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Abstract

The chemical properties of molecules are characterized by numerical values known
as molecular descriptors and are calculated from molecular representations in
cheminformatic tools. Different molecular descriptors are used to describe dif-
ferent chemical characteristics to develop new drugs or to predict a molecule’s
biological activity. There are a number of descriptors that can be derived from
molecular topology, while more complex descriptors can be derived from the geo-
metry of a molecule and others reflect different physicochemical properties.

Genome-scale metabolic models (GEMs) represent the known metabolism of
an organism and are used to simulate in silico different aspects of its metabolism
to understand how biological systems interact with each other to form emergent
metabolic properties and capabilities. GEMs allow the study of how perturbations
on the metabolic network affect the organism as a whole. The effects of gene
deletions and changes in metabolic fluxes in an organism can be simulated and
have been used by systems biologists to study metabolism in silico.

It is possible to gain new insights into how biological systems interact by inter-
preting visualizations of metabolic networks. The interpretation of large metabolic
networks is difficult and the volume of data visualized often obfuscates biological
insight that can be derived from their visualization. This project examined whether
biochemical properties, quantified by molecular descriptors, could be used as two-
dimensional coordinates, i.e. their biochemical coordinates, for generating mean-
ingful metabolic network layouts.

This project used quantitative structure-activity relationship (QSAR) methods
to calculate molecular descriptors for metabolites in two Escherichia coli GEMs and
used these descriptors to generate metabolic network layouts. These layouts were
then evaluated to determine which pair of descriptors produced the most intuitive
and meaningful layouts for 7 case studies; 2 metabolic networks and 5 metabolic
pathways. As a result of the chemical similarity prevalent in most metabolites, the
generated metabolic network layouts exhibit significant node clustering and edge
crossings, which negatively affects the readability of the network and its ability
to convey biological information. The results of the metabolic pathway case stud-
ies suggest that a less complex network comprised of the primary intermediaries
in metabolic pathways would be a better candidate for layouts generated using
molecular descriptors.
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Sammendrag

De kjemiske egenskapene til molekyler er preget av numeriske verdier kjent som
molekylære deskriptorer og beregnes fra molekylære representasjoner i kjemin-
formatiske verktøy. Ulike molekylære deskriptorer brukes for å beskrive ulike kjemiske
egenskaper for å utvikle nye medikamenter eller for å forutsi et molekyls biolo-
giske aktivitet. Det er en rekke deskriptorer som kan avledes fra molekylær topo-
logi, mens mer komplekse deskriptorer kan avledes fra geometrien til et molekyl
og andre gjenspeiler forskjellige fysisk-kjemiske egenskaper.

Genom-skala metabolske modeller (GEM-er) representerer den kjente meta-
bolismen til en organisme og brukes til å simulere in silico forskjellige aspekter
av metabolismen for å forstå hvordan biologiske systemer interagerer med hver-
andre for å danne nye metabolske egenskaper og evner. GEM-er tillater studiet av
hvordan forstyrrelser på det metabolske nettverket påvirker organismen som hel-
het. Effektene av gendelesjoner og endringer i metabolske flukser i en organisme
kan simuleres og har blitt brukt av systembiologer for å studere metabolisme in
silico.

Det er mulig å få ny innsikt i hvordan biologiske systemer samhandler ved
å tolke visualiseringer av metabolske nettverk. Tolkningen av store metabolske
nettverk er vanskelig, og volumet av data som visualiseres tilslører ofte biologisk
informasjon som kan utledes fra visualiseringen. Dette prosjektet undersøkte om
biokjemiske egenskaper, kvantifisert av molekylære deskriptorer, kunne brukes
som todimensjonale koordinater, dvs. deres biokjemiske koordinater, for å gener-
ere meningsfulle metabolske nettverksoppsett.

Dette prosjektet brukte kvantitative struktur-aktivitetsforhold (QSAR) met-
oder for å beregne molekylære deskriptorer for metabolitter i to Escherichia coli
GEM-er og brukte disse deskriptorene for å generere metabolske nettverksoppsett.
Disse oppsettene ble deretter evaluert for å bestemme hvilket par av deskriptorer
som produserte de mest intuitive og meningsfulle oppsettene for 7 casestudier; 2
metabolske nettverk og 5 stoffskifteveier. Som et resultat av den kjemiske likheten
som er utbredt i de fleste metabolitter, viser de genererte metabolske nettverksoppsettene
betydelige node-klynger og kantkrysninger, noe som negativt påvirker lesbarheten
til nettverket og dets evne til å formidle biologisk informasjon. Resultatene fra
casestudiene av stoffskifteveier tyder på at et mindre komplekst nettverk bestående
av de primære mellomleddene i stoffskifteveier ville være en bedre kandidat for
oppsett generert ved bruk av molekylære deskriptorer.
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Chapter 1

Introduction

1.1 Introduction

In 1965, a German biochemist, Dr. Gerhard Michal, compiled a list of known chem-
ical reactions that take place in living cells. As a hobby, he created the first ver-
sion of the Biochemical Pathways diagram, demonstrating the interconnectedness
of various pathways. During the launch of the second edition of his biochemical
pathway textbook in 2012, he stated [1]:

“If you ask yourself what’s the most important characteristic of an organism,
the usual answer is metabolism and reproduction (...) one of the main problems
when presenting this activity is choosing what to show [2]”

In the fifty years since its initial rendition, the Biochemical Pathways have
grown larger and more complex as the knowledge of biochemistry has increased.
Gerhard’s lifelong effort resulted in two biochemical maps. In the first map, meta-
bolic pathways are depicted, and in the second map, molecular processes are rep-
resented. It is thanks to the considerable amount of time Gerhard has spent editing
the layout that these maps contain a great deal of detail while remaining mean-
ingful to educated observers, and have been displayed in laboratories around the
world [2].

