponds to s
CF tends to be larger than that of reads clusters which corresponds to NFs. Therefore, CFs can be
detected by selecting the SNP fragments whose cluster length are over than a threshold. Moreover,
if there are some heterozygous SNPs in a overlapped region and there are enough coverage, reads
in a reads cluster will show heterozygosity. Because there are several evaluation for heterozygous
calls in a reads cluster, we used three measure, the total number of reads which cover minority allele
(total heterozygosity), maximum of the rate of the minority allele (maximum heterozygosity), and
average of the rate of the minority allele (average heterozygosity) (see the Additional file for the
detailed definition). We compare the performance of CSP with that of methods based on cluster

length and heterozygosity.

3.2.5 Recovering SNP fragments from CF candidates

The CSP method might regard NFs as CF candidates when the NFs differ from population hap-
lotypes due to rare variants or spontaneous recombination. To recover such NFs from CF candidates,

we use coverage data. Because CFs are produced when an aliquot happens to contain some DNA
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fragments which cover the same regions, CFs would be distributed randomly. Therefore, if there
are many CF candidates that cover the same regions, they would be NFs. We, therefore, recover
the CF candidates which fulfill a coverage threshold condition. However, CFs might be accidentally
located in a high coverage region and, therefore, we run SIH for recovered SNP fragments, calculate
the chimerity based on inferred haplotypes, and remove SNP fragments whose chimerity is larger

than a threshold. The detailed process and results are shown in the Additional file.

3.2.6 Mixture model for SIH

We have previously developed a mixture model for STH (MixSIH) [43]. Our model provides a
confidence score for haplotype regions, and we could extract reliable haplotype blocks using this
confidence score.

Here, we give a brief explanation of MixSIH. The probability distribution of the observed SNP
fragments F' were modeled by parameter O, which represents the phase of each site. P(F'|©) can be
represented by the indicator function that represents the haplotype origin of fragments. We used the
VBEM algorithm to optimize © with the indicator function, and inferred haplotypes from optimized
O.

In SIH, the associations in each segment are almost random if the number of connecting frag-
ments is not sufficient or there are many conflicting fragments. Such sites often cause switch errors
and, therefore, we need a method to evaluate the reliability of the connection of the haplotypes.
With the optimized parameters, we defined the connectivity at site jy as a ratio of the marginal log
likelihoods:

P(F|0)

connectivity(jo) = P(F|O")”°

where ©' correspond to a recombinant of © at site jo. The connectivity measures the resilience of
the assembly result against swapping the two haplotypes at site jo.
We extended the idea of connectivity to give a confidence score for a region. For the region

[71,72](J1 < j2), we defined the minimum connectivity (MC) sore as

MC(j1,j2) = min_connectivity(j) .
71<i<J2
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We can extract reliable assembled blocks by selecting regions with high MC values.

3.2.7 CF detection based on trio-based haplotypes

We defined the chimerity used to detect CF by using trio-based haplotypes in our previous

research and use this indicator to define the true dataset.

max;j_o1 P'(fi|H")

max j—o,1 Pt(fi,gk‘H](t))Pt(fi,>k‘Hgt))
keX(f:)

PifIED) = [I PolfulHY),

chimerity(f;) = —In

(1—ao) for fyx = Hy)
Po(fir|HYy)) = ’

ag for fir, # H](Z) ;

where H®) = (H(gt), H ft)) is the pair of true haplotypes which are determined by trio-based haplo-
typing, f; <i and f; - represent the left and right parts of fragment f; divided at site k, and o is
the sequence error rate term. We define a CF as being an SNP fragment whose chimerity is over a

threshold.

3.2.8 Dataset and data processing

For the sequencing data, we used the data from Kaper et al. [45] and Duitama et al. [17]. Kaper
and coworkers diluted and distributed long DNA fragments into physically distinct aliquots, while
Duitama and coworkers partitioned long DNA fragments into distinct low-concentration aliquots
using fosmid clones. The aliquots were sequenced using next-generation sequencers. After mapping
the short reads onto the reference genome, short reads formed clusters in which the reads were close
to each other. Each cluster corresponded to a long DNA fragment and was supposed to originate
from the same haplotypes and, therefore, the alleles observed in a cluster could be merged into a
SNP fragment. In the above procedure, CFs would be produced because an aliquot might contain
some long DNA fragments derived from the same region of a different chromosome, and reads with
different chromosomal origins might be merged into a single SNP fragment (Figure 3.1).

Both groups conducted analyses of the HapMap trio child NA12878 from the CEU population
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[38]. NA12878 had about 1.65 x 105 heterozygous sites on an autosomal chromosome and the
haplotypes of about 1.36 x 106 sites were determined by a trio-based phasing method [22].

We aligned Kaper’s data and Duitama’s data to a human reference genome (hg18) using bowtie
(version 1.0.0) and bfast (version 0.7.0), respectively. We identified read clusters that corresponded
to long DNA fragments by using the targetcut function of SAMtools (version 0.1.19), and converted
the clusters into SNP fragments by majority decision at the alleles of the heterozygous sites deter-
mined by the 1000 genomes project [22]. SNP fragments whose sizes were below 1 were discarded.
Accordingly, 323,734 and 212,351 of SNP fragments were found for Kaper’s data and Duitama’s
data, respectively. The average SNP fragment size in Kaper’s (Duitama’s) data was about 8.8 (22.6),
and the average coverage of SNP fragments was 1.7 (2.9).

Next, we implemented filtering step for the reads cluster data to filter CFs by using the cluster
length and heterozygous calls. This step is based on the preprocessing method proposed by previ-
ous research [17]. The reads cluster were divided into multiple reads clusters at the SNPs which
show heterozygous calls. The heterozygous call was defined so that either one of the following
two conditions were satisfied: (1) the number of reads which contain minority allele is larger than
half the average coverage of the aliquot; (2) the number of reads which contain minority allele is
larger than half of the number of reads which contain majority allele. The reads cluster which is
significantly large (>30kb for Kaper’s data and >45kb for Duitama’s data) are divided into multiple
reads cluster so that each cluster length is below threshold (30kb and 45kb, respectively). Accord-
ingly, 346,417 and 436,543 of SNP fragments were found for Kaper’s data and Duitama’s data,
respectively. The average SNP fragment size in Kaper’s (Duitama’s) data was about 8.0 (10.2), and
the average coverage of SNP fragments was 1.7 (2.7). Hereafter, we designate this procedure as
filtering.

In addition, we also used the original SNP fragments data of Duitama’s data which was down-
loaded from http://owww.molgen.mpg.de/~genetic-variation/SIH/data/. We designate this
dataset as Duitama’s SNP fragments.

For statistical phasing, we used CEU population genotypes downloaded from the 1000 genomes
project. To exclude the bias of related genotypes, the parents genotypes were removed. In total,
61 genotypes including NA12878 itself were used for PHASE. The influence of the number of

individuals is discussed in the Additional file.
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For SIH, we used ReFHap [17], FastHare [21], and DGS [19], which were implemented by

Duitama [17] in addition to MixSIH.

3.2.9 Accuracy measure for CF detection

To evaluate the detection of CFs by CSP, we defined true NFs and CFs by using chimerity. A true
CF was defined to be an SNP fragment which satisfies chimerity > 21In(ag/(1 — ag)), and a true
NF was an SNP fragment which satisfies chimerity < 21In(ag/(1 — ag)). However, the chimerity
of fragments for which haplotypes of the region could not be determined by trio-based haplotyping
could not be calculated. For this reason, we removed such fragments from the evaluation. We
defined sensitivity and specificity as the proportion of CFs which are detected and the proportion of
the NFs which are detected by mistake, respectively.

Based on the chimerity threshold, the number of NFs and CFs in Kaper’s data (before filtering)
are 283,270 and 6,864, respectively, while the number of NFs and CFs in Duitama’s data (before
filtering) are 188,928 and 13,063, respectively. After filtering with cluster length and heterozygous
calls, the number of NFs and CFs in Kaper’s data are 304,423 and 3,830, respectively, while the
number of NFs and CFs in Duitama’s data are 384,857 and 6,381 respectively. The results of
Duitama’s SNP fragments are shown in the Additional file.

The CF rate of Duitama’s data (before filtering) (6.5%) is larger than that of Kaper’s data (be-
fore filtering) (2.4%) because Duitama’s experimental approach tends to contain long DNA frag-
ments from the same regions in a single aliquot, which results in CFs. Kaper separated long DNA
fragments into 196 aliquots so that each aliquot would have a low concentration while Duitama
separated fragments into 32 aliquots. Moreover, the DNA fragments in Duitama’s data are longer
than those of Kaper’s data and the longer the DNA fragments are, the higher the probability that the
DNA fragments overlap.

Although it is better for SIH to have fewer CFs, one cannot say unconditionally that Kaper’s
data is better than Duitama’s data. This is because longer DNA fragments result in longer SNP
fragments which are useful for assembling haplotypes. Moreover, from the perspective of efficiency
and cost, separating long DNA fragments in more aliquots is difficult. For these reasons, each of

the experimental approaches has merits and demerits.
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3.2.10 Accuracy measure for SIH

To evaluate the accuracy of the partially assembled haplotype, we defined a pairwise accuracy
measure in previous research [43]. Let H (*) be the true haplotypes, and H = (ﬁ 1 FIQ, .. ,f[ B)
be the inferred haplotypes blocks. A pair of heterozygous sites j and j' (j < j') was defined as
consistent if (H; j, fAIi’j/) = (HD(t]), étj),) or (H 1(t]), H l(t]),), and inconsistent otherwise, where H; ;
represents the allele of the jth locus belonging to the ¢th haplotype segment. For each haplotype
block, we count the consistent and inconsistent pairs. The total numbers of consistent and inconsis-
tent pairs over all the haplotype blocks are denoted by CP and IP, respectively. We defined precision
by CP/(CP + IP). The detailed explanation is shown in previous research [43].

We also used other two accuracy measures, switch error rate and QANSO0 [17]. The switch
error rate is defined as the frequency of switch errors which are inconsistency between inferred
haplotypes and true haplotypes. The QANS5O0 is remodeled from NS5O so that it takes consistency
between inferred haplotypes and true haplotypes into account. In short, prediction is divided into

smaller haplotype blocks that do not contain any switch errors, and QANS0 is N50 of divided

inferred haplotypes with some adjustments.

3.3 Results and discussion

3.3.1 Detection of chimeric fragments

We compared the CSP density distributions for NFs and CFs of the data before filtering (Fig-
ure 3.2). The CSP of CFs shows a tendency to be larger than that of NFs. This result suggests
that the CFs are regarded as artificial recombinant haplotypes and hence differ from the biological
haplotypes which exist in the population. There are peaks in the CSP density distributions at 4.6
and 9.2. These peaks correspond to SNP fragments which are inconsistent with statistically phased
haplotypes and are consistent when the SNP fragment changes the derivation to another haplotype.
The CSP is around 4.6 (= — In(a/(1 — «)) when a SNP fragment changes the haplotype origin at
the first site from the end, and the CSP is around 9.2 (~ —2In(«/(1 — «)) when a SNP fragment
changes the haplotype origin at the second site from the end. For W=5, the CSP of CFs which are
inconsistent with statistically phased haplotypes is expected to be around 9.2 because in that case

the SNP fragment is recombinant at the second site from the end in the sliding window calculation.
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Figure 3.2. Comparison of CSP density distributions for NFs and CFs. (A) and (B) are the distributions of
Kaper’s data and Duitama’s data, respectively.

Actually, 74.1% (71.9%) of CFs in Kaper’s (Duitama’s) data are between CSP=7 and CSP=12, and
1.5% (9.7%) of NF are within the same bounds. The peak at 4.6 is likely to be caused by sequencing
and statistical phasing errors.

Figure 3.3 shows the ROC curves of CSP, cluster length, and total heterozygosity for each
dataset before filtering. The ROC curves of maximum heterozygosity and average heterozygosity
are inferior to that of total heterozygosity, and are shown in the Additional file. The area under the
curve (AUC) of CSP for Kaper’s data is 0.97 and the AUC for Duitama’s data is 0.88. These values
are higher than those of cluster length (0.71 for Kaper’s data and 0.85 for Duitama’s data) and total
heterozygosity (0.80 for Kaper’s data and 0.82 for Duitama’s data). The AUC values of cluster
length are lower than that of CSP, especially in the case of Kaper’s data, and this is because the
cluster length of NFs and CFs overlap significantly (see the Additional File for the distribution of
cluster length of NFs and CFs). The AUC values of total heterozygosity are lower than that of CSP
and this is because there are considerable CFs which do not show heterozygosity due to the lack of
coverage and absence of heterozygous SNPs in overlapped regions. Moreover, sequencing error will
disturb to distinguish NFs and CFs because sequencing errors in NFs will bring heterozygous calls

and such NFs might be regarded as CFs by mistake. These results show the high performance of the
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Figure 3.3. The ROC curves of CSP, cluster length, and total heterozygosity for classification of CFs and
NFs. The ROC curves are obtained by changing the threshold of CSP, cluster length, total heterozygosity,
respectively. There is a region that the data point of the ROC curve of total heterogeneity for Kaper’s data is
absent, and hence, the ROC curve is supplemented (shown as gray line). (A) and (B) correspond to Kaper’s
data and Duitama’s data, respectively.

detection of CFs using CSP, regardless of the experimental conditions. The difference between the
AUC values of CSP for each dataset might be caused by the error rate in SNP fragments; The SNP
fragment error rate of Duitama’ data is 4.0% and that of Kaper’s data is 1.2% (see the Additional
file for the SNP fragment error rate calculation).

Figure 3.4 shows the Venn diagrams of CFs detected by CSP, cluster length, and total heterozy-
gosity for each dataset. The threshold of each measure was set so that (1-specificity) was under 0.1.
In Kaper’s data, the number of CFs which were detected with CSP was largest, and about 94% of
CFs which were detected with either cluster length or total heterozygosity were also detected with
CSP. In Duitama’ data the number of CFs which were detected with CSP was slightly lower than
that of CFs detected with cluster length, but about 14% of CFs detected with CSP were detected
with neither cluster length nor total heterozygosity. These results also show that CSP is an effective
indicator for detecting CFs which are detected with neither cluster length nor heterozygosity. Since
there are significant number of CFs which are detected only with cluster length and heterozygosity

calls, we compare the SIH accuracies of the SNP fragments that are filtered with cluster length and

heterozygous calls with those of the SNP fragments that are further filtered with CSP, and examined
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Figure 3.4. The Venn diagrams of CFs detected by CSP, length, and total heterozygosity. The number in
each cell is the number of CFs in the corresponding category. The threshold for CF detection of each measure
was set so that the 1-specificity was under 0.1. (A) and (B) correspond to Kaper’s data and Duitama’s data,
respectively.

the usefulness of CSP in SIH in the following section.

3.3.2 SIH accuracy after removing suspicious CFs by using CSP

We defined a CF candidate as a SNP fragment whose CSP was larger than 7, and removed these
from SNP fragments. We hereafter represent the SNP fragments filtered with cluster length and
heterozygous calls as “filtered", and the SNP fragments further filtered with CSP as “filtered+CSP".

The CSP threshold was determined so that many CFs were removed while avoiding a high false-
positive rate; many CFs had a CSP of around 9.2 and there were many NFs with around CSP = 4.6
(Figure 3.2). With this procedure, 1.6% (5,375/346,417) of Kaper’s data and 3.8% (16,715/436,543)
of Duitama’s data were removed. The removed fragment rate for Duitama’s data was higher than
that for Kaper’s data because Duitama’s data would contain more CFs because of the experimental
approach (see Section 2.8 for a detailed explanation).

