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Abstrakt

Krátke tandemové opakovania (STR) sú vysoko polymorfné oblasti ľudského genómu,
ktoré zohrávajú kľúčovú úlohu v genetickej identite, populačných štúdiách a pri čo-
raz väčšom počte ochorení spôsobených expanziou opakovaní. Ich repetitívna povaha
predstavuje značné výpočtové výzvy.

Táto práca predstavuje nový štatistický model na predikciu štruktúry STR založený
na algoritme Expectation Maximization. Model zvyšuje presnosť genotypovania inte-
gráciou populačných údajov o alelách, referenčného genómu, zarovnaní čítaní z NGS na
kandidátne alely a prostredníctvom pravdepodobnostného spresňovania. Vyhodnote-
nie oproti existujúcim nástrojom pomocou referenčných údajov Genome in a Bottle
preukázalo lepší výkon nášho modelu pri minimalizácii chýb. Náš model dosiahol na-
jnižšiu priemernú absolútnu chybu a aj strednú kvadratickú chybu a presne identifikoval
patogénne expanzie. Táto práca prispieva robustnou pravdepodobnostnou metodikou
k analýze STR.

Kľúčové slová: Krátke Tandemové Opakovania (STR), Expectation Maximization
algoritmus, Expanzné ochorenia
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Abstract

Short Tandem Repeats (STRs) are highly polymorphic regions of the human genome,
critical for genetic identity, population studies, and as causative factors in a growing
number of repeat expansion diseases. Accurate STR genotyping presents substantial
computational challenges due to their repetitive nature.

This thesis introduces a novel statistical model for STR structure prediction based
on the Expectation Maximization (EM) algorithm. The model enhances genotyping
accuracy by integrating population allele data, a reference genome, and NGS read
alignments to candidate alleles through probabilistic refinement. Evaluation against
established tools using Genome in a Bottle reference data demonstrated the EM-based
model’s superior performance in minimizing error magnitudes, notably achieving the
lowest Mean Absolute Error and Root Mean Squared Error, and accurately identifying
pathogenic expansions. This work contributes a robust probabilistic methodology for
STR analysis.

Keywords: Short Tandem Repeats (STRs), Expectation Maximization (EM) algo-
rithm, Expansion Diseases
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Introduction

Short Tandem Repeats (STRs) are dynamic regions of the human genome characterized
by consecutive repetitions of short DNA sequence units. These repeats play a critical
role in genetic variation and have significant implications for human health and iden-
tity. Their high variability among individuals makes them vital markers for forensic
DNA profiling, paternity testing, and population genetics research. Furthermore, the
expansion of STRs beyond normal polymorphic ranges is linked to a growing number
of debilitating neurological and developmental disorders, collectively known as repeat
expansion diseases. The accurate determination of STR allele structures, or STR geno-
typing, is therefore important for both clinical diagnostics and a deeper understanding
of genomic diversity.

Despite their significance, the precise genotyping of STRs, particularly from Next-
Generation Sequencing (NGS) data, presents substantial computational challenges.
The repetitive nature of STR sequences can lead to ambiguous read alignments, while
the use of a single linear reference genome can introduce biases in allele estimation. Ad-
ditionally, NGS technologies can exhibit higher error rates in these repetitive regions,
and PCR amplification during library preparation can introduce stutter artifacts, fur-
ther complicating the accurate interpretation of read data. These factors collectively
contribute to potential inaccuracies in STR structure prediction, necessitating sophis-
ticated computational approaches.

Several bioinformatics tools have been developed to address these challenges, em-
ploying diverse strategies such as sequence graph models and Hidden Markov Models to
interpret STR regions from sequencing data. While these methods have significantly
advanced the field of STR genotyping, the complexity of STR loci and the nuances
of NGS data means that achieving high accuracy, especially for complex or highly
expanded alleles, remains an active area of research. Different tools exhibit distinct
error profiles and may struggle with specific types of STRs or sequencing artifacts,
highlighting the ongoing need for novel algorithmic development.

This thesis presents a novel approach to STR structure prediction through the devel-
opment and evaluation of a statistical model based on the Expectation-Maximization
(EM) algorithm. Our model aims to enhance the accuracy of STR allele structure
prediction by leveraging probabilistic refinement. It integrates information from pop-
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2 Introduction

ulation allele data, a reference genome, and the alignment of short NGS reads to
candidate allele sequences. By iteratively estimating the probability that each read
originates from a predefined set of candidate alleles, the EM algorithm seeks to con-
verge on the most likely alleles and, consequently, the diploid genotype for a given STR
locus.

The primary objectives of this research were threefold: first, to design a robust
statistical model for STR structure prediction utilizing the Expectation-Maximization
framework, tailored to handle the difficulties of short-read sequencing data. Second,
this work aimed to implement the designed model as a functional bioinformatics tool
capable of processing standard genomic data inputs. Finally, a crucial goal was to con-
duct a rigorous performance evaluation of the implemented EM-based tool by compar-
ing its accuracy against established STR genotyping tools, namely ExpansionHunter
and Dante, using high-confidence reference materials from the Genome in a Bottle
(GIAB) consortium.

This thesis is structured to systematically present our research. It begins by
providing essential Biological Background, covering key concepts in Molecular Biol-
ogy, Genome Sequencing, Sequence Alignment, and Short Tandem Repeats, including
their applications and the computational challenges they pose. The second chapter
delves into the Statistical Background, explaining Bayes’ Theorem and the Expectation-
Maximization algorithm which form the theoretical foundation of our model. Chapter 3
then reviews Current Tools for STR Structure Prediction, offering context on existing
methodologies. Our contribution is detailed in Chapter 4, which describes the EM-
based STR Structure Prediction model, covering its theoretical formulation and specific
implementation details. The performance of this model is then rigorously assessed in
Chapter 5, presenting Results and Benchmarks, including a direct comparative analysis
against leading tools.

The thesis concludes by summarizing the key findings, discussing the limitations of
the current work, and suggesting potential avenues for future research in this area.



Chapter 1

Biological Background

Here we lay the biological groundwork necessary for understanding Short Tandem
Repeats (STRs) structure prediction from population data. This chapter gradually
builds the foundational knowledge, beginning with the basic molecular components of
genetics and culminating in the specific characteristics of STRs.

1.1 Introduction to Molecular Biology

1.1.1 DNA

Deoxyribonucleic acid (DNA) is the molecule that carries the genetic instructions es-
sential for the function and reproduction of all living organisms. These instructions are
encoded in the sequence of nucleotides, which are the building blocks of DNA. Each
nucleotide consists of a phosphate group, a deoxyribose sugar, and a nitrogenous base:
adenine (A), thymine (T), cytosine (C), or guanine (G).

The structure of DNA is famously described as a double helix, a term used by James
Watson and Francis Crick in 1953 [16]. This double helix consists of two strands of
nucleotides twisted around each other (Figure 1.1). The strands are held together by
bonds between the bases, adenine always pairing with thymine (A-T ) and cytosine
always pairing with guanine (C-G). This rule is known as complementary base pairing.

Each strand of DNA has a directionality, referred to as the 5′ to 3′ orientation. This
directionality impacts how DNA is synthesized and how genetic information is read and
processed within cells. The two strands of the double helix run in opposite directions.
This antiparallel nature is essential for the formation of the helical structure.

This double helix structure of DNA is nature’s solution to ensure the accurate du-
plication of genetic information with minimal errors. The complementary base pairing
allows each strand to serve as a precise template for the synthesis of a new strand.
This structure supports the stable inheritance of traits and the proper functioning of
living organisms across generations.

3



4 CHAPTER 1. BIOLOGICAL BACKGROUND

The organized structure of DNA allows us to represent it as a string of letters, with
each letter corresponding to one of the four bases (A, T, C, G). This representation is
useful for computational analysis.

Figure 1.1: Illustration of the DNA double helix structure, composed of two phos-
phate backbones (light blue) and four types of nitrogenous bases: Adenine (red),
Thymine (yellow), Cytosine (green), and Guanine (blue). Adenine pairs specifically
with thymine, and cytosine pairs with guanine, forming the rungs of the helical ladder.
(OpenStax College, CC BY 3.0 <https://creativecommons.org/licenses/by/3.0>, via
Wikimedia Commons)

1.1.2 Genome

The complete set of genetic material in an organism is referred to as its genome. The
genome encompasses all the DNA molecules and serves as the blueprint for all cellular
activities. Genome lengths vary significantly among different organisms. For example,
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the genome of the bacterium E. coli contains 4.6 million base pairs, the human genome
contains 3.2 billion base pairs, and some plants, like Tmesipteris oblanceolata, have
genomes of size 160 billion base pairs.