The post-genomic era saw computerized algorithms meet the demand for ac-
curate microbial gene identification [3] as the number of available microbial gen-
ome sequences grew. The mapping of microbial genomes led to the functional
annotation of genes. Most genes in microbial cells code for gene products that are
linked to metabolic function [4], and the majority of their biochemical function
are known. It follows that an annotated genome allowed for the reconstruction of
the metabolic map and its associated reactions, i.e. its metabolic network [5].

The availability of databases that hosts detailed metabolic pathway diagrams
[6, 7] and annotated genomes [8, 9] has made the reconstruction of an organism’s
metabolic network possible. Metabolic network reconstruction is first drafted from
its annotated genome and then manually curated to ensure the reactions in the

1
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Figure 1.1: Simplified schematic representation of the thesis workflow: From
GEMs the information required to build metabolite datasets will be collected.
Molecular representations allow for the calculation of chemical features and their
values used to position the metabolites when drawn.

draft are correct. The curated draft is then translated into a mathematical repres-
entation and converted into a genome-scale metabolic model (GEM). GEMs are
used in metabolic modeling, an approach that allows for in silico simulation of
microbial responses and can be used to verify experimental results [10], predict
gene knock-out effects on metabolic fluxes [11], and the identification of essential
genes under certain conditions [12].

In addition to its aforementioned usage in systems biology, metabolic networks
can allow for the identification of emergent properties that would otherwise not
be apparent when analyzing select parts of it [13]. These facets of a network can
aid in contextualizing systems behavior, e.g. network robustness and modularity
[13].

Analysis of genome-scale simulations lacks a suitable method to visualize large
metabolic networks. Due to the interconnectivity of metabolites, reactions, and
enzymes, automated layout algorithms tend to generate “hairball” networks [14].

Commonly used visualization tools [15, 16] utilize manually drawn biochem-
ical maps which are intuitive to use but their coverage is limited to central meta-
bolic pathways in well-studied model organisms.

The aim of this project is to create a metabolic network layout that can replace
arbitrary layouts by integrating biochemical properties. This will be explored by
examining if quantifiable biochemical properties can be utilized to assign meta-
bolites a well-defined location in a two-dimensional coordinate system, i.e. their
biochemical coordinates. By utilizing the known connection between molecular
features and how these are expressed numerically [17], the modules and network
structures present in the layouts generated by biochemical coordinates might re-
flect recognizable biochemical changes across metabolic pathways or the grouping
of metabolites with similar molecular characteristics in metabolic networks. The
pathway layouts will also be exported in one of the standard community formats.

The simplified workflow presented in Figure 1.1, outlines the steps that will
be performed to achieve the aim of this thesis. By applying tools and methods
from the fields of cheminformatics and systems biology to calculate molecular
descriptors from molecular representations and collect metabolite identifiers from
GEMs, the most promising descriptors can be found by employing PCA to identify
the calculated features which best capture variance.
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Several well-known pathways and Escherichia coli networks will be drawn to
evaluate the different combinations of molecular descriptors that generates the
most intuitive pathway layouts.





Chapter 2

Background

The field of systems biology incorporates computational and theoretical methods
to be able to study how biological systems interact together to form emergent bio-
logical properties [18]. In contrast with classical biology’s reductionism, systems
biology employs a holistic approach to understanding how biological systems in-
teract. The field [19] grew out of the post-genomic era following the volume of
available biological data [20]. The advancements and wider adoption of systems
biology saw the creation of a format to store metabolic networks [21]. An ex-
tension to this format was proposed so it could encode graphical representations
of biochemical maps [22] to facilitate the standardization of metabolic network
visualizations [23]. Cheminformatics is a field of chemistry that is focused on
solving chemical issues by the application of tools and methods related to in-
formatics. It uses representations of molecules [24, 25] to study the relationship
between biological activity and chemical structure [17], drug discovery [26], pre-
dict structures of protein-ligand complexes [27] and quantify molecular proper-
ties by calculating their molecular descriptors [28]. This chapter begins with a
section that describes GEMs and associated databases in more detail. Next, sev-
eral well-known metabolic pathways used in this work are presented to provide
a reference for the evaluation of their layouts with biochemical coordinates. Sub-
sequently, an overview of tools and methods used to visualize metabolic networks
and pathways are presented. The final section will present an overview of molecu-
lar descriptors, their categories, their application in quantitative structure-activity
relationship studies, the codification of chemical information in molecular repres-
entations, and lastly the field of cheminformatics and cheminformatic tools.

