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Applications of Machine Learning in Source Attribution of Pathogens

and Gene Function Prediction

Sandeep Chinnareddy

(ABSTRACT)

This research investigates the application of machine learning techniques in computational
genomics across two distinct domains: (1) the predicting the source of bacterial pathogen
using whole genome sequencing data, and (2) the functional annotation of genes using single-
cell RNA sequencing data. This work proposes the development of a bioinformatics pipeline
tailored for identifying genomic variants, including gene presence/absence and single nu-
cleotide polymorphism. This methodology is applied to specific strains such as O0ICIO0000
0o000I00 serovar Typhimurium and the QOII0OI0 0OI0O0O00COOO species complex.  Phylo-
genetic analyses along with pan-genome and positive selection studiesshow that genomic
variants and evolutionary patterns of Ul Typhimurium vary across sources, which suggests
that sources can be accurately attributed based on genomic variants empowered by machine
learning. We benchmarked seven traditional machine learning algorithms, achieving a no-
table accuracy of 94.6% in host prediction for 0. Typhimurium using the Random Forest
model, underscored by SHAP value analyses which elucidated key predictive features. Next,
the focus is shifted to the prediction of Gene Ontology terms for Arabidopsis genes using
single-cell RNA-seq data. This analysis offers a detailed comparison of gene expression in
root versus shoot tissues, juxtaposed with insights from bulk RNA-seq data. The integration
of regulatory network data from DAP-seq significantly enhances the prediction accuracy of

gene functions.



Applications of Machine Learning in Source Attribution of Pathogens

and Gene Function Prediction

Sandeep Chinnareddy

(GENERAL AUDIENCE ABSTRACT)

This work applies machine learning techniques to two areas in computational biology: pre-
dicting the hosts of bacterial pathogens based on their genome data, and predicting the func-
tions of plant genes using single-cell gene expression data. The first part develops a method
to analyze genome sequences from bacterial pathogens like O0IO00O0N0 DODOOIOO serovar Ty-
phimurium and the OUINIO0I0 DDI0DDOOODOO species complex, identifying genomic variants,
including gene presence/absence and single nucleotide polymorphism, which are variations
in genetic code. By studying the evolutionary relationships and genetic diversity among dif-
ferent strains, the motivation for using machine learning models to predict the sources (e.g.,
poultry, swine) of the pathogen genomes is established. Several machine learning models are
then trained on these datasets, and the most important factors contributing to the predic-
tions are identified. The second part focuses on predicting the functions of genes in the model
plant species Arabidopsis thaliana using the gene expression data measured at the single-cell
level to train machine learning models for identifying standardized gene function descrip-
tions called Gene Ontology (GO) terms. By comparing results from single-cell and bulk
tissue data, the study evaluates whether the higher resolution of single-cell data improves
gene function prediction accuracy. Additionally, by incorporating information about gene
regulation from a specialized experiment, the role of gene expression control in determining

gene functions is explored.
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00 Typhimurium 0I Typhimurium is a serovar of the bacterial species OOIOOOOND 000000
100, originating from several sources, and is a common cause of foodborne illness in

humans.

DAP-seq DAP-seq is a high-throughput in vitro method used to identify the DNA binding
sites of transcription factors across the genome, helping to elucidate gene regulatory

networks.

GO GO is a major bioinformatics initiative to unify the representation of gene and gene

product attributes across all species.

RNA-seq RNA-seq is a next-generation sequencing technique used to reveal the presence and
quantity of RNA in a biological sample at a given moment, analyzing the continuously

changing cellular transcriptome.

scRNA-seq scRNA-seq is a powerful technique that allows researchers to study gene expres-

sion at the single-cell level, providing insights into cellular heterogeneity and rare cell

types.

SHAP SHAP is the game-theoretic approach to explain the output of any machine learning

model by computing the contribution of each feature to the prediction.

SNP SNP is a variation in a single nucleotide that occurs at a specific position in the
genome, where each variation is present to some appreciable degree within a popula-

tion.

xiil
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Machine learning has revolutionized the field of bioinformatics, enabling the analysis of vast
genomic datasets, prediction of functional annotations, and identification of evolutionary
patterns [1]. These computational methods have facilitated the development of sophisticated
tools for genomic analysis, paving the way for innovative approaches in understanding the
rule of life. This thesis explores two distinct applications of machine learning in the domain of
computational genomics: (1) predicting hosts of bacterial pathogens based on whole genome

sequencing data, and (2) predicting gene functions using single cell sequencing data.

Microbial pathogens pose a huge threat to public health, causing a wide range of diseases
in humans, animals, and plants. Most of these diseases depend on the source that the
pathogen is originating from [2]. Identifying the sources of such pathogens is crucial for
developing effective control and prevention strategies. Source tracking, the process of deter-
mining the origin of a pathogen, has become an increasingly important area of research in
the field of bioinformatics. Traditional source tracking methods rely on epidemiological in-
vestigations and laboratory-based typing techniques, such as serotyping and pulsed-field gel
electrophoresis (PFGE) [3]. However, these methods have limitations in terms of resolution
and discriminatory power, making it challenging to pinpoint the exact source of a pathogen
[4]. With the advent of high-throughput sequencing technologies, whole-genome sequencing

(WGS) has recently been rising as a powerful tool for source tracking [5].

WGS provides a complete view of the bacterial genome, enabling the identification of genetic
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variations that can be used as markers for source attribution. the high level variations can
include the presence and absence of the genes. While a more detailed analysis could lead
to differences in core gene coding regions. By comparing the genomes of bacterial isolates
from different sources, researchers can identify single nucleotide polymorphisms (SNPs) and
other genetic differences that are specific to certain sources. This information can then be
used to develop machine learning models that can predict the source of a bacterial isolate

based on its genome sequence.

In Chapter 2, a novel bioinformatics pipeline is introduced, to identify the primary genomic
variants from a list of hundreds of genome assembly IDs. The first dataset explores the high
level differences in gene presence absence and the second, diving a step deeper, identifies the
differences in nucleotide positions in the core genes. These two datasets (GPA and SNP) are
further utilized for downstream machine learning analysis. An application of this pipeline
to 00IOO0DOND 00000000 DOO0000 Typhimurium 000 Typhimuriuml is presented. Additionally,
the chapter investigates the phylogenetic relationships of these species through traditional
bioinformatics method such as the analyses of phylogenetic tree, pan-genome/core-genome
curves, and positive selection. The results from these analyses motivate the use of machine
learning to predict the source of selected species based on the GPA and SNP datasets.
Seven machine learning models are compared and further analyzed using the SHAP (SHapley
Additive exPlanations) model explanation technique, identifying the most important features

and their corresponding functions.

Identifying gene function stands as a fundamental challenge in genomics, with implications
for understanding the molecular mechanisms underlying biological processes in many living
organisms. In plant genomics, determining the functional roles of genes are integral to
the process of crop improvement. Traditionally, computational methods for gene function

annotation have relied heavily on sequence homology, which does account for the dynamic



nature of gene expression across diverse tissues and cell types. Less than 1% of all recognized
genes in vital crops like maize and rice have undergone experimental identification of their
activities [6]. In response to these limitations, machine learning has recently been proposed

as novel and data-driven approaches for predicting gene functions.

Chapter 3 delves deeper into the application of machine learning for predicting gene function,
specifically the identification of Gene Ontology (GO) terms based on gene expression and
regulatory network information. Gene Ontology (GO) [7] is a collaborative project designed
to facilitate computational annotation of gene function and to systematically organize bio-
logical knowledge pertaining to genes and their products across various genomic data types.
The GO annotation encompasses three ontologies: cellular component (CC), molecular func-
tion (MF), and biological process (BP). The ontologies arrange GO terms in each ontology
(CC, MF, BP) hierarchically through a directed acyclic graph (DAG). GO annotations are
essentially tables that contain ID of genes or gene products (isoforms and proteins) with
specific GO term IDs and GO term definitions. DAG is a type of graph structure where
each node is a GO term, and two GO terms are connected by direct edges. Within the DAG,
a child GO term imparts more detailed functional information than its ancestor terms. All

genes belong to a child GO term also belong to the parent GO term.

Machine learning [8] is a transformative field that focuses on developing algorithms and com-
putational models capable of learning from data and making predictions or decisions without
explicit programming. Rooted in the idea that systems can improve their performance over
time through exposure to data, machine learning has revolutionized diverse industries. In
the context of gene function prediction, machine learning has the potential to incorporate
the dynamic and context-dependent nature of gene expression into the inherently challeng-
ing task of determining gene functions, such as assigning novel GO annotations to genes in

poorly annotated species.
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In the subsequent sections of this chapter, we will review the existing research in this field
for gene function prediction and propose a methodology to apply machine learning models
in multiple gene expression datasets extracted from UOUODIOCOOOND DODUOOO, a model plant
species. These machine learning models were trained for the task of predicting gene function,
and more specifically, to assign new GO terms to genes that are not annotated with such
function. Arabidopsis has been a vital model organism in biology, especially in the field of
plant genetics and genomics. The Arabidopsis genome is approximately 125 million base
pairs, and is compact as compared to other plant genomes, facilitating efficient sequencing
and analysis. Due to its distinct traits such as its rapid life cycle, and genetic manipulation

susceptibility, it emerged as a prime candidate for computational genomics research.

DAP-seq is a transcription factor binding site discovery assay [9]. The DAP-seq assay oper-
ates by combining affinity-purified transcription factors (TFs) with next-generation sequenc-
ing of a genomic DNA library. DAP-seq is fast and cost-effective and provides superior
scalability when compared to ChIP-seq (Chromatin Immunoprecipitation Sequencing) [10],
because DAP-seq circumvents the need for plant transformation and in vivo cross-linking.
This innovative approach adds an additional layer of biological context to our analysis, po-
tentially refining the prediction of GO annotations in our investigation. However, one lim-
itation of DAP-seq is that DAP-seq is an in vitro assay such that the interactions detected

by DAP-seq is not tissue or cell type specific.

Leveraging several datasets of single-cell and bulk-tissue sequencing, the methodology de-
scribed in this chapter aims to compare the results in several scenarios. The comparison
between bulk and single-cell RNA sequencing data is a focal point, as we seek to evalu-
ate whether the higher resolution of scRNA-seq can bring more information to the task of
GO prediction. Additionally, by incorporating DAP-seq data, this study aims to capture

the multifaceted nature of gene expression regulation. This integration of diverse datasets



aligns with the overarching objective: to ascertain whether gene expression data and regula-
tory networks, specifically from scRNA-seq and DAP-seq, can enhance the accuracy of gene

function predictions.

Further, the conclusion (Chapter 4) provides a comparison of the methods proposed, reiterate
the primary contributions and draw conclusions on the initial hypothesis set. Future work
(Chapter 5) talks about the future direction of this work and explores some analysis related
to meta learning approaches, more specifically using the prototypical networks, which is a

few shot learning model useful in the case of very less number of data points.
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WGS enables the identification of single nucleotide polymorphisms (SNPs) and other genetic
markers that can be used to distinguish between different sources of a pathogen [11], [2].
Machine learning algorithms have been applied to WGS data to develop predictive models

for source attribution [12].

In the context of U0 LUODIODOIOO, WGS has been used to investigate outbreaks and trace
the sources of contamination [13]. Comparative genomic analysis has revealed the genetic
diversity and evolutionary history of 00 Typhimurium strains from different sources [14].
Machine learning models, such as random forests and support vector machines, have been
trained on WGS data to predict the sources of [l Typhimurium isolates with high accuracy
[15]. The AB_SA method [16] helped to identify 8 genes as predictors among the 2802
accessory genes as important for source tracking. [17] used the core-genome single nucleotide
variant (cgSNV) typing method along with CRIPR to characterize clinical and food from 0J
O0000I00OD isolates in the context of source attribution. [18] employs comparative genomics
to investigate the population structure of antimicrobial resistant Ul Typhimurium enterica
isolates from bovine and human hosts in New York and Washington states, highlighting host-

and geographic-associated genetic variations.
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At the time of this work, no known source tracking based on WGS has been applied to
(00000000 00b00000D0O 0000000 DODOIOD (RSSC). Similarly, variations in data have been
identified to RSSC as well, although prior work only focused on single source. [19]. [20]
reveals that potato brown rot, Moko, and NPB strains of Ul J0I0UUOOOO0OO solanacearum
constitute closely related populations with distinct adaptations to different host environ-
ments, suggesting host-driven evolutionary selection. Furthermore, it identifies specific ge-
netic changes, such as the acquisition of virulence factors and metabolic adaptations, under-
lying the host adaptation and evolution of these strains, highlighting the dynamic nature of

00 d0i0ooooooed

Despite the progress made in source tracking using WGS and machine learning, challenges
remain in terms of standardizing protocols, integrating data from different sources, and
interpreting complex genetic information. Future directions include the development of
more advanced machine learning algorithms, such as deep learning, to improve the accuracy
and robustness of source attribution models [21]. Additionally, the integration of WGS
with other omics technologies, such as transcriptomics and metabolomics, may provide a
more comprehensive view of the factors that influence the survival and spread of microbial

pathogens in different environments [22].