Figure 3.11 shows the accuracies of MixSIH, ReFHap, FastHare, and DGS for each dataset: fil-
tered with cluster length and heterozygous calls (filtered); further filtering with CSP (filtered+CSP).
The precision of MixSIH increased from about 0.972 to 0.985 at (CP+IP) = 1.5 x 107 for Kaper’s
data, and increased from about 0.950 to 0.966 at (CP+IP) = 5.0 x 107 for Duitama’s data. The
precision of other algorithm increased likewise. In addition, the precision for Duitama’s SNP frag-

ments also increased after removing CFs candidates with CSP (shown in the Additional file). Thus,
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CSP increases SIH accuracy by removing CF candidates which would have a serious influence.

In addition, (CP+IP) for Duitama’s data is larger than that for Kaper’s data because the SNP
fragment size and coverage are larger. The precision of Kaper’s data is higher because it contains
fewer CFs and the SNP error rate is lower; the decrease of (CP+IP) is lower for the same reason.

Table 3.1 and Table 3.2 show the switch error rate and the QANSO of each algorithm for each
dataset, respectively. In these analyses, MC of MixSIH were set to 10. The switch error rate
improved after removing suspicious CFs in all conditions. This result is consistent with the result
based on pairwise accuracy measure and shows the usefulness of removing CFs with CSP. Switch
error rates of MixSIH were lowest in all conditions and this suggests that MixSIH succeeds to
extract reliable haplotype regions with MC values.

The QANS5O0 also improved after removing suspicious CFs in all conditions excluding the
QANS5O0 of MixSIH at MC=10. The QANS50 of MixSIH at MC=10 were lowest in those of other
algorithm and did not improve after removing CF candidates. This is because QANS50 does not
contain the penalty of connecting wrong haplotypes and will improve just by connecting two hap-
lotypes blocks randomly with probability 0.5, and is inappropriate to evaluate extracting reliable
haplotypes.

From these results, we concluded that CSP is an efficient indicator to improve SIH accuracy by
removing suspicious CFs.

Table 3.1. The switch error rate (%) of each SIH algorithm for data (filtered) and data (filtered+CSP). MC of
MixSIH is set to10. (A) and (B) correspond to Kaper’s data and Duitama’s data, respectively.

MixSIH | ReFHap | FastHare | DGS

A) filtered 0.67 1.54 1.59 1.73
filtered+CSP 0.52 1.22 1.28 1.38

®) filtered 2.75 3.22 3.28 3.47
filtered+CSP 2.13 2.77 2.84 3.03

3.3.3 Assembled haplotype block size

We examined the size distribution of assembled haplotype blocks. The haplotypes were inferred
from each dataset in which the fragments with CSP larger than 7 were removed. Table 3.3 shows the

number of haplotype blocks that contain the certain range of the number of phased SNPs for each
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Figure 3.5. Precision curves based on consistent pair counts. The z-axis represents the number of predicted
pairs on a log scale. MC of MixSIH was changed from O to 10. The accuracies of the data filtered with
cluster length and heterozygous calls (filtered) (filled point symbols) and the further filtered data, in which
fragments with CSP > 7 are removed (filtered+CSP) (empty point symbols), are shown for Kaper’s data (A)
and Duitama’s data (B): o MixSIH; A ReFHap; [J FastHare; © DGS.
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Table 3.2. QANS5O0 (kb) of each SIH algorithm data (filtered) and data (filtered+CSP), in which fragment with
CSP > 7 are removed. MC of MixSIH is set to10. (A) and (B) correspond to Kaper’s data and Duitama’s
data, respectively.

MixSIH | ReFHap | FastHare | DGS

A) filtered 16.6 273 27.1 26.8
filtered+CSP 16.6 27.5 274 27.2

®) filtered 32.7 69.2 68.4 67.7
filtered+CSP 325 70.4 70.0 68.6

dataset. For comparison, the number of SNP fragments that cover the certain range of the number
of SNPs are also shown.

The averages of haplotype block size are about 19.2 and 42.6 for Kaper’s data and Duitama’s
data, and they are larger than the averages of SNP fragment size (8.0 and 10.2, respectively). More-
over, the number of haplotype blocks that contain more than 100 SNPs are larger than the number
of SNP fragments for both dataset. These results suggest that MixSIH succeeds to assemble hap-
lotypes from SNP fragments. 1.8% and 12.9% of haplotype blocks in Kaper’s data and Duitama’s
data contain more than 100 phased SNPs, and the ratio of phased SNPs in such long haplotype
blocks to total SNPs are about 13.1% and 53.8%, respectively. This result suggests that SIH is able
to determine long haplotypes which are not determined by statistical phasing.

In addition, the haplotype blocks in Duitama’s data tend to be longer than those of Kaper’s data
because the SNP fragment size and coverage are larger. This result shows that SIH will be able to
infer longer haplotypes in accordance with improvements of sequencing technologies.

Table 3.3. The number of the SNP fragments which cover the certain range of the numbered of SNPs (before
SIH) and the number of haplotype blocks which contain the certain range of the number of phased SNPs
(after SIH) for Kaper’s data (A) and Duitama’s data (B) (Note that a SNP can be contained in multiple SNP
fragments and the halotype blocks do not overlap each other). The first row defines the range of the number
of SNPs.

-10 11-20 | 21-50 | 51-100 | 101-200 | 201-

(A) before SIH | 261,537 | 65,429 | 18,894 540 16 1
after SIH | 28,631 | 10,503 | 11,186 | 3,998 923 72

®) before SIH | 291,495 | 92,104 | 49,092 | 3,652 192 8
after SIH | 15,273 | 4,037 | 6,039 | 4,882 3,267 1,202
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3.3.4 Comparison of MixSIH and PHASE

The strong and weak points of SIH and statistical phasing will differ because they use differ-
ent information for inferring haplotypes. For example, SIH cannot infer haplotype regions which
lack SNP fragments because of sequencing and mapping difficulties. Statistical phasing is weak in
determining haplotype regions where linkage disequilibrium values are high and there are multiple
haplotypes in population. To investigate these differences, we compared the reliabilities of MixSIH
and PHASE.

We selected 10,000 regions in chromosome 1 randomly so that each region had five SNP sites
and the haplotypes of the regions were determined by trio-based haplotyping. We used Kaper’s data
(filtered) and Duitama’s data (filtered) for SIH in this section. Figure 3.6 shows the MC value and
the maximum probability of the PHASE for each region. The x-axis is In(1.001 — max P), where
max P is the maximum haplotypes probability of PHASE for the region. We used 1.001 to deal
with the case that max P = 1.0. The vertical dotted line corresponds to the maximum probability
above which the precision of PHASE is over 0.9, and the horizontal dotted line corresponds to the
MC value above which precision of MixSIH is over 0.9 (see the Additional file for the calculation
of precision).

Table 3.4 shows the number of regions for each division created by the previously noted dotted
lines. In Duitama’s data, the rates in upper left division and lower right division are 8.4% and 22.2%,
respectively. This result suggests that there are chromosomal regions for which SIH successfully
infers the haplotypes and statistical phasing fails, and vice versa. The rate in the lower right division
of Duitama’s data decreases from 22.2% to 14.1% when we remove the regions which contain sites
that lack SNP fragments. This result suggests that many regions where SIH does not work are the
result of a lack of SNP fragments.

Moreover, the rate in the upper divisions for Kaper’s data and Duitama’s data are 39.3% and
70.9%, respectively. The rate for Duitama’s data is larger than that for Kaper’s data because SNP
fragment size and coverage are larger. This result suggests that SIH results will be improved just by
getting larger and more SNP fragments.

In summary, there are regions where either SIH or statistical phasing can infer the haplotypes for
these data. In the case of SIH, a shortage of data is likely to be the main reason for inference failure.

For this reason, the performance of SIH will increase with advances in sequencing techniques.
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Figure 3.6. Comparison of MC scores and maximum PHASE probabilities (A) and (B) correspond to Kaper’s
data and Duitama’s data, respectively. The x-axis represents In(1.001 — max P), where max P is the maxi-
mum PHASE probability and we use 1.001 to deal with max P = 1.0. The y-axis represents the MC score of
MixSIH. Data are randomly selected 1000 times from chromosome 1. The vertical dotted line corresponds to
the maximum PHASE probability above which the precision of PHASE is over 0.9, and the horizontal dotted
line corresponds to the MC value above which precision of MixSIH is over 0.9.
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Table 3.4. The numbers of regions for each of the areas which are defined by the precision of MixSIH and
PHASE: (A) Kaper’s data and (B) Duitama’s data. The rows and columns represent the accuracy of MixSIH
and PHASE, respectively. The numbers in parentheses are the numbers of regions remaining after regions
which contain sites that lack SNP fragments have been removed.

A
PHASE < 0.9 | PHASE > 0.9
MixSIH > 0.9 433 (366) 3,499 (2,792)
MixSIH < 0.9 | 1,096 (251) 4,972 (988)
B
PHASE < 0.9 | PHASE > 0.9
MixSIH > 0.9 842 (749) 6,250 (5,337)
MixSIH < 0.9 687 (390) 2,221 (1,061)

3.4 Conclusions

In this paper, we have developed a general method to detect chimeric fragments (CFs) on the
assumption that CFs correspond to an artificially recombinant haplotype and differ from the biolog-
ical haplotypes in the population. Based on this assumption, we developed natural fragment (NF)
and CF probabilities of a fragment which use the result of statistical phasing. The NF probability
calculates the consistency between a fragment and statistically inferred haplotypes. The CF prob-
ability also calculates the consistency, but it assumes that left and right parts of the fragment are
derived from different haplotypes in a haplotype pair. With these probabilities, we developed an
indicator CSP which evaluates the degree of chimerity by calculating the logarithmic difference.

We applied CSP to two sequencing datasets, Kaper’s data and Duitama’s data [17,45]. The
CSP of CFs tends to be lower than that of NFs Moreover, there are a lot of CFs at around possible
largest value. These results support the propriety of our model. The high AUC values of CSP (0.97
for Kaper’s data and 0.88 for Duitama’s data) also shows that CSP is a highly efficient measure to
detect CFs. The AUC values of CSP are higher than that of measures based on cluster length and
heterozygosity. Moreover, there are significant number of CFs which are only detected with CSP.
These results suggests the usefulness of CSP for detecting CFs.

We then compared the accuracies of MixSIH before and after removing the chimeric fragment

candidates detected using CSP. The accuracies of MixSIH increased significantly after removing
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CFs. From these results, we conclude that CSP is a useful method for detecting CFs and improving
SIH accuracy, regardless of the type of dilution-based sequencing.

In addition, we analyzed the results of MixSIH. The assembled haplotype blocks contain a lot
of long haplotype blocks and this supports the capability of SIH that SIH can determine long hap-
lotypes. We also compared the performance of MixSIH and statistical phasing method (PHASE).
At the moment, the number of correctly inferred regions of PHASE is larger than that of MixSIH.
However, lack of SNP fragments is the main reason for failure of SIH and, therefore, the importance
of SIH and our method will increase in accordance with the advance of sequencing technologies.

In the future the amount of dilution-based sequencing data will increase, and our approach will
be an important strategy not only for SIH but also for many other types of analysis, such as the

detection of novel recombinant events.
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3.5 Supplementary text

3.56.1 Cluster length and heterozygous calls
3.56.1.1 Evaluation of heterozygous calls in a reads cluster

To detect CF by using the heterozygous calls in a reads cluster, we defined three measurements
to evaluate the heterozygosity of SNP fragment f;.
Firstly, we defined the total number of reads which cover minority allele (total heterozygosity)

as follows:

Z min(n(r;; = 0),n(r;; =1)),
JeX(fi)
where n(r; ; = 0) and n(r; ; = 1) are the number of reads, which are contained in a reads cluster
which corresponds to a SNP fragment f; and whose base at j-th locus are major allele and minor
allele, respectively.
Secondary, we defined maximum of the rate of the minority allele (maximum heterozogosity)

as follows:

iy in((riy = 0),n(rij = 1))
jeX(fi) n(riy =0)+n(ri;=1)

Thirdly, we defined average of the rate of the minority allele (average heterozygosity) as follows:

1 Z min(n(r;,; = 0),n(r;; = 1)) ‘

| X (f)] Xt n(ri; =0)+n(ri; =1)

With these measurements, we detected CFs candidates by selection the fragments whose values
are larger than a threshold.
3.5.1.2 ROC curves of heterozygosity evaluation

Figure 3.7 shows the ROC curves of total heterozygosity, maximum heterozygosity, and average
heterozygosity. In Kaper’s data, ROC curves stops at sensitivity is around 0.7. This is because

there are many CFs which do not show heterozygous, and this could be caused when the coverage
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Figure 3.7. The ROC curves of total heterozygosity, average heterozygosity, and maximum heterozygosity
for classification of CFs and NFs. A and B correspond to Kaper’s data and Duitama’s data, respectively.

is low and only one origin of reads which derived from the same haplotype exist. In Duitama’s
data, the ROC curve of maximum heterozygosity and averaged heterozygosity are below that of
total heterozygosity. This is because maximum and average heterozygosity overestimate the effect
of sequencing error. Therefore, we concluded that total heterozygosity is appropriate to evaluate

heterozygosity in a reads cluster.

3.5.1.3 Distribution of length of reads clusters

Figure 3.8 shows the distribution of the length of reads clusters for each dataset. The length
of reads cluster which correspond to CFs tend to be larger because reads with different long DNA
fragments origins are merged into one reads cluster. Although the cluster length of CFs tend to be
larger than that of NFs, there are considerable overlapping between NFs and CFs, especially in the

Kaper’s data.

3.5.2 Effects of changing various parameters
3.5.2.1 Impact of changing sliding window width on accuracy and running time

PHASE takes time to deal with a long SNP fragment because the number of possible haplotypes
and their combinations increases exponentially. We defined a sliding window calculation to reduce
the running time for long fragments. Because the sliding window width would affect the result, we

examined the impact of sliding window width (W) on accuracy and running time. We used SNP
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fragments of chromosome 1 from Kaper’s data for the AUC calculation, and used 100 randomly
generated SNP fragments of size 30 for the running time calculation.

Figure 3.9 shows the AUC values and running times for W=3, 5, 7, 9. AUC increases roughly
in line with the increase of . This is because the difference between haplotypes becomes clearer
when we consider more SNPs. However, difference between AUC values for W=3 and W=5 is
larger than that for W=5 and W=7, which suggests that AUC would roughly saturate for low W.
Running time also increases with increasing W. This is because the possible haplotypes and combi-
nations of haplotypes increase exponentially as W increases. In view of these accuracy and running

time results, we use W=>5 as the default setting.
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3.5.2.2 Effect of error rate o

We included an error term in CSP to represent sequencing and PHASE errors. To examine the
effect of the error rate parameter o, we calculated AUC values for various values of ov. We used
chromosome 1 from Kaper’s data and Duitama’s data for the AUC calculation. Table 3.5 shows the
AUC values for each . The AUC for oo = 0.0 is lowest because CSP with o = 0.0 cannot deal with
the inconsistency between inferred haplotypes and the context of a fragment which is caused by the
sequencing and PHASE errors. The AUC values for 0.001 < o < 0.1 are almost equal. These
results suggest that including v in CSP is important but the absolute value of « is unimportant.

Based on these results, we use «=0.01 as the default value.

Table 3.5. AUC values for each «

Kaper’s data | Duitama’s data
a=0.0 0.724 0.683
a=0.001 0.970 0.879
a=0.01 0.970 0.878
a=0.1 0.969 0.882

3.5.2.3 Effect of the number of individual genotypes

The accuracy of PHASE should increase with the number of individual genotypes. To examine
the effect of changing the number of individual genotypes, we calculated the AUC of CF detection
using chromosome 1 from Kaper’s data and selecting N=5, 10, 20, 40, 60 individuals randomly
from 60 unrelated individuals in the CEU population. We ran PHASE for randomly selected geno-
types and the NA12878 genotype, and calculated AUC using the result of PHASE (Figure 3.10).
AUC increases with the number of individuals. However, the rate of increase slows when the number
of individuals increases. This suggests that detecting CFs which are located in multiple haplotype

regions or contain sequencing errors, is difficult regardless of the number of individuals.