5
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2.1 Genome-scale metabolic models

To reconstruct a representation of the biochemical processes that compose cellular
function, systems biology uses a bottom-up approach to simulate and predict the
result of the interplay between biological systems [29]. The prediction of how
gene-deletions affect metabolic fluxes across reactions in a metabolic network and
the detection of essential genes are possible because GEMs represent the sum of
reactions, metabolites, and genes of the organism of interest.

2.1.1 GEM reconstruction

In 1997, the genome sequence of Escherichia coli K-12 MG1655 was released [30]
and three years later the first GEM [31] based on the annotation of that sequence
was reported. The process of reconstructing GEMs encompasses steps that link the
available metabolic knowledge to its genome sequence [5]. This process can be
broken down into four steps [5]:

Step 1: Draft from genome annotations Genome annotations are used to col-
lect a set of metabolic functions. Open reading frames (ORF) are identified and
their function can be ascertained experimentally, through reference databases [5,
6, 32] or through sequence-homology searches with other organisms to approx-
imate their function [5, 33]. For large GEMs, this step is often automated [5].

Step 2: Manual curation of the first draft In the first draft, metabolic func-
tions may not have been correctly included or may not represent the entire meta-
bolic network of an organism. Manually curating the draft to remove incorrect or
include missed metabolic functions is necessary. This step is highly iterative due
to the process of mapping missing or incorrect metabolites, reactions proteins,
or genes and incorporating changes to the draft. Gene-protein reactions (GPRs)
are also included to ensure that the proteins present in the model are linked to
one or more genes [34]. The reconstruction is a self-contained Biochemical, Ge-
netic, and Genomic database [15] (BiGG) of the metabolism of the organism of
interest. The interconnectivity of an organism’s metabolism is represented by a
metabolic network that is encoded in a stoichiometric matrix. In this matrix, reac-
tions and participating metabolites are stoichiometrically balanced which allows
for constraint-based analysis such as flux balance analysis (FBA) [31].

Step 3: Formalizing the reconstruction into a computational mode As soon
as the quality of the reconstruction has been verified by manual curation, the
model is converted to a genome-scale constraint-based metabolic model. This is
possible with tools such as the COBRA toolbox [35] and Cobrapy [36].

Step 4: Evaluation and iterative development of the model By comparing
previous GEMs and experimental data, the accuracy of the model is evaluated, and
missing metabolic functions can be identified with the utilization of reactome data
and the gaps filled with information from reference databases [6, 32, 37]. Tools
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exist to automate the gap filling process [38, 39] but manual identification and
filling of gaps remain the preferred method to ensure that the model is accurate
[40].

2.1.2 GEM-based applications

GEMs are mathematical representations of the metabolic make-up of organisms.
In GEMs, the molecular interactions are annotated and biochemical reactions are
balanced with respect to mass and energy to be in line with the needed stoi-
chiometric balance that allows the model to be used to simulate organism behavior
at the metabolic level. An especially well-used approach using GEMs is constraint-
based reconstruction and analysis [36] (COBRA). Constraints at a metabolic level
are represented by mathematical equations that impose upper and lower bounds
of a certain metabolite. The stoichiometric matrix ensures that the reactions are
balanced with respect to the constraints. One of the first [5] constraint-based ana-
lysis methods is flux balance analysis (FBA). A typical parameter that a GEM is
constrained with is substrate or nutrient availability. This can be achieved via
modifying its uptake rate via exchange reactions. Measuring the impact of the
constraint is done by defining an objective function. Cellular growth is an ex-
ample of an objective function. Growth is often measured through the production
of “biomass”, a colloquial term for biomolecules associated with cellular division
and growth. FBA simulates the metabolic network’s response to situations such as
gene deletions and growth media optimization by monitoring the flux of metabol-
ites through metabolic networks with respect to its designated objective function
[41].

To be able to accurately predict the metabolic properties of metabolically en-
gineered cells can have profound industrial ramifications [42]. The engineering of
microbes to overexpress desired products for industrial and medical applications
[43] is hampered by reduced growth, and mutation rates which can be caused
by the metabolic burden this overexpression incur on the cell, especially with the
use of high-copy number plasmids. FBA can be used as a tool for measuring and
predicting the metabolic burden associated with metabolic engineering, thereby
guiding design decisions and saving time [44].

Using gene-expression data of SARS-CoV-2 infection and GEMs, it was possible
to demonstrate extensive metabolic reprogramming of infected cells both in silico
and experimentally [41]. A GEM of human metabolism [45], Recon 3D, was used
to integrate metabolic fluxes generated from gene expression data [46]. Viruses
direct the metabolism of infected cells for viral proliferation and this study char-
acterized changes in metabolic flux patterns in pathways related to metabolite
transport, glycine, serine, and threonine metabolism, pyrimidine synthesis, and
fatty acid synthesis [41]. This study proposed data-supported metabolical drug
targets for SARS-CoV-2 that could counter-act the metabolic state set by the virus
[41].

Two well-known GEMs that have been used in this work are presented in sub-
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sequent subsections.