Ol Ofoodibidooion tdodootd

In this section, the details of the proposed bioinformatics pipeline to create two datasets is de-
scribed. This novel pipeline consists of seven steps starting from downloading the genomes
from a public database and ending with the creation of two datasets: (i) Gene Presence

Absence (GPA) dataset and (ii) Single Nucleotide Polymorphism (SNP) site dataset. This

pipeline, as shown in Figure 2.1 combines genomic assembly quality assessment, gene predic-
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tion, sequence alignment, and SNP identification to enable downstream analysis for source
tracking, and can be applied to any given microorganism. The pipeline assumes that there
is a list of assembly IDs specific to a single species available prior to the first step. The

reproducible code for this chapter can be found on Gihtub, url: U000000OO00C0COO0OCO

000ooo0ooooooy
Genome Filtered Protein Presence Aligned Aligned SNP Sites
Sequences Genome Coding Absence Proteins Genes (Dataset 2)

Sequences Genes Matrix
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Classification

Results and a
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Model Explanation
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Data QUAST PRODIGAL MMSeq2 Muscle PAL2NAL
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the Genomes sequences into a
codon
alignment.

Figure 2.1: Overview of the Source Tracking Pipeline

Qoo oot bdooiooo

In the first step of this pipeline, sequence data of all the genome assemblies are downloaded
from a public available data repository, namely, NCBI database, using NCBI CLI tool. This
command-line tool provides simple functions like "datasets download genome” and takes the
accession IDs from a text file to download their corresponding genomic data as a FASTA

file. A FASTA file format is a text-based representation of nucleotide or peptide sequences


https://github.com/LiLabAtVT/SOAP
https://github.com/LiLabAtVT/SOAP
https://github.com/LiLabAtVT/SOAP
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where each sequence begins with a single-line description, followed by lines of sequence data.

QoD 0Ubod boboooio

QUAST (Quality Assessment Tool for Genome Assemblies) [23] is the second step in our
pipeline, and it plays a critical role in ensuring the integrity and quality of the genomic
assembly data. During QUAST analysis, the assembled contigs are assessed for various
quality metrics. These metrics include the number of contigs, the average contig length
(the length of average contigs in the genome file), N50 (the length of the shortest contig for
which longer and equal length contigs cover at least 50% of the assembly), and L50 (the
count of smallest number of contigs whose length sum makes up half of genome size). Other
important metrics include the GC content, which describes the content of nucleotides that are
either guanine or cytosine, and the identification of misassemblies, such as structural errors
or misoriented contigs. This step is important for establishing a foundation for subsequent
analyses, and selecting high-quality assembly data using thresholds in one or more of these
metrics to help filter low-quality assembly data, in order to facilitate downstream processes

such as accurately predicting gene annotations.

ool Oogooooo

After ensuring the quality of the assembly and filtering the genomes based on the contig
length threshold which would vary for each species, the next step in this pipeline is to
identify the protein coding genes in the genome sequences. PRODIGAL [24] program is
used to predict protein-coding genes. The PRODIGAL (Prokaryotic Dynamic Programming
Genefinding Algorithm) works by analyzing a genome to identify putative gene start and

stop sites. It uses dynamic programming to evaluate open reading frames (ORFs) for their
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coding potential, taking into account factors such as G/C content, hexamer coding statistics,
ribosomal binding sites, and proximity to other potential start sites. This algorithm iterates
through the genome data to refine predictions and produce a final set of gene models. The
input for the PRODIGAL analysis is the nucleotide sequences of genomes which are FASTA
files that passed the quality test in QUAST. PRODIGAL processes these genomic sequences

to predict the protein-coding genes.

00t ooobo

MMSeq [25] is a powerful tool that enables many-against-many sequence searching. In this
step, the protein sequences predicted by PRODIGAL are compared against each other in
an exhaustive manner. This allows for the detection of potential homologous sequences or
conserved domains, which can signify similar genetic functions or close evolutionary rela-
tionships among the genes. The MMSeq analysis provides a comprehensive view of sequence
similarities and aids in the categorization of genes based on their sequences. The output of
the MMSeq algorithm is a list of homologous gene families and the genes belonging to each
of such families. We can leverage this output to compute the first dataset, the genome-gene
family presence-absence dataset. In this dataset, the rows are described as genomes and the
columns are all the unique gene families identified in MMSeq2, the values are a 1 (indicating

Present) or a 0 (indicating Absent).

Qoo Ooodud dooggooo

Following the MMSeq analysis, the multiple sequences that share similarities are subjected
to multiple sequence alignment using the MUSCLE algorithm [26]. Those gene families that

are present in all the genomes are referred to as core genes. In this step, these core genes are
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aligned using MUSCLE (Multiple Sequence Comparison by Log-Expectation). MUSCLE
is a software for creating multiple alignments of protein sequences. The software works in
three stages: it creates a rough draft alignment based on the similarity between sequences,
improves this alignment by adjusting the tree based on sequence identities within the cur-
rent alignment, and finally refines the alignment using an iterative process to maximize an
objective score based on the sum of pairs of sequences. MUSCLE is designed to balance
speed and accuracy, and the final output helps to identify regions of functional significance,
as well as genetic variations. It is a crucial step in the pipeline as the following steps involve

identifying the genetic variations among all the genome sequences in the form of SNP sites.

ool OOUbdDo »dodooooog

Once the sequences are aligned, PAL2NAL [27] is employed to convert the alignment into a
codon-based format. The reason we want the codon-based alignment is for the downstream
SNP identification. PAL2NAL is capable of determining the correct codon sequence from
a DNA sequence, even if there are discrepancies with the associated protein sequence, or
if the DNA sequence includes untranslated regions (UTRs), or polyA sequences. It is also
adept at handling frameshifts within the alignment, making it appropriate for examining
pseudogenes. This process allows for accurate analysis of nucleotide-level variations within

the genes for SNP identification, which is the next step.

Qoo 000 j00ddiobotno

After the alignment is converted into a codon-based format, SNP identification is performed.
This step involves detecting and characterizing SNPs within the gene sequences. SNPs are

variations in DNA sequences that occur when a single nucleotide is altered. SNPs are crucial



12 Qouuoid 0 giioot 0Udoooo ohoooo

genetic markers that can provide insights into genetic diversity, evolution, and potential
host-specific variations. The identification of SNPs forms enables us to construct the second
dataset, the genome-SNP dataset. In this dataset, the rows are genomes, and the columns
are the SNP sites of all the core genes. The values in the dataset will be categorical, more
specifically one of the four values A, T, G, C describing the presence of adenine, thymine,

cytosine and guanine. This step is achieved using a python script.

Oi0  OJ00l000iod oo Dbouobt lbbooooo

For the purpose of the proposed methodology, a model organism was considered to per-
form the analysis and understand the motivation for the use of machine learning. 0 Ty-
phimurium, an environmental pathogen of significant public health importance, is known to
cause Salmonellosis in humans. It can originate from various sources, and the severity of the
disease depends on the source the strain has originated and sampled from, making source
tracking critical to prevent outbreaks. Understanding its genetic diversity across different
hosts enables precise interventions and enhances our knowledge of its epidemiology. In this
context, the significance of source tracking could extend beyond [0 Typhimurium to other
species, providing insights into host-pathogen interactions and the spread of antimicrobial

resistance.

The genome sequences of 745 different assemblies, originating from five sources - Poultry,
Wild bird, Swine, Environmental, Bovine, (as shown in Figure 2.2) are publicly available
to download from NCBI. Poultry and wild bird are the more common sources among the
assemblies with more than 200 sequences each, while swine, environmental and bovine, each
have more than 60 sequences. To ensure the quality and reliability of the genomic data, a

preliminary assessment is conducted using QUAST (Quality Assessment Tool for Genome
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Assemblies) as can be seen in Table 2.1).

Poultry

Wild bird

Figure 2.2: Distribution of sources in Ul Typhimurium

The QUAST analysis revealed several metrics that characterize the quality of the genome
assemblies. On average, the assemblies consisted of 97 contigs, with the largest contig length
being 595,429 base pairs. The average GC content is 52.1%. The L50 value, which represents
the smallest number of contigs that cover 50.0% of the total assembly length, had an average

of 14.87.

The average number of contigs (97) indicates a moderate level of fragmentation in the as-
semblies, which may be attributed to factors such as sequencing depth, read length, and the
complexity of the genomes. However, the presence of relatively large contigs, as evidenced
by the largest contig length of 595,430 base pairs, suggests that substantial portions of the

genomes have been assembled into larger, more contiguous segments.

The average GC content of 52.1% is within the expected range for 00 Typhimurium genomes,

which typically exhibit a slightly higher GC content compared to other bacterial species. This
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count | mean std 50percent
# contigs (>= 0 bp) 745 99.64 57.57 78
# contigs (>= 1000 bp) 745 89.25 53.46 70
# contigs (>= 5000 bp) 745 73.46 41.35 59
# contigs (>= 10000 bp) 745 64.42 34.08 53
# contigs (>= 25000 bp) 745 46.07 18.46 42
# contigs (>= 50000 bp) 745 27.04 7.14 27
Total length (>= 0 bp) 745 4969624.36 | 90030.63 | 4967621
Total length (>= 1000 bp) | 745 4962805.99 | 90700.5 4962210
Total length (>= 5000 bp) | 745 4923088.06 | 97955.46 | 4926837
Total length (>= 10000 bp) | 745 4858244.58 | 136062.63 | 4872533
Total length (>= 25000 bp) | 745 4538030.84 | 401870.72 | 4688868
Total length (>= 50000 bp) | 745 3856993.26 | 866510.27 | 4216993
# contigs 745 97.37 57.87 75
Largest contig 745 596229.18 | 869993.84 | 438053
Total length 745 4968646.71 | 90152.14 | 4966119
GC (%) 745 52.17 0.08 52.16
N50 745 337306.76 | 903561.61 | 152775
N90 745 220661.01 | 921945.75 | 39194
aulN 745 352435.21 | 876391.67 | 182180.7
L50 745 14.89 10.52 10
L90 745 48.36 32.67 35
# N’s per 100 kbp 745 0 0 0

Table 2.1: Description of QUAST results
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characteristic can influence various aspects of genome analysis, including read mapping, gene

prediction, and phylogenetic inferences.

The average N50 value of 337,309 indicates a high-quality genome assembly, with this metric
representing the length at which 50% of the total genome is contained in contigs equal to
or larger than this size. Such a high N50 value reflects strong contiguity in the assembly,
which is crucial for accurate downstream analyses including gene prediction and comparative

genomics.

In this section, three separate tests are presented to understand the intuition behind machine

learning and the differentiation based on the sources.

QoooiD  ODOfdfoooo tood

To better understand the evolutionary relationships among the identified sequences, phy-
logenetic analysis was performed using IQ-TREE 2 [28], a powerful and efficient tool for
constructing maximum likelihood (ML) phylogenetic trees, particularly suited for handling
large datasets. The ML optimization approach implemented by IQ-TREE 2 estimates tree
parameters that best explain the observed data, enabling the construction of a phylogenetic
tree that models the evolutionary relationships of the studied species. The SNP site data
generated at the end of the pipeline was used as the input with GTR as the substituion
model. The General Time Reversible (GTR) model is a Markov process by which substitu-

tion probabilities among nucleotides are expressed in the form of a matrix P(t). [29]

The resulting phylogenetic tree was visualized using iTOL (Interactive Tree Of Life) [30],
(Figure 2.3) an online tool for graphical representation and annotation of phylogenetic trees.
The bootstrap metadata are not visible in the figure but can be observed on the branches as

grey circles on the circular tree using iTOL software. The bootstrap values are in the range of
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Figure 2.3: Phylogenetic Tree of 0l Typhimurium
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90 to 100, affirming the quality of the tree. The iTOL visualization revealed distinct patterns
across the datasets. For Poultry and Wild bird sequences, clear and distinct clades emerged,
suggesting a more straightforward evolutionary lineage. In contrast, Swine, Bovine, and
Environmental samples exhibited a more scattered distribution within the tree, indicating
more complex or less understood evolutionary relationships, potentially reflecting factors
such as genetic diversity, or inter-species gene flow. TO leverage this tree to perform the
task of source attribution will be challenging, as we can annotate only Poultry and Wild bird
with a certain confidence, and we cannot map the remaining three categories with the same
certainty. These observations motivated the use of machine learning models to leverage the

genetic differences and predict the source of a given genome sequence.

0ooiD  Oooobobodo tooibdio

Building upon the evolutionary relationships, the next step was the construction of pan-
genome and core-genome curves, which are necessary for understanding the genomic compo-
sition of species or groups. The pan genome represents the entire set of genes within a clade
or the source in this context, encompassing both core genes found in all strains and variable
genes present in some strains. Conversely, the core-genome contains the list of genes that

are shared by all members of the clade.