Each cell in an organism contains a complete copy of the genome, organized in
chromosomes, ensuring that every cell has the full set of necessary instructions.

However, the genome is not static. It exhibits diversity within populations due
to various types of genetic variation, arising from errors during DNA replication or
damage from external factors (e.g., radiation, chemicals). Common variations include
single nucleotide changes, insertions or deletions of bases, and changes in the number
of repeats in repetitive regions. Repetitive regions, such as Short Tandem Repeats
(STRs), are particularly prone to variation, making them a rich source of genetic
diversity and a central focus of this work.

1.1.3 Chromosomes

Within cells, DNA is organized into structures called chromosomes. Chromosomes are
long, thread-like molecules of DNA wrapped around proteins. This packaging allows
the vast amount of genetic material to fit within the cell.

Humans are diploid organisms, meaning each of their cells contains two full sets of
chromosomes, one set inherited from the mother and the other from the father. This
gives a total of 23 pairs of chromosomes. Each pair includes two chromosomes that
carry the same types of genetic information.

A specific physical position or location on a chromosome is called a locus (plural:
loci). A locus can be thought of as a specific address. It might correspond to the
location of a specific gene, a regulatory element, or a repetitive feature like STRs.

At many loci, the DNA sequence can vary between the chromosomes within the
pair. These different versions of a sequence are called alleles. For example, alleles
at a particular locus might influence traits such as eye color, blood type, or disease
susceptibility. Because humans are diploid, they typically carry two alleles.

The specific combination of alleles an individual possesses is known as their geno-
type, which contributes to their phenotype, the observable traits and characteristics.

1.2 Genome Sequencing

Genome sequencing is the process of determining the order (sequence) of nucleotides
within an organism’s DNA. The landmark Human Genome Project [8], completed in
2003 after 13 years of research, provided the first comprehensive sequence of the human
genome. This project involved sequencing the DNA of several individuals to create a
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reference genome, which serves as a standard template for comparing and assembling
new genomic sequences.

Over time, the Genome Reference Consortium has iteratively improved the hu-
man reference genome. Widely used assemblies such as GRCh37 [3] and its successor
GRCh38 [13] have offered increasingly accurate and complete representations. How-
ever, even GRCh38 contained gaps and was primarily derived from a small number
of individuals (as discussed in articles [13, 12, 10]). To address these limitations, the
Telomere-to-Telomere Consortium recently released T2T-CHM13, the first gapless se-
quence of a human genome [12], resolving previously intractable regions. Concurrently,
to better represent human genetic diversity, the Human Pangenome Reference Con-
sortium has developed a draft pangenome reference [10], which integrates data from
diverse populations and moves beyond the constraints of a single linear sequence.

The Next-Generation Sequencing (NGS) has advanced the field by enabling the
rapid sequencing of large amounts of DNA. NGS technologies can process millions
of DNA fragments simultaneously, making sequencing faster and more cost-effective.
NGS works by fragmenting the DNA into smaller pieces, which are then sequenced in
parallel. The resulting short reads, typically 100-500 base pairs in length, are aligned
to a reference genome to reconstruct the entire genome (Figure 1.2).

A key concept in NGS is coverage depth, which refers to the average number of
reads that cover a specific base position in the genome. High coverage (often 30x to
over 1000x) is essential for accuracy, allowing sequencing errors in individual reads to
be corrected by determining the consensus nucleotide based on the majority of reads
covering that position. This redundancy helps achieve typical NGS error rates between
0.1% and 1%.

Despite its advantages, NGS presents several challenges. The massive volume of
data generated requires advanced tools for storage, processing, and analysis. Another
limitation of NGS is the short length of the reads it produces. This makes it difficult to
accurately reconstruct the original genome sequence, especially in repetitive regions.
The specific difficulties arising from the small length of reads are discussed in more
detail in Section 1.4.4.

To manage and analyze NGS data, several standard file formats are widely used.
The Sequence Alignment Map (SAM) format is a text-based format for storing bio-
logical sequences aligned to a reference sequence. SAM files are human-readable and
provide detailed information about the alignment of reads. The Binary Alignment Map
(BAM) format is the compressed binary equivalent of SAM. BAM files store the same
information but are more compact, enabling faster processing and reduced storage re-
quirements. They are typically indexed for efficient random access. The FASTA format
is a text-based format for representing nucleotide sequences, often used for reference
genomes. Its simplicity allows for easy manipulation with basic text-processing tools.
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Figure 1.2: High-level visualization of the genome sequencing steps. The target genome
is broken down by the sequencing technology into short reads which are then aligned
to the reference genome.

1.3 Sequence Alignment

Once short reads are generated by NGS technologies, a crucial step for genomic analyses
is to determine their precise origin within the reference genome. This is achieved
through sequence alignment. This process compares a query sequence (e.g., an NGS
read) to a reference sequence (e.g., a chromosome or the entire genome) to identify
regions of similarity. The primary goal is to map each read to its corresponding locus,
reconstructing how the sequenced fragments piece together along the reference.

Several alignment strategies exist, tailored to different questions and sequence char-
acteristics. Global alignment aims to find the optimal alignment across the entire length
of two sequences, suitable when they are expected to be similar end-to-end. Local align-
ment identifies the highest-scoring regions of similarity between subsequences, even if
the overall sequences are largely divergent.

For mapping NGS reads to reference sequences,semi-global alignment is often the
most appropriate strategy. In semi-global alignment, the entire query sequence is
aligned against a portion of the longer reference sequence. A defining characteristic is
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that gaps at the beginning or end of the longer reference sequence are not penalized, or
are penalized significantly less. This approach is ideal because an NGS read represents
only a small fragment of the genome and is not expected to align to the entire reference
from start to finish. Instead, the objective is to find the best possible fit for the entire
short read somewhere within the much larger reference. This allows the read to be
mapped accurately even if it originates from the middle of a chromosome.

Alignment algorithms, classically based on dynamic programming (e.g., Needleman-
Wunsch for global, Smith-Waterman for local, and variations for semi-global), utilize
scoring schemes that award points for matching bases and penalize mismatches and
gaps. The optimal alignment is the one that maximizes this score. Due to the sheer
volume of NGS data, practical read aligners often employ heuristic algorithms (e.g.,
based on seed-and-extend strategies) to achieve the necessary speed and efficiency while
approximating the optimal alignment.

Alignment can be particularly challenging in regions with high sequence similarity
to other parts of the genome, or in regions containing repeats or extensive variation
relative to the reference, which can lead to ambiguous or incorrect read placements.

1.4 Short Tandem Repeats

Short Tandem Repeats (STRs) are regions of DNA characterized by consecutive rep-
etitions of a short DNA sequence unit, known as a motif (Figure 1.3). These motifs
typically range from two to six base pairs in length. For example, motif repeats form
sequences like GATAGATAGATA or GATA[3].

STRs can be classified into perfect, imperfect and compound repeats. Perfect re-
peats are uninterrupted repetitions of the exact same motif, such as CAG[20]. Imperfect
repeats contain occasional variations, also called interruptions, such as CAG[8]AAG[1]CAG[12].
Compound repeats consist of adjacent STRs with different repeat motifs, such as
GATA[10]GAC[8]. STRs are distributed at variable density throughout the entire
genome.

Figure 1.3: Visualization of an STR locus with the motif CTG repeated 8 times.

1.4.1 STR Genotyping

Genotyping is the process of identifying variations in the genotype of an individual
by analyzing the DNA sequence. The number of motif repetitions at a specific STR
locus is highly variable among individuals within a population, a phenomenon known
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as length polymorphism. In humans, each individual inherits two alleles for each STR
locus, one from each parent. This diploid nature of the human genome means that
genotyping must be done for both alleles at each locus. The combination of these
alleles constitutes an individual’s unique genetic profile.

1.4.2 High Variability of STRs

The instability in STRs is primarily caused by replication slippage [7]. During DNA
replication, the repetitive sequence allows the new strand to detach and align incor-
rectly with the template strand, leading to expansion or contraction of the repeat units.
Factors such as the motif length, the number of repetitions, the sequence of the re-
peat unit, and the imperfections within the repeats influence the frequency of strand
slippage and contribute to the high mutation rates in STRs.

