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Abstract

Metabolic Transformation Algorithm (MTA) is a computational method that identifies potential metabolic
interventions to shift a biological system from an undesired state to a desired one by targeting specific
genes or reactions within a metabolic network. The Robust Metabolic Transformation Algorithm (rMTA)
enhances this capability by incorporating worst-case scenario analyses and integrating the Minimization
Of Metabolic Adjustment (MOMA) approach.

By transitioning these algorithms from MATLAB to Python, this work aims to enhance their accessibility
and usability within the scientific community. The Python implementations were validated by successfully
replicating results from the original MATLAB implementation, including gene knockouts of RRMI and
RRM2.

Furthermore, the rMTA algorithm was applied to an agingrelated scenario in Caenorhabditis elegans
to identify candidate genes and pathways involved in the metabolic response to unc-62 knockdown.

Additionally, this work integrates an Evolutionary Algorithms (EAs)-based approach to rMTA to eval-
uate the effects of multiple gene knockouts simultaneously. This extension optimizes the identification
of metabolic targets for phenotype reversion, demonstrating the potential for more effective therapeutic
strategies.

In summary, this dissertation enhances the accessibility of MTA and rMTA by implementing them in
Python, applying them to an aging-related scenario, and extending their capabilities through the integration

of EAs.

Keywords Metabolic Transformation Algorithm; Robust Metabolic Transformation Algorithm; Drug Iden-

tification; Python implementation; Aging research; Caenorhabditis elegans; Evolutionary Algorithms;



Resumo

0 MTA é um método computacional que identifica potenciais alvos metabdlicos de forma a alterar um sis-
tema bioldgico de um estado indesejado para um estado desejado, visando genes ou reacdes especificas
dentro de uma rede metabolica. O rMTA aprimora esta capacidade ao incorporar analise do pior cenario
e ao integrar um abordagem mais robusta, 0 MOMA.

Ao migrar estes algoritmos do MATLAB para Python, este trabalho tem como objetivo aumentar a sua
acessibilidade e usabilidade na comunidade cientifica. As implementacdes em Python foram validadas
ao replicar com sucesso os resultados da implementacao original em MATLAB, incluindo knockouts dos
genes RRM1 e RRM2.

Adicionalmente, o algoritmo rMTA foi aplicado a um caso de estudo relacionado com o envelhecimento
em Caenorhabditis elegans, a fim de identificar genes candidatos e vias envolvidas na resposta metabdlica
ao knockdown do gene unc-62.

Para além disso, este trabalho integra uma abordagem baseada em EAs ao rMTA para avaliar os
efeitos de multiplos knockouts de genes em simultaneo. Esta extensao optimiza a identificacdo de alvos
metabdlicos para a reversdo do fenétipo, demonstrando o seu potencial para estrattgias mais eficazes.

Em resumo, esta dissertacdo melhora a acessibilidade do MTA e do rMTA ao implementa-los em
Python, aplicando-os a um cenario relacionado com o envelhecimento, e ampliando as suas capacidades

atraves da integracéo de EAs.

Palavras-chave Algoritmo de Transformacao Metabdlica; Algoritmo de Transformacao Metabolica Ro-
busto; Identificacao de Farmacos; Implementacdo em Python; Investigacdo sobre o envelhecimento;

Caenorhabditis elegans; Algoritmos Evolutivos;



Contents

| Introductory material

1 Introduction

1.1 Context and motivation . . . . . . . . . ..
1.2 Objectives . . . . . . e
1.3 ThesisOutline . . . . . . . .

2 State of the art

2.1 AgeingRelated Research . . . . . . . . ... . ...
2.1.1  Neurodegenerative Diseases . . . . . . . . . . . . . ..o
2.1.2  Model organism: Caenorhabditis elegans . . . . . . . . . .. .. ... ...

22 Omicsdata . . . . . . .

2.3 Genome-Scale Metabolic Models . . . . . . . .. .. ... ...
2.3.1 Phenotype Simulation . . . . ... ...
2.3.2 FluxSamplingMethods . . . . . . . . . . .. .. ... . ... . ...,
2.3.3 HumanModels. . . . . . . ..
2.3.4  Caenorhabditis elegansmodels . . . . . . . . . . ... ... ... .. ...

2.4  Context-specific Metabolic Models reconstruction. . . . . . .. .. .. ... ... ..

2.5 Metabolic Transformation Algorithm . . . . . . . . . . . . . . .. ... .. ... ..

2.6 Evolutionary Algorithms . . . . . . . . . .

Il Core of the Dissertation

3 rMTA/MTA Implementation and Validation

3.1 Introduction . . . . . ..,

Vi

11
14
15
16
17
18
22
26

28

29



3.1.1  Pipeline for Drug Identification UsingMTA . . . . . . . . . .. . .. ... .. 30

3.2 Implementation . . . . . . . .. 31
3.3 Pipeline Validation . . . . . . . .. .. 40
3.31 RRMIValidationStudy . . . . . ... ... .. ... ... ... . 40
3.3.2  RRMZ2Validation Study . . . . . . . ... ... 48
3.3.3 Discussion . . ... 49
Case Study: aging research using Caenorhabditis elegans model 51
41 Introduction. . . . . .. 51
4.2 Methods . . . . . . . e 52
4.2.1  Calculation of Reference Flux of the unc-62 Knockdown State . . . . . . . .. 52
4.2.2 Calculation of Differential Expressed Genes . . . . . . . . . ... ... ... 53
423 IMTA. . . e 53
424 EnrichmentAnalysis . . . . . . . . . . . e 53
4.3 Resultsand Discussion . . . . . . . 54
4.3.1 Differential Expressed Genes . . . . . . . . ... oL 54
432 MTAResults . . . . . . . . 54
433 Enrichment . . . . . .. ... 57
4.4 Conclusion . . . . . . 60
Evolutionary Algorithm approach to rMTA 61
51 Introduction. . . . . . .. 61
5.2 Methods . . . . . . 61
5,21 Random Sampling . . . . . . . . . ... 61
5.2.2 Evolutionary Algorithms . . . . . . . . . . ... 62
5.2.3 Post-Processing . . . . . . ... e 64
53 Results . . . . . 65
5.3.1 Random Sampling Aproach . . . . . . . . ... . ... ... 65
532 EAsAproach . . . . . . . . . . 67
5.4 Discussion . . .o 72
5.4.1 Random Sampling Aproach . . . . . . . . . . . . ... ... ... ... 72
542 EAsApproach . . . . . . . . . 72
5.4.3 Biological Interpretation of Identified Genes . . . . . . . . . ... ... ... 73

Vil



5.4.4 Limitations . . . . . . .

5.5 Conclusion . . . . . .

6 Conclusions and Future Work

6.1 Conclusions . . . . . ...,

6.2 Prospects for Future Work . . . . . . . . . ...

Il Appendices

A Details of results

viii

75
75
76

95

96



List of Figures

S g W DN

~l

10
11
12
13
14

15
16
17

18
19

20
21
22
23

Conceptual representation of phenotype simulation. . . . . . . . . .. .. ... ... 14
Representation of the main algorithms for omics data integration. . . . . . . . .. .. 19
Schematic representation of iIMAT . . . . . . . . . . .. ... 21
Schematic representation of MTA: Part1 . . . . . . . . . ... ... ... ..... 23
Schematic representation of MTA: Part2 . . . . . . . . . .. . . . ... .. .... 24
The main steps of an Evolutionary Algorithm . . . . . . . . . . .. ... ... .... 26
DifferentialExpressionclassstructure . . . . . . . .. ... ... ... ... 32
MTAClass . . . . . . 38
TMTACIasS . . . . . . 40
Correlation of epsilon values between Python and MATLAB implementations. . . . . . . 43
Venn diagram showing the overlap of top-ranked genes . . . . . . . . . .. ... ... 45

Correlation plot of gene rankings between the original study and our replication for RRM1. 46

Comparison of rTS values between the original study and our replication for RRM1. . . . 47
Distribution of rTSvalues for RRM1. . . . . . . . . . . . . . . . . .. ... ... 48
Volcano plot of differential gene expression analysis . . . . . . . . . . .. ... ... 54
Enrichment analysis of thetop 300 genes . . . . . . . . . . . .. .. ... ..... 58
Enrichment analysis of thetop 50 genes . . . . . . . . . . . . . . . ... ... ... 59
Distribution of Transformation Scores from Random Sampling . . . . . . . .. .. .. 65
Comparison of Robust Transformation Score (rTS) distributions . . . . . . . . . .. .. 66
Venn diagram showing the overlap of top-ranked genes . . . . . . . . . .. ... ... 96

Correlation plot of gene rankings between the original study and our replication for RRM2. 97
Comparison of TS values between the original study and our replication for RRM2. . . . 97

Distribution of rTS values for RRM2. . . . . . . . . . . . . . . . . 98



List of Tables

(6]

O 00 N O

10
11
12

13
14

15
16
17
18
19
20
21
22

Summary of published Human Models . . . . . . . . . ... . ... ........ 17
Summary of published C.elegansModels . . . . . . . . . ... ... ... ..... 18
Comparison of gene classifications between Python and MATLAB implementations. . . . 42
Comparison of reaction classifications between Python and MATLAB implementations. . 42

Comparison of curated reaction classifications between Python and MATLAB implemen-

tations. . . . . L 42
Comparison of epsilon values between Python and MATLAB implementations. . . . . . 43
Ranking positions of RRM1 in the original study and our replication. . . . . . .. . .. 44
Top 10 ranked genes from the original study and our replication for RRMI1. . . . . . . . 44

Ranking positions of RRM1 in the original study and our replication with only common

BENES. . . . e e 45
Common top-ranked genes between the original study and our replication for RRM1. . . 46
Ranking positions of RRMZ in the original study and our replication. . . . . . ... .. 49
Top 10 ranked genes from the original study and our replication for RRM2. . . . . . . . 49
Comparison of original and consistent model characteristics. . . . . . . .. ... ... 52
Top-ranked genes from the rMTA analysis. . . . . . . . . . . . .. . . ... ..... 55
Correlation matrix between different TS metrics . . . . . . . . ... ... ... ... 63
Example of EAoutput . . . . . . . .. 64
Comparation between top random sapling solutions and top rMTA ranking . . . . . .. 66
Baseline of the Initial mTS score of the top rMTA gene (PYCRI). . . . . . . . ... .. 67
Optimal gene deletions using top 25 genes with a maximum of 2 knockouts. . . . . . . 67
Optimal gene deletions using top 25 genes with a maximum of 3 knockouts. . . . . . . 67
Optimal gene deletions using top 100 genes with a maximum of 2 knockouts. . . . . . 68
Optimal gene deletions using top 100 genes with a maximum of 3 knockouts. . . . . . 68



23
24
25

26
27
28
29
30
31

Optimal gene deletions using all genes with a maximum of 2 knockouts. . . . . . . .. 68
Baseline TS score of the top rMTA gene (PYCRI). . . . . . . . . . . . .. .. .... 69

Optimal gene deletion using top 25 genes with maximum solution sizes of 2 and 3

knockouts. . . . . . . . 69
Optimal gene deletions using top 100 genes with a maximum of 10 knockouts. . . . . . 69
Optimal gene deletions using top 100 genes with a maximum of 10 knockouts. . . . . . 70
Optimal gene deletions using top 550 genes with a maximum of 2 knockouts. . . . . . 70
Optimal gene deletions using top 550 genes with a maximum of 3 knockouts. . . . . . 70
Summary of optimal modifications and their (TS . . . . . . . . . . .. .. ... ... 71
Top 5 most frequently occurring genes in optimal solutions. . . . . . . .. ... ... 71

Xi



Acronyms

v'¢f Reference Flux Distribution.

ACHR Artificial Centering Hit-and-Run.

ATP Adenosine triphosphate.
bTS Best-case Transformation Score.
CHRR Coordinate Hit-and-Run with Rounding.

DEGs Differentially Expressed Genes.
DGE Differential Gene Expression.
dNDP deoxyribonucleotide diphosphate.

dNTP deoxyribonucleotide triphosphate.

EAs Evolutionary Algorithms.

EHMN Edinburgh Human Metabolic Network.

FBA Flux Balance Analysis.
FDR false discovery rate.

FPKM Fragments Per Kilobase Million.

GEMs Genome-scale Metabolic Models.
GEO Gene Expression Omnibus.

GIMME-like Gene Inactivity Moderated by Metabolism and Expression.

Xii



GPR Gene-Protein-Rule.

GSEA Gene Set Enrichment Analysis.

HMR2 Human Model Reaction 2.

iMAT Integrative Metabolic Analysis tool.

iMAT-like Integrative Metabolic Analysis tool.

INIT Integrative Network Inference for Tissues.

KEGG Kyoto Encyclopedia of Genes and Genomes.

log2FC log? fold change.

log-CPM log2-counts per million.

MBA-like Model-Building Algorithm.

MILP Mixed Integer Linear Programming.

MIQP Mixed Integer Quadratic Programming.

MOMA Minimization Of Metabolic Adjustment.

MTA Metabolic Transformation Algorithm.

mTS MOMA Transformation Score.

NDP ribonucleoside diphosphate.

OPTGP Optimized General Parallel.

pFBA Parsimonious Flux Balance Analysis.

RMF Required Metabolic Function.

rMTA Robust Metabolic Transformation Algorithm.

RNA-seq RNA-sequencing.

Xiii



RPKM Reads Per Kilobase Million.

RR ribonucleotide reductase.

rTS Robust Transformation Score.

TPM Transcripts Per Million.

TS Transformation Score.

wTS Worst-case Transformation Score.

Xiv



Part |

Introductory material



Chapter 1

Introduction

1.1 Context and motivation

Aging is characterized by a gradual decline in biological function and an increased susceptibility to diseases.
This multifaceted challenge intersects several domains of biology. The process is driven by a complex
interplay of factors, culminating in a gradual decline of physiological integrity. This constitutes a primary
risk factor for a wide spectrum of age-related diseases such as neurodegeneration, cardiovascular diseases,
and cancer. Aging is not merely a chronological phenomenon, but is a complex interaction of various
factors, partially shaped by biological pathways and biochemical processes (1; 2; 3; 4; 5).

Systems biology emerges as a crucial framework in this context. Its goal is to understand biological
systems holistically by integrating complex interactions at various levels, from genes to cells to entire
organisms. This approach is particularly suited to the study of aging, where single-gene or single-pathway
analyses fall short in capturing the multiscale interactions that drive the aging process. In the context of
aging, systems biology seeks to map the intricate networks of genes, proteins, and metabolic pathways,
aiming to understand how alterations in these networks contribute to the phenotypic manifestations of
aging (6; 7).

The MTA (8) and its robust version rMTA (9) have emerged as promising computational tools in this
domain, particularly for identifying drug targets in metabolic disorders. Unlike traditional methods that
often focus on cell destruction, as in cancer therapies and antibiotics (10; 11), MTA uniquely identifies
drug targets that can shift a cell’'s metabolism from a diseased state to a healthier one. MTA combines
Genome-scale Metabolic Models (GEMs) with Differential Gene Expression (DGE) data from diseased and
healthy metabolic states to pinpoint and revert crucial differences.

Originally developed in MATLAB, these algorithms offer a novel approach by leveraging advanced
computational techniques to analyze metabolic networks and identify potential drug targets. However,

their wider application in the research community has been constrained by MATLAB's environment. The



adaptation and implementation of MTA and rMTA in Python represent a significant step forward in the
identification of drug targets. The transition to Python, known for its versatility, open-source nature, and
strong support in the scientific community, offers a more accessible, flexible, and collaborative platform
for these algorithms, and provides the possibility to interact with a comprehensive set of constraint-based
tools written in Python, enriching this ecosystem.

The primary goal of this dissertation is to bridge this gap by adapting the MTA and its robust version
rMTA to Python, a more accessible and versatile programming language. This transition is expected to
democratize the use of these algorithms, facilitating their application in aging-related phenotype research.
By replicating the outcomes of the original MATLAB versions through various case studies including gene
knockout perturbations, Alzheimer’s disease, and prostate cancer, and comparing them with the new
Python implementations, this research aims to validate the effectiveness and reliability of the Python-based
MTA algorithm.

Furthermore, the application of these algorithms to study aging phenotypes in Caenorhabditis elegans
(C. elegans) represents a novel approach to understanding and potentially reversing aging mechanisms.
The insights that could be gained from this research have the potential to revolutionize the identification
of therapeutic pathways in age-related diseases.