3.56.3 Recovering SNP fragments from CF candidates

CSP might regard NFs as CF candidates when NFs differ from population haplotypes because of

rare variants or spontaneous recombination. As CFs are generated because an aliquot occasionally
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Figure 3.10. AUC values for various numbers of individuals.

contains multiple DNA fragments which cover the same region, CFs would be distributed randomly.
Therefore, if there are many CF candidates which cover the same region, they would be misidenti-
fied NFs. Because some CFs remain with only the threshold coverage, we removed fragments using

a SIH-based measure. The detailed process is as follows:

1) Calculate the coverage of CF candidates for each heterozygous site.

2) Exclude sites whose coverage is lower than 3 and recover the SNP fragments which corre-

spond to the remaining sites (P1).

3) Run MixSIH for recovered SNP fragments.

4) Calculate the chimerity-like measure ‘SIH-chimerity’

1= Pt ﬁl
SIH-chimerity(f) = _1n< max;—o,1 P (f|Hi) ) |

max;—o1 jex(s) P(f<; | Hi) PY(f>5| H7)
where H = (ﬁ 0, H 1) is the pair of haplotypes which are inferred by MixSIH.
5) Remove the fragments which satisfy SIH-chimerity > 21In(ag/(1 — ap)) (P2).

Table 3.6 shows the numbers of all fragments, NF, and CF before and after recovery. The
numbers of all fragments are larger than sums of NFs and CFs because trio-based haplotyping is
partial and the chimerity of fragments which cover unphased regions cannot be calculated. The

rates of CF for Kaper’s data are 61.2%, 2.5%, and 2.1%, and the rates of NF for Duitama’s data
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Table 3.6. The numbers of all fragments, NFs, and CFs after performing each process on Kaper’s data (A)
and Duitama’s data (B).

A B

Before | P1 | P2 Before | P1 P2
All | 5,375 | 290 | 288 All | 16,715 | 4,151 | 4,045
NF | 1,924 | 236 | 235 NF | 10,699 | 2,759 | 2,692
CF | 3,030 6 5 CF | 4,875 | 897 858

are 31.3%, 24.5%, and 24.2%. For both of datasets, the rates of CF decrease and we successfully
recover NFs from CF candidates with high precision. The recovered fragments rates are 4.4%
(235/5,375) and 16.1% (2,692/16,715) for Kaper’s data and Duitama’s data, respectively. The rate
of recovered fragments for Duitama’s data is larger than that for Kaper’s data because the coverage
of Duitama’s data is higher than that of Kaper’s data. High coverage might result in a larger CF rate
in recovered fragments for Duitama’s data.

In summary, NFs could be recovered from the CFs candidates by using the coverage information
and SIH based chimerity. The coverage threshold should be determined according to the purpose of

the analysis because there is a tradeoff between sensitivity and specificity.

3.5.4 Calculation of SNP fragment error rate

The SNP fragment error rate was calculated by comparison with the results of trio-based haplo-
typing. Because we were interested in the SNP fragment errors which were caused by sequencing
and mapping errors, and CFs might disrupt the error rate calculation, we used only SNP fragments

whose chimerity was under 2 In(ag/(1 — ag)) for the calculation. The SNP fragment error rate is

SoiLy minj—o,1 (ZkzeX’(fi) I(fir # H;?))
i | X(f3)]

)

where X'(f;) is the set of sites which are covered by f; and whose phases are determined by trio-

based haplotyping, | X’(f;)| is the number of sites in X'(f;), and I(fi # H](,?) is 1 when f is

inconsistent with reference haplotype H ](Z) and 0 otherwise.
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Table 3.7. The number of NFs and CFs of Duitama’s SNP fragments (A) and our processed Duitama’s data
B).

NF CF
(A) | 245,772 | 8,247
(B) | 384,857 | 6,381

3.56.5 Comparison for Duitama’s SNP fragments
3.56.5.1 The number of NFs and CFs of Duitama’s SNP fragments

The number of NFs and CFs of Duitama’s SNP fragments are 245,772 and 8,247, respectively,
while the number of NFs and CFs of our processed Duitama’s data are 384,857 and 6,381, respec-
tively (Table 3.7). The number of NFs of Duitama’s SNP fragments is lower than that of our data.
This difference could be caused by the mapping tools, the reads cluster detection algorithm, and
the filtering step. We used bfast for mapping SOLiD reads instead of BioScope which was used
by Duitama et al. because the original bfast paper suggested that bfast has robustness against the
sequence variants, and BioScope was not easily available. We used the targetcut function of the
SAMtools which was used by Kaper et al. for reads cluster detection because the source code of
cluster detection used by Duitama et al. was not open.

Concerning that the number of CFs of our data is lower than that of Duitama’s SNP fragments,
our processing method turns out to be more strict processing method. Some reads clusters will be
divided into smaller reads clusters with the strict processing method, and this results in the increase
of the number of NFs.

The SIH accuracy was shown to decrease with the presence of CFs. Therefore, our processing
method which generates less CFs will be better than Duitama’s processing method in terms of SIH

accuracy.

3.5.56.2 SIH accuracy of Duitama’s SNP fragments after removing suspicious CFs by

using CSP

The SNP fragments data, in which long reads cluster and heterozygous calls are already filtered,
is open by Duitama’s group and we examined the pairwise accuracies of original Duitama’s SNP

fragments and processed Duitama’s SNP fragments, in which fragments with CSP > 7 are removed
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Figure 3.11. Precision curves based on consistent pair counts for Duitama’s SNP fragments (A) and our
processed Duitama’s data (B). The x-axis represents the number of predicted pairs on a log scale. MC
of MixSIH was changed from O to 10. The accuracies of the original data (filled point symbols) and the
processed data (empty point symbols), in which fragments with CSP > 7 are removed, are shown: o MixSIH;
A ReFHap; [ FastHare; ¢ DGS.

(Figure 3.11 (A)). For comparison, the pairwise accuracies our processed Duitama’s data that are
already shown in the main text are shown again (Figure 3.11 (B)). With the CSP filtering procedure,
4.6% (12,364/271,184) of Duitama’s SNP fragments were removed. The precision of MixSIH in-
creased from 0.875 to 0.925 at (CP+IP) = 1.4 x 108. The precision of other algorithm increased
likewise. Thus, CSP is an efficient measure to detect the CFs which are undetected with cluster
length and heterozygous calls, and useful for improving SIH accuracy.

In addition, (CP+IP) for Duitama’s SNP fragments is larger than that for our processed
Duitama’s data, while the precision of each algorithm for Duitama’s SNP fragments are lower than
those for our data. These differences are caused by the difference of the processing methods (as
discussed in the above section). With the strict processing method, the length of SNP fragments
become smaller owing to the division of the reads cluster, and hence the length of assembled haplo-

types is smaller. On the other hand, the strict processing method generates less CFs and the precision

of assembled haplotypes increase.

3.5.6 Precision of MixSIH and PHASE

The precision of MixSIH was calculated as follows.
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1) Select 10,000 regions in chromosome 1 randomly such that each region has five SNP sites

and the haplotypes of the regions are determined by trio-based haplotyping.
2) Calculate MC values for each region.

3) Calculate the precision for MC value, which is defined by
CPmc/(CPmc + IPmc) )
where mc is the target MC value, and CP,,,. and IP,,. are the number of consistent pairs and

inconsistent pairs in the regions for which MC value satisfy mec < MC < mc + 0.5.

Figure 3.12(A) shows the precision for each dataset. In our evaluation, MixSIH precisions are over
0.90 for MC > 1.5.
The precision for each In(1.001 — max P), where max P is the maximum PHASE probability,

was calculated as follows.
1) Run PHASE for the 10,000 selected regions.
2) Examine the best haplotypes and its probability (max P) for each region.

3) Calculate the precision for In(1.001 — max P), which is defined by

CP,/(CP, +1P,) ,

where p is the target In(1.001 — maxP), and CP, and IP, are the number
of consistent pairs and inconsistent pairs in the regions for which max P satisfy

p— 0.5 < In(1.001 — max P) < p.

In our evaluation, PHASE precision is more than 0.90 for In(1.001 — max P) < —2.5.
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Chapter 4

SCOUP: a probabilistic model based
on the Ornstein—Uhlenbeck process
to analyze single-cell expression data

during differentiation

4.1 Introduction

Conventional analyses of bulk cells, such as bulk transcriptome analyses, are based on the av-
eraged data of an ensemble of cells and cannot reveal the states of individual cells. Therefore, such
analyses cannot distinguish cell types due to the effect of averaging across all cells in a sample,
unless each cell lineage is divided in advance by using prior knowledge, such as marker genes. Ad-
ditionally, bulk transcriptome during differentiation is usually the ensemble of the cells of different
degrees of differentiation and information regarding changes in cellular state is smeared. Accord-
ingly, the accurate investigation for gene expression dynamics and regulatory relationships among
genes during differentiation are difficult.

With the advent of single-cell technologies, such as single-cell RNA-seq, quantification of the
comprehensive states of individual cells is possible [49]. Using single-cell technologies, investiga-

tions of cellular states and its transition processes, such as the classification and identification of cell
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types [50-52], reconstruction of cell lineages [53, 54], and embryonic development [55, 56], have
made remarkable progress. Single-cell data is also useful for elucidating cell fate decision mecha-
nisms of multi-lineage differentiation from a single progenitor cell type [57,58]. Thus, single-cell
technologies have the power to shed light on differentiation in particular [59, 60].

To fully analyze the single-cell expression data during differentiation, novel computational
methods are necessary [59, 61]. First, ordering of the cells based on expression data so that the
order represents the trajectory of differentiation is necessary to investigate gene expression dynam-
ics and regulatory mechanisms. Although experimental time can be used for ordering cells, even
cells derived from the same time-point can exhibit different degrees of differentiation [62]. More-
over, computational ordering method is often useful to reconstruct the differentiation process from
in vivo snap-shot data, which contains cells at distinct stages of differentiation [53]. Second, esti-
mating the lineage of the cells is necessary to investigate multi-lineage differentiation. Although the
expression of marker genes will be useful to classify cell lineages, the prior knowledge of marker
genes is limited. Therefore, a lineage estimation method without prior knowledge is necessary to
fully analyze the mechanisms of cell fate decisions.

To order cells without prior knowledge, several methods have been developed [62—64]. These
methods use dimension reduction techniques, such as principal component analysis (PCA), and
reconstruct the differentiation path in reduced space using several approaches, such as minimum
spanning tree (MST) and principal curves. Each cell is projected onto the reconstructed path and
the degree of differentiation of a cell (in pseudo-time) is defined by the projected position on the
path. To estimate cell lineage from expression data, a few methods, which use the same framework,
have been developed. Monocle [62], a dimension reduction-based approach, estimates the lineage
of each cell by estimating multiple paths in reduced space and assigning each cell to one of the
paths. These approaches are powerful tools to reconstruct the differentiation process without prior
knowledge, and the development of such computational methods will help reveal the mechanisms
of differentiation in conjunction with the advancement of single-cell technologies.

However, pseudo-time estimation and cell lineage estimation based on dimension reduction have
several problems. For example, interpreting the biological meaning of the path in reduced space
is difficult. Additionally, the position in reduced space is affected by noise and gene expression

that is irrelevant to differentiation, and the results can therefore change significantly in a subsequent
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analysis. Moreover, deterministic approaches, such as applications of MST in reduced space, cannot
quantify the subtle differences among cells and are inadequate to estimate the lineages of cells at
an early stage of bifurcation, which are important for analyzing cell fate decisions. Hence, we
developed another approach based on stochastic processes.

In this research, we developed a novel method SCOUP (a probabilistic model to analyze Single-
Cell expression data during differentiation with Ornstein—Uhlenbeck Process). SCOUP describes
the dynamics of gene expression throughout differentiation directly, including pseudo-time and cell
fate of individual cells. SCOUP is based on the Ornstein—Uhlenbeck (OU) process, which repre-
sents a variable moving toward an attractor with Brownian motion. In the case of differentiation,
an attractor is regarded as a stable expression pattern of a gene after differentiation, and hence, an
OU process is appropriate to describe expression dynamics throughout differentiation. Because OU
processes suppose only a single attractor and cannot represent multi-lineage differentiation, we ex-
pand the typical OU process into a mixture OU process by representing the cell fate of each cell
and lineage-specific expression patterns with latent values and different attractors, respectively. We
compared the accuracy of pseudo-time estimates from SCOUP with those of previous methods us-
ing time-series scqPCR and scRNA-seq, and SCOUP was superior to previous methods in almost
all conditions. We also evaluated the cell lineage estimation using scqPCR data in which cells
exhibit multi-lineage differentiation. SCOUP successfully estimated cell lineage more accurately
than Monocle, especially for cells at an early stage of bifurcation. In addition, SCOUP represents
each gene expression dynamic directly and can be applied to various downstream analyses. As an
example, we developed a novel correlation calculation method for elucidating regulatory relation-
ships among genes. We normalized data based on the optimized parameters in our model, which
assumes the conditional independency among genes, and calculated correlations within normal-
ized data, and this method detected covariance that cannot be explained by the model alone. We
applied this method to scRNA-seq data and detected a candidate of key regulator for differentia-
tion and clusters in a correlation network which were not detected with conventional correlation
analysis. Thus, SCOUP is a promising approach for further single-cell analysis and available at

https://github.com/hmatsul226/SCOUP.



67

(A) (B)

A
c
-% & 99 VAANERWAN
n g WV
Q>
Q.
x
0]
, >
time t. By 0,

Figure 4.1. The conceptual diagrams of the OU process (A) and SCOUP for multi-lineage differentiation
(B). (A) The OU process represents a variable (i.e., expression of a gene g in a cell ¢) moving toward attractor
(04) with Brownian motion. The value at time ¢ satisfies the normal distribution (see “Methods"). (B) Each
lineage has distinct attractor (647 and 642), and the lineage of a cell c is represented with latent value Z,.. The
expression of gene g in cell c is described with the mixture OU process.

4.2 Methods

4.2.1 Ornstein-Uhlenbeck process

Let X; be an OU process. X; satisfies the following stochastic differentiation equation:
dXt = —Oz(Xt — G)dt + O'th,

where o, 8, o, and Wy denote the strength of relaxation toward the attractor, the value of the attractor,
the strength of noise, and “white noise," respectively. If the initial value is given by Xy, the value

at time t (X) satisfies the following normal distribution:

P(X¢| X0, a,02,0,1)

2 —2at
— —at _ —at g (1 —€ )
=N (Xt]e Xo+ (19, "= ) .

This OU process represents a variable moving toward attractor 8 with Brownian motion (Fig-
ure 4.1A) and has been used to describe adaptive evolution of a quantitative trait along phylogenetic
tree [65], for example. This OU process suits the modeling of gene expression dynamics throughout
differentiation by considering that 0, «,, and o represent specific expression patterns after differenti-

ation, the speed of expression change, and level of noise, respectively. In this research, we extended



68

the OU process for single-cell expression data and developed a parameter optimization method.

