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Abstract

Designing gene deletion strategies to achieve growth-coupled production (GCP)
of target metabolites is a central problem in metabolic engineering. Although
databases of computational gene deletion strategies for genome-scale metabolic
models (GEMs) exist, current methods rarely utilize these resources and instead
perform de novo optimization for each metabolite, leading to redundancy and high
computational costs. To address this challenge, we present three computational
frameworks that progressively advance from database-enhanced optimization to
deep learning—based prediction of GCP-related gene essentiality.

First, we introduce DBgDel, which incorporates prior strategies from the Met-
NetComp database to constrain the search space, resulting in a substantial accelera-
tion of optimization while maintaining competitive success rates. Next, we propose
DeepGDel, which reformulates gene deletion strategy design as a machine learning
prediction problem using deep models on sequential representations of genes and
metabolites. Finally, we develop GraphGDel, which extends DeepGDel by con-
structing graph representations of GEMs to jointly capture sequential patterns and
metabolite interactions, thereby improving gene essentiality prediction.

Together, these frameworks represent a shift from purely optimization-based
approaches toward data-driven methodologies for designing gene deletion strategies
in GEMs.






Acknowledgements

During my time at Kyoto University, I have been fortunate to receive support, en-
couragement, and guidance from many people who have played an important role
in my academic journey.

First and foremost, I would like to express my deepest gratitude to my advisor,
Professor Takeyuki Tamura, for his invaluable guidance, patience, and insightful
feedback throughout my doctoral studies. His expertise and thoughtful advice have
been instrumental in shaping my research ideas and academic growth.

I am also sincerely grateful to all current and former members of the Akutsu
Laboratory, as well as visiting students, for creating a stimulating and supportive
research environment. The discussions, collaborations, and daily interactions with
all of you have made my time in the lab both productive and enjoyable. It has truly
been a pleasure to work and learn alongside such talented and kind colleagues.

Finally, I wish to express my heartfelt thanks to my family for their endless love,
understanding, and encouragement. Your unwavering support has given me the
strength and motivation to overcome challenges and complete my doctoral journey.

I could not have achieved this without you.






Contents

List of Figures

List of Tables

1

2

Introduction

1.1  Background and Motivation . . ... ... ... ... .......

1.2 Research Gaps and Challenges . . . . ... ... ..........

1.3 Research Objectives and Contributions . . . . . . . ... ... ...
1.3.1 Database-Enhanced Optimization (DBgDel) . . . . . . . ..
1.3.2  Deep Learning-Based Prediction (DeepGDel) . . . . . . ..
1.3.3  Graph-Enhanced Structure-Aware Learning (GraphGDel)

1.4 Dissertation Organization . . . . . . . . . . .. .. ...

Preliminaries
2.1 Constraint-Based Metabolic Models . . . . . .. ... ... ....
2.1.1 Metabolic Network . . . . ... ... ... .........
2.1.2  Gene-Protein-ReactionRules . . . . . . .. ... ... ...
2.2 Flux Balance Analysis . . . . ... ... ... ... .......
2.3 Growth-Coupled Production . . . ... ... ............
2.4 Gene Deletion Strategy Calculation . . . .. ... ... ......
2.5 Toy MetabolicModel . . . .. ... ... ... .. .........
25.1 ToyModell . ... ... ... .. ... ... ... ...
Model Description . . . . . . .. ... L.
Gene Deletion Analysis . . . . ... ... ... ......
252 ToyModel2 . ... ... ... ... .. .. .. .. ...
Model Description . . . . . . . .. ... ... ... ...
Gene Deletion Analysis . . . . ... ... ... ......
2.6 Existing Computational Methods . . . . . . ... ... ... ...,
2.7 MetNetComp Database . . . . .. ... ... ... .........

ix

xi



2.8 Deep Learning Fundamentals . . . . . . ... ... .. ....... 23
2.8.1 Autoencoders . . . . . .. ... 23

2.8.2 Long Short-Term Memory Networks . . . . ... ... .. 23

2.8.3 Graph Neural Networks . . . . ... ... ......... 24

2.9 DataRepresentations . . . . . .. ... .. ... ... 24
DBgDel 27
3.1 Introduction . . . . . . .. ... 27
3.2 DBgDel Framework . . . . . . .. ... ... ... ... ..., 29
3.2.1 STEP I: Extracting Remaining Gene Set . . . . . ... .. 29

3.2.2 STEP 2: Extended gDel_minRN Algorithm . . . . . .. .. 30

3.3 Toy Model lllustration . . . . ... ... ... ........... 31
3.3.1 Toy Model Settings . . . . .. ... ... ... ....... 33

3.3.2 Behaviors of the DBgDel Framework . . . . .. ... ... 33

3.4 Computational Experiments . . . . . . . ... ... ... ..... 36
34.1 Experimental Setup . . . . . ... ... ... ... ..., 36
Baseline Methods . . . . . .. ... ... ... ..... 38

Evaluation Metrics . . . . . . ... ... ... ... .... 38

342 Resultsand Analysis . . . ... ... ... ... ... ... 39
Performance Comparison with Baselines . . . . . ... .. 39

Impact of Initial Gene Pool Settings . . . . ... ... ... 40

Comparison of PR Percentile Ranks . . . . ... ... ... 42

35 Discussion. . . ... 43
DeepGDel 47
4.1 Introduction . . . . . . . . ... 47
4.2 Problem Formulation: Gene Deletion Strategy Prediction . . . . . . 49
4.3 DeepGDel Framework . . . ... ... ... ... ......... 50
4.3.1 Framework Overview . . . . . . . .. ... ... ... ... 50

4.3.2 Gene Deletion Strategy Prediction . . . . . . ... .. ... 51
Meta-M: Metabolite Representation Module . . . . . . . .. 51

Gene-M: Gene Representation Module . . . . . . ... .. 54

Pred-M: Prediction Module . . . .. ... ... ...... 54

4.3.3 Implementation Details . . . . .. ... ........... 55
Device and Optimization . . . . . . . . ... ... ..... 55

Data Splitting and Balancing . . . . . . . ... ... .... 55

vi



Hyperparameters . . . . . . ... ... ... ........ 56

Computational Complexity and Runtime . . . .. ... .. 56

4.4 Toy Model Illustration . . . . .. .. ... ... ... ....... 57
44.1 DeepGDel Application . . . . . ... ... .. ....... 57
442 BPM Baseline Illustration . . . . . .. ... ... ..... 57

4.5 Computational Experiments . . . . . ... .. ... ........ 59
4.5.1 Experimental Setup . . . . . . ... ... ... ... 59
DataBalancing . . . . ... ... ... ... ... ... 59

Baseline Methods . . . . . . ... ... ... .. ... 60

Evaluation Metrics . . . . . .. ... ... ... ..., 61

452 Resultsand Analysis . . . . ... ... .. ... ...... 61
Performance Comparison with Baselines . . . . ... ... 61

Ablation Study . . . . ... o 62

4.6 DISCUSSION . . . . . . . oo e e e 64
GraphGDel 67
5.1 Introduction . . . . . ... ... .. ... 67
5.2 Graph Construction Pipeline . . . ... .. ... .......... 69
5.2.1 Step 1: Temporary Tripartite Graph . . . . . .. ... ... 70
5.2.2  Step 2: Metabolite Graph Projection . . . . . . .. ... .. 70

5.2.3  Step 3: Graph Attribute-Based Node Filtering . . . . . . .. 70

5.2.4 Step 4: Knowledge-Based Node Refinement . . . ... .. 71

5.3 GraphGDel Framework . . . . . . ... ... ... ......... 71
5.3.1 Framework Overview . . . . . . . ... ... .. ...... 73

532 Gene-MandMeta-M . . . . ... ... 73

5.3.3 Graph-M: Graph Representation Module . . . .. ... .. 74

5.3.4 Pred-M: Prediction Module . . . ... .. .. ....... 76

5.3.5 Implementation Details . . . . . .. ... ... ....... 76

5.4 Computational Experiments . . . . .. ... ... ......... 77
5.4.1 Experimental Setup . . . . .. ... ... .......... 77
Baseline Methods . . . . . ... ... ... ... ..., 78

Evaluation Metrics . . . . . ... ... .. ... ...... 79

54.2 Resultsand Analysis . . . ... ... ... ... ...... 79
Performance Comparison with Baselines . . . . ... ... 79

Module Ablation . . . . ... ... 79

vil



Graph Representation Evaluation . . . ... ... .. ... 80

5.5 Discussion. . . . . ... e e e 81
6 Conclusion and Future Directions 83
6.1 Summary of Contributions . . . . . ... ... ... ........ 83
6.2 Methodological Evolution: From Optimization to Learning . . . . . 84
6.3 Limitations and Open Challenges . . . . . . . ... .. ... .... 86
6.4 Future Directions . . . . . . .. .. ... ... ... ... ..., 87
6.5 ConcludingRemarks . . ... ... ... ... ... ... ... 90
References 92

viil



List of Figures

2.1

22

3.1

3.2

A toy example of the constraint-based model where circles and rect-
angles represent metabolites and reactions, respectively. Black and
white rectangles denote external and internal reactions, respectively.
r1, T correspond to two substrate uptake reactions. 7g, 9 corre-
spond to cell growth, and target metabolite production reactions,
respectively. The reaction rates are constrained by the range [I;, u;].

This example shows only part of the model, the rest after m; is

omitted. . . . . ... L

A toy example of the constraint-based model where circles and rect-
angles represent metabolites and reactions, respectively. Black and
white rectangles denote external and internal reactions, respectively.
ry, o correspond to two substrate uptake reactions. rg, r9 corre-
spond to cell growth, and target metabolite production reactions,

respectively. The reaction rates are constrained by the range [l;, u;]|.

In this example, all stoichiometric ratios are 1 or-1. . . . . . . . ..

System overview of the DBgDel framework. The framework com-
prises two steps: (1) STEP 1, extracting the gene set Gyemain from
the MetNetComp database; and (2) STEP 2, using an extended

gDel_minRN algorithm that incorporates Giemain to calculate gene

deletion strategies for new target metabolites. . . . . . .. ... ..

The toy model with a new target metabolite. Circles and rectangles
represent metabolites and reactions, respectively. Black rectangles
denote external and internal reactions. 7y, ry correspond to two
substrate uptake reactions. rg, 719 correspond to cell growth, and

target metabolite production reactions, respectively. The reaction

rates are constrained by the range [l;,u;]. . . . . . . ... ... L.

1X



4.1

4.2

5.1

System overview of the DeepGDel framework. The framework
comprises three neural network-based modules: (1) Meta-M,
which learns the metabolite latent representation Zy.,; (2) Gene-
M, which learns the gene latent representation Zye,.; and (3)

Pred-M, which integrates the two upstream latents into a unified

latent representation Z for final gene deletion prediction. . . . . . .

Toy model with new target metabolite m, for DeepGDel illustra-

tion. An auxiliary reaction 715 was added to simulate the secretion

ofml. .................................

System overview of the GraphGDel framework. The framework
comprises four neural network-based modules: (1) Gene-M and (2)
Meta-M, which learn latent representations from sequential data;
(3) Graph-M, which learns structure-aware metabolite representa-

tions from the constructed graph; and (4) Pred-M, which integrates

all representations for gene deletion prediction. . . . . .. ... ..

58



List of Tables

2.1

22

2.3

24

3.1

3.2

33

34

Gene deletion strategies for the toy example in Fig. 2.1 are clas-
sified into eight types according to the resulting flux distributions
(reactionrates). . . . . . . . . . e e e e e e e e e e
The resulting flux distribution of Types 1 to 8 gene deletion strate-
gies. For each gene deletion strategy type, the most optimistic (best)
and pessimistic (worst) PR (vg) at GR (vg) maximization are shown.
Gene deletion strategies for the toy example in Fig. 2.2 are classi-
fied into five types based on the resulting flux (reaction rate) distri-
butions. . . . . ..
The resulting flux distributions for gene deletion strategy Types 1 to
5. For each type, the most optimistic (best) and pessimistic (worst)
target metabolite production rate (PR, vg) at cell growth rate (GR,

vg) maximization are provided. . . . . . . ... ...

The remaining genes correspond to the gene deletion strategies that
enable growth-coupled production of the target metabolite in the toy
example. . . . ... e e e
Gene deletion strategies for the toy example in Fig. 3.2 are clas-
sified into four types according to the resulting flux distributions
(reactionrates). . . . . . . . . i e e e e e e e e
The resulting flux distribution of Types 1 to 4 gene deletion strate-

gies. For each gene deletion strategy type, the most optimistic (best)

and pessimistic (worst) PR (v19) at GR (vg) maximization are shown.

The constraint-based models that were used in the computational

EXPErIMENtS. . . . . . v v v et e e e e e e e

X1

14

15

34

35



3.5

3.6

3.7

4.1

4.2
4.3

4.4

5.1

5.2

53

Performance comparison between the proposed method DBgDel
(using Predicted-Gemain genes as the initial remaining gene pool)
with GDLS, optGene, gDel_minRN, and gMCSE. Each gene dele-
tion strategy was deemed successful if it achieved a minimum GR
and PR of 0.001 or higher during GR maximization. The unit of
elapsed timeissecond (s). . . . . . . ... . ... ... ... ...
Performance comparison of DBgDel with different initial remain-
ing gene pool settings. Each gene deletion strategy was deemed
successful if it achieved a minimum GR and PR of 0.001 or higher
during GR maximization. The unit of elapsed time is second (s). . .
Distribution of percentile ranks for target metabolites PRs across
three metabolic models using DBgDel, with MetNetComp PRs as

baselines. . . . . . . . . e

Grid search for hyperparameter selection. The optimal values are
highlighted in underline. . . . . . ... ... ... .........
Summary of constructed datasets for three metabolic models. . . . .
Performance comparison between DeepGDel and baseline meth-
ods. Best results in bold. M-Avg. = Macro-averaged. . . . ... ..
Ablation comparison: Met-only vs. Gene-only inputs. Best results
inbold. . . ...

Performance comparison: GraphGDel vs DeepGDel vs DNN. Best
in bold. M-Avg. = Macro-averaged. . . . . ... ... ... ....
Ablation study: Ge-SMILES vs Ge-Graph vs GraphGDel. Best in

Performance with different graph representations. Best in bold. . . .

Xii

42

81



Chapter 1

Introduction

1.1 Background and Motivation

Computational approaches are essential in metabolic engineering, enabling the sys-
tematic design and optimization of microbial strains for the production of valuable
biochemical compounds [1, 2, 3, 4, 5]. A key application is computational strain
design, which leverages mathematical models to simulate cellular metabolism and
guide the optimization of target metabolite biosynthesis. Among available mod-
eling frameworks, the constraint-based model—often referred to as a genome-
scale metabolic model (GEM)—is widely used in genome-scale metabolic engi-
neering [6, 7]. Genome-scale metabolic models have been developed for numer-
ous industrially important microorganisms, with prominent examples including Es-
cherichia coli and Saccharomyces cerevisiae, which serve as workhorse organisms
for metabolic engineering applications.

A constraint-based metabolic model comprises two key components: (1) a
metabolic network and (2) gene-protein-reaction (GPR) rules.

The metabolic network defines the biochemical transformations among metabo-
lites within the cell, representing the stoichiometric relationships between substrates

and products in each reaction. These reactions are catalyzed by enzymes encoded
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by specific genes, establishing a direct link between genotype and metabolic phe-
notype. GPR rules, typically expressed as Boolean functions, describe the logical
relationships between genes, proteins, and reactions, specifying whether a reaction
remains active based on the presence or absence of particular genes [8]. By sys-
tematically modifying gene content, the metabolic network can be reprogrammed
to achieve desired metabolic outcomes.

One widely applied genetic operation in metabolic engineering is gene deletion,
which involves removing genes that encode essential enzymes, thereby disabling
specific reactions within the metabolic network [9, 10]. This approach offers a ra-
tional means to rewire metabolism, redirecting metabolic flux toward the enhanced
biosynthesis of target compounds of industrial or pharmaceutical interest. However,
the objective of gene deletion in constraint-based models is not merely to maximize
the production rate of a target metabolite in isolation. Rather, the goal is to achieve
growth-coupled production (GCP)—a metabolic state in which the synthesis of
the target metabolite is intrinsically coupled with cellular growth [11, 12].

Growth-coupled production is critical for industrial biotechnology applica-
tions. When a metabolite’s production is coupled with cell growth, microbial
strains that produce higher amounts of the target compound also exhibit higher
growth rates. During repeated passaging in industrial fermentation processes, these
high-producing, fast-growing strains naturally outcompete slower-growing or non-
producing variants, ensuring stable and sustained metabolite production over time
without the need for continuous selection pressure.

However, under native metabolic conditions, only a limited number of metabo-
lites naturally exhibit growth-coupling properties. For the vast majority of indus-
trially relevant target compounds, achieving growth-coupled production requires
the careful design of gene deletion strategies—specific sets of genes that, when
removed, restructure the metabolic network such that target metabolite synthesis
becomes obligatorily linked to cellular growth [13]. Identifying these gene dele-
tion strategies is far from trivial. The complexity arises from the combinatorial
nature of the problem: for a genome-scale metabolic model containing hundreds to
thousands of genes, the search space of possible gene deletion combinations grows

exponentially, making exhaustive enumeration computationally prohibitive.
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To address this challenge, a range of computational methods have been devel-
oped over the past two decades to identify gene deletion strategies capable of en-
abling growth-coupled production. Early approaches, such as OptKnock [9], for-
mulated the problem as a bi-level optimization program, where the outer level min-
imizes the target metabolite production rate while the inner level maximizes cellu-
lar growth rate, subject to stoichiometric and thermodynamic constraints. Subse-
quent methods, including OptStrain [10], OptForce [14], EMILiO [15], Redirector
[16], Truncated [17], Omic [18], IdealKnock [19], FastPros [20], and Grid [21], in-
troduced various algorithmic innovations to improve computational efficiency and
solution quality. More recently, methods based on minimal cut sets (MCS) [22]
and mixed-integer linear programming (MILP), such as gDel_minRN [23], have
demonstrated the capability to compute gene deletion strategies for a broad range
of metabolites across multiple genome-scale models of industrially relevant organ-
isms, including Escherichia coli and Saccharomyces cerevisiae.

These computational gene deletion strategies have been successfully applied to
real-world metabolic engineering challenges, facilitating the development of engi-
neered microbial strains for applications such as biofuel production and the indus-
trial biosynthesis of platform chemicals [24, 25, 26]. Despite these successes, a
fundamental limitation persists: nearly all existing methods employ a de novo cal-
culation paradigm, wherein gene deletion strategies are computed independently
for each target metabolite without leveraging prior knowledge or shared patterns
across different metabolites. This approach overlooks potential commonalities in
the metabolic rewiring required for growth-coupled production, leading to substan-
tial redundancy and high computational costs, particularly for genome-scale mod-
els.

In parallel with algorithmic development, recent efforts have focused on estab-
lishing dedicated databases to curate and disseminate computational gene deletion
strategies. A prominent example is MetNetComp [27], the first web-based plat-
form to systematically catalog gene deletion strategies for growth-coupled produc-
tion in constraint-based metabolic models. MetNetComp employs extensions of
the gDel_minRN algorithm to compute both minimal and maximal gene deletion
strategies—strategies that achieve growth-coupled production with the fewest or

greatest number of gene deletions, respectively. Currently, MetNetComp houses
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a comprehensive repository of over 85,000 gene deletion strategies spanning nu-
merous metabolites across multiple constraint-based models from diverse micro-
bial species. The availability of such large-scale databases presents a significant
opportunity to transition from purely algorithmic approaches toward data-driven
methodologies that can extract, learn from, and generalize patterns embedded

within existing gene deletion knowledge.

1.2 Research Gaps and Challenges

Despite the considerable progress in both algorithmic development and database cu-
ration, several critical challenges remain unaddressed in the field of computational
gene deletion strategy design:

Challenge 1: Computational Inefficiency of De Novo Calculations. Current
state-of-the-art methods for computing gene deletion strategies, while effective, re-
main computationally intensive when applied to genome-scale metabolic models.
For models containing thousands of reactions and hundreds of genes, computing
gene deletion strategies for even a single target metabolite can require minutes to
hours of computation time, depending on the model complexity and the algorithm
employed. When gene deletion strategies are needed for hundreds or thousands
of metabolites within the same organism, the cumulative computational burden be-
comes prohibitive for routine industrial or research applications. This inefficiency
stems from the de novo nature of current approaches, which treat each metabolite
independently and fail to exploit shared metabolic structures or common gene dele-
tion patterns that may exist across different targets.