A novel aspect of this research is the enhancement of MTA's capabilities through the integration of evo-
lutionary algorithms, aiming to set a new benchmark in disease phenotype reversion. This integration aims
to optimize the reversion of disease-related phenotypes, thereby refining the precision and effectiveness

of drug target identification.

1.2 Objectives

The primary aim of this dissertation is to adapt and implement the MTA and rMTA algorithms in Python,
validating them through case studies, and applying them in aging research, namely to identify drug targets
for reversing aging phenotypes in C. elegans, with an innovative integration of evolutionary algorithms for
enhanced effectiveness.

To achieve this, the following objectives must be achieved:

e Literature review on neurodegenerative diseases, aging research, MTA and rMTA and their imple-

mentations and current applications.

¢ |Implementation of the MTA and rMTA algorithms in Python and validation by comparative analyses

using several case studies to ensure the reliability and accuracy of the Python-based algorithms.

3



This will involve replicating results from the original MATLAB versions and conducting comparative

analyses using case studies that include gene knockout perturbations.

¢ Application of the MTA and rMTA novel implementations to identify and analyze agingrelated phe-
notypes in C. Elegans, to discover critical drug targets and pathways that can reverse aging pheno-

types, providing insights into potential therapeutic strategies for human age-related conditions.

¢ Optimization of MTA and rMTA recurring to evolutionary algorithms to optimize the reversion of
disease-related phenotypes. This approach aims to refine target identification and therapeutic

strategies, enhancing the algorithm’s effectiveness in mitigating aging and disease processes.

1.3 Thesis Outline

This thesis is organized into several chapters, each dedicated to a specific aspect of the research con-

ducted. The structure is as follows:

¢ Chapter 1: Introduction - This chapter provides an overview of the context and motivation be-
hind the research, with an emphasis on aging, its biological implications, and the role of systems
biology. It also introduces the MTA and its robust counterpart, rMTA, and their relevance in identi-
fying drug targets through metabolic network manipulation. The chapter concludes with the main

objectives of the dissertation.

¢ Chapter 2: State of the Art - A review of the relevant literature is presented in this chapter,
covering research in aging and neurodegenerative diseases, the model organism Caenorhabditis
elegans, omics data integration, and genome-scale metabolic models. It also explores the com-
putational techniques involved in phenotype simulation, flux sampling, and the development of
context-specific metabolic models. The chapter ends with an overview of the Metabolic Transfor-

mation Algorithm (MTA) and its variants, as well as evolutionary algorithms.

¢ Chapter 3: rMTA/MTA Implementation and Validation - This chapter details the adaptation
and implementation of MTA and rMTA in Python. It includes a description of the pipeline for drug
identification using MTA, the steps involved in model reconstruction, and gene knockout simulations.
Validation of these implementations is carried out by comparing results with the original MATLAB

Versions.



* Chapter 4: Case Study: Aging Research Using Caenorhabditis elegans Model - A case
study is conducted applying the rMTA to an aging-related research scenario using C. elegans. The
goal is to uncover metabolic changes associated with the knockdown of the gene unc-62, which
plays a role in aging and longevity. The chapter describes the methods used for the calculation of
reference flux, gene expression analysis, rMTA execution, and enrichment analysis of the identified

genes.

* Chapter 5: Evolutionary Algorithm Approach to rMTA - This chapter introduces evolution-
ary algorithms as an extension to rMTA, optimizing the reversion of disease-related phenotypes. It
presents the methodology and results of integrating evolutionary algorithms with rMTA to assess

multiple gene knockouts simultaneously.

¢ Chapter 6: Conclusions and future work - The final chapter summarizes the findings of the
thesis, reflecting on the success of the Python implementation of MTA and rMTA, their application in
aging research, and the potential for future studies that integrate these algorithms with evolutionary

approaches to further advance the field of metabolic network interventions.



Chapter 2

State of the art

2.1 Ageing-Related Research

Aging is a complex and inevitable biological process, influenced by a combination of inherent genetic
factors and external environmental factors. It is characterized by a gradual deterioration in physiological
capabilities, manifesting the organism’s reduced capacity to adapt and respond to environmental changes
(5). This process is not merely a superficial deterioration, but rather a fundamental decrease in the
regenerative potential of systemic tissues and organs (12).

The alterations associated with aging serve as the predominant risk factors for neurodegenerative
conditions, cardiovascular disorders, and cancer. The process of aging involves complex mechanisms,
such as replicative senescence and stress-induced senescence, which contribute to several cellular and
molecular transformations. Prominent features of aging include genomic instability, loss of proteostasis,
telomere attrition, dysregulated nutrient-sensing, mitochondrial failure, cellular senescence, depletion of
stem cells, and altered intercellular communication (1). Predominant theories that explain the mechanisms
underlying aging include DNA damage theory, genetic senescence theory, the telomere theory, and the
free radical theory (13).

In recent years, there has been a significant augmentation in human life expectancy, attributable to
advancements in medical care, nutrition, and general living conditions. This increase in longevity has
contributed to a demographic shift, with a growing proportion of the global population being elderly. Con-
sequently, there has been a rise in the prevalence of age-associated diseases. Disorders like Alzheimer’s
and Parkinson’s are increasingly prevalent, presenting substantial global challenges (14). This event un-

derscores the necessity for thorough research to address neurodegenerative diseases.



2.1.1 Neurodegenerative Diseases

Neurodegenerative disorders are characterized by the progressive death and loss of nerve cell structure
and function in the brain, primarily affecting older adults (15). Alzheimer’s and Parkinson’s diseases
are the most prevalent among these disorders (14). Despite their widespread occurrence globally, there
remains a significant deficiency in effective treatments, with the majority of current therapies aimed at
relieving symptoms rather than curing the underlying disease (16).

At the pathological level, these disorders are categorized as proteinopathies, characterized by the
detrimental accumulation of misfolded proteins. This accumulation disrupts cellular function and accel-
erates disease progression (17). However, the pathology of neurodegenerative diseases is multifaceted,
extending beyond protein aggregation. It involves a complex network of disrupted homeostatic regulation,
encompassing immune response dysregulation, metabolic alterations, synaptic degradation, and neuronal
loss (15).

A critical aspect of neurodegenerative diseases is the presence of variants known for their monogenic
origins. These variants serve as valuable models for in vitro, in vivoand in silico studies, aimed at unraveling
the complexities of the more prevalent and multifactorial forms of the diseases (6).

Another crucial consideration is the dynamic nature of these pathophysiological characteristics, which
evolve as the disease progresses. This underscores the necessity for constructing models capable of
simulating disease progression at various stages in different tissues. The most widely utilized models are
those that mimic the genetic mutations found in the monogenic forms of these diseases, being transgenic

mouse and C.elegans models the most prevalent (6)

2.1.2 Model organism: Caenorhabditis elegans

The nematode C. elegans, a small roundworm with a short life cycle, has become an essential model
organism in biological research, particularly in the study of neurodegenerative diseases (18). This organism
shares many molecular pathways and cellular mechanisms with mammals, making it an excellent subject
for comparative studies (19). Remarkably, C. elegans is the only organism with a completely mapped
connectome, offering an unparalleled resource for understanding neuronal networks (20).

The anatomical transparency of C. elegans is a significant advantage, allowing researchers to visualize
neurons by expressing fluorescent proteins. This feature is important for dynamically studying neuronal
properties throughout various developmental stages and over time (21). Leveraging these unique charac-

teristics, researchers can rapidly and cost-effectively pinpoint gene targets and drug candidates that may



mitigate or halt neurodegenerative progression (22).

For instance, studies using C. elegans have elucidated the roles of specific genes in Alzheimer's and
Parkinson’s disease, showcasing the utility in identifying crucial biological pathways involved in neurode-
generation (23). The fully mapped connectome, anatomical transparency, and molecular similarities with

mammals, position C. elegans as a cornerstone in neurodegenerative research.

2.2 Omics data

Omics technologies have revolutionized the field of systems biology by enabling comprehensive studies
of various biological entities and processes. These high-throughput methods generate large amounts of
data, analyzing biological samples at different levels, and are essential in understanding the complexity of
biological systems (24).

Genomics assesses variability in the DNA sequences in the genome, while transcriptomics focuses
on studying the entire set of transcripts or RNA molecules. Proteomics investigates the entire component
of proteins, and metabolomics analyzes the metabolite profile. Lastly, epigenomics examines epigenetic
modifications, such as DNA methylation and histone modifications (25).

Besides these typical approaches, there are other emerging technologies. Epiomics (epigenomics,
epitranscriptomics, and epiproteomics) studies the complex interactions and regulatory networks that in-
fluence gene expression and cellular function. Interactomics, on the other hand, offers insights into the
dynamic interactions among various biological molecules, while Immunomics combines immunology with
omics technologies to study the immune system. At last, microbiomics involves the study of microbial
communities in various environments, such as the human body (26).

Although all these methods provide a lot of information, the challenge lies in effectively analyzing,
interpreting, and integrating the data. Advanced computational tools, biocinformatics, and systems biology
approaches are essential for translating these data into a comprehensive understanding of biological sys-
tems and their dynamic behavior. The ultimate goal is to elucidate complex biological networks and their

implications in health, disease, and aging.

Transcriptomics

Transcriptomics involves analyzing the full range of RNA transcripts produced by the genome under spe-
cific conditions. This field provides an essential overview of gene expression patterns and regulatory mech-

anisms (27). It is particularly crucial in exploring molecular-level changes during aging and in diseases



such as Alzheimer's and Parkinson’s, offering insights into these intricate biological processes (28). Within
transcriptomics, methodologies vary, but microarrays and RNA-sequencing (RNA-seq) stand out for their
impact and prevalence. Microarrays, an earlier technique in this field, continue to offer a cost-effective
means for high-throughput gene expression analysis. Especially useful in well-characterized organisms
and conditions, microarrays have been essential in identifying gene expression patterns linked to aging
and neurodegenerative diseases (29).

On the other hand, RNA-seq provides a more comprehensive and high-resolution view of the transcrip-
tome. This approach not only enables quantification of gene expression, but also allows for the discovery
of new transcripts, isoforms, and single-nucleotide variants. Its application in aging research has been
particularly transformative, shedding light on transcriptomics alterations associated with aging and related
diseases (30). The advent of single-cell transcriptomics has marked another leap forward, especially in the
context of neurological studies. By enabling gene expression analysis at the individual cell level, it offers a
window into tissue heterogeneity, a critical aspect in understanding complex diseases and disorders (31).

RNA-Seq is a commonly used technique to identify genes that are differentially expressed under differ-
ent conditions. Before sequencing, the total number of reads or sequencing depth is standardized. The
expression of MRNA transcripts is then determined by the ratio of the total read count or its abundance
level. Transcripts with high expression have more mapped reads compared to those with lower expression.
Transcripts with longer lengths also tend to have more mapped reads than shorter transcripts with similar
expression levels. Therefore, various normalization techniques have been developed for RNA-Seq data to
address variations in library size, transcript length, and GC content (32).

One prominent normalization technique is the use of Transcripts Per Million (TPM) or Fragments Per
Kilobase Million (FPKM), which accounts for library size and transcript length, providing a normalized mea-
sure of gene expression, Reads Per Kilobase Million (RPKM) is often employed to normalize for transcript
length (33). For this, several tools, such as SAMtools (34), DESeg? (35) and edgeR (36), have been
designed to process and interpret RNA-Seq data accurately by accounting for various biases and factors
that affect the data, ensuring that differentially expressed genes are correctly identified (37).

Given the widespread availability and significance of transcriptomic data, developing robust databases
was a natural progression. The Gene Expression Omnibus (GEQ) (38) database exemplifies this. As a pub-
lic repository, GEO archives and freely distributes extensive sets of microarray, next-generation sequencing,
and other high-throughput functional genomic data. This database has become an indispensable resource
for researchers delving into disease mechanisms, biomarker identification, and therapeutic target discov-

ery. Its rich collection of aging-related datasets is a cornerstone for those investigating the transcriptional



changes accompanying aging and age-related diseases.

A noteworthy dataset is GSE15222, titled “Genetic control of human brain transcript expression in
Alzheimer’s disease”. This dataset includes 363 cortical samples from the post-mortem brains of both
Alzheimer’s patients and non-affected control subjects, providing vital insights specifically into late-onset

Alzheimer’s disease (39).

Differential Gene Expression

DGE analysis is a fundamental aspect of transcriptomic, enabling the identification of genes whose ex-
pression levels change significantly under different biological conditions (40). This approach is crucial for
identifying Differentially Expressed Genes (DEGs) involved in specific biological processes such as aging
and neurodegenerative diseases (41).

Several statistical tools have been developed to identify DEGs, including DESeq?2 (42), edgeR (43),
and limma (44). These tools detect significant expression changes using various statistical models. For
instance limma, originally designed for microarray data, has been adapted for RNA-seq data analysis.
It uses the voom transformation to convert count data to log2-counts per million (log-CPM) with associ-
ated precision weights, allowing linear modeling and empirical Bayes methods for differential expression
analysis (45).

Identifying DEGs requires careful selection of statistical thresholds. This involves choosing appropriate
cutoffs for p-values or adjusted p-values, such as the false discovery rate (FDR), and for the magnitude of
expression change represented by the log?2 fold change (log2FC). The choice of these thresholds should
be guided by the specific characteristics of the data and the experimental design, as there are no universal
cutoff values (46). Combining both the p-value (or adjusted p-value) and log2FC criteria provides greater
reliability in DEGs identification, balancing statistical significance with biological relevance (47).

To graphically visualize the DGE results, methods such as MA plots which display the relationship
between the log2FC and the mean expression level—and volcano plots—which plot statistical significance
against the log2FC are commonly used. These visualizations help in observing trends, patterns, and
anomalies in the data, facilitating the overall identification of DEGs and aiding in assessing the quality of

the results (48).

Enrichment Analysis

To interpret the results from differential gene expression studies, enrichment analysis methods are em-

ployed on the set of DEGs. These computational tools help to identify biological pathways, functions, and
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processes that are significantly overrepresented in the set of the gene of interest (40).

Methods such as Gene Set Enrichment Analysis (GSEA) (49) and pathway enrichment analysis (50)
play a crucial role in uncovering these changes, which is particularly important in the context of aging and
neurodegenerative diseases (51). These methods help identify significantly enriched pathways present in
the DEGs associated with specific conditions

Enrichment analysis allows for the identification of potential biomarkers that are overrepresented in a
specific biological pathway (52), it helps in validating the biological significance of these candidate genes
by analyzing their roles and interactions within the enriched pathways (53). Enrichment analysis can
also help link the gene expression changes to relevant diseases, demonstrating their potential as disease
markers or drug targets (54), finally, it also enables to obtain a refined list of genes with clinical relevance
(55).

For example in the context of aging and neurodegenerative diseases, enrichment analysis has been
used to identify biomarkers and pathways associated with several neurodegenerative diseases such as
Alzheimer’s disease, Parkinson's disease, and amyotrophic lateral sclerosis. It identified 101 metabo-
lites as potential biomarkers for these conditions, with uric acid, choline, creatine, L-glutamine, alanine,
creatinine, and N-acetyl-L-aspartate being common across the three diseases. Key metabolic pathways,
such as those involving ATP-binding cassette transporters, arginine, proline metabolism, and alternative
energy-producing routes (alanine, aspartate, glutamate, purine metabolism), were highlighted (56). These

discoveries offer insights into biomarkers and potential therapeutic targets to address these diseases.

2.3 Genome-Scale Metabolic Models

Genome-scale metabolic models represent a refined computational framework aimed at simulating and
predicting the complex network of metabolic interactions within an organism. These models are con-
structed based on the comprehensive data derived from genome annotation efforts, effectively mapping
the full range of an organism’s metabolic capabilities (57).

GEMs function under a set of fundamental premises that enable them to model the relevant entities
and behaviors of metabolic systems, under some simplifying assumptions. The stoichiometric matrix
(5), is a mathematical representation that captures the relationships between metabolites (m) and their
corresponding reactions (n) within the network. Each element of this matrix indicates the stoichiometry of

a metabolite participating in a particular reaction, thereby defining the network’s structure (Equation 2.1).
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An essential component of GEMs is the pseudo-steady-state assumption, which assumes the concen-

tration of internal metabolites remains constant over time. This assumption simplifies the complexity of
metabolic networks by focusing on the fluxes, rather than the absolute concentrations of metabolites. Un-
der this assumption, the system reaches a steady-state condition, where the production and consumption
of the metabolites are balanced. Additionally, GEMs rely on a mass balance assumption ensuring that for
each biochemical reaction, the sum of the reactant masses equals that of the product masses (Equation

2.2).