4.2.2 O0OU process for single lineage differentiation

We developed a probabilistic model for single lineage differentiation. Hereinafter, we denote
the number of cells, the number of genes, the cell index, and the gene index as C, G, ¢, and g,
respectively. We assume that expression in each cell is independent and that the total probability
P(E|®,T), where E is the expression data of all cells and genes and & is the set of parameters,
is the product of cell probabilities. Each cell has a degree of differentiation progression parameter
(i.e., pseudo-time) t.. We also assume that each gene follows its OU process independently and has
parameters o, 03, and 0,. Therefore, a cell probability is the product of gene expression probability
P(E.4|®g,t.), where E.4 is the expression data of gene g in cell c. Thus, the probability of single

lineage differentiation is given by
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where & = (ag,05,0y), ® = {Pylg = 1,...,G}, T = {tc|c = 1,...,C}, Sq is the expression of
gene g in cell cat t = 0, and P,y is a probability distribution based on an OU process and described

by the following normal distribution:

Pou(Ecg‘SCga (I)gv tc)

0.2 1— e—2agtc
(e i, )
20

P(Scq) is the initial distribution of a gene and is given by a normal distribution as follows:
P(Seq) = N(SCQ‘MQ(]’U%Q)'

In this research, we assume that po, and agg are known because the expression data of progenitor

cells are generally obtained.
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4.2.3 Sufficient statistic for OU processes

Like a continuous Markov model for nucleotide evolution [66], the continuous OU process can
be regarded as the limit of a discrete time OU process. Pou(Ecg|ch, o, t.) can be described as

follows:

Pou(Ecg|Scm (I)gy tc) = hIIl PN(XcgN|Xcg07 (I)ga tc)

PN(XcgN|Xcha (pga t /chg H Pou cgs|Xcgs 1 (I)ga tc/N)
s=1

N
P(Xcg|q)g7 tc) = H Pou(Xcgs‘Xcgs—la q)g; tc/N)P(XCQO)7

where X.q = {X¢gs|s =0, ..., N'} represents a path such that X 40 and Xy satifsy Sc, and Eg,
respectively. In this model, we assume S, is fixed and consider X4 as Xy € {X¢gs|s =1,..., N}
for simplicity (see supplementary text for the calculations related to Sc,0). Accordingly, we consider
the likelihood of X, as follows:

N
P(Xcg’cha q)ga tc) = H Pou(Xcgs|Xcgsfla <I>ga tc/N)-

s=1

According to the expansion of the above likelihood, the log-likelihood of X, is described as
follows (see supplementary text for detailed calculation). Here, we abbreviate the indexes ¢ and g

and represent X, and X5 as X and X for simplicity.
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Accordingly, we can calculate the log-likelihood by using the following statistics Zé\[:—ll X2,
N X Xgpq, and SN X

The expected values of the above statistics are sufficient for parameter optimization. The pos-
terior probability P(X;...Xn_1|Xn, Xo) is regarded as the multivariate normal distribution, and
the expectation of X and X? can be calculated from the mean and variance—covariance matrix of
the multivariate normal distribution. However, the expansion of the posterior probability gives only
the (N — 1) x (N — 1) precision matrix, and we must therefore calculate the inverse of the ma-
trix to obtain the variance—covariance matrix. Although we cannot use numerical methods to solve
the inverse of the precision matrix because we consider N as the limit for infinite, we can solve
for the inverse matrix analytically by using the tridiagonal property of the precision matrix [67].
By hand calculation, we showed that the expected values of these statistics were able to be solved

analytically. For example, the expected value of one of the statistics is as follows:

N-1 N-1
Xo+ Xn — 26 . < Ozt)
Xg>=—"7"7T""7"7""— h(s— N —-1)0 1/N).
8521 < Xg > inhof 2 sinh (57 +( )0+ O(1/N)

The detailed calculation is described in the supplementary text.

4.2.4 EM algorithm

We employed a parameter optimization using an expectation—-maximization (EM) algorithm.
When the likelihood function contains unobserved variables, an EM algorithm can be used for
parameter optimization. The EM algorithm runs E step and M step iteratively and finds parameters
that satisfy the local maximum of the marginal likelihood function. In the E step, we calculate the
expectation of a specific statistic with current parameters. In the M step, we calculate the expected
log-likelihood function (Q function) and optimize parameters so that they maximize the Q function.

In our model, the path X41...X.4n_1 is unobserved, and the Q function is as follows:
Q(((I)) T)7 (@01d> TOld)) = H H / chgl:Nfl-P(Xcglstl ‘XcgN> Xcha (I)gldv tgld)l(XCg)’
c g

where Xcgl:N—l = (Xcglchg% ---vXcgN—1>-
The Q function can be expanded analytically with an expected value of the

statistic described in the previous section. Thus, we can optimize P, by solving
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dQ/df, =0,dQ/doy =0,dQ/ dag = 0, which results in the following equations:
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where Z¢ is explained in the supplementary text. The pseudo-time variable ¢. cannot be optimized
analytically, and we therefore solve ¢ to satisfy dQ/dt. = 0 by Newton’s method.
In cases, X4 is also unobserved, so we must calculate the expected value of X 40. As such,

we calculate the expected values, including the expected value of X 40 and X2

cg0- in the E step and

optimize parameters with the above equation in the M step. The detailed optimization process and
calculation are described in the supplementary text.

We validated our parameter optimization method with simulation data and confirmed that
SCOUP succeeded to optimize parameters so that the marginal likelihood was maximized (see sup-

plementary text).

4.2.5 Mixture OU process for multi-lineage differentiation

We also extended the single lineage model to a mixture model in order to consider multi-lineage
differentiation, such as bifurcation (Figure 4.1B). We assume that the number of lineages is known
and given by K and that each lineage has a different attractor 6 ;. The fate of a cell ¢ is unknown
and is represented with the latent value Z., which is 1 of K representations. With this latent value,

the mixture OU process is given by

K G
P(E07 Sc) = Z Tk H Pou(Ecg‘chag; Og, Hglm tc)P(ch)
k=1 g=1
K 4 G
P(E¢,Se, Ze) = [ 77 ] (Pou(Eeglag, 04, gk, te) P(Seq)) e

i
—_
Q
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—

where 7}, is the probability of lineage k.
Here, Z. is an unobserved value, and we maximize the marginal likelihood with the EM algo-

rithm. As described in the previous section, we must calculate the expectation of the unobserved
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value to calculate the Q function. The posterior probability of Z. and the expectation of Z. (7y.x)

are described as follows:

K G
P<Zc’Ecgv cha) X H (W’f% H PO“(ECQ|SCQ7 agk’tC)ZCk)
k=1 g=1

Tk H§:1 Pou(Ecg’SCga egkv tc)
Zk/ Tt H?:l Pou(Ecg‘cha egkla tc)

Vek :E[Zc ] =

By using the above equation and previous description, we can calculate the Q function analyti-

cally. We optimize

_ Zc Vek
Th = = —<—
Zc Zk/ Yek”
by solving d@/dm; = 0. Other parameters are optimized likewise using the single lineage model.
Accordingly, we calculate the expected values of variables, such as 7. and Sy, in the E step and
update parameters in the M step.
The lineage of a cell is estimated from the expectation of the latent value of a cell (ry.). SCOUP

can quantify the certainty of the estimated lineage of a cell from the the value of ..

4.2.6 Initialization of time parameter

Our method might converge to undesirable local optima if 7' is initialized randomly. For ex-
ample, estimated pseudo-time might be inferred in the reverse order of differentiation. To avoid
undesirable local optima, rough initialization of 7" is effective. Although experimental time will be
useful for initialization, such data are not always available. For example, experimental time does
not exist for expression data of an in vivo snap-shot sample [53]. Therefore, an initialization method
that does not depend on experimental time is necessary. Here, we explain our initialization method
based on a dimension reduction approach.

we developed dimension reduction approach for pseudo-time initialization, called SP (pseudo-
time calculation based on Shortest Path from the root cell in the MST). Firstly, we added the mean
of the initial distribution (11 € {yg0|g = 1...G'}) to expression data and regarded it as an initial point
for the pseudo-time calculation. Next, we performed PCA, constructed MSTs in the reduced space,

searched for the shortest path from an initial point using Prim’s algorithm, and regarded the weight
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of the shortest path as the pseudo-time. In this paper, we set the dimensionality of the PCA to two

and used this pseudo-time for the initialization of our method.

4.2.7 Dimension reduction approach

In this section, we explain the previous pseudo-time estimation methods based on a dimension
reduction approach.

Monocle [62] constructs a MST in reduced space, searches for the longest path in the MST, and
estimates pseudo-time along the longest path. We added the mean of the initial distribution data
and regarded it as an initial point for the pseudo-time calculation. We used all genes in a dataset
as marker genes and the other parameters of Monocle were set to default values, unless otherwise
specified.

TSCAN [64] performs model-based clustering in reduced space, connects clusters, and esti-
mates pseudo-time by projecting cells onto the connected path. Although TSCAN can infer an
order of clusters, it cannot regard a point as an initial point. Therefore, we compared the accuracy
of outputted pseudo-time with reversed pseudo-time and defined the pseudo-time of TSCAN as the
superior one. Because TSCAN failed to output pseudo-time of partial cells when we set a high
number of clusters, we set the number of clusters to three in this research.

In this paper, we compared the performance of SCOUP with those of above dimension

reduction-based methods in addition to SP.

4.2.8 Correlation between genes

We also proposed a novel correlation function between two genes. Although we assume the
conditional independence among genes to represent gene dynamics, we can detect the regulatory
relationship between genes by calculating the covariance. Our correlation function quantifies the
covariance between genes that is not explained by our model.

For time-series data, a ordinal correlation coefficient will be high even if two variables only have
similar time-trend. For example, any two independent genes that are upregulated in accordance with
differentiation exhibit a high correlation. In the case of the detection of interactions between genes,
it is most appropriate to remove the influence of time-trend. To remove this trend effect, the expres-

sion data at a specific experimental time point is often used to calculate the correlation. However,
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this approach is insufficient to remove the time effect resulting from the difference between the ex-
periment time and the progression of cells. Accordingly, the trend effect is best removed by using
cells within a specific pseudo-time span for calculation. Although this analysis will remove the
trend effect, the number of cells that are used for the calculation decreases owing to the limit of the
span of pseudo-time and precise calculation will therefore be difficult.

To overcome this problem, we developed a novel correlation function based on our probabilistic
model. As described in the section on “OU process for single lineage differetiatiation" and the
supplementary text, the probabilistic distribution of the expression of a gene g at time ¢ (Xy) is

described as follows:
P(Xi4|®g, L) = /dsgpou(th|Sga Dy, 1) P(Sy) = N(th‘ﬂtgvgfg)7
where

g = e*agtuog +(1- e*agt)ﬁg
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As such, we can remove the time dependency by standardizing the time-dependent mean and vari-

ance as follows:

2
Utcg

We calculated the correlation coefficient for the above standardized values. This correlation function
can detect gene pairs that exhibit interactions that are unexplained by the model, which assume the
conditional independence among genes.

The above standardization assumes a single normal distribution and is not suitable for multi-
lineage model. However, maxy, . of most cells, which we analyzed, were about 1.0, and hence,
most cells would be assigned to one of the lineage. Therefore, the standardization will be effective
by assigning a cell to a relevant lineage. In addition, correlation of each lineage will be calculated

by dividing cells into each lineage in advance.
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4.2.9 Dataset
4.2.9.1 single-cell qPCR for single-lineage differentiation

We used the time-series single-cell gPCR dataset produced by Kouno’s group [68] from THP-1
human myeloid monocytic leukemia cells differentiating into macrophages. They investigated the
expression of 45 transcription factors by 120 single cells at each eight time point (0, 1, 6, 12, 24,
48, 72, and 96 h) after phorbol myristate acetate stimulation.

To evaluate the estimated pseudo-time in many conditions, we constructed a dataset, (Kouno’s
data (1)) follows. We added noise to raw expression data as described below to investigate the
effect of noise in pseudo-time estimation. We added noise to raw expression data F., by adding
E, x Ug[0, €], where E is the mean expression of a gene and Ug|0, €] is a uniform random number
from O to e. We produced 20 replicates for each e (noise level), and validated the pseudo-time of
each method for each noise level.

We also constructed another dataset, (Kouno’s data (2)), to validate lineage estimation by adding
45 pseudogenes that exhibit various expression patterns among lineages. We initially selected 60
cells randomly from 120 cells at a given time point. The expression E.y of a pseudogene g’ by
the selected cells is equal to raw expression (E., = FEc4). For the remaining cells, we inverted
the raw expression in relation to the initial mean (K. = —2FE.4 + pog). We also added noise as
mentioned above in regard to Kouno’s data (1). Because Monocle cannot accept negative values,
we incremented the values by a minimum of 1 to make the expression positive.

The initial distribution (x4 and agg) was calculated from 0-h cells.

4.2.9.2 single cell qPCR for bifurcation

To validate the lineage estimation in real data, we used a dataset produced by Moignard’s
group [69]. They investigated the single-cell gPCR results for 46 transcription factors through-
out hematopoietic development from embryonic day (E) 7.0 to E8.5 in mouse embryos. These data
include a lineage bifurcation between E7.75 and E8.25; at this time, head fold (HF) cells differen-
tiate into putative blood and endothelial populations, which are distinguished as either GFP™ cells
(4SG) or FIk1*GFP~ cells (4SFG™). We used the expression profiles of HF, 4SG, and 4SFG™ and

investigated whether SCOUP and Monocle can classify 4SG and 4SFG™ using only their expres-
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sion profiles. We regarded any cell in which the expression of more than half of the genes was not
detected as an outlier, and these outliers were removed. In addition, we randomly selected 1,000
cells because Monocle did not seem to work correctly for a large number of cells. These screening
procedures left 398 HF cells, 342 4SG cells, and 260 4SFG™ cells. The initial distribution was

calculated from HF cells.

4.2.9.3 Single-cell RNA-seq for single-lineage differentiation

We also investigated the stimulation time-series single-cell RNA-seq dataset (at 0, 1, 4, and 6 h)
for primary mouse bone-marrow-derived dendritic cells that was produced by Shalek’s group [70].
This dataset contains data for three different time series corresponding to each of the different stim-
ulation methods: lipopolysaccharide (LPS), viral-like double-stranded RNA (PIC), and synthetic
mimic of a bacterial lipopeptides (PAM). First, we converted transcripts per million (TPM) to
log(TPM + 1) and defined this value as gene expression. Next, we removed outlier cells so that
each cell in the dataset contained more than 4,000 genes with detectable levels of expression; this
left 281 LPS cells, 224 PAM cells, and 159 PIC cells. Third, we calculated the absolute difference
in mean gene expression between the 1-h cells and 6-h cells for each stimulation. We extracted the
top 1,000 genes in descending order of this difference for each stimulation and used these genes for
pseudo-time estimation. We also added unstimulated cells (outlier cells were removed through a
procedure like that described above, leaving 85 cells) to the LPS, PAM, and PIC data and regarded

these cells as 0-h data. The initial distribution was calculated from unstimulated cells.

4.2.10 Accuracy measure
4.2.10.1 Pseudo-time evaluation

To evaluate the accuracy of pseudo-time estimated from each method, we regarded experimental
time as genuine time and calculated the rate of inconsistency between pseudo-time and experimental
time. By using the accuracy measure of TSCAN as a reference, we evaluated the inconsistency by

calculating the rate of cell pairs whose pseudo-time ordering was inconsistent with experimental-
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time ordering, and we defined the pseudo-time inconsistency score (PIS) as follows:

Lpeas <o) I > )

PIS - ’
Z(i,j)e(tfkt?) (I(t; < tj)+I(ti >ty))

where t© and t,. are respectively the experimental time and pseudo-time of cell c. I(t; < tj) is an

indicator function that takes the value 1 if the conditional expression is true.

4.2.10.2 Lineage evaluation

We evaluated the performance of lineage estimation by SCOUP and Monocle by comparing
the cell lineage annotation of each cell. The annotation of a cell from simulation data is obvious
and that of Moignard’s data is given by 4SG or 4SFG™ in accordance with GFP™ or Flk1TGFP~.
SCOUP estimates a cell lineage based on the expectation of the posterior probability of cell fate
(vex)- We classified cells into one of two lineages on the basis of whether 7. exceeded a threshold.
We calculated the precision and recall for each threshold and calculated the area under the curve
(AUC) value. Monocle also can estimate cell lineage by setting the parameter num_paths to 2,
thereby outputting the state of a cell as either statel (pre-bifurcation), state2 (one lineage), or state3
(another lineage). Monocle is a deterministic method and cannot distinguish subtle differences.
Therefore, we regard that statel, state2, and state3 belong to one lineage with probabilities 0.5, 1.0,

and 0.0, respectively. We calculated the AUC value for Monocle in the same way.

4.3 Results and discussion

4.3.1 Validation of parameter optimization

We validated our parameter optimization method with simulation data. We generated simulation
data from the normal distribution based on the OU process by varying the parameters. The number
of genes and cells are set to 500 and 100, respectively.