Escherichia coli central metabolism

The E. coli central metabolism GEM was released in 2010 and accompanied a pa-
per that outlined how to reconstruct and use microbial metabolic networks [5]. It
is smaller than a fully-fledged GEM and primarily encompasses central metabolic
pathways which provide energy to E. coli. It comprises 72 metabolites, 96 reac-
tions, and 137 genes. The reduced number of metabolites, reactions, and genes
allows the calculation and simulation results to confer insight for those in-training
while also yielding feedback for new constraint-based analysis methods that are
easier to integrate during the troubleshooting phase due to the small size [5].

Escherichia coli iML1515

iML1515 is one of the most comprehensive GEMs for E. coli K-12 MG1655 [47]
since the release of iJO1366 in 2011 [48] and has been validated with different
growth conditions. Its name comes from 1,515 open reading frames which code
for 1,192 unique metabolites and contain 2712 different reactions. The iML1515
model is highly accurate for detecting essential genes under a wide array of carbon
sources [49]. iML1515 shows that GEMs can be utilized to predict how constraints
manifest through changes in cellular and physiological behavior with accuracy
and have been used to predict gene essentiality through machine learning [50]
and provide insight into the improvement of lysine production in E. coli [51].

2.1.3 Systems biology standard format and GEM databases

As the number of GEMs and analysis methods increased, there was a clear need
for a standardized format that could contain biological models for computational
purposes [13]. The Systems Biology Markup Language [21, 52] (SBML) is the
most used format for systems biology purposes and is the standard format in
which GEMs are stored in. SBML is written in a dialect of the eXtensible Markup
Language (XML, “.xml”). SBML stores cross-references for metabolites, reactions,
proteins, and genes in annotations that link to external databases [53, 54].

Since its release in March 2001 [21], SBML has evolved in response to feed-
back and requests from the systems biology community. At its core, SBML stores a
mathematical formalized model of the organism of interest, and subsequent itera-
tions of SBML have developed layers that represent different model characteristics
[52]. Of special interest is the layout [55] and rendering [56] layer which extends
SBML to encode network and pathway representations. The positions and size of
elements to be rendered are stored in the layout package and the parameters
that dictate an element’s color, font, and other graphical options are stored in the
render package.

Due to the varying quality of reported GEMs [57], several databases have been
established to meet the demand for centralized repositories of standardized mod-



Chapter 2: Background 9

els. Two of the databases used in this work are presented below. Biochemical

Genetic and Genomic Models, or BiGG Models [15], is a database that hosts cur-
ated, high-quality models. BiGG models follow a systematic naming convention
for metabolites and reactions that follows community standards. BiGG Models
hosts 108 models that are validated with the model validation tool, MEtabolic
MOdel TEsts (Memote) [58], and is available to be downloaded in SBML, JavaS-
cript Object Notation (JSON), and “matfile” (MAT), a MATLAB proprietary data
container. It provides visualizations of the desired pathway with the integration of
Escher [59] and an application programming interface (API) to access the data-
base [15].

MetaNetX [60] is a database that serves as a: “reconciliation of metabolites and
biochemical reactions providing cross-links between major public biochemistry
and Genome-Scale Metabolic Network (GSMN) databases”. The terms “GEM” and
“GSMN” are in the context and scope of this thesis interchangeable but GEM will
be used throughout. It provides an automated genome-scale metabolic network
reconstruction tool and cross-reference and chemical properties databases. It also
provides tools for analyzing user-uploaded, SBML-compliant, GEMs as well as the
ones hosted in their repository. While BiGG Models also hosts GEMs, MetaNetX fo-
cuses on mapping metabolites in GEMS with their structure. Molecular represent-
ations of metabolites within GEMs can be collected through the use of MetaNetX’s
chemical library mapping of metabolites within user-submitted GEMs [60].

2.2 Metabolic pathways

In the context of metabolic networks, pathways represent the modularity within
an organism’s metabolism. The following are brief descriptions of a few well-
known metabolic pathways as well as their intermediary metabolites’ chemical
profiles.

2.2.1 The tricarboxylic acid cycle

The tricarboxylic acid (TCA) cycle is a cyclic catabolic pathway present in many
organisms [61]. It produces energy via the reduction of common electron carri-
ers such as NADH and FADH2 by oxidizing two-carbon fragments. These carriers
in turn can be used to provide energy to the respiratory chain, resulting in the
formation of CO2 and the synthesis of ATP.

Pyruvate, a three-carbon fragment, the end product from carbohydrate, fat,
and protein degradation is formed through glycolysis and is oxidized to form
acetyl-CoA, a two-carbon fragment attached to coenzyme A, by the pyruvate de-
hydrogenase complex (PDH). The acetyl moiety from acetyl-CoA enters the citric
acid cycle when it is donated to oxaloacetate, forming citrate via a Claisen con-
densation. The sequence of reactions in the citric acid cycle extracts the energy
within the acetyl group via oxidation to form two molecules of CO2 and reduce
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Figure 2.1: Pathway representation of the tricarboxylic acid cycle in E. coli. Re-
trieved from MetaCyC [62]. Compound names are colored red. Enzyme names are
colored green and their corresponding genes are colored purple. Enzyme Com-
mission (EC) number are colored light blue. Figure C.1 shows this pathway with
compound structures.
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three NAD+ molecules and one FAD molecule in the course of one cycle. It is in
the reduction of these electron carriers that provide the energy to form ATP in the
electron transport chain. Figure C.1 illustrates the structural similarities of the
TCA cycle intermediaries. With the exception of succinyl-CoA and acetyl-CoA, the
majority of intermediaries also have similar molecular weights (see Table B.1).