S-v=0 (2.2)

Flux constraints are applied to bound the possible rates of reactions, reflecting biological capacities
among other constraints (Equation 2.3). This ensures that the model’s predictions remain within biologi-

cally feasible parameters, enhancing the model’s reliability and applicability in various biological contexts.

(2.3)

Furthermore, GEMs are uniquely structured to incorporate various omics data types, including tran-

scriptomics, enhancing their predictive capacity (58).

Gene-Protein-Reaction Rules

An essential component in GEMs is the integrations of Gene-Protein-Rule (GPR) rules. These rules estab-
lish the relationships between genes, the proteins (enzymes) they encode, and the metabolic reactions
catalyzed by those enzymes. By defining how genes encode proteins that catalyze specific metabolic reac-
tions, GPR rules enable GEMs to translate genetic information into metabolic functions, thereby bridging
the gap between genotype and phenotype (59).

The presence of isoenzymes and protein complexes introduces complexity to the relationships between
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genes, proteins, and reactions. Isoenzymes are different enzymes that catalyze the same reaction but are
encoded by different genes. This redundancy provides flexibility and robustness in the metabolic network,
allowing the organism to maintain metabolic flux under varying conditions. Protein complexes, on the other
hand, are enzymes composed of multiple subunits, each encoded by different genes. All subunits must
be present and correctly assembled for the enzyme to be functional, emphasizing the importance of gene
co-expression and protein-protein interactions. To accurately represent these complex relationships, GPR
rules utilize logical expressions involving the operators AND and OR. These operators are applied at two
hierarchical levels: the gene-to-protein level and the protein-to-reaction level. Atthe gene-to-protein level, the
AND operator indicates that multiple genes are required to produce a functional protein or protein complex,
while the OR operator represents alternative genes encoding isoenzymes. At the protein-to-reaction level,
similar logical operators are used to represent alternative enzymes or the necessity of multiple enzymes
for a reaction (60).

For example, in an isoenzyme scenario where a reaction can be catalyzed by enzymes encoded by

genes Gi1 or Gio, the GPR rule is expressed as:

G10OR G,

This expression indicates that the presence of either gene is sufficient for the reaction to occur, reflecting
redundancy in the metabolic network.
In a protein complex scenario where a reaction requires a protein complex formed by subunits encoded

by genes G1, G2, and Gz, the GPR rule is expressed as:

G1 AND G5 AND G3

This indicates that all the genes are necessary to form the functional enzyme complex for the reaction to
proceed, emphasizing the interdependence of gene expression for complex formation.

GPR rules are a fundamental component of GEMs, providing the critical link between the genetic
and metabolic layers of biological systems. By accurately representing the intricate relationships between
genes, proteins, and reactions through logical expressions, GPR rules enhance the predictive power of
metabolic networks. This enables the simulation of genetic perturbations and the assessment of their
impact on metabolism, which is essential in fields such as metabolic engineering, drug target identification,
and especially in understanding complex disease mechanisms, including aging and neurodegenerative

diseases.
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2.3.1 Phenotype Simulation

GEMs are essential in simulating phenotypes, offering insights into an organism’s metabolic behavior under
various environmental conditions. These models integrate constraints that shape the solution space of a
metabolic network, ensuring that the predictions align with biological realities (61).

The objective function, which typically reflects a biological goal such as growth maximization, plays
a crucial role in this context. It directs the selection process, pinpointing the most biologically pertinent
flux distribution from the range of possibilities (Figure 1). Thus, while constraints form the boundaries
of possible solutions, the objective function identifies the optimal solution within these boundaries (62).
Despite these constraints, the complexity of metabolic networks often results in multiple feasible flux

distributions.
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Figure 1: Conceptual representation of phenotype simulation. Initially, the solution space is un-
constrained, encompassing all possible flux distribution solutions. Application of the steady-state assump-
tion and definition of feasible ranges for metabolic flux further constrain the solution space. Finally, by

optimizing the objective function, one of several optimal solutions is obtained. Adapted from (63)

Flux Balance Analysis (FBA) (64) stands as a widely adopted method in this domain. By solving linear
equations that represent the stoichiometry of metabolic reactions, FBA predicts flux distributions that fulfill
a specific objective function. This function often pertains to biomass production, Adenosine triphosphate
(ATP) production, or the synthesis of certain metabolites (65). Nonetheless, the redundancy inherent in
metabolic networks can lead FBA to produce multiple potential solutions.

Parsimonious Flux Balance Analysis (pFBA) enhances the FBA approach by imposing an additional
optimization criterion: minimizing the total flux across all reactions. This inclusion aligns with the evolution-
ary principle of resource conservation and metabolic efficiency, suggesting that organisms are optimized
to minimize energy and resource expenditure. Consequently, pFBA refines the solution space of FBA,
providing predictions of metabolic flux distributions that are more consistent with physiological evidence

(66).
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Moreover, other algorithms can be used for phenotype prediction, such as MOMA. MOMA is a compu-
tational approach used to predict the metabolic behavior of cells in response to genetic mutations. Unlike
FBA, which seeks an optimal flux distribution, MOMA assumes that cells attempt to preserve their pre-
mutation metabolic state. It calculates the smallest possible deviation from the original flux distribution by
minimizing the Euclidean distance between the fluxes of the wild-type and mutant strains. This approach

is especially useful for understanding immediate cellular responses to gene knockouts (67).

2.3.2 Flux Sampling Methods

While the previous phenotype simulation methods offer valuable insight into the metabolic network by
predicting flux distributions that optimize a given objective function, they typically provide a single optimal
distribution. However, since metabolic networks are undetermined systems due to having more reactions
than metabolites, leading to the existence of multiple feasible solutions that satisfy the network constraints,
this means that several alternative flux distributions are capable of achieving the same optimal value for the
objective function (68). Flux sampling methods address this limitation by exploring all the space of possible
flux distributions that satisfy the metabolic network constraints (69). By generating a representative set of
feasible flux distributions, flux sampling provides a more comprehensive understanding of the metabolic
network.

Several algorithms have been developed for flux sampling in metabolic networks, for instance, the
Artificial Centering Hit-and-Run (ACHR) algorithm (70) works by estimating in an early phase the center
of the solution space and then exploring the full solutions space from there. Furthermore the Optimized
General Parallel (OPTGP) algorithm (71) is considered an improved version of the ACHR since allows a
more increased randomness when exploring the total solutions space and also allows a parallel sampling
process. The Coordinate Hit-and-Run with Rounding (CHRR) algorithm (72) is similar to the ACHR but
in this algorithm a pre-processing step occurs to round the search space, allowing for a more efficient
sampling process.

In this context of aging and neurodegenerative diseases, flux sampling becomes particularly valuable.
Since these conditions often involve minimal metabolic shifts rather than larger changes that a single
optimal flux distribution might miss. Exploring the full space of the metabolic network, flux sampling can
uncover metabolic adaptations associated with the disease providing deeper insights into the underlying

metabolic alterations.
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2.3.3 Human Models

Since the publication of the draft human genome in 2001 (73), and the subsequent release of the complete
human genome sequences in 2004 (74), the landscape of biological research has undergone a revolution-
ary transformation. With this, several comprehensive databases like HumanCyc (75) and the Reactome
knowledgebase (76) were created. These databases were essential in compiling an extensive collection of
biochemical reactions occurring within human cells, needed for advances in metabolic modeling.

The initial effort in GEMs modeling of human metabolism resulted in the development of RECON1
(77). In parallel with this model, the Edinburgh Human Metabolic Network (EHMN) (78) was introduced.
RECON 1 not only stood as a comprehensive model in its own right but also served as a template for
developing several mammalian models. Based on gene orthologs, these models extended to species such

as Mus musculus with the iMM1415 (79) model.
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Over time, the field has witnessed the evolution of these models with the introduction of improved
and more sophisticated versions, notable among these are the Recon2.2 (80) and Recon3D (81), which
brought enhanced depth and dimensionality to the modeling of human metabolism. Similarly, HepatoNet1
(82) and the Human Model Reaction 2 (HMR2) database (83) expanded the scope, incorporating more
extensive data and refining the accuracy of metabolic simulations. The most recent model, Human1l
(84), represents the culmination of these continuous efforts, reflecting a more comprehensive and precise

representation of human metabolic processes. An overview of these models is presented in Table 1.
Table 1: Summary of published Human Models

Metabolites Reactions Genes Reference Year Published

Reconl 2766 3741 1905 (77) 2007
EHMN 3381 2823 2314 (78) 2007
HMR2 6006 8181 3765 (83) 2014
Recon2.2 5324 7785 1675 (80) 2016
Recon3D 5835 10600 2248 (81) 2018
Humanl 8456 12995 2889 (84) 2020

2.3.4 Caenorhabditis elegans models

Several metabolic reconstructions for C.elegans, a key model organism for studying biological phenomena
relevant to human health and disease, particularly in aging and neurodegenerative diseases, have been
developed over the years.

The first reconstruction emerged from the Path2Models (85) project in 2013, employing automatic
reconstruction from Kyoto Encyclopedia of Genes and Genomes (KEGG) (86) pathways and MetaCyc (87)
databases, complemented by a gap-filling step. This was followed by the development of ElegCyc (88) and
iCEL1273 (89) in 2016, and CeCon (90) in 2017, each introducing important improvements in modeling
the organism’s metabolic pathways.

To integrate different insights from these diverse models, a consensus model WormJam (91) was
created, merging different preexisting models. It underwent manual curation and reconciliation, aiming
to provide a comprehensive and cohesive representation of C.elegans metabolism by combining the most
reliable and consistent data from the other models.

More recently, iCEL1314 (92), an updated version of iCEL1273, was released, offering refined metabolic

insights and enhanced accuracy in modeling the organism’s biochemical networks. This evolution reflects
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the deeper understanding of C.elegans metabolism and underscores the importance of these models in
decoding the complex metabolic processes in this organism. An overview of these models is provided in

Table 2.

Table 2: Summary of published C.elegans Models

Metabolites Reactions Genes Reference Year Published

ElegCyc 1640 1914 979 (88) 2016
iICEL1273 887 1985 1273 (89) 2016
CeCon 1394 1923 20791 (90) 2017
WormJam 1629 3632 1524 (91) 2018
iICEL1314 907 2230 1314 (92) 2020

2.4 Context-specific Metabolic Models reconstruction

The integration of omics data into GEMs plays an essential role in refining phenotype predictions, thereby
advancing our comprehension of complex biological processes. Contextualization is important in enhanc-
ing the predictive accuracy of GEMs. While generic models provide broad insights, they often lack the
context to capture individual-specific variations. In contrast, contextualized models provide a detailed rep-
resentation of biological processes, crucial for specific treatments and understanding of specific cellular
mechanisms (93).

GEMs represent metabolic networks, which are subjected to variability due to the unique characteristics
of different tissues, developmental stages, cell types, and environmental conditions. Transcriptomics,
with its comprehensive portrayal of gene expression, stands as a primary omics approach in creating
context-specific GEMs (94). A notable application of these models is the comparison between healthy and
pathological states, such as in cancer research, to deepen our understanding of both conditions. This
methodology is essential in identifying key metabolic pathways that undergo alterations in disease states,
thereby providing potential therapeutic targets (95).

Regarding the task of creating context-specific models from their generic counterparts, three princi-
pal algorithmic approaches have gained relevance (Figure 2): Gene Inactivity Moderated by Metabolism
and Expression (GIMME-like), Integrative Metabolic Analysis tool (iMAT-like), and Model-Building Algorithm
(MBA-like) methods (96).

The selection of these methods depends on whether a flux distribution is required or if a specific
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Figure 2: Representation of the main algorithms for omics data integration. GIMME-like and
iMAT-like methods should be employed if flux distribution is needed; otherwise, MBA-like methods should
be used. If the RMF is specified, GIMME-like methods should be used; in the absence of RMF, iMAT-like
methods should be utilized. Adapted from (96)

GIMME-like methods prioritize maintaining a correlation between the simulated phenotype with ex-
perimental data, ensuring a defined set of active and inactive genes under specific conditions, while
maintaining an RMF such as ATP production or growth (97).

In contrast, iIMAT-like methods focus on achieving flux consistency with experimental data, without
an imposed RMF. These methods label reactions based on gene or protein expression data and aim to
maximize the similarity between predicted fluxes and their corresponding classifications (98).

MBA-like methods, on the other hand, focus on model consistency, constructing context-specific mod-
els without blocked reactions. They categorize metabolic model reactions into 'core’, reactions present in
the generic model that should be incorporated into the context-specific model, and 'non-core’ refining the
model iteratively by removing non-core reactions (99).

Each approach offers a unique view through which omics data can be integrated into GEMs, with their
applicability hinging on the specific research objectives and the specific requirements of the biological
system under study (100).

In the next section, we will focus only on iMAT-like methods, as they are the best choice to obtain a

context-specific model and flux prediction in the absence of an RMF.
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iMAT-like methods

The iMAT-like family encompasses the Integrative Metabolic Analysis tool (iIMAT), the Integrative Network
Inference for Tissues (INIT).A notable feature of these methods is their elimination of the need for RMF,
distinguishing them from other approaches.

At the core of the iMAT-like methods is the classification of gene expression levels into three categories:
high, moderate, and low. This classification plays an essential role in subsequent computational steps,
which aim to minimize the reactions associated with genes expressed at low levels while maximizing those
linked to highly expressed genes (98). The optimization problem underlying these methods is formulated
as a Mixed Integer Linear Programming (MILP). While this approach enhances precision, it also demands
substantial computational resources, particularly for extensive and complex models like those used in

human metabolism (101).

¢ iMAT primarily processes gene expression data, categorizing them into low, moderate, or high tiers.
Utilizing these categories, it predicts the flux activity state for each reaction in the model, minimizing
the number of reactions associated with low-expressed genes while maximizing those associated
with high-expressed genes. Thus, providing a comprehensive map of the active metabolic fluxes

anticipated by the system (Figure 3).
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Figure 3. Schematic representation of iMAT. The diagram presents a simplified metabolic network
model along with gene expression data, with red indicating low-expressed genes (G2, G5, and G6) and
green for high-expressed ones (G1, G3, and G7). iMAT produces an optimal flux distribution aligning with
the provided gene expression data, where reactions associated with highly expressed genes (green) and

lowly expressed genes (red) are highlighted. Adapted from (98).

¢ INIT incorporates data directly into the objective function, including metabolomics data. It diverges
from models strictly adhering to steady-state assumptions by allowing a positive net production of
metabolites, thus mirroring the dynamic metabolic state under specific conditions more accurately

(102).

Thus, the primary advantage of iMAT-like methods is their autonomy from RMFs. This method is par-
ticularly advantageous for constructing human metabolic models, where the determination of a universal

objective function is not straightforward (96).
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2.5 Metabolic Transformation Algorithm

The metabolic transformation algorithm represents a significant leap forward in computational biology,
particularly for identifying drug targets in metabolic disorders. Unlike traditional methods that often focus
on cell destruction, as in cancer therapies and antibiotics (10; 11), the MTA uniquely identifies drug targets
that can shift a cell’s metabolism from a diseased state to a healthier one. This feature is critically relevant
in aging and age-related diseases, aiming to rejuvenate cells rather than eliminate them (8).

MTA combines GEMs with differential gene expression data from diseased and healthy metabolic states

to pinpoint crucial differences. The algorithm follows primarily four steps:

¢ Step 1: Obtain a flux description of the source metabolic state. Initially, the flux descrip-
tion of the source metabolic state based on its gene expression levels is determined using iMAT.
Given the potential non-uniqueness of the iMAT solution, there is a space of alternative optimal so-
lutions. To address this, 2,000 flux distributions are sampled and the mean of these distributions
was calculated, denoted as v, which serves as an approximation of the source’s metabolic state

(Figure 4: Step 1).

* Step 2: Determination of changed and unchanged reactions based on v'*f, differential
gene expression analysis, and gene-to-reaction mappings. Following this, an analysis of
gene expression data from both the source and target is conducted. The Student’s t-test is employed
to categorize genes into three groups: those with no significant change in expression between the
source and target, those with a reduced expression in the target compared to the source, and those
with an increased expression in the source compared to the target. After categorizing genes, the
focus shifts to reactions. Genes are mapped to reactions, and the reactions are categorized based
on their flux direction. Three distinct groups of reactions emerge, those with no significant flux
change (Rg), those with a significant change in flux in the forward direction (R ), and those with

a significant change in flux in the backward direction (Rg) (Figure 4: Step 2).
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Figure 4. Schematic representation of MTA: Part 1. Determination of the flux description of the
source metabolic state using iMAT, and determination of changed and unchanged reactions based on v',

differential gene expression analysis, and gene-to-reaction mappings. Adapted from (8).