To facilitate this analysis, we initiated by partitioning the GPA dataset into five distinct
files, with each file corresponding to one of the five sources under consideration. The GPA
matrix is a binary matrix that indicates the presence (1) or absence (0) of certain gene
families in the genomes, this dataset was constructed at the end of the third step of the
pipeline proposed in Section 2.2.3. This separation is done for ensuring that the analysis

of pan-genome and core-genome curves is source-specific, allowing for a comparative insight
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kX9Xj JQJ/2HD

hQ //°2bbi?2bQm +2 i +FBM; T'Q#H2K mbBM; ;2MQKB+ / i - r2 2K
K +?BM2 H2 "MBM; KQ/2Hb BM Qm > TBT2HBM2X h?2 7QHHQrBM; KQ
BMi?2 bF@H2 "M T +F ;2,

RX .2+BbBQM h 22 U:BMB M/ 1Mi QTvV, .2+BbBQM i 22b "2 ivT2 Q
H2 "MBM; K2i?Q/i? i "2T2 i2/HvbTHBii?2/ i # b2/ QM 72 im 2 p Hr



lY:Y Kz«NOeTHTz ¢60¢€l k d

- BM- +'2 iBM; i'22@HBF2 bi'm+im 2 Q7 /2+BbBQMb M/ i?2B" TQ
K2 bm 2bi?2 KQmMi Q7 mM+2'i BMivQ > M/QKM2bb-r?BH2 :BMB B
#BHBiv Q7 KBb+H bbB7vBM: BMbi M+2bX

kX  M/QK 6Q 2bi,  M/QK 6Q 2biBb M 2Mb2K#H2 H2 "MBM; K2i?Q/
/2+BbBQM i22b M/ +QK#BM2b i?2B  QmiTmib iQ BKT Qp2 ++m  +v

jX amTTQ i 02+iQ" J +?BM2b UaoJbV, aoldJb 2 TQr2 ' 7mH bmT2 pB
1?7 1 7BM/ 1?2 QTiBK H?vT2 TH M2 iQ b2T " i2 +H bb2b BM ?B;?@/B

9X s:"QQbi, s:"QQbi Bb ;  /IB2Mi@#QQbiBM; 7" K2rQ F i? i #mBH/
/2+BbBQM i'22 KQ/2Hb BM b2[m2MiB HK MM2 - rBi? 2 +? bm#b2[n
i722°°Q°bQ7i?2T 2pBQmb QM2X

8X GB:?i:"J, GB:?i:"J Bb MQi?2 ;"  /IB2Mi@#QQDbiBM: 7" K2rQ F i-
i2+?2MB[m2 + HH2/ ;> /IB2Mi@# b2/ PM2@aB/2 a KTHBM; U:PaaV iQ |

M/ ++m° +vX

eX JmHIBG v2' S2 +2Ti QM UJGSV, JGSb-i?2 bBKTH2bi 7Q K Q7 M
KmHIBTH2 H v2' b Q7 BMi2 +QMM2+i2/ MQ/2b-2M #HBM,; i?2K iQ H2
BM/ i X

dX *QMpQHmMIiBQM HL2m HL2irQ FU*LLV,*LLb "2 ivT2Q7 /22T M
mb2/ 7Q BK ;2 2+Q;MBIiBQM M/ T Q+2bbBM; i bFb- #mi i?2v + M
/i #v i 2 iBM; b2[m2M+2b b QM2@/BK2MbBQM H BK ;2bX

"V H2p2" :BM: i?Bb /Bp2 b2 b2i Q7 K +?BM2 H2 "MBM; KQ/2Hb- i?2
2772+iBp2 TT'Q +?2 7Q  bQm +2 i° +FBM; mbBM; gq:a /i - i FBM; B
+?2 ° +i2 BbiB+b M/ +QKTH2tBiB2b Q7 2 +?2 /i b2iX
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kX9X9 _2bmHib

.1 b2i R, :2M2 S 2b2M+2@ #b2M+2

'S imM2/iQ#2 +? HH2M;BM;/ i b2i7Q i?2 +H bbB7B+ iBQMi bF-
*QKT "BM; i?2 KQ/2H T2 7Q K M+2D2BMNGS #MR2GB;?i:"J KQ/2Hb b?Qr
i?72 ?B;?2bii2bi ++m > +B2b Q7 yXNjd r?2M +QmTH2/ rBi? S* 7Q" 72
i72 GB;?i:"JKQ/2H rBi?Qmi 72 im 2 b2H2+iBQM +?B2p2/ +QKT  #}
BM/B+ iBM; i? i i?2 ?B;?@/BK2MbBQM HM im 2 Q7i?2/i /B/ MQib

7Q K M+2X
JQ/2H 62 im 2 a2H2+iBQN *BBIi2+Bm h2li ++m| +v
JGS T+ yX38N YyXNjj
HB;?i:"J T+ RXyyy yXNke
HB;?i:"J MQM?2 y X N3k yXNke
S:"QQbi MQM2 yX3NR yXNke
JGS MQM?2 yX33e yXNke
_ M/QK6Q 2bif MQM?2 yX3N3 YyXNRj
s:"QQbi T+ yX3eN yXNRj
*LL MQM?2 yXd8d yXNye
.2+BbBQMh 22 \NBQNB2 yX3dd yX3NN
_ M/QK6Q 2bi| T+ yX38N yX3NN
*LL T+ yXde3 y X3 Nj
.2+BbBQMh 22 MNDIMQT v yX33e yX3Nj
aold T+ yX39e YyX3Nj
aold MQM?2 yX3d9 yX3dN
.2+BbBQMh 22 TBtMB yX3RKk yX38k
.2+BbBQMh 22TIMi QTv yX3kd yX3jN

h #H2 kXj, S2°'7Q K M+2 K2i B+b Q7 d K +?BM2 H2 "MBM; KQ/2HL

h?2  M/QK6Q 2bi KQ/2H 2t?B#Bi2/ "2H iBp2Hv HQr2  i2bi ++m  +B
#2BM; yXNRj- 2bT2+iBp2Hv-r?2MMQ 72 im 2b2H2+iBQMr b TTHB:
Q7 S* “2bmHi2/ BM bHB;?i /2+°2 b2 BM T2 7Q K M+2 7Q" i?2b2 K¢
BM?2 2Mi 72 im 2 b2H2+iBQM + T #BHBiB2b Q7 i 22@# b2/ 2Mb2K#|
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k N

7Q i?Bb/ i b2iX h?2*LL M/ aoJ KQ/2Hb /B/ MQi:2i ?B;? ++m  +v b

K2i?Q/b QM i?Bb / i b2iX

.1 b2i k, aBM;H2 Lm+H2QiB/2 SQHVKQ T?BbK UaLSV bBi2b

h?2 aBM;H2 Lm+H2QiB/2 SQHVKQ T?BbK UaLSV@bBi2b / i
i2°M iQ . i b2i R- rBi? i?2 GB:?i:"J
T2 '7Q K2 b KNOXHIR?2 GB;?i:"J KQ/2H- +QmTH2/ rBi? S* -

12bi

++m° +v Q7 yXNjk- _

U. i b2i

M/ _ M/QK6Q 2bi KQ/2Hb 2K2°

+?B2p2/

M/QK6Q 2bi KQ/2H rBi?Qmi 72 im 2 b2H?

++m° +v- 7TQHHQr2/ #v t;#QQbi rBi? M ++m  +v Q7 yXNkeX

JQ/2H 62 im 2 a2H2+iBQN JRM? G/+m hZli ++m|
HB;?i:"J T+ y X N3k YyXNjj
_ M/QK6Q 2bil MQM2 yXNR3 YyXNjj
_ M/QK6Q 2bi| T+ yXNyR YyXNjj
s:"QQbi MQM?2 YyXNYVYj yXNke
.2+BbBQMh 22 TB+MB yX3Nj yXNke
s:"QQbi T+ yX3NR yXNke
JGS T+ yX38d yXNke
aold MQM?2 yXeNR yXNke
HB;?i:"J MQM?2 yX3N9 YyXNR]
.2+BbBQMh 22TMi QTv yX33e YyXNR]
aol T+ yX399 YyXNR]
*LL T+ yX38N YyXNR]
JGS MQM?2 yXdNN yX3dN
.2+BbBQMh 22 MBQ/NB2 yX39R yX3ee
.2+BbBQMh 22 M\DIMQT v yX3jN yX3ee
*LL MQM?2 yXjR8 yX9dd

+V

h #H2 kX9, S2°7Q K M+2 K2i'B+b Q7 d K +?BM2 H2 "MBM; KQ/2H

h?2 s:"QQbi

M/ .2+BbBQM h' 22 KQ/2Hb U.2+BbBQMh ' 22:BMB M/ .2

iBQMb BM bFH2 "MV /2KQMbi" i2/ +QKT2iBiBp2 "2bmHib- rBi? i2bi

IQ YXNk-/2T2M/BM; QM i?2 72 im 2 b2H2+iBQM K2i?Q/ 2KTHQv2/X

K2i?Q/b- 1?2 JGS M/ aoJ KQ/2Hb H

;21 #2?BM/- rBi? i?2 ?B;?2bi i



jy

BM; yXNk- "2bT2+iBp2HvX LQi #Hv- i?2 *LL KQ/2H 2t?B#Bi2/ i?2 H¢

i b2i-
aLS@bBi2b / i

+?B2pBM;
KB;?i MQi #2 r2ZHH@bmBi2/ 7Q°  +QMpQHmMIiBQM H

+NZy T 1Y bh

i2bi

1 b2ij, *QK#BM2/ /i b2i

«Ti z«a0el TOyTAaC

++m° +v Q7 QMHV yX93 rBi?Qmi 72 im 2 b2l

JQ/2H 62 im 2 a2H2+iBQN JRM? G/Hm hZbi ++m| +v
_ M/QK6Q 2bil MQM2 yXNR3 yXN9e
+MM MQM?2 yX93y yXN9y
s:"QQbi T+ yX3NN yXN9y
JGS T+ yX3de yXN9y
S:"QQDbi MQM2 yX3NN YyXNjj
.2+BbBQMh 22TIMi QTv yX3eR YyXNjj
JGS MQM?2 yXjNR yXNke
.2+BbBQMh 22 TBtM B yX3e9 yXNke
_ M/QK6Q 2bi| T+ YyXNYVyj yXNke
aold MQM2 yXdR3 yXNRN
+MM T+ yX3jk YyXNRN
aold T+ yX38N YyXNR]
.2+BbBQMh 22 \NBQ/NB2 yX33N yX3NN
.2+BbBQMh 22 MNDIMQT v yX33e yX33e

h #H2 kX8, S2°'7Q K M+2 K2i'B+b Q7 d K +?BM2 H2 "MBM; KQ/2Hb

h?2 +QK#BM2/:S M/ aLS@bBi2b/ i U. i b2ijVBbi?2KQbimb27mH

+H bbB7B+ iBQMKEE WIBHH20 2tT2+i2/ b Bi +QMi BMb i?2 BMi*BMb
i?72/ i b2ibmb2/ #27Q 2X h?2 _ M/QK6Q 2bi KQ/2H 2K2 ;2/ bi?2iQ"
i?2 ?2B;?22Dbi i2Di

++m° +v Q7 yXN9e rBi?Qmi Mv 72 im 2 b2H2+iBQNM

2772+iBp2M2bb Q7 1?2 _ M/QK6Q 2bi H;Q Bi?K BM H2p2  ;BM; i?2 -

/1 b2ibX

g?2M +QKT "'BM; i?2 "2bmHib + Qbb i?2 i?°22 /i b2ib- Bi #2+QK2k

# b2/ 2Mb2K#H2 K2i?Q/b- bm+? b _ M/QK6Q 2bi- s:"QQbi- M/ GB;

OQmiT2 7Q K2/ Qi?2  KQ/2Hb +'Qbb HHi?'22/ i b2ibX h?2B" #BHBIi
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6B:m 2 kX3, h?2 H2 "MBM:; +m p2 Q7 i?2 #2bi T2 ' 7Q KBM; KQ/2H- _
IBK2MbBQM HBiv 2/m+iBQMX
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6B:m 2 kXN, h?2 "2+2Bp2 QT2 iBM; +? > +i2 BbiB+U_P*V +m p2 Q

_ M/QK 7Q 2bi-rBi?Qmi

Mv /BK2MbBQM HBiv "2/m+iBQMX



lY:Y Kz«NOeTHTz ¢60¢€l J]