2.2.2 De novo purine nucleotide biosynthesis pathway

The purine nucleotides, adenosine triphosphate (ATP) and guanosine triphos-
phate (GTP), shown in Figure 2.2 are repeating monomeric units that when linked
together form nucleic acids. The structural make-up of nucleotides can be broken
down into phosphate groups, a pentose sugar, and a nitrogenous base. In the case
of purine nucleotides, their name comes from their nitrogenous base, a purine
ring. Purines are heterocyclic amines that have a pyrimidine ring merged with a
hept-member ring with two nitrogen atoms, illustrated in Figure 2.2

Figure 2.2: Two-dimensional representation of GTP. From left to right: Phosphate
groups colored red, a pentose sugar, and a purine ring. Rendered in RDkit.

The de novo biosynthesis of the purine nucleotides shares a common inter-
mediate metabolite, inosine-5’-phosphate (IMP), which is the end product of the
inosine-5’-phosphate biosynthesis pathway, illustrated in Figure 2.3. The interme-
diaries in the IMP pathway are structurally similar (see Figure C.2). The ribosyl
group in PRPP is chemically transformed to a purine in the IMP pathway by the ad-
dition of carbon and nitrogen atoms from glycine, glutamine, aspartic acid, formyl
groups, and bicarbonate which is facilitated by enzymatic reactions. Due to the
structural similarity between the main intermediaries in this pathway, they also
exhibit overlapping chemical similarities (see Tables B.2 and B.4).

De novo biosynthesis of purines begins with the formation of the purine ring
backbone in the form of inosinate monophosphate (IMP) which again is synthes-
ized from a series of reactions from phosphoribosyl pyrophosphate (PRPP) in the
inosine-5’-phosphate biosynthesis pathway, illustrated in 2.3. From IMP, adenosine
and guanosine end products can synthesize, but L-aspartate is required for dATP
synthesis as it forms N6-(1,2-dicarboxyethyl)AMP with IMP in the adenylosuccin-
ate synthetase enzyme reaction, as illustrated in Figure 2.4.
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Figure 2.3: Pathway representation of inosine-5’-phosphate biosynthesis in E.
coli. Compound names are colored red. Enzyme names are colored green and
their corresponding genes are colored purple. Enzyme Commission (EC) number
are colored light blue. Retrieved from MetaCyC [63]. Figure C.2 shows this path-
way with compound structures.
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Figure 2.4: Pathway representation of de novo adenosine nucleotide biosynthesis
in E. coli. Compound names are colored red. Enzyme names are colored green and
their corresponding genes are colored purple. Enzyme Commission (EC) number
are colored light blue. Retrieved from MetaCyC [63]. Figure C.3 shows this path-
way with compound structures.
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Figure 2.5: Pathway representation of de novo guanosine nucleotide biosynthesis
in E. coli. Compound names are colored red. Enzyme names are colored green and
their corresponding genes are colored purple. Enzyme Commission (EC) number
are colored light blue. Retrieved from MetaCyC [64]. Figure C.4 shows this path-
way with compound structures.
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2.2.3 De novo pyrimidine nucleotide biosynthesis pathway

A major function of any organism is the biosynthesis of pyrimidine nucleotides.
The de novo pyrimidine biosynthesis pathway is one of the oldest pathways con-
served across eukaryotes and prokaryotes.The pyrimidine nucleotides, cytidine
triphosphate (CTP), uridine monophosphate (UMP), and deoxythymidine mono-
phosphate (dTMP) are repeating monomeric units that when linked together form
nucleic acids. The structural make-up of pyrimidine nucleotides can be broken
down into phosphate groups, a pentose sugar, and a pyrimidine ring, illustrated
in Figure 2.6.

Figure 2.6: Two-dimensional representation of CTP. From left to right: Phosphate
groups colored red, a pentose sugar, and a purine ring. Rendered in RDkit.

In the case of pyrimidine nucleotides, their name comes from their nitro-
genous base, a pyrimidine ring. Pyrimidines are heterocyclic amines that have a
pyrimidine which two nitrogen atoms in its 6-member ring. De novo biosynthesis
of pyrimidine nucleotides, shown in Figure 2.6, requires aspartate, PRPP, and car-
bamoyl phosphate. Contrasting the way in which purine nucleotides are synthes-
ized by the use of IMP as the basis for their nitrogenous base, pyrimidines create
their nitrogenous base from aspartate and carbamoyl phosphate. Figure C.5 illus-
trates how aspartate and carbamoyl phosphate form carbamoyl phosphate and in
subsequent reactions, the steric size and weight of intermediaries increase as they
are becoming gradually similar to that of the end product, CTP.
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Figure 2.7: Pathway representation of de novo CTP biosynthesis in E. coli. Com-
pound names are colored red. Enzyme names are colored green and their corres-
ponding genes are colored purple. Enzyme Commission (EC) number are colored
light blue. Retrieved from MetaCyC [65]. Figure C.5 shows this pathway with
compound structures.