¢ Step 3: Identification of the best ‘transforming’ knockout reactions using a Mixed
Integer Quadratic Programming (MIQP) algorithm. To identify the most effective knockout
reactions that can cause a network shift from one state to another, each reaction in the network
is perturbed individually at the source state by setting their flux to zero. The network’s potential
to achieve the desired shift to the target state is then evaluated under each perturbation. This
step uses MIQP to maximize the number of changes in the changed classes (R and Rg) while
minimizing the changes in the unchanged class, Rg. This results in a flux distribution denoted as
v'® (Figure b: Step 3).
Equation 2.4 is used to represent the objective function of the MIQP. Each reaction in the equation
is uniquely identified by 7. Here, v' represents the reference flux, v; represents the flux of the re-
action, and y; is a binary variable that indicates whether the flux through the reaction is significantly

changed or not. The parameter « is a trade-off parameter.

min (1 — ) Z (v — vi)z ~|—% Z Yi —I—% Z Yi (2.4)
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¢ Step 4: Calculation of the Transformation Score (TS). A TS is assigned to each simulated
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perturbation in the previous step. This score reflects the efficiency of transforming the source state

back to the target state. These perturbations are ranked based on their score (Figure 5: Step 4).

Equation 2.5 serves as the scoring function, with R, ccess aNd Runsuccess Categorizing reactions based

on whether they have successfully achieved the desired change in flux rate or not.

ST abs [(v;ef — v;eS)} — > abs [(v;ef — v;es)]
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Figure 5. Schematic representation of MTA: Part 2. Application of MIQP algorithm to identify
optimal knockout reactions by perturbing each reaction individually at the source state and calculation of

their corresponding TS. Adapted from (8).

These steps enable MTA to systematically identify genetic or environmental changes capable of revers-
ing a diseased or aged metabolic state to a healthier condition.

The algorithm’s effectiveness and predictive precision are validated by various datasets, encompassing
genetic and environmental perturbations in organisms like Escherichia coli, yeast, mice, and human cells.
MTA excels in predicting gene knockout outcomes and recognizing metabolic shifts due to environmental

factors, such as nutrient changes in growth media.
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A noteworthy achievement of MTA is its contribution to aging research, where it identified and experi-
mentally confirmed genes in yeast (e.g., GRE3 and ADH?2) that, when knocked out, significantly extended
their lifespan. This predictive power also applies to human biology, with MTA pinpointing potential drug
targets to reverse aging in human muscle tissue (8).

Recently, rMTA has emerged as a potent extension of MTA. It introduces worst-case scenario analysis
and incorporates the MOMA, enhancing the precision and reliability of identified therapeutic targets. rMTA
not only considers the Best-case Transformation Score (bTS) but also integrates the Worst-case Trans-
formation Score (WTS), providing a comprehensive perspective on potential perturbation effects. In the
best-case scenario, bTS reflects the maximum capacity of a gene knockout to shift the metabolic flux dis-
tribution toward the target state, however, a gene knockout might also reinforce the source state. In the
worst-case scenario analysis, wTS is obtained by swapping the roles of the reaction subsets representing
the target and source states, assessing this way the maximum capacity to further move the flux distribu-
tion in the source direction. Incorporating MOMA into rMTA ensures a realistic evaluation of the metabolic
changes required after perturbation, further improving the algorithm'’s predictive accuracy. To unify these
metrics, rMTA introduces a rTS that combines bTS, wTS, and MOMA Transformation Score (mTS). The

rTS can be calculated using the following formula:

rTS =mTS - |k - |bT'S — wTS||", (2.6)

The TS effectively ranks gene knockouts by integrating their capacity to move toward the healthy state
(bTS), the risk of moving toward the disease state (WTS), and the most realistic approach (mTS). This
approach enhances the predictive accuracy of the algorithm, providing a more reliable identification of
therapeutic targets (9).

MTA and rMTA collectively offer a powerful toolkit for drug target discovery in metabolic disorders,
providing systematic and robust strategies to address cellular metabolism therapeutically. Their integrated
approach, which includes best-case, worst-case, and MOMA-derived scores, confirms that the identified
targets are not just theoretically promising but also practically viable. This collaborative application not
only promises immense potential in drug discovery but also sets a new standard for pioneering treatments

in metabolic disorders, thereby establishing a new benchmark in the field.
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2.6 Evolutionary Algorithms

Evolutionary Algorithms (EAs) are computational strategies that draw inspiration from Darwinian principles
of natural evolution (103). These algorithms replicate the survival of the fittest, where the most adept
individuals in a population are predisposed to survive and reproduce.

EAs excel in solving optimization challenges through this biomimetic approach, representing a diverse
family of population-based algorithms. These algorithms utilize principles of genetic inheritance and natural
selection to explore search spaces effectively. This population-based approach ensures robust solution
generation, proving their efficiency in complex, multifaceted problems (104).

The advent of EAs was initiated by the introduction of the genetic algorithm, distinguished by its binary
representation of solutions, use of mutation and recombination techniques to promote population diversity
(105), and parent selection mechanisms (106).

The process initiates with the definition of an initial, randomly generated pool of candidate solutions.
These candidates are evaluated by a fitness function, and the most promising solutions are chosen stochas-
tically for subsequent iterations. After this selection phase, various operators, such as recombination or
mutation, are used to generate new candidates from the parents. This iterative process persists until a

pre-defined termination criterion is achieved (Figure 6).
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Figure 6: The main steps of an Evolutionary Algorithm. Adapted from (107)

It is crucial to recognize that although EAs aim for optimal solutions, their stochastic nature does not
ensure the attainment of the absolute best solution (107)

In practical realms, EAs have been essential in the development of tools for strain optimization and
drug discovery. One example is the use of variable-sized EAs, which optimizes metabolic networks by
automatically determining the optimal number of gene deletions to enhance production, outperforming
traditional fixed-size methods in terms of efficiency and consistency (108). In such applications, individual

genes are represented as components of a solution, typically encoded as Boolean arrays. The population
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comprises various strains of a singular organism, with simulation methodologies, such as FBA or MOMA
utilized as fitness evaluators. These evaluators return an objective function score, correlating with the
efficacy of each solution. This tool facilitates a systematic, efficient exploration of the extensive solution
spaces characteristic of metabolic networks, using the versatility and applicability of EAs.

Thus, EAs gather the principles of biological evolution to solve complex optimization challenges. Their
structured methodology, characterized by a population-based search paradigm, genetic operators, and

fitness-centric selection, positions them as formidable tools across various domains.
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Chapter 3

rMTA/MTA Implementation and Validation

3.1 Introduction

MTA is a computational approach used to identify potential metabolic interventions that can drive a biolog-
ical system from one state to another by targeting specific genes within a metabolic network. It leverages
constraint-based modeling techniques to predict the effects of genetic perturbations on metabolic flux
distributions, facilitating the discovery of therapeutic targets and metabolic engineering strategies.

The rMTA extends the capabilities of MTA by incorporating worst-case scenario analyses and inte-
grating the MOMA approach. This enhancement provides a more comprehensive evaluation of potential
interventions by considering not only the best-case scenarios, but also the robustness of the metabolic
network to perturbations, yielding a more realistic result.

Originally, MTA and rMTA were implemented in MATLAB, a commercial platform, as part of the COBRA
Toolbox (109), which offers a wide range of functions for constraint-based metabolic modeling. While
MATLAB provides a robust environment for such analyses, the increasing popularity of Python in the
scientific community, due to its open-source nature and extensive libraries, has motivated the development
of equivalent tools in Python. Python packages such as COBRApy (110) and MEWpy (111) have emerged
to offer similar functionalities as their MATLAB counterparts, promoting accessibility and collaboration in
the community.

This chapter presents the implementation and validation of MTA and rMTA algorithms in Python. The

objectives are twofold:

¢ Implementation: Develop Python versions of the MTA and rMTA algorithms, ensuring that they

are functionally equivalent to the original MATLAB implementations.
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¢ Validation: Validate the Python implementations by replicating the results obtained from the MAT-
LAB version tutorial. This involves comparing the outputs of key functions, verifying the consistency
of optimization results, and ensuring that the algorithms correctly identify potential metabolic tar-

gets.

3.1.1 Pipeline for Drug Identification Using MTA

MTA provides a systematic framework for identifying potential drug targets by simulating how genetic
interventions can redirect a metabolic network from an undesired state (e.g., disease) to a desired state

(e.g., healthy). The key steps in this pipeline are:

1. Model Reconstruction and Preprocessing: Omics data, such as transcriptomics, are inte-
grated into a generalized metabolic model to create a context-specific model using methods, already
implemented, like IMAT. Flux sampling is performed on this model to establish a Reference Flux

Distribution (v"®) that represents the metabolic state of the system.

2. ldentification of Differential Expressed Reactions: Differential gene expression analysis
identifies significantly altered genes between the target and reference states. These genes are
mapped onto metabolic reactions using GPR associations. Reactions are then classified into R,

Rp, and Rg categories based on their expected flux changes (forward, backward, and unchanged).

3. Optimization of Genetic Perturbations: An optimization problem is formulated to simulate
gene knockouts using MIQP. The objective is to maximize significant flux changes in Rr and Rp
while minimizing deviations in Rg. A threshold epsilon (¢) defines the minimum significant flux
change for reactions to be considered altered. The Gurobi optimizer (112) solves the MIQP problem

for each gene knockout scenario.

4. TS Calculation and Ranking: The Transformation Score (TS) quantifies the effectiveness of each
gene knockout in shifting the metabolic state towards the desired condition. Genes are ranked based

on their TS values, highlighting the most promising targets.

5. Enhanced Analysis with rMTA: rMTA extends the original algorithm by incorporating worst-
case scenario analyses and integrating the MOMA approach. The rTS combines the best-case,
worst-case, and MOMA into a unified metric, providing a more robust assessment of potential

interventions.
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This pipeline enables the systematic identification and prioritization of metabolic genes that, when
targeted, can induce a desired metabolic shift. By focusing on system-wide effects rather than isolated

pathways, MTA aids in the discovery of effective and selective drug targets.

3.2 Implementation

Both MTA and rMTA were originally implemented in MATLAB within the COBRA Toolbox. To leverage the
advantages of Python’s open-source nature, and widespread adoption in the scientific community, we
re-implemented these algorithms in Python version 3.7.

One of the main challenges in this reimplementation was the lack of support for MIQP problems in
Python packages commonly used for metabolic modeling, such as Optlang (113). MIQP is essential for
formulating the optimization problems underlying MTA and rMTA. To overcome this limitation, we directly
utilized the Gurobi Python API, allowing us to develop and solve the complex optimization problems re-

quired. Gurobi is free for academic use, making it accessible for research purposes.

Identification of Differentially Expressed Genes and Reactions

This step focuses on identifying genes and reactions that are differentially expressed between the target

and reference states.

get_differentially_expressed_genes This function identifies and categorizes differentially
expressed genes using omics data previously processed with the limma package (44). Differential gene
identification is based on the log-fold change (1ogFC) and adjusted p-values. The first step is to map the
gene IDs from the omics data to the corresponding genes in the model.

Using the values of 1ogFC and pval, the genes are filtered according to specified thresholds. The
parameter 1ogFC_required represents the minimum absolute log-fold change required for a gene to
be considered differentially expressed, and pval_required represents the maximum p-value allowed.
Genes are then classified as upregulated (LogFC > 0) or downregulated (LogFC < 0), assigning values
to the genes in the model: 1 for upregulated, -1 for downregulated, and O for genes not differentially
expressed.

The output of this function consists of a DataFrame (geneFBS_df) with each gene and its corre-

sponding value (-1, 0, or 1).
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get_differentially_expressed_reactions_from_genes This function identifies differen-
tially expressed reactions within a metabolic model by mapping gene expression changes onto reactions
using GPR associations. The function takes three inputs: the metabolic model, the DataFrame of differen-
tially expressed genes (geneFBS), and a Ve,

To map gene expression changes to reactions, MEWpy's advanced GPR handling capabilities were
used. Unlike COBRApy, which lacks sophisticated GPR evaluation similar to the COBRA Toolbox, MEWpy
allows for the systematic interpretation of GPR rules in the context of gene expression data.

Using the results obtained from the previous (geneFBS_df), the highlighted genes were divided in
two groups: upregulated and downregulated genes. MEWpy evaluates the Boolean GPR expressions for
each reaction by assigning truth values based on the upregulation or downregulation of genes.

For reversible reactions, further categorization is performed based on the v"'. Reactions that should
change in the forward direction R are those carrying a positive flux in the reference state and categorized
as elevated, or carrying a negative flux and categorized as reduced. Conversely, reactions that should
change in the backward direction Rg are determined in the opposite manner.

Ultimately, the function outputs three distinct sets of reactions: unchanged reactions Rg, reactions

altered in the forward direction R, and reactions altered in the backward direction Rp.

Differential Expression Class

To structure the package, the DifferentialExpression class was developed, which encapsulates

the previous methods for identifying differentially expressed genes and reactions.

DitferentialExpression

-model : cobrapy.Model
-giffer_expr_df : pandas.DataFrame
-\ref : pandas. DataFrame
-geneFBS : pandas.DataFrame

-rknFBS | pandas.DataFrame

+Qet_differentially_expressed_genes(logFC_required: float, pval_required: float) : : pandas.DataFrame

+get_differentially_expressed_reactions_from_genes() : : pandas.DataFrame

+samples_filter(samples: pandas.DataFrame) : : pandas . Series

Figure 7: DifferentialExpression class structure

Additionally, the samples_filter method was added to remove inactive reactions based on the
sampling data. This ensures that the list of differentially expressed reactions accurately reflects those that

are functionally active under the given conditions.
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The general workflow of this class is as follows:

diff_expr = DifferentialExpression(model, diff_express_genes, Vref)
diff_expr.get_differentially_expressed_genes ()
diff_expr.get_differentially_expressed_reactions_from_genes ()
diff_expr.samples_filter (samples)

rxnFBS = diff_expr.rxnFBS

Listing 3.1: Differential Expression Analysis Code

Formulation of the Optimization Problem

This is the main step of the MTA algorithm, where the optimization problem is formulated and solved to

identify potential targets to revert the undesired phenotype.

calculate_epsilon The calculate_epsilon function is designed to compute the minimum
required flux change, referred to as epsilon (¢), for each reaction in the metabolic model to be considered
significantly changed (with a p-value of 0.05). This parameter plays a vital role in the optimization model by
setting a threshold for significant changes in reaction fluxes. By defining a minimum flux change that must
occur for a reaction to be considered altered, ¢ helps to filter out minor, potentially insignificant changes,
thus enhancing the robustness and interpretability of the results.

Using the sampled flux distribution data from the metabolic model, the standard error of the mean flux
for each reaction was calculated. Additionally, for reactions previously identified as unchanged in rxnFBS
(with a O value), € is set to zero. Hence, ensuring that no change is forced upon reactions that are not

supposed to be changed.

calculate_gene_ko_matrix The calculate_gene_ko_matrix function computes a matrix
that maps each gene knockout to the reactions it affects in the metabolic model. This matrix is essential for

simulating gene knockouts in the optimization problem by adjusting the bounds of the associated reactions.

build_mta_problem_from_model For the optimization problem, an MIQP approach was em-
ployed to identify steady-state flux distributions that satisfy stoichiometric and thermodynamic constraints,
aiming to characterize metabolic state transitions under different genetic or environmental perturbations.

The MIQP formulation, revisited in Equation 2.4, is designed to achieve two primary objectives:

1. Minimize Deviation in Unchanged Reactions (Rg): The problem aims to keep the flux
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through specific reactions Rg as close as possible to their reference values v;ef.

2. Maximize Significant Flux Changes in Desired Reactions (R, Rg): The problem maxi-
mizes the number of reactions in Rz and R g that experience significant flux changes in the desired

direction, compared to the reference flux v™'.