6B:m 2 kXRy, h?2 S'2+BbBQM _2+ HHUS V +m'p2 Q7 i?2 #2bi T2 7¢
rBi?Qmi Mv /BK2MbBQM HBiv "2/m+iBQMX
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/i M/ + Tim 2 +QKTH2t BMi2" +iBQMb #2ir22M 72 im 2b KB;?i ? p
bmT2 BQ T2 7Q K M+2X

h?2 H2 "MBM; +m p2 Q7 i?2 ?B;?2bi T2 '7Q KBM; KQ/2H KQM; HH
KQ/2Hb Bb b?QrM BIWKiBED FBXm 2

h?2 P* +mRXA2KQMbi® i2b i?2 KQ/2H6b 2t+2HH2Mi /Bb+ BKBM iQ"
+H bb2bX h?2 "2 IM/2  i?2 *m p2 U I*V p Hm2b 7Q" 2 +?2 +H bb
UyXNjV- 1MpB QMK2Mi HUyXNNV-SQmHi'vUyXNdV-arBM2 UyXNKk\
1*p Hm2b BM/B+ i2i? i i?72 KQ/2H + M 2772+iBp2Hv /BbiBM:mBbh? #:
h?2 P*+m p2 HbQb?Qrbi? ii?2 KQ/2H6b T2 7Q K M+2 Bb bB;MB 7|
'm2bbBM; U 2T 2b2Mi2/ #v i?2 6LQ aFBHH GBM208VX

h?2 S +mKYBRY QpB/2b KQ 2 Mm M+2/ pB2r Q7 i?2 KQ/2H6b T2 7Q"
BM b+2M "'BQb rBi? BK# H M+2/ +H bb /Bbi B#miBQMbX h?2 [|* p Hr
7QHHQrb, "QpBM2 UyXdeV- 1IMpB " QMK2Mi H UyXN9V- SQmHi v Uy>
URXyyVX h?2b2 p Hm2b bm;;2bii? ii?2 KQ/2H K BMi BMb ?B;? T 2-
"2+ HH7Q KQbi+H bb2bX h?2qBH/#B /+H bb2t?B#Bib T2 72+iT2"
BM #Qi? P* M/ S_+m 'p2bX h?2 ?B;? I*p Hm2b BM i?2 P* +m p2 B
#BHBiviQ 2772+iBp2Hv /Bb+ BKBM i2 #2ir22M +H bb2b-r?BH2i?2 .
+ T #BHBiviQ K BMi BM ?B;? T ' 2+BbBQM + Qbb /B772 2Mi "2+ HH
Q#b2 p2/7Q  i?2gBH/ #B°/ +H bbbm;;2bibi? ii?2KQ/2H? bbm++2b
+? ° +i2°BbiB+b Q7 i?Bb +H bb-2M #HBM; ++m > i2 +H bbB7B+ iBQI
7Q° i?2 "QpBM2 +H bb BM #Qi? P* M/ S_+m 'p2b K v #2 ii'B#mi2/
+QKTH2tBiv Q TQi2MiB H Qp2'H T rBi? Qi?2  +H bb2b BM i?2 72 im
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h?2 M22/ 7Q° /IBK2MbBQM HBiv "2/m+iBQM

.BK2MbBQM HBiv 2/m+iBQM i2+?MB[m2b-bm+? bS* "2Q7i2M 2K~
i iBQM H +QKTH2tBiv M/ KBiB; i2i?2 +m b2 Q7 /BK2MbBQM HBiv B
>Qr2p2°- Qm  BM@/2Ti? M HvbBb “2p2 H2/i? ii?2 M22/ 7Q " /IBK2N
MQi #2 b+ m+B H b BMBiIiB HHv MiB+BT i2/-T "iB+mH Hv 7Q i?2
bim/vX

6B:m 2 kXRR, # ~THQi +QKT "BbQM Q7 KQ/2HDb rBi? .BK2MbBQM
M/ KQ/2Hb rBi?Qmi /BK2MbBQM HBiv '2/m+iBQM

6B;MKZRIR2b2Mib +QKT "BbQM Q7 i?2 i2bi ++m > +B2b +?B2p2/ #v
BM; KQ/2Hb QM i?2 +QK#BM2/ :S M/ aLS@bBi2b /i U. i b2ijV- rE
TTHB+ iBQM Q7 S* 7Q 72 im 2 b2H2+iBQMX LQi #Hv-i?2 _ M/QK®6
bi?2 ?2B:?22bi@T2 7Q KBM; KQ/2H- +?B2p2/ i2bi ++m > +v Q7 yXN
HBiv "2/m+iBQMX h?Bb "2bmHi bm;;2bib i? i i?2 _ M/QK6Q 2bi H;
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+ T #BHBiB2b iQ ? M/H2 ?B;?@/BK2MbBQM H /i 2772+iBp2Hv- "2M
i2+?2MB[m2b TQi2MiB HHv mMM2+2bb v 7Q  QTiBK HT2 7Q K M+2}

6m i?2 ' KQ 2- M LPo i2bi +QM/m+i2/ QM i?2 i2bi ++m’ +B2b + Qb
T@p HM2 Q7 yX9d9y- BM/B+ iBM; MQ bi iBbiB+ HHv bB;MB7B+ Mi /I
Q7 KQ/2HDb rBi? M/ rBi?Qmi S* 72 im 2 b2H2+iBQMX h?Bb 7BM/BM
/IBK2MbBQM HBiv '2/m+iBQM KB;?i MQi T°QpB/2 bm#bi MiB HT2 7Q
+H bbB7B+ iBQM i bFX "2vQM/ i?2 T2 7Q K M+2 BKTHB+ iBQMb- /
MB[m2b HBF2 S* + M BMi'Q/m+2 KQ 2 +? HH2M;2b BM i?2 BMi2 T 2
im 2 BKTQ'i M+2X AM /QrMbi'2 K M Hvb2b-bm+? ba? TH2v //BiB
K TTBM: i?2 BKTQ i Mi T'BM+BT H+QKTQM2Mib # +FiQi?2 Q B:BM
K FBM; MmK2 ' Qmb bbmKTiBQMb- TQi2MiB HHv H2 /BM; iQ HQbb
S* +QKTQM2MiKB;?i #2 K TT2/iQ b2p2° H+QMi'B#miBM; ;2M2b M/
i72 DQ# Q7 B/2MiB7vBM; i?2 KQbi BKTQ i Mi ;2M2b /B77B+mHiX

Pm> 7BM/BM:b +QM+HmM/2i? i 7Q  i?2 +H bbB7B+ iBQMi bF i? M/- |
+B i2/rBi? /IBK2MbBQM HBiv '2/m+iBQM KB;?i MQi #2 DmbiB7B2/- 2|
? M/HBM; ?B;?@/BK2MbBQM H/ i 2772+iBp2Hv- bm+? bi?2 _ M/Q}

kX9X8 JQ/2H 1tTH M iBQM mbBM; a> S

hQ ; BMBMbB;?ibBMiQi?272 im 2bi? i +QMi B#mi2/ KQbi bB;MB7B
i72 bQm +2b- r2 2KTHQv2/ a? TH2v //BiBp2 1tTH M iBQMb Ua> SV
MB[m27Q BMi2 T 2iBM; M/ ii B#miBM; 72 im2BKTQ i M+2 BM K +
Bb# b2/ QM +QQT2  iBp2:; K2i?2Q v M/ T QpB/2b mMB7B2/ TT G
Q7 Mv K +?BM2 H2 "MBM; KQ/2H #v [m MiB7vBM; i?2 +QMi B#miBQ
KQ/2H6b T 2/B+iBQMX
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6B:m 2 kXRk, hQT Ry ;2M2b +QMi'B#miBM; iQ i?2 KQ/2H T 2/B+iBQM
M/ i?2B" "2bT2+iBp2a> S p Hm2bX >2°2 *H bby Bb "QpBM2-*H bbF
SQmHi v- *H bbj, arBM2-*H bb 9, gBH/ #B /X
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h?2 a>S M HvbBb r b T2 '7Q K2/ QM i?2 +QK#BM2/ :S M/ aLS@b
jV- H2p2® ;BM; i?2 iQT@T2 ' 7Q KBM; _ M/QKERHEBmMbK Q2 X? 5 BOM "R
KQbi BM7HmM2MiB H72 im 2b B/2MiB7B2/ #v a> S-~ MF2/ #vi?2B " p
QmiTmiX 6Q 72 im2b Q' 'B;BM iBM; 7°QK i?2 aLS@bBi2b /i -i?2 +Q
"2 /BbTH v2/- b i?2 aLSbr2 2 K TT2/ # +F iQ i?2 ;2M2b i?2v #2HQ|
p Hm2b "2 + H+mH i2/ #v +QMbB/2°BM; i?2 K ";BM H +QMi B#miBC(
TQbbB#H2 +Q HBiIiBQMb Q772 im'2b-2Mbm BM; 7 B' ii'B#miBQM C
MMB[m2 BKT +i QM i?2 KQ/2H&6b T 2/B+iBQMX

v M HvxBM; i?2 a> S p Hm2b-r2 + M B/2MiB7v i?2 72 im 2b i? i +
i?72 KQbi iQ i?2 +H bbB7B+ iBQM i bF- "2; "/H2bb Q7 i?2 bT2+B7B+
m 2 N-i?22iIQT@ MF2/ 72 im2b-bm+? bdé:* nyRdyy3dj8n uswLYyRY
0:* nyy3N98R38n*Sy3k9djXRnRd336- 2t?B#Bi i?72 ?B;?2bi p2 ;2 Bl
QmiTmi- BM/B+ iBM; i?2B  bB;MB7B+ M+2 BM /BbiBM;mBb?BM; #2ir

"v B/I2MiB7vBM; i?72 KQbi bB;MB7B+ Mi ;2M2b i? Qm;? i?2a>S M H
i?72 #BQHQ:B+ H 7 +iQ'b + M #2 : BM2/-i? iTHV + m+B H "QH2 BN
p "BQmb bQm ' +2b Q° +H bb2b BM i?2 /i b2iX h?2b2 7BM/BM;b + |
BMp2biB; iBQMb BMiQ i?2 7mM+iBQM H QH2b M/;2M2iB+ K2+? MB
;2M2b- /p M+BM; Qm mM/2 bi M/IBM; Q7 i?2 mM/2 HvBM; #BQHQ;B-

kX8 6mM+iBQM H M HvbBbD

bi?2 H bi bi2T BM i?Bb M HvbBb- 7mM+iBQM H MMQi iBQM Q7 i?
QmiiQ Q#i BM BMbB;?ib BMiQ i?2 #BQHQ;B+ H +iBpBiB2b M/ TQbb
iQT +QMi'B#miBM; ;2M2b 7QmM/ #vi?2a> S M HvbBbX h?2:Q HQ7
iQ mMM/2 bi M/ i?2 TQi2MiB H 7mM+iBQMb M/ #BQHQ;B+ H K2+? ME



a4 é7a- O iN

N¢

IYOY 7 é« Oné

BMpQHpP2/ BM-i?2°27Q°2 HHQrBM; KQ 2 /2i BH2/ #BQHQ:B+ H m]
iQ2 +?2 Q7 i?2 bQm +2bX

h?2 IMBS Qi rZ8pbBi2B¢? "2bQm +2 7Q T Qi2BM b2[m2M+2 M/ 7mM+
7Q°i?22 "Hv MMQi iBQM ii2KTibX >Qr2p2  bBM+2r2 +QmH/ QMHvV
b2[m2M+2b i iBK2mbBM; MBS Qi-r2H2p2 ;2/i?2iQQH2;;LP:@K
iQQH 7Q° 7mM+iBQM H MMQi iBQMX h?2 2;;LP:@K TT2 H2p2 ;21
"QmTb M/ 7mM+iBQM H MMQi iBQMb iQ bbB;M 7mM+iBQM H + i2
BMTmi b2[m2M+2bX h?Bb TT Q +? HHQr2/ mbiQ 277B+B2MiHv M
BM+HmM/BM; i?2 iQT Ry 72 im 2b B/2MiB7B2/ #vi?2a>$S M HvbBbX

6B;m 2 kXRj, h?2iQT R8 *P: p Hm2b B/2MiB7B2/aBiw TABKMXBANK2b T

6B:m 2 kXRR BHHmbi  i2bi?2 Qp2  HH/Bbi'B#miBQM Q7 *P: + i2:Q"
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+ Qbb i?2 2MiB 2/ i b2i- T'QpB/BM; #'Q /2 T2 bT2+iBp2 QM i?2
i?72 ;2M2 b2[m2M+2bX h?Bb /Bbi'B#miBQM 2p2 Hb /Bp2'b2 2T 2b
BM+HmM/BM;i° Mb+ BTiBQM UEV- "2THB+ iBQM M/ 2T B UGV- M/ 2
U*V- KQM; Qi?2 bX *P: + i2;:Q VETr bi?2 KQbi +QKKQMHv Q#b2 p2/
;2M2b +H bbB7B2/ b i? iX

2M2 .2b+ " BTiBQM
nNyRee333N8n uhCLYyRyyyyyRKMIRNQ¥ +i2°'B H BHfGQK T 'Qi2BM
NykRkk9dd8n "1ACLYRyyyyye@XRnj
NYYNReRyk8n*Sy3k9kNXRnRk8dP "2/m+i b2 M+?2Q bm#mMBi U.Kb*V
Nyy3N98R38n*Sy3k9djXRn999®MIQK2 B+ +QMp2'bBQM Q7 G@ ? KMQb?2
NYyRR9y3388n*Sy3kd8RXRnR&8& B+? /QK BM QM Tmi iBp2iv'QbBM2 F
NyRe833k88n uzZsGyRyyyyyyaxXHRa@®R3HH BMp bBQM T Qi2ZBM

NyR3k3yk98n " CSEYyRyyyyyy8XRhikki@HBF2 T Qi2BM
Nyy3N98R38n*Sy3k9djXRnRdB3i" Tv. QH2 U*Q 'BMfSQ T?V BMV J2i?
NnyRdyy3dj8n uswLYRYyyYyYYYNXRWBRjBM