1.4.3 Applications of STRs

Short Tandem Repeats (STRs) have diverse biological consequences and practical ap-
plications. Biologically, STRs can influence processes such as disease pathogenesis,
interference with DNA replication and repair, transcriptional regulation, RNA toxic-
ity, and protein aggregation. In addition, STRs play a key role in applied fields such
as forensic DNA profiling.

The high variability of STRs results in a spectrum of allele sizes within a popula-
tion. For many STR loci, there is a ’normal’ range of repeat counts that are stably
inherited and do not cause disease. However, an increase in the number of these repeat
units beyond a certain critical point, termed an expansion, is closely linked to genetic
disorders, known as repeat expansion diseases [9]. These disorders manifest when the
number of repeat units in a specific STR exceeds a pathogenic threshold, leading to
the formation of abnormal DNA. For instance, in Huntington’s disease, the HTT gene
contains a CAG trinucleotide repeat. Individuals with fewer than approximately 27
CAG repeats are generally unaffected, while expansions to 40 or more repeats are fully
penetrant for the disease [14]. Similarly, in Fragile X syndrome, the expansion of a
CGG repeat in the FMR1 gene beyond approximately 200 units (compared to a normal
range of 5–44 repeats) leads to gene silencing and the disease phenotype [15]. These
expanded repeats can cause disease not only through the production of abnormal or
toxic proteins but also by disrupting normal DNA and RNA processing [11].

STRs can form alternative DNA structures. These structures can physically block
the action of repair enzymes during DNA replication and repair [11]. These structures
create physical barriers that impede the progression of replication. As a result, they
promote even higher instability and expansion of the repeat units.
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Figure 1.4: Application of STR genotyping in forensic DNA profiling for paternity
testing. The unknown subject’s STR alleles are matched to known databases.

In forensic DNA profiling, STR length is used to accurately identify individuals [2].
Due to their natural instability and high variability, STRs enable highly accurate
matching of DNA samples. Genotyping STR alleles based on length polymorphism
is valuable for forensic analysis, paternity testing (Figure 1.4), and population genetics
research.

1.4.4 Computational Challenges

Predicting the structure of STRs from short read sequencing data presents several
computational challenges.

One of the main computational difficulties in predicting STR structures is aligning
short NGS reads to the reference genome. Because STRs consist of highly repetitive
sequences, alignment algorithms struggle to correctly place each read in its proper
location. This leads to frequent misalignments, resulting in inaccurate estimates of
STR lengths. The challenge is similar to trying to assemble a puzzle where most pieces
look nearly identical—without clear landmarks, it becomes difficult to determine the
correct placement, increasing the likelihood of errors.

The use of a reference genome introduces biases in STR detection. The reference
genome does not perfectly represent the STR regions in all individuals. This bias can
result in the underestimation or overestimation of STR lengths, affecting accuracy. The
variability in STR loci across different populations further compounds this issue.

NGS technologies, producing short reads, often exhibit higher error rates in repet-
itive regions. Sequencing errors, such as insertions, deletions, and substitutions, are
more likely to occur in STR regions. These errors complicate distinguishing true STR
variations.

STRs exhibit complex variations, which are challenging to detect. The repetitive
motifs within STRs can be affected by various mutations, causing a wide range of
structural variations.

Polymerase Chain Reaction (PCR) amplification of STR regions can introduce stut-
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ter artifacts, where additional repeat units are erroneously added or deleted. These
artifacts complicate the interpretation of STR structure.

Processing of large volumes of NGS data, accurate alignments and STR genotyping
require substantial computational power and storage. Efficient data management and
computational solutions are essential for the accurate analysis of STR regions.

Finally, the coverage depth largely influences the accuracy of STR genotyping.
Low coverage can result in missed or inaccurately predicted alleles. However, higher
coverage requires significantly more computational resources.

Figure 1.5: An example of sequencing a repetitive STR region. Green reads align with
the same count of motif repetitions, showcasing the underlying STR structure.
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Chapter 2

Statistical background

To establish a foundation for the statistical methods used in our STR structure pre-
diction model, this chapter introduces key probability concepts used in our approach.
We begin by exploring Bayes’ theorem, followed by an explanation of the Expectation-
Maximization algorithm.

2.1 Bayes’ Theorem

Bayes’ theorem is a fundamental result in probability theory that describes how to
update the probability of a hypothesis based on new evidence. It is expressed as:

P (H | E) =
P (E | H) · P (H)

P (E)

where P (H | E) is the posterior probability of hypothesis H given evidence E,
P (E | H) is the likelihood of observing evidence E given hypothesis H, P (H) is the
prior probability of hypothesis H, and P (E) is the marginal probability of observing
evidence E. It provides a principled way to incorporate prior knowledge and update
beliefs in light of new data.

2.2 Expectation-Maximization Algorithm

The Expectation-Maximization (EM) algorithm is a statistical method designed to
optimize model parameters θ when dealing with data that include unobserved or hidden
variables Z. It provides a framework for estimating maximum likelihood (ML) or
maximum a posteriori (MAP) values by iteratively refining parameter estimates θ.
The core idea of the EM algorithm lies in leveraging the observed data X and partially
inferring the hidden structure of the data Z. By cycling, indexed by t in each iteration,
between two complementary steps—the Expectation (E) step and the Maximization

13
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(M) step—the EM algorithm gradually refines its model parameters θ(t) to better fit
the observed data X.

The algorithm begins with an initial approximation of the model parameters θ(0),
which can be derived from prior knowledge, heuristics, or even random selection.
This initial state θ(0) serves as the starting point for the iterative process. While the
choice of initialization does not guarantee reaching a global maximum of the likelihood
functionL(θ | X), it significantly influences the quality and speed of convergence.

In the E-step, the algorithm estimates the expected values P (Z | X) given the
current model parameters θ(t). It uses the observed data X to infer the probabilistic
distribution of hidden components Z under the assumption of the current parameter
settings θ(t). Intuitively, this step provides information on how well the current model
explains the dataset.

The M-step refines the model parameters θ(t), yielding new parameter estimates
θ(t+1), by maximizing the likelihood L(θ;X). This step corresponds to updating the
model parameters to align the model closer to the observed reality—in other words, to
maximize agreement between the estimates of Z and the data X, making the model’s
predictions progressively better.

The algorithm converges when the difference in parameter updates
∥∥θ(t+1) − θ(t)

∥∥
falls below a predefined threshold, signifying that further iterations will not yield sig-
nificant improvement.

The EM algorithm is particularly useful in our work due to its ability to manage
incomplete data, in our case unknown STR structures, and iteratively refine parameter
estimates.



Chapter 3

Current tools for STR structure
prediction

This chapter reviews existing tools for STR genotyping. These tools address the chal-
lenges of repeat structure inference using approaches such as sequence graphs and hid-
den Markov models. They will later serve as benchmarks for evaluating the accuracy
of our method.

3.1 Expansion Hunter

ExpansionHunter [6] (EH) is a tool designed for genotyping STRs by using a sequence
graph to represent genomic regions.

A sequence graph is a data structure that represents the reference sequence along
with its known variations. Nodes in the graph represent sequence segments, while edges
define possible connections between these segments. This structure is useful for STRs
because it can naturally represent variable repeat counts using cycles within the graph.
Sequence graphs model adjacent motifs, such as the (GCAG)*(ACAG)*(AC)* pattern in
the CNBP gene associated with Myotonic Dystrophy type 2 (DM2), as distinct paths.

The methodology of EH involves several key steps. First, EH requires a predefined
variant catalog that specifies the target loci. The structures of these loci are defined
using a form of regular expression syntax, such as (GCAG)*(ACAG)*(AC)*. The tool
then translates the locus definition into a sequence graph data structure. A crucial
feature of this construction is the use of single-node loops to represent repeats.

Relevant reads are identified from the input BAM file based on mapping coordinates
near the target locus. The reads are then realigned not to the linear reference sequence
but to the constructed sequence graph. This realignment process finds the most likely
path through the graph that the read sequence represents. Genotypes are inferred by
analyzing the alignment paths of the reads. Reads supporting different paths, such as

15
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traversing a CAG loop 10 times versus 15 times, provide evidence for different alleles.
EH distinguishes repeat counts and can genotype adjacent single nucleotide variants
(SNVs) and insertions/deletions (indels) based on the read paths, using a Poisson model
for SNV/indel genotyping.

The key strengths of EH is its ability to model complex loci. EH can genotype
repeats longer than the read length by analyzing reads that anchor in flanking regions
and partially span the repeat. EH can handle degenerate bases, such as ’N’ or IUPAC
codes like ’R’ for purines, in repeat definitions.