Challenge 2: Underutilization of Existing Gene Deletion Databases. While
databases such as MetNetComp provide extensive repositories of pre-computed
gene deletion strategies, current computational methods rarely leverage this wealth
of prior knowledge. The strategies stored in these databases encode valuable infor-
mation about the metabolic rewiring necessary for growth-coupled production, in-
cluding patterns of which genes are frequently deleted or retained, which metabolic
pathways are commonly disrupted, and which core metabolic functions must remain
intact to sustain cellular growth. However, extracting and integrating this informa-
tion into downstream gene deletion calculations in a systematic and automated man-
ner remains an open problem. Hand-crafted heuristics or manually designed rules
can capture only limited aspects of these patterns and do not scale to the complexity

and diversity of genome-scale metabolic models.
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Challenge 3: Lack of Data-Driven Prediction Frameworks. The field of
metabolic engineering has witnessed the successful application of machine learn-
ing and deep learning techniques to various related problems, such as predicting
enzyme kinetic parameters [28], inferring metabolic pathway dynamics from multi-
omics data [29], and designing synthetic pathways [30, 31]. However, the prob-
lem of gene deletion strategy design has remained largely confined to optimization-
based approaches, with minimal exploration of data-driven prediction paradigms.
Recent advances in deep learning [32], particularly in domains involving sequential
data (e.g., protein sequences, chemical structures) and structured data (e.g., bio-
logical networks), have demonstrated remarkable capabilities in learning complex
patterns and making accurate predictions. Yet, a fundamental framework that re-
formulates gene deletion strategy design as a prediction problem, leveraging deep
learning to automatically learn from existing strategies and generalize to new target
metabolites, remains absent from the literature.

Challenge 4: Ignoring the Networked Structure of Metabolic Systems.
Metabolic networks are inherently structured systems in which metabolites and re-
actions are interconnected through complex biochemical pathways. The topology of
these networks—including concepts such as metabolite hubs, pathway modularity,
and upstream-downstream dependencies—plays an important role in determining
metabolic phenotypes and the feasibility of growth-coupled production [33, 34, 35].
Despite this, most computational approaches, including emerging data-driven meth-
ods, primarily rely on sequential representations of genes and metabolites (e.g.,
amino acid sequences, chemical notation) while largely ignoring the graph-theoretic
structure of the underlying metabolic network. Graph-based learning approaches,
particularly graph neural networks (GNNs), have shown significant promise in cap-
turing relational information in biological systems [36, 37, 38]. However, their
application to gene deletion strategy design is hindered by a fundamental issue:
genome-scale metabolic models, as typically formulated, do not explicitly define a
graph structure. Instead, they are represented algebraically through stoichiometric
matrices, Boolean GPR expressions, and flux bounds. Constructing biologically
meaningful and computationally tractable graph representations from these alge-
braic formulations, while preserving essential metabolic relationships and mitigat-
ing confounding factors such as ubiquitous currency metabolites, remains a signifi-

cant methodological challenge.
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1.3 Research Objectives and Contributions

This dissertation addresses the aforementioned challenges through a systematic pro-
gression of three interrelated studies, each building upon the insights and limitations
of its predecessor. Together, these studies establish a comprehensive framework for
transitioning from purely optimization-based gene deletion strategy design to fully

data-driven, structure-aware prediction methodologies.

1.3.1 Database-Enhanced Optimization (DBgDel)

The first objective is to develop a framework that integrates prior knowledge from
gene deletion databases with downstream optimization algorithms to accelerate
computation while maintaining high success rates.

We introduce DBgDel (Database-enhanced Gene Deletion framework), which
addresses the inefficiency of de novo calculation by extracting core metabolic
components from existing strategies in the MetNetComp database. These core
components—genes consistently retained across known strategies—serve as
constraints that narrow the algorithmic search space, substantially reducing com-
putational time. DBgDel achieves an average 6.1-fold acceleration across three
genome-scale metabolic models while maintaining competitive success rates,
demonstrating that systematic integration of database knowledge with optimization
algorithms provides a practical path toward more efficient gene deletion strategy

calculation.

1.3.2 Deep Learning-Based Prediction (DeepGDel)

While DBgDel successfully integrates database knowledge to accelerate optimiza-
tion, it relies on hand-crafted extraction rules and remains dependent on down-
stream optimization algorithms. The second objective is to fundamentally refor-
mulate gene deletion strategy design as a prediction problem and develop a deep
learning framework that automatically learns patterns from existing strategies.

We introduce DeepGDel (Deep learning-based Gene Deletion framework),
which represents the first systematic formulation of gene deletion strategy design
as a supervised machine learning task. By learning intrinsic characteristics of genes
and metabolites from their sequential representations and their pairwise interdepen-
dencies from observed strategies, DeepGDel enables end-to-end prediction without

requiring explicit optimization or manual rule engineering. DeepGDel achieves
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substantial improvements in overall accuracy (14.69%, 22.52%, and 13.03% across
three models) compared to baseline methods, while enabling millisecond-scale
predictions compared to hours required by optimization-based approaches, demon-

strating the feasibility and effectiveness of the data-driven prediction paradigm.

1.3.3 Graph-Enhanced Structure-Aware Learning (GraphGDel)

Although DeepGDel successfully transitions to a data-driven prediction paradigm,
it operates solely on sequential representations of genes and metabolites, thereby
ignoring the inherent network structure of metabolic systems. The third objective is
to incorporate the topological relationships among metabolites into the prediction
framework to further enhance performance.

We introduce GraphGDel (Graph-based Gene Deletion framework), which ex-
tends DeepGDel by integrating graph-based learning. GraphGDel addresses two
fundamental challenges: systematically constructing biologically meaningful graph
representations from the algebraic formulations of genome-scale metabolic mod-
els, and mitigating confounding effects of ubiquitous currency metabolites that ob-
scure pathway-specific structure. GraphGDel achieves the best overall performance
among all methods, with accuracy improvements of 14.0%, 16.3%, and 13.2% over
baselines across three models, and further gains of 2-5% over DeepGDel on large-
scale models, demonstrating that incorporating metabolic network topology pro-

vides meaningful additional signal beyond sequential representations alone.

1.4 Dissertation Organization

This dissertation is organized as follows:

Chapter 2: Preliminaries provides the foundational concepts and mathemat-
ical formulations necessary to understand the subsequent chapters. We introduce
constraint-based metabolic models, flux balance analysis (FBA), growth-coupled
production, and the formulation of gene deletion strategy calculation as an optimiza-
tion problem. We also review existing computational methods, the MetNetComp
database, and relevant deep learning techniques, including autoencoders, LSTM
networks, and graph neural networks. A toy metabolic model is introduced and
used throughout Chapters 3, 4, and 5 to illustrate the application of each frame-

work.
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Chapter 3: DBgDel—Database-Enhanced Gene Deletion Framework
presents the first contribution of this dissertation. We formulate the problem of
integrating database knowledge with optimization algorithms, describe the DBgDel
framework in detail, and provide a step-by-step illustration using the toy model.
We then present comprehensive computational experiments on three genome-scale
metabolic models (e_coli_core, iMM904, iML1515), comparing DBgDel against
state-of-the-art baseline methods. We analyze the impact of different initial gene
pool settings and discuss the trade-offs between computational efficiency and
solution quality.

Chapter 4: DeepGDel—Deep Learning Framework for Gene Deletion Pre-
diction presents the second contribution, marking the transition from optimization
to prediction. We reformulate gene deletion strategy design as a supervised learning
problem and introduce the DeepGDel framework, detailing its three-module archi-
tecture and the sequential data encoding strategies for genes and metabolites. We
provide a detailed illustration using the toy model and present extensive computa-
tional experiments, including performance comparisons with baseline methods and
ablation studies to assess the contribution of each module.

Chapter 5: GraphGDel—Graph-Enhanced Gene Deletion Prediction
presents the third contribution, extending DeepGDel with graph-based learning.
We first present the four-step pipeline for constructing metabolic graphs from alge-
braic GEM representations, addressing the challenges of currency metabolites and
topological noise. We then introduce the GraphGDel framework, which integrates
graph neural networks with the DeepGDel architecture. Comprehensive experi-
ments evaluate GraphGDel against DeepGDel and other baselines, and we analyze
the impact of different graph construction strategies and refinement techniques.

Chapter 6: Conclusion and Future Directions synthesizes the contributions
of this dissertation, providing a comparative analysis of the three frameworks across
multiple dimensions, including computational efficiency, prediction accuracy, scal-
ability, and interpretability. We discuss the biological and computational insights
gained from the progression of methods, acknowledge the limitations of the current
work, and outline promising directions for future research, including the integration
of transformer architectures, transfer learning across organisms, multi-objective op-
timization, and the development of explainable Al techniques for metabolic engi-

neering applications.



Chapter 2

Preliminaries

This chapter provides the foundational concepts and mathematical formulations
necessary to understand the subsequent chapters of this dissertation. We introduce
constraint-based metabolic models, flux balance analysis, growth-coupled produc-
tion, and the formulation of gene deletion strategy calculation as an optimization
problem. We also review existing computational methods for gene deletion strategy
design, the MetNetComp database, and relevant deep learning techniques. Finally,
we present a toy metabolic model that will be used throughout Chapters 3, 4, and 5

to illustrate the application of each framework.

2.1 Constraint-Based Metabolic Models

Let C = {M,R,S,L,U,G,F, P} be a constraint-based model. The elements of C
can be further divided into two parts: (1) the metabolic network and (2) the GPR

rule.

2.1.1 Metabolic Network

Let C; = {M,R,S,L, U} be a metabolic network. M = {m,..., my } denotes a
set consisting all metabolites, with one of them being the target metabolite 72rger-

R = {r1,...,rg} denotes a set consisting all reactions, including the cell growth
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reaction 7gown and the target metabolite production reaction 7. To facilitate
clarity, we introduce an additional set V = {vy,...,vjg } to represent the reaction
rates per unit time (flux) corresponding to reactions in R. Notably, we distinguish
the rate of the growth reaction (vgrowm) as the Growth Rate (GR) and that of the
target metabolite production reaction (Vi) as the Production Rate (PR). The
stoichiometry matrix S contains elements .S;; = k, indicating that reaction r; either
produces (+) or consumes (-) k£ units of metabolite m; per unit time. Lower and
upper bounds for the reaction rates for V are denoted by L = {l;,...,lg} and

U= {ui,...,ug}, respectively.

2.1.2 Gene-Protein-Reaction Rules

LetC, = {G,F,P} be aGPR rule. G = {g1,...,9|g } represents a set of genes,
while F = {fi,..., fig} represents Boolean functions. P = {p;,...,pg|} is a
collection of outputs generated by applying the functions in F to the gene set G.
Each output p; can be expressed as p; = f;(G), where both p and g are binary
values, i.e., p, g € {0, 1}. Note that if p; = 0, this imposes a constraint on both the

lower bound [/; and the upper bound u; to be 0, effectively restraining reaction 7.

2.2 Flux Balance Analysis

When analyzing the metabolic network within a constraint-based model, flux bal-
ance analysis (FBA) assumes steady states where all metabolic reaction speeds
(fluxes) are constant [6]. Specifically, we give the following definitions for FBA:
(1) for each compound, the sum of the producing fluxes is equal to the sum of
the consuming fluxes; (2) in each reaction, the fluxes of substrates and products
must satisfy the ratio in the chemical reaction equation, and (3) the upper and lower
bounds are given for each flux. In the standard procedure for FBA on the given
metabolic network C;, the objective is to maximize the cell growth reaction rate

Vgrowth UsIng the following linear programming (LP) given by Algorithm 1:

Algorithm 1 LP Formalization of FBA Using C; of a Constraint-Based Model.
Given: C;
Maximize: vgrowm

1: Such that:

2. >0 Siv; = 0 forall 7;

30 l; <wvj <wyforall j;

4 i={1,...,lM}, j=A{L1,...,|R|}
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2.3 Growth-Coupled Production

Growth-coupled production is a special situation of microorganism’s metabolic pro-
cesses, wherein the cell growth co-occurs with the synthesis of the target metabolite.
We adopt the paradigm of weakly growth-coupled production, which requires
that the synthesis rate of the target metabolite is equal or larger than the threshold if
growth rate is equal or larger than the threshold. This differs from strongly growth-
coupled production, where the synthesis rate of the target metabolite is equal or
larger than the threshold for any growth rate [11, 12]. Weakly GCP is generally
more realistic to achieve and sufficient for industrial applications.

In this dissertation, we consider the synthesis rate of the target metabolite under
the condition of maximizing the growth rate. During simulations of constraint-
based models, growth-coupled production is defined by two indices: the lower
bound of the target metabolite production rate (P Ryreshoia) and the lower bound
of the cell growth reaction rate (G Ryyeshold). When the GR is maximized, growth-
coupled production is considered achieved if the simulated fluxes vVirger and Vgrowin
exceed their respective lower bounds in all cases, with both thresholds set to
P Rinreshold = G Rireshola = 0.001. This can be regarded as weakly growth-coupled
production, because the growth threshold is defined by the maximized growth rate

itself, which is distinct from the fixed growth threshold G Ryjesh014 described above.

2.4 Gene Deletion Strategy Calculation

In metabolic model simulations and calculations, the gene deletion strategy refers to
selecting genes to be deleted to optimize metabolic networks for desired outcomes,
such as the growth-coupled production of specific metabolites. The calculation of
the gene deletion strategy for growth-coupled production is typically defined as
finding a set G4 of genes designated for deletion, as presented below in Algorithm
2.

This formulation represents a bi-level optimization problem where the outer
objective minimizes the production rate while the inner objective maximizes the

growth rate, subject to stoichiometric, thermodynamic, and GPR constraints.
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Algorithm 2 Calculation of Gene Deletion Strategy for Growth-Coupled Produc-
tion.

Given: C» Ttarget» P Rthreshold’ GRthreshold

Find: Ggqa C G such that Vyge > PRireshold and  VUgown >
GRthreshold

1 Such that Minimize:
2 Utarget
3 Such that Maximize:
4: Ugrowth
5 Such that:
6 > Sijvy = 0 for all 7;
v; =0 if p; =0,

~

l; <vj <wu; otherwise;
8: p; = [;(G);
g=10 1if g€ Gy,

g =1 otherwise;

2.5 Toy Metabolic Model

To illustrate the application of the frameworks introduced in subsequent chapters,
we present two toy constraint-based metabolic models that demonstrate different

structural configurations.

2.5.1 Toy Model 1
Model Description

Fig. 2.1 shows a toy example where C = {M,R,S,L,U,G,F, P} represents a
constraint-based model. Specifically, for its metabolic network part C;, we have
M={my,....mz},R={r1,...,7r9},

10 -1 0 0 O O 0 O
01 0 -1 -1 0 0 0
oo 1 0 0 -1 0 0
§S=]1]00 0 1 0 O -1 0 O |, (2.1)
00 0 o0 1 0 0 0
oo o0 o o0 1 0 -1 0
oo o0 o o0 o0 1 0 -1



2.5. Toy Metabolic Model 13

g1 g2
[0,10] [0,10] [0,10] [0,10]
r1 ma T8
Substrate Cell
Uptake Growth
[0,10] [0,10]
. > > > >
T2 ma Ts ms T9
Substrate Target
Uptake Production

Figure 2.1: A toy example of the constraint-based model where circles and rect-
angles represent metabolites and reactions, respectively. Black and white rectan-
gles denote external and internal reactions, respectively. r, 7y correspond to two
substrate uptake reactions. rg, r9 correspond to cell growth, and target metabolite
production reactions, respectively. The reaction rates are constrained by the range
[l;, u;]. This example shows only part of the model, the rest after my is omitted.

and L = {0,0,0,0,0,0,0,0,0}, U = {10, 10, 10, 8,2, 10, 8,10, 10}. For its gene
reaction rule part Cy, we have G = {¢1,...,95}, F = {f1,..., fo}, and P =
{p1,...,po}, where

1, =1
1, =2
g1, =3
g3V gs, =4
fiipi= G4, 1=25
go, 1=06
GaNgs, =17
1, =38
1, 1=9
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Table 2.1: Gene deletion strategies for the toy example in Fig. 2.1 are classified into
eight types according to the resulting flux distributions (reaction rates).

Type Gene deletion strategies classified by flux distributions

1 0, {gs}

2 Ag} {91, 93}

3 {gh {91,902} {91,095}, {92, 93}, {92, 95}, {91, 92, 93}
{91,92,95}, {91, 93, 95}, {92, 93, 95}» {91, 92, 93, 95 }

4 {94}

5 {95}, {93, 95}

6 {91,094}

T 92,94} {91, 92,94}, {91, 93, 94} {91, 94, 95 }5 {92, 93, 94}

{92, 94,95}, 191, 92, 93, 94}, {91, 92, 94, 95}, {91, 93, 9a, G5},
192,93, 94,95}, {91, 92,93, 94, 95 }
8 193,94}, 194,95}, {93, 94, g5}

In this toy model, the gene reaction rule for r; is given as f; : p7 = g2 A g5, the
reaction rate of r; (denoted as v7) is forced to be 0 if one of g, or g5 is 0 (deleted),
while 0 < v; < 8 1is held if both of g, and g5 are 1 (not deleted). However, for 7,4,
its reaction rate v, is forced to be O only if both g3 and g4 are 0, while 0 < vy < 8'is
held if at least one of g3 or g4 is 1. For r1, 9, rg and rg, since p; = py = pgs = pg = 1
always holds, none of vy, v, vg Or v9 can be forced to be 0 by any gene deletions.

In this example, we set mj; as the target metabolite produced by the target

metabolite production reaction ryq.

Gene Deletion Analysis

Table 2.1 describes the patterns of gene deletions in this example: 2° = 32 patterns
are classified into eight types according to the flux distributions. The detailed flux
distributions for all types can be found in Table 2.2.

In the original state of the toy model, where no genes are deleted, when we
maximize GR, we can obtain its maximum value max(GR) = max(vg) = 10.
However, there are two paths to reach from the substrate uptake reactions r; and 7,
to the growth reaction rg: (11 — r3 — rg — 13) and (ry — 14 — r7 — 16 — T3).
Besides, there is another path to reach from the substrate uptake reactions 75 to the
target production reaction ro: (ro — 75 — 79). If all three paths mentioned above

are used, and the second and third paths achieve maximum fluxes, GR = 10 and
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Table 2.2: The resulting flux distribution of Types 1 to 8 gene deletion strategies.
For each gene deletion strategy type, the most optimistic (best) and pessimistic

(worst) PR (vg) at GR (vg) maximization are shown.

Gene deletion PR Flux distribution

strategy situation Vo Us Us Us Ug U Us Vg
; Type l vlisf; 120 100 120 g (2) 18 g 10 100
s M2 0 0% o s o0 s s b s
s ™ G o 00000 % o
; Type 4 Vssf; 120 ?) 120 g 8 }8 g 10 g
o DS oy 10 o 100 0100 0 g
™S 0 s o s 0 88 o
o ™7 0 0 0 00 00 % o
e ™5 10 0 10 0 0 10 0 ' o
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PR = 10 can be obtained, as shown in ID 1 in Table 2.2. This is the most optimistic
case regarding the value of PR. However, if only the first path is used, GR = 10 and
PR = 0 can be obtained, as shown in ID 2 of Table 2.2. This is the most pessimistic
case regarding the value of PR. In this study, we evaluate the most pessimistic value
of PR when the GR is maximized. Therefore, in the original state of the toy model,
we have GR = 10 and PR = 0. Gene deletion strategy {gs} is also classified as
Type 1 because the same flux distribution is obtained.

IDs 3 and 4 of Table 2.2 describe the most optimistic and pessimistic flux dis-
tributions regarding the PR value when g is deleted. When g; is deleted, f5 : p3 =
g1 = 0 is obtained and vj3 is forced to be zero. The maximum GR is vg = 8 since
only the second path reaches the growth reaction (from 75 to rg) can be used. In the
most optimistic case, the third path (r, — r5 — 79) that reach from the substrate
uptake reaction 75 to the target production reaction ry achieve maximum fluxes,
therefore GR = 10 and PR = 10 are obtained. In the most pessimistic case, the
above path is not used, therefore GR = 10 and PR = 8 are obtained. The gene
deletion strategy {gi, g3} is also classified as Type 2 as shown in Table 2.2.

IDs 5 and 6 of Table 2.2 describe the flux distributions when g5 is deleted. When
go is deleted, fs : ps = go = 0 and f7 : p; = g2 Ags = 0 are obtained, both vg and v
are forced to be zero. The maximum GR is vg = 0 since none of the two paths (from
r1 Or 79 to 1) that reach cell growth reaction can be used. In the most optimistic
case, the path (ro — r5 — rg) that reach from the substrate uptake reaction ry to
the target production reaction r9 achieve maximum fluxes, therefore GR = 0 and
PR = 2 are obtained. In the most pessimistic case, the above path is not used,
therefore GR = 0 and PR = 0 are obtained. The gene deletion strategies { g1, g2},
{91,95}, {92,935}, {92,905}, {91, 92,93}, 91,92, 95}, (91,93, 95}, {92, 93,95}, and
{91, 92, g3, g5} are also classified as Type 3 as shown in Table 2.2.

IDs 7 and 8 of Table 2.2 describe the flux distributions when g, is deleted. When
gy is deleted, f5 : ps = g4 = 0 is obtained, and v5 is forced to be zero. The
maximum GR is vg = 10 since both of the two paths (from 7; or 5 to rg) that reach
cell growth reaction can be used. In the most optimistic case, both two path above
are used and the second one achieves maximum fluxes, therefore GR = 10 and
PR = 8 are obtained. In the most pessimistic case, only the first path (from 7 to
rg) is used, therefore GR = 10 and PR = 0 are obtained.