E A T . T I T B

h #H2 kXe, hQT Ry ;2M2 7TmM+iBQMb B/2MiB7B2/ #v a> S mbBM

h #HRXE 2b2Mib i?2 7mM+iBQM H MMQi iBQMb 7Q" i?2 iQT Ry +QM
i?2B° bbB;M2/ *Hmbi2'b Q7 P i?QHQ:Qmb :"QmTb U*P:V + i2:Q B2b
iBQMbX h?2*P: + i2;Q ' B2b T ' QpB/2BMbB;?2ibBMiQi?2# Q / 7TmM+iE
;2M2b QT2 i2- bm+? b +2HH KQiBHBiv UJV-bB;M Hi® Mb/m+iBQM
U:V- M/ +Q2MxVvK2 i MbTQ'i M/ K2i #QHBbK U>VX LQi #Hv- b2p2"
+H bbB7B2/ mM/2 i?2 6ad + i2;Q v-r?B+? 2M+QKT bb2b 7mM+iBQMN
+i2 Bx2/ T'Qi2BMb- ?B;?HB;?iBM; i?2 TQi2MiB H7Q 7m i?2 2tTF
/QK BMX

kXe TTHB+ iBQM Q7 aQm +2 Hb+®BIE; iQ

AM i?Bb b2+iBQM- b2+QM/ TTHB+ iBQM Q7H BRQEET 24BH 1 BHR T h2
bT2+B2b +QK&&MBb TH MiT i?Q:2Mi? i+ mb2b # +i2 B HrBHi /Bb
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Q7 2+QMQKB+ HHv BKTQ i Mi + ' QTbh- BM+HmM/BM; jEXX GR2HbMBMK iQ
i?72 bQm +2 Q7 _aa* ;2MQK2b + M #2 ?2HT7mH BM /2p2HQTBM; 27
T'2p2MiBQM M/ +QMi'QHBM ;"B+mHim"> Hb2iiBM;bX h?Bb FMQrH2/
Q7 i *;2i2/ T 2p2MiBp2 K2 bm 2b-bm+? b +'QT Qi iBQM- #BQb2+m"
K2 bm 2b-iQ KBiB; i2i?2bT 2 /Q7i?2T i?Q;2M 7°QK ?B;?2@ BbF b

AM i?2 7TQHHQIBM; bm#b2+iBQMb- +QKT 2?22MbBp2 M HvbBb Q7 _
6B bi-i?2 /i Bb /2b+ B#2/i? Qm;? Zl ah M HvbBb M/ ?Qbi /Bbi B
Qp2 pB2r Q7 i?2 /i b2idb [m HBiv M/ /Bp2 bBivX am#b2[m2MiHv- |
T QTQb2/BM i?Bb +? Ti2 " Bb TTHB2/iQi?2 _aa* ;2MQKB+ /i -2M
i?72/ i b2ib7Q /QrMbi 2 KK +?BM2 H2 MBM; M HvbBbX

IMHBF2MR2T?BKm BmK + b2bim/v-r?B+? 7Q+mb2/ QM 7Bp2 /BbiBM+

KQ 2 /Bp2'b2 > v Q7 ?Qbi bQm +2b- rBi? K Mv bQm +2b 2T 2b2
7°2[m2M+v Q7 ;2MQK2bX hQ ++QmMi 7Q" i?Bb +QKTH2tBiv- b2p2"
Im+i2/- +QMbB/2°BM; i?2 iQT j- M/ iQT 8 KQbi T 2p H2Mi bQm +2b
+ Tim 2 i?2 TQi2MiB Hp B iBQMb M/ mMB[m2 +? °~ +i2 BbiB+b bt
bQm +2b r?BH2 K BMi BMBM; bm77B+B2Mi b KTH2 bBx2 7Q° "Q#n
+?BM2 H2 MBM; 2tT2 BK2Mib-i?2 a> S Ua> TH2v //BiBp2 2tSH M
i2+?MB[m2 Bb 2KTHQvV2/ iQ B/2MiB7v i?2 KQbi BKTQ i Mi 72 im 2b
T 2/B+iBQMbX

kXeXR . i /2b+ BTiBQM

h?2 K2i /i 7Q Qp2 3yyy aa*jBh @ BHBMHBK:; 7 QK RNd bQm +2b |
QM2 Q' KX PQH M +Ri“mBKIb BbQH i2/ 7°QK Ry8 :2Q;" T?B+ '2;BQM
'2MQK2 /i Q7 QMHvV jk3 b KTH2b "2 p BH #H2 iQ /QrMHQ / 7 QK i
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i?72 iBK2 Q7 i?Bb M HvbBbX >2M+2r2 T°Q+22/2/iQ T2 7Q K i?2 M |
i?72 T"TBHBKBM "v bi2T-i?2 ZI ah M HvbBb Bb T2 7Q K2/ Uh #H2 kX
K2 M MmK#2° Q7 +QMiB;b b Rde-rBi? +QMbB/2" #H2 bi M/ //2pB
bB;MB7B+ Mip B iBQM BM i?2 bb2K#Hv [m HBiv + Qbb /B772 2Mi
iQi HH2M;i? Q7 i?2 bb2K#H2/ ;2MQK2b Bb TT QtBK i2Hv 8X8e J#T
bBx2 Q#b2 p2/ Bb eX9N J#T-bm;;2biBM; i?2T 2b2M+2 Q7 bi° BMbrB
/Im2iQi?2 +[mBbBiBQM Q7 //BiBQM H ;2M2iB+ K i2'B Hi?2 ' Qm:? ?2C
T 2b2M+2 Q7 TH bKB/bX h?2 K2 M:* +QMi2Mi Q7 i?2 aa*:2MQK2b B
7Q i?Bb bT2+B2b +QKTH2tX h?2 L8y bi iBbiB+-? b K2 M p Hm2 (
"2H iBp2Hv ?B;? H2p2H Q7 +QMiB;mBiv BM i?2 bb2K#HB2bX h?2b
_aa* ;2MQKB+ /i mb2/ BM i?Bb bim/vBb Q7 "2 bQM #H2 [m HBiv- r|
M/ :*+QMi2Mi 7Q i?Bb bT2+B2b +QKTH2tX

*QKT "2/iQ i?2 ZI ah "2baditvib?BXm BmK /Bb+mbb2/ 2 "HB2 - i?2 _a:
TT2 "iQ? p2 ?B;?2 H2p2H Q7 +QMiB;mBiv- b 2pB/2M+2/ #vi?2 H
+QmH/ #2 Im2 iQ /IB772 2M+2b BM bb2K#Hv K2i?Q/b- b2[m2M+BM;
'2MQKB+ +QKTH2tBiv Q7 i?2 "2bT2+iBp2 bT2+B2bX >Qr2p2° - /B 2+
+ mMiBQmbHv- bi?2bT2+B7B+/ i b2ib M/ bb2K#Hv TBT2HBM2b K v .

h?2 MmK#2 Q7 ?Qbib Bb BM i?2b2 jk3 b KTH2b r2°2 93-aeB+? Bb
hvT?BKm BmK-r?B+? QMHvV? /8#°Q /+ i2:Q°B2b Q7 bQm +2bX h?2
BMi?2/ i baiQH2MmK im#RPSQb iV i kN ¥OW MK Hv+QThL KB oK

i KyXyWX h?2b2irQ ?2Qbib ++QmMi7Q M2 "Hv? H7Q7i?2:2MQK2b
b _aa*Bb K DQ T i?Q:2M 772+iBM;: TQi iQ M/iQK iQ + QTb rQ"|
irQ /QKBM Mi bQm +2b-i?2°2Bb HQM;i BH Q7 bK HH2  T°QTQ iB(
TH Mi ?Qbib- bm#@KBb bURpMBWND-B+mK MMEATR 2V UKD W V -

+mKBMJT M M V UBXKWV- M/ b2p2° HQi?2 b rBi? H2bb i? M 8W 2T
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*QHMKMR + QM M2 M bi/ 8yT2 +2Mi
O +QMiB;b U=4y #TW3 | RdeXR | 9k3Xk3| RkjX8
O +QMiB;b U=4 Ryy)kTVRRjX3d| R3yX9N RyR
O +QMiB;b U=4 8yyyjEIV eNX8d | dI9XNe | dj
O +QMiB;b U=4 Ryy)yk3#T88Xy9 | 8jX83 ekX8
O +QMiB;b U=4 k8YYyjkETVYI9X8N Jy Xyk 9e
O +QMiB;b U=4 8yyykETWNXdAdR | ReXde | kj
hQi HH2M;i? U=4 y #13V| 888N ddBKNMKR 9 e XB&e dkkly
hQi HH2M;i? U=4 Ryky #88k3yd9j899d8XRB&8NeRBk
hQi HH2M;i? U=4 8ykg #BYjy38KXBNEBIOY3XBPM3kRRd
hQi HH2M;i? U=4 Rykyy BTRAB83NX*BdNIXBKRR8NjX8
hQi HH2M;i? U=4 kg§kgy OTNMNNRR ¢ \VB8BD R kXERje8RR
hQi HH2M;i? U=4 8yk@By HOPEddNBRAKyRedXelNNdDNBe X8
O +QMiB;b jk3 | R9kXy3| jy3X3d| RR9X8
G ";2bi +QMiB; jk3 | Rd38RIYIXDIky 3y KN 3kk/X8
hQi HH2M;i? jk3 | 8893je34yMkd3XeBey8NRyX8
* T2 +2Mi jk3 | eeXdN | yXk8 eeXdd
L8y jk3 | Re8NRBR8#e839RkNeky
LNy jk3 | NNk3y3XBj@j9RdX&lIBdN X8
m L jk3 | R99eeyle RBIRBKNBRBA3|R X]j
G8y jk3 | kkXk 39XjN R9X8
GNy jk3 | dyXR KjyX9N | 99
O L6b T2 Ryy F#T| jk3 | jR8Xee| Rd3yXR Yy

h #H2 kXd, .2b+ BTiBQM Q7 ZI ah M BHQBBK "2b mhKkb Q7
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6B:m 2 kXR9, >Qbi /BhiHBHQMRMQR M +2 ~mK bUr 2a8-MX +RNKH W 2 t
i7Qb2 ?2Qbib rBi? KQ 2i? M QM2 :2MQK2 2 +QMbB/2°2/ 7Q  i?Bb 7E
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h?Bb /Bp2 bBiv BM ?2Qbi bQm +2b T 2b2Mib #Qi? +? HH2M;2b M/ Q
PM QM2 2?2 M/- 2 pBM; H ;2 MmK#2 Q7 bQm +2b rBi? "2H iBp2Hv
Bi KQ'2 +? HH2M:BM: iQ i BM ++m i2 K +?BM2 H2 "MBM: KQ/2H|
mM/2 2T 2b2Mi2/ BM i?2i° BMBM; /i X PMi?2 Qi?2> ? M/- i?Bb /B
+QKT 2?2MbBp2 mM/2 bi M/BM; Q7 i?2 ;2M2iB+ p "B iBQMb M/ / T
iQ BM72+i M/ +QHQMBx2 /B772 2Mi TH Mi ?2QbibX

kXeXk J +?BM2 H2 MBM; 2bmHib

h?2 ;2MQKB+/ i 7Q i?2 _aa*r b miBHBx2/ bBMTmiiQi?2 #BQBM7Q
BM i?Bb +? Ti2  +QMbi m+iBM; i?2 ;2M2 T 2b2M+2 #b2M+2 / i b2i.
JJa2[- MQ +Q'2 ;2M2b r2 2 B/2MiB7B2/ 7Q" i?2b2 b2[m2M+2bX h?:
QMHvV T 2b2Mi BM RNy :2MQK2bX >2M+2- i?2 aLS bBi2 /i b2i +Qm}k
'S /i b2irbbm#b2[m2MiHv 2KTHQV2/iQ i° BM i?2 K +?BM2 H2 "MB
a2+iBQM kX9Xj- 2M #HBM; i?2 T 2/B+iBQM Q7 i?2 bQm +2 bbQ+B i
aBM+2 b2p2° HbQm +2b ? / QMHv QM2 b KTH2 ;2MQK2- i?Bb #2+ K.
H2 "MBM: KQ/2Hb iQ H2 "MX >2M+2-i?2iQT Ry bQm +2b-iQT 8 M/ i
K +?BM2 H2 "MBM; M HvbBbX h?2 2bmHib Q#i BM2/ 7°QK i?2 K +?]
T 2b2Mi2/ BM i?2 7TQHHQIrBM; b2+iBQMbX

hQT Ry bQm +2b

h?2 iQT Ry bQm +2b +QMbB/2°2/ BM i?2 M HvbBbr2'2 aQH MmK im
Hv+QT2 bB+mK UhQK iQV-* TbB+mK MMmmK US2TT2 V-Jmb +mk
i # +mK UhQ# ++QV-aQH MmK K2HQM;2M U1;;TH MiV- wBM;B#2" Q
/IBbB + USH Mi BMV- "~ +?Bb ?vTQ; 2 US2 MmiV- M/ Mi?m BmK M
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2 fH +2H2 7VX h?2 ?B;?2bi i2bi ++m” +v +?B2p2/r?2M +QMbB/2"

8eX3jW- Q#i BM2/ #vi?2 > M/QK 7Q 2bi KRABX qEbiB R mT m blBM# HM v /|
K2MbBQM HBiv '2/m+iBQM-i?2 ?B;?2bi ++m  +vr b ; BM Q#i BM2/
*QKT "2/ iQad¥T?BKm BmK “2bmHib-i?22 mM/2 T2 7Q KBM; “2bmHil
#2 ii'B#mi2/ iQ i?2 BM+'2 b2 BM i?2 MmK#2> Q7 bQm +2b M/ i?2 /:
b KTH2b T2 bQm +2X b i?2iQT Ry bQm +2b +QMbiBimi2 QMHvV kjN
H2 "MBM: KQ/2Hb HBF2HvV bi'm;;H2 iQ "2 +2 M ++2Ti