Firstly, we compared the values of estimated parameters with those of true parameters (Fig-
ure 4.2A,B). The values of estimated time and estimated 6, are highly correlated with those of true
values (12 are 0.94 and 0.96, respectively). The values of estimated mean and variance of the OU

process are also highly correlated with those of true mean and variance (0.99 and 0.94, respec-
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Figure 4.2. Validation of parameter estimation of SCOUP for simulation data. (A) and (B) is the comparison
between the estimated values and true values for pseudo-time (¢) and 6, respectively. The outlier whose
estimated value exceeds the boundary of drawing area is visualized in the border with a red circle for vi-
sualization. (C) is the log-likelihood curve with respect to ¢. of a cell. The optimized ¢. is indicated with
X-max.

tively), and hence, SCOUP succeeded to reconstruct the original probabilistic distribution with high
accuracy (the details are described in the supplementary text).

Next, we investigated that the log-likelihood of optimized parameters was higher than those of
varied parameters. Figure 4.2C is the example of the log-likelihood curve with respect to time pa-
rameter of a cell (¢.), and the value of optimized ¢. is drawn with x-mark. The log-likelihood of
the optimized t. was located in the top of the log-likelihood curve. We also verified that the opti-
mized parameters were located in the top of the log-likelihood surface in regards to other parameters

(the details are described in the supplementary text). Thus, SCOUP can optimize the parameters

correctly.

4.3.2 \Validation of pseudo-time estimation

In this section, we compared the accuracy of the pseudo-time of each method: SCOUP, our
method; SP, pseudo-time estimation based on shortest path in the MST in reduced space; Monocle,
dimension reduction-based method that reconstruct differentiation path by the longest path in the
MST; TSCAN, dimension reduction-based method that reconstruct differentiation path by running
model-based clustering and connecting clusters. For pseudo-time evaluation, we used Kouno’s data
(1) and the Shalek’s data.

Figure 4.3 shows the histograms of pseudo-time inferred by each method for Kouno’s data (1)

without additional noise (¢ = 0). The histograms are drawn for each experimental time point. Al-
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Figure 4.3. The histograms of pseudo-time estimates produced by each method for Kouno’s data (1) without
additional noise. The histograms are drawn for each experimental time point with different colors. The
pseudo-time values inferred by SCOUP over 1.0 are integrated into 1.0 for visualization. The pseudo-time
values inferred by Monocle and TSCAN are normalized so that maximum = 1.0.

though the pseudo-time trends of each method are roughly consistent with experimental time order,
each method shows distinctive characteristics. In most cases, the orders of pseudo-time produced
by TSCAN for 0-h cells and 1-h cells are reversed. The orders might be reversed in the process
of assigning cells to clusters or ordering clusters. In SP, the pseudo-time of the portion of cells is
large and that of the remaining cells is relatively small. This is because a portion of the cells must
be outliers and are therefore located far from other cells in reduced space. The outliers cause long
paths in the MSTs and affect other pseudo-time estimates through normalization. Monocle seems
to successfully order cells. In SCOUP, the pseudo-times of 0-h cells are relatively concentrated
at t = 0.0 as compared to the other methods. The pseudo-time of 0-h cells based on dimension
reduction approaches is dispersed because 0-h cells tend to scatter in reduced space owing to the
dispersion of expression and noise. In contrast, SCOUP contains a noise term in the model and es-
timates pseudo-time from the trend of total gene expression, which removes the influence of noise.
Because 0-h cells are progenitor cells and belong to a steady state before differentiation, it is ap-
propriate to consider the pseudo-time of 0-h cells as approximately 0. Thus, SCOUP successfully
identified the initial steady state.

Next, we quantitatively evaluated the accuracy of pseudo-time estimated by each method for
Kouno’s data (1) based on the pseudo-time inconsistency score (PIS) (Figure 4.4). The PISs of
SCOUP were superior to those of other methods under most conditions. This demonstrates that
SCOUP can estimate pseudo-time well, even from noisy data. Under one condition, the PIS of

Monocle was superior to that of SCOUP, and SCOUP was the second best. This can be because
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SCOUP does not describe the differentiation process completely. For example, SCOUP cannot
represent variable attractors, such as transient patterns, and dimension reduction-based methods
might be able to accommodate such expression patterns. In future work, we will extend SCOUP to
represent such dynamics.

We also investigated the effect of the number of dimensions of reduced space for pseudo-time
estimation in Monocle. We set the argument of Monocle max_components, which corresponds
to the number of dimensions, to 2 and 3 and denote Monocle analyses with each configuration
as Monocle(2) and Monocle(3), respectively. Across all conditions, Monocle(3) was inferior to
Monocle(2). This is because the third dimension of reduced space represents something unrelated
to differentiation. Without prior knowledge, it is difficult to set a proper number of dimensions, and
pseudo-time can be erroneous under an improper number of dimensions. Although SCOUP is based
on a dimension reduction approach in the process of pseudo-time initialization, we verified that the
pseudo-time estimated from different numbers of dimensions (i.e., 2 and 3) converged to almost
same value in this dataset (7> = 0.94 for ¢ = 0.0). Even if the estimated pseudo-times of SCOUP
differ, we can infer appropriate pseudo-times by selecting the model with the highest likelihood.

Next, we evaluated the pseudo-time of each method as inferred from Shalek’s data. The PIS
of each method is shown in Table 4.1. Across all conditions, the PISs of SCOUP were superior to
those of other methods. Unlike qPCR, RNA-seq provides comprehensive gene expression profiles
and contains the expression of genes that are largely unrelated to differentiation. SCOUP can omit
the effect of such genes by reducing the weight of their influence automatically in pseudo-time
optimization. In contrast, the positions of cells in reduced space will be affected and the pseudo-
time will vary with the presence of such genes. Moreover, the dispersion of RNA-seq is higher than
that of JPCR, which influences the analyses.

The PISs of PIC and PAM were higher than those of LPS. This will be because the numbers
of PIC and PAM cells were lower than that of LPS. It is difficult to reconstruct differentiation
trajectories from a small number of samples. In particular, it is important to obtain cells distributed
evenly throughout the differentiation process in order to reconstruct trajectories with high accuracy.

In summary, SCOUP estimated pseudo-time with high accuracy, especially for RNA-seq data.
Moreover, SCOUP successfully identified the initial state which was difficult to be detected with

dimension reduction-based approaches. In addition, SCOUP is based on a probabilistic model, and
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Figure 4.4. PIS of each method applied to Kouno’s data (1). The z-axis represents the noise level (¢) (see
“Methods") and the y-axis represents the degree of inconsistency between the pseudo-time and experimental
time (PIS). Each method is distinguished by color: red, SCOUP; yellow, SP; green, Monocle; and blue,
TSCAN. We compared the PIS of Monocle for different parameters max_components, which correspond
to dimensions. The solid and dotted lines correspond to maz_components = 2 and 3, respectively.

Table 4.1. PIS for each method applied to Shalek’s data. Each row represents the method, and each column
represents the kind of stimulation for differentiation. NA means that Monocle did not work well.

LPS | PIC | PAM
SCOUP 0.03 | 0.12 | 0.12
SP 0.14 | 0.32 | 0.17
Monocle(2) | NA | 0.38 | NA
Monocle(3) | 0.18 | 0.45 | 0.32
TSCAN | 0.17 | 0.27 | 0.24

hence can evaluate proper pseudo-time by using likelihood. Thus, SCOUP has advantages over

dimension reduction-based methods in pseudo-time estimation.

4.3.3 Validation of cell lineage estimate

In this section, we evaluate the accuracy of cell lineage estimation from single-cell expression
data containing lineage bifurcation.
First, we validated SCOUP and Monocle with simulation data (Kouno’s data (2)). Table 4.2

shows the mean AUC values of each method for each condition. The AUC values for SCOUP were



82

Table 4.2. Mean AUC values for cell lineage estimates using each method for Kouno’s data (2).

e=00]e=05]e=1.0
SCOUP 0.99 0.99 0.99
Monocle 0.98 0.97 0.95

higher than those for Monocle in every condition. Figure 4.5 summarizes cells in the space of the
first two PCs for expression data with e = 1.0. The color of each cell represents its genuine cell
lineage (left), lineage estimated with SCOUP (middle), and lineage estimated with Monocle (right).
Both methods estimated cell lineage with high accuracy for cells that were sufficiently separated
in PCA space. This result suggests that estimating the lineage of a cell whose expression pattern
has changed sufficiently after bifurcation is not difficult using these methods. However, Monocle
was not able to estimate cell lineage correctly for cells whose expression pattern did not change
sufficiently after bifurcation. In contrast, SCOUP successfully quantified the certainty of lineage
of such cells and estimated their lineages with fairly high accuracy (Table 4.2). To understand cell
fate decision mechanisms, it is important to analyze cells immediately after bifurcation. There-
fore, SCOUP, which can quantify the certainty of estimated cell lineage and accurately estimate the
lineage of cells that have just undergone bifurcation, will be useful for investigations of cell fate
decision mechanisms.

Next, we investigated cell lineage estimation using Moignard’s data. The Moignard’s data in-
cludes the lineage bifurcation as follows; head fold (HF) cells differentiate into putative blood and
endothelial populations, which are distinguished as either GFP™ cells (4SG) or Flk1TGFP~ cells
(4SFG™). SCOUP was able to distinguish cells of 4SFG™ and 4SG almost completely correctly
(AUC value = 1.0). The AUC value for Monocle was 0.81. Figure 4.6 shows cells in the space of
the first two PCs and the colors of cells indicate the genuine cell lineage (left), the lineage estimated
using our method (middle), and the lineage using Monocle (right). The lineage estimation using
SCOUP were highly consistent with cell annotations, while Monocle incorrectly regarded a non-
negligible number of 4SFG™ cells as 4SG cells. This tendency of Monocle did not change when we
changed the dimension number parameter (max_components). In contrast with simulation data,
which were produced based on symmetric bifurcation, real data likely show complicated bifurcation

patterns, and hence, a deterministic approach, such as MST in reduced space, might be inadequate
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Annotation SCOUP Monocle

Figure 4.5. PCA of cells of Kouno’s data based on gene expression. The cell colors indicate the genuine
lineage (left), lineage estimated with SCOUP (middle), and lineage estimated with Monocle (right). The
color for SCOUP is defined by ~.q; black, 0.5; red, 0.0; and blue, 1.0. The color for Monocle is defined by
estimated states: black, state 1 (pre-bifurcation); red, state 2; and blue, state 3. The color of each state is
defined so that they are consistent among each plots.

Annotation SCOUP Monocle

Figure 4.6. PCA of cells of Moignard’s data based on gene expression. The cell colors represent the genuine
lineage (left), lineage estimated with SCOUP (middle), and lineage estimated with Monocle (right). The
color for the genuine lineage is defined by the annotation of the cell; yellow, HF; red, 4SG; and purple,
4SFG™. The color for the SCOUP analysis is defined by 7.o; black, 0.5; red, 0.0; and blue, 1.0. The color
for the Monocle analysis is defined by estimated states; black, state 1 (pre-bifurcation); red, state 2; and blue,
state 3. We determined the color of each state so that they are consistent among each plot.

to capture bifurcation.

The results described above show that SCOUP is superior to Monocle with respect to cell lin-
eage estimation for both simulated and real data. SCOUP can capture subtle differences in cells
immediately after bifurcation and will be a powerful method for investigations of cell fate decision
mechanisms.

We also investigated cell lineage estimation with Gaussian mixture model (GMM) implemented
in mclust package [71]. The AUC values for mclust were inferior to those of SCOUP, and mclust

was not able to estimate cell lineage correctly for cells at an early stage of bifurcation (see supple-

mentary text for AUC values and PCA plots of mclust). This is because mclust does not have time
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parameters in the model and will work well only for cells whose expression pattern has sufficiently
changed after bifurcation. Moreover, GMM fitted to the position in which large number of cells
exist for Moignard’s data. Therefore, GMM is inadequate to estimate the path of bifurcation in
the condition that cells are unevenly distributed. Thus, it is important to take time parameters into

account to estimate the path of differentiation and cell lineage.

4.3.4 Clustering genes

We grouped genes for Shalek’s data based on expression patterns along pseudo-time estimated
with SCOUP. Hereafter, we used the data for LPS stimulation because the number of LPS cells
is largest in Shalek’s data. In this analysis, we investigated the top 5,000 genes by the clustering
method implemented in Monocle. Monocle regards the expression pattern as a function of pseudo-
time and calculates a smooth response curve based on generalized additive models. Then, Monocle
defines the distance between two genes as 1 — p,, /2, where p is the Pearson correlation coefficient
of standardized response curves, and groups genes with K-medoids clustering. In this analysis, we
set the number of clusters as 6 and the overall trend in expression pattern for each cluster and the
number of genes in each cluster are shown in Figure 4.7 and Table 4.3.

We performed gene ontology (GO) enrichment analyses for genes in each group with DAVID
[72,73], and the top three GO terms (ordered by p-value) for each cluster are shown in Table 4.4.
The cells of Shalek’s data are differentiated into dendritic cells, and immune response genes were
upregulated (groups 1 and 2). Genes in groups 4 and 5 were downregulated and were enriched for
the cell cycle GO term, consistent with previous research [74]. In this previous study, increased
energy usage was also detected. In our analysis, genes related to energy usage were enriched in
groups 3 and 6, which show a transient upregulation. Thus, we can classify gene function based on
expression patterns along pseudo-time and the landscape of gene regulation can be characterized by
investigating differences in these patterns. For example, although both groups 1 and 2 exhibited an
upregulation, its timing was later for group 2 than group 1. The GO term related to “antigen” was
enriched only in group 2, and this might reflect a different regulatory cascade during differentiation.
We also calculated KEGG pathway enrichment for genes of group 1 and group 2, respectively.
Group 2 did not include the term of KEGG pathway whose Benjamin-adjusted p-value was less than

1075, wheres the term “Toll-like receptor signaling pathway" was the most significantly enriched
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Figure 4.7. Overall trend in standardized expression patterns along pseudo-time for each group. This plot is
drawn with the plot_clusters function in the Monocle package.

Table 4.3. The number of top 5,000 genes, top 1,000 genes in each group. The total number are not equal to
5000 and 1000 because the response curves for a few genes could not be calculated.

group
1 2 3 4 5 6
total 867 | 403 | 958 | 1354 | 778 | 599

top-1000 gene | 260 | 81 | 177 | 291 | 76 | 111

in group 1 and Benjamin-adjusted p-value was 6.5 x 10~7. This data is the RNA-Seq of LPS
stimulated bone-marrow derived dendritic cells and LPS is known to activate “Toll-like receptor
signaling pathway" at first which cause the up-regulation of “antigen processing and presentation"
a little late [75]. Our result is consistent with such mechanisms. Thus, investigations of expression

patterns along pseudo-time can elucidate the regulatory machinery involved in differentiation.

4.3.5 Correlation analysis

In this research, we propose a novel correlation analysis by using standardization based on
SCOUP to detect covariance that cannot explained by the model that assumes the conditional in-
dependence among genes alone, and investigated the regulatory relationships among genes using
correlations within raw expression data or standardized expression data. Hereafter, we refer to the

correlations within raw data and standardized data as Craw and C'sy, respectively. We first investi-
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Table 4.4. The top three GO terms for each group. The third column shows the negative logarithm of the
Bonferroni-adjusted p-value.