IDs 9 and 10 of Table 2.2 describe the flux distributions when g5 is deleted.
When g5 is deleted, f; : p; = g2 A g5 = 0 is obtained, and v; is forced to be
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zero. The maximum GR is vg = 10 since only the first path (from r; to rg) that
reaches cell growth reaction can be used. In the most optimistic case, the path
(re — 75 — T9) that reach from the substrate uptake reaction 75 to the target
production reaction ¢ is used and achieves maximum fluxes, therefore GR = 10
and PR = 2 are obtained. In the most pessimistic case, only the first path (from
r1 to rg) is used, therefore GR = 10 and PR = 0 are obtained. The gene deletion
strategy {gs, g5} s also classified as Type 5 as shown in Table 2.2.

IDs 11 and 12 of Table 2.2 describe the flux distributions when {g;, g4} are
deleted. When {g1, g4} are deleted, f3 : p3 = g1 = O and f5 : p5 = g4 = 0 are
obtained, both v3 and v are forced to be zero. The flux distribution is uniquely
determined, v; = 0, vy = v4 = vg = vy = 8 are obtained, and GR and PR are 8 for
both optimistic and pessimistic cases regarding the PR value.

IDs 13 and 14 of Table 2.2 describe the flux distributions when {g-, g4} are
deleted. When {gs, g4} are deleted, f5 : ps = g4 = 0and fg : ps = go = 0
are obtained, both v5 and vg are forced to be zero. The maximum GR is vg =
0 since none of the two paths (from r; or r, to rg) that reach cell growth re-
action can be used. The flux distribution is uniquely determined where all re-
action rates become zero, therefore PR is O for both optimistic and pessimistic
cases regarding the PR value. The gene deletion strategies { g1, 92, 94}, {91, 93, 94},
{91, 94,95}, {92, 93, 94}, {92, 94, 95}, {91, 92, 93, 94}, {91, 92, 94, 95}, {91, 93, 94, G5}
{92, 93, 94,95}, and { g1, g2, 93, 94, g5 } are also classified as Type 7 as shown in Table
2.2.

IDs 15 and 16 of Table 2.2 describe the flux distributions when {gs, g4} are
deleted. When {g3, g4} are deleted, f4 : ps = g3V g4 = 0and f5 : ps = g4 = 0 are
obtained, both v, and vs are forced to be zero. The maximum GR is vg = 10 since
only the first path (from r; to rg) can be used. The flux distribution is uniquely
determined, v;1 = v3 = vg = 10, vo = v; = 0 are obtained, and PR is O for
both optimistic and pessimistic cases regarding the PR value. The gene deletion
strategies {g4, g5} and {gs, g4, g5} are also classified as Type 8 as shown in Table
2.2.

Through all the cases above, we find that for gene deletion strategies of Types
2 and 6, even in the most pessimistic case, we still meet the criteria of PR >
P Rirreshod and GR > G Ryyesnola- Consequently, in our example of the toy model,
these two types of deletions enable growth-coupled production of the target metabo-

lite ms.
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2.5.2 Toy Model 2
Model Description

Fig. 2.2 shows a toy example in which C = {M,R,S,L, U, G, F, P} represents a
constraint-based model. Specifically, for its metabolic network part C;, we have
M = {ml,...,mG},R: {7"1,...,7'9},

10 0 0 -1 -1 0 O
601 -1 -1 0 0 0 0 O
0o 1 0 0 -1 0 0
S — , (2.2)
00 0 1 0 -1 0 0
00 0 0 1 1 -1 0
oo o0 o o 1 1 0 -1

and L = {0,0,0,0,0,0,0,0,0}, U = {10,10,6,4,10,6,4,10,10}. For its gene
reaction rule part Cy, we have G = {¢1,...,95}, F = {f1,..., fo}, and P =
{p1,...,po}, Where

1, 1=1
1, 1=2
g1, 1=3
ga, 1=4

Jitpi=93Vags, i=05

g4, 1=26
GaNgs, =17
1, 1=38
1, 1=9

In this toy model, because the gene reaction rule of r; is given as f; : p; =
g2 N\ g5, the reaction rate of r; (denoted as vy) is forced to be O if either g, or g5 is
0 (deleted), while if both g, and g5 are 1 (not deleted), then 0 < v; < 4. However,
for r5, the reaction rate v is forced to be 0 only if both g3 and g, are 0. However, if
at least one of g3 or g4 is 1, v5 can vary within the range 0 < v; < 10. For 74, 79,
rs, and rg, since p; = ps = ps = Py = 1 always holds, none of vy, vs, vg, Or vg can

be forced to be 0 by any gene deletions.
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93V g4
[0,10] [0,10]
. > >
" Ts [0,10]
Substrate —
Uptake g1 ms T
[0,6] Cell
> Growth
T3 mg3
[0,10]
92 92\ gs ro
[0,10] [0,4]
> 1 N S Target
[ 4 [ 4 > .
,.2 Mo rs my ry Production
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Figure 2.2: A toy example of the constraint-based model where circles and rect-
angles represent metabolites and reactions, respectively. Black and white rectan-
gles denote external and internal reactions, respectively. ry, ro correspond to two
substrate uptake reactions. rg, 9 correspond to cell growth, and target metabolite
production reactions, respectively. The reaction rates are constrained by the range
[l;, u;]. In this example, all stoichiometric ratios are 1 or -1.

In this example, we set mg as the target metabolite, produced by the target

metabolite production reaction ryq.

Gene Deletion Analysis

Table 2.3 describes the patterns of gene deletions in this example: the 2° = 32
patterns are classified into five types based on the flux distributions. The detailed
flux distributions for all types can be found in Table 2.4.

In the original state of the toy model, where no genes are deleted, there are two
paths to reach the cell growth reaction rg: one begins from the substrate uptake
reaction r1: (r; — r5 — rg); the other one begin from the substrate uptake reaction
ro: (rg — 14 — 17 — 13). GR = 10 can be obtained, but the flux distribution is
not uniquely determined.

If both path are used and the second one (ry — 74 — 77 — rg) achieves maxi-
mum flux, GR = 10 and PR = 8 can be obtained, as shown in the flux distribution
of ID 1 in Table 2.4. This represents the most optimistic case for the value of PR.

In contrast, if only the first path (r; — 75 — rg) is used and achieves maximum
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Table 2.3: Gene deletion strategies for the toy example in Fig. 2.2 are classified into
five types based on the resulting flux (reaction rate) distributions.

Type Gene deletion strategies classified by flux distributions

1 0, {gs}
2 Aqnt {94}, {91, 93} {915 9}
3 g2} {gs) {915 92} {915 g5} {925 93}, {925 94}, {92, g5} {93, 95},
{94, 95}, {91, 92, 93}, {915 G2, 94}, {91, 92, 95}, {91, 93, 95
{915 94> g5}, {92, 93, 955 {92, 945 95}, {915 925 935 95}, {915 925 945 95}
4 {93, 94}, {91, 93, 94}
5 {92, 93, 94}, {935 945 95}, {915 925 935 94}, {915 935 945 G5},
{92: 93, 945 g5}, {91 925 935 94> G5 }

Table 2.4: The resulting flux distributions for gene deletion strategy Types 1 to 5.
For each type, the most optimistic (best) and pessimistic (worst) target metabolite
production rate (PR, vy) at cell growth rate (GR, vg) maximization are provided.

Deletion PR Flux distribution

strategy situation v Us Vs vy Vs Vg Ur Vs Ug
el 100 0 0100 0 o
2 ™2 o 0 0w o0 0o
e D3 w100 0 0w o0 0 10
s Pl 04 0 4 0 0 4
0 ™5 e 0 0 0 0 0 00 o
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flux, then GR = 10 and PR = 0 are obtained, as shown in the flux distribution of
ID 2 in Table 2.4. This represents the most pessimistic case for the value of PR. As
previously defined, in the context of growth-coupled production, we need to eval-
uate the most pessimistic value of PR when GR is maximized. Therefore, in the
original state of the toy model, we have GR = 10 and PR = 0. We denote this flux
distribution as Type 1. There is another gene deletion strategy, { g3}, which is also
classified as Type 1, as it yield the same flux distribution.

IDs 3 and 4 in Table 2.4 describe the most optimistic and pessimistic flux dis-
tributions with respect to the PR value when g; is deleted. When g; is deleted,
f3 1 p3 = g1 = 0 is obtained, and v3 is forced to be zero. The maximum GR
is vg = 10 since both the first and second paths to the growth reaction 9 (from
r1 or ro to rg) can still be used. In the most optimistic case, both the first path
(ri1 — 75 — r3) and the second path (ry — r4 — 77 — 13) are used, with the sec-
ond one achieving maximum flux; therefore, GR = 10 and PR = 4 are obtained.
In the most pessimistic case, only the first path is used and achieves maximum flux,
resulting in GR = 10 and PR = 0. We denote this flux distribution as Type 2. The
gene deletion strategies {g4}, {g1, 93}, and {g1, g4} are also classified as Type 2, as
shown in Table 2.4.

IDs 5 and 6 in Table 2.4 describe the flux distributions when g, is deleted. When
go is deleted, f; : py = go = O and f7 : p; = g2 A g5 = 0 are obtained, forcing vy
and v; to be zero. The maximum GR is vg = 10 since the first path to the growth
reaction (from 7 to rg) can still be used. This results in a uniquely determined flux
distribution where v; = vs; = 10 and v, = v3 = vy = vg = v; = (0. Consequently,
both the optimistic and pessimistic PR values are 0, with GR at 10. We denote this
flux distribution as Type 3. Other 17 gene deletion strategies are also classified as
Type 3, as shown in Table 2.4.

IDs 7 and 8 in Table 2.4 describe the flux distributions when g3 and g, are
deleted. When g3 and g, are deleted, f5 : p5 = g3V g4 = 0 and fg : ps = g4 = 0 are
obtained, forcing v5 and vg to be zero. This results in a uniquely determined flux
distribution where v, = vy = v; = 4 and v; = v3 = v5 = vg = 0. Consequently,
both the optimistic and pessimistic PR values are 4, with GR also at 4. We denote
this flux distribution as Type 4. Another gene deletion strategy { g1, g3, g4} is also
classified as Type 4, as shown in Table 2.4.

IDs 9 and 10 in Table 2.4 describe the flux distributions when gs, g3, and g4 are
deleted. When g-, g3, and g4 are deleted, fy : ps = g2 =0, f5 : ps = 93V g4 = 0,
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fo :pe = g1 = 0,and f7 : pr = g2 N\ g5 = 0 are obtained, forcing vy, vs, vg,
and v; to be zero. The maximum GR is vs = 0, as no path to the growth reaction
rg remains viable. This results in a uniquely determined flux distribution in which
all reaction rates are zero, yielding a PR of 0 in both optimistic and pessimistic
cases. We denote this flux distribution as Type 5. The gene deletion strategies
193,94, 95}, {91, 92, 93, 94}, {91, 93, 94, 95}, {92, 93, 94, 95}, and {g1, g2, g3, 94, 95}
are also classified as Type 5, as shown in Table 2.4.

Across the five types of gene deletion strategies analyzed, we find that only
Type 4 meets the criteria of PR > P Ryeshold and GR > G Rypreshold> €ven in the
most pessimistic scenarios. Consequently, in our toy model example, only two
gene deletion strategies of Type 4, i.e., {gs, 94} and {g1, g3, g4} enable the growth-

coupled production of the target metabolite mg.

2.6 Existing Computational Methods

Over the past two decades, numerous computational methods have been devel-
oped to address the gene deletion strategy calculation problem for growth-coupled
production. Early approaches (2003-2010), such as OptKnock [9], formulated
the problem as a bi-level optimization program using mixed-integer linear pro-
gramming (MILP). Subsequent methods, including OptStrain [10], OptForce [14],
EMILiO [15], Redirector [16], Truncated [17], Omic [18], IdealKnock [19], Fast-
Pros [20], and Grid [21], introduced various algorithmic innovations to improve
computational efficiency and solution quality.

More recently (2017 onwards), methods based on minimal cut sets (MCS) [22]
have demonstrated the capability to compute gene deletion strategies for a broad
range of metabolites across multiple genome-scale models. The basic idea of the
MCS-based method is to identify the smallest possible set of gene knockouts that
force a coupling between cell growth and target metabolite production, with compu-
tations based on Farkas Lemma [39]. Tamura et al. introduced gDel_minRN [23],
a method that operates by maximizing the number of repressed reactions, thereby
extracting essential core components for growth-coupled production. Experimental
validations have demonstrated that gDel_minRN stands out as one of the most effec-
tive approaches currently available for calculating gene deletions in genome-scale

models.
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2.7 MetNetComp Database

Recent efforts have focused on establishing dedicated databases to curate and dis-
seminate computational gene deletion strategies. A prominent example is Met-
NetComp [27], the first web-based platform to systematically catalog gene dele-
tion strategies for growth-coupled production in constraint-based metabolic mod-
els. MetNetComp employs extensions of the gDel_minRN algorithm to compute
both minimal and maximal gene deletion strategies—strategies that achieve growth-
coupled production with the fewest or greatest number of gene deletions, respec-
tively. Currently, MetNetComp houses a comprehensive repository of over 85,000
gene deletion strategies spanning numerous metabolites across multiple constraint-

based models from diverse microbial species, including E. coli and S. cerevisiae.

2.8 Deep Learning Fundamentals

Recent advances in deep learning [32] have demonstrated remarkable capabilities in
learning complex patterns and making accurate predictions across diverse domains,

including biological applications.

2.8.1 Autoencoders

Autoencoders are neural network architectures designed to learn efficient represen-
tations of input data in an unsupervised manner. An autoencoder consists of two
main components: an encoder that maps input data to a latent representation, and
a decoder that reconstructs the input from the latent representation. By minimizing
the reconstruction error, autoencoders learn to capture essential features of the in-
put data in the latent space, which can then be used for downstream tasks. In this
dissertation, autoencoders are employed for unsupervised representation learning of
sequential data, particularly for encoding gene amino acid sequences and metabolite

chemical structures.

2.8.2 Long Short-Term Memory Networks

Long Short-Term Memory (LSTM) networks [40] are a type of recurrent neural
network (RNN) specifically designed to address the vanishing gradient problem in



24 Chapter 2. Preliminaries

learning long-range dependencies in sequential data. LSTMs use gating mecha-
nisms (forget gate, input gate, output gate) to selectively remember or forget in-
formation across time steps, making them particularly effective for modeling se-
quential patterns in biological data. In this dissertation, LSTMs are utilized to en-
code sequential representations, specifically processing chemical structure notation

(SMILES) for metabolites and amino acid sequences for genes and proteins.

2.8.3 Graph Neural Networks

Graph Neural Networks (GNNs) are a class of deep learning models designed to
operate on graph-structured data [41]. GNNs learn node representations by it-
eratively aggregating information from neighboring nodes through message pass-
ing mechanisms. Common GNN variants include Graph Convolutional Networks
(GCN), Graph Attention Networks (GAT), and GraphSAGE. In biological applica-
tions, GNNs have shown promise in capturing relational information in molecular
graphs, protein-protein interaction networks, and metabolic networks. In this dis-
sertation, Graph Convolutional Networks (GCN) are employed as the specific GNN
architecture for learning structure-aware representations from metabolic network

graphs.

2.9 Data Representations

To enable data-driven prediction of gene deletion strategies, appropriate data rep-
resentations are required to encode biological information into formats that deep
learning models can process. This dissertation employs three primary data repre-
sentation schemes:

SMILES Notation for Metabolites.

SMILES (Simplified Molecular Input Line Entry System) is a chemical
notation that encodes the structure of organic compounds as linear strings
of characters [42]. For example, the metabolite glucose can be represented
as “C([C@@H]1[C@ @H]([C@H]([C@ @H]([C@H](01)0)0)0)0)0”. SMILES
notation preserves essential structural information about molecular connectivity,
functional groups, and stereochemistry, making it suitable for machine learning ap-
plications in cheminformatics and metabolomics.

Amino Acid Sequences for Genes. Genes encode information through their

corresponding protein products, which are composed of sequences of amino acids.
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Each amino acid is represented by a single-letter code (A, C, D, E,F, G, H, L K, L,
M,N,P,Q,R,S, T, V, W, Y). For example, a protein sequence might be represented
as "MKTAYIAKQRQISFVKS". Amino acid sequences preserve functional and
structural information about proteins, making them suitable for machine learning
applications in protein function prediction and structural analysis [43, 44, 45]. In
this dissertation, amino acid sequence data is obtained from the KEGG database
[46].

Graph Representations for Metabolic Networks. Metabolic networks can be
represented as graphs, where metabolites serve as nodes and biochemical reactions
define edges connecting substrates to products. Graph representations naturally
capture topological relationships, pathway modules, and metabolite interactions
that are not captured in sequential data formats. In this dissertation, metabolic
networks are constructed as metabolite-centric graphs with edges representing
substrate-product relationships between metabolites. These graph representations
enable the application of graph neural networks to learn structure-aware metabolite

features that complement sequential representations.






Chapter 3

DBgDel

This chapter presents the first contribution of this dissertation: a database-enhanced
framework for accelerating gene deletion strategy calculation by integrating prior
knowledge from existing databases with downstream optimization algorithms. We
first motivate the need for database integration, then present the DBgDel framework
in detail, illustrate its application using the toy model from Chapter 2, and provide

comprehensive experimental validation.

3.1 Introduction

As discussed in Chapter 1, gene deletion strategy calculation is computationally
challenging, particularly for genome-scale metabolic models. Over the past two
decades, numerous methods have been proposed to address this challenge, includ-
ing OptKnock [9], OptStrain [10], OptForce [14], and MCS-based approaches [22].
While existing optimization-based methods such as gDel _minRN (Section 2.4)
achieve high success rates, they perform de novo calculations for each target
metabolite, overlooking potential commonalities across different metabolites. At
the same time, databases such as MetNetComp (Section 2.7) have accumulated
vast repositories of pre-computed gene deletion strategies—over 85,000 strategies

across multiple genome-scale models from diverse microbial species.

27
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The motivation for this work is straightforward: can we leverage existing strate-
gies in databases to inform calculations for new target metabolites? The intuition is
that certain core metabolic components—genes and reactions essential for growth-
coupled production—are likely shared across multiple metabolites within the same
metabolic model. If we can identify these core components from known strategies,
we can constrain the search space for new calculations, potentially accelerating
computational speed while maintaining solution quality.

However, extracting and integrating this information is non-trivial. Gene dele-
tion strategies stored in databases may vary widely in the number of genes deleted,
corresponding to different sub-networks of varying scales. Moreover, integrating
extracted information into downstream optimization algorithms requires careful de-
sign to ensure that constraints derived from database patterns do not over-restrict
the search space or sacrifice feasibility.

In this chapter, we introduce DBgDel (Database-enhanced Gene Deletion frame-
work), a novel two-step approach that bridges database resources and algorithmic
computation. The framework operates as follows: (1) STEP 1 analyzes maximal
gene deletion strategies from the MetNetComp database to extract the remaining
gene set Gremain that represents core metabolic components, and (2) STEP 2 em-
ploys an extended version of the gDel_minRN algorithm that incorporates G'emain
as a constraint, protecting these genes from deletion and thereby narrowing the al-
gorithmic search space.

The primary contributions of this work are:

* A systematic methodology for extracting and utilizing database information
to inform gene deletion calculations, representing the first integration of pre-

computed strategies into downstream algorithms.

* An extended gDel_minRN algorithm that incorporates database-derived con-
straints, achieving substantial computational acceleration while maintaining

high success rates.

* Comprehensive empirical evaluation demonstrating that DBgDel achieves
a favorable trade-off between computational efficiency and solution quality

across three genome-scale metabolic models.
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Figure 3.1: System overview of the DBgDel framework. The framework com-
prises two steps: (1) STEP 1, extracting the gene set Gyemain from the MetNetComp
database; and (2) STEP 2, using an extended gDel_minRN algorithm that incorpo-
rates Gremain to calculate gene deletion strategies for new target metabolites.

3.2 DBgDel Framework

The DBgDel framework operates in two sequential steps, as illustrated in Figure
3.1. STEP 1 extracts prior information from the MetNetComp database to con-
struct the remaining gene set Gemain, representing core metabolic components es-
sential for growth-coupled production. STEP 2 employs an extended version of
the gDel_minRN algorithm that incorporates G emain as a constraint, narrowing the

search space and accelerating computation.

3.2.1 STEP 1: Extracting Remaining Gene Set

For a given constraint-based model, STEP 1 aims to extract the prior information
about how the growth-coupled production of its metabolites is achieved.

The basic idea behind this aim is that for any given constraint-based model’s
metabolic network part C;, there should be some core components, denoted as CIC"“",
that are essential for achieving growth-coupled production for all of its metabolites
(if possible).

The CSO™ is given by all the metabolites in a constraint-based model and forms a
sub-network of the full metabolic network C;. Therefore, based on information
about how various metabolites achieve growth-coupled production through sub-

networks, we can make a prediction of CIC‘”C.



30 Chapter 3. DBgDel

Such information can also be extracted from the gene deletion strategies, since
each strategy gives the deleted genes D, according to which a sub-network of C;
can be derived.