#H2 ++m° +v

i BM2/ mbBM; i?2 2K BMBM; b KTH2b +H bbB7B2/ bi?2 2H2p2Mi?
b?Qr2/ 7Tm'i?2 /2+ 2 b2 BM T2 7Q K M+2- TQbbB#HvV #2+ mb2 i?2

+H bb +QMi B#mi2b iQ i?2 KQ/2H 7Q+mbBM; QM /B772 2Mi /IB772 2N\

JQ/2H a2H2+|i BQ Rldduracy | h2 Racuracy
_ M/QK6Q 2bi| T+ yX9j yX8e
JGS T+ yXjij y X8k
HB;?i:"J T+ yXN3 y X8
_ M/QK6Q 2biil MQM2| yX99 yX9e
s:"QQbi T+ y X9 yX9e
+MM T+ yXj9 yX9e
JGS MQM2| yXjd yX99
.2+BbBQMh ' 22TBtMB | yXj9 yX99
aol T+ yXj8 yX99
+MM MQM2| yXj9 y X9k
HB;?i:"J MQM2| yXj3 y X9
aol MQM2 yX9 yXj3
S:"QQDbi MQM2| yX9k yXj3
.2+BbBQMh 22TMi QTyXjd yXj8
.2+BbBQMh 22 MNDIMQTY Xje yXjR
.2+BbBQMh 22 \BQMB2| yXj3 y XkN

h #H2 kX3, S2°7Q K M+2 K2i'B+b Q7 i?2K +?BM2 H2 "MBM; KQ/2Hb i
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hQT 8 bQm +2b

h?2 ?B;?2bi i2bi ++m > +v Q#b2 p2/ BM i?Bb kX2 i+B B BB y#Wi Vh #
_ M/QK 6Q 2bi KQ/2HX AM i?2 +QMi2ti Q7 i?Bb / i b2i-r?B+? bQH2H
HBiv "2/m+iBQM- i?2 BKT ' Qp2/ T2 ' 7Q K M+2 Q7 _ M/QK 6Q 2bi + M
#BHBiv iQ 2 M/H2 ?B;? p "B M+2 M/ #B b KQ 2 2772+iBp2Hv i? M i
6Q 2bi QT2 i2b #v +QMbi m+iBM; KmHiBTH2 /2+BbBQM i 22b /m BM

i?7 1 Bbi?72 KQ/2 Q7 i?2 +H bb2b Q7 i?2 BM/BpB/m Hi 22b-r?B+? Bl

H2p2H Q7 ++m” +v M/ "Q#mbiM2bb ; BMbi Qp2 7BiiBM;- T "iB+mH

b KTH2bX
JQ/2H a2H2+|i BQ Bldturacy | h2 Rdécuracy
_ M/QK6Q 2bi| T+ yX8j yX8d
s:"QQbi T+ yX9N yX8d
HB;?i:"J T+ yX33 yX8d
JGS T+ y X9 yX8d
_ M/QK6Q 2bil MQM2| yX9N yX88
aold T+ yX98 yX88
+MM T+ yX99 yX88
JGS MQM2| yX9e y X8k
aold MQM2| yX8k y X8
.2+BbBQMh ' 22TMi QTyYyX9j yX93
+MM MQM2| yX99 yX9d
.2+BbBQMh 22 MDIMRTY X9]j y X9k
s:"QQbi MQM2| yX9d y X9k
HB;?i:"J MQM2| yX9e y X9k
.2+BbBQMh 22TBtMB | yX9Kk y X9k
.2+BbBQMh 22 NBQMNB2 | y X 9] yXj3

h #H2 kXN, S2°'7Q K M+2 K2i B+b Q7 i?2 K +?BM2 H2 "MBM; KQ/2HDb

hQT j bQm +2b

h BMBM; K +?BM2 H2 MBM; KQ/2Hb #2ir22M i?2iQT jbQm +2b USQ

Bp2Mi?2 ?B;?2bii2bi ++m” +v Q7 deXedWkhVNR2hGB BP2:"MBM#HD p
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UGB XM Im;;2bii? i i?72 KQ/2H +QmH/ ? p2 mb2/ //BiBQM H /i iQ
6m 1?72 -i?22T2 7Q K M+2 Q7 i?2 HB;?i:"J KQ/2Hr b2p Hm i2/ mbBM
M/ _2+2Bp2°  PT2  iBM; *? * +i2 ' BbiB+ U_P*\kXmPpRbXih22 S 2@&m p
Q77 #2ir22M T 2+BbBQM M/ "2+ HH 7Q 2 +? +H bb BM i?2 /i b2iX
UI*V p Hm2b 7Q  i?2 S_ +m'p2 "2 b 7QHHQrb, SQi iQ UyXdkV- hQ
UyXjjVX h?2b2p Hm2b BM/B+ i2i? i i?2 KQ/2H T2 7Q Kb "2H iBp2Hv
bi'm;;H2b rBi? i?2 hQK iQ M/ S2TT2 +H kiXFBaXHth@Bi_ A2 PKQ/2H
#BHBiv iQ /Bb+ BKBM i2 #2ir22M +H bb2b ip BQmb +H bbB7B+ iB
7Q i?2 P*+m'p2 2, SQi iQ UyX83V- hQK iQ UyXjNV- M/ S2TT2" |
bm;;2bibi? ii?72 KQ/2H? b :QQ//Bb+ BKBM iQ'vTQr2 7Q i?2 S2T
TQQ 'Hv 7Q° i?2 hQK iQ +H bb M/ QMHvV bHB;?iHvV #2ii2° i? M > M/Q
+H bbX

h?2 HQr2  1*p Hm2b 7Q  i?2 hQK iQ M/ S2TT2 +H bb2b BM i?2 S_ +
KQ/2H biBHH bi'm;;H2b iQ K BMi BM ?B;? T'2+BbBQM r?BH2 +2?B2p
h?Bb K v #2 ii'B#mi2/iQ i?2 HBKBi2/ MmK#2 Q7 b KTH2b p BH #H:
bi?2 TQi2MiB H T 2b2M+2 Q7 +H bb BK# H M+2 BM i?2 / i b2iX h?
I* p Hm2b 7Q" i?2 SQi iQ +H bb BM i?2S_ M/ _P* +m p2b bm;;2bib
+ MK BMi BM "2 bQM #H2 T°2+BbBQM@ 2+ HH # H M+2- Bib Qp2°
+H bb Bb QMHvV bHB;?iHV #2ii2° i? M~ M/QK ;m2bbBM;X
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JQ/2H a2H2+|i BQ Bldturacy | h2 Rdécuracy
HB;?i:"J T+ RXy yXde
JGS MQM2| yX8d yXed
_ M/QK6Q 2bi| T+ yXej yXed
aold T+ yX88 yXed
_ M/QK6Q 2bii MQM2| yX88 yX83
+MM MQM2| yX8 yX83
aolJ MQM2| yXe yX88
HB;?i:"J MQM2| yX8 yX88
.2+BbBQMh ' 22TBtMB | yXe9 yX88
JGS T+ yX9N yX88
+MM T+ yX8d yX88
.2+BbBQMh 22 MDIMQRTY X89 yX93
.2+BbBQMh ' 22TMi QTyXS8 yX93
.2+BbBQMh 22 \BQMB2| y X8R yXjj

h #H2 kXRy, S2 ' 7Q K M+2 K2i B+b Q7 i?2 K +?BM2H2 MBM; KQ/2HE

6B;m 2 kXR8, G2 "MBM; +m'p2 Q7 i?2 #2bi T2 '7QKBM; KQ/2H- GB
bQm +2b b i?2 BMTmiX
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6B;m 2 kXRe, h?2 "2+2Bp2 QT2 iBM;+?  +i2 BbiB+U_P*V +m p2 Q
HB;?i:"J-rBi? S* Dbi?2/BK2MbBQM HBiv 2/m+iBQMX

kXeXj 1tTH M iBQM

h?2 a> S bmKK v THQKkXEB2p22Hb i?2 iQT Ry ;2M2b +QMi B#miBM;
/QK 6Q 2bi KQ/2H6b bQm +2 T 2/B+iBQM 7Q  i?2 _aa*X h?22 :2M2b

BKT +i QM i?2 KQ/2H QmiTmi- b BM/B+ i2/ #vi?2 K2 M #bQHmi2 a>
T 2b2M+2 Q  #b2M+2 Q7 i?2b2 ;2M2b TT2 b iQ #2 BKTQ i Mi BM /
i7°22 K BM ?2Qbi +H bb2b, SQi iQ U*H bb yV- hQK iQ U*H bb RV- M
7mMM+iBQM H MMQi iBQMb Q7 i?2b2 iQT k>QWR BXmBi/Q B MDIB 2Di bJ B N
i?2B° TQi2MiB H "QH2b BM ?Qbi / Ti iBQM M/ T i?Q;2MB+BivX a2
rBi? /QK BMb Q7 mMMFMQrM 7mM+iBQM U.I6V-bm+? b .1699j8 M/ .16
7mi?2° "2b2 "+?2 BbM22/2/iQ 2HmM+B/ i2i?2B  bT2+BDHBA@TBOM#iB QM
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6B:m 2 kXRd, h?2 S'2+BbBQM _2+ HHUS V +m'p2 Q7 i?2 #2bi T2 7¢
rBi? S* bi?2/BK2MbBQM HBiv "2/m+iBQMX

12M2

2b+ BTiBQM

NYyR8NRyNd8nC *qLoyRyy
NyR8NRR8R8NC *qPPyRYy

NYyyydoONNN8nCZPAyYyRyyy
NyyRe99dN8nCs uyRyyyy

E I S T T R

NYyR8NRR398nC *qS.yRyy

NYyR8NRRk38nC *qZCyRyyw¥BMkXR Qi2BM a/m *@i2 KB

NYR8NRYNRS8NC *qLayRYyyyy@N@XR /2?v/ Q;2M b2 6 /1
NYyR8NRYNRS8NC *gLayRYyBRIRYXIRM/2Mi QtB/Q 2/m+i
NYyR8NRRk38nC *qZCyRyyyRS®IXR2M/2Mi _L ?2HB+ b
NYR8NRYNRS8NC *gLayRYyyywK3IQXRM b2 K im™ iBQM 7 +i

VY&@NBRQK BM@+QMi BMBM
yRYBB@R ;BMBM2 i° MbHQ+ ik

yABXRI9 /QK BM@+QMi BMBM
dNX@+? QK2 + KBiQ+?QM/ B

- T Qi2BM

3QM bB:M H T

M H/QK BM)>
" T Qi2BM
HBKTQi7 +
Rd

b2

0

9

VWREBKRi?vH iBQM

h #H2 kXRR, hQT Ry ;2M2 7mM+iBQMb B/2MiB7B2/ #v a> S mbBM
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6B:m 2 kXR3, hQT Ry ;2M2b +QMi B#miBM;iQ i?2 KQ/2H T 2/B+iBQN
M/ i?2B" "2bT2+iBp2a> Sp Hm2bX >2 2 *H bby, SQi iQ-*H bb R, h
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BMi2° +iBQMbX Pi?2" ;2M2b "2 bbQ+B i2/ rBi? p BQmb +2HHmMH
i* MbHQ+ iBOQM UhrBM@ “;BMBM2 i° MbHQ+ iBQM T i?r vbB;M H T"
U6 .@/2T2M/2Mi QtB/Q 2/m+i b2V- L K2i #QHBbK U hS@/2T2M/2]I
2v/ Q;2M b2 K im® iBQMX h?2 /Bp2'bBiv Q7 i?2b2 7TmM+iBQMb BKT
_ HbiQMB BMb iQ /B772 2Mi ?2Qbi TH Mib K v BMpQHp2 +QKTH2t
M/ K2i #QHB+ T i?r vbX 6m i?2°  BMp2biB; iBQM BMiQ i?2b2 iQT +0Q
bbQ+B i2/ 7TmM+iBQMb +QmH/ T°QpB/2 p Hm #H2 BMbB;?ib BMiQ i
bT2+B7B+Biv M/ T i?Q;2MB+BivBM i?2 aa*X



*2 Ti2 |
:2M2 PMiQHQ:v S 2¥B+iBQM

JXR GBi2 im 2 2pB2r

jXRXR :2M2 +Q@2tT 2bbBQM M HvbBbD

AM i?2 2pQHpPBM; H M/b+ T2 Q7 ;2M2 7mM+iBQM T 2/B+iBQM BM T
M HvbBb ? b ; BM2/ T'QKBM2M+2 BM i?2j#)yyvy0Q@ NN 2hB@ M #M H
2K2':2/ b TQr2 7mH iQQH- B/2MiB7vBM; ;2M2b rBi? bBKBH  2tT 2
iB+BT i2BMb K2 #BQHQ:B+ HT Q+2bb2bX h?Bb TT Q +?2-2?2Qr2p2°
bMQ 'K HBx iBQM +? HH2M;2b M/i?2BKT +i Q7 /Bp2'b2/ i b2ibX A
+? HH2M;2b-/ i ;2M2  i2/ #v IB772 2Mi TH i7Q Kb K v ? p2 /[B772 2
MQi?2 KQ 2 +QKKQMHvV b22M MQ 'K HBx iBQM +? HH2M;2 Bb i? |
K2Mi H:;QmTb K v+ "v# i+?22772+ibi? i "2 MQi #BQHQ;B+ HHv 2
/i b2ib- bQK2 iBbbm2b Q  +2HH ivTI2b K v ? p2 HQr2°' MmK#2 Q7 2t
Kv 772+iKQ 2:2M2 2tT 2bbBQM i? M Qi?2 bX "Qi? 7 +iQ b +QmH/
7°QK +Q@2tT 2bbBQM M HvbBbX