The objective function for this problem is defined as follows:
min (1 — a) Z (v — vi)Q + 2 Z v + @ Z Vi (2.4 revisited)
. ! 2 2
1€ERg IERE I€ERRB
It is important to note that the parameter « is introduced in the multi-objective function. This param-
eter balances the relative importance of minimizing deviations in unchanged reactions and maximizing
significant changes in others. The results presented use o = 0.66.
These objectives are subject to several constraints, formulated as follows:

vmln < /UZ S vmax

7 — 1 )

1€ R, (3.1)

Equation 3.1 enforces the bounds on the reaction fluxes v; within biologically feasible limits, as de-
fined by the minimum v™ and maximum " allowable values. These values ensure the resulting flux

distribution is consistent with thermodynamic, gene knockout, and growth medium constraints.

S.v=0, (3.2)

Equation 3.2 represents the mass balance constraint ensuring that each metabolite’s net produc-
tion and consumption is balanced, maintaining a steady-state assumption across the metabolic network.
This constraint is expressed through the stoichiometric matrix S, where each entry in the product S - v

represents the balance for a specific metabolite.

vi—yl (W ) —yi 0™ >0, i€ Rp, (3.3)

Equation 3.3 enforces that for each reaction ¢ in the set Ry (reactions expected to change in the
forward direction), the flux v; must increase by more than a threshold ¢; compared to the reference flux

v, The binary variable y" indicates whether a significant increase in the forward direction has occurred.

yF +yi=1, i€ Rp, (3.4)
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Equation 3.4 ensures that for each reaction ¢ in R, either yf (indicating a significant increase in
flux) or y; (indicating no significant change) must be active, but not both. This binary relationship enforces
mutual exclusivity between the two possible states of the reaction.

v =yl (VF —e) —y 0™ <0, i€ Rp, (3.5)

(2

Equation 3.5 applies to reactions 7 in Rp (reactions expected to change in the backward direction).
It ensures that the flux v; decreases by more than a threshold €; compared to v, with yiB as the binary

7

indicator of a significant decrease.

y? +y; =1, i€Rp (3.6)

Similar to Equation 3.5, equation 3.6 constraint ensures mutual exclusivity for backward reactions

in Rp. Either the flux significantly decreases (yZB = 1) or it does not change significantly (y; = 1).

mta_miqgp To solve the optimization problem, we utilized the Gurobi Python API (Gurobipy). The
mta_miqp function was developed to account for specific reaction knockouts and return the optimal flux
distribution. This required restructuring the original optimization model, initially designed for the MATLAB
Gurobi API, to be compatible with Python.

The function begins by unpacking key components of the optimization model, including the left-hand
side (LHS) constraint matrix, the quadratic matrix, the right-hand side (RHS) vector, linear coefficients,
variable bounds (upper and lower), constraint senses, and the objective sense. This breakdown allows the
model to be reformulated with the Gurobi solver.

Once the model components are unpacked, the specific reaction knockouts are imposed by setting
the lower and upper bounds of the corresponding reactions to zero, effectively eliminating flux through
those reactions. After modifying the model, solver parameters are defined to ensure precise and robust
optimization. These parameters include settings for MIP gap, integer feasibility tolerance, and optimality
tolerance.

The optimization problem is then formulated and executed within the Gurobipy environment. Upon
completion, the solver returns the optimal flux distribution for the specified metabolic network instance. If
an optimal solution is found, it is returned as the final result. Otherwise, a fallback mechanism returns a

default vector of zeros, indicating failure to converge or an infeasible solution.
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mta_ts To assess the impact of optimization results on metabolic flux distributions, we developed a
function that computes the TS, which quantifies the deviation of a given solution from a reference state.
The TS quantifies flux changes induced by the knockouts, focusing on whether reactions achieve desired
directional changes in flux (forward or backward) and the extent of those changes. The function calculates
the TS based on the flux distribution solution of the optimization model (v®°), a v", and a set of reactions
classified according to their directional shifts (rxnFBS).

The first step of the TS calculation is the identification of reactions within each category. The success
of a transformation is then determined based on whether the reaction in Rqycess achieves the required
flux alterations, or not, in this case being considered R nsuccess-

Lastly, the TS is computed using equation 2.5, the numerator represents the net change in flux rates
after a perturbation. This can be splitin 2 mains parts: The first one is the sum of absolute flux changes for
all reactions in the Rsuccess set, which includes reactions that experienced flux alterations in the desired
direction. The larger this sum, the more successful the transformation in the correct direction. The second
one is the sum of absolute flux changes for reactions in the Runsuccess set, which includes reactions
that experienced flux alterations in the undesired direction. Subtracting this value penalizes changes in the
wrong direction. Together, the numerator balances the positive effects (desired flux changes) against the
negative effects (undesired flux changes). The denominator represents the total flux change in Rg, which
includes the reactions that should ideally remain unchanged. This value helps to normalize the TS score,
ensuring that the transformation is not only effective but also conservative (i.e., minimizing unnecessary

changes in reactions that should stay unaltered).

ZiERsuccess abs [(Ugef - Ulres):| - ZiERunsuccess abs [(U;Zef - U;es):|

2 iers abs (U —vf)

(2.5 revisited)

evaluate_KO This function, which was not included in the original MATLAB implementation, enables
users to evaluate a specific knockout scenario without the need to execute the entire MTA algorithm. By
providing a set of reactions linked to a particular gene, this method allows for the calculation of the TS
for the specified case. This approach facilitates a partial execution of the MTA algorithm, optimizing the

computational process.
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Implementation of the MTA Algorithm

The mta function is the central component of the MTA, orchestrating the integration of all prior computa-
tions to identify gene knockouts that can shift the metabolic network toward a desired state. This function
systematically evaluates each gene in the metabolic model, simulates its knockout, and assesses the
impact on the network using the TS.

Inputs:

Metabolic Model

¢ rxnFBS: A classification of reactions based on desired flux shifts—forward (R ), backward (Rp),

or unchanged (Rg).

e Vref: A reference flux distribution representing the baseline metabolic state.

o A weighting parameter balancing the objectives in the MIQP optimization problem.

€: A vector of minimum significant flux changes for reactions to be considered altered.

Overview of the Workflow The workflow of the mta function can be summarized in the following key

steps:

1. Preparation Phase:

¢ Gene Knockout Matrix Creation: Generate a matrix mapping gene deletions to their

associated reactions.
* Result Initialization: Prepare data structures to store flux distributions and TS values.

* Reaction Filtering: Exclude reactions where desired flux changes are infeasible.
2. Construction of the Optimization Model:

¢ Build the general MIQP optimization problem incorporating stoichiometric constraints, objec-

tives, and the v"'.
3. Iterative Gene Knockout Simulation:

¢ For each gene in the model:

— Simulate the gene knockout by adjusting reaction bounds.
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— Solve the modified optimization problem.

— Calculate the TS for the resulting flux distribution.
4. Results and Ranking:

e Aggregate TS values and flux distributions for all gene knockouts.

¢ Rank genes based on their TS values to identify top targets.
5. Output Generation:

* Provide a ranked list of potential gene targets.

» Offer detailed flux distributions for further analysis.

The MTA class encapsulates the entire algorithm, providing a structured and modular implementation.

MTA

-model (cobrapy.Model). The metabolic model

-rnFBS (pandas.DataFrame):. DataFrame containing the reactions names and the respective values.
-Vref (pandas DataFrame): DataFrame containing the reference flux distribution

- dlpha (float). Farameter for the quadratic problem.

-samples (pandas_DataFrame). DataFrame containing the fluxed samples.

-epsilon (pandas Series): Series containing the minimum disturbance for each reaction

+ __init__{model, r<nFES, Vref, alpha, samples=None, epsilon=None)
+ calculate_gene_KO_matrix(self)

+ calculate_epsilon(self, samples)

+ build_optimization_model(self)

+ solve_MIQP({self, KOrxn)

+ transformation_score(self, v_res)

+ run{self)

+ evaluate_KO(seli, KOm<n)

Figure 8: MTA class

Implementation of the rMTA Algorithm

The rMTA extends the standard MTA by incorporating worst-case scenario analyses and the MOMA ap-
proach. While the overall workflow of both share similarities, key differences enhance its ability to identify
more robust metabolic tagets. The sections below will focus on these main differences and explain how

they are integrated into this implementation.
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Incorporation of Worst-Case Scenario In addition to the best-case scenario analysis performed in
MTA, rMTA introduces a worst-case scenario by swapping the reactions in the forward reactions (R ) and
backward reactions (R g) sets within the rxnFBS. This swapping simulates the possibility that reactions
may shift in the opposite direction of what is desired, allowing for the evaluation of the worst possible

outcome for each gene knockout.

Integration of MOMA rMTA integrates the MOMA approach to simulate gene knockouts, providing a
more realistic prediction. MOMA works by minimizing the Euclidean distance between the flux distribution
after a perturbation and the v™f, which reflects the cell’s natural tendency to adjust minimally from its

original metabolic state.

Calculation of the Robust Transformation Score (rTS) The robust Transformation Score (TS) is
introduced in rMTA as a metric that combines the best-case TS (bTS), worst-case TS (wTS), and MOMA
TS (mTS) into a single measure. This score is designed to highlight gene targets that not only perform
well in the best-case scenario but also demonstrate significant differences from the worst-case scenario,

reflecting robustness. The rTS is calculated using the following formula:

rTS =mTS - |k-|bTS —wTS||", (2.6 revisited)

Following the parameter values used in the referenced study, we set ¥k = 100 and a = 1 when

bT'S > 0, mTS > 0, and wT'S < 0.
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MTA

-model (cobrapy.Model). The metabolic model

-rZnFBS (pandas.DataFrame). DataFrame containing the reactions names and the respective values.
-Vref (pandas DataFrame): DataFrame containing the reference flux distribution

- alpha (float). Parameter for the quadratic problem.

-samples (pandas.DataFrame). DataFrame containing the fluxed samples.

-epsilon (pandas Series): Series containing the minimum disturbance for each reaction

+ __init__(model, rknFBS, Vref, alpha, samples=None, epsilon=None&)
+ calculate_gene_KO_matnx(self)

+ calculate_epsilon(self, samples)

+ build_optimization_model(self, direction=True)

+ solve_MIQP(self, KOrxn, direction=None)

+ transformation_score(self, v_res, direction=Mone)

+ run{self)

+ evaluate_KO(self, KOmn)

Figure 9: rMTA class

3.3 Pipeline Validation

To validate the MTA and rMTA pipelines implemented in Python, the validation pipelines originally imple-
mented in MATLAB by the authors of this algorithm were replicated and compared (9). This process
involved three key steps: preprocessing and integration of the omics data, DGE, and finally, the MTA and

rMTA algorithms themselves.

3.3.1 RRM1 Validation Study

This validation study focuses on the role of the RRM1 (ribonucleotide reductase catalytic subunit M1) gene.
Using data from a controlled gene knockout experiment, this study aimed to predict how the knockdown of
RRM1 drives the metabolic state from the wild-type (source state) to the RRM1-knockout (target state). This
study is significant because elevated RRM1 expression has been associated with poor prognosis in multiple
myeloma patients, and its knockdown has been shown to inhibit tumor growth and induce apoptosis (114).

Step 1: Preprocessing, Omics Integration, and Sampling

In the original study, the initial steps involved preprocessing the metabolic model, integrating omics
data and performing flux sampling to establish a reference flux distribution. The authors used the Reconl
metabolic model (77) with the RPMI-1640 growth medium, commonly used for culturing human cells.

Furthermore, blocked reactions and orphan metabolites were removed using the COBRA toolbox (109) to
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eliminate unnecessary reactions, thereby decreasing computation time. As for the gene expression data,
a dataset, GSE9345, comprised of Scramble control and siRRM1 knockdown samples was obtained from
the GEO database. This data was processed using the limma (44) package, and genes were categorized
into either high, medium, or low according to expression values, as required by the iMAT algorithm (98).

The discretized gene expression data was mapped from genes to reactions in the metabolic model
using GPR associations. The iMAT algorithm was then applied to integrate the expression data into the
metabolic model, generating a tissue-specific reconstruction that reflects the metabolic state under study.
To capture the variability of possible metabolic states, flux sampling was performed on the reconstructed
model using the ACHR method (70). A total of 2000 flux distributions were generated, providing a compre-
hensive representation of the feasible solution space. The mean of these sampled fluxes was calculated
to obtain a v", which serves as a baseline for subsequent analyses.

Due to the stochastic nature of flux sampling and the robust implementations of these methods in
existing tools like COBRApy and Troppo, we did not replicate this step in our Python implementation.
Instead, the precomputed v data provided in the COBRA Toolbox tutorial was used.

Hence, by using the same inputs as the authors, the goal was to ensure that different results were
uniquely related to the implemented methods.

Step 2: Identification of Differentially Expressed Genes and Reactions

The second step involves performing DGE and mapping differentially expressed genes to corresponding
reactions. Since DGE was not implemented in this pipeline, results from the original implementation were
reused. These results include key metrics such as log-fold change (1ogFC) and adjusted p-values (pval),
which provide insights into both the magnitude of gene expression changes and their statistical significance.

After obtaining the DGE results, genes needed to be classified into either Downregulated, Upregulated
or Normal expression. To do so, the get_differentially_expressed_genes method was used.
Thresholds for 1ogFC and pval were selected as in the original publication and used to define genes
as either upregulated or downregulated. This results of this step, and subsequent comparison with the
MATLAB diffexprs2rxnFBS method, are presented in Table 3. As shown, both implementations
identified the same number of genes in each category. Moreover, the genes in each category were also

the same, ensuring the accuracy of this method so far.
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Python | MATLAB
Normal expression 1701 1701
Downregulated 112 112
Upregulated 92 92

Table 3: Comparison of gene classifications between Python and MATLAB implementations.

Next, we mapped the differentially expressed genes onto reactions in the metabolic model using the
get_differentially_expressed_reactions_from_genes method. The comparison between

the results of both implementations showed no differences on the classification of each reaction (Table 4).

Python | MATLAB
Normal expression 1754 1754
Downregulated 86 86
Upregulated 73 73

Table 4: Comparison of reaction classifications between Python and MATLAB implementations.

An additional filtering step was carried out to remove inactive reactions—those unable to carry flux un-
der the given conditions. Although the MATLAB pipeline lacked a dedicated function for this, we employed
the samples_filter method in Python. The curated reaction classifications are compared in Table
5. These consistent results further support the effectiveness of our filtering step and confirm the overall

accuracy of the DifferentialExpression class in our implementation.

Python | MATLAB
Normal expression 1837 1837
Downregulated 39 39
Upregulated 37 37

Table 5: Comparison of curated reaction classifications between Python and MATLAB implementations.

Step 3: Running the rMTA Algorithm
To validate the rMTA algorithm, the individual functions within our implementation were first verified.
The calculate_epsilon is used to determine epsilon (€) values. These represent the minimum sig-

nificant flux change for reactions to be considered altered. Since epsilon is only calculated for differentially
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expressed reactions, we expected a total of 76 non-zero values (39 downregulated reactions and 37 upreg-
ulated reactions). We compared the epsilon values from our Python implementation with those from the
MATLAB version. As expected, the number of non-zero epsilon values matched (Table 6), and a correlation

plot (Figure 10) confirmed a strong linear relationship between the values from both implementations.

Metric Python | MATLAB
Zero values 1837 1837
Non-zero values 76 76

Table 6: Comparison of epsilon values between Python and MATLAB implementations.
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Figure 10: Correlation of epsilon values between Python and MATLAB implementations.

The calculate_gene_ko_matrix function was validated by ensuring that the shape of the re-
sultant matrix corresponded correctly to the number of genes and reactions in the model. Furthermore,
reactions associated with each gene were also confirmed to match between the Python and MATLAB
implementations.

Functions such as build_mta_problem_from model, mta_miqp, and mta_ts are essential
to the algorithm’s performance. Their validation is inherently tied to the overall results. Initially, ranking
positions of the RRMI gene were compared to the results from the authors of the original rMTA imple-

mentation. The results are summarized in Table 7. Our replication yielded a significantly higher ranking
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for RRM1 in the MTA analysis (305th) compared to the original study (353rd). In the rMTA analysis, the
rankings were more consistent, with RRM 1 placed at 28th in the original study and 23rd in our replication.
This improvement suggests that our implementation may provide a more accurate prediction of RRM1's

influence on the metabolic network.

MTA Paper
353

MTA Replication | rMTA Paper
305 28 23

Gene name rMMTA Replcation

RRM1

Table 7: Ranking positions of RRM1 in the original study and our replication.