However, multiple gene deletion strategies may exist for a target metabolite to
achieve its growth-coupled production. These strategies may result in gene dele-
tions D of varying sizes, leading to redundant sub-networks of C; at different scales.
To address this redundancy, we consider only the maximal gene deletion strategy
Do for each metabolite. This strategy maximizes the size of the deleted gene set D
to achieve growth-coupled production, corresponding to the smallest sub-network
of C; necessary for this purpose.

To achieve the above-illustrated aim of extracting prior information, in STEP
1, we construct a remaining gene set Gremain based on the maximal gene deletion
strategies Dy,,x from the MetNetComp database.

Specifically, for a given constraint-based model, the G emain is given by:

Gremain = G — (DX U D2 U...uDM

max max max )

3.1

where G is a set of all genes, and |M| is the number of available maximal gene
deletion strategies D,.x for different metabolites in the MetNetComp database.

For a constraint-based model, when maximal gene deletion strategies are avail-
able for all its metabolites in the MetNetComp database, the resulting Gemain €xactly
corresponds to CL° of this model.

However, in most cases, when dealing with a new target metabolite without
known gene deletion strategies for it, Gemain 1S constructed based on information
about the other metabolites. Therefore, as the default setting of STEP 1, we only
track the maximal gene deletion strategies for a subset of the metabolites in the
model, excluding the target itself. When predicting gene deletions for a new tar-
get metabolite based on information from other metabolites, we refer to the genes

present in the resulting Gemain as Predicted-Glemain genes.

3.2.2 STEP 2: Extended gDel_minRN Algorithm

STEP 2 employs an extended version of the gDel algorithm to calculate the gene
set D to be deleted. The gDel is a mixed-integer linear programming (MILP)-
based algorithm, which aims to identify growth-coupling gene deletion strategies

that maximize the number of repressed reactions.
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The MILP algorithm from Line 14 of the pseudocode searches for a candidate

of the gene deletion strategy D angidaee that satisfies the following criteria:

1. Ensuring that the GR and PR are above the given thresholds G Ryesnolq and

P Ripreshold» respectively.
2. Maximizing the number of reactions repressed by gene deletions.
3. Maximizing GR.

Note that criterion (2) takes precedence over (3). Then, starting from Line 26,
D andidate 18 verified whether it achieves growth-coupled production of the target
metabolite. Here we incorporate the gDel with the Giemain from STEP 1 as the
initial gene pool to narrow down the algorithmic search space. As a result, the
extended gDel calculates gene deletion strategies without traversing the cases delet-
ing genes in Giemain, and obtain the minimum reaction network for growth-coupled
production.

The pseudo-code for the complete DBgDel framework is presented as Algo-
rithm 3 and Algorithm 4.

Algorithm 3 DBgDel - STEP 1: Construct G emain
Input: C, MetNetComp database
Output: Gemain

1: Gremain < G /*Initialize Gemain as a copy of G*/
2. Dinax_union < 0 /*Initialize an empty set for the union of maximal gene deletion
strategies™/
/*Take D:  for the i-th metabolite from database*/
fori=1to|M|do

Dmax_union — Dmax_union U Dll;nax
end for
Gremain A Gremain - D max_union
return Gemain

A A

3.3 Toy Model Illustration

We apply the DBgDel framework to Toy Model 1 from Section 2.5.1 with a new

target metabolite to illustrate its execution.
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Algorithm 4 DBgDel - STEP 2: Extended gDel_minRN Algorithm
Inmput: C, Viarget, Gremain, maxloop, o,
Output: D candidate> Utarget> Ugrowth
1: /* Calculate theoretical maximum PR and GR*/
2: P Ripeormax = MAX Vggrget /* theoretical maximum PR */
3: such that >°; S;;v; =0foralll1 <i<a
LB; <v; <UBjforalll <j<b
P Rthreshold =a-P Rtheormax
G Rincormax = MAX Vgrowih /* theoretical maximum GR */
such that >°; S;;v; =0foralll1 <i<a
LB; <v; <UBjforalll <j<b
CTYfgthreshold = B : GRtheormax
10: /* Finding a gene deletion strategy candidate.*/
11: prohibited_list = (), loop = 1
12: while loop < maxloop do
13:  /* maximize the number of repressed reactions first, GR second */
14: max G Ryeormax * KO + Vgrown
15:  /*KO: the number of repressed reactions.*/
16:  such that >, Siv; =0foralll <i<a

D A

17 V; = 0 lfpj = 0,
' l; <wvj <wu;, otherwise;
18: p; = fj<G)
19: /* linear constraints for Boolean functions. */
0, ifge D,
20: g=11, lfg S Gremainy

1, otherwise;
21:  /*D is the set of deleted genes, Gemain @s the initial remaining gene pool.*/
22: Dn Gremain =0
23: D N prohibited_list = ()
24: GRthreshold S Vgrowth and P Rthreshold S Vtarget
25: Dandidae = D
26:  MiN Ve /*Check whether growth-coupled production is achieved.*/

27: such that max vowm
28: such that
29: Zj Sijvj = 0forall ¢
v; =0 if p; =0,
30: I bi

l; <wv; <wj;, otherwise;
31: p; = fj (G)
0 lfg € Dcandidatey

1, otherwise;
33: if Utarget Z P Rthreshold and Vgrowth > G(Rthreshold then

32: g =

34: return D candidates Utargets Ugrowth

35:  else

36: prohibited_list = prohibited_list U D andidate
37: loop = loop + 1

38:  end if

39: end while
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Figure 3.2: The toy model with a new target metabolite. Circles and rectangles
represent metabolites and reactions, respectively. Black rectangles denote external
and internal reactions. 7, o correspond to two substrate uptake reactions. rg, 719
correspond to cell growth, and target metabolite production reactions, respectively.
The reaction rates are constrained by the range [;, u;].

3.3.1 Toy Model Settings

As shown in Fig. 3.2, we set m; as the new target metabolite. In the original model,
m7 does not have an external reaction, therefore it is necessary to add an auxiliary
reaction o to simulate its secretion. The other components of C; and C, part of the

model are the same as the original one described in Section 2.5.1.

3.3.2 Behaviors of the DBgDel Framework

In STEP 1, the DBgDel framework constructs a gene set Gemain for the initial re-
maining gene pool. From the analysis in Section 2.5.1, we know that three gene
deletion strategies enable growth-coupled production of the target metabolite ms:
{1}, {91,935}, and {g1, g4 }. These strategies are used as inputs of STEP 1 to gen-
erate their corresponding remaining genes. As shown in Table 3.1, the remaining
genes from these strategies all include g; and g;. Consequently, we have Predicted-

Gremain = {92, g5} for the target metabolite my.
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Table 3.1: The remaining genes correspond to the gene deletion strategies that en-
able growth-coupled production of the target metabolite in the toy example.

Gene deletion strategies Corresponding remaining genes

{g1} {92, 93,94, 95}
{91,93) {92, 94,95}
{91,94) {92,93, 95}

Table 3.2: Gene deletion strategies for the toy example in Fig. 3.2 are classified into
four types according to the resulting flux distributions (reaction rates).

Type Gene deletion strategies classified by flux distributions

1 0, {gs}, {94}
2 Agn} {91,93}, {91, 94}
3 {93,94)

4 {91,93, 94}

For comparison, we also constructed the toy model’s growth-essential gene set,
denoted as G, by examining its cell growth reaction situation. Specifically, since
deleting g, always leads to GR = 0, in this example, we have Ggg = {g2}.

Next in STEP 2, we set the initial remaining gene pool as Predicted-G/emain. The
GPR rules related to the genes in Geman are modified. Specifically, for g, and gs,
we modify fg into fs : p¢ = go = 1, and f7 into f7 : p; = g2 A\ g5 = 1. According
to the modified GPR rules, genes g, and g5 will never be deleted, the gene deletion
algorithm gDel in STEP 2 doesn’t need to compute their related gene deletions,
leaving only three genes (g1, g3 and g4) in the searching space. Therefore, only
23 = 8 patterns of gene deletions are left in this example, which are classified into
four cases according to the flux distributions, as described in Table 3.2. Similarly,
in the case of using G as the initial remaining gene pool (Gremain = Gar), the
gDel algorithm needs to compute 2* = 16 patterns of gene deletions.

In the original state of the toy model, where no genes are deleted, when we
maximize GR, we can obtain its maximum value max(GR) = max(vg) = 10.
However, there are two paths to reach from the substrate uptake reactions r; and 5
to the growth reaction rg: (ry — 173 — 16 — rg) and (ro — 14 — 17 — r6 —> Tg).
If both two paths mentioned above are used, and the second one achieves maximum
fluxes, GR = 10 and PR = 8 can be obtained, as shown in ID 1 in Table 3.3. This
is the most optimistic case regarding the value of PR. However, if only the first path
isused, GR = 10 and PR = 0 can be obtained, as shown in ID 2 of Table 3.3. This
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Table 3.3: The resulting flux distribution of Types 1 to 4 gene deletion strategies.
For each gene deletion strategy type, the most optimistic (best) and pessimistic
(worst) PR (v1p) at GR (vg) maximization are shown.

D Gene deletion . PR Flux distribution

Strategy situation v Uy U3 U4 Vs Vg Ur Vs Vo  Ulo
2 ™l o o 100 0o o o
R R R R R
e ™ oy 1000 om0 o o
s MRt oW 0 0 00000 0 o

is the most pessimistic case regarding the value of PR. Therefore, in the original
state of the toy model, we have GR = 10 and PR = 0. Gene deletion strategies
{gs} and {g4} are also classified as Type 1 because the same flux distribution is
obtained.

IDs 3 and 4 of Table 3.3 describe the most optimistic and pessimistic flux dis-
tributions regarding the PR value when g, is deleted. When g; is deleted, f3 : p3 =
g1 = 0 is obtained and vj3 is forced to be zero. The maximum GR is vg = 8 since
only the second path (from 75 to 7g) that reaches cell growth reaction can be used.
The flux distribution is uniquely determined, v; = v5 = 0, vy = v4 = V7 = V19 = 8
are obtained, and PR is 8 for both optimistic and pessimistic cases regarding the PR
value. The gene deletion strategies { g1, g3} and {g1, g4} are also classified as Type
2 as shown in Table 3.3.

IDs 5 and 6 of Table 3.3 describe the flux distributions when { g3, g4} are deleted.
When {gs, g4} are deleted, fy : py = g3V g4 = 0 and f5 : ps = g4 = 0 are obtained,
both v4 and v are forced to be zero. The maximum GR is vg = 10 since only the
first path (from 7, to rg) that reaches cell growth reaction can be used. The flux
distribution is uniquely determined, v; = v = vg = 10, v = v; = v9 = 0 are
obtained, and PR is O for both optimistic and pessimistic cases regarding the PR
value.

IDs 7 and 8 of Table 3.3 describe the flux distributions when {g1, g5, g4} are
deleted. When {g1, g3, g4} are deleted, f3: p3 =91 =0, fs: ps = g3V g4 = 0, and
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Table 3.4: The constraint-based models that were used in the computational exper-
iments.

Model e_coli_core iMM904 iML1515
#Genes 137 905 1516
#Growth essential genes 7 110 196
#G remain gENES 11 178 254
#Predicted-Gemain g€NES 23 195 267
#Randomly chosen genes 23 195 267
#Reactions 95 1577 2712
#Metabolites 72 1226 1877
#Target metabolites 48 782 1085
#Target metabolites (extracellular space) 8 82 94
#Target metabolites (non-extracellular space) 40 700 991

f5 : ps = g4 = 0 are obtained, v3, v4 and v5 are forced to be zero. The maximum
GR is vg = 0 since none of the two paths (from r; or 5 to 7g) that reach cell
growth reaction can be used. The flux distribution is uniquely determined where
all reaction rates become zero, therefore PR is O for both optimistic and pessimistic
cases regarding the PR value.

Through all the cases above, we find that for gene deletion strategies of Type
2, even in the most pessimistic case, we still meet the criteria of PR > P Riyeshold
and GR > G Ruyeshola- Consequently, in our example of the toy model, this type of

deletions enable growth-coupled production of the target metabolite 1.

3.4 Computational Experiments

This section presents comprehensive computational experiments to validate the ef-
fectiveness of DBgDel. We first describe the experimental setup, including the
metabolic models, baseline methods, and evaluation metrics. We then present de-
tailed results comparing DBgDel with existing methods and analyze the impact of

different initial gene pool settings.

3.4.1 Experimental Setup

In the computational experiments, we applied the DBgDel framework to three
metabolic models e_coli_core [47], iMM904 [48], and iMLI1515 [49]. The number
of reactions, genes, and metabolites for the three metabolic models are summarized
in Table 3.4.



3.4. Computational Experiments 37

We define four types of genes used in the experiments, i.e., Growth Essential
(GE) genes, Gremain genes, Predicted-Gremqain genes, and Randomly Chosen (RC)

genes as below:

* Growth Essential (GE) genes: A gene is defined as a growth essential gene

when its deletion results in a maximum GR of zero in FBA analysis.

* Gremain genes: For a given metabolic model, we track the maximal gene dele-
tion strategies for all its metabolites archived in the MetNetComp database,
as outlined in Eq. 3.1 in STEP 1. Specifically, genes present in the result-
ing Gremain are remained in the maximal gene deletion strategies for all the

metabolites. We defined them as Gem,in genes.

* Predicted-Gemain genes: For a given metabolic model, we track only the max-
imal gene deletion strategies for the metabolites that exist in the extracellular
space (metabolite whose name ends with ’_e’) archived in the MetNetComp
database. The calculation is outlined in Eq. 3.1 in STEP 1. In this case, the re-
sulting gene set is calculated based only on information about the extracellular

space metabolites. We defined them as Predicted-G'emain gene.

* Randomly Chosen (RC) genes: A set of genes randomly chosen from the
given metabolic model. RC genes have no biological significance and are used
to ensure a fair comparison of effectiveness in narrowing the search space. The

number of RC genes equals that of Predicted-G/emain genes.
We design the computational experiments as follows:

1. Evaluate the overall computational efficiency of different gene deletion calcu-
lation methods. We compared the performance of DBgDel with other baseline
methods, including GDLS, optGene, gDel_minRN, and gMCSE.

2. Evaluate the efficacy of different initial gene pool settings of DBgDel. We
compared the performance of DBgDel with different initial gene pools in
STEP2: Predicted-Giemain genes, GE genes, Giemain genes, and RC genes.
Here, Predicted-Gieman 1S the default choice of the initial gene pool, and

G'remain S€rVes as the performance benchmark.

Note that some metabolites cannot be produced through simulation-based
growth-coupled production. We determined and excluded such metabolites from

the target metabolites by calculating their theoretical maximum PR. When a target
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metabolite does not have an external (exchange) reaction, an auxiliary exchange
reaction was temporarily added to the model to simulate the secretion. The unit of
every reaction rate is mmol/gDW/h, which will be omitted hereafter for simplicity
of notation. Throughout this chapter, we set G Ryyreshold = P Riweshora = 0.001,
ensuring both non-trivial growth and production while avoiding numerical artifacts
in optimization.

All procedures in the computational experiments were implemented on a
Ubuntu 20.04.6 LTS machine with an Intel Xeon Gold Processor with 2.30 GHz 64
cores/128 threads, 128 GB memory, and 1TB SSD. This workstation had CPLEX
12.10, COBRA Toolbox v3.0, CellNetAnalyzer ver.2023.1, and MATLAB R2019b

installed and used for these analyses.

Baseline Methods

We compared DBgDel with four existing methods:

* GDLS [50]: A genetic algorithm-based method available in COBRA Toolbox
[51].

* optGene [52]: A genetic algorithm-based strain design method available in
COBRA Toolbox [51].

* gDel_minRN [23]: A MILP-based algorithm that maximizes repressed reac-

tions.
* sMCSE [22]: A minimal cut set-based method available as API in CellNet-
Analyzer [53]; we evaluated its first resulting MCS.
Evaluation Metrics

We evaluated each method using:

* Success rate: Proportion of target metabolites for which a gene deletion strat-
egy achieves GR > 0.001 and PR > 0.001 in the most pessimistic flux dis-

tribution scenario.

* Computational time: Average elapsed time in seconds across all target

metabolites.

* Production rate percentile ranks: Distribution of PRs compared to MetNet-

Comp baselines, calculated as percentile ranks.
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3.4.2 Results and Analysis
Performance Comparison with Baselines

For e_coli_core: Table 3.5 summarizes the performance comparison between the
proposed method DBgDel (using Predicted-Gremain genes as the initial remaining
gene pool) with GDLS, optGene, gDel_minRN, and gMCSE in the context of tar-
geting 40 non-extracellular space metabolites of e_coli_core. Regarding the success
rate, DBgDel achieved success in 24 out of 40 target metabolites, meeting the min-
imum GR and PR threshold of 0.001 or higher during GR maximization. In com-
parison, GDLS succeeded in only 5 out of 40 cases, optGene in 22 out of 40 cases,
gDel_minRN in 28 out of 40 cases, and gMCSE in 7 out of 40 cases. Regarding
computational efficiency, optGene required significantly more extended time, with
an average of 1779.30 seconds, while the other methods cost about 1 second.

For iMM904: Table 3.5 summarizes the performance comparison between the
proposed method DBgDel (using Predicted-Gemain genes as the initial remaining
gene pool) with GDLS, optGene, gDel_minRN, and gMCSE in the context of tar-
geting 700 non-extracellular space metabolites of iMM904. Regarding the success
rate, DBgDel achieved success in 81 out of 700 target metabolites, meeting the min-
imum GR and PR threshold of 0.001 or higher during GR maximization. In compar-
ison, GDLS failed in all 700 cases, optGene succeeded in only 27 out of 700 cases,
gDel_minRN in 116 out of 700 cases, and gMCSE in 17 out of 700 cases. DBgDel
demonstrated outstanding performance in average elapsed time, with a mean time
of 79.92 seconds. GDLS had an average time of 243.42 seconds, optGene required
significantly more extended time with an average of 1986.45 seconds, gDel_minRN
had an average time of 422.32 seconds, and gMCSE had an average time of 584.24
seconds.

For iML1515: Table 3.5 summarizes the performance comparison between the
proposed method DBgDel (using Predicted-Gremain genes as the initial remaining
gene pool) with GDLS, optGene, gDel_minRN, and gMCSE in the context of tar-
geting 991 non-extracellular space metabolites of iML1515. Regarding the success
rate, DBgDel achieved success in 507 out of 991 target metabolites, meeting the
minimum GR and PR threshold of 0.001 or higher during GR maximization. GDLS,
gMCSE, and optGene failed in all 991 cases, and gDel_minRN succeeded in 508
out of 991 cases. DBgDel demonstrated outstanding performance with an average

elapsed time of 431.75 seconds. GDLS had an average time of 244.58 seconds,
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Table 3.5: Performance comparison between the proposed method DBgDel (using
Predicted-Gemain genes as the initial remaining gene pool) with GDLS, optGene,
gDel_minRN, and gMCSE. Each gene deletion strategy was deemed successful if it
achieved a minimum GR and PR of 0.001 or higher during GR maximization. The
unit of elapsed time is second (s).

Model Method Success Average time (s)
rate All Success=1  Success=0
DBgDel 24/40 1.12 0.59 1.91
GDLS 5/40 1.24 1.24 1.24
e_coli_core gMCSE 7/40 1.73 1.73 1.73
optGene 22/40  1779.30  1779.30 1779.30
gDel_minRN  28/40 1.62 0.82 322
DBgDel 81/700 79.92 22.89 87.38
GDLS 0/700 243.42 - 243.42
IMM904 gMCSE 17/700  584.24 584.24 584.24

optGene 27/700  1986.45  1986.45 1986.45
gDel_minRN 116/700 422.32 189.90 459.31

DBgDel 507/991 431.75 92.46 787.17

GDLS 0/991 244.58 - 244.58

IMLI515 gMCSE 0/991  1892.39 — 1892.39
optGene 0/991  2193.45 - 2193.45

gDel_minRN 508/991 2541.23  481.66 4561.56

optGene required significantly more extended time with an average of 2193.45 sec-
onds, gDel_minRN had an average time of 2541.23 seconds, and gMCSE had an

average time of 1892.39 seconds.

Impact of Initial Gene Pool Settings

Table 3.6 summarizes the performance comparison between the proposed method
DBgDel with different initial remaining gene pool settings for e_coli_core. When
utilizing Predicted-Gemain genes as the initial remaining gene pool, the success rate
in achieving the minimum GR and PR threshold of 0.001 or higher during GR
maximization was 24 out of 40 instances. Similarly, when using the GE genes
as the initial remaining gene pool, the success rate was 28 out of 40 instances.
When employing Gremain genes as the initial remaining gene pool, the success rate
remained at 28 out of 40 instances. Additionally, when employing RC genes as the

initial remaining gene pool, the success rate decreased to 21 out of 40 instances.
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As for computational efficiency, since the model scale of e_coli_core is relatively
small, all four settings of the initial remaining gene pool can achieve a computation
time of around 1 second, which is short enough.