S'2/B+iBM; ;2M2 7TmM+iBQMb # b2/ QM 2tT 2bbBQM /i HQM2 Bb |
7TMM+iBQMb + M #2 "27H2+i2/ BM i?28B X 2AM 2 bb@KQ™ Ti Bi22Z M bm(/v- b

Rhn?Bb rQ F ? b #22M bm#KBii2/ b #QQF +? Ti2 ' BM 6:mB/2iQ SH Mi aBM;H2@ -
"2MQKB+ M/ * QT AKT Qp2K2Mié M/ Bb +m > 2MiHv mM/2" "2pB2rX hBiH2 Q7 i?2
J +?BM2 G2 "MBM; T 2/B+iBQM Q7 MQp2H :2M2 7mM+iBQMb rBi? bBM;H2@ +2HH |

89
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i2K iB+ HHv 2p Hm i2/ i?2 HBKBi iBQMb Q7 mbBM; +Q@2tT 2bbBQ|
?B;?HB:?i2/i? i 7 +iQ bm+? b/ i b2i +?QB+2- MMQi iBQM [m HBiv
K2 bm 2b bB;MB7B+ MiHv BKT +i2/ i?2 #BHBiviQ '2+Qp2 7mM+iB
i72 BKTQ'i M+2 Q7 i?2Q°Qm;? 2tTHQ  iBQM Q7 KmHiBTH2 /i b2i +QK

h?2 KQ/mH "Biv Q7 ;2M2 +Q@2tT 2bbBQM M2irQ Fb- i"2 i2/ b #BQ
2tT 2bbBQM M/ 2;mH iQ v T'QT2'iB2b- Bb F2v T ° K2i2  7Q  M2ir
BbiBM; i2+?MB[m2b 7Q  KQ/mH2 2ti° +iBQM "22772+iBp2-v2i BKT
M/ M2irQ F 2p Hm iBQMb 2 biBHH M22/2/X 6Q 2t KTH2- + p2 ib t
MMQi i2/;2M2b BM :2M2 +Q @ 2t T 2 Ny BQM nMH-22 bQb ifB Hl H RWB(b i X

HQ# Hi> Mb+ BTiQK2 /i b2ib+ Tim 2# Q /-bi iB+7mM+iBQM H "2
i° bi2/ rBi? /vM KB+- +QMi2ti b9+ B2p2 :H. bi(# b2b M/ iQQHb ? p2
#mBHi iQ /B '2+iHv ++2bb i?2 +Q@2tT 2bb2/ ;2M2 HBbib # b2/ QM
aQK2 Q7 i?2 iQQHb Tjd} NWH BI/mB ® *ad)x." (#B/QTbBb *Q@2tT 2bbBQ
U *hVOR- aA."9@- :2M2* )X h?2b2 +QMi2ti@bT2+B7B+ M2irQ ' Fb "2
/2 bi M/BM; ?2Qr TH Mib /Dmbi K2+? MBbKb BM "2bTQMb2 iQ p "vBN
"QMK2Mi H+m2bX h?2 +? HH2M;2 HB2b BM 2ti° +iBM; K2 MBM;7mH
M2irQ FbiQ T'BQ BiBx2 ;2M2b "2H i2/iQ bT2+B7B+ i BibQ T Q+2
HBF2 ;2MQK2@rB/2 bbQ+B iBQM bim/B2b 7Q° +QKT 2?22MbBp2 i F
BM mbBM; :2M2 2tT ' 2bbBQM /i HQM2 iQ /2+BT?2" +2HHmMH * Q" ;
KQH2+mH ~/ i b2ib T"TQKBb2b /p M+2K2MibX

jXRXk 6mM+iBQM H M2irQ Fb

CL2i99- 2MQK2@b+ H2 7mM+iBQM H M2irQ ' F 7Q° ° #B/QTDbBb |
#BHBbiB+ bbQ+B iBQMb iQ T 2/B+i ;2M2 7mM+iBQMbX  L2i6b b



8e +NZy T kY ;7é7Qé nani-T 120« Of

TmM+iBQM Hb+ 22MBM; mM/2 b+Q 2b i?2 TQi2MiB HQ7 M2irQ " F@ ¢
TH2 +Q@2tT 2bbBQM@# b2/ T 2/B+iBQM- " L2i BM+Q TQ"  i2/ Qi?2
T Qi2BM BMi2  +iBQM- M/ b2[m2M+2 2QKQHQ ;v #2ir22M /Bp2 b2 bT
+?B2p2/ T 2/B+i2/ bbQ+B iBQMb 7Q  Qp2  dyW Q7 ;2M2b BM i?2

T 2/B+i2/ 7TmM+iBQMb ? p2 #22M p HB/ i2/ #v r2i @#2MSP 2tt@2 BK 21
T M/2/ QM i?2 bvbi2K iB+ T 2/B+iBQM Q7 :2M2 7TmM+iBQM iQ 39W
'2MQK2- T'QpB/BM; M BKT Qp2// i # b2 Q7 +Q@7mM+iBQM H ;2M.
TH MibT2+B2bX

AM +QKT'2?22MbBp2 '2pB2r2KT? bBXxBM; +QKTmi iBQM H TT Q +?
BM THOhi?P2 BKTQ i M+2 Q7 mbBM; +QMi"QHH2/ pQ+ #mH 'B2b 7Q"
i?72p "BQmb ivi2b Q7 KQH2+mH > M2irQ ' Fb mb2/ BM #BQHQ;B+ H 2
BM7Q K iBQM H- M/ K2+? MBbiB+ M2irQ Fb r2 2 2KT? bBx2/X Ai
QKB+b /i TH vbBM ?2HTBM; iQ mM/2 bi M/ ;2M2 7mM+iBQMb b r2H
iQ ;2M2 7TmM+iBQM 2Hm+B/ iBQM i? i mb2b +Q@7mM+iBQM M2irQ"
TT Q +?X AM+ 2 b2/ T 2/B+iBQM ++m" +v M/ +Qp2 ;2+ M#2 +7?B
QKB+b /i bQm +2bX

JXRXj S 2/B+iBM; bT2+B HBx2/ ;2M2 7TmM+iBQMDb

IMHBF2 K2i?Q/bi? i BK2/iQ T 2/B+i HHivT2b Q7 7mM+iBQM H bb!
Q7 ;2M2b-b2p2° H 2+2Mi Tm#HB+ iBQMb ?B;?HB;?i2/i?2 TTHB+ iB
Q7 ;2M2b rBi? bT2+B HBXx2/ 7TmM+iBON BX B2 KR2NKIRH 2 QB EMbmb " n
++m’ i2 B/2MiB7B+ iBQM M/ +H bbB7B+ iBQM Q7 i° Mb+ BTiBQM -
T Qi2BMb- +QMbB/2'BM; i?2 p "B iBQMb BM MMQi iBQMb KQM; i-
6BM/B3(miBHBx2/ ;2MQKB+ M/ 7mM+iBQM H ;2MQKB+ /i iQ i° BN



KYSYHO § 2z 9 9&0¢7" 8d

T #B/QTbBb M/ "B+2-rBi?i?2Q#D2+iBp2Q7B/2MiB7vBM; M/ T 2/B
ZhG HQ+BX h?Bb TT Q +?2r b bm++2bb7mH TT Q +? iQ +QMM2-
/212 " KBM2/ #v # bB+ TH Mi #BQHQ;v "2b2 "+?iQ i?2 ;2M2iB+ iQQHD
TH Mi #°22/BM; +QKKmMBIivX

MQi?2 K DQ" "2 Q7 '2b2 “+?27Q  ;2M2 7TmM+iBQM T 2/B+iBQM 7Q-
2MxvK2b mbBM; 2tT 2bbBQM / i - b2[m2M+2 ?QKQHQ;v M/ ;2MQKB
;2MQK2bVX PM2 2t9RTH2Br+B Qti2M/2/i?2 7" QMiB2" #v T 2b2MiBM; -
TBT2HBM27Q  ;2MQK2@rB/2 T 2/B+iBQM Q7 K2i #QHB+ 2MxvK2b M
2bi #HBb?2/ mMB7B2/ "2bQm +2 7Q" +QKT "~ iBp2 bim/B2b- "2p2 t
Q7 K2i #QHB+ ;2M2 +Hmbi2'b M/ mM+Qp2'BM; TQi2MiB H T i?r vb
#BQbvMi?2bBbX h?2 bim/v mM/2 b+Q 2/ i?2 "QH2 Q7 HQ+ H ;2M2 |/
BM b? TBM; i?2 2pQHmMiBQM Q7 TH Mi K2i #QHB+ ;2M2 +Hmbi2 b- T
Q'; MBx iBQM M/ 2:mH iBQM Q7 TH Mi K2i #QHBbK ii?2 ;2MQK2 t
TT Q +?-/2i2 "' KBMBM; ;2M2 +Hmbi2'b Bb mMB[m2 #BQBMN7Q K iB-
reB+? +Qp2'b " M;2 Q7 #BQBM7Q K iB+b iQQHb- BM+HmM/BM; 6 Mil
miBHBx2 ?B;?@[m HBiv ;2MQK2 b2[m2M+BM; iQ /2i2+i K2i #QHB+ ;
i?72 B/2MiB7B+ iBQM Q7 M2r K2i #QHB+ T i?r vb BM /Bp2 b2 Q ; MB

JQ 2 "2+2MiHv- BM //BiBQMiQ i?2 #Qp2@K2MiBQM2/ K2i?Q/b- b2p
+QKTmi iBQM H K2i?Q/b? p2 #22M 2KTHQV2/iQ // 2bb i?2 B/2MiB7
rvbX aQK2 Q7 i?2b2 K2i?Q/b BM+HmM/2/ B/I2MiB7vBM; i?2 2tBbi2M+
T i?2r v BM iQK iQONi T(2/B+iBM; MQp2H8K2i i# BHBiiBM( K2i #QHBi2b
2MxVvK2 ;2M2b iQ BR?VBRDB7(2 2MiB iBM; #2ir22M i?2 ;2M2° HBx2/ M/
K2i #QHBbK ;2M2- M/ KQ/2HBMRK2i #QHB+ 7Hmt (

AMbmKK “v-K Mv TT Q +?22b ? p2 #22M /2p2HQT2/BMi?2T biiQ T :
2tT 2bbBQM /i br2HH b Qi?2 ivi2b Q7 7mM+iBQM H ;2MQKB+b /
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T 2/B+i ;2MQK2 rB/2 ;2M2 7TmM+iBQMb r?BH2 Qi?2" K2i?Q/b 7Q+mb.
BM TH Mi ;2MQK2bX .B772 2Mi H2p2Hb Q7 bm++2bb2b ? / #22M +?E
T bi/2+ /2b- #mi MQM2 Q7 i?2 2tBbiBM; K2i?Q/b mb2/ bBM;H2 +2HH
bBM;H2 +2HH :2M2 2tT 2bbBQM / i ? p2 #22M ;2M2" i2/ 7Q  KQ 2 |
7°QK p "BQmb iBbbm2 ivT2b- ?B;?HB;?iBM; i?2 "Q#mbiM2bb Q7 i?B
#Qi? ~ #B/QTbBb M/ MQM@KQ/2H bT2+B2bX AM i?Bb #QQF +? Ti2"
iQ Mb2 bBM;H2 +2HH 2tT 2bbBQM /i iQ T 2/B+i:2M2 7mM+iBQMb B}
M/ /2KQMbi  i2i?2 bi'2M;i? M/ HBKBi iBQMb Q7 bm+? M TT Q +7?.

j Xk J2i?Q/QHQ ;v

h?2 K2i?Q/QHQ;v 2KTHQV2/ BM i?Bb bim/v 7QHHQr2/ KmHiB@bi2T
BM+HmM/2, URV M HVXBM; bBM:H2@+2HH L b2[m2M+BM; Ub+ L
/B772 2Mi K +?BM2 H2 "MBM; KQ/2Hb # b2/ QM i?2B" T 2/B+iBp2 T
T "BM; b2p2° H/ i b2ib 7°QK /B772 2Mi iBbbm2b- M/ #mHF pb bBM
2T Q/m+B#H2 +Q/2 7Q  i?Bb +? TiB™? Hmkn #2 | 7TOmiN/B QN # X + QK f
GBG # iohfaBM;H2*2HH:PT 2/B+iBQM

iXkXR . i AMi2;  iBQM M/ S 2T Q+2bbBM;