To further assess the consistency between our replication and the original study, we compared the top
10 ranked genes identified by both analyses (Table 8). While there are differences in the exact rankings and
some variation in the specific genes listed, several key genes are common to both lists. Despite this, there

is notable overlap in the identified genes, indicating that the python replication captures similar metabolic

targets.
Ranking | Paper Gene | Replication Gene

1 PYCR1 PRODH
2 PRODH SUCLG2
3 SUCLG2 SUCLG1
4 SUCLG1 LDHA
5 LDHA SUCLA2
6 SUCLA2 SLC16A1
7 SLC16A1 NT5C3A
8 NT5C3A SLC7A5
9 MTMR3 RDH5
10 SLC7A5 APRT

Table 8: Top 10 ranked genes from the original study and our replication for RRM1.

To quantify this overlap, a Venn diagram was generated (Figure 11), illustrating the number of unique

and shared genes between the two analyses.
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Venn Diagram of Common Genes

Only Paper Common Only Replication
(o7) (453) (6)

Figure 11: Venn diagram showing the overlap of top-ranked genes between the original study and our

replication for RRM1.

In fact, on a total of 550 genes, 453 were common between both analyses, suggesting a significant
level of consistency. The genes that were not common between the two analyses were excluded to allow a

direct comparison of gene position rankings. Table 9 and 10 details the common genes and their rankings.

Gene name | MTA Paper | MTA Replication | rMTA Paper | rMTA Replcation
RRM1 299 303 22 23

Table 9: Ranking positions of RRM1 in the original study and our replication with only common genes.
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Ranking | Paper Gene | Replication Gene
1 PRODH PRODH
2 SUCLG2 SUCLG2
3 SUCLG1 SUCLG1
4 LDHA LDHA
5 SUCLA2 SUCLA2
6 SLC16A1 SLC16A1
7 NT5C3A NT5C3A
8 SLC7A5 SLC7A5
9 RDH5 RDH5

10 APRT APRT

Table 10: Common top-ranked genes between the original study and our replication for RRM1.

To evaluate the correlation between gene rankings in the original study and our replication, the rankings
of common genes were plotted (Figure 12). The strong correlation at the extremes (highest and lowest
ranks) indicates that both analyses agree on the most and least influential genes. However, discrepancies
in mid-range rankings are apparent, likely due to small differences in TS and solver sensitivity limitations.
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Figure 12: Correlation plot of gene rankings between the original study and our replication for RRM1.
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rTS values obtained from both analyses were also compared (Figure 13). The similarity in the distribu-

tion of rTS values supports the conclusion that the python implementation closely replicates the original

algorithm’s performance.
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Figure 13: Comparison of rTS values between the original study and our replication for RRM.

The distribution of rTS values (Figure 14) shows that many genes have scores near zero, indicating

minimal impact on the metabolic state when knocked out. This clustering makes it challenging to rank

genes with very similar rTS values precisely, explaining some discrepancies in mid-range rankings.
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Figure 14: Distribution of rTS values for RRM1.

Overall, this replication demonstrates that the Python implementation of the rMTA algorithm is reliable
and produces results consistent with the original MATLAB-based study. The high degree of overlap in top-
ranked genes and the similarity in rTS distributions confirm that our implementation effectively identifies

key metabolic targets, including RRM1.

3.3.2 RRM2 Validation Study

While the primary focus of our validation was on the RRM1 gene, we conducted a similar comprehensive
analysis for the RRM2 gene to further validate our Python implementation of the rMTA algorithm. The
results of the RRMZ2 analysis are consistent with those obtained for RRM1, reinforcing the reliability and
accuracy of our approach. The detailed findings for RRM2, including rankings, correlation plots, and rTS
value distributions, are provided in the supplementary material.

The ranking positions from both the original study and the Python replication are presented in Table
11. In the MTA analysis, RRMZ2 ranked similarly low in both approaches. However, in the rMTA analysis, the
rankings improved significantly, with RRM2 placed at 36" in the original study and 32" in our replication.
This consistency indicates that this implementation captures the metabolic impact of RRMZ2.

Comparing the top 10 genes identified in both analyses (Table 12 ), a considerable overlap was ob-
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Gene name | MTA Paper | MTA Replication | rMTA Paper | rMTA Replcation
RRM2 372 357 36 32

Table 11: Ranking positions of RRMZ2 in the original study and our replication.

served, reinforcing the reliability of our replication. While some genes appear in different rankings, several
key genes such as SLC34A3, SLC6A7, AK3, RDH5, SLC36A1, SLC38A5, SLC5A2, SLC16A1, and LDHA
are common to both analyses. This overlap underscores the consistency of our implementation in identi-

fying significant metabolic targets.

Ranking | Paper Gene | Replication Gene
1 SLC34A3 SLC6A7
2 SLC6A7 SLC34A3
3 AK3 SLC38A5
4 RDH5 AK3
5 SLC36A1 SLC36A1
6 SLC38A5 RDH5
7 SLC5A2 SLC5A2
8 SLC16A1 SLC16A1
9 LDHA LDHA
10 SLC43A2 SLC25A11

Table 12: Top 10 ranked genes from the original study and our replication for RRMZ2.

3.3.3 Discussion

The results from both case studies confirm that the Python implementation of the MTA and rMTA algorithms
successfully replicates the findings of the original MATLAB-based study. The consistent identification of
key genes and the alignment of ranking positions demonstrate its robustness and reliability. However,

discrepancies were found in the rankings of both approaches. These could be related to two main factors:

* Solver Sensitivity: Small numerical differences between the optimization solvers used in MATLAB

and Python can lead to variations in TS values, especially for genes with minimal impact.

¢ Parameter Settings: Slight differences in parameter configurations, such as tolerance levels or

iteration limits, may influence optimization outcomes.
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Nevertheless, the overall agreement between the analyses suggests that our implementation is valid
and does not compromise the effectiveness of the original approach.

By successfully replicating the key findings, it was demonstrated that these Python-based tools can
serve as reliable alternatives to the original MATLAB implementations. This enhances accessibility due to

Python’s open-source nature and facilitates broader collaboration within the scientific community.
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Chapter 4
Case Study: aging research using Caenorhabditis el-

egans model

4.1 Introduction

This thesis aims to apply the rMTA to agingrelated scenarios in C. elegans. One of the main limitations
highlighted by the authors of MTA was the lack of comprehensive C. elegans metabolic models. However,
several metabolic models have been developed and validated since then. For this case study, data from
GEO series GSE39574 was used. This data was used to study the role of the developmental regulator
unc-62/Homothorax in limiting longevity in C. elegans (115) using a gene knockdown approach where
the gene knockout increased the lifespan. unc-62 encodes a HOX co-factor known as Homothorax (Hth)
or Meis, playing essential roles in development and aging (116). Notably, reducing unc-62 expression
in the intestine and hypodermis extends the median lifespan by approximately 30-40%, even when RNA
interference (RNAI) is initiated in adulthood (117). This lifespan extension is linked to decreased expression
of yolk protein genes (vitellogenins), reducing toxic protein aggregation in aging worms (115).

The main objective is to apply the rMTA algorithm to this case to uncover the underlying metabolic
changes associated with aging processes occurring due to unc-62 knockdown. The rMTA requires several
preprocessing steps. Initially, the reference flux distribution of the source conditions, in this scenario, the
unc-62 knockdown state was obtained. Using the limma package (44), the omics data was processed
to identify differentially expressed genes for the pipeline. The rMTA algorithm was run and performed
post-processing using BioMart (118) to gather more information about the results. Finally, the top-scoring

genes identified by the rMTA were analyzed.
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4.2 Methods

4.2.1 Calculation of Reference Flux of the unc-62 Knockdown State

Model Preprocessing

The C. elegans metabolic model iCEL1314 was utilized for this study. To simplify and refine the model,
blocked reactions were identified using the find blocked reactions function from the COBRApy
package and subsequently removed. This process yielded a consistent model suitable for further analysis.

The differences between the original and consistent models are summarized in Table 13.

Model Version | Metabolites | Reactions | Genes
Original Model 1,533 2,230 1,314
Consistent Model 1,353 1,936 1,271

Table 13: Comparison of original and consistent model characteristics.

Omics Dataset

To obtain the reference flux distribution of the unc-62 knockdown state, GEO series GSE39574 was used.
Specifically, samples GSM971873, GSM971874, and GSM971875 were analyzed, corresponding to unc-62
RNA interference (RNAI) treatments in biological replicates 1, 2, and 3, respectively. The original study
demonstrated that knockdown of unc-62 in adult worms, resulted in a significant increase in lifespan,
suggesting that unc-62 may be a potential target for anti-aging interventions. Using the rMTA algorithm,

we aimed to identify other metabolic changes occurring in response to unc-62 knockdown.

Integration and Sampling

Given the biological replicates, the mean value for each Transcript ID across the replicates was calculated.
Next, the omics data was mapped to the respective genes in the model, of a total of 25532 Transcript IDs
only 1271 were mapped to genes in the metabolic model. For omics integration on the model, Troppo was
used, using iIMAT algorithm the context-specific model for the unc-62 knockdown condition was generated.
After obtaining the context-specific model using the iMAT algorithm, flux sampling was performed using
the COBRApy ACHR sampler, generating 2,000 flux samples. This sampling provided a distribution of

feasible fluxes under the unc-62 knockdown condition, which served as the reference flux distribution for
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the rMTA analysis.

4.2.2 Calculation of Differential Expressed Genes

Differential gene expression analysis was performed using the limma package on the omics dataset. We
compared the expression levels between control worms and unc-62 knockdown worms to identify genes
that were significantly differentially expressed, as needed for the rMTA more specifically for the TS calcu-
lation.

To identify significant genes, we applied a filtering criterion based on the adjusted p-value. Similar to
the approach made in the MTA paper, but to obtain the recommended number of altered reactions for the
rMTA around 100 -200 changed reactions, the threshold was modified from an adjusted p-value < 0.05 to

a pvalue <0.1.

4.2.3 rMTA

For the rMTA analysis, the trade-off parameter o was defined as 0.66 similar to the MTA paper, and our
previous results. This value of «¢ provides a suitable trade-off that allows the algorithm to identify genes
whose perturbation would most significantly transform the metabolic state from the control to the unc-62
knockdown condition. We then executed the rMTA algorithm, which systematically evaluates each gene
in the metabolic model, simulates its knockout, and assesses the impact on the network using the rTS.
The algorithm ranks genes based on their rTS values, highlighting the most promising targets for further

investigation.

4.2.4 Enrichment Analysis

To identify enriched biological pathways and functional annotations associated with the results, an enrich-
ment analysis was performed using the GSEApy package (119), specifically the Enrichr module. All gene
set libraries associated with the organism C. elegans were selected for this analysis. This included KEGG
pathways (120) and other curated databases relevant to C. elegans biology, ensuring a comprehensive
assessment of potential biological functions and pathways. Based on the ranking provided by the rMTA,
the top genes were focused on for this enrichment analysis. These genes were selected according to their
rTS scores, allowing the selection of the most significant ones. Finally, the dot plot function from GSEApy
was used to visualize the enrichment results. This visualization highlighted the most enriched pathways

based on the adjusted p-value, facilitating the interpretation of the analysis.
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4.3 Results and Discussion

4.3.1 Differential Expressed Genes

The differential gene expression analysis resulted in the identification of 129 differentially expressed genes.
Among those, 74 genes were significantly upregulated, while 55 genes were significantly downregulated
between the control and the unc-62 knockdown worms as shown in Figure 15. Figure 15 also illustrates
the distribution of gene expression changes based on their fold change and statistical significance. The
plot highlights the genes that exhibit the most substantial changes, serving as a visual representation of
the overall impact of unc-62 knockdown on the gene expression. These differentially expressed genes
provide valuable insights on the metabolic network alterations induced by the unc-62 knockdown, thus

ensuring that the rMTA can be performed.

Volcano Plot of Differentially Expressed Genes
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Log Fold Change (logFC)

Figure 15: Volcano plot of differential gene expression analysis

4.3.2 rMTA Results

The rMTA analysis produced a ranked list of genes potentially involved in the metabolic response to unc-62
knockdown. The top genes are presented in Table 14. These genes may play a relevant role in aging and
longevity in C. elegans, hence should be further investigated for their potential as eventual drug targets.

Each of those will be further discussed to assess their role on the biological mechanisms of aging.
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Gene stable ID Gene name Gene description Ranking
WBGene00000283 cah-b Putative carbonic anhydrase 5 1
WBGene00006932 vps-34 Phosphatidylinositol 3-kinase catalytic subunit type 3 2
WBGene00016629 | C44B7.7 Gamma-glutamylcyclotransferase 3
WBGene00000269 bre-4 Beta-1,4-N-acetylgalactosaminyltransferase bre-4 4
WBGene00001823 hap-1 Inosine triphosphate pyrophosphatase 5
WBGene00022393 abhd-12 2-arachidonoylglycerol hydrolase ABHD12 6
WBGene00003476 mtm-3 Myotubularin-related protein 3 7
WBGene00013301 | Y57G11C.3 Putative 6-phosphogluconolactonase 8
WBGene00009138 | F25H9.6 Flavoprotein domain-containing protein 9
WBGene00014203 | ZK1058.3 putative galactose-1-phosphate uridylyltransferase 10
WBGene00004092 ppt-1 Palmitoyl-protein thioesterase 1 11
WBGene00019813 ger-1 GDP-L-fucose synthase 12
WBGene00016957 atic-1 5-aminoimidazole-4-carboxamide ribonucleotide formyltransferase 13

Table 14: Top-ranked genes from the rMTA analysis.

cah-5 The cah-5 gene encodes a member of the carbonic anhydrase family, enzymes that catalyze the
reversible hydration of carbon dioxide, thereby playing a critical role in pH regulation, aion transport, and
water balance. Using fluorescence microscopy, studies have shown that the cah-5 gene is expressed in
the neurons and intestine, suggesting functional roles in the nervous system and digestive tract (121),

similar to unc-62, which is prominently expressed in the intestine.

vps-34 The vps-34 encodes a class Il phosphatidylinositol 3-kinase, essential for endocytic sorting,
engulfment, and autophagy. Partial inhibition of this gene in adult worms improves neurotransmission
and muscle integrity, ameliorating motor aging (122). This effect resembles the effect of the unc-62

knockdowns in adulthood, which also expands lifespan.

bre-4 bre-4 encodes a beta-1,4-N-acetylgalactosaminyltransferase, its expression increases during aging
in wild-type worms, suggesting a role in the aging process (123). Furthermore, bre-4 has an essential role
in the formation of glycolipid receptors on the plasma membrane of intestinal cells, being these receptors

necessary for the binding and uptake of Cry proteins, more specifically the Cry5Ba. Inhibition of this
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gene results in resistance to the toxin (124). While increased bre-4 expression correlates with aging, it is
unclear if its inhibition extends lifespan. Similar to unc-62, where knockdown reduces detrimental protein

accumulation, bre-4 knockdown confers resistance to toxins.

hap-1 The hap-1 ortholog in C. elegans is trak-1, associated with neuronal function, knockout mice
lacking hap-1 do not survive postnatal, since this, impact in adult mice is unknown (125), but trak-1
knockout worms develop normally without significant behavioral deficits (126). There is no evidence that

reducing hap-1/trak-1 expression extends lifespan.

abhd-12 abhd-12 encodes a serine hydrolase involved mainly in lipid metabolism. In human mutations
in abhd-12 lead to a neurodegenerative disorder PHARC (polyneuropathy, hearing loss, ataxia, retinosis
pigmentosa, and cataract) (127), in mice, similar effects occur (128). There is no information on abhd-12

in C.elegans, its role in lipid metabolism could influence aging, similar to human and mice models.

mtm-3 mtm-3 encodes a myotubularin-related phosphatase involved in autophagy, similar to other
autophagy-defective mutants loss of mtm-3 reduces survival, indicating its role in stress response (129).
Similar to unc-62 knockdown, which is letal in the worm larvae stage, mtm-3 knockdown also leads to

reduced survival.