Table 3.6 summarizes the performance comparison between the proposed
method DBgDel with different initial remaining gene pool settings for iMM904.
The search space of gDel_minRN is larger than that of DBgDel, but the success
rates of GE genes and G ey are higher. This is because GE genes and Gemain
effectively utilize information about the genes that must not be deleted, which
gDel_minRN does not refer to. When utilizing Predicted-G/emain genes as the initial
remaining gene pool, the success rate in achieving the minimum GR and PR thresh-
old of 0.001 or higher during GR maximization was 81 out of 700 instances. When
using the GE genes as the initial remaining gene pool, the success rate was 120
out of 700 instances. When employing Giemain genes as the initial remaining gene
pool, the success rate remained at 126 out of 700 instances. Additionally, when
employing RC genes as the initial remaining gene pool, the success rate decreased
to 65 out of 700 instances. Examining the computational efficiency, the proposed
method demonstrated varied performance regarding elapsed time for successful
cases. For instances where success was achieved, the average elapsed time was
22.89 seconds with Predicted-G emain genes, 189.90 seconds with GE genes, 47.82
seconds with Giemain genes, and 31.93 seconds with RC genes. In contrast, for
cases where success was not achieved, the average elapsed time was 87.38 seconds
with Predicted-G emain genes, 459.31 seconds with GE genes, 224.19 seconds with
Gremain genes, and 157.42 seconds with RC genes. Considering all cases, regardless
of success or failure, the proposed method showed outstanding average elapsed
times when using Predicted-Gemain genes, with values of 79.92 seconds.

Table 3.6 summarizes the performance comparison between the proposed
method DBgDel with different initial remaining gene pool settings for iMLI1515.
When utilizing Predicted-Gemain genes as the initial remaining gene pool, the
success rate in achieving the minimum GR and PR threshold of 0.001 or higher
during GR maximization was 507 out of 991 instances. When using the GE genes
as the initial remaining gene pool, the success rate was 508 out of 991 instances.
When employing Giemain genes as the initial remaining gene pool, the success
rate remained at 508 out of 991 instances. Additionally, when employing RC
genes as the initial remaining gene pool, the success rate decreased to 178 out

of 991 instances. Examining the computational efficiency, the proposed method
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Table 3.6: Performance comparison of DBgDel with different initial remaining gene
pool settings. Each gene deletion strategy was deemed successful if it achieved a
minimum GR and PR of 0.001 or higher during GR maximization. The unit of
elapsed time is second (s).

Model Imtllal gene Success Average time (s)
poo rate All Success=1 Success=0
Predicted-Gremain ~ 24/40 1.12 0.59 1.91
li cor GE 28/40 1.33 0.68 2.83
e-con_core Glremain 28/40  1.12 0.60 2.57
RC 21/40 1.17 0.59 2.34
Predicted-Gremain ~ 81/700 79.92 22.89 87.38
) GE 120/700 413.13 189.90 459.31
iIMM904 G'remain 126/700 192.44 47.82 224.19
RC 65/700  145.77 31.93 157.42
Predicted-Gremain  507/991  431.75 92.46 787.17
) GE 508/991 2470.15 481.66 4561.56
iIMLIS1S G'remain 508/991 463.70 90.30 858.01
RC 178/991 713.74 80.26 852.43

demonstrated varied performance regarding elapsed time for successful cases. For
instances where success was achieved, the average elapsed time was 92.46 seconds
with Predicted-Gemain genes, 481.66 seconds with GE genes, 90.30 seconds with
Gremain genes, and 80.26 seconds with RC genes. In contrast, for cases where
success was not achieved, the average elapsed time was 787.17 seconds with
Predicted-Gremain genes, 4561.56 seconds with GE genes, 858.01 seconds with
Gremain genes, and 852.43 seconds with RC genes. Considering all cases, regardless
of success or failure, the proposed method showed outstanding average elapsed
times when using Predicted-Gemain OF Gremain genes, with values of 431.75 and
463.70 seconds.

Comparison of PR Percentile Ranks

To further analyze the trade-offs in DBgDel and discuss the limitations of its re-
sulting gene deletion solutions, we compare the PRs obtained by DBgDel with the
PRs listed in MetNetComp for target metabolites in three models under study. The
DBgDel PRs were derived from computational simulations of metabolic models

using DBgDel gene deletion strategies. The MetNetComp PRs were obtained from



3.5. Discussion 43

Table 3.7: Distribution of percentile ranks for target metabolites PRs across three
metabolic models using DBgDel, with MetNetComp PRs as baselines.

Percentile range e_coli_core iMM904 iMLI515

0% 8.82% 25.56% 0.91%
0-30% 38.23% 6.67% 1.21%
30-60% 0.00% 4.44% 31.72%
60-90% 0.00% 1.11% 0.91%
>90% 52.94% 62.22%  65.26%

the MetNetComp database as a baseline for comparison.

Table 3.7 summarizes the resulting distribution of percentile ranks for target
metabolites PRs across three metabolic models using DBgDel. Percentile ranks
were calculated using MetNetComp PRs as baselines. A percentile of 0% indi-
cates a zero production rate and, consequently, a failure to achieve growth-coupled
production. In the e_coli_core model, the largest proportion of target metabolites
(52.94%) fell within the >90% percentile range, followed by 38.23% in the 0-30%
range. Smaller proportions were observed in the 0% (8.82%) and the 30-60% and
60-90% ranges (both 0%). For the iMM904 model, the largest proportion of tar-
get metabolites (62.22%) were in the >90% range, followed by 25.56% in the 0%
range. Smaller proportions were observed in the 0-30% (6.67%), 30-60% (4.44%),
and 60-90% (1.11%) ranges. In the iML1515 model, the >90% range had the high-
est proportion of metabolites (65.26%), followed by 31.72% in the 30-60% range.
The 0% range accounted for 0.91%, and the 0-30% and 60-90% ranges accounted
for 1.21% and 0.91%, respectively.

3.5 Discussion

This chapter introduced DBgDel, a framework that bridges database knowledge
with algorithmic computation to accelerate gene deletion strategy calculation.
The key insight is that genome-scale metabolic models exhibit core metabolic
components—genes consistently retained across successful strategies—that can be
systematically extracted from databases and used to constrain downstream opti-
mization. By protecting these core components from deletion, DBgDel substan-
tially narrows the algorithmic search space while maintaining competitive solution

quality.
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Experimental results demonstrate that DBgDel achieves an average 6.1-fold ac-
celeration across three genome-scale metabolic models compared to existing meth-
ods, with speedups of 1.45-fold, 2.4-fold, and 5.89-fold over the previously best-
performing method gDel_minRN for e_coli_core, iMM904, and iML1515, respec-
tively. Critically, this acceleration does not come at the expense of solution quality:
success rate gaps compared to gDel_minRN are only 10%, 5%, and 0.1% across the
three models, demonstrating a favorable efficiency-quality trade-off. The produc-
tion rate percentile rank analysis reveals that DBgDel strategies achieve competitive
local solutions, with a significant portion of target metabolites reaching >90% per-
centile production rates when compared to MetNetComp baselines. This indicates
that the database-derived constraints effectively guide the optimization toward high-
quality regions of the solution space rather than simply restricting it arbitrarily. This
also implies that even compared to global optimization methods like RobustKnock
[54], which cannot effectively compute large-scale gene deletions for genome-scale
metabolic models, the iterative approach of DBgDel still delivers competitive local
solutions in terms of resulting production rates.

The comparative analysis between different initial gene pool settings provides
important validation of the framework’s core mechanism. The substantial perfor-
mance degradation when using random candidate genes—with success rate dif-
ferences of 7%, 9%, and 33% across the three models—demonstrates that STEP
1I’s database extraction effectively captures meaningful biological constraints rather
than simply reducing search space arbitrarily. Moreover, the observation that this
effect becomes more pronounced as model scale increases confirms that database
knowledge becomes increasingly valuable for large-scale metabolic networks where
exhaustive search is prohibitive. The framework’s focus on maximal gene deletion
strategies, which reveal core metabolic flows essential for growth-coupled produc-
tion, provides both computational efficiency and biological interpretability. More-
over, based on the resulting maximal gene deletion strategies, it is also possible to
derive many other gene deletion strategies with fewer gene deletions [55].

However, DBgDel’s achievements must be understood within the constraints of
its design philosophy. The framework remains fundamentally dependent on down-
stream optimization algorithms, requiring iterative MILP solving for each new tar-
get metabolite. The extraction rules in STEP 1, while effective, are hand-crafted
and rely on the availability of maximal strategies in the database, potentially limit-

ing applicability to emerging organisms or novel metabolic contexts. Furthermore,
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DBgDel targets acceptable local solutions rather than global optima, prioritizing
rapid identification of viable strategies over exhaustive optimization.

While DBgDel successfully demonstrates that database integration can substan-
tially accelerate gene deletion calculation, it does not fundamentally escape the cal-
culation paradigm: each new target metabolite still requires explicit optimization
with full network modeling and iterative algorithm execution. This raises a more
ambitious question: rather than accelerating calculation, can we reformulate gene
deletion strategy design as a prediction problem that learns patterns from existing
strategies and generalizes to new metabolites without requiring explicit optimiza-
tion at all? This paradigm shift from calculation to prediction forms the focus of
Chapter 4.






Chapter 4

DeepGDel

This chapter presents the second contribution of this dissertation: a deep learning
framework for predicting gene deletion strategies that transitions from optimization-
based calculation to data-driven prediction. We first motivate the paradigm shift
from calculation to prediction, then formulate the gene deletion strategy prediction
problem, present the DeepGDel framework in detail, illustrate its application using

the toy model, and provide comprehensive experimental validation.

4.1 Introduction

DBgDel [56] (Chapter 3) successfully demonstrated that integrating pre-computed
database knowledge with optimization algorithms can substantially accelerate gene
deletion strategy calculation while maintaining competitive success rates. How-
ever, this approach still relies on hand-crafted extraction rules to identify potentially
deletable genes in STEP 1 and remains fundamentally dependent on iterative opti-
mization algorithms in STEP 2 to explore the search space. More broadly, all exist-
ing methods in the gene deletion strategy literature employ a de novo calculation
paradigm that requires explicitly modeling every biochemical interaction within

the metabolic network—every stoichiometric constraint, every flux bound, every

47
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Boolean gene-protein-reaction rule—performing complex mathematical optimiza-
tion for each target metabolite. This comprehensive modeling approach, while the-
oretically sound, creates significant scalability bottlenecks for large genome-scale
metabolic models and limits efficiency for rapid screening applications.

In this chapter, we propose a fundamentally different paradigm by reformu-
lating gene deletion strategy design as a supervised machine learning prediction
problem rather than an optimization-based calculation problem. The key insight is
that instead of explicitly modeling all metabolic interactions and performing itera-
tive search, we can learn patterns and relationships from existing successful gene
deletion strategies and predict new strategies based on these learned patterns. This
paradigm shift becomes feasible when we recognize that metabolites and genes pos-
sess intrinsic characteristics encoded in their sequential representations—SMILES
chemical notation for metabolites captures molecular structure and properties, while
amino acid sequences for genes encode protein function and constraints—and that
deep learning architectures excel at extracting meaningful patterns from sequential
data. By leveraging these representational foundations and the availability of la-
beled data from databases like MetNetComp, we can train models to predict gene
deletion strategies without requiring explicit network modeling or manual rule en-
gineering.

However, transforming this conceptual shift into a working framework presents
several technical challenges. First, we must develop effective numerical representa-
tions for variable-length sequences: SMILES strings and amino acid sequences vary
considerably in length, requiring robust encoding schemes that capture biological
properties relevant to deletion decisions. Second, we must model complex pairwise
relationships between genes and metabolites—predicting the deletion status (delete
or retain) for each gene-metabolite combination—within a framework that handles
severe class imbalance, as most genes are typically retained rather than deleted for
any given target metabolite. Third, we must validate that learned patterns general-
ize to unseen metabolites through rigorous cross-validation designs that assess both
predictive accuracy and biological interpretability.

We introduce DeepGDel (Deep learning-based Gene Deletion framework), a
data-driven prediction framework that addresses these challenges through a modu-
lar neural network architecture. DeepGDel comprises three coordinated modules:
Meta-M learns latent representations of metabolites from SMILES sequences using

an LSTM-based autoencoder; Gene-M learns latent representations of genes from
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amino acid sequences using an identical architecture; and Pred-M integrates these
complementary representations in a pairwise manner to predict deletion status for
each gene-metabolite pair. The framework employs a two-stage training regime:
unsupervised representation learning in the autoencoder modules leverages large
amounts of unlabeled sequence data to capture general structural and functional
patterns, followed by supervised fine-tuning where the Pred-M module learns task-
specific deletion prediction using labeled gene-metabolite pairs. This hybrid train-
ing approach maximizes the model’s ability to leverage sequence information while
focusing on the specific prediction objective.

To the best of our knowledge, DeepGDel represents the first systematic for-
mulation of gene deletion strategy design as a supervised machine learning pre-
diction task, marking a fundamental paradigm shift from optimization-based cal-
culation to data-driven prediction. Experimental validation across three metabolic
models demonstrates substantial performance improvements over both proportion-
based baselines and naive neural network approaches, achieving accuracy gains
of 14.69%, 22.52%, and 13.03% on e_coli_core, iMM904, and iML1515, respec-
tively, while enabling millisecond-scale prediction compared to hours required by
optimization-based methods. Ablation studies confirm that both metabolite and
gene sequence representations provide complementary information essential for ac-

curate prediction.

4.2 Problem Formulation: Gene Deletion Strategy Prediction

We now formally define the gene deletion strategy prediction task. Given a
constraint-based metabolic model C = {C;,Cs} and a set of metabolites M, the
task of gene deletion strategy prediction seeks to infer the gene deletion strategies
DS of target metabolites M,o¢ € M. This task operates under the assumption that
gene deletion strategies for a subset of metabolites, denoted as DSypown, are already
established, while the strategies for the target metabolites remain unknown.

The primary objective is to develop a computational agent F(6), parameterized
by 6, which processes the known deletion strategies along with information on the
metabolic model. This agent aims to generate predictions DS for the target metabo-
lites, optimizing outputs to closely approximate the ground-truth deletion strategies
DS*.

The key distinction from calculation (Algorithm 2) is that prediction operates on

learned representations and patterns from observed strategies rather than explicitly
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Algorithm 5 Prediction of Gene Deletion Strategies for Target Metabolites.
Given: C, DSiuown

Objective: A computational agent F(#), parameterized by 6, to gener-
ate deletion strategy predictions DS for the target metabolites Mier €
M.

1: Such that:
2: 25: = .F(9§DSknowna C)
32 DS~ DS*

Pred-M

.................................... Predicted
Gene Deletion Statue

in Metabolic Model

MLP
-
|

D ,

Reconstruction ; Integrated
Latent Space

Metabolite
Latent Space

MetaNetComp

L

Gene Deletion I ‘Metabol Output Gene ~ Ground
nput Metabolite Del Statue Truth
Strategy Data Sequence data (]Rl) (]Rd) (]RD) (]Rd) cletion Statue Truth Statue
LpeepGiel = Limeta + Lgene + Listatue
Encoder-Decoder Network Structure in
Q /’ Gene-M T \ Rt Meta-M and Gene-M T,
e OO L Encoder H
KEGG ! Reconstruction; ! Input

Gene
Latent Space

MetaNetX Sequence

{

. DS={d1,...,d‘G‘}
Metabolite Tokenize Predicted Gene
and Gene Input Gene Decoder

i
Sequential Data Qqucnccdma @) ®) (D) ® & D uput el ey Deletion Strategy
J \ J ', Sequence ;!

Figure 4.1: System overview of the DeepGDel framework. The framework com-
prises three neural network-based modules: (1) Meta-M, which learns the metabo-
lite latent representation Z,.,; (2) Gene-M, which learns the gene latent representa-
tion Zgene; and (3) Pred-M, which integrates the two upstream latents into a unified
latent representation Z for final gene deletion prediction.

modeling biochemical interactions. While calculation requires a fully parameter-
ized interaction map of all components in C; and C,, prediction focuses on charac-

terizing metabolites and genes as primary information sources.

4.3 DeepGDel Framework

This section presents the DeepGDel framework architecture, which consists of three
neural network-based modules working in concert to predict gene deletion strate-

gies.

4.3.1 Framework Overview

The framework operates in two stages. First, representation learning: Meta-M and
Gene-M learn latent representations from SMILES and amino acid sequences via

unsupervised autoencoder training. Second, prediction: Pred-M integrates these
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representations and performs pairwise binary classification (delete/retain) for each

gene-metabolite pair.

4.3.2 Gene Deletion Strategy Prediction

The DeepGDel framework predicts gene deletion strategies through three coordi-
nated modules that learn specialized representations and integrate them for final
classification. Each module addresses a distinct aspect of the prediction task: Meta-
M captures metabolite chemical structure, Gene-M encodes gene sequence infor-

mation, and Pred-M combines these representations for deletion status prediction.

Meta-M: Metabolite Representation Module

Meta-M captures metabolite characteristics using an LSTM-based autoencoder [57,
58, 59]. We use SMILES notation as input (Section 2.9).

Given a metabolite SMILES sequence S,, of length L,,,, we first tokenize the se-
quence into a discrete set of tokens and apply padding to ensure all sequences have
uniform length L,. The tokenization step converts the raw metabolite sequence,
represented as a string of characters, into a numerical format suitable for processing
by the model. Since metabolite sequences consist of characters representing molec-
ular substructures or chemical components, we adopt a character-level tokenization
approach.

Formally, given a set of N metabolite sequences {S(}) 82~ 'S(M)1 ‘we con-
struct a vocabulary V containing all unique characters appearing in the dataset. Each

sequence S is then mapped into a sequence of token indices:
TO = [ti,ty,...,t0,], t; €V, (4.1)

where ¢; represents the index corresponding to the j-th character in the sequence. To
maintain consistency in sequence lengths, we apply max-padding to all tokenized

sequences, ensuring they have a uniform length L,y:
T6 = [ty ty, ... t1,,0,0,...,0], if Ly, < Luax- (4.2)

Here, the padding token (denoted as 0) is appended to shorter sequences to match
the maximum length found in the training metabolite sequence data. The max-

padding ensures that all input sequences share a consistent dimensionality during
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batch processing. During model training and inference, the model ignores padded
positions to prevent them from influencing learned representations.
The padded sequence is then mapped to a continuous embedded representation

X,, € R via an embedding layer:
X,» = Embedding(T,,) = W.[T,.], 4.3)

where W, € RMI*4 denotes the embedding weight matrix. Each token index in
T,, selects the corresponding row from W, mapping discrete tokens to dense fea-
ture vectors. The resulting X,,, captures the high-dimensional feature space of the
tokenized input sequence T, representing its categorical characteristics in a con-
tinuous embedding space.
The encoder processes X,, through an LSTM to produce hidden states h; at
each step [:
h; = LSTM(x;, h;_1,¢;-1), (4.4)

where h; € RP is the hidden state at step [, and c; is the cell state that maintains
long-term memory.

The LSTM computation involves the following gate operations:

ip=0(Wx;+Uh;_; +b), 4.5)
fi =0 (Wsx; +Ush;_; +by), (4.6)
o, =0 (W,x;+U,h;,_; +b,), 4.7)
¢, = tanh (W.x; + Uch;_; + b,), 4.8)
cg=f0c1+1i0¢, 4.9)
h; = 0, ® tanh(c), (4.10)

where i, f;, and o; denote the input, forget, and output gates, respectively; c; is the
cell state storing long-term memory; and ¢; represents the candidate cell state.

The weight matrices and bias terms have the following dimensions:

W, W; W, W, € RP* 4.11)
U,;,U;,U,, U, € RP*P (4.12)
bivbf7b07bc € RDa (413)

where W, transforms the input embedding x; € R?, U, transforms the previous
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hidden state h;_; € R”, and b, are bias terms. The operator ® denotes element-
wise multiplication, while o(-) and tanh(-) represent the sigmoid and hyperbolic
tangent activation functions, respectively.

We apply layer normalization to stabilize training:
h;*™ = LayerNorm(h;). (4.14)

The final latent representation Z,, is obtained via average pooling over nor-

malized hidden states:
Zmew = AvgPooling({h™}Em). (4.15)

where Z . € RP.
The decoder decodes the hidden state h; at each time step from the latent repre-

sentation Zipea:
h; = LSTM-Decoder(Z e, h;—1), (4.16)

where the LSTM-Decoder follows similar computation as the encoder.
The decoder is initialized using Z,.,, Which serves as the initial hidden and cell
states:
hy = Wi Zinew + b, €0 = WeZiew + be. (4.17)

The final output of the generated tokenized sequence T, is given through:

T,, = GenerateToken(h,), (4.18)

where GenerateToken(+) represents a projection layer followed by a softmax func-

tion to generate t;, corresponding to each character in the tokenized sequence:
t, = arg max o (Wouhy + bou) (4.19)

where o(-) denotes the softmax activation function, and W, and by, are the
weights and bias of the output projection layer.

Training minimizes the categorical cross-entropy reconstruction loss:

1 &im 5
Lineta = T > CrossEntropyLoss(t, t;), (4.20)
m =1

where t; and t; are ground-truth and predicted tokens at step [, respectively.
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The categorical cross-entropy loss for each token is given by:
CrossEntropyLoss( t,, t) = Z t1;log t s “4.21)

where C' denotes the vocabulary size, ¢;; represents the one-hot encoded ground-
truth distribution, and 7 ; is the predicted probability of token i at position /.