ExpansionHunter takes an input BAM file and a variant catalog specifying the loci
to be genotyped. The output consists of genotype calls for the specified loci, providing
information on the repeat counts and adjacent variations. The tool is implemented in
C++ and is available under the Apache License Version 2.0.

3.2 Dante

Dante [1] is designed to accurately genotype STRs by avoiding the alignment biases
from mapping reads before analysis. Other methods often require pre-existing BAM
alignments to define STR regions within reads. This possibly introduce biases. Dante
overcome these issues by focusing on characterization, stutter modeling, and predicting
expansions even when reads do not fully span the repeat.

The key concept of Dante revolves around alignment-free analysis and the use of
Hidden Markov Models (HMMs). In this context, "alignment-free" means that Dante
does not depend on a pre-existing BAM alignment to identify STR regions within reads.
Instead, it directly searches the reads for the STR motif signature. Profile HMMs are
suitable for this task because they can model the expected repeat unit through match
states, account for variations and errors within the repeat via mismatch emissions,
handle insertions and deletions relative to the motif through insert/delete states, and
represent the flanking regions accurately.

Dante’s methodology involves several steps. First, it requires user-specified loci,
defining both the flanking sequences and the repeat motifs. The next step is read
prefiltering, where relevant reads are selected from raw sequence data using filters that
look for motif occurrences or similarity to flanking regions. This step avoids the need
for alignment and ensures that only the most suitable reads are processed.

The core of Dante’s analysis is the HMM annotation. Selected reads are processed
by an HMM for the target locus. The Viterbi algorithm is employed to find the most
likely sequence of HMM states. This probabilistic genotyping considers the counts de-
rived from the HMM annotation of all relevant reads. Dante explicitly models the PCR
stutter effect using binomial distributions to account for the probability of observing
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extra or missing repeats given an underlying allele length.
Dante handles diploid genotypes by evaluating the likelihood of the observed read

counts based on different genotype hypotheses. If no single read covers the full ex-
panded allele, a collection of reads showing partial overlaps with many repeats provides
evidence for an expansion beyond the read length.

Dante take input sequence files, FASTQ, and locus definitions. The output consists
of genotype calls, confidence scores, and a report with histograms and sequence logos.
The tool is implemented in Python, with Scipy used for parameter fitting.
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Chapter 4

EM based STR structure prediction

We employ the EM algorithm to infer the structures of STR alleles from short sequenc-
ing data in combination with a reference genome. Our approach leverages probabilistic
modeling to improve the accuracy of STR prediction by iteratively estimating the prob-
ability that each read is generated by each allele. A high-level visualization of the flow
of the EM algorithm can be seen in Figure 4.1. The algorithm consists of these key
steps: initialization, expectation, maximization, convergence assessment, and results
interpretation. For each STR locus, the EM algorithm performs these steps indepen-
dently, allowing for accurate and locus-specific allele inference.

In this chapter, we will first explain each of these steps in detail and then discuss
the underlying implementation.

4.1 Model Description

4.1.1 Input Data

Firstly, we need to take a look at the input data. The input data for the model consists
of three components: the population allele data, the reference genome, and the short
NGS reads.

The population allele data contain a set of candidate alleles for every STR locus.
These data are derived from population studies. Each candidate allele includes the
number of occurrences in the population, the name of the STR locus, the genomic
location, the motif sequence, and the number of repetitions of the motif. For instance,
one of the potential alleles is represented as:

14 ALS chr15:g.679_702 CGG[10]

where the number 14 indicates the count of occurrences in the population, ALS is the
name of the STR locus, chr15:g.679_702 specifies the genomic location on chromosome

19
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Figure 4.1: Flowchart visualizing the step-by-step execution of the EM algorithm for
one STR locus at a time as applied in our study.

15 from position 679 to 702, CGG is the motif sequence, and [10] denotes the number of
repetitions of the motif.

The reference genome is provided in the standard FASTA format, which contains
nucleotide sequences for each chromosome.

The short NGS reads are provided in the BAM format containing the sequenced
data of a studied subject aligned with the reference genome and includes both short
sequencing reads and quality scores for each base.

4.1.2 Initialization

Prior to the iterative application of the EM algorithm on a specific STR locus, a series of
preparatory procedures are conducted to establish robust initial probability estimates
and read mappings.

Read Selection and Read Base Probability Calculation For a given STR locus,
sequencing reads covering the relevant genomic region are selected. For all reads, the
probability of observing every possible base at each position is calculated using quality
scores. For a position j in a read r, the probability P (b | r, j) of observing base
b ∈ {A,C,G, T} is computed by:
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P (b | r, j) =

1− q if b = observed base at (r, j)

q
3

otherwise
(4.1)

here, q is the error probability derived from the quality score for the corresponding
position j in the read r. This formula accounts for the likelihood of observing the
correct base versus an incorrect base due to sequencing errors.

Mapping Reads to Candidate Alleles Candidate allele sequences are a particular
allele motif combined with flanking sequences derived from the reference genome. For
each STR locus, flanking regions of 296 bases (2 times the length of the read) in length
are extracted from the reference genome based on their genomic coordinates. These
flanking sequences are then appended to the fully written out allele motif at both ends
to create the complete candidate allele sequence for alignment. The fully written out
allele motif means that the allele motif sequence is repeated a given number of times
consecutively to form one sequence. This construction ensures that the alignment
captures not only the STR structure but also the surrounding genomic context, which
is essential for accurate read mapping. Relevant selected reads are then aligned to
candidate allele sequences using a semi-global alignment strategy. This alignment does
not penalize gaps at the beginning or end of the alignment, making it appropriate for
reads that only partially cover the STR candidate allele sequence. Figure 4.2 illustrates
an example of semi-global alignment.

Figure 4.2: An example of a semi-global alignment where the read (significantly shorter
than the candidate allele sequence) is aligned with the allele candidate sequence, and
gaps at the beginning or end of the alignment are not penalized. Here, the symbol −
means gap, | means match, and . means mismatch.

Allele Base Probability Calculation Following alignment, a probability is calcu-
lated for positions in the candidate allele sequence. For a candidate allele sequence
mi and its j-th position, the probability of observing a base b ∈ {A,C,G, T} is de-
termined by analyzing bases from reads aligned to that position. Specifically, the
probability P (b | mi, j) is calculated as the ratio of the number of bases b aligned to
position j in the candidate allele sequence mi to the total number of bases aligned to
that position.
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P (b | mi, j) =
C(b, j)∑

b∈{A,C,G,T}C(b, j)
, (4.2)

here C(b, j) represents the number of aligned reads, such that the base aligned to
mi at position j is b. The sum

∑
b∈{A,C,G,T}C(b, j) is the total number of reads aligned

to position j. The illustration of a simple case for the calculation of C(b, j) can be
seen in Figure 4.3. This formulation ensures that the probability distribution accounts
for the relative frequency of each base at the given position, reflecting the observed
genomic variability.

Figure 4.3: Illustrates an example of how C(b, j) is calculated. We consider a semi-
global alignment where the reads are aligned with the allele candidate sequence. Then,
for the position j in the candidate allele sequence, C(A, j) = 1/4, C(T, j) = 1/4,
C(G, j) = 2/4, and C(C, j) = 0.

Initialization of Allele Probabilities The initial alleles probability distribution
vector ⃗f (0) for the EM algorithm is derived from the population allele data. These
probabilities are not arbitrary guesses but rather normalized occurrences observed in
the population. Specifically, for an allele mi, the initial probability f (0)(mi) is obtained
by dividing its raw number of occurrences by the total sum of occurrences across all
alleles for a given STR locus.

f(mi) =
O(mi)∑c
j=1 O(mj)

, (4.3)

here O(mi) represents the observed occurrence of the allele mi in the population
and c is the total number of alleles considered for a given STR locus.