F25H9.6 F25H9.6 is the ortholog of phosphopantothenoylcysteine decarboxylase, involved in Coen-
zyme A biosynthesis (130), Knockdown may enhance the mitochondrial unfolded protein response (UPR™),
associated with increased lifespan (131). Similar to unc-62 knockdown, F25H9.6 knockdown could also

extend the worm lifespan.

ppt-1 ppt-1 encodes palmitoyl-protein thioesterase 1, involved in depalmitoylation of proteins. Mutations
in human PPT1 gene cause infantile neuronal ceroid lipofuscinosis (INCL), a neurodegenerative disease
(132). Furthermore, in C.elegans mutations resulted in mild developmental and reproductive phenotype,
resulting in an abnormal mitochondrial morphology (133) and ppt-1 RNAi showed a decreased median

lifespan (134).

ger-1 ger-1 encodes GDP-L-fucose synthase, essential for fucosylation processes, mutations in ger-1
impact pathogen resistance, where ger-1 prevent the Coprinopsis cinerea lectin 2 (CCL2) toxin binding

(135). Similar to bre-4, ger-1 knockout confers resistance to toxins.
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atic-1 atic-1 encodes a bifunctional enzyme in purine biosynthesis, atic-1 overexpression decreases
lifespan, while inhibition increases lifespan and reduces neuronal damage (136) Similar to unc-62 knock-

down, atic-1 knockdown also extends lifespan.

This analysis highlights key interactions between unc-62 and several candidate genes that share func-
tional similarities affecting aging and lifespan in C. elegans. The knockdowns of bre-4 and ger-1 confer
resistance to toxins by disrupting the formation of glycolipid and fucosylated receptors necessary for toxin
binding (124; 135). This parallels the effect of unc-62 knockdown, which reduces toxic protein aggrega-
tion by decreasing yolk protein expression (117; 115). These similarities suggest that unc-62 may relate
with bre-4 and ger-1 within pathways that enhance cellular defenses against internal and external toxins,
contributing to improved survival and longevity.

Additionally, the inhibition of vps-34, atic-1, and F25H9.6 results in lifespan extension similar to that
observed with unc-62 knockdown. Vps-34 is crucial for autophagy, and its partial inhibition ameliorates
motor aging (122), aligning with unc-62’s role in reducing protein aggregation. Atic-1 inhibition extends
lifespan by modulating purine biosynthesis and reducing neuronal damage (136), while F25H9.6 knock-
down may enhance mitochondrial unfolded protein responses associated with increased lifespan (131).
These findings indicate that unc-62 may relate with these genes through shared pathways involving au-
tophagy, metabolic regulation, and mitochondrial function, collectively contributing to the regulation of

aging and the promotion of longevity.

4.3.3 Enrichment

To further analyze the results, an enrichment analysis was conducted using Enrichr (137). The analy-
sis revealed several significantly enriched pathways, notably the Pentose Phosphate Pathway (PPP), va-
line, leucine, and isoleucine degradation, the sulfide oxidation pathway, and aminoacyl-tRNA synthetases
(ARSs). These pathways are known to be involved in the aging process and have been linked to lifespan

regulation in C elegans.
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Figure 16: Enrichment analysis of the top 300 genes, highlighting significantly enriched pathways involved

in aging

Pentose Phosphate Pathway (PPP)

The PPP plays a crucial role in cellular redox balance by producing nicotinamide adenine dinucleotide
phosphate (NADPH), an essential reducing agent that helps combat oxidative stress. NADPH is primarily
generated in the oxidative phase of the PPP and is vital for maintaining cellular homeostasis. Several
studies have linked shifts in this pathway to lifespan extension in C. elegans. For instance, reduction of
glycolysis has been shown to activate the PPP, leading to increased NADPH production and enhanced ox-
idative stress resistance, prolonging lifespan (138). This activation is associated with hormesis, where mild
stress induces adaptive beneficial effects on the organism (139). The increased NADPH levels contribute

to improved redox stress tolerance and have been reported to extend lifespan (140).

Valine, leucine and isoleucine degradation

The degradation of branched-chain amino acids (BCAAs)—valine, leucine, and isoleucine—is another path-
way significantly enriched in the analysis. BCAAs are essential amino acids involved not only in protein
synthesis but also in various physiological processes (141). In C. elegans, disruption of the branched-chain
a-ketoacid dehydrogenase (BCKDH) complex, which catalyzes a critical step in BCAA catabolism, leads to

developmental defects and affects lifespan (142)
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Sulfide oxidation Pathway

The sulfide oxidation pathway is implicated in the regulation of lifespan through its role in redox signal-
ing. In C. elegans, increased production of hydrogen sulfide (H2S) has been linked to lifespan extension,
particularly in response to germline loss (143).

HsS acts as a signaling molecule that can induce protective cellular processes, including the activation
of transcription factors such as SKN-1/Nrf2 and the (UPR™). These processes enhance stress resistance

and promote longevity (144).
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Figure 17: Enrichment analysis of the top 50 genes, highlighting significantly enriched pathways involved

in aging

AminoacyltRNA Synthetases (ARSs)

ARSs are essential enzymes required for protein synthesis, responsible for attaching amino acids to their
corresponding tRNAs. Beyond their canonical role, ARSs have been associated with various human in-
herited diseases and have been implicated in aging processes (145). In C. elegans, mutations in ARS
genes have been linked to lifespan regulation. For example, a null mutation in mitochondrial leucyl-tRNA
synthetase (LARS?) is associated with increased lifespan, potentially due to impaired mitochondrial func-
tion leading to adaptive stress responses (146). Moreover, downregulation of certain ARS genes has been
shown to extend lifespan by modulating pathways such as the Target of Rapamycin (TOR) signaling and
the nuclear localization of transcription factors like HLH-30/TFEB (147). These findings suggest that ARSs

play a complex role in aging, mediating stress responses and influencing longevity.
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The enrichment analysis supports the rMTA findings by highlighting pathways that are known to in-
fluence aging and lifespan in C. elegans. The identification of the PPP and BCAA degradation pathways
suggests that metabolic shifts affecting redox balance and amino acid metabolism are central to the aging
process. The sulfide oxidation pathway’s involvement underscores the importance of signaling molecules
like HaS in promoting stress resistance and longevity. The enrichment of ARSs indicates that alterations
in protein synthesis machinery can have significant impacts on lifespan, possibly through effects on mito-

chondrial function and cellular stress responses

4.4 Conclusion

In this chapter, rMTA was applied to investigate the metabolic changes associated with aging processes
due to unc-62 knockdown in C. elegans. Our analysis identified several candidate genes and pathways that
may contribute to lifespan extension and aging regulation. The top-ranked genes from the rMTA analysis
share functional similarities with unc-62 in pathways involving autophagy, metabolic regulation, and stress
responses.

The enrichment analysis further supported these findings by highlighting significant pathways such as
the Pentose Phosphate Pathway, branched-chain amino acid degradation, sulfide oxidation pathway, and

aminoacyltRNA synthetases, all of which have been linked to aging and longevity in C. elegans.
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Chapter 5

Evolutionary Algorithm approach to rMTA

5.1 Introduction

rMTA is a computational approach designed to identify potential metabolic interventions that can shift
a biological system from one state to another by targeting specific genes within a metabolic network,
particularly single-gene knockouts (9). While rMTA effectively pinpoints single-gene deletions, exploring
the combined effects of multiple gene knockouts can provide deeper insights into the metabolic network's
complexity and enhance the capacity to achieve the desired metabolic state more effectively.

In this chapter, an EAs-based approach to extend the rMTA will be presented, by evaluating the effects
of multiple gene knockouts in the metabolic network. An EA can be used to optimize the metabolic
network through several gene deletions to achieve the desired target state more effectively. This approach
is similar to strain optimization methods, where multiple gene modifications are employed to achieve a
certain metabolic objective. Additionally, a Random Sampling method approach was employed to assess
the viability and effectiveness of randomly selected gene combinations in achieving the desired metabolic

transformation.

5.2 Methods

5.2.1 Random Sampling

To assess the viability and effectiveness of multi-gene knockout solutions, a Random Sampling approach
was first employed as a baseline. This method aimed to assess whether randomly selected gene com-
binations could achieve significant metabolic transformations, and to what extent the top-ranking genes
identified by rMTA contribute to the success of multi-gene knockouts.

Random samples of gene knockouts were generated in two main scenarios:
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¢ Using Top rMTA Genes: Gene knockouts were randomly selected from the top-ranking genes
identified by rMTA. This was to evaluate whether combinations of these high-ranking genes could

effectively shift the metabolic state when multiple knockouts are considered.

¢ Using All Model Genes: Gene knockouts were randomly selected from the entire set of genes
present in the metabolic model. This broader sampling provided a comprehensive baseline to

compare the effectiveness of random gene combinations against those identified by the and rMTA.
For each scenario, batches of random samples were generated with the following parameters:

¢ Number of Samples: 100 and 500 samples per batch, totaling 8,200 samples

¢ Modification Size (Number of Knockouts): The number of simultaneous gene knockouts in
each sample ranged from 2 to 10. This range allowed exploration of the effects of different sizes of

gene knockout combinations on the metabolic transformation.

¢ Evaluation Metric: The Transformation Score (TS) was calculated for each random sample to

quantify its effectiveness in shifting the metabolic state towards the target.

The main objective of the Random Sampling approach was to determine whether the top-ranking genes

from rMTA are effective when used in combination in a multi-knockout scenario.

5.2.2 Evolutionary Algorithms

To systematically explore the effects of multiple gene knockouts and identify optimal combinations, the
MEWDpy framework (111) was utilized. MEWpy provides a flexible platform for strain optimization using

EAs, making it suitable for integrating with rMTA.

Objective Function

A critical component of the EAs is the objective function used to evaluate the fitness of each candidate
solution, which in this context is a set of gene deletions. The Transformation Score (TS), previously used in
MTA and rMTA, was adapted for use within the MEWpy framework to quantify how effectively a candidate
solution shifts the metabolic state towards the target.

The approach was divided into two phases:

62



¢ Initial Objective Function: The MOMA Transformation Score (mTS), calculated using the Mini-
mization of Metabolic Adjustment (MOMA), was initially used due to its simplicity and lower com-
putational demand. As shown in Table 15, mTS demonstrated a strong correlation with the robust

Transformation Score (rTS) from rMTA, justifying its use in preliminary evaluations.

bTS mTS wTS TS
rTS | 0.659174 | 0.776672 | -0.571475 | 1.000000

Table 15: Correlation matrix between different TS metrics. The strong correlation between mTS and rTS

supports using mTS as the objective function.

* Robust Objective Function: Encouraged by initial results, the more computationally intensive
but reliable rTS metric was implemented. The rTS also incorporates the best-case TS (bTS) and
worst-case TS (WTS) to provide a more robust fitness evaluation, aligning with the rMTA ranking

method.

Adaptation of the Evaluation Functions

Custom evaluation functions were developed based on the EvaluationFunction class in MEWpy to

integrate the TS metrics:
* TransformationScore mTS: Calculates the mTS for each candidate solution.

* TransformationScore_rTS: Calculates the rTS, incorporating also, bTS and wTS for robust

evaluation.

The Transformation Score (TS) for each scenario is defined as:

Zie}"_isuccess abs [(,U;ef - Uzres):| B ZiERunsumess abs [(Ul(ef - v;es>:|

?? revisited
> ey 25 (0F — U) ‘ ’

The robust Transformation Score (rTS) is calculated as:

rTS =mTS - |k-|bTS —wTS||*, (2.6 revisited)

Following the parameter values used in the referenced study, & = 100, a = 1 when bT'S > 0,

mTS > 0, and wTS < 0.
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Selection of Candidate Genes

To focus the EAs on the most impactful gene deletions on the Top rMTA gene scenario, the gene pool was
limited to the top genes identified by the rMTA, more specifically the top 25, top 100 and top 550 genes
ranked by their rTS values were selected from the RRM1I knockout scenario. Additionally, to evaluate
the effectiveness of this focused approach of the top-ranking genes, a run including all the genes was
conducted.

EA Parameters

The EA parameters were set as follows:

¢ Population Size: 100 (default value from MEWpy).

¢ Maximum Generations: 100 (extended to 500 when considering all genes due to the larger

search space).
¢ Gene Knockout Limit: Maximum of 2, 3, and 10 simultaneous knockouts per candidate.

These parameters were selected based on preliminary experiments to balance convergence speed

and solution diversity.

5.2.3 Post-Processing
To evaluate the relevance and effectiveness of the EAs solutions, the following analyses were performed:

¢ Overlap with rMTA Rankings: For each solution, the mean ranking of the genes based on their
position in the rMTA results was calculated. This assessed whether the EAs favored top-ranked

genes.

¢ Comparison of Objective Scores: The scores of multi-gene knockout solutions were compared

against the baseline single-gene knockout scores from rMTA.

An example of the EA output is shown in Table 16.

Modification Size | Score Modification Index | Modification Mean

8802.1, 5625.1, 353.1 | 3 0.02712 | [4, 2, 12] 6.0

Table 16: Example of EA output showing the selected gene modifications, their respective sizes, scores,

modification indices, and the mean rank derived from gene relative positions of the rMTA results.
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5.3 Results

5.3.1 Random Sampling Aproach

A total of 8,200 random samples were generated across various batches and modification sizes to assess
the effectiveness of random multi-gene knockouts. The Transformation Scores (TS) of these samples
were analyzed to evaluate their capacity to shift the metabolic state toward the target and to compare
them against the top score of the rMTA. After removing duplicates, a total of 6,691 unique samples were

obtained.

Distribution of Transformation Scores The distribution of Transformation Scores from the random
samples is shown in Figure 18. The maijority of random combinations resulted in TS values near zero,
indicating minimal impact on shifting the metabolic state towards the target. A small number of samples

achieved higher TS values
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Figure 18: Distribution of Transformation Scores from Random Sampling

Comparison Between Top rMTA Genes and All Model Genes To assess whether the top-ranking
genes from rMTA are more effective in multi-gene knockout scenarios, the rTS distributions of random
samples using only top rMTA genes were compared with those using all model genes. For this comparison,

only the top 250 results from each group were considered (Figure 19).
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Figure 19: Comparison of rTS distributions between random samples using top rMTA genes and all model

genes (top 250 results each) .

The results indicate that random combinations of top rMTA genes tended to achieve slightly higher rTS

values compared to random combinations from all model genes.

Statistical Analysis A Mann-Whitney U test was performed to compare the rTS values between the
two scenarios (top rMTA genes vs. all model genes). The p-value obtained was 6.59 x 10~ indicating a
highly statistically significant difference between the two groups. This result suggests that using top rMTA
genes in random combinations has a considerably better chance of achieving higher rTS values compared

to all model genes.

Comparison with rMTA When comparing the highest rTS values achieved by random sampling with
the top rMTA ranking, the top rTS from random sampling was higher than the rTS value from the top score

of the rMTA algorithm (Table 17).

Genes Transformation Score
3034.1, 2730.1, 5831.1 182.33

5831.1* 182.31
514771, 3290.1, 5625.1 182.19
5831.1, 4363.1, 4594.1 181.53

Table 17: Comparation between top random sapling solutions and top rMTA ranking. The asterisk (*)

indicates the top rMTA gene
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5.3.2 EAs Aproach

Initial Approach

As a reference point, the score for the top-ranked gene from the rMTA output corresponding to the PYCR1
gene (ID: 5831.1) was used. This baseline serves to evaluate the improvements achieved through the

multi-gene deletions (Table 18 ).

Modification | Size | Score

5831.1 1 0.026488

Table 18: Baseline of the Initial mTS score of the top rMTA gene (PYCRI).

Optimization of Top 25 genes

Max solutions size of 2 Using the top 25 genes and allowing a maximum of 2 gene knockouts,

the EAs identified the optimal modification shown in Table 19.

Modification | Size | Score Modification Index | Modification Mean

34171, 8402.1 | 2 0.026801 | [22, 14] 18.0

Table 19: Optimal gene deletions using top 25 genes with a maximum of 2 knockouts.

Max solutions size of 3 Allowing up to 3 gene knockouts, the EAs identified the optimal modifi-

cation shown in Table 20.

Modification Size Score Modification Index | Modification Mean

8802.1, 56251, 353.1 | 3 | 0.027100 [4,2,12] 6.0

Table 20: Optimal gene deletions using top 25 genes with a maximum of 3 knockouts.

Optimization with Top 100 Genes

Maximum Solution Size of 2 Expanding the candidate pool to the top 100 genes and limiting

solutions to 2 gene knockouts produced the result in Table 21.
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Modification | Size | Score Modification Index | Modification Mean

3563.1,22711 | 2 0.027119 | [12, 46] 29.0

Table 21: Optimal gene deletions using top 100 genes with a maximum of 2 knockouts.