Chapter 2: Background 17

2.2.4 Histidine biosynthesis pathway

Histidine biosynthesis is a linear metabolic pathway that results in the formation of
the amino acid histidine. Histidine contains an α-amino group, a carboxylic acid,
and an imidazole side chain, illustrated in Figure 2.8. Histidine is a precursor for
histamine [66], and the imidazole side chain is fundamental for many enzyme
reactions [67].

Figure 2.8: Two-dimensional representation of Histidine. Visualized in RDkit.

Histidine is one of the amino acids that cannot be synthesized de novo in
humans and is conserved across many organisms [67]. Histidine is synthesized
from PRPP in 10 steps, illustrated in 2.9. From PRPP it condenses with ATP to
form phosphoribosyl-ATP (PRBATP) and through subsequent reactions, it forms
L-histidine. Figure C.6 illustrates how the size of steric bulk and associated mo-
lecular weight (see Table B.5 decrease as the intermediaries are becoming more
similar to that of the end product, L-histidine.
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Figure 2.9: Pathway representation of de novo histidine biosynthesis in E. coli.
Compound names are colored red. Enzyme names are colored green and their
corresponding genes are colored purple. Enzyme Commission (EC) number are
colored light blue. Retrieved from MetaCyC [68]. Figure C.6 shows this pathway
with compound structures.
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2.3 Metabolic networks and network visualization

The advancements made in the acquisition of biological data have created a volume
of available data that requires automated data management and analysis tools. A
variety of scientific areas and fields have adopted data-dependent methodologies
in addition to their established methods to save time and costs as well as discover
new insights from new and old data [69]. Visualization is a powerful tool that
helps contextualize different aspects of complex information and can provide in-
sights that would not be apparent without it. Visualizations of metabolic networks
and pathways elucidate how different aspects of metabolism are connected and
by extension how one change in metabolism affects associated processes [70].

2.3.1 Metabolic networks

A metabolic network is a complex structure that is formed by the interconnec-
tion between metabolic pathways and shared metabolites [71, 72]. Metabolic
networks are often visualized as graphs to demonstrate the relationship between
metabolites and biochemical reactions [73]. Graphs are mathematical objects that
convey the relationship between nodes that are connected by edges. A graph G is
defined as

G = (N, E) (2.1)

Where N is the set of nodes {v1,v2,v3,v4...,vn} & E is the corresponding set
of edges. Graphs can be undirected or directed. In undirected graphs, the edges
between nodes have equal endpoints and convey no information besides the fact
that the nodes are linked. In directed graphs, edges can be directed and bidirec-
tional. In directed graphs, edges convey relational information from its node of
origin to its target. In bidirectional graphs, edges can carry relational information
to and from their node of origin and the target node.

The attributes of a network that can be analyzed and used to characterize it
are called network properties. The degree of a network is the sum of all edges in
a network and a network’s average degree is the sum of edges divided by the sum
of all nodes in the network. The degree distribution is a statistical description of
the probability that a node has a degree k. A degree distribution, P(k) is defined
as

P(k) =

�

n− 1
k

�

pk(1− p)n−1−k (2.2)

and reflects the probability P that a node has a degree equal to k. When the
degree distribution of a network follows a power law distribution it means that a
small number of nodes in the network are linked with many others and most oth-
ers are linked to a fewer number of nodes. Networks that exhibit this power-law
distribution are called scale-free networks, where a few highly connected nodes,
typically named hubs, have a degree that is much larger than the network average.
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Figure 2.10: A simple directional graph comprised of three nodes. Edge color is
inherited from the node it originates from.

Biological networks have been studied to gain insight into their organiza-
tional structure, which reflects their function. Metabolic networks are character-
ized as scale-free networks. This scale-free organization is possibly derived from
the chemical basis of the constituents in the metabolic network [74]. Metabol-
ites are typically small molecules and in a metabolic network, they are linked
through metabolic reactions which are essentially chemical reactions. The meta-
bolites which drive metabolic reactions are called hubs due to their large degrees
compared to the network average. Most metabolic reactions take place in a hy-
drophilic environment and the metabolites which drive many of these reactions
are usually required to be maintained at a higher concentration. In order to reach
a high-enough concentration, hubs are often strongly polar. This assumption is
supported by the characterization of 100 metabolite concentrations in E. coli [75]
which revealed that the most abundant compounds exhibited larger average de-
grees than those with lower concentrations. This possible explanation for the or-
ganization of metabolic networks suggests that the chemical property of a meta-
bolite is partly reflected in its nominal degree and highly connected metabolites;
hubs, in metabolic networks, exhibit lower variability in their concentration [76,
77].

When metabolic networks and pathways are visualized as graphs, metabolites
are typically represented as nodes while edges reflect a reaction with neighboring
metabolites and the direction of the edge indicates which way the reaction occurs,
illustrated in Figure 2.18.