This loss quantifies the dissimilarity between predicted and true probability dis-
tributions, encouraging the model to produce a distribution that closely aligns with
the true distribution. By minimizing this loss, Meta-M learns to encode the input
metabolite sequence into Z,;, and leverage it to reconstruct the sequence with high
fidelity.

Gene-M: Gene Representation Module

Gene-M mirrors Meta-M, using amino acid sequences (Section 2.9).

Given an amino acid sequence S, of length L, we tokenize, pad, and embed:
X, = Embedding(T,), (4.22)

where X, € R<.

The encoder-decoder computes:

h; = LSTM-Encoder(X,, h;_,), (4.23)
h;°™ = LayerNorm(h;), (4.24)
Zgene = AvgPooling({h"™},}), (4.25)

Tg = GenerateToken(LSTM-Decoder(Zgene, h;—1)), (4.26)

yielding Zgene € RP.
Training minimizes:
Ly

1 -
Legene = i’ > CrossEntropyLoss(t;, t;). (4.27)

9 =1

Pred-M: Prediction Module

Pred-M integrates the learned representations Zp., and Zg,. using element-wise
multiplication:
7 = Zmeta O, dene; (428)
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where Zie, and Zge,e are the learned representations of the metabolite and gene se-
quences, respectively, both residing in the same D-dimensional feature space. The
resulting vector Z € R” combines gene and metabolite information by multiplying
the corresponding entries of Zew and Zgeye at each dimension. The element-wise
multiplication serves to emphasize the dimensions where both representations align,
while reducing the impact of less significant features. The final vector Z serves as
a compact, interaction-based representation that incorporates both individual and
combined features from the gene and metabolite sequences.
A supervised predictor uses Z as input and outputs the gene deletion status as a
binary classification:
9 = o(MLP(Z)), (4.29)

where o (-) is the sigmoid activation function.
The loss function for the deletion status classification task is the binary cross-

entropy loss:

Lyea = =3 (wilog i+ (1 - y:) og(1 = ). (4:30)

1

where y; is the true label and ¢j; is the predicted probability.

The total loss is:
'CDeepGDel = 'Cmeta + /Cgene + ‘Cpred- (431)

4.3.3 Implementation Details
Device and Optimization

All neural network models were trained within the proposed framework on an
NVIDIA A100-PCIE-40GB GPU with a Xeon Gold 6258R CPU. Model param-
eters were optimized for 100 epochs using the Adam optimizer with a learning rate
of 1 x 1073,

Data Splitting and Balancing

We employed a 10-fold stratified cross-validation scheme, repeated five times with
different random seeds. In each fold, approximately 10% of metabolites were re-
served for testing, while the remainder formed the training set. From the training

data, 10% of metabolites were randomly selected as a validation set.
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Table 4.1: Grid search for hyperparameter selection. The optimal values are high-
lighted in underline.

Hyperparameter ‘ Search Space
Embedding dimension (R%) | {16, 32, 64, 128}
LSTM hidden state {16, 32, 64, 128}
Embedding dimension (RP) | {16, 32, 64, 128}
Dropout rate {0,0.1,0.2}
Batch size {8, 16, 32, 64}

To ensure balanced proportions of deleted and non-deleted genes across training,
validation, and test sets, we applied a gene-wise balancing procedure: for genes
with both deletion states, equal samples were randomly drawn from each state;
otherwise, all instances were retained. Next, global class balancing was performed
by downsampling the majority class to match the minority, yielding a fully balanced
training set. Due to metabolite number constraints, final sample sizes may only
approximate the intended ratios. Performance metrics are reported as mean and

standard deviation across all folds.

Hyperparameters

The hyperparameters of the neural network models were determined via grid search
to identify the optimal configuration, as summarized in Table 4.1. The selected

values were adopted as the default settings for the proposed framework.

Computational Complexity and Runtime

The proposed framework adopts an LSTM-based autoencoder as the backbone neu-
ral network model. The computational complexity of a single LSTM layer is ap-
proximately O(L - d - D), where L is the sequence length, d is the input embedding
size, and D is the number of hidden units. The proposed framework incorporates
two LSTM models in both Meta-M and Gene-M. Consequently, the per-step frame-
work complexity is dominated by the terms O(c- L-d- D), where the factor c arises
from the LSTM layer size in the encoder and decoder.

For model training with a batch size of B, the overall computational complexity
for parallel processing the input gene sequences of length L, and metabolite se-
quences of length L,, is O(B - (Ly + L,,) - ¢ - d - D). The sequence lengths L,

and L,, are the dominant factors influencing the time complexity, as they are fixed
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by the input and directly affect the per-step computations. The actual time cost also
depends on setting the number of hidden units, embedding size, and layer size, as
all these hyperparameters of the neural network contribute to the overall computa-
tional demand. Empirically, the framework, following the optimal values in Table
4.1, demonstrates efficient training, completing 100 epochs in approximately 10

hours under our experimental conditions.

4.4 Toy Model Illustration

To illustrate DeepGDel and the BPM baseline, we apply them to Toy Model 2 from

Section 2.5.2 with a new target metabolite.

4.4.1 DeepGDel Application

To apply DeepGDel to the toy model:
* Metabolites are represented via SMILES notation (Section 2.9).
* Genes are represented via amino acid sequences (Section 2.9).

* For the Type 4 gene deletion strategies from Chapter 2 (Toy Model 2, Ta-
ble 2.3) that achieve growth-coupled production for mg, we set labels 0 for

deleted genes and 1 for retained genes.

Training proceeds in two stages: first, Meta-M and Gene-M learn latent rep-
resentations from SMILES and amino acid sequences through unsupervised au-
toencoder training; then, Pred-M integrates these representations to perform binary
classification. The predicted deletion statuses for genes and metabolites align with
the ground-truth strategies, confirming that the framework successfully learns pre-

dictive patterns from the toy model data.

4.4.2 BPM Baseline Illustration

We also apply the BPM baseline method to Toy Model 2 with a new target metabo-
lite m; to demonstrate its execution. We add an auxiliary reaction 1, to simulate
the secretion of m;.

Step 1: Extract Training Data. In this example, the training dataset contains
only one maximal gene deletion strategy Dp.x = {93, g4} (Type 4 from Table 2.3)

for mg.
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Figure 4.2: Toy model with new target metabolite m, for DeepGDel illustration.
An auxiliary reaction 719 was added to simulate the secretion of m;.

Step 2: Compute Occurrence Counts. For each gene g; in the toy model,

referring to D,.x, the counts are derived as follows:

No(gi,me) =1, N1(gi,me) =0 for g; € {gs, 94},
N0<gi7m6> - 07 Nl(giamfi) =1 for 9; S {91792795}'

Step 3: Calculate Non-Deleted Proportions. The proportion of non-deleted

occurrences ¢ (g;) for each gene is calculated as:

N1<gl) 0, 1= 3,4
01(g:) = =
No(g:) + Ni(g:) 1, i=1,2,5

Step 4: Apply Threshold to Predict States. Using the threshold 7 = 0.5, the

state of each gene g; is predicted as:

91:q(g1) =1.0>05=9(g) =1,
g2 q1(g2) = 1.0 > 0.5 = g(g2) = 1,
93 q1(g3) = 0.0 < 0.5 = §(g3) =0,
94 : q1(94) = 0.0 < 0.5 = §(g94) =0,
g5 q1(gs) = 1.0 > 0.5 = g(g5) = 1.
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Table 4.2: Summary of constructed datasets for three metabolic models.

Dataset component e_coli_core iMM904 iML1515
#Deletion strategies 41 105 443
#Genes per strategy 137 905 1516
#SMILES terms 41 99 425
#Dummy SMILES 0 6 18
#AA sequences 136 889 1513
#Dummy AA sequences 1 16 3
#Balanced train samples 4932 85070 603368
#Balanced test samples 685 9955 68220

As a result, the BPM method predicts the gene deletion strategy for m; as:
Ypred = [1,1,0,0,1]. This indicates that g5 and g4 are deleted, while g;, g», and

g5 remain non-deleted.

4.5 Computational Experiments

This section describes models, data, baselines, metrics, and results.

4.5.1 Experimental Setup

We use three models: e_coli_core [47], iIMM904 [48], iML1515 [49]. Data sources:
MetNetComp (strategies), MetaNetX (SMILES), KEGG (amino acid sequences).
Splits follow Section 4.3.5; class balancing applied.

Data Balancing

DeepGDel’s training data exhibits severe class imbalance: non-deleted genes (label
1) vastly outnumber deleted genes (label 0). To address this, we generate balanced
gene-metabolite pairs for training.

For each gene deletion strategy y € DSynown corresponding to metabolite m, we
create tuples (g;, m,y;) for all genes ¢g; € G, where y; € {0,1} indicates whether
gene g; 1s deleted (0) or retained (1) in the strategy. We then balance the dataset by
sampling equal numbers of deleted and non-deleted instances.

The balanced dataset is split into training/validation (80%) and test (20%) sets,
with class balance maintained in each split. As shown in Table 4.2, this balancing

process results in substantially increased sample counts: for example, e_coli_core
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has 4,932 balanced training samples from 41 deletion strategies, and iML1515 has
603,368 balanced training samples from 443 strategies.

This balanced sampling ensures that the model learns meaningful patterns from
both deletion and retention cases rather than being biased toward predicting all

genes as non-deleted.

Baseline Methods

We compared DeepGDel against two baseline methods:

BPM (Baseline Prediction Method): A proportion-based method that extracts
training data from known maximal gene deletion strategies and computes occur-
rence counts. For each gene ¢;, BPM counts occurrences across all metabolites in

the training set:

No(g:) = . W[g; deleted in strategy for m)], (4.32)
meMtrain
Ni(g:) = Z W¥[g; retained in strategy for m], (4.33)
meMtl’ain
N1(g
a(g:) = 15 (4.34)

-~ No(gs) + Nilgi)’

where M., is the set of metabolites in the training set and J[] is the indicator
function. The method then applies a threshold 7 = 0.5 to predict deletion status:
9(g:) = 1if ¢1(g;) > 0.5, otherwise §(g;) = 0.

DNN (Deep Neural Network): A deep learning-based baseline adopting a sim-
plified design [60]. The DNN takes as input the same tokenized and padded se-
quences of the gene T, and metabolite T, as used in DeepGDel. Unlike the mod-

ular architecture of DeepGDel, this baseline:

X, = Embedding(T,), (4.35)
X, = Embedding(T,,), (4.36)
X = [Xy: X, (4.37)
h; = ReLU(W,X + by), (4.38)
J = 0(Wsh; +by), (4.39)

where § = P(y = 1| T,, T,,;6), y € {0,1} denotes the ground-truth label, and
0 = {W1, Wy, by, by} represents learnable parameters. The DNN is trained using

binary cross-entropy loss with the same setup as DeepGDel.



4.5. Computational Experiments 61

Evaluation Metrics

We evaluate model performance using four metrics: overall accuracy, macro-

averaged precision, recall, and F1 score, along with macro-averaged AUC.
Overall Accuracy: Accuracy measures the proportion of correctly classified

instances out of total instances. Overall accuracy represents the proportion of genes

correctly classified as deleted or non-deleted across all metabolites:

S S (TP, + TN,,)
M| x |G| ’

Overall Accuracy = (4.40)

where T'P and T'N denote true positives and true negatives.

Macro-Averaged Precision: Precision measures the proportion of true positive
predictions out of all positive predictions for each class. Macro-averaged precision
is the average of precision values across both classes:

M|
1
Macro-Averaged Precision = |M| Z Z 4.41)

TP ; T+ F Pm
Macro-Averaged Recall: Recall (sensitivity) measures the proportion of true
positives out of all actual positives for each class. Macro-averaged recall is the

average across both classes:

|M|11

1
Macro-Averaged Recall = ]M\ Z 5 - Z 7 P — F Nm (4.42)

Macro-Averaged F1 Score: F1 is the harmonic mean of precision and recall

for each class. Macro-averaged F1 is the average across both classes:

SEDI Prec.,,, - Recall,,,
|M| 2 Prec.,,, + Recall,,,

m=1 ~ =0

Macro-Averaged F1 Score =

(4.43)

Macro-Averaged AUC: Area under the ROC curve, averaged across classes.

All metrics are reported as mean =+ std over folds.

4.5.2 Results and Analysis
Performance Comparison with Baselines

The results of performance comparisons with baseline methods across the three

metabolic models under study are summarized in Table 4.3.
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For e_coli_core: Table 4.3 summarizes the performance comparison between
the proposed framework DeepGDel and baseline methods in the context of target-
ing GCP-possible metabolites of e_coli_core metabolic model. Regarding overall
accuracy, DeepGDel achieved the highest score of 71.90% across all tested tar-
get metabolites. In comparison, the BPM and DNN baselines achieved 57.21% and
62.68%, respectively. Regarding the macro-averaged precision, recall, F1 score, and
AUC, DeepGDel achieved the highest performance with 71.72%, 72.15%, 70.14%,
and 71.88%, respectively. In comparison, the BPM and DNN baselines showed
lower and less balanced results: BPM achieved 56.68%, 71.04%, 61.35%, and
56.74%, while DNN achieved 64.35%, 64.78%, 60.19%, and 62.04%, respectively.

For iMM904: Table 4.3 summarizes the performance comparison between the
proposed framework DeepGDel and baseline methods in the context of targeting
GCP-possible metabolites of iMM904 metabolic model. Regarding overall ac-
curacy, DeepGDel achieved the highest score of 79.78% across all tested target
metabolites. In comparison, the BPM and DNN baselines achieved 57.27% and
69.98%, respectively. Regarding the macro-averaged precision, recall, F1 score, and
AUC, DeepGDel achieved the highest performance with 78.29%, 77.08%, 77.25%,
and 79.45%, respectively. In comparison, the BPM and DNN baselines showed
lower and less balanced results: BPM achieved 54.38%, 73.29%, 60.00%, and
53.06%, while DNN achieved 72.48%, 67.84%, 64.20%, and 67.17%, respectively.

For iML1515: Table 4.3 summarizes the performance comparison between the
proposed framework DeepGDel and baseline methods in the context of targeting
GCP-possible metabolites of iMLI1515 metabolic model. Regarding overall ac-
curacy, DeepGDel achieved the highest score of 67.24% across all tested target
metabolites. In comparison, the BPM and DNN baselines achieved 54.21% and
60.44%, respectively. Regarding the macro-averaged precision, recall, F1 score, and
AUC, DeepGDel achieved the highest performance with 69.59%, 63.76%, 62.59%,
and 66.45%, respectively. In comparison, the BPM and DNN baselines showed
lower and less balanced results: BPM achieved 54.04%, 60.03%, 55.15%, and
51.77%, while DNN achieved 63.96%, 62.09%, 58.11%, and 59.70%, respectively.

Ablation Study

The results of ablation tests on input data type across the three metabolic models

under study are summarized in Table 4.4.
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Table 4.3: Performance comparison between DeepGDel and baseline methods. Best
results in bold. M-Avg. = Macro-averaged.

e_coli_core iMM904 iML1515
BPM DNN DeepGDel BPM DNN DeepGDel BPM DNN DeepGDel

Overall Accuracy (%) 57.21 62.68 71.90 57.27 69.98 79.78 54.21 60.44 67.24
M-Avg. Precision (%) 56.68 64.35 71.72 54.38 72.48 78.29 54.04 63.96 69.59
M-Avg. Recall (%) 71.04 64.78 72.15 73.29 67.84 77.08 60.03 62.09 63.76
M-Avg. F1 Score (%) 61.35 60.19 70.14 60.00 64.20 77.25 55.15 58.11 62.59
M-Avg. AUC (%) 56.74 62.04 71.88 53.06 67.17 79.45 51.77 59.70 66.45

Metric

For e_coli_core: Table 4.4 summarizes the performance comparison between
two ablation variants of DeepGDel, i.e., with only input SMILES data of metabo-
lites or AA sequence of genes, in the context of targeting GCP-possible metabolites
of the e_coli_core metabolic model. When utilizing only SMILES data of metabo-
lites as input, the overall accuracy achieved is 56.05%. In comparison, utilizing only
AA sequence data of genes as input achieved a better overall accuracy of 62.14%.
Regarding the macro-averaged precision, recall, F1 score, and AUC, the variant
with only input of metabolite SMILES data achieved results of 52.59%, 51.76%,
48.65%, and 51.64% respectively. In comparison, the variant with only input of
gene AA sequence data showed less balanced performance with 70.75%, 41.38%,
52.22%, and 61.51% respectively.

For iMM904: Table 4.4 summarizes the performance comparison between two
ablation variants of DeepGDel, in the context of targeting GCP-possible metabolites
of the iMM904 metabolic model. When utilizing only SMILES data of metabolites
as input, the overall accuracy achieved is 64.86%. In comparison, utilizing only
AA sequence data of genes as input achieved a better overall accuracy of 72.97%.
Regarding the Macro-averaged precision, recall, F1 score, and AUC, the variant
with only input of metabolite SMILES data achieved results of 73.06%, 65.64%,
62.10%, and 62.47% respectively. In comparison, the variant with only input of
gene AA sequence data showed better performance with 78.23%, 69.49%, 69.17%,
and 71.88% respectively.

For iML1515: Table 4.4 summarizes the performance comparison between two
ablation variants of DeepGDel, in the context of targeting GCP-possible metabolites
of the iML1515 metabolic model. When utilizing only SMILES data of metabolites
as input, the overall accuracy achieved is 54.05%. In comparison, utilizing only
AA sequence data of genes as input achieved a better overall accuracy of 61.16%.

Regarding the macro-averaged precision, recall, F1 score, and AUC, the variant
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Table 4.4: Ablation comparison: Met-only vs. Gene-only inputs. Best results in
bold.

Metric e_coli_core iMM904 iML1515
Met-only Gene-only Met-only Gene-only Met-only Gene-only
Overall Accuracy (%) 56.05 62.14 64.86 72.97 54.05 61.16
M-Avg. Precision (%)  52.59 70.75 73.06 78.23 57.11 66.81
M-Avg. Recall (%) 51.76 41.38 65.64 69.49 54.82 61.40
M-Avg. F1 Score (%) 48.65 52.22 62.10 69.17 50.43 58.49
M-Avg. AUC (%) 51.64 61.51 62.47 71.88 53.28 60.85

with only input of metabolite SMILES data achieved results of 57.11%, 54.82%,
50.43%, and 53.28% respectively. In comparison, the variant with only input of
gene AA sequence data showed better performance with 66.81%, 61.40%, 58.49%,
and 60.85% respectively.

4.6 Discussion

This chapter presented DeepGDel, a deep learning framework that reformulates
gene deletion strategy design as a supervised prediction problem, departing fun-
damentally from optimization-based approaches. The experimental results demon-
strate the effectiveness of this data-driven paradigm: DeepGDel achieves substan-
tial accuracy improvements of 14.69%, 22.52%, and 13.03% over baselines across
e_coli_core, iMM904, and iML1515, respectively, while maintaining balanced pre-
cision and recall across all models. These improvements indicate that the learned
representations capture meaningful patterns in gene-metabolite relationships that
simple heuristics or naive neural networks fail to extract.

The ablation studies provide important insights into the complementary na-
ture of metabolite and gene representations. When using only SMILES-based
metabolite features, performance drops substantially (e.g., 71.90% to 56.05% in
e_coli_core), demonstrating that metabolite chemical structure alone is insuffi-
cient. Similarly, gene-only features achieve better but still suboptimal perfor-
mance (62.14% in e_coli_core), indicating that gene sequence information provides
stronger but incomplete signal. The full framework’s superior performance across
all models confirms that both modalities are necessary: metabolite characteristics
inform which genes are relevant for production, while gene sequences encode func-

tional constraints that guide deletion decisions.
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A key innovation of DeepGDel is its status as the first supervised machine learn-
ing formulation for gene deletion strategy prediction. By learning from existing
successful strategies, the framework avoids the explicit network modeling and iter-
ative optimization required by traditional methods, enabling millisecond-scale pre-
dictions that scale to large metabolic models. The LSTM-based autoencoder ar-
chitecture captures sequential patterns in both SMILES and amino acid sequences,
learning representations that encode structural and functional information relevant
for deletion decisions. This modular design, with separate unsupervised represen-
tation learning followed by supervised classification, enables the model to leverage
large amounts of unlabeled sequence data through autoencoder pretraining while
focusing the supervised learning on the specific prediction task.

However, several limitations deserve acknowledgment. The framework is re-
stricted to sequential representations and lacks explicit modeling of network topol-
ogy, which may limit its ability to capture pathway-level interactions that are crucial
for understanding metabolic coupling. The learned representations are essentially
black boxes: while the autoencoders successfully encode relevant information, we
cannot articulate what specific biological properties they capture or why particu-
lar deletion predictions are made. Additionally, the framework requires substantial
labeled data from sources like MetNetComp, creating a dependency that may limit
applicability to emerging organisms or newly characterized metabolites. The LSTM
architecture represents a conservative choice that provides strong baseline perfor-
mance but may be superseded by more advanced models such as transformer-based
architectures [61] in future work.