As an example, consider the STR locus ALS with alleles:

14 ALS chr15:g.679_702 CGG[10]
9 ALS chr15:g.679_702 CGG[11]
5 ALS chr15:g.679_702 CGG[9]
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For this example, let’s denote the allele CGG[10] as m1, CGG[11] as m2, and CGG[9]

as m3. The observed occurrences are O(m1) = 14, O(m2) = 9, and O(m3) = 5. The
total number of alleles considered is c = 3. The sum of occurrences is

∑3
j=1 O(mj) =

14 + 9 + 5 = 28. Therefore, the initial probabilities are calculated as follows:
f(m1) =

14
28

, f(m2) =
9
28

, f(m3) =
5
28

.
This normalization ensures that the initial probabilities form a valid probability

distribution, with the sum of all probabilities equal to 1. These normalized values are
then organized into the initial allele probability vector:

⃗f (0) =
(
f (0)(m1) f (0)(m2) . . . f (0)(mc)

)
where ⃗f (0) represents the initial alleles probability vector at time t = 0 (before the

first iteration) and f (0)(m1), f
(0)(m2), . . . , f

(0)(mc) are the the initial allele probabilities.
This initial alleles probability vector ⃗f (0) is then used to initialize the allele matrix

for the starting point for the EM algorithm iterations. The initial allele matrix looks
like this:

m1 m2 . . . mc

r1 f (0)(m1) f (0)(m2) . . . f (0)(mc)

r2 f (0)(m1) f (0)(m2) . . . f (0)(mc)

. . . . . . . . . . . . . . .
rn f (0)(m1) f (0)(m2) . . . f (0)(mc)

Where a given allele mi has the same probability that a read r originates from allele
mi over all reads.

4.1.3 Expectation Step (E-Step)

In the E-step, the posterior probability that a read rj originates from an allele mi is
computed using Bayes’ theorem:

P (mi | rj) =
P (rj | mi) · f(mi)∑
k P (rj | mk) · f(mk)

, (4.4)

where f(mi) is the current probability estimate for allele mi. The likelihood P (rj |
mi) of observing a read rj from allele mi is computed as the product of base-specific
probabilities at all aligned positions:

P (rj | mi) =
∏
k∈A

P (k | mi, rj), (4.5)

where A is the alignment of a read rj with a candidate allele sequence mi. To
compute P (k | mi, rj), we consider two cases: the k-th position in the alignment
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involves an indel (represented as a space or ’−’), or the k-th position involves two
aligned bases, one from the read rj and one from the candidate allele sequence mi.

In the indel case, we set P (k | mi, rj) = 0.05. This value is used within our model
to account for the increased likelihood of insertions, deletions, or alignment artifacts
known to occur when sequencing and aligning reads in highly repetitive STR regions
with short-read technologies like Illumina.

In the second case (an alignment of two bases), we sum over all possibilities for the
true underlying base b ∈ {A,C,G, T}:

P (k | mi, rj) =
∑

b∈{A,C,T,G}

P (b | mi, k) · P (b | rj, k), (4.6)

here, P (b | mi, k) is the probability of observing a base b at position j in allele
mi, and P (b | r, k) is the probability of observing a base b at position k in a read
rj. Both are pre-computed during initialization. This formulation integrates the base
probabilities from both the motif and the read, providing a comprehensive likelihood
estimate.

Based on the new expectation of the posterior probability P (rj | mi), calculated in
the current E-step, the allele matrix is updated as follows:

m1 m2 . . . mh

r1 P (m1 | r1) P (m2 | r1) . . . P (mh | r1)
r2 P (m1 | r2) P (m2 | r2) . . . P (mh | r2)
. . . . . . . . . . . . . . .
rn P (m1 | rn) P (m2 | rn) . . . P (mh | rn)

4.1.4 Maximization Step (M-Step)

In the M-step, the alleles probability vector ⃗f (t+1) is updated based on the most recent
posterior probabilities (from the allele matrix computed in the E-step) to maximize
the expected likelihood. For each allele mi, the updated probability is given by:

f (t+1)(mi) =

∑
r∈R P (mi | rj)
|R|

, (4.7)

where R is the set of all reads. This update rule adjusts the probability of each
allele based on the posterior probabilities computed in the E-step, ensuring that the
probabilities reflect the observed data more accurately.

4.1.5 Convergence Criterion

The algorithm iterates until the largest change across all candidate alleles falls below
a predefined threshold ϵ. This criterion ensures that the algorithm has reached a
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stable solution where further iterations will not significantly alter the allele probability
distribution.

4.1.6 Results Interpretation

Once convergence is achieved, the final candidate allele probability distribution f⃗ , along
with the allele data, is stored. The two most probable alleles for the STR locus are
identified based on their final probability estimates f(mi). A predefined threshold is
then applied: if the probabilities of both of these top two alleles exceed the threshold,
both are reported as the diploid genotype. Otherwise, only the allele with the single
highest probability is selected as the final genotype call for both alleles. This step
ensures that the most likely STR allele variants are accurately identified and reported.

4.2 Model Implementation

Implementation of the proposed statistical model for STR loci structure prediction
integrates various non-trivial computational techniques. This section first provides an
overview of the model and then takes a closer look at how each step of the model is
implemented.

4.2.1 Implementation Overview

The implementation begins with the preparation of input data. This process includes
parsing population allele data, and the reference genome sequence. The population
allele data is parsed to extract allele motifs, their occurrence frequencies, and genomic
locations into a format suitable for further computational processing. The reference
genome is parsed to obtain flanking regions around the STR loci.

Following data preparation, the next phases of the statistical model are executed
separately for each STR locus.

The initialization phase sets up the structures and initial probability estimates for
the EM algorithm. During this phase, the model selects relevant reads for given STR
locus and calculates the probability P (b | r, j) of observing each possible base at every
position in the relevant reads. The reads are then aligned to candidate allele sequences.
These alignments are then used to calculate the probability P (b | mi, j) of observing
each possible base at every position in the candidate allele sequences.

The core of the implementation is the iterative application of the EM algorithm,
specifically the E and M steps. In the E-step, the model calculates the posterior
probability P (mi | rj) that each read originates from each candidate allele. The M-
step updates the allele probability distribution f⃗ (t) based on the posterior probabilities
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computed in the E-step, maximizing the expected likelihood of the observed data. This
iterative process continues until the changes in the allele probability distribution fall
below a predefined threshold.

4.2.2 Data Preparation

Population Alleles Parsing The parse_pop_alleles function is designed to parse
population allele data. It accepts two parameters: allele_file_path, which specifies
the location of the allele data file, and read_length, representing the length of the
sequencing reads. The function initializes an empty list, allele_db, to store the parsed
allele data, and a set, chromosomes, to store chromosome identifiers.

The function opens the file specified by allele_file_path and iterates over each
line, extracting the occurrence count, name, location, motif, and the number of repeats.
This extraction is performed using regular expressions. The location string is further
parsed to obtain the chromosome, start, and end positions.

For each allele, the number of repeats is processed to compute the total length
of the motif (e.g., the motif CT[8]GTAC[2] has a length of 24 bases). Special cases
are handled where the number of repeats is represented by ’E’ (expansion) or ’B’

(unknown repeat count). In the case of ’E’, the number of repeats is set to ensure the
total allele length exceeds the read length. If the repeat count is labeled as ’B’, the
corresponding allele is excluded from further processing.

For each STR locus, the function constructs a dictionary containing the locus name,
chromosome, start and end positions, a patterns list, a repeats list, the initial
allele_probs (calculated using Equation 4.3), and a lengths list. These dictionaries
are appended to the allele_db list, and the chromosome identifier is added to the
chromosomes set.

For a given STR locus, the patterns list stores the alleles motif sequences. The
repeats list stores the corresponding repeat counts for each allele. The allele_probs
list stores the initial alleles probabilities. The lengths list stores the total length of
each allele’s repeat region.

For example, consider the STR locus CF with the following candidate alleles from
the input file:

101 CF chr7:g.1608_1629 GT[12]AT[8]
3 CF chr7:g.1608_1629 GT[B]AT[22]

39 CF chr7:g.1608_1629 GT[E]AT[50]

Assuming a read length of 148 base pairs. These alleles are parsed into a dictionary
structured as follows:
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Attribute Value
Name CF
Chromosome 7
Start Position 1608
End Position 1629
Patterns [GT, AT]
Repeats [[12, 8], [25, 50]]

Allele Probability Distribution [101
140

, 39
140

]

Lengths [40, 150]

This compact representation is possible thanks to the fact that all alleles from a
single STR locus share all parameters except for the number of occurrences, repeat
count and length.

Reference Genome Parsing The parse_genome function is designed to read and
store reference genome data from a FASTA formatted file. It accepts two parame-
ters: fasta_file_path, a path to the reference genome file, and the chromosomes set.
The function initializes an empty dictionary, reference_genome_data, to store the
nucleotide sequences of the relevant chromosomes.

Using the SeqIO.parse method from the Biopython [4] library, it iterates through
sequences in the FASTA file. If a sequence’s chromosome identifier is in the chromosomes
set, its nucleotide sequence is stored in the reference_genome dictionary, keyed by the
identifier.