2.3.2 Visually interpreting biological data using networks

Data from biological systems can be difficult to interpret due to their complexity
[78], and visualizations of biological systems often generate more easily intelli-
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gible representations than lists of texts and mathematical formulas could [71, 79].
Visualizing protein-protein interactions (PPIs), metabolism, and cell-cell interac-
tions in biological systems are commonly done through network visualization to
enable visual interpretation of relationships between elements in these systems
and reduce complexity.

Figure 2.11: Example of a saccharomyces cerevisiae protein interaction network
(PIN). Edges between proteins indicate protein-protein interactions (PPIs). Taken
from Ref [80]

As presented in the preceding section, networks convey relational information
about a set of nodes that are linked by edges. In the context of a protein interac-
tion network (PIN), exemplified in Figure 2.11, nodes represent proteins and the
edges represent the PPIs of the proteins in that network. Visualizing and analyzing
biological systems as networks allows the study of their structure and how they
interact together to produce emergent cellular behaviors [79].
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Figure 2.12: Network representations of metabolites in the E. coli iML1515 model
with (a) default loaded layout and (b) force-directed layout. Edges represent
metabolites participating in chemical reactions. Multiple edges indicate that mul-
tiple metabolites participate in the reaction. (a) The default loaded layout suf-
fers from some issues of planarity with many nodes overlapping. (b) The force-
directed layout is difficult to interpret with the majority of metabolites clustered
in the middle. Some metabolites share unique edges with other metabolites, at
the periphery of the giant component. Rendered in Cytoscape [81].

Identification and characterization of functional elements in a complex biolo-
gical system are essential to achieving a systems-level understanding of biology.
The function of biological systems is often comprised of modules or motifs of mo-
lecular components that work together to perform a specific function. In a network
setting, modules comprise a group of interconnected nodes and motifs reflect a
recurring pattern of interactions between nodes [82]. Their visual identification
is often hampered by overlapping nodes or edge crossings which obfuscates rela-
tional information and is also subject to visual bias. Organizing nodes in a layout
is often the first step to creating an understandable representation of a network
and automatic layout algorithms have been created for this purpose. Popular al-
gorithms that generate “force-based” or circular layouts are often used. A simple
explanation of “force-based” layouts is that edges “pull” nodes that “repel” each
other with rendered edge lengths as short as possible. An example of a force-
based layout is shown in Figure 2.12 Circular layouts arrange nodes sequentially
so that the number of edge crossings is reduced. An example of a circular lay-
out is shown in Figure 2.13 In these two examples, the rendered length of edges
conveys no biological information [79]. The automatic layout algorithms can or-
ganize nodes according to the algorithm’s objective in large and highly connec-
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Figure 2.13: Network representations of metabolites in the E. coli central meta-
bolism model with (a) circular and (b) radial layout (zoomed in), a variant of the
circular layout. Edges represent metabolites participating in chemical reactions.
Multiple edges indicate that multiple metabolites participate in the reaction. (a)
The circular layout visualization suffers from several interconnected nodes that
cause edge-crossings and deciphering information from the visualization is diffi-
cult. (b) The radial layout positions a metabolite in the center as the root node.
Identifying hubs is easier in the radial layout, when compared to the circular lay-
out in (a). Rendered in Cytoscape [81].

ted networks, but the resulting arrangement is not always optimal from a visual
standpoint and may benefit from being divided into smaller, separate compon-
ents. Manually manipulating node positions after applying layout algorithms can
produce understandable representations that facilitate the visual identification of
network modules [79]. Network elements can be further distinguished by altering
their visual attributes, such as their size, color, shape, or edge thickness, by incor-
porating different types of data. Examples of how different network visualization
software are used to accomplish these are given in subsequent sections.

An intuitive network representation can be used to infer metabolite’s function
in biochemical reactions of a metabolic network or identify possible protein com-
plexes if several proteins exhibit interconnectivity and form clusters [78]. Iden-
tification and characterization of different network structures can then lead to
insights into how the interplay of these forms known functions and possibly the
dynamics of different biological systems. Several approaches exist for the com-
putational identification of network modules which are based on characterizing
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modules as sub-graphs within a network using calculated network attributes such
as the clustering coefficient. However, interpreting these results still requires ex-
pert confirmation of their biological relevance, even though they are less suscept-
ible to bias.

Some types of biological data are not easily represented as networks and some
can not be broken down without losing information. especially if the layout or
mapping of data interferes with the generation of an intuitive visualization. A
reaction in a metabolic pathway usually requires substrate(s), enzyme(s), and
product(s). Visualizing reaction elements in a larger network is not easy to achieve
without significant edge crossings as many substrates are shared across reactions
in different pathways [79]. While several metabolic network visualization tools
have implemented methods to visually remove highly connected molecules [83],
such as H2O and CO2. Alternative methods that more accurately convey biological
systems have been suggested but no community or standard solution has been
proposed [79].