A fundamental limitation of DeepGDel is its exclusive reliance on sequen-
tial representations—amino acid sequences for genes and SMILES strings for
metabolites—which cannot capture the topological relationships among metabo-
lites in metabolic networks. Metabolic systems are inherently networked, with
pathway-level coupling and structural dependencies that determine how flux redis-
tribution following gene deletions affects growth-coupled production. Chapter 5
addresses this limitation by extending DeepGDel with graph-based learning, inte-
grating metabolic network topology into the prediction framework while maintain-

ing the data-driven paradigm.






Chapter 5

GraphGDel

This chapter presents the third contribution of this dissertation: a graph-enhanced
framework for predicting gene deletion strategies that extends DeepGDel by in-
corporating network structure. We first motivate the need for graph-based learn-
ing, present a systematic pipeline for constructing metabolic graphs, introduce the
GraphGDel framework, illustrate its application, and provide experimental valida-

tion.

5.1 Introduction

DeepGDel [62] (Chapter 4) successfully demonstrated that deep learning ap-
proaches can accelerate gene deletion strategy design by learning from exist-
ing successful strategies, achieving substantial accuracy improvements through
sequence-based representation learning. However, this framework focuses exclu-
sively on sequential data—amino acid sequences for genes and SMILES strings
for metabolites—while metabolic systems are fundamentally networked entities
with complex topological relationships. Metabolites do not act in isolation; they
participate in multiple interconnected pathways where flux redistribution following
gene deletions depends critically on the structural coupling between metabolic

components. This network topology is essential for understanding how growth and

67
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production become coupled, and ignoring these structural relationships may limit
the predictive power of any gene deletion strategy framework.

Graph representations provide a natural and powerful framework for capturing
these structural interactions. Unlike sequential encodings, graphs explicitly model
entities as nodes and their relationships as edges, enabling algorithms to leverage
topological patterns such as path connectivity, clustering, and centrality. Recent
advances in graph neural networks (GNNs) have demonstrated remarkable suc-
cess on biological data, extracting meaningful structural patterns for tasks ranging
from protein-protein interaction prediction to molecular property estimation. By
applying graph-based learning to metabolic networks, we can potentially capture
pathway-level constraints and coupling relationships that sequential representations
alone cannot access.

Integrating graph learning into gene deletion strategy prediction offers clear po-
tential benefits but also presents significant technical challenges. Unlike manually
curated pathway databases like KEGG, which provide explicit graphical representa-
tions with nodes and edges, genome-scale metabolic models (GEMs) are fundamen-
tally algebraic structures: stoichiometric matrices encode mass balance constraints,
Boolean GPR rules link genes to reactions, and flux bounds define reaction capac-
ity limits. This algebraic formulation does not immediately yield an interpretable
graph with nodes representing biological entities and edges encoding their inter-
actions, creating a representational gap that must be bridged systematically. We
therefore require a principled pipeline to construct biologically meaningful graphs
from these algebraic formulations while preserving the essential structural logic of
the underlying metabolic network.

A second fundamental challenge arises from the presence of currency metabo-
lites that participate ubiquitously in metabolic reactions. Metabolites such as ATP,
NADH, NADPH, water, and protons appear as substrates or products in hundreds
of reactions across diverse pathways, creating densely connected hub nodes that
can fundamentally distort the network’s topological properties. For example, ATP
is produced or consumed in virtually all energy-coupling reactions, creating edges
to nearly every metabolic pathway in the network. These highly connected hubs
obscure pathway-specific structure, create spurious shortest paths between unre-
lated metabolites, and introduce substantial topological noise that may confound
graph-based learning algorithms. While curated databases like KEGG and BiGG

manually collapse or remove these currency metabolites to improve visual clarity
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and pathway interpretation, the systematic impact of these topological artifacts on
graph-based learning remains underexplored.

This chapter introduces GraphGDel (Graph-based Gene Deletion framework),
a novel extension of DeepGDel that incorporates metabolite graph modeling to ad-
dress these challenges. GraphGDel makes three key contributions: (1) a systematic
four-step graph construction pipeline that transforms algebraic GEM representa-
tions into biologically meaningful metabolite graphs, handling both the representa-
tional gap and the currency metabolite problem through principled refinement; (2)
a new Graph-M module that uses graph convolutional networks (GCNs) to learn
structure-aware metabolite representations, complementing the existing sequential
features from Gene-M and Meta-M; (3) empirical validation demonstrating that this
is the first successful application of graph learning to gene deletion prediction, with
consistent performance improvements of 14.04%, 16.26%, and 13.18% over Deep-
GDel across three metabolic models of varying scales.

The GraphGDel framework extends DeepGDel’s modular architecture with four
coordinated components: Gene-M and Meta-M provide sequential encodings of
gene and metabolite characteristics as established in Chapter 4; Graph-M intro-
duces graph-based metabolite representation learning that captures network topol-
ogy through GCNs operating on the constructed metabolite graphs; Pred-M inte-
grates these complementary representations for final deletion status prediction. The
graph construction pipeline produces refined metabolite graphs that preserve es-
sential metabolic structure while eliminating confounding topological noise: ini-
tial extraction creates a tripartite graph from GEM components; projection yields
metabolite-level connectivity; degree-based filtering removes extreme hubs; and
domain knowledge refinement eliminates canonical currency metabolites. Ablation
studies validate that each refinement step contributes to improved prediction perfor-
mance, confirming that both topological simplification and biological interpretation

are necessary for effective graph-based learning.

5.2 Graph Construction Pipeline

We propose a systematic pipeline to construct biologically meaningful metabolite
graphs from algebraic genome-scale metabolic model representations. The process
begins by extracting core biochemical entities and their interactions, followed by
two refinement steps that incorporate both graph-structural properties and domain-

specific metabolite knowledge. The resulting graph preserves essential metabolic



70 Chapter 5. GraphGDel

structure while reducing confounding topological noise, thereby enabling more in-
terpretable and effective downstream graph-based learning.

The construction procedure consists of four sequential steps:

5.2.1 Step 1: Temporary Tripartite Graph

We begin with a genome-scale metabolic model as input. As the metabolic model
lacks an explicit topological form, we draft a temporary graph Giemp from its com-
ponents. We construct Gemp as a tripartite heterogeneous graph consisting of three
node types: metabolites, reactions, and genes. Directed edges are defined from
metabolites to reactions (for substrates), from reactions to metabolites (for prod-
ucts), and from genes to reactions (based on GPR rules). This graph encodes the

complete structural and regulatory logic of the metabolic model.

5.2.2 Step 2: Metabolite Graph Projection

To focus on metabolite-level connectivity, we remove gene nodes and treat each
reaction node in Gimp as a hyperedge connecting all its associated metabolites. We
then project this hypergraph into a pairwise undirected graph.

Formally, for each reaction r;:

» Let Sub; = {m;|S;; < 0} denote the set of substrate metabolites (consumed

by reaction 7;)

* Let Prod; = {m;|S;; > 0} denote the set of product metabolites (produced

by reaction 7;)
* Add undirected edge (m;, m;/) for all m; € Sub; and m; € Prod;

This projection converts each hyperedge (reaction) into a complete bipartite
graph connecting all substrates to all products, effectively linking each reactant to
each product within the same reaction. The resulting metabolite graph, denoted as
Gop, contains only metabolite nodes, with edges representing biochemical transfor-

mations.

5.2.3 Step 3: Graph Attribute-Based Node Filtering

Highly connected hub-like metabolites can distort the network’s topological struc-
ture by disproportionately influencing properties such as shortest paths and informa-

tion flow. To reduce this topological noise, we identify and remove from G the ten
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metabolites with the highest degree, resulting in a trimmed graph G;. This threshold
was selected to remove the most extreme topological outliers while preserving the

majority of metabolic structure.

5.2.4 Step 4: Knowledge-Based Node Refinement

We apply a two-step refinement process to enhance biological interpretability, re-
sulting in the final graph G

(1) Remove canonical currency metabolites.

Currency metabolites such as ATP, NADH, CoA, H20, and others participate
in many biochemical reactions across the metabolic network, creating highly
connected hub nodes that dominate graph topology [63]. Their high connectivity
obscures the modular organization of metabolic pathways and adds substantial
topological noise to graph-based learning. Although such entities are commonly
collapsed or excluded in databases like KEGG and BiGG [64] to improve visual
clarity, their impact on graph-based learning remains underexplored. Removing
these metabolites reduces this topological noise while preserving the biochemical
transformation structure essential for understanding metabolic pathways. We
exclude known currency metabolites based on standardized metabolite identifiers
from the MetaNetX database [65], which provides consistent mappings across
organisms. This database-centric approach enables systematic currency metabolite
identification and removal: ["atp", "adp", "amp", "nad", "nadh",
"nadp", "nadph", "coa", "h", "h2o", "pi", "ppi", "co2",
"nh4", "o2", "glutathione", "nal", "k", "mg2", "ca2"].

(2) Selectively restore removed metabolites. Any metabolite removed in previ-
ous steps that corresponds to a designated production target (e.g., a growth-coupled
product) or a non-currency, high-degree metabolite is selectively reintroduced to
maintain the functional integrity of the Ggya-

As a result, the proposed graph construction pipeline produces a representation
that preserves key functional structures while minimizing the confounding influence

of topological hubs.

5.3 GraphGDel Framework

GraphGDel uses the four modules below.
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Algorithm 6 Constructing Metabolite Graph from a Constraint-Based Metabolic

Model
Inmput: C = {M,R, S, G, F} where:

* M = {my,...,mp}: metabolites (including mrget)
* R={ry,...,rg}: reactions
o § € RMIXIRI: stoichiometric matrix, where S;; is the coefficient of m; in r;

* G={g1,--.,90}: genes
 F={fi,..., fir }: GPR Boolean functions mapping subsets of G to reactions

Currency Metabolite Set: U = {atp, adp, amp, nad, nadh, nadp, nadph, coa, h,
h2o, pi, ppi, co2, nh4, 02, glutathione, nal, k, mg2, ca2}.

Step 1: Construct Temporary Graph

Define node set: Viemp = MURU G

Define directed edge set Eiemp:

* Add (m;, ;) if S;; < 0 (substrate)
e Add (7"]', ml) if Sij >0 (product)
* Add (g, r;) if gx, appears in f; (GPR rule)

Result: gtemp = (‘/tempa Etemp)
Step 2: Induce Metabolite Graph ¢,
Project each reaction into undirected metabolite pairs:

* For each reaction r;, for every substrate m; (S;; < 0) and every product m;
(Sy; > 0), add edge (m;, myr).

Result: Gy = (Vo = M, Ey)

Step 3: Graph Attribute-Based Node Filtering

Compute degrees: deg(m) = [{v | (m,v) € Ey,m,v € Vy}|

Select top-k: Hj, = Top-k metabolites by degree

Remove: Vi = Vy \ Hy, E1 = {(m;,m;) € Eq | mi,m; € V1}

Result: G, = (V4, Ey)

Step 4: Knowledge-Based Node Refinement

(1) Remove currency metabolites: Vo = Vi \ U, Ey = {(m;,m;) € Ey | m;,m; €
Va}

(2) Restore removed metabolites: 7' = {m € Hj, | m = Myyper Or m & U}

Vs =VoUT, Er = {(m;,m;) € Ey | (m; € T orm; € T) and m;, m; € V3}
E3 == E2 U ET

Output: Gsny = (V5, E3)
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Figure 5.1: System overview of the GraphGDel framework. The framework com-
prises four neural network-based modules: (1) Gene-M and (2) Meta-M, which
learn latent representations from sequential data; (3) Graph-M, which learns
structure-aware metabolite representations from the constructed graph; and (4)
Pred-M, which integrates all representations for gene deletion prediction.

5.3.1 Framework Overview

GraphGDel extends DeepGDel by adding Graph-M, a GNN-based module that
learns structure-aware metabolite representations. We compute metabolite features
from the SMILES-based Meta-M and use them as node features in Graph-M. The
GNN aggregates neighbor information to produce Z..g; Pred-M then integrates
Zgene (Gene-M), Zern (Meta-M), and Zy,eu for prediction.

5.3.2 Gene-M and Meta-M

GraphGDel employs the same sequence representation modules as DeepGDel
(Chapter 4, Sections 4.3.2—4.3.2), which we briefly summarize here.

Meta-M: Metabolite Representation Learning. The Meta-M module trans-
forms SMILES sequences into dense feature vectors using an LSTM-based autoen-
coder architecture [66]. Given a SMILES sequence S,,, of length L,,, the module
performs character-level tokenization to obtain T,,, = [t,to,..., %z, ], where each
t; 1s a token index in the vocabulary. The tokenized sequence is embedded into a

continuous vector space:

X,» = Embedding(T,,), (5.1)
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and then processed through an LSTM encoder:

h; = LSTM(x;, h;_1, ¢;-1), (5.2)
where h; € RP is the hidden state and c; is the cell state. After applying layer
normalization, the final metabolite representation is obtained via average pooling:

1 &
Zmeta = Lf Z h?orm‘ (53)

m =1

The decoder reconstructs the SMILES sequence, and training minimizes the recon-

struction loss:

1 -
Loineta = T Z CrossEntropy(t;, t;), (5.4)
m =1

where t; and t; are ground-truth and predicted tokens.

Gene-M: Gene Representation Learning. The Gene-M module employs an
identical architecture to Meta-M but processes amino acid sequences instead of
SMILES strings. Given a gene sequence S, of length L,, the module follows the

same processing pipeline:

X, = Embedding(T,), (5.5)
h; = LSTM(x;, h;—1,¢;-1), (5.6)
h}°™ = LayerNorm(h;), (5.7)
1 &
dene - f Z hllwrmg (58)
9 1=1
Tg = Decoder(Zgene ), (5.9)
with training objective:
1 & .
Logene = T Z CrossEntropy(t;, t;). (5.10)
9 1=1

This parallel design ensures balanced feature extraction from both biological enti-

ties.

5.3.3 Graph-M: Graph Representation Module

To capture topological relationships within the metabolic network, Graph-M em-

ploys Graph Convolutional Networks (GCN) to refine metabolite representations
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learned by Meta-M. This module takes sequence-based metabolite features from
Meta-M as initial node embeddings and enhances them by incorporating graph con-
nectivity patterns.
Given a metabolic graph G = (V| F), we initialize node features using Meta-M
representations:
X = [Zivoar Zinewas - - - Zineaw | (5.11)

where each row X; corresponds to the Meta-M learned representation of metabolite
V;.

We add learnable positional embeddings:
Xenhanced =X + P, (512)

where P € RIVI*%e represents positional embeddings.

Enhanced features are processed through two graph convolutional layers:

H" = ReLU(GCNConv(Xenpancea; A)), (5.13)
H® = GCNConv(HW A), (5.14)

where A is the adjacency matrix, and:
GCNConv(H,A) = AHW + b, (5.15)

with learnable W and b.
The final graph-refined embeddings are:

Zimeti = H?. (5.16)
To train Graph-M, we use a link prediction task. For node pair (i, j):

(Wllnk[z( etaGHZmetaG] + blmk) (517)

where || denotes concatenation.

The training objective is:

graph - Z log SZ] Z log Sz] (518)
(3,5)EE (4,7)¢F

where the first term corresponds to positive edges and the second to negative edges.
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5.3.4 Pred-M: Prediction Module

Pred-M integrates learned representations from all three upstream modules. For a
specific gene-metabolite pair, we select the corresponding metabolite node from the
graph embeddings:

Zirini = Zimeuc ], (5.19)

where m is the index of the target metabolite in the graph.

The three representations are concatenated to form a combined feature vector:
Z = [ZmetaHdeneHZr(nn;t)aG]? (5.20)

where || denotes concatenation, resulting in a feature vector of dimension 3D.
The combined representation is processed through a fully connected layer fol-

lowed by sigmoid activation:
g - U(Wpredz + bpred)g (5.21)

where W eq € RV3” and byeq € R are learnable parameters.
The output § € [0, 1] represents the probability that the gene should be deleted
(when g is close to 0) or retained (when 7 is close to 1).

The training objective for the prediction task is the binary cross-entropy loss:

‘Cpred =Y log(g)) - (1 - y) 1Og(1 - g)v (522)

where y € {0, 1} is the ground-truth label.

The overall training objective combines all four loss components:
EGrathDel = Emeta + Egene + Lgraph + Lpred- (523)

This multi-task learning approach ensures each module learns meaningful rep-
resentations while contributing to the final prediction. The framework is trained

end-to-end, allowing representations from each module to be optimized jointly.

5.3.5 Implementation Details

All neural network models were trained on an NVIDIA A100-PCIE-40GB GPU
with a Xeon Gold 6258R CPU. Model parameters were optimized for 100 epochs

using the Adam optimizer with a learning rate of 1 x 1073.
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Data partitioning: 90% for training/validation and 10% as an independent test
set. Within the training/validation portion, we applied 10-fold stratified splitting.
After selecting the best configuration from hyperparameter search, we retrained on
the entire training/validation set and evaluated on the test set.

Computational complexity is dominated by three components: LSTM autoen-
coders, GCNs, and the prediction module. For LSTM autoencoders, complexity is
O(L - d - D) per layer. The Graph-M module has complexity O(|E| - D) per GCN
layer. Overall complexity for batch size B: O(B-(L,+L,,)-d-D+B-|E|-D+B-
3D). Empirically, training completes 100 epochs in approximately 10 hours under

our experimental conditions.

5.4 Computational Experiments

We evaluate GraphGDel using three experiments: baseline comparison, module

ablation, and graph representation comparison.

5.4.1 Experimental Setup

GraphGDel builds upon the experimental design established in DeepGDel (Chap-
ter 4, Section 4.5.1), with the addition of graph representations constructed via the
pipeline described in Section 5.2. We evaluate the framework using three metabolic
models of varying scales: e_coli_core [47], iMM904 [48], and iML1515 [49], which
represent simplified bacterial core metabolism, comprehensive yeast modeling, and
detailed genome-scale bacterial modeling, respectively. These models span differ-
ent scales and organism types, enabling validation of the framework’s generalizabil-
ity across diverse metabolic contexts.

For each model, we construct datasets integrating four data modalities: (1)
gene deletion strategies from MetNetComp, providing ground-truth labels for train-
ing and evaluation; (2) SMILES sequences for metabolites from MetaNetX, en-
abling chemical structure-aware representation; (3) amino acid sequences for genes
from KEGG, capturing protein-level information; and (4) metabolite graphs con-
structed via Algorithm 6, encoding topological relationships between metabolites.
The dataset characteristics and sample counts are provided in Table 4.2 from Chap-
ter 4, with GraphGDel utilizing the same balanced training and test splits to ensure

fair comparison with DeepGDel.
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The experimental protocol follows a rigorous cross-validation design: we em-
ploy 10-fold stratified cross-validation with 5 random seeds, ensuring that each
metabolite appears exclusively in either training or test sets across all folds. This
design accounts for metabolite-specific variation while providing robust statistical
estimates. Severe class imbalance in the raw data—where non-deleted genes vastly
outnumber deleted genes—is addressed through balanced sampling during train-
ing, as detailed in Chapter 4 (Section 4.5.1). This balancing ensures that the model
learns meaningful patterns from both deletion and retention cases rather than de-

faulting to predicting all genes as non-deleted.

Baseline Methods

To evaluate the effectiveness of GraphGDel, we compare it against two baseline
methods that represent different levels of architectural complexity. The first baseline
(DNN) tests whether the modular design with specialized representation learning
provides benefits over naive end-to-end classification. The second baseline (Deep-
GDel) isolates the contribution of graph-based learning by comparing against the
sequential-only predecessor.

DNN (Deep Neural Network): A deep learning-based baseline. The DNN
takes as input the same tokenized and padded sequences of the gene T'; and metabo-

lite T,,, as used in our proposed framework. This baseline adopts a simplified de-

sign:
X, = Embedding(T,), (5.24)
X, = Embedding(T,,), (5.25)
X =Xy X, (5.26)
h; = ReLU(W;X + by), (5.27)
7 = 0(Wsh; + by), (5.28)

where § = P(y =1 | T,, T,,;0), y € {0,1} is the ground-truth label, and 6 =
{W3, Wy, by, by} represents learnable parameters.

DeepGDel: Introduced in Chapter 4, this framework extends simple DNN ap-
proaches by incorporating sequential learning through LSTM-based autoencoders

for both gene and metabolite representations. DeepGDel learns metabolite and gene
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representations from SMILES and AA sequences using an encoder-decoder archi-

tecture:

Zneta = LSTM-Encoder(T,,), (5.29)
Zgene = LSTM-Encoder(T,), (5.30)

where Zpe, and Zg,. are the learned latent representations for metabolites and
genes, respectively. These representations are integrated via element-wise multi-
plication: Z = Zeww © Zgene, and passed through a fully connected layer for final

prediction.

Evaluation Metrics

We evaluate model performance using four metrics: overall accuracy, macro-
averaged precision, recall, and F1 score, along with macro-averaged AUC. Defini-
tions follow those in Chapter 4 (Section 4.5.1). All metrics are reported as mean +

std over folds.

5.4.2 Results and Analysis
Performance Comparison with Baselines

The results of performance evaluations across the three metabolic models under
study are summarized in Table 5.1.