Maximum Solution Size of 3 Allowing 3 gene knockouts resulted in several combinations with

similar scores (Table 22). Notably, the genes 353.1 and 2271.1 are present in all the optimal solutions.

Modification Size | Score | Modification Index | Modification Mean
509.1, 353.1, 2271.1 3 ] 0.027118 | [73, 12, 46] 43.67
353.1, 22711 2 | 0.027118 | [12, 46] 29.00
353.1,2271.1,6573.1 | 3 | 0.027118 | [12, 46, 24] 27.33
178.1, 353.1, 2271.1 3 ] 0.027118 | [84, 12, 46] 47.33
7915.1, 353.1, 2271.1 3 ] 0.027118 | [49, 12, 46] 35.67
6120.1, 353.1, 2271.1 3 ] 0.027118 | [25, 12, 46] 27.67
2235.1,353.1,2271.1 | 3 | 0.027118 | [92, 12, 46] 50.00
514.1, 353.1, 2271.1 3 | 0.027118 | [75, 12, 46] 44.33

Table 22: Optimal gene deletions using top 100 genes with a maximum of 3 knockouts.

Optimization with All Genes To explore the entire search space, a run was conducted allowing all
genes to be considered, with a maximum solution size of 2. Due to the large search space, the number

of generations was extended to 500. The optimal modification identified is shown in Table 23.

Modification Size | Score Modification Index | Modification Mean

3081.1, 26266.1 | 2 0.026874 | [241, 496] 368.5

Table 23: Optimal gene deletions using all genes with a maximum of 2 knockouts.

Robust Approach
Using the rTS as the objective function, the EA runs were repeated to assess the robustness of the solutions.
Baseline Reference As a reference point, the rTS score for the top-ranked gene from the rMTA output,

corresponding to the PYCRI gene (ID: 5831.1), was used. This baseline serves to evaluate the improve-

ments achieved through the multi-gene deletions (Table 24).
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Modification | Size | Score

58311 1 182.31

Table 24: Baseline rTS score of the top rMTA gene (PYCRI).

Optimization of Top 25 genes

Max solutions size of 2 and 3 Using the top 25 genes and allowing maximum solution sizes
of 2 and 3 gene knockouts, the EA consistently identified the single gene 5831.1 (PYCRI) as the optimal
solution. This suggests that within the top 25 genes, no combination of multi-gene knockouts surpassed

the effectiveness of the single-gene knockout of PYCRI.

Modification | Size | Score | Modification Index | Modification Mean

5831.1 1 182.31 | [1] 1.0

Table 25: Optimal gene deletion using top 25 genes with maximum solution sizes of 2 and 3 knockouts.

Optimization with Top 100 Genes

Maximum Solution Size of 2 Expanding the candidate pool to the top 100 genes and limiting
solutions to 2 gene knockouts produced the same result as the top 25 genes, with the single gene 5831.1
being the optimal solution. This indicates that no two-gene combinations within the top 100 genes provided

a better rTS than the single-gene knockout of PYCRI.

Maximum Solution Size of 3 Allowing up to 3 gene knockouts resulted in a slight improvement
in the rTS score. The EA identified the combination of genes 5831.1 (PYCRI), 81537.1, and 9415.1 as the
optimal solution, achieving an rTS of 182.32, Table 26, marginally higher than the baseline.

Modification Size | Score | Modification Index | Modification Mean

5831.1, 81537.1, 9415.1 3 182.32 | [1, 100, 87] 62.667

Table 26: Optimal gene deletions using top 100 genes with a maximum of 10 knockouts.

The increase in the rTS score suggests that the addition of genes 81537.1 and 9415.1 slightly enhances
the effectiveness of the intervention. However, the improvement is minimal, indicating that PYCRI remains

the primary driver of the metabolic transformation towards the target state.
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Maximum Solution Size of 10 When the maximum solution size was increased to 10, the EA
identified a combination of genes that slightly improved the rTS score compared to the baseline. The

optimal modification identified is shown in Table 27

Modification Size | Score | Modification Index | Modification Mean
5831.1, 5625.1, 19.1, 815371, 7 182.32 | [1, 2,99, 100, 83, 87, 66.000
3155.1, 9415.1, 4573.1 90]

Table 27: Optimal gene deletions using top 100 genes with a maximum of 10 knockouts.

Although the maximum solution size was set to 10, the EA identified an optimal solution with 7 gene
knockouts, furthermore, the achieved rTS score of 182.32 is higher than the baseline single-gene knockout

Score.

Optimization with All Genes To further explore the search space, we expanded the candidate pool

to the top 550 genes from the rMTA rankings.

Maximum Solution Size of 2 With a larger gene pool and a maximum of 2 gene knockouts,
the EA identified a new optimal combination: genes 5625.1 and 3155.1, achieving an rTS of 183.01.
This score surpasses the baseline and previous results, indicating a more effective multi-gene knockout

combination (Table 28).

Modification | Size | Score | Modification Index | Modification Mean

56251, 3155.1 | 2 183.01 | [2, 226] 114.00

Table 28: Optimal gene deletions using top 550 genes with a maximum of 2 knockouts.

Maximum Solution Size of 3 Allowing up to 3 gene knockouts, the EA identified the combination
of genes 5831.1, 57379.1, and 2618.1, achieving an rTS of 182.54. While this score is higher than the

baseline, it does not surpass the two-gene combination identified previously.

Modification Size | Score | Modification Index | Modification Mean

5831.1, 57379.1, 2618.1 | 3 182.54 | [1, 347, 417] 255.00

Table 29: Optimal gene deletions using top 550 genes with a maximum of 3 knockouts.
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Summary of Optimal Modifications To consolidate the findings from the robust EA approach, a
summary of the optimal gene knockout combinations and their corresponding rTS is presented in Table
30. This table compares the highest-scoring solutions identified across different gene pools and maximum

solution sizes, highlighting the improvements achieved over the single-gene knockout reference.

Samples Transformation Score
Top 550, Max Solution Size of 2 183.01
Top 550, Max Solution Size of 3 182.54
Top 100, Max Solution Size of 10 182.32
Top 100, Max Solution Size of 3 182.32
Reference 182.31

Table 30: Summary of optimal modifications and their rTS

Table 30 shows that the EA runs with the larger gene pool (top 550 genes) and a maximum solu-
tion size of 2 achieved the highest rTS score of 183.01, surpassing the single-gene knockout reference
score of 182.31. This indicates that certain combinations of two gene knockouts can slightly enhance the
metabolic transformation towards the target state compared to single-gene interventions. The marginal
improvements observed suggest that while multi-gene knockouts can be beneficial, the primary driver of

the transformation remains the key gene identified by rMTA.

Genes Analysis An analysis of the most frequently occurring genes in the optimal solutions revealed
that certain genes appeared multiple times across different runs, suggesting their significant role in achiev-

ing the desired metabolic transformation (Table 31).

Gene | Occurrences | rMTA Ranking Position
5831.1 5 1
9415.1 2 87
5625.1 2 2
3155.1 2 226
81537.1 2 100

Table 31: Top 5 most frequently occurring genes in optimal solutions.

These genes consistently appear across different EA runs, indicating their potential importance in the
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metabolic network for achieving the desired target state. Notably, gene 5831.1 (PYCRI) appears in all
optimal solutions, underscoring its significant impact on the metabolic transformation.

The rMTA ranking positions of these genes indicate that they are among the top candidates identified
by the rMTA, further validating their significance. Gene 5625.1, ranked second in the rMTA results, appears
twice in the optimal solutions, reinforcing its potential as a key target. Gene 3155.1, despite being ranked
226th, occurs twice, suggesting that its role may be more critical in combination with other genes than as

a single knockout.

5.4 Discussion

Biological Target State: RRM1 RRM1 encodes the large subunit of ribonucleotide reductase (RR),
a crucial enzyme for the de novo synthesis of deoxyribonucleotide triphosphate (ANTP). RR catalyzes the
reduction of ribonucleoside diphosphate (NDP) to deoxyribonucleotide diphosphate (dNDP), providing es-
sential building blocks for DNA synthesis and repair. Knocking out RRM1 directly impairs dNTP production,
leading to replication stress and potential cell cycle arrest due to insufficient DNA synthesis capability. This
disruption is particularly impactful in rapidly dividing cells, where high dNTP demand is critical for prolif-

eration (114).

5.4.1 Random Sampling Aproach

The Random Sampling approach aimed to explore random points in the search space to assess the viability
and effectiveness of multi-gene knockout solutions. The results demonstrated that random combinations
of genes generally resulted in minimal impact on the metabolic state, as indicated by TS values near zero.
However, a small subset of random combinations achieved higher TS values, even surpassing the top rMTA
single-gene knockout score.

The statistically significant difference between the TS distributions of random samples using top rMTA
genes versus all model genes suggests that the top-ranked genes have a higher propensity to produce
effective multi-gene knockout combinations. This validates the use of rMTA rankings genes as a foundation

for further optimization.

5.4.2 EAs Approach

The integration of EAs with the rMTA enabled systematic exploration of multi-gene knockout strategies. The

EAs identified gene combinations that marginally improved upon single-gene knockouts found by rMTA.
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A key finding was the consistent identification of gene 5831.1 (PYCRI) across different EAs runs,
underscoring its significant impact on shifting the metabolic state towards the target. Other genes like
5625.1, 3155.1, 81537.1, and 9415.1 appeared multiple times in optimal solutions, suggesting potential
synergistic effects when combined with PYCR1. However, the slight increase of TS indicate that additional
gene deletions contribute only incrementally to the metabolic shift.

Overall, the EAs approach demonstrated that while multi-gene knockouts can offer marginal improve-
ments, the primary driver of the metabolic shift remains the key individual genes identified by rMTA. This
emphasizes the importance of targeting these critical genes in therapeutic strategies and suggests that

the added complexity of multi-gene interventions may yield limited additional benefits.

5.4.3 Biological Interpretation of Identified Genes

The genes identified in the optimal multi-gene knockout combinations are involved in pathways related to

nucleotide metabolism and energy production. For instance:

APRT and FH

APRT (adenine phosphoribosyltransferase) and FH (fumarate hydratase) are interconnected in nucleotide
salvage and energy metabolism.

APRT functions in the purine salvage pathway by converting adenine to adenosine monophosphate
(AMP), maintaining nucleotide pools, and conserving energy. Knocking out APRT disrupts this pathway,
decreasing AMP and ATP levels, forcing the cell to rely on energy-intensive de novo nucleotide synthesis
(148).

FH plays a key role in the tricarboxylic acid (TCA) cycle by converting fumarate to malate, contributing
to ATP production and biosynthetic precursors. An FH knockout impairs the TCA cycle, leading to reduced
ATP generation and accumulation of fumarate, which can inhibit other metabolic enzymes (149).

The combined knockouts of APRT and FH significantly decrease nucleotide synthesis due to limited
substrates and energy molecules, indirectly inhibiting RNR activity and mimicking the cellular conditions

of an RRM1 knockout.

5.4.4 Limitations

Despite the results, several limitations were noted:

¢ Computational Complexity: The EAs approach, especially when considering larger gene pools
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and higher maximum solution sizes, is computationally intensive, requiring extended run times.

¢ Biological Validity: While the EA identified optimal gene combinations based on computational
metrics, the biological feasibility and potential off-target effects of these multi-gene knockouts require

further experimental validation.

5.5 Conclusion

In this chapter, the capabilities of rMTA were extended by integrating an EAs approach to explore multi-
gene knockout strategies for achieving desired metabolic transformations. The EAs effectively identified
gene combinations that improved upon the baseline single-gene knockouts, demonstrating the potential
benefits of considering multi-gene interventions.

The Random Sampling approach established that combinations of top-ranking rMTA genes have a
higher likelihood of producing effective metabolic transformations compared to random combinations from
all model genes. This underscores the value of rMTA rankings in guiding optimization efforts.

However, the limitations of computational resources and the marginal improvements observed high-
light the need for further refinement of the optimization strategies. The dataset focused on the RRM1
single-gene knockout presents limitations, as it may not capture the full spectrum of metabolic interac-

tions that can be leveraged through multi-gene interventions.
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Chapter 6

Conclusions and Future Work

6.1 Conclusions

This dissertation has successfully adapted and implemented the MTA and its robust version, rMTA, from
MATLAB to Python. The transition to Python was motivated by the need to improve accessibility and
usability for the scientific community. Python's open-source nature and extensive libraries make it a more
flexible and widely available platform compared to MATLAB, which is proprietary and may limit accessibility
for some researchers.

The validation of the Python implementations was achieved through gene knockout case studies.
These studies confirmed that the Python versions of MTA and rMTA maintain the accuracy and robustness
of the original MATLAB implementations. Comparative analyses demonstrated that the results from the
Python algorithms closely align with those obtained from the MATLAB versions, thereby affirming the
reliability of the adapted algorithms.

The application of the rMTA algorithm in aging research was demonstrated using the model organism
Caenorhabditis elegans. Specifically, the study focused on the knockdown of the unc-62 gene, which is
known for its significant role in longevity and aging processes. The rMTA analysis identified key metabolic
changes associated with aging-related phenotypes resulting from the unc-62 knockdown. These findings
underscore the utility of rMTA in uncovering candidate genes and pathways involved in the aging process,
providing valuable insights into the underlying biological mechanisms.

To enhance the capability of rMTA further, EAs were used. This allowed for the simultaneous analysis
of multiple gene knockouts, optimizing the identification of metabolic targets for phenotype reversion. The
use of EAs improved the efficiency of metabolic target identification by effectively navigating the complex
combinatorial space of potential genetic perturbations.

In conclusion, the successful adaptation of MTA and to Python, along with their validation and appli-

cation to aging research, represents a significant advancement in computational biology tools. The use of

75



EAs, enhances the potential of these algorithms in identifying metabolic targets for therapeutic interven-
tion. This work contributes to systems biology by providing accessible and robust tools for aging studies
and drug target discovery, potentially accelerating research in personalized medicine and complex disease

treatments.

6.2 Prospects for Future Work

Based on the work done in this dissertation, several paths for future research are proposed:

Firstly, the further refinement of the EAs integration within the framework presents a promising op-
portunity. Investigating more advanced or hybrid EAs techniques—such as combining genetic algorithms
with machine learning approaches—could enhance the precision and efficiency of metabolic target identi-
fication. These hybrid methods may improve the algorithm'’s ability to explore complex search spaces and
identify optimal solutions more effectively.

Secondly, expanding the application of rMTA beyond the C. elegans model to mammalian systems
is a significant next step. Applying the algorithms to mammalian models could offer deeper insights
into human aging and age-related diseases, increasing the translational potential of the research. This
expansion poses challenges related to scalability, as mammalian metabolic models involve larger and
more complex datasets. Enhancing computational efficiency and algorithm scalability will be essential to
manage these complexities effectively.

Thirdly, integrating multi-omics data—such as proteomics and epigenomics—into the rMTA framework
could significantly improve prediction accuracy and provide a more comprehensive view of the metabolic
and regulatory networks involved in aging and disease processes. Incorporating diverse layers of biological
information would enable a holistic approach to understanding the intricate mechanisms underlying aging,
potentially uncovering novel therapeutic targets and biomarkers.

Additionally, exploring the potential role of Large Language Models (LLMs) in improving the interpre-
tive power of rMTA is an intriguing prospect. LLM can analyze vast amounts of biological literature and
datasets, potentially revealing insights not readily apparent through traditional analysis methods. Inte-
grating LLMs with could enhance the interpretation of results, leading to more informed and impactful
scientific discoveries.

Finally, extending the use of MTA and rMTA to other research areas—such as metabolic disorders—
could have significant implications. By applying these algorithms to different pathological conditions,

we can contribute to a better understanding of disease mechanisms and the development of targeted
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therapies. This would further establish MTA and rMTA as versatile tools in systems biology, capable of
addressing a wide range of biomedical challenges.

In summary, the proposed improvements and applications have the potential to transform aging re-
search and extend the impact of MTA and rMTA in other fields. By refining computational methods,
expanding organismal applications, integrating multi-omics data, and leveraging advanced analytical tools
like LLMs, these algorithms can contribute significantly to advancements in personalized medicine and

the treatment of complex diseases.
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Appendix A
Details of results

Venn Diagram of Common Genes
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Figure 20: Venn diagram showing the overlap of top-ranked genes between the original study and our
replication for RRM?2.
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Figure 21: Correlation plot of gene rankings between the original study and our replication for RRM2.
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Figure 22: Comparison of rTS values between the original study and our replication for RRM2.
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