Fetching Flanking Regions The fetch_flanks function extracts flanking regions
surrounding STR loci from the reference genome. The function takes these inputs: the
allele_db list, an integer parameter flank_length specifying the length of the flank-
ing regions, the chromosomes set, and the fasta_file_path for the reference genome.
First, it parses the reference genome using the parse_genome function, described above
to obtain the chromosome sequences.

Then, for each STR locus in the allele_db list, the function reads the chromosome
number, start and end positions, and retrieves the flanking sequences from the reference
genome. The chromosome number is used to index the reference_genome dictionary
and select the required chromosome sequence.

The left flanking sequence is copied from the chromosome sequence, starting from
the position start− flank_length and ending at start. Similarly, the right flanking
sequence is copied from the chromosome sequence, starting from the position end and
ending at end + flank_length. If start − flank_length or end + flank_length

exceeds the boundaries of the chromosome sequence, the positions are adjusted to
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fit within the valid range. This means start − flank_length is set to 0, or end +

flank_length is set to the length of the chromosome sequence. The flanking sequences
are appended to the dictionary for given STR locus, and the allele lengths are increased
by the lengths of the flanking regions. This ensures that the total length of each allele
accounts for both the STR motif and its flanking sequences.

4.2.3 Initialization

Read Selection The filter_relevant_reads function is responsible for selecting
short NGS reads from the relevant genomic regions for given STR locus. This function
takes as inputs a dictionary from the allele_db list for one specific STR locus, the file
path to the BAM file containing reads aligned to the reference genome, and the read
length. It initializes an empty list, relevant_reads, to store the selected reads.

Its inputs are: a dictionary locus_dict from the allele_db, the bam_file_path,
specifying the path to the BAM file, and the read_length parameter.

The function opens the BAM file using the pysam.AlignmentFile method and
fetches reads that align to the specified chromosome at the genomic coordinates. For
each read, it extracts the sequence and quality scores. The quality scores are then
converted to probabilities using the phred_to_prob function, which transforms the
Phred quality scores into error probabilities. The selected reads are stored in the
relevant_reads list.

For each STR locus, the start and end of the relevant genomic region are calculated
from the STR locus dictionary by subtracting the length of the left flanking region
from the start position of the STR locus and adding the length of the right flanking
region to the end position.

Phred Quality to Probability Conversion Phred quality scores are numerical
values assigned to each base in a sequencing read, representing the confidence in the
accuracy of the base call. These scores are generated by sequencing technologies during
the base calling process. They are logarithmically scaled, with higher values indicating
greater confidence and lower error probabilities. The conversion from Phred quality
scores to probabilities is performed using the phred_to_prob function, which applies
the formula:

P = 10−
Q
10 , (4.8)

where Q is the Phred quality score and P is the probability of an incorrect base
call. This transformation allows for the incorporation of sequencing error rates into
downstream analyses.
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Read Base Probability Calculation The pre_pr_base_given_base function pre-
computes the probability P (b | r, j). This function takes as inputs the relevant_reads
list and the read_length. It initializes a matrix in which each cell will store the list
of the computed probabilities.

For each read and every position within the read, the function calculates the prob-
ability P (b | r, j) using Formula 4.1.

Mapping Reads with Candidate Alleles The mapping_reads_to_motifs func-
tion aligns short sequencing reads to candidate allele sequences. This function takes
as inputs the STR locus dictionary locus_dict, and the relevant_reads list. It
initializes a mapping_matrix to store the alignment results for each allele read pair.

For each allele, the function constructs the complete candidate allele sequence. It
then aligns the relevant reads to the candidate sequences using a semi-global alignment
strategy.

The Parasail [5] library is used for its efficient implementation of pairwise se-
quence alignment algorithms, including semi-global alignment. Parasail is a SIMD
(Single Instruction, Multiple Data) C library that provides high-performance alignment
functions. We use the parasail.sg function to perform semi-global alignment.

Next, we extract numerical data suitable for computation from the alignment re-
sults. For each allele-read mapping, we extract four elements: the start and end
positions of the alignment, a list of triples consisting of the index into the allele, the
index into the read, and the flag indicating a match/mismatch or gap, and a list which,
for every position in the allele within the mapping interval [start, end], indexes into
the read to the base which is mapped, or -1 if there is a gap. These quadruplets are
then stored in cells of mapping_matrix.

The start and end positions index the allele sequence, defining the boundaries of
the aligned region within the allele. Specifically, the start position corresponds to the
location in the allele sequence to which the first read base is aligned, while the end
position marks the base in the allele to which the last base of the read is mapped.

To illustrate the extracted data with an example consider the alignment shown in
the Figure 4.2. Here: start = 8, end = 22,

list_of_triples =


(8, 0, 1) (9, 0, 0) (10, 1, 1) (11, 2, 1)

(12, 3, 1) (13, 4, 1) (14, 5, 1) (14, 6, 0)

(15, 7, 1) (16, 8, 1) (17, 9, 1) (18, 10, 1)

(19, 11, 1) (20, 12, 1) (21, 13, 1) (22, 14, 1)


and
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indexes_to_read =

[
0 −1 1 2 3 4 5 6 7 8

9 10 11 12 13 14

]
to retrieve the index of the aligned based from the read to the j-th position of the

allele, we need to look at the index j − start in the indexes_to_read.

Allele Base Probability Calculation The pre_pr_base_given_motif function
pre-computes the probability P (b | mi, j). This function takes as inputs the STR locus
dictionary locus_dict, the mapping matrix mapping_matrix, and the relevant_reads
list.

For each motif and every position within the motif, the function calculates the
probability P (b | mi, j) using the Formula 4.2. These probabilities are stored as a list
in each cell of the probability matrix.

Initialization of Allele Probabilities The initial alleles probability distribution is
derived from the STR locus dictionary by constructing the initial alleles probability
distribution vector ⃗f (0) using the Equation 4.3. The initial alleles probability distribu-
tion vector ⃗f (0) is then used to initialize the r_given_s_matrix matrix representing
the posterior probability that a read r originates from allele mias described in Para-
graph 4.1.2.

4.2.4 EM Iterations

Here we iterate the E-step, the M-step and the convergence criterion assessment until
the allele probability distribution reaches convergence. An illustration of this process
is shown in Figure 4.1.

E-step The E-step calculates the posterior probability P (mi | rj) and update the
matrix s_given_r_matrix by process described in Section 4.1.3. We illustrated the
steps described below using pseudo code in Algorithm 1.

The E-step begins by initializing the r_given_s_matrix matrix to store the likeli-
hood P (rj | mi), and a denominators list for the pre-computed denominators for the
Formula 4.4 .

For each read rj we iterate over all alleles mi. In each iteration we use Equation 4.5
to calculate the likelihood P (r | mi). After iterating over all alleles mi we compute the
denominator for each read r by the summing P (rj | mi) likelihoods weighted by the
current allele probabilities f (t)(mi) from the alleles probability distribution vector f⃗ (t).

Next, the function updates the matrix s_given_r_matrix by calculating the pos-
terior probability P (mi | rj) for each read-allele pair. This is done by dividing the
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product of the likelihood P (rj | mi) and the current allele probability f (t)(mi) by the
sum of these products for all alleles (pre-computed in denominators[j]). If the de-
nominator is zero the posterior probability is set to zero. The mathematical formula
representing this computation can be seen in Formula 4.4.

Algorithm 1 E-Step
Require: Reads R, alleles M , prior probabilities f (t), function P (rj | mi)

Ensure: Posterior matrix P (mi | rj) stored in s_given_r[i][j]
1: r_given_s[j][i]← 0 for all j, i
2: denominator[j]← 0 for all j
3: s_given_r[i][j]← 0 for all i, j
4: for rj ∈ R do
5: sum← 0

6: for mi ∈M do
7: tmp← P (rj | mi)

8: r_given_s[j][i]← tmp
9: sum← sum + (tmp× f (t)[i])

10: end for
11: denominator[j]← sum
12: end for
13: for mi ∈M do
14: for rj ∈ R do
15: if denominator[j] = 0 then
16: P (mi | rj)← 0

17: else
18: nominator← r_given_s[j][i]× f (t)[i]

19: s_given_r[i][j]← nominator
denominator[j]

20: end if
21: end for
22: end for

M-step In the M-step, we iterate over all reads for each motif and perform the
maximization process described in Section 4.1.4 for the s_given_r_matrix computed
in the E-step.