’ group ‘ GO term ‘ —logo(p) ‘

immune response 22.9

1 defense response 11.4
response to wounding 7.0

antigen processing and presentation 5.5

2 immune response 3.8
antigen processing and presentation of exogenous antigen 33
generation of precursor metabolites and energy 5.1

3 protein localization 4.8
establishment of protein localization 32

cell cycle 9.6

4 cell division 79
ribonucleoprotein complex biogenesis 7.7

translation 6.7

5 M phase of mitotic cell cycle 32
cell cycle 2.9

generation of precursor metabolites and energy 11.5

6 protein transport 5.6
establishment of protein localization 5.5

Table 4.5. The top three transcription factors and their related genes for group 1. The left and right tables
correspond to Cray (7, 1) and Csq(i, 1), respectively. The first column of each table contains the rank of the
absolute difference of expression between 1-h cells and 6-h cells, and the second column lists the gene names.
The third column contains the Cray (4, 1) or (Csia(7, 1)) of the candidate genes.

rank | Gene Symbol | Craw rank | Gene Symbol Csu
5 Ifit] 0.46 313 Sgstml 0.076
6 1fi205 0.44 45 Ifihl 0.071
17 Ifi204 0.43 5 Ifit] 0.071

gated whether the target genes of a transcription factor (TF) can be predicted under the assumption
that the expression of a TF and its target genes are highly correlated. The list of TFs and their target
genes was downloaded from the Integrated Transcription Factor Platform (ITFP) [76], a database
containing 71 TFs and 648 pairs of TFs and target genes in the top 1,000 genes. We calculated
the Craw and Cyq values between 71 TFs and the remaining 929 genes and extracted from the top
1,000 positively correlated pairs of TFs and genes according to each correlation method. The top
1,000 Craw and C'syq values contained correlations of 24 and 27 annotated pairs, respectively (see
supplementary text for the list of detected annotated pairs), and the probabilities of capturing these

annotated pairs by random sampling are p < 6.2 x 1075 and p < 2.8 x 1075, respectively. This
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suggests that target genes of a specific TF can be predicted from a correlation analysis of single-cell
expression data.

Only three annotated pairs were common between the 24 Cr,w correlation values and the 27
Csy correlation values, which indicates that different regulatory relationships were detected when
analyzing raw and standardized expression data. Analysis of standardized expression data revealed
correlations that were not explained by the model that assumes the conditional independence among
genes, whereas raw expression data analysis revealed correlations produced from similar expression
patterns during differentiation. Thus, our novel correlation analysis method can deliver new insights
that are not detected by conventional correlation methods.

Next, we aimed to detect a key regulator of each group by using the two correlation methods.
We downloaded the candidates of key regulator TFs and their related genes from the Riken Tran-
scription Factor Database (TFdb) [77] and FANTOMS SSTAR [78] as well as TF data from ITFP.
In this analysis, 117 genes of the annotated TFs and their related genes were contained in top 1,000
gene and were considered as key regulator candidates. We calculated the Cr,yw (and Cgyq) values
between each candidate and genes in a group, and calculated the average Craw (Csi) value of the
candidate for the group. We denote these values as Craw (i, j) and C's(i, j), where i is the index
of a candidate and j is the index of a group. We assumed the key regulator of the group is highly
correlated with genes in the group and investigated to detect the key regulators by extracting the
candidates of high Craw(i,j) or Csq(i, 7). There were few differences between Craw(i,j) and
Clsa(i, j) for groups 3 and 6 because our standardization was inadequate to deal with the transient
patterns found in these groups. The difference between Cray (i, 1) and Csy(i, 1) was largest among
all groups, and therefore we focused on group 1 hereafter.

Table 4.5 shows the top three candidates according to Crayw(4,1) and Csw(i, 1), respectively.
The CRraw (7, 1) candidates are basically the genes which have large absolute expression differences
between 1-h cells and 6-h cells. The large absolute expression difference can bring about high
spurious correlation due to the similar expression trends during differentiation. Thus, Cr,y is likely
to be influenced by spurious correlation and therefore is inadequate to detect the key regulator. As
for C'sua(i, 1), Sgstml is the top rank. The absolute expression difference rank of Sgstml is 313 of
1,000 genes and the éRaW(i, 1) rank of Sgstm1 is 29 of 117 candidates. Sqstm1, which is also called

p62, has been suggested to be a key intracellular target of innate defense regulator peptides [79] and



88

(A) (B)

s“ u.r: ‘y@ ) X

PR oD ©

T

‘@;ﬁ/ i
.8

I

B

Figure 4.8. The correlation network based on Cg,y (A) and Csy (B) for genes in group 1. There are a total
of 93 and 107 genes in the Cr,y and Cgy network, respectively. The width of each edge represents the
magnitude of an expression correlation between the two genes, and color represents the sign, green for a
positive correlation and red for a negative correlation. To improve clarity, correlations with an absolute value
lower than 0.55 (0.25) are not shown for Craw (Csq) network.

is therefore an important key factor for the immune response. Thus, our correlation method was
able to detect a key factor that was difficult to detect by conventional correlation method and is a
powerful tool for elucidating gene regulatory networks.

Next, we investigated the correlation network for all genes in group 1 based on both the corre-
lation methods. We omitted the genes with maximum of Craw (Csq) values lower than 0.6 (0.3) to
improve visibility. Figure 4.8 show the correlation networks based on Cr,y (Figure 4.8A) and Clsyq
(Figure 4.8B). In the Crayw network, the correlations of most of the gene pairs are positive because of
spurious correlations over time, and most of the genes are therefore positively connected with each
other. In contrast, the C's,q network mainly consists of two clusters, and there are a considerable
number of negative correlations between the genes of different clusters. We assumed that each clus-
ter is regulated by distinct regulatory mechanisms and investigated the differences of genes between
two clusters. Hereafter, we focus on the chemokine genes (CXCL2, CXCL3, CXCLI0, CXCLI6,
and CCL)5), which are a family of small cytokines or proteins secreted by cells and are known to

be involved in immune response [80]. In the Csy network, CXCL2, CXCL3, and CXCLI10 belong
to one cluster, while CXCL16 and CCL)5 belong to another cluster. Although CXCLI6 belongs to
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the same CXC gene family, as CXCL2, CXCL3, and CXCLI0, it has properties that distinguish it
from other CXC chemokine genes. For example, CXCL2, CXCL3, and CXCLI0 are located in the
proximal chromosomal region (5qE2, 5qE2, and 5qE3, respectively), while CXCLI6 is located on
another chromosome (11qB4) [81]. Further, although CCL5 belongs to a different gene family (the
CC gene family), CCL5 is located proximal to CXCL16 (11gB5). The up-regulation of chemokine
genes located in the proximal region has been suggested in breast cancer [82], and our correlation
analysis also suggests that chemokine genes in located in the proximal region (CXCL2, CXCL3, and
CXCLI10) are regulated by different mechanisms than are CXCLI/6 and CCLS5. Thus, each clusters
in the Csy network is likely to be regulated by region-dependent mechanisms, and examining cor-
relations among standardized gene expression profiles is a useful approach to elucidate regulatory

networks that works by controlling for the effect of trends over time.

4.4 Conclusions

The advancement of single-cell technologies will enable the elucidation of many biological pro-
cesses, such as differentiation. The development of a novel computational method is necessary to
fully analyze single-cell data. We developed a novel method, SCOUP, to analyze single-cell expres-
sion data for differentiation. Unlike previous methods, which use dimension reduction approaches
and reconstruct differentiation trajectories in reduced space, SCOUP describes gene expression dy-
namics during differentiation directly, including pseudo-time and cell fate. We evaluated pseudo-
time using SCOUP and previous methods based on the consistency between pseudo-time and ex-
perimental time and showed that the SCOUP results were superior to those of other methods for
almost all conditions. We also compared the accuracy of cell lineage estimation using SCOUP and
Monocle, and showed that SCOUP can estimate cell lineages with high accuracy, even for the cells
at an early stage of bifurcation. SCOUP is based on a probabilistic model and can be extended to
many applications. In this research, we developed a novel correlation analysis method based on
SCOUP. It calculates the covariance that cannot be explained by a model, which assumes the con-
ditional independence among genes, alone. We applied this method to scRNA-seq, and detected the
candidate of key regulator of differentiation and the clusters in the correlation network which were

not detected with conventional correlation analysis. In future work, we plan to extend our model
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to consider transient expression patterns and to estimate complicated cell lineages. In addition, we

will develop a multivariate OU process to estimate gene regulatory networks more directly.
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4.5 Supplementary text

4.5.1 Limit of a discrete time OU process

In this section, we consider limit of a discrete time OU process. Because both of genes and
cells are supposed to be independent in SCOUP, we forget the index of gene and cell, and consider
a general OU process in this section. We represent observed value as F and initial value as S, and
X ={Xs|s =0,..., N} is a path such that Xy = E and Xy = S. As mentioned in the main text,

a OU process can be regarded as limit of a discrete time OU process:

Pou(E|S, o, 0%, 1) = lim Pn(Xn|Xo, a,0?,t)
— 00
N
Pn(Xn|Xo,a,0%,t) = /dX I Pou(Xs|Xs—1,,0%, t/N)
s=1

N
P(X‘Oé, O'Q,t) = H Pou(Xs|Xsfl>a7 027t/N)P(XO)?
s=1

where the interval of integration is the all paths which satisfies Xo = S and Xy = F.
Hereafter, we assume X is given and re-define X as X € {X;|s = 1, ..., N'} for simplification.
The calculation of the case that X is unobserved is given in the after section. In this case, the

complete likelihood is given by

N
P(X|S,a,0,t) = [ [ Pou(Xs|Xs-1,0,0%,t/N).

s=1
4.5.1.1 Transformation into the multivariate normal distribution

In this section, we transform the product of the transition probability Poy(Xs| Xs_1,, 02,t/N)
as the multivariate normal distribution. In the case of OU process, the transition probability is

calculated with the normal distribution as follows:

1 1
Pou(X| X5 1,a,0% t/N) = ‘/zwv exp (—QV(XS —BX, 1 —(1— B)9)2> :

where

02(1 _ efZat/N>

B =N,
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The complete likelihood P(X|S, o, 02,t) is equal to the following multivariate normal distri-

bution:

2

P(X|S, o, 0% t) = [ [ Pou(Xs|Xs—1,0,0,t/N)

S:F
ver)'

( T eXp (_;(XN — )T A(X N - M))
= N(X_nlp, A7),

where X_n € {X4|s=1,...,N—1}and Ais (N —1) x (N —1) matrix and y is (N — 1) dimension

vector and satisfy following equations.

2 . .
1+VB (i =)
Aij=9-8  (j=i+lorj=i-1)
0 (otherwise)
_B)2 .
Bxo+ S50 (i=1)
N-1
2
> Ajjuy =4 U=l (1<i<N-1)
j=1
Bxy+ U282 (i=N-1)

From above equation, 1; can be calculated as follows:

B (1-B)2 "= B

nj = 7 Xohyj + =70 ] Z Ajj + ANANL

4.5.1.2 Derivation of mean vector and variance-covariance matrix

As mentioned in the next section, the expectation of X, XX 41, and X 3 are necessary to
optimize parameters. These expectations can be calculated from the mean vector and variance-
covariance matrix of the multivariate normal distribution. Because we consider a limit of a discrete
time OU process, we cannot use numerical calculation and have to solve analytically. In this section,
we derivate the mean vector and the variance-covariance matrix.

Firstly, we derivate the variance-covariance matrix. To simplify this, we define A’ so that
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A = —V~1BA’. We also define following variable:

—B7'— B=—(eN £ eN) = _2cosh(\)

A =at/N,
and A’ is represented as follows:

—2cosh A (i =17)

!/

ij — 1 (jJ=i+1lor j=i—-1)

0 (otherwise)

It is shown that the inversion of symmetric tridiagonal matrix can be calculated analytically [67].

By using this, we can derive the inversion of A’ and A as follows:

(A7) = _cosh(N — |j —i[)A — cosh(N —i — j)A
4 2sinh Asinh N A

A = V cosh(N — [j —i|)A — cosh(N —i —j))\.
“ B 2sinh Asinh N A

Next, we substitute A~! and derive the mean ;.
N-1
pi =V IBXoA;+ V(1= B0 Y A j + VT BXNAY

i=1

Firstly, we solve the first member V‘lBXOAi}.

_ _ h(N —j 4+ 1)A\ —cosh(N —j — 1)\
IBX AL = &8 X,
v 07 92 sinh Asinh N 0
sinh(N — j)A
e SV '
simh Nx ~°

Secondly, we solve third member V! BX NAR,I_L i

1 1 cosh(j + 1)\ — cosh(—7 + 1)\
BXNA = X
v NE1LN-1 2sinh Asinh N A N
sinh j A
sinh NA© Y
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Lastly, we solve Zfi_ll A ]-1.

N-1
-1
Ai’j
i=1
vV N-1
= h(N — 1|7 —1 _ h(N —i— 4
2B sinh A\ sinh N A ;(COS( |7 — i])A — cosh( i— N
Vv J
— WN — 7+ i)\ — BN — 5 — A1
QBsinh)\sinhN)\<;(COS (N =j +i)A = cosh(N —i — j)A)

N-1
+ Z (cosh(N +j —i)A — cosh(N — i — j))\)>
i=j+1

Here, we use following equation to calculate above formula.

J
Z(cosh(N —Jj+i)A—cosh(N —i—j)A)

=1
2
= A=A (sinh(N — j)Asinh jA + sinh(N — ) Asinh(j + 1)A + sinh(N — j)Asinh \)
N-1
> (cosh(N + j —i)A — cosh(N — i — j)A)
i=j+1

2
= Sy (sinh jAsinh(N — j — 1)\ — sinh jAsinh(N — j)A + sinh jAsinh \)

The sum of the above equations becomes

2
(=N —e)

(sinh A(sinh(N — j)A + sinh jA) + sinh jAsinh(N — j — 1)\ — sinh(j + 1) Asinh(NV — j)A)

By using following equation,

sinh jAsinh(N — j — 1)\ — sinh(j + 1)Asinh(NV — j)A = —sinh Asinh N\,

the sum can be described as follows:

2sinh A

Ty (sinh(N — j)A + sinh jA — sinh N ).
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Therefore, second member V=1 (1 — B)? m@ >~ A becomes

J— 2 1
(1-B) (( 2sinh A (sinh(N—j)A+sinhj/\—sinhNA))9

2Bsinh NA \ (1 —eM)(1 —e™?)
= sinth)\ (—sinh(V — j)\ —sinh jA 4 sinh N)) 6.

Thus, the mean becomes

sinh(N — j)A sinh j\ 0 . . o .
= — sinh(N — j)A — sinh h N
M= G N 0T G N T sn v (7SR =)A= sinh A 4 sinh V)
~ (Xo —0)sinh(N — j)A + (X — 0) sinh jA 4o
B sinh N\ ’

4.5.1.3 The complete log-likelihood

The complete log-likelihood of X given X is given by

N VvV vila+BY)H R By
l(X):—Eln;—f;X +V- B;)XXS+1+V GZX
—1 2 —
—VQB X2-v'BQ-B )GXO—V—XN—H/ (1 B)HXN—§ZV_1(1—B)292
s=1

N-1
N « 2 2 2
=T o MR et ar? ( (Z -2 XSXSH) X0+ Ay

s=0

N-1 N-1
+% (Xo XN—29X0+29XN+< 2 Z X2+ X Xep14+20) XS—N02>>
7 s=0 s=1

+ O(1/N),

and Q function is given by

N 1 BQ N—-1 N—-1
Q——anv—v(;)z <XI>4V'BY <X X1 >4V '(1-B)0 ) <X,>
™ s=1 s=0 s=1
-2 V-1 1
v 5 X2 -v~B(1 - B)§X, — —XN + V11 -BoXy — §NV_1(1 — B)?#?
N * N
= a - (2F,s — 2F,s01 + X2 + X2)

2 wo*2(1l—e2a%t)  2trg*2

* gk

+ 2‘;—2 (Xg — X% 20" Xy + 20" Xy + & (~2Fu + Fustr +2F, - N9*2)>

+ O(1/N),
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where Fjss, Fgst1, Fs is i,V:_ll < XS2 >, iV:_Ol < Xs X5t >,Z£V:_11 < Xg >, respectively.

4.5.1.4 Derivation of the sufficient statistic

The likelihood function depends on X only through X2, X, X1, and X, these are the suffi-

cient statistic for the model. In this section, we derive the these statistic analytically.