6QHHQIBM; i?2 +2 iBQM QB)) atBMi; Q#D 242 (2a2m’ iP#D2+i 7TmM+
BMi2;" iBQM T Q+2bb +QKK2M+2/ #v +QMbQHB/ iBM; b+ _L @b2[ / i
h?2° r;2M2 2tT 2bbBQM /i r bHQ /2/- MQ K HBx2/- M/ b+ H2/7QH]I
TBT2HBM2X h?2 "2bmHi2/ a2m” i Q#D2+ir b pBbm HBx2/ mbBM; IJ
b2 KH2bb BMi2;" iBQM Q7 "2THB+ i2/b KTH2b- M/iQ 2Mbm 2/ i [m



KYlY KY

6B;m 2 jXR, :P S'2/B+iBQM rQ F7HQrX
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Tm#HBDb?2/ "QQi/ i b2i b Qm BMTmBYR hiQ By ZNBiBQ¥ ¥inim (2b U;:
+QMi*B#miBM; iQ i?2 BMi'BMbB+ p "B #BHBiv + Qbbb KTH2b- i?2
b 2KTHQV2/- BKTH2K2MiBM; p "B M+2bi #BHBXBM; i° Mb7Q K iB
BK2/iQ /Bb+2 M ;2M2b 2t?B#BiBM; bB;MB7B+ Mi p "B #BHBiv- T'Q
bm#b2[m2Mi M Hvb2bX

JXkXk .BK2MbBQM HBiv _2/m+iBQM M/ *Hmbi2 BM,;

S'BM+BT H*QKTQM2Mi MBISHVIObBOMAW A/ QM i?2 MQ K HBx2/ M/ b+
iQ+ Tim2i?2K BMbQm +2b Q7 p "B iBQMX S* i° Mb7Q Kb ?B;?@/
+QQ /BM i2 bvbi2K-+ HH2/ T°'BM+BT H+QKTQM2Mib-r?B+? "2 HBM
p "B #H2bX h?2b2 +QKTQM2Mib 2 Q /2 2/ #vi?2 KQmMi Q7 p ‘B VN
7Q  i?2 B/2MiB7B+ iBQM Q7 i?2 K BM bQm'+2b Q7 p "B iBQM BM i?
+QKTQM2Mib r2°2 2KTHQV2/ 7Q  bm#b2[m2Mi M Hvb2bX L2 “2bi M2
+2HHbr2 2 +Hmbi2 2/ # b2/ QM i?2B  2tT 2bbBQM T Q7BH2bX h?2 IN
M/ S'QD2+iBQM UIJ SV H:Q'Bi?Kr b miBHBx2/ 7Q " pBbm HBx iBQ
"2p2 HBM; i?2 BM?2 2Mi bim+im 2 Q7 i?2 b+ _L @b2[/ i X 1J S BKI
M/ ;HQ# Hbi m+im 2Q7i?2/ i -K FBM; Bi2772+iBp27Q" "2p2 HBWN
+Hmbi2 b rBi?BM i?2 /i b2iX q2i2bi2/ /B772 2Mi MmK#2 Q7 +Hmbi.
+Hmbi2 b ? p2 #2ii2 " T2 7Q K M+2 i? M mbBM; kk +Hmbi2 bX LQi2 i
MQi HHQr mb2' iQ bT2+B7v +Hmbi2" MmK#2 b- i?2 kk M/ jj +Hmbi
miQK iB+ HHvX q2 /B/ MQi mb2 ;2M2 2tT 2bbBQM 7' QK 2 +? +2HH |
Q71?2 ?B;? H2p2H Q7 MQBb2 BM bBM;H2 +2HH / i X IbBM; p2 ;2 ;
?2HTDb iQ "2/ m+2i?2 MQBb2 7 QK i?2/ i M/ T QpB/2 72 im 2 K i B
+QKT * #H2 iQ #mHF L @b2[/ i X
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jiXkXj 6mM+iBQM H MMQi iBQM M/ 1M B+?K2Mi M Hvk

hQ; BM 7mM+iBQM H BMbB;?ib BMiQ /B772 2Mi +2HH +Hmbi2 b-
T2 7Q K2/X :2M2 M K2b M/ +Q "2bTQM/BM; :P i2°' Kb r2 2 "2i B2p:
T +F ;28X 7i2 7BHi2 ' BM; Qmii2 Kb bbQ+B i2/rBi? 72r2 i? M Ryy ;
rb+2i2/ BM/B+ iBM; i?2 T 2b2M+2 Q" #b2M+2 Q7 ;2M2b bbQ+B i
6Q :Pi2°KbrBi? 72r2  i? MRyy ;2M2b-r2+ MMQi bb2bbi?2 KQ/2H T
mbBM; K2i'B+2b bm+? b 6R b+Q 2 M/ ++m  +v BM + Qbb@p HB/
Ki Bt-M KBEMmbi2 n;QnKBMBR;" i2/;2M2 2tT 2bbBQM/ i rBi? BM7Q '}
‘P i2°K bbQ+B iBQMb M/r bb p2/7Q  /QrMbi*2 K M Hvb2bX

JXkX9 J +?BM2 G2 MBM; M/ *H bbB7B+ iBQM

7i2° "2KQpBM; :P i2 Kb rBi? 72r2  i? M Ryy :2M2b- /i b2i rBi? kk
*2i BM2/X h?Bb /i b2irb /BpB/2/ BMiQ irQ 2[m H T “iBiBQMb- rBi
p HB/ iBQMX 6Q i?2 2K BMBM; / i b2i- MBM2 #BM v +H bbB7B+
2 +? ;P i2’K BM Ry@7QH/ + Qbb@p HB/ iBQM b2iiBM; rBi? M Ny@
bTHBiX 1 +? :2M2 7mM+iBQM U:P h2 'KV ? / #BM v +H bbB7B+ iB:
+H bbB7B+ iBQM KQ/2Hb mb2/BM i?Bb M HvbBbr2'2i?2b K2 KQ/2t
/IBIBQM HHvV-i?2 7QHHQIBM; KQ/2Hb r2 2 H2p2  ;2/iQ h22 B7i?2":

RX L Bp2 " v2b UL"V, L Bp2 " v2b QT2 i2b QM i?2 T'BM+BTH2b Q7
#BHBbiB+ +H bbB7B+ iBQM H;Q Bi?K i? i bbmK2b BM/2T2M/2M+2
HB2b BM Bib 277B+B2M+v- K FBM; Bi rB/2Hv miBHBx2/ K2i?Q/- T
"2?BM/i?2Db+2M2b-L Bp2" v2b BMpQHpP2b +Q 2K i?2K iB+ H+ H+m
T Q# #BHBiB2b M/ i?2 HBF2HB?QQ/ Q7 2p2MibX

kX F@L2 "2bi L2B;?#Q b UELLV, b MQM@T " K2i B+ H;Q Bi?K- F
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sifies a data point by considering the majority class among its k nearest neighbors. The
mathematical foundation of KNN revolves around distance metrics and the determination
of similarity, involving computations that measure the proximity between data points in

feature space. This proximity calculation is essential for effective classification.

3. Linear Discriminant Analysis (LDA): As a supervised classification algorithm, linear
discriminant analysis seeks optimal linear combinations of features to best separate different
classes. The mathematical core of LDA involves eigenvalue decomposition and covariance
matrix computations. Understanding the mathematical intricacies behind LDA is crucial for

grasping its ability to maximize class separability through linear transformations.

4. Gradient Boosting (GBoost): Gradient boosting, an ensemble learning technique, sequen-
tially builds weak learners to correct errors. The core mathematics includes gradient descent
optimization and the combination of weak models. By understanding the mathematical
principles, one gains insights into how GBoost iteratively improves predictive performance

through the aggregation of weak learners.
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In this chapter, the study is extended to the analysis of bulk-seq data [57], comparing the
performance of the best-performing model from the 9 binary classifiers for both single-cell
and bulk data. This investigation aimed to explore the hypothesis that scRNA-seq data,
capturing expression data from more diverse cell types, could offer additional information
compared to bulk RNA-seq. After comparing the mean validation F1 scores of the model,
the GO terms of models which showed an improved performance in single cell data were

gathered and the functions were mapped using QuickGO tool [58].
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A comprehensive examination encompassed the assessment of the top-performing models
derived from separate single-cell RNA sequencing (scRNA-seq) datasets originating from
different tissues, namely the root and shoot of Arabidopsis. The objective of this step was to
evaluate whether GO terms associated with a particular tissue exhibit enhanced performance
within that tissue. Any disparities in predictive accuracy could shed light on potential tissue-

specific variations in gene expression.
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Upon the incorporation of DAP-seq data into the single-cell RNA dataset, the feature matrix
included a notable expansion of 568 new columns with each column represents one transcrip-
tion factor and its target genes. Given the dataset’s inherent imbalance, for each GO term,
independent balancing was performed by randomly down sampling the majority class (either
1, stands for with a GO term annotation, or 0, stands for without a GO term annotation)

to align with the minority class.

In summary, the methodology employed a step-by-step process, encompassing data inte-
gration, preprocessing, dimensionality reduction, clustering, functional annotation, machine
learning, and comparative analyses. These steps collectively provided a comprehensive un-
derstanding of scRNA-seq data, its predictive power, and its potential advantages over bulk

RNA-seq, emphasizing tissue-specific insights gained through the exploration of different cell

types.
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Nine machine learning algorithms were employed to train on the root data of the Arabidopsis,
and the models were evaluated based on their mean validation F1 Scores and Receiver
Operating Characteristic Area Under the Curve (AUC-ROC). illustrates a comparison of
the AUC-ROC scores for the considered models. The average AUC-ROC in different groups
are significantly different (p-value < 4.9e-171, one way ANOVA followed by Tukey post hoc
comparisons.). It can be observed that random forest (RF) and gradient boosting (GBoost)
have highest mean AUC-ROC scores of 0.64. XGBoost follows closely with a mean AUC
of 0.63. The other algorithms, including Multilayer Perceptron Neural Network (MLPNN),
Linear Discriminant Analysis (LDA), and Support Vector Machine RBF Kernel (SVMR),
show slightly lower mean AUC values ranging from 0.57 to 0.58. Notably, Naive Bayes (NB),
and Support Vector Machine Linear (SVML), are at the lower end of the spectrum, with
the SVML algorithm having the lowest mean AUC score of 0.51. This distribution of AUC
scores suggests that ensemble methods like RF and GBoost could be more effective than
other methods. For further experiments in the methodology, Random Forest model was

selected as the standard model to compare multiple datasets.
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The first experiment was conducted to compare the performance of scRNA-seq data with
bulkRNA-seq data. provides a comparison of the mean validation F1 scores of Random

Forest (RF) algorithms on two different datasets: root bulk RNA sequencing and root sin-
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Model Performance Comparison
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Figure 3.2: Machine learning comparison.

gle cell RNA sequencing data. The mean validation F1 score is a metric that combines
precision and recall, and it is used to evaluate the accuracy of a predictive model, where
a higher score indicates better performance. This suggests that the scores for root single
cell RNA sequencing data display an average performance of 0.59 whereas root bulk RNA
sequencing data showed an average F1 score of 0.61. However, single cell data was able
to show an improved performance in 85 GO Terms compared to bulk RNA data. This
implies that capturing expression data from more diverse cell types, could offer additional
information compared to bulk RNA-seq for these 85 GO Terms. The GO Term that has
seen the maximum improvement over bulk RNA data was GO:0034220 which has the func-
tion in monoatomic ion transmembrane transport. The subsequent terms are GO:0006413,
G0:0051082, GO:0000978 and GO:0004842 which have functions in translation initiation,

unfolded protein bounding, RNA polymerase II cis-regulatory region sequence-specific DNA
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binding and ubiquitin-protein transferase activity.

Single Cell vs Bulk RNASeq data
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Figure 3.3: Single Cell RNA Sequencing Data vs Bulk RNA Sequencing Data.

To understand the difference in the model performances using bulk RNA-seq vs scRNA-seq,
the coefficient of variation for the two models was compared in a marginal density plot as
can be seen in . It can be observed that the scRNA-seq showed a sharp and long decline
after peaking in the lower Coefficient of Variation (CV) values. However, the bulkRNA-seq
data showed a more gradual decline suggesting a more uniform distribution of variability
across genes. The degree of alignment had a lesser slope than one, suggesting the variation
in single cell data being higher than bulk RNA-seq data. The bulk RNA-seq provides an
average signal of all cells pooled together, which may mask the variability present at the
single-cell level. However, this additional variability in scRNA-seq data does not seem to
improve the overall prediction performance of the machine learning models in many GO

categories.
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Figure 3.4: Comparing coefficient of variation.
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When comparing the models trained on shoot single cell data and root single cell data, the

shoot dataset with a mean F1 score of 0.60 has slightly outperformed the root dataset with

a mean F1 score of 0.59. displays the scatterplot of all the 227 GO terms in both settings.

Upon closer inspection, when assessing chloroplast and photosynthesis-related genes, the

leaf scRNA-seq data demonstrated a superior accuracy as compared to the root data. This

intriguing observation hinted at the biologically relevant specificity of information content

within single-cell datasets originating from diverse tissues. The differences in predictive

accuracy highlights the potential tissue-specific variations in the expression of genes as-

sociated with chloroplasts and photosynthesis, emphasizing the importance of considering

tissue-specific functions in scRNA-seq analyses.

Root vs Shoot Data
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Figure 3.5: Root vs Shoot single-cell data.
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