Convergence Convergence is evaluated by computing the difference between the
allele probability distribution vectors from successive iterations. Specifically, the vector
from the current iteration, f⃗ (t), obtained during the most recent M-step, is subtracted
from the vector of the previous iteration, f⃗ (t−1), yielding a difference vector ω⃗ = f⃗ (t)−
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f⃗ (t−1). The maximum absolute component of this difference vector, Ω, is then identified.
If this value satisfies the convergence criterion Ω < ϵ, the algorithm is considered to have
converged and the iterative process is terminated. Otherwise, the algorithm proceeds
to the next iteration. In this study, we set the convergence threshold to ϵ = 0.001.

4.2.5 Results Interpretation

For each STR locus, the probability distribution vector and diploid genotype, chosen
by the process described in Section 4.1.6, including allele information, are saved into
the probabilities and alleles folders respectively, with each locus having its own file.



Chapter 5

Results and benchmarks

This chapter presents a performance evaluation of the proposed EM based algorithm.
To assess its capabilities, we compare the precision of our EM model against two tools
currently employed for STR genotyping: Expansion Hunter (EH) and Dante. These
tools are described above in Sections [3.1] and [3.2], respectively. The accuracy of all
three approaches is benchmarked against the high confidence reference materials from
the Genome in a Bottle (GIAB) consortium.

5.1 Experimental Setup and Evaluation Metrics

This section details the reference dataset employed and provides definitions for each
evaluation metrics used in the analyses.

5.1.1 Dataset

To establish a benchmark for accuracy, we utilized data from the HG002_NA24385_son/
NIST_HiSeq_HG002 sample, provided by the GIAB consortium. This sample was se-
quenced using the Illumina HiSeq platform with a read length of 148 base pairs. Our
analysis is focused on a curated set of 61 distinct STR loci, for which GIAB provides
high-confidence genotype calls.

5.1.2 Evaluation Metrics

We utilized a set of quantitative metrics to evaluate each model’s performance, orga-
nized into two categories: overall error, allele-specific error.

For overall error across predicted alleles, we calculated the Mean Absolute Error
(MAE) per allele. This metric represents the average absolute difference between the
predicted allele length and the true GIAB reference allele length, providing a measure
of the average prediction error magnitude. We also computed the Root Mean Squared
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Error (RMSE) per allele, which is the square root of the average of the squared dif-
ferences between predicted and true allele lengths. RMSE penalizes larger errors more
heavily than MAE, offering insight into the presence of significant outliers in predic-
tion. To evaluate the combined error for diploid allele pairs, we calculated the Mean
Euclidean Distance (MED). This metric measures the average geometric distance be-
tween the predicted allele pair and the true allele pair in a two-dimensional space.
Furthermore, we calculated the Percentage where BOTH alleles are correct (BAC),
which is the percentage of loci with both alleles correctly predicted reflects the model’s
ability to accurately reconstruct the full diploid genotype. Finally, the Percentage of
total exact individual allele matches (PEM) quantifies the ratio of all individual alleles
that were predicted exactly the same as the GIAB reference.

To dissect performance at the level of individual alleles within a diploid pair, we
computed allele-specific metrics. These include MAE for allele and RMSE for allele,
calculated independently for the first and second allele. The Mean Error (Bias) for allele
was also determined, indicating any systematic tendency of a model to overestimate
(positive bias) or underestimate (negative bias) allele lengths. The Maximum Absolute
Error (MaxAE) for allele identifies the largest single prediction error observed for each
allele. The PEM for allele provides the proportion of loci where specific allele was
correctly identified.

In addition to these quantitative metrics, we utilize scatter plots to visually assess
the agreement between model predictions and GIAB reference allele lengths. These
plots graph the predicted values against the GIAB values. This visual representa-
tion aids in identifying systematic biases, the distribution of errors, and the overall
correlation strength.

5.2 Comparative Analysis

5.2.1 Quantitative Performance

Table 5.1 presents an overall view of the quantitative metrics across all three models.
The comparative data reveals distinct performance profiles for each model. Our pro-
posed EM-based model demonstrates superior performance in several critical aspects of
error magnitude. It achieved the lowest overall Mean Absolute Error (MAE) per allele
(1.7500) and the lowest overall Root Mean Squared Error (RMSE) per allele (7.1384).
This combination suggests that the EM model not only has the smallest average error
per allele prediction but also exhibits greater robustness against large, outlying errors
when compared to both EH and Dante. Furthermore, the EM model yielded the lowest
Mean Euclidean Distance (MED) for allele pairs (2.8069), indicating that its diploid
genotype predictions, when considered as two-dimensional points, were geometrically
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Metric Category Metric EM Model EH Dante

Overall Error Metrics

MAE per allele 1.7500 2.2643 1.8643
RMSE per allele 7.1384 12.3027 10.1030
MED for pair 2.8069 3.6149 3.3189
PEM 69.29% 71.43% 71.43%
BAC 55.71% 61.43% 60.00%

Allele 1 Specific Metrics

MAE 1.6571 2.4000 2.4143
RMSE 4.8462 10.1503 9.3587
Bias +1.2857 -0.8286 -0.3857
MaxAE 32 81 73
PEM 72.86% 72.86% 70.00%

Allele 2 Specific Metrics

MAE 1.8429 2.1286 1.3143
RMSE 5.2413 6.9519 3.8060
Bias +0.1000 -1.1286 -0.3429
MaxAE 30 49 24
PEM 65.71% 70.00% 72.86%

Table 5.1: Consolidated Quantitative Performance Metrics for EM-based Model, Ex-
pansionHunter (EH), and Dante against GIAB Reference. Best performance for each
metric is indicated in bold.

closest to the true GIAB genotypes on average.

Conversely, both EH and Dante achieved an identical and slightly higher Percentage
of Exact individual allele Matches (PEM) at 71.43%, compared to the EM model’s
69.29%. In terms of accurately predicting Both Alleles Correctly (BAC) for a diploid
genotype, EH showed the highest accuracy at 61.43%, followed by Dante at 60.00%,
with the EM model at 55.71%. This indicates that while the EM model minimizes the
average error magnitude effectively, EH and Dante were more successful in achieving
perfect agreement for both alleles in a slightly larger proportion of the analyzed loci.

Examining allele-specific performance and prediction bias uncovers further distinc-
tions. A notable difference lies in their bias profiles: our EM model exhibited a slight
positive bias for both allele 1 (+1.2857) and allele 2 (+0.1000), indicating a tendency
to overestimate allele lengths. In contrast, both EH and Dante consistently displayed a
negative bias across both alleles (EH: -0.8286 for allele 1, -1.1286 for allele 2; Dante: -
0.3857 for allele 1, -0.3429 for allele 2), suggesting a systematic underestimation of allele
lengths. This fundamental difference in error direction highlights distinct systematic
tendencies of the models.

Regarding allele-specific error magnitudes, the EM model demonstrated the lowest
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MAE (1.6571) and RMSE (4.8462) for allele 1, as well as the lowest Maximum Absolute
Error (MaxAE) for allele 1 (32 repeat units). It also shared the highest PEM for allele
1 (72.86%) with EH. For allele 2, Dante excelled, achieving the lowest MAE (1.3143),
RMSE (3.8060), and MaxAE (24 repeat units), alongside the highest PEM (72.86%).
EH recorded the largest MaxAE values overall (81 for allele 1, 49 for allele 2), indicating
for more substantial individual mispredictions compared to the EM model (MaxAE:
32 for allele 1, 30 for allele 2) and Dante.

These quantitative results underscore the strengths of the EM-based model in pro-
viding predictions with lower average error and reduced impact from large deviations,
particularly for allele 1. While EH and Dante show slightly better performance in exact
genotype calls, their higher RMSE and MaxAE values, coupled with a consistent under-
estimation bias, suggest different error characteristics compared to the more balanced
error profile of our EM model. The superior performance of Dante on allele 2 metrics
suggests it may have specific advantages in handling certain allele characteristics or
lengths often designated as the second allele in diploid calls.

5.2.2 Visual Assessment

To complement the quantitative metrics, we generated the scatter plots to visually
assess the correlation between the allele lengths predicted by each model and the GIAB
reference values. Each plot (Figures 5.1, 5.2, and 5.3) displays the GIAB reference allele
length on the x-axis against the model-predicted allele length on the y-axis. Predictions
for allele 1 are shown in blue, and predictions for allele 2 are in red, with a dashed
black line representing perfect match with reference. These visual representations aid
in identifying systematic biases, the distribution of errors, and the overall strength of
correlation, supporting the findings from Table 5.1.