4.5.1.5 Derivation of I

Firstly, we solve the expectation of X 2.

N-1 N—-1 N-1
Y ex2s= YA Y 2
s=1 s=1 s=1

The first member is

N—-1
1%
AL = h NA — cosh(N — 2s)A
;::1 ¢~ 2Bsinh Asinh N D (eos cosh( $)A)
NU2<N hNA— L sinh NA A'hNA)
T 2asinh N cos \ sin sin

The second member is

Ni s <(X0 —0)sinh(N — $)A + (Xy — 0)sinh s\ | 0>2
2o Ms = sinh N
(Xo—0)2+ (Xn — 0)? , 2(Xo — 0)(Xn —0) , ,
= R VX Z sinh? s\ + nhZ Z sinh ssinh(N — s)A
20(Xo+ Xy — 2
i 0'+h J\Jf\i)\ f) Zsinh sA+ (N —1)6?
S1n

4.5.1.6 Derivation of Fs

Secondly, we calculate the following equation:

N-1 N-2 N-2
Z < XsXsp1 > = Z AL+ Z Mspts+1 + p1Xo + uN—1XN-
s=0 s=1

s=1
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The first member is

N-2
v

Ao h(N — 1)\ — cosh(N — 25 — 1
52::1 ss+1 — 2B sinh X sinh N\ Z(COS( )A — cosh( s )

2

2
A cosh NA) .

g L. . 1.
~ TN (NcoshN)\— Xsth/\—N)\sth/\— 5/\sth)\+

The remainder is

N-2
Pspts+1 + p1Xo + uN_1 XN
s=1

= ((X0 — ) sinh(N — s)A + (Xn — 0) sinh s\ 9)

= sinh N\
" ((Xo —6)sinh(N —s — 1)A + (Xn — 0) sinh(s + 1)\ n 9)
sinh N\
(Xo—0)2 + (Xn — 6)? =, sinh A N
= I N cosh A 82::1 sinh” s\ + 5 ; sinh 2\

Xo—0)( Xy —0 =
+ Mo Smﬁg NNA ) (2 cosh A z::l sinh sAsinh(N — s)A + sinh N Asinh )\>

0(Xo + Xy — 26) N-1o ) 2
sinh N A 2822181nh5>\+51nhN)\ + N62.

4.5.1.7 Derivation of Fj

Lastly, we calculate Fi.

N-1 . .
(Xo — 0)sinh(N — s)A 4+ (Xn — 0) sinh sA )
Xs>= 0
2 < Xe> Z( sinh N\ "

7X0+XN—29N !
—W ZSIHhS)\+( 1)9

4.5.2 Derivation of Q function

As mentioned in the above section, Q function is

N ot N ) 2
Q = — ?11’1 7_[_0_*2(1 _ e—Qa*t) - 2t*o-*2 (2F35 — 2FSS—‘,-1 +X0 +XN)

a* o*t*
t5.2 (Xg — X% — 20" Xy + 20" Xy + N (—2FsS + Fyop1 + 2Fs — N9*2)> + O(1/N).
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In the following section, we calculate the Q function.

4.5.2.1 Derivation of 2F,; — 2F,s41 + X3 + X%

Firstly, we calculate the member which is related to > Ags — > Agsr1.

2

o . .
2) Ags =2 Agey1 ™ S s vy (2VAsinh NA = Asinh N — NA? cosh N\)

02\ 072+t02005hN)\
- 2a 2sinh N A

Secondary, we calculate the member which is related to (Xo — )2 + (X — 6)2.

1
SnhZ N (2 Z sinh? s\ — 2 cosh A Z sinh? s\ — sinh A Z sinh 2)\)
sin
N_1+)\<coshN)\ n N >
o 2sinh NA  2sinh? N\

Thirdly, we calculate the member which is related to (X — 0)(Xn — 0).

1

— (4" sinhsAsinh(N — s)A — dcosh A Y sinh sAsinh(N — s)A + 2sinh NAsinh ))

N (sinh NA 4+ NAcosh N))
sin

Fourthly, we calculate the member which is related to 6( Xy + Xy — 20).

1
sinh N A

(4Zsinhs/\ — 4Zsinhs)\ — QSinhN/\) =-2
Lastly, we calculate the member which is related to 2.
2(N—-1)—2N = -2

With above calculation results, 2F}; — 2Fj; 11 + Xg + XJQV can be derived as follows:

9 02  NXo?cosh N
to* - A\ —+ —m————
2 2a:sinh N
( cosh N\ n N
2sinh NA ~ 2sinh? N\

)(X09)2(XN9)220(X0+XN29)292+X§+X%’V

) (X - 67 + (Xy = 6))
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Sin

o2y, ((72 B N)\O'QCOShN)\)
2 2asinh N A

cosh N N
(2sinhN/\ + 2sinh? N\

) (Xo— 6)° + (Xy — 6)?)

T SE NN (sinh NA+ NAcosh N\) (Xo — 0)(Xn — 6).
sin

4.5.2.2 Derivation of XZ — X% — 20* X + 20* X + \*(—2Fss + Fssi1 + 20 Fs — NO*2)

In  this section, we calculate the coefficient of 2;‘—:2 which is
X2 — X% — 20° Xy + 20" XN + A\ (=2Fss + Fssi1 + 20*Fs — NO*?). In this calculation,
we disregard the 1/N order terms.

At first, we calculate the member related to Fss and Fisy1. The member related to A is calcu-
lated as follows:

o2
2arsinh N A
( 02  to?cosh Nx\)

“2ND A AT Ao
A*

A

<N cosh N\ — %sinh NA)

20 2sinh N\

The member related to (Xo — 6)2 + (X — 6)%is

¥ inh A
T I NN (2 Z sinh? s\ — cosh \ Z sinh? s\ — sz Z sinh 2)\>
N)\*(_ cosh N\ n N )
T 2sinh NA  2sinh2N)\/°

The member related to (Xo — 0)(Xny — ) is

A*
~ I N (4 Z sinh ¢\ sinh(N — s)\ — 2 cosh A Z sinh sAsinh(N — s)\ — sinh N Asinh )\)
* 1
~ )\—72 (sinh NA — NAcosh N)).
A Asinh® NA

The member related to 6(Xo + Xn — 26) is

sinh N\

*cosh N\ —1
(4Zsinhs)\ — QZSiDhS)\ — sinhNA) ~ —2)\7%.
sin
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The member related to 0* (X + Xn — 26) is

. 2 A*coshNA —1
A oL VA D _sinh s = 2 T Snh VA

And the member related to 62, 6*6, 0*2 is
N ((=2(N = 1) + N)O*2 + 2(N —1)06" — N6?) = —NX* (0" — 0)2.

Therefore, X§ — X3 — 20* X + 20* Xy + A\*(—2Fss + Fysq1 + 20*F5 — N0*?) becomes as

follows:

. . A* cosh N NA
(Xo— 0 )2 ~ Xy =0 )2 + By <_251nhN)\ + 2sinh2N)\> (Xo _0)2 + (Xn _9)2)

A* 1 A*coshNA —1
————— (sinh NA - N hN)A) (Xg—60)( Xy — 22—
+ ENEI) (sinh N\ Acosh N)) (Xo — 0)(Xn —0) + N Smh VX

* 2 2
_ NAY(6F — 0)2 +)\<_ta coshNA)j

(0" — 0)(Xo + Xy — 26)

A\ 2a 2a:sinh N

4.5.2.3 Q function

The standardization term is approximated as follows:

22° N 1 N
1 — e—2a*t/N _?1_04]? —y

+ o*.

By using the calculation results so far, the Q function is described as follows:

0 N1 (N n *> N1 .  Nto? n o < at . a*t*) o? n o < at a*t*) to? cosh N
=—h(—+a")——=Ino™ — — -
2 2 2t*0*2 2072 \a*t* at ) 2a 202 \a*t* ot 2sinh N

a* ot a*t* cosh N\ 1
— Xo—0)?+ (Xy — 0)? Xo—0)(Xy — )
20*2( *t*+ at>< 2sinhN)\(( o= O (v =0+ G Ko~ Xy —6)
a* a*t* NAcosh N
- Xo— 02+ (Xy—0)? X—QX—H)
+20*2( g+ ( 231nh2N)\(( 0= 07+ Xy =07) + = (Ko = 0)(Xy —0)
o o cosh N\ — *2
Pt — X Xy —20)) — *_9)?
+20*2 at sinh N\ ot An 0)> 20*2 (67 = 9)
a*

+ 59 (Xo = 0%)? = (X = 0)) + O(1/N).

20*2
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4.5.3 Parameter optimization
We optimize parameters by solving dQ/d6* = 0,dQ/da* = 0, dQ/da*2 = 0,and dQ/dt* = 0.
In this research, we optimize all parameters independently.
4.5.3.1 Optimization of 0

We solve dQ/do* = 0.

dQ/do* = —

« ( coshat — 1
202

"L (X + Xy — 26) — 2a(6° — 0) ~ 2(Xo - XN)>

So, 0* which satisfies dQ/df* = 0 is

1 [coshat—1
=0+ — | ——(Xo+Xny—-20)— (Xo— X
+at( sinh ot (Xo + Xy ) = (Xo N)>
2
=0+ ————— (Xy—e ¥ Xg—(1—c)0).
e+at(1+e_2m)( N —e Xy — (1—e7)p)

4.5.3.2 Optimization of «

o which satisfies dQ/da* = 0 is

. o+ (Xy —0)2— (Xo — 0)?
A ’

where

_ 0;2 ( 1  tcosh at> 2 ( at cosh ot

Z% = = - Xo—0)* + (Xn — 0)?
o \o  sinhot a \2sinh? ot QSinhat) (X0 = 0)" + (Xn = 0)7)

. 2 ( 1 at cosh at
o \sinh ot sinh? ot

) (X~ 6)(X — 0).
4.5.3.3 Optimization of o?

We solve dQ/ala*2 =0.

1
sinh ot

1 cosh at
%2 _ 2 2 o Xo — )2 Xn — 6)2
o =7 N<U +2a< ZSinhat(( 0= 0+ (Xn—0)7) +

(X0 - O)(Xx ~6)

+ a((Xo—0)* — (Xy — 9)2)>
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The highest order term results in 0*?> = ¢ which means ¢ will not change. Therefore, we

optimize in regards to second highest term.

2 _ - 2
0” = g (X — o™X — (1 - ™))

When we regard above o2 as 0*2, dQ/do*? will be zero up to second highest order if o2 is

converged sufficiently.

4.5.3.4 Optimization of ¢

We solve dQ/dt* = 0. Because t* is related to o and o, we consider ot = t*a, o2 = t*52,

dQ 1 1 1 sinh ot L

da’* 2 " 2at 2coshat + tag
da'* do o« 1 « sinh at o

(DY — D) + W((XO —0) — (Xy —0)?)

R S S at DO D@y T (X, -0)2 - (Xy —0)>
g da” "2 7% Jcoshat T 02! )+ 5z (Ko =0 = (Xn = 0)%),

and

do™? dQ N 1

N 1 sinhat 2ot Q@
dt* do™? 2 t*2( —t)- 4t*2 (t - athoshat + ?<D(l) * D<2))> a (X0 —0)* = (Xn = 0)%)

2t* o2
1 9sinhat  2at
L PR D<1>_D(2>>
42 < O oshat + o2 ( )

where
h N 1
DU — OS2 L (X — )2 (X — ) (X —
2sinh v (K0 =7+ (X = 0)7) + 2 (Xo = ) (X = 0)
N NAcosh N
D@ — 7 (Xg—0)2+(Xny—-0)2)+ " (X — ) ( Xy — 6
QsthNA(( 0—0)"+ (Xy—0)°) + SE NN (Xo—6)(Xn —0)

So, dQ/dt* is described as follows:

dQ da* dQ  do'*? dQ
dt*  dt* do’* ' dt* do’*

N 1 .
=5l —t)
sinhat = 2at
N 4 o 20t b0y L p@) )
42 ( cosh ot + o2 ( + )

- 412 <—t + at? (—2 . sioh at) + @(—D(l) + D(Q))) :

cosh at o2
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The highest order term results in t* = ¢ and we consider second highest term. In the case that

dQ/dt* = 0 for second highest order, the following equation consists.

! (p — p)

|+ g2 Sinbat 2at(D“) +D®) =t — af? (—2 +
U

n sinh at) L 2ot 2at
osh at o2

cosh at

Above equation becomes as follows:

hat
at(l— cosn e ) 2% —o.
sinh ot o2

Unfortunately, ¢ cannot be solved analytically and we use Newton’s method.

cosh at «
t)=at(1-— Rty 10
1) =a < sinhat) o2
df (t) ( coshat) ot o2 1 1 ) 2
o o\ 2% (— —(sinhat — 2atcoshat)((Xo — 0)> + (Xy — 0
dt “ sinh at sinh? ot o2 Sinh3at( 2(8111 o at cosh at) ((Xo )2+ (Xy )2)

+ (cosh atsinh at — at(1 + cosh? at))(Xo — 6) (X — (9))

S
= )

We optimize ¢ iteratively by using above equation.

4.5.4 Mixture OU process for multi-lineage differentiation

We denote the number of cell, gene, and lineage by C, GG, and K, respectively. We also denote

the index of cell, gene, and lineage by c, g, and k, respectively. We assume each lineage has different

attractor g, and the likelihood is given by

Cc G
(E‘S @ T H H P gc’Sgcagg7tC)

c=1g=1

C K G
= (Z Tl H P gc’ng Hgk,tc))
k
C K G N
= H (Z Tk H Z H P(chs|chs—179gk,tc/N)) y
k

=1 g: g(,e(EguSgc) s=1

where 7, is the probability of lineage k.

With the latent value Z. which is 1 of K representation and indicates the cell fate,
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P(X,Z|E,S,©,T)and P(Z|E, S,0,T) are given by

C K G N
P(X,2E,5,0,T) < [T T] (szck 111 p(chs\chs_l,egk,tc/N)zck)

g=1s=1

C K G
p(z|E,S,0,1) x [[ 1 (mf* 11 P(Egclsgc,ﬁgk,tf:)“) :

So, 7.k, which is the expectation of posterior probability of Z is represented as follows:

Tk Hngl P(Egc‘ng egka tc)
Zk’ 7'('2 H§=1 P(Egc’ng 0919’7 tc)

Yek = E[ch] -

To avoid overfitting, we added pseudo-count and re-defined -y, as follows:

k4001 444001
Tek T S (e £ 0.01) 1400l x K

Hereafter, we denote In P (X g|Scg, Zer = 1) by lger, and I, is described as follows:

N
lgck =In <H P(chs’chs—la 99k7 tc/N)>

N V V (1 4 B2 N-1 N—-2
=— 5l Z X204+ Vi By > XyesXgest1 + V1 (1 — By) ngchs
s=1
V 132
+ Vg By Xgeo Xge1 + Vg ByXgen Xgen—-1 = ¢ Xgeo = Vg ' By(1 = By)gr X geo
V—l
——X0N+V Y1 = By)0grXgen — Zv )20%,

And the Q function of lgct, (Qger) is

N, (N \ N, ., Nto;
Qgck =3 In (t’é + ag) -5 Ino,” — 2#5022
ay <agtc aétﬁ) 075 oy (agtc B o@tﬁ) tcag cosh N )y

+ +
2032 \ agts 205 2032 \ajti  agte ) 2sinh N

a; agte Qg Tt (1) a; agte B a;tz )
+ %2 e + ng %2 * 4% gck
2057 \ oGty agtc 2057 \ oGty aglc

ag agly ¢ 9 cosh NAg. — 1
- 2——————— (X Xgen — 20
2032 agt. ( gk gk) sinh N Age (Xgeo + Xgen gk)
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*Qt* Oé*
— g O = 03)” + 5 %5 (Xgco = 51)° = (Xgew — 0)%) + O(1/N),
g g
where
(1) _  coshNAg O 4 (X — 0.2 1 X0 M X o — 6
Dgck = " 9sinh N)\gc((XgCO gk) + ( gcN gk) ) + 7sinh N)\gc( gc0 gk)( gcN gk)
N NAyecosh N,
D(Z) . ((chO - Hgk)2 + (chN - egk)Z) + J ! (cho - ng)(chN - Hgk)-

9ck ~ " 9sinh? N ge sinh? N \ge

Thus, the complete Q function is

Q= EZ,X[IHP(X, Z,E‘S,@,T)] = ZZ <Vckln7rk +Z’)’cngck> +O(1/N)

c k g

4.5.4.1 Parameter optimization

The optimization equation is derived by solving the differentiation of the Q function likewise

the parameter optimization of single gene, cell, and lineage model.