Across all metabolic models, GraphGDel consistently outperformed the base-
line methods in overall accuracy, macro-averaged precision, recall, F1 score, and
AUC. Specifically, the overall accuracy of GraphGDel was 77.35%, 85.54%, and
73.22% for e_coli_core, iIMM904, and iML1515, respectively, representing substan-
tial improvements over DNN (63.31%, 69.28%, 60.04%) and DeepGdel (71.18%,
80.58%, 67.91%). This demonstrates the robustness of GraphGDel across models

of varying scales.

Module Ablation

The results of ablation studies on learning modules across the three metabolic mod-
els under study are summarized in Table 5.2.

To assess the contributions of the learning modules, we evaluated two variants of
GraphGDel: Ge-SMILES (using only Gene-M and Meta-M) and Ge-Graph (using
only Gene-M and Graph-M). Across all models, relying solely on SMILES-based
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Table 5.1: Performance comparison: GraphGDel vs DeepGDel vs DNN. Best in
bold. M-Avg. = Macro-averaged.

Metric e_coli_core iMM904 iML1515

DNN DeepGDel GraphGDel DNN DeepGDel GraphGDel DNN DeepGDel GraphGDel
Overall Accuracy (%) 63.31 71.18 77.35 69.28 80.58 85.54 60.04 67.91 73.22
M-Avg. Precision (%) 64.99 72.44 75.99 72.07 77.51 83.19 64.60 68.90 74.67
M-Avg. Recall (%) 64.13 72.87 75.38 68.52 77.85 82.91 61.80 64.40 72.51
M-Avg. F1 Score (%) 59.59 70.85 74.45 64.84 76.48 81.87 58.69 63.22 72.31
M-Avg. AUC (%) 62.66 71.16 76.56 66.50 80.24 84.24 60.30 65.78 73.17

Table 5.2: Ablation study: Ge-SMILES vs Ge-Graph vs GraphGDel. Best in bold.

Metric e_coli_core iMM904 iMLI1515
Ge-SMILES Ge-Graph Ge-SMILES Ge-Graph Ge-SMILES Ge-Graph
Overall Accuracy (%) 70.34 74.33 78.76 83.33 67.11 70.35
M-Avg. Precision (%) 70.34 72.72 78.34 81.74 68.45 71.49
M-Avg. Recall (%) 71.95 72.31 77.29 81.36 63.23 69.30
M-Avg. F1 Score (%) 70.23 71.24 77.44 80.93 62.13 69.45
M-Avg. AUC (%) 70.37 73.47 78.49 82.42 68.35 70.44

or graph-based metabolite features in combination with gene features consistently
resulted in reduced performance. For example, in e_coli_core, the overall accu-
racy dropped from 77.35% (full model) to 70.34% (Ge-SMILES) and 74.33% (Ge-
Graph). These results highlight that integrating both sequential and graph-based

metabolite representations is critical for optimal performance.

Graph Representation Evaluation

The results of graph representation evaluations across the three metabolic models
under study are summarized in Table 5.3.

We further examined the impact of different graph representations generated
at early stages of the pipeline (Gy and G;). Across all metabolic models, using
the early-stage representations resulted in decreased performance compared to the
proposed graph representation. For instance, in iMM904, the overall accuracy
was 82.02% for Gy, 84.70% for G;, and 85.54% for the proposed representation.
This progressive improvement validates the necessity of each refinement step in
the graph construction pipeline, demonstrating that both degree-based filtering and
currency metabolite removal contribute essential topological simplifications.

Overall, the experimental results confirm that GraphGDel effectively integrates
sequential and graph-based representations, leveraging the constructed graph to

enhance gene deletion strategy prediction. The improvements are consistent across
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Table 5.3: Performance with different graph representations. Best in bold.

e_coli_core iMM904 iML1515

Go G Full Go G Full Go Gy Full

Overall Accuracy (%) 73.25 7620 77.35 82.02 84.70 85.54 70.15 72.80 73.22
M-Avg. Precision (%) 73.10 75.85 75.99 80.33 83.05 83.19 70.88 73.92 74.67
M-Avg. Recall (%) 73.55 7545 7538 81.01 83.10 8291 68.42 7251 72.19
M-Avg. F1 Score (%) 72.67 7440 74.45 80.57 81.75 81.87 68.09 7220 72.31
M-Avg. AUC (%) 73.12 76.10 76.56 81.55 83.70 84.24 69.67 72.85 73.17

Metric

models of different sizes, indicating the generalizability and robustness of the

framework.

5.5 Discussion

This chapter introduced GraphGDel, a framework that extends DeepGDel by in-
corporating graph-based metabolite modeling to capture network topology that is
essential for understanding metabolic coupling. The experimental results demon-
strate the effectiveness of this approach, with GraphGDel consistently outperform-
ing both DNN and DeepGDel baselines across all three metabolic models. The
improvements of 6.17%, 4.96%, and 5.31% over DeepGDel across e_coli_core,
iIMM904, and iML1515, respectively, indicate that structural information provides
meaningful additional signal beyond sequential representations alone.

The ablation studies reveal a key insight: sequential and graph-based features are
complementary rather than redundant. Removing either SMILES-based metabolite
features or graph-based features leads to consistent performance degradation across
all models, demonstrating that each modality captures distinct aspects of metabo-
lite characteristics. Furthermore, the graph representation evaluation experiments
validate the design choices in our construction pipeline. The progressive perfor-
mance improvement from G, to G; to the final representation indicates that both
degree-based filtering and currency metabolite removal contribute essential topo-
logical simplifications, removing confounding connectivity while preserving bio-
logically meaningful structure.

The incorporation of the Graph-M module represents a fundamental departure
from previous approaches that relied solely on sequential data. By leveraging
metabolic network topology, GraphGDel captures relationships between metabo-
lites that are not apparent from their sequential representations alone. This structural

awareness is particularly valuable for understanding how metabolites interact across
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pathways, which is essential for predicting gene deletion strategies that achieve
growth-coupled production. However, the current pipeline relies on hand-crafted
refinement rules for graph construction, which may not generalize optimally to
all metabolic contexts. Additionally, the use of LSTM autoencoders and Graph
Convolutional Networks represents a conservative architectural choice chosen
for framework feasibility and benchmarking. The modular design of GraphGDel
enables future integration of more advanced architectures, such as transformer-
based models for sequential data or heterogeneous GNNs for multi-entity graphs,
potentially leading to further performance gains.

The interpretability of graph embeddings remains limited, as in many deep
learning approaches. While the graph construction pipeline offers some trans-
parency through its explicit filtering steps, the learned representations in Graph-M
are not easily explainable in biological terms. This interpretability gap represents a
practical limitation for applications where mechanistic understanding is as impor-

tant as predictive accuracy.



Chapter 6

Conclusion and Future Directions

This chapter synthesizes the contributions of this dissertation, reflecting critically
on the methodological evolution from optimization to learning, comparing the three
frameworks across multiple dimensions, discussing biological and computational
insights gained during this research, honestly assessing limitations, and outlining

realistic future research directions.

6.1 Summary of Contributions

This dissertation presented a progression of three computational frameworks for de-
signing gene deletion strategies to achieve growth-coupled production in genome-
scale metabolic models, representing a gradual shift from optimization-based ap-
proaches toward data-driven methodologies.

Chapter 3: DBgDel introduced the integration of database knowledge into gene
deletion calculation algorithms, to our knowledge the first attempt to bridge com-
putational gene deletion databases with downstream optimization. By extracting
core metabolic components from MetNetComp and constraining the search space,
DBgDel achieved a 6.1-fold computational acceleration on average while maintain-

ing competitive success rates (24/40, 81/700, 507/991) across three genome-scale

83
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models. This work demonstrated that database-derived prior knowledge can be sys-
tematically incorporated to improve computational efficiency without substantial
quality trade-offs.

Chapter 4: DeepGDel reformulated gene deletion strategy design as a super-
vised machine learning prediction task, proposing what we believe is the first data-
driven framework for this problem. DeepGDel jointly learned from SMILES and
amino acid sequences using LSTM-based autoencoders, achieving accuracy im-
provements of 14.69%, 22.52%, and 13.03% over baseline methods. This frame-
work demonstrated the feasibility of fully automated prediction without explicit
network simulation or optimization, marking a conceptual shift from calculation to
prediction.

Chapter 5: GraphGDel extended DeepGDel by incorporating metabolic net-
work topology through graph representations. A four-step pipeline constructed bio-
logically meaningful metabolite graphs from algebraic GEM formulations, address-
ing currency metabolite challenges. GraphGDel integrated sequential and graph-
based learning using GCNs, achieving the best overall performance among all eval-

uated methods, with further gains of 2-5% over DeepGDel on large-scale models.

6.2 Methodological Evolution: From Optimization to Learning

The progression from DBgDel through DeepGDel to GraphGDel reflects not merely
incremental improvements, but a fundamental evolution in how we conceptualize
and approach gene deletion strategy design. This evolution reveals important in-
sights about the nature of the problem itself.

The Optimization-to-Learning Transition

The most significant transition occurred between DBgDel and DeepGDel, mark-
ing a shift from enhancing existing optimization algorithms to creating entirely new
prediction paradigms. DBgDel demonstrated that database knowledge can acceler-
ate optimization, but it remained fundamentally tied to computational constraints: it
still required MILP-based optimization, hand-crafted extraction rules, and explicit
network simulation. DeepGDel broke from this paradigm by treating gene deletion
strategy design as a pure prediction problem, where the goal is not to “calculate
optimal deletions” but to “learn deletion patterns from data.”

This transition was motivated by several observations. First, the MetNetComp
database contains over 85,000 strategies, suggesting that there may be learnable

patterns in how genes are deleted across different metabolites. Second, existing
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optimization-based approaches, while mathematically rigorous, are computation-
ally expensive and scale poorly to genome-scale models. Third, the success of deep
learning in related domains involving sequential biological data (protein sequences,
molecular structures) suggested that similar approaches might be applicable here.

The results confirmed this intuition, but with important caveats. While Deep-
GDel achieved substantial improvements over baseline prediction methods, it re-
mains unclear whether these improvements translate to “better” gene deletion strate-
gies in a biological sense, as evaluation was performed computationally against ex-
isting databases rather than through wet-lab validation. The black-box nature of
deep learning models also introduces interpretability challenges that did not exist in
optimization-based approaches.

Adding Structural Awareness

The progression from DeepGDel to GraphGDel addressed a key limitation: the
former operated on sequential representations only, ignoring the inherently net-
worked structure of metabolic systems. GraphGDel’s contribution lies not just in
performance improvements, but in demonstrating that metabolic network topology
contains information that complements sequential patterns.

However, incorporating graph structure introduced its own challenges. Genome-
scale metabolic models are not naturally graph-structured; they are represented al-
gebraically through stoichiometric matrices, GPR rules, and flux bounds. Con-
structing biologically meaningful graphs required careful refinement to handle cur-
rency metabolites and topological noise, problems that remain fundamentally un-
solved in general. The four-step pipeline we propose is one approach, but it relies
on hand-crafted rules and domain knowledge that may not generalize to all contexts.

Insights About the Problem

Through these three frameworks, we gained insights about gene deletion strat-
egy design that extend beyond the specific methods we developed.

First, we learned that this problem is amenable to both optimization and learn-
ing approaches, but they serve different purposes. DBgDel’s optimization-based
approach provides mathematically provable properties and guarantees, while Deep-
GDel and GraphGDel provide speed and generalizability from data. Neither is
strictly “better’—their appropriateness depends on context, data availability, and

computational constraints.
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Second, we learned that the choice of data representation matters critically. Se-
quential representations (SMILES, amino acids) capture intrinsic molecular prop-
erties, while graph representations capture relational properties. Both are valuable,
and combining them yields superior performance. However, we also discovered
that not all graph representations are created equal: naive graph projections from
metabolic networks produce dense, noisy structures that hinder learning, while care-
fully refined graphs enable effective learning but require substantial engineering
effort.

Third, we learned that modular architecture design matters for both interpretabil-
ity and extensibility. The modular design of DeepGDel and GraphGDel allowed us
to systematically evaluate contributions of different data modalities through abla-
tion studies. This design also facilitates future improvements: individual modules

can be replaced or enhanced without redesigning the entire framework.

6.3 Limitations and Open Challenges

Honest assessment of limitations is crucial for understanding the scope and signif-
icance of this work. The three frameworks share several fundamental constraints
while each facing distinct challenges.

Data Dependency and Generalization

All frameworks depend critically on database quality and coverage, but in dif-
ferent ways. DBgDel requires comprehensive strategy coverage to extract useful
constraints, failing when database patterns are sparse or exhibit high diversity (wit-
ness the success rate drop from 60.0% in e_coli_core to 11.6% in iMM904). Deep-
GDel and GraphGDel face a “cold start” problem: applying them to new organisms
requires substantial training data that may not exist. This data dependency limits
generalizability to emerging model organisms or newly characterized metabolites.
Additionally, all methods are subject to biases and errors in their training or refer-
ence data. If strategy data contain systematic errors or suboptimal computations,
both optimization-enhanced and learning-based approaches will perpetuate these
limitations.

Static Representations and Simplified Problem Formulation

All frameworks operate on static metabolic representations and ignore dynamic
behavior, regulation, and context-dependent gene expression. This may limit ap-
plicability to realistic strain design scenarios where temporal dynamics and regula-

tory responses matter. Moreover, our problem formulation assumes growth-coupled
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production is binary, ignoring that it may exist on a continuous spectrum. We also
abstract away critical real-world considerations: production rate, medium complex-
ity, pathway stability, multi-product requirements, and regulatory effects. These
simplifications make evaluation tractable but limit practical relevance.

Evaluation and Validation Gaps

Finally, evaluation is fundamentally incomplete across all frameworks. Compu-
tational validation, which uses success rates or prediction accuracies against exist-
ing databases, is necessary but insufficient. The ultimate validation requires imple-
menting predicted strategies in wet-lab experiments and measuring growth-coupled
production, which remains largely absent. We cannot know whether our methods
produce strategies that work in practice without experimental validation, yet such
validation poses substantial challenges: strategies may involve dozens or hundreds

of genes, making comprehensive testing infeasible.

6.4 Future Directions

Based on the contributions, insights, and limitations identified throughout this dis-
sertation, several promising directions for future research emerge. These directions
range from immediate extensions to longer-term paradigm shifts, each grounded in
specific gaps identified during this research.

Architectural Improvements and Model Selection

The current frameworks employ relatively classical deep learning architectures
(LSTM autoencoders, GCNs) as default choices, selected to demonstrate feasibil-
ity and benchmark performance. However, recent advances in transformer-based
architectures and specialized protein/molecular language models (ESM [67], Prot-
BERT [68], ChemBERTa [69]) have shown superior performance in representation
learning tasks. A natural next step is to systematically benchmark these architec-
tures within the modular framework we established. Key questions include: Do
the performance improvements justify the increased computational cost? Do they
generalize better across organisms?

Similarly, more sophisticated graph neural network architectures—such as
Graph Attention Networks (GATs), Graph Transformers, or Heterogeneous
GNNs—could potentially capture more nuanced metabolite interactions. How-
ever, we should also consider whether the added complexity is necessary. Our
ablation studies showed that simple graph representations already provide substan-

tial improvements; more complex models may not offer commensurate gains.
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Addressing the Cold Start Problem

A critical limitation of learning-based approaches is their dependence on train-
ing data, which creates a “cold start” problem when applying methods to new or-
ganisms or models. Several promising directions could address this challenge.

First, transfer learning across organisms could enable pre-training representa-
tions on well-characterized models (e.g., E. coli, S. cerevisiae) and fine-tuning for
species-specific prediction. This would be particularly valuable for emerging model
organisms with limited gene deletion strategy data. However, the extent to which
metabolic deletion patterns transfer across species remains an open empirical ques-
tion.

Second, semi-supervised or few-shot learning approaches could leverage un-
labeled metabolic data (networks, sequences) alongside limited labeled deletion
strategies. This could reduce the data requirements for training effective models.

Third, active learning strategies could guide experimental data collection
to maximize information gain for model improvement. By identifying high-
uncertainty predictions, these strategies could prioritize which gene deletion
experiments would most efficiently improve model performance.

Toward Interpretable and Explainable Models

The black-box nature of deep learning models limits their trust and adoption in
biological applications. Addressing this requires both technical development and
methodological innovation.

Technical approaches include integrating attention mechanisms to visualize
which sequence positions or metabolites drive predictions, computing SHAP val-
ues to quantify feature contributions, and generating gradient-based saliency maps
to identify critical pathway interactions. However, these techniques provide only
approximate explanations and may not reveal true mechanistic understanding.

A more fundamental direction is developing inherently interpretable architec-
tures. For example, graph neural networks that enforce biologically-motivated con-
straints (e.g., pathway modularity, reaction stoichiometry) could produce predic-
tions that align with established metabolic principles. Similarly, hybrid models that
combine learned representations with symbolic reasoning could provide explana-
tions grounded in biochemical knowledge.

Graph Construction and Refinement

The current graph construction pipeline addresses currency metabolite chal-

lenges through hand-crafted rules, but optimal refinement strategies remain unclear
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and may be context-dependent. Several directions could improve this.

First, learning-based refinement could optimize graph construction parameters
jointly with downstream prediction objectives, rather than relying on heuristics.
This could discover graphs that are more informative for prediction tasks.

Second, heterogeneous graphs incorporating multiple node types (metabolites,
reactions, genes) and edge types (biochemical transformations, GPR rules, regula-
tory interactions) could capture richer relational information. However, designing
effective message-passing schemes for such heterogeneous structures remains chal-
lenging.

Third, multi-scale graph representations could simultaneously capture both local
pathway structures and global metabolic organization, addressing the observation
that different aspects of metabolism operate at different scales.

Beyond Single Metabolites: Multi-Objective and Sequential Design

Current frameworks focus on designing gene deletion strategies for individual
target metabolites. However, industrial biotechnology often requires multi-product
strains or sequential production of multiple compounds. Extending our methods to
handle these scenarios requires both methodological innovation and new problem
formulations.

For multi-objective scenarios, we could incorporate Pareto-front analysis into
prediction pipelines, enabling users to explore trade-offs among competing objec-
tives (production rate, growth rate, medium complexity, pathway stability). This
would require extending prediction models to output not just binary deletion deci-
sions, but quantitative predictions of metabolic outcomes.

For sequential production scenarios, we could develop temporal models that
predict how gene deletions interact over time, accounting for dynamic metabolic
shifts and regulatory responses.

Wet-Lab Validation and Experimental Integration

Perhaps the most critical future direction is establishing robust validation
pipelines that bridge computational predictions and wet-lab experiments. All
three frameworks were evaluated computationally, but ultimate validation requires
demonstrating that predicted strategies actually work in practice.

This requires not just performing experiments, but designing them strategically.
Active learning approaches could identify high-uncertainty predictions for exper-
imental prioritization. Additionally, failed predictions should inform model re-

finement, creating feedback loops between computation and experimentation. This
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“design-build-test-learn” cycle could substantially improve model robustness.
However, we should also be realistic about validation scope. Gene deletion

strategies may involve dozens or hundreds of genes, making complete experimental

validation infeasible. Prioritization strategies that identify the most critical or most

testable components could make validation more tractable.

6.5 Concluding Remarks

This dissertation has examined the transition from optimization-based to data-
driven approaches for designing gene deletion strategies in genome-scale metabolic
models. Through three frameworks—DBgDel, DeepGDel, and GraphGDel—we
showed that this transition is both feasible and productive, yielding substantial
improvements in computational efficiency and predictive performance.

At the same time, this work highlights several fundamental limitations and ten-
sions that remain unresolved. The trade-off between interpretability and perfor-
mance, the “cold start” problem in learning-based methods, the difficulty of con-
structing biologically meaningful graph representations, and the persistent gap be-
tween computational and experimental validation all represent ongoing challenges.

These challenges do not diminish the contributions of this dissertation, but they
do temper any claim of a “revolutionary” advance. We have not solved the gene
deletion strategy design problem. Rather, we have demonstrated that data-driven
approaches can offer meaningful improvements over existing methods within well-
defined contexts, and we have clarified many of the obstacles that remain.

Looking forward, the most promising direction is not to continue adding com-
plexity to our frameworks, but to deepen our understanding of the problem itself.
What makes a metabolite amenable to growth-coupled production? What properties
of metabolic networks determine whether gene deletions succeed or fail? How do
network structure, sequence characteristics, and deletion patterns interact?

Addressing these questions will require not only methodological innovation but
also biological insight. The frameworks developed here provide tools for generat-
ing hypotheses and making predictions, but ultimately, understanding gene deletion
strategy design will depend on integrating computational methods with experimen-
tal biology to uncover underlying principles.

As databases expand, models improve, and experimental validation becomes
more systematic, the foundations laid in this dissertation may support more sophis-

ticated approaches to computational strain design. Moving forward will require
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honest assessment of limitations, careful evaluation of trade-offs, and integration of
computational, biological, and engineering perspectives.

We hope that this dissertation contributes not only specific methods, but also a
framework for thinking critically about the role of data-driven approaches in bio-

logical engineering.
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