Figure 5.1 illustrates the performance of our proposed EM-based model. A majority
of the data points cluster closely around the diagonal, signifying a strong correlation
between the EM model’s predictions and the GIAB reference values across a wide
range of allele lengths. This visual tightness corresponds to the model’s leading perfor-
mance in overall MAE (1.7500) and RMSE (7.1384). The slight tendency for points,
particularly for allele 1 (blue), to lie marginally above the diagonal visually reflects
the positive bias identified in the quantitative analysis (Allele 1: +1.2857, Allele 2:
+0.1000). While some dispersion is observable, particularly for alleles with lengths be-
tween approximately 20 and 40 repeat units, there are notably fewer extreme outliers
compared to the benchmark models. This observation aligns with the lower MaxAE
values for the EM model (32 for Allele 1, 30 for Allele 2). Notably, the EM model
demonstrated exact precision in identifying alleles within clinically relevant expansion
ranges.
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Figure 5.1: Scatter plot comparing EM-based model predicted allele lengths to GIAB
reference values. Allele 1 predictions are in blue, Allele 2 in red. The dashed line (y=x)
indicates perfect match.

Figure 5.2: Scatter plot comparing ExpansionHunter (EH) predicted allele lengths to
GIAB reference values. Allele 1 predictions are in blue, Allele 2 in red. The dashed
line (y=x) indicates perfect match.
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The scatter plot for EH, shown in Figure 5.2, also demonstrates a general alignment
of data points along the diagonal. However, a more pronounced tendency for points
to fall below the y=x line is evident, visually confirming the consistent negative bias
reported for both allele 1 (-0.8286) and allele 2 (-1.1286). Several prominent outliers are
visible, particularly for longer allele lengths and for allele 1, where predictions deviate
substantially downwards from the reference. These correspond to EH’s higher overall
RMSE (12.3027) and the particularly large MaxAE for allele 1 (81 repeat units). This
underestimation trend is a characteristic feature of EH’s predictions in this dataset.

Figure 5.3: Scatter plot comparing Dante predicted allele lengths to GIAB reference
values. Allele 1 predictions are in blue, Allele 2 in red. The dashed line (y=x) indicates
perfect match.

Figure 5.3 presents the visual performance of Dante. Similar to EH, a general
trend of underestimation is observable, with many points situated below the diagonal,
consistent with its negative bias for allele 1 (-0.3857) and allele 2 (-0.3429). The
plot for Dante also reveals notable outliers, especially for allele 1, contributing to
its higher RMSE (10.1030) and MaxAE for allele 1 (73 repeat units). Conversely,
the predictions for allele 2 appear somewhat more tightly clustered and closer to the
diagonal, particularly at shorter to medium lengths, which visually supports Dante’s
stronger quantitative performance on allele 2 metrics (MAE: 1.3143, RMSE: 3.8060,
MaxAE: 24).

The visual assessment via scatter plots reinforces the quantitative findings. The
EM model’s plot demonstrates a generally tighter clustering and fewer extreme outliers,
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reflecting its lower overall error magnitudes. The characteristic biases of each model are
also clearly apparent: the slight overestimation tendency of the EM model versus the
more pronounced underestimation by EH and Dante. While all models show increased
dispersion for longer alleles, this effect, along with the magnitude of outliers, appears
more significant for EH and Dante.

5.3 Summary of Results

This chapter has presented a performance evaluation of our EM-based STR structure
prediction model, benchmarked against the GIAB reference standard and contrasted
with two established tools, EH and Dante. The collective results affirm the efficacy
and competitiveness of the proposed EM approach.

Our EM model distinguished itself by achieving the lowest overall MAE and the
lowest RMSE per allele among the three models. Furthermore, the EM model yielded
the best MED for allele pairs. Notably, the EM model accurately identified all tested
allele expansions with exact precision.

While EH and Dante demonstrated slightly higher rates of exact individual allele
matches and, for EH, a higher percentage of perfect diploid genotype calls, the EM
model’s primary strength lies in its consistently lower error magnitudes. A distinct
difference in error profiles was observed: our EM model exhibited a slight tendency to
overestimate allele lengths, whereas EH and Dante consistently underestimated them.
Visual analysis of scatter plots supported these quantitative findings.

In conclusion, the EM-based algorithm presents a robust method for STR structure
prediction. Its performance, particularly its low average error rates and resilience to
large outliers, suggests that the iterative probabilistic refinement in the EM framework
effectively leverages population data and read-level information to enhance the accuracy
of STR allele calls.



40 CHAPTER 5. RESULTS AND BENCHMARKS



Conclusion

This thesis detailed the design, implementation, and rigorous evaluation of a novel
statistical model for Short Tandem Repeat (STR) structure prediction based on the
Expectation-Maximization (EM) algorithm. Motivated by the critical role of STRs in
human genetics and disease, and the inherent challenges in their accurate genotyping
from Next-Generation Sequencing data, our primary objective was to develop an ap-
proach that leverages probabilistic refinement to enhance prediction accuracy. This
was achieved by integrating population allele data, reference genome information, and
read-level evidence within an iterative EM framework to estimate allele frequencies and
infer diploid STR genotypes.

The performance of our EM-based model was benchmarked against two established
STR genotyping tools, ExpansionHunter and Dante, using high-confidence reference
data from the Genome in a Bottle consortium. The comprehensive comparative anal-
ysis revealed that our proposed model demonstrates notable strengths, particularly in
minimizing the magnitude of prediction errors. It achieved the lowest overall Mean
Absolute Error (MAE) per allele, the lowest Root Mean Squared Error (RMSE) per
allele, and the best Mean Euclidean Distance (MED) for allele pairs among the three
models. These results suggest that our EM-based approach not only yields predictions
with the smallest average deviation from true allele lengths but also exhibits greater
robustness against large, outlying errors. A distinct characteristic of our model was
a slight positive bias, indicating a tendency to overestimate allele lengths, in contrast
to the consistent underestimation observed with both ExpansionHunter and Dante.
While the benchmark tools demonstrated marginally higher rates of exact individual
allele matches (PEM) and, in the case of ExpansionHunter, a higher percentage of
perfectly matching diploid genotype calls (BAC), the primary advantage of our EM
model lies in its consistently lower error magnitudes and a more balanced error profile.

The significance of these findings lies in the demonstration that an iterative prob-
abilistic framework, such as the one employed by our EM algorithm, can effectively
refine STR allele calls by strategically weighing evidence from population priors and
individual sequencing reads. The model’s resilience to large outliers, evidenced by lower
RMSE and Maximum Absolute Error values in several categories, suggests its potential
for providing more reliable estimates in complex genomic regions or where read data
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may be noisy. The accurate identification of all tested allele expansions with exact
precision further underscores its utility in contexts where detecting clinically relevant
length increases is crucial.

Despite these promising results, this work has several limitations. The current
evaluation was conducted on a specific dataset focusing on a curated set of 61 STR loci.
The model currently relies on a predefined set of candidate alleles from population data,
which might not encompass all true alleles present in an individual, potentially limiting
its ability to detect entirely novel or very rare private alleles. While the EM algorithm
is robust, its computational runtime for loci with a very large number of candidate
alleles or extremely deep read coverage was not exhaustively benchmarked against the
speed-optimized production tools. Furthermore, the specific choice of 0.05 as a fixed
probability for indel events within alignments is a simplification with possibility to be
refined.

Future work could extend this research in several promising directions. Incorpo-
rating a mechanism to discover novel alleles not present in the initial candidate set.
Testing and optimizing the model for different sequencing depths and read lengths, in-
cluding data from long-read sequencing technologies. Finally, a comprehensive analysis
of the model’s performance on a wider array of disease-associated STR loci, including
those with highly complex repeat patterns, would be essential for assessing its clinical
applicability.

In conclusion, the EM-based algorithm presented in this thesis offers a robust and
competitive method for STR structure prediction. Its strong performance in mini-
mizing error magnitudes and its resilience to outliers highlight the value of its iter-
ative, probabilistic approach to leveraging diverse genomic information. This work
contributes a valuable tool and a methodological framework to the ongoing efforts
to accurately characterize challenging STR regions, with potential benefits for both
research and clinical applications.
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Appendix A: Source Code

The complete source code developed for this thesis is publicly available in a GitHub
repository https://github.com/ViktorSamuel/STR-structure-prediction/. Additionally,
the code is included as an electronic attachment in the AIS2 system and is also stored
on a CD, which is physically attached to the printed version of this thesis.
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