4.5.4.2 Optimization of 0,

D ’YckTagtc) (Xgkny — e Xgpo — (1 — e %) 0g1)
Zc Vcktc

9;k == egk +

4.5.4.3 Optimization of o,

. Zc Zk Vek (77500'2 - (cho - egk‘)2 + (chN - egk)2>
g (Z Zk Yek cgk)

a

4.5.4.4 Optimization of o7

g C Z Z’}/gck — —20égtc <ng]\[ — e_agthgk:U — (]_ — e_agtc)egk)Q
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4.5.4.5 Optimization of ¢,

We optimize ¢, so that it satisfies following equation.

cosh oyt «
DD Yok (agtc (1 - e ) = 2U§Dﬁi> —0
g g

- sinh oyt

We used Newton’s method as follows:

Z Z cosh a4t. a
E g g

sinh a4t
df (t.) cosh agt,. aﬁtc
= ag [ 1—— +
dt. zk: g ek ( g sinh a4t,. sinh? Qglte

2

a 1 1 .

Ug T p— oot ( - i(smh agte — 204tc cosh agte) ((Xego — Hgk)2 + (Xegn — ng)2)
g

+ (cosh agte sinh agte — agte(1+ cosh? agte))(Xego — g ) (Xegn = Ogi)) )

_ f(ten)
R I OW)

4.5.4.6 Optimization of 7

_ Zc ek
M = e
Zc Zk' Yek!

4.5.5 Expected value of S

Thus far, we assume S¢4 (Xcg0) is given. However, it is unobserved practically and we have to

calculate expected value of Sg..

P(Eeg|Seg) P(Seq)

P(SC!]’ECQ) = P(Ecg)

x N (Ecg|eiatscg + (1 — e ")y, VQC) N (Seglog; Ugg)

N S V’_l,u’ + J(;‘gQMOQ 1
> YVt TVl to2)]
Og Og
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where

p=e By + (1 — ey

V/ — 62agtcvgc
0,2(1 _ ef2agtc>

Vie= -2
9¢ 20

Therefore, the expected values related to X .40 are given by

_ _ 2
) \ 1M, + 0092,u0g 1
E[Xcg()] = ) + )
V/—l + UOg V/—l +UOg

V,_lﬂl + U()Z?N(lg
— —2
V=l 40y,

E[XCQO] =

and we just substitute the above E[Xg0] and E[X 2 o] into X .40 and X2, respectively, for parameter

optimization.
4.5.6 The marginal log-likelihood

Sy is not observed and we have to marginalize over S, to calculate the marginal log-likelihood,

and it is described as follows:

/dsch<Egc‘e_athc + (1 - e_at)egka Vt])N(Sgc’MOW USg)

= N(Egele *pog + (1 — e )0y, V + e_QO‘tUSg).
Therefore, the log-likelihood of FE is

I(E) =) log (Z 7 JTN (Begle ™ og + (1 = e7%0) 04, Vy + e2a9t6039)> '
c k g

4.5.7 A procedure of parameter optimization

In this research, we used following parameter optimization procedure to avoid sub-optimal so-
lutions.

Firstly, we initialized pseudo-time . based on dimension reduction approach and «, 03, 04 by
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using the model of K = 1.

1) Add the mean of initial distribution (110 = {t04|g = 0, ..., G}) as a root to single-cell expres-

sion data, and perform principal component analysis.

2) Calculate minimum spanning tree with Prim’s algorithm on D dimensional latent space and
calculate the shortest path from root (1) to a cell ¢ and define the standardized of the total
weight of the shortest path as the initial value of ¢, (In this research, we set D = 2 unless we

refer).
3) Set the initial value of ¢, to the mean of the expression (6, = % chzl Eg).
4) Initialize oy, 03 (In this research, we set oy = 5.0, 03 = 1.0).
5) Optimize «y, 03, 64 with SCOUP of K = 1 by EM algorithm with 10 iterations.

Secondary, we optimize parameter of mixture model. Because parameters fell into a sub-optimal
solution which shows wrong order of cells when we optimized all parameter simultaneously, we

optimized parameters except t. at first.
1) Initialize 64, with 6, calculated by above procedure.

2) Initialize the expectation of a latent value of a cell (7.x) randomly and calculate other statistic,

and optimize ay, ag, and 0y, with M-step.
3) Run E-step to calculate ., and other statistic.
4) Run M-step to optimize ay, O'S, and 64y,

5) Return to step 3 until the number of iterations reach m; (In this research, we set

m1 = 1,000.).
Lastly, we optimize all parameters.
1) Run E-step

2) Run M-step. We optimize t. at first, and optimized other parameters after that.
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3) Stop the parameter optimization if e~ gtmax 00— e~ Cotmag) |

|U;2(1_C—2a;tmax) B 0_52](1_0—2agtmax)

20 5oy |, and |t} — t.| are under e (In this research, we set
e = 0.01). We used these values to check convergence because these are meaningful values

and o, and 03 can change together so that the likelihood does not change (see next section).

4) Stop the parameter optimization if the number of iterations reach mo (In this research, we
set mo = 10, 000 and verified that parameters are converged before 1 iterations under most

conditions).
5) Return to step 1.

ag can be very large and small which is meaningless to estimate accurately and we set lower
and upper bounds to amin = 0.1, amax = 100 and set oy = min (Omax) if oz; is under (over) amin
(Qtmax)- 03 can be significantly small and we set the lower bound similar way (o2;, = 0.1). We
also set the bounds of pseudo-time so that the lower bound is ¢, = 0.001 and the upper bound
is tmax = 2.0. For pseudo-time (t.) optimization, we stop the Newton’s method if |ten+1 — ten
is lower than € or the number of iteration reach 100. The solution of Newton’s method ¢. can be

incorrect value and we set the new parameter of ¢. to the time whose likelihoods are highest in the

three case: t. is old time; ¢, is the solution of Newton’s method; . = tyin; and t. = tmax.

4.5.8 Validation of parameter optimization method

In this section, we validated the parameter optimization method with simulation data. We gener-
ated simulation data with C' = 100, G = 500, and K = 1, and each parameter was sampled so that
te = Ug[0,1], ag = Ug[0.1,10], 072 = Ug|0.1,100], and 0, = Ug[—5, 5], where Ug[a, b] is a uni-
form random number from a to b. All of the initial distributions of the gene were N (X400, 1.0) and
X g0 was sampled from the distribution. To complete the scale of the parameters, we set tmq, = 1.0.
With above conditions, we sampled the expression data from the normal distribution based on OU
process, and applied this simulation data for SCOUP.

Firstly, we compared the values of estimated parameters with those of true parameters (Fig-
ure 4.9(A,B,C,D)). The values of estimated time is highly correlated with true values (r2 = 0.94).
The difference between estimated time and true time becomes large for large ¢.. This is because

the distribution of OU-process becomes stationary distribution for ¢ sufficiently large, and the fluc-
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tuation of the value of optimized ¢. will be large for such condition. The values of estimated 6, is
also highly correlated with true values (r?> = 0.96). But estimated 6, of a few genes are different
from true values significantly. This will be because the influence of ¢, on the distribution is signif-
icantly small when oy ~ 0, and hence, the value of 0, is unstable in such condition. The values of
estimated o, and ag are highly correlated with true values (r2 is 0.79 and 0.77, respectively), but
estimated o, and 03 of some genes are significantly larger than true values. This is because that
the distribution of different o, and 03 will be almost equal for the gene of 6, ~ 1194 as long as the
balance between o, and 03 are kept, and the estimated absolute values will be unstable. Then, we
investigated the value of mean (e~ “'6,) and variance (03(1 — e 2t) /2q,) of OU process at time
t = 1 (Figure 4.9(E,F)). The values of estimated mean and variance are highly correlated with those
of true mean and variance (0.99 and 0.94, respectively), and hence, SCOUP succeed to reconstruct
the original probabilistic distribution with high accuracy.

Next, we investigated that the log-likelihood of optimized parameters is higher than those of
varied parameters. Figure 4.10 is the example of the log-likelihood curve with respect to time
parameter of a cell (¢.), and the value of optimized t. is drawn with x-mark. The log-likelihood
of the optimized ¢, is located in the top of the log-likelihood curve. As shown in Figure 4.10(C),
the log-likelihood are almost equal 0.5 < t. because the distribution will almost be equal to the
stationary distribution for large t.. Figure 4.11 is the example of the log-likelihood surface with
respect to oy and 0, of a gene. The log-likelihood of the optimized o and 0, are located in the
top of the log-likelihood surface. Figure 4.12 is also the example of the log-likelihood surface with
respect to 03 and ¢, of a gene. The log-likelihood of the optimized 03 and ¢, are located in the
top of the log-likelihood surface. Figure 4.13 is also the example of the log-likelihood surface with
respect to 6, and 03 of a gene. Although the log-likelihood of the optimized c, and 03 are located in
the top of the log-likelihood surface, the log-likelihood are almost equal for 03 ~ 20 x a4 regarding
a gene (Figure 4.13(C)). This is because that the distribution of different oy and 03 will be almost
equal in some conditions as mentioned in the above paragraph.

Although the values of optimized parameters have potential to be unstable in some conditions,
the mean and variance of OU process are stable and the log-likelihood of optimized parameters are

highest. Therefore, we conclude that SCOUP succeed to optimize parameters.
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Figure 4.9. Comparison between the estimated values and true values: (A) for pseudo-time (t), (B) for 0,
(C) for g, (D) for ag, (E) for mean, (F) for variance. The outlier whose estimated value exceeds the boundary
of drawing area is visualized in the border with a red circle for visualization.
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Figure 4.10. The log-likelihood curve with respect to t. of a cell. The optimized .. is indicated with x-max.
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Figure 4.11. The log-likelihood surface with respect to oy and ¢, of a gene. The color of a pixel represents
the log-likelihood and black represents the highest log-likelihood. The optimized (cy, 6) is indicated with
X-max.

Figure 4.12. The log-likelihood surface with respect to O'g and 6, of a gene. The color of a pixel represents
the log-likelihood and black represents the highest log-likelihood. The optimized (03, 6,) is indicated with

X-max.

Figure 4.13. The log-likelihood surface with respect to oy and 03 of a gene. The color of a pixel represents
the log-likelihood and black represents the highest log-likelihood. The optimized (o, 03) is indicated with
X-max.
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4.5.9 Caell lineage estimation with Gaussian mixture model

We estimated cell lineage with Gaussian mixture model (GMM) implemented in mclust package
[71]. The AUC values of mclust for Kouno’s data(2) (¢ = 0.0) and Moignard’s data are 0.86 and
0.96, respectively, and both of them are inferior to those of SCOUP (0.99 and 1.0). Figure 4.14 and
4.15 show cells of Kouno’s data and Moignard’s data in the space of first two PCs and the colors of
cells indicate the genuine cell lineage (left), the lineage estimated using SCOUP (middle), and the
lineage using mclust (right). GMM cannot estimate cell lineage correctly for cells at an early stage
of bifurcation because GMM does not count the time axis and will work well only for cells whose
expression pattern changes sufficiently after bifurcation. Moreover, mclust seems to overfit the 4SG
cells around (-6, 0) in the PCA space, and failed to distinguish a portion of 4SG cells for Moignard’s
data (Figure 4.15). This is because GMM will fit to the position in which large number of cells exist,
and GMM cannot estimate the path of bifurcation in the condition that cells are unevenly distributed

. Therefore, it is important to count time axis to analyze expression for cells during bifurcation.

Annotation SCOUP mclust

Figure 4.14. PCA of cells of Kouno’s data based on gene expression. The cell colors indicate the genuine
lineage (left), lineage estimated with SCOUP (middle), and lineage estimated with mclust (right). The color
for SCOUP is defined by .9; black, 0.5; red, 0.0; and blue, 1.0. The color for mclust is defined by expectation
of latent values; black, 0.5; red, 0.0; and blue, 1.0. The color of each state is consistent among plots.



mclust

Figure 4.15. PCA of cells of Moignard’s data based on gene expression. The cell colors represent the genuine
lineage (left), lineage estimated with SCOUP (middle), and lineage estimated with mclust (right). The color
for the genuine lineage is defined by the annotation of the cell; yellow, HF; red, 4SG; and purple, 4SFG™.
The color for the SCOUP analysis is defined by ~.g; black, 0.5; red, 0.0; and blue, 1.0. The color for the
mclust analysis is defined by expectation of latent values; black, 0.5; red, 0.0; and blue, 1.0. We determined
the color of each state so that they are consistent among each plot.

4.5.10 Annotated pairs in the top 1,000 Cra. and Csiq values

As described in the main manuscript, we investigated whether the target genes of a transcription
factor (TF) can be predicted under the assumption that the expression of a TF and its target genes
are highly correlated. The top 1,000 Crayw and Csyq values contained correlations of There are 24
and 27 annotated pairs in the top 1,000 Craw and Cgyq values, respectively (Table 4.6). Only three
annotated pairs (UHRF1, RRM2), (MCMS5, RRM2), and (MCM4, RRM2), were common between

the 24 Craw correlation values and the 27 Csq correlation values.
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Table 4.6. The annotated pairs in the top 1,000 Cr,y and Csy values. The left and right tables correspond
to Craw and Clsy, respectively. The first column of each table contains the TF names and the second column
lists the target gene names. The third column contains the Cr,y, or Csyq of the pairs.

TF target gene | CRraw TF target gene Csu
IFIT1 RTP4 0.761 || UHRFI RRM2 0.666
IFIT1 IF147 0.760 || MCM5 RRM2 0.644
IFIT1 OASL2 | 0.746 || MCM4 RRM2 0.557

IF1205 IF147 0.702 || MCM5 CDCAS 0.489
IRF7 IF147 0.699 || ATAD2 RRM2 0.486
IRF7 OASL2 | 0.694 | MCM3 RRM2 0.482

UHRF1 RRM2 0.681 || UHRFI CDCAS 0.480

IF1205 RTP4 0.681 || CENPA TOP2A 0.476
IFIT3 MPA2L | 0.681 || MCMS5 TOP2A 0.470
IFIT1 USP18 0.680 || MCM3 | 2810417H13RIK | 0.464

IF1205 PYHINI | 0.658 || HMGB2 TOP2A 0.447

IF1203 RTP4 0.655 || MCM3 TOP2A 0.447

MCM5 RRM2 0.653 PLD4 FCGR2B 0.445
IRF7 USP18 0.651 || MCM5 MAD2L1 0.437

PARP14 IF147 0.649 || H2AFZ | 2810417H13RIK | 0.434

IFIH1 IF147 0.645 || MCM4 TOP2A 0.432

IFIH1 RTP4 0.641 || ATAD2 | 2810417H13RIK | 0.422

IFIH1 OASL2 | 0.637 || MCM4 CDCAS 0.421
IFIT1 IGTP 0.619 || MCM5 DNAIJC9 0.421

IF1205 MPA2L | 0.605 || ATAD2 TOP2A 0.413
IRF7 RTP4 0.593 || MCM5 DTYMK 0.408

IFI205 GBP2 0.592 || MCM4 DTYMK 0.408

PARP9 USP18 0.587 || H2AFZ TOP2A 0.404

MCM4 RRM2 0.584 || MCM4 ANP32E 0.402

MCM4 LBR 0.402
UHRF1 CKSI1B 0.387
MCM3 ANP32E 0.383
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