Analyzing biological data using network representations is crucial for under-
standing how biological systems work, but the complexity and volume of data of-
ten make it difficult to create visualizations that are meaningful [84]. The spatial
arrangement of nodes can make the network difficult to interpret, obfuscating the
information that can be gleaned from the visualization as node and edge positions
influences how the viewer perceives the visualization and lead to erroneous in-
terpretations. The concepts of node centrality and proximity are important when
using a spatially meaningful layout [84]. Nodes in proximity to each other are
intuitively interpreted as exhibiting similarity while nodes further away, have less
similarity. Centrality is a concept that refers to how objects that are placed at the
center of a visualization are interpreted as being more essential or important than
those at the periphery [84]. A good representation manages to provide meaningful
information about the network, demonstrate relationships and not lose signific-
ant detail at the same time. There must be sufficient consideration given to how
networks and different types of biological data are visualized in order not to over-
whelm the viewer while at the same time providing biological insight through an
informative visualization of a network.

2.3.3 Encoding visual information in systems biology formats

Several efforts to standardize the visualization of genome-scale metabolic net-
works and metabolic pathways have been pursued after the publication of SBML
[21]. The encoding of graphical information was already proposed as a possible
extension to the then unreleased format in 2000 [22]. Various community-supported
projects filled the gap to standardize graphical layouts and graphical notations
used [23, 85, 86]. The Systems Biology Graphical Notation (SBGN) presented a
standardized set of icons to symbolize molecular entities and diagram styles. The
SBGN format contains graphical details of the layout.

In an effort to further standardize the layout and graphical details and re-
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duce the use of many fragmented visualization standards, the Systems Biology
Graphical Notation Markup Language [87] (SBGN-ML) was developed. SBGN-
ML encodes both the layout and the graphical notations assigned. SBGN-ML only
contains information pertaining to the positioning and which icon to be used as
SBGN-ML compliant software includes a standardized library of graphical sym-
bols.

Figure 2.14: A SBGN-ML process description map of glucose import from extra-
cellular space with its SBGN-ML code to the left. The color-highlighted code on
the left corresponds to the same-colored elements on the right side. Taken from
Ref [88].

As mentioned in 2.1, the SBML format officially supports the storage of net-
work layouts [88] and how the network is rendered [55]. These packages do not
contain information about what an object in the representation represents unless
the associated systems biology ontology [53, 89] (SBO) value is referenced. The
immediate benefit of using SBML to encode visual information is that one file con-
tains both the computational model and graphical representations of its network
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and pathways [52].

2.3.4 Visualization approaches, standard formats, and software tools

GEM visualizations should allow for the identification of metabolites, reactions,
and pathways [90]. There are two approaches used to visualize metabolic net-
works and pathways: Automated layouts generated by the use of algorithms and
manually drawn maps [90]. Most GEMs contain large amounts of metabolites and
reactions and their visualization often requires automation but this tends to res-
ult in densely clustered nodes, making identification of metabolites and reactions
hard without subsequent manual editing of the layout. For very large networks,
this process can take a long time [91]. Manually drawn maps allow for the iden-
tification of metabolites and reactions as their layouts prioritize legibility [92] at
the cost of time. In the following subsections, a selection of tools used to generate
automatic layouts and manually drawn maps are presented.

Automatic layout tools

Automatic layouts used to visualize graphs are generated by layout algorithms.
These algorithms prioritize the organization of the network in question and aim
to position nodes and edges in accordance with a desired visual style. Some pri-
oritize organizing the network to present hierarchical information at the cost of
low-level detail [73] while others employ a physics-based simulation [93] to the
network to achieve a force-directed layout that achieves spatial separation of net-
work structures and reduction of edge-crossings that would otherwise interfere
with interpreting the relational information they convey [94] in highly connected
networks [93].

BioFabric

BioFabric [95] is a software tool that visualizes networks horizontally. This net-
work alignment facilitates the identification of nodes with similar connectivity
while simultaneously displaying the network in its entirety [96], as shown in 2.15.
The network is given a tabular layout that positions nodes horizontally and in a
sequential manner with edges represented as vertical lines that connect to source
and target nodes.

BioFabric layouts avoid the “hairball effect” that characterizes traditional auto-
matic layouts applied to large networks with clarity as there are no edge crossings.
Each edge is given a dedicated “column” and the width of the visualization scales
with the number of edges [95]. BioFabric’s layout is conducive to recognizing
similarly connected nodes but does not lend itself to the identification of network
structures such as clusters nor does it support the integration of attributes to en-
rich the visualization [96].
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Figure 2.15: BioFabric visualizes complex networks horizontally with each edge
as a vertical line between source and target nodes. Taken from Ref [95].

Cytoscape

Cytoscape [81] is the most widely used network visualization and analysis tool
used in biology [91, 97, 98] thanks to its ability to integrate biological data in
its network properties [99] and display these parameters by changing visual ele-
ments of nodes or edges to reflect a desired property in the integrated data via
VizMapper [20]. Cytoscape supports a wide range of network formats and an ex-
tensive library of automatic layout algorithms which can be expanded upon in the
form of downloadable plugins [100]. It supports manual modification and place-
ment of nodes and provides a robust network analysis tool that integrates analysis
results as network attributes.

Figure 2.16: Example networks rendered in Cytoscape with a prefuse force-
directed layout. Taken from Ref [81]

Cytoscape has built-in support for SBML and several systems biology plu-
gins have been developed to enrich SBML-derived networks with external data-
bases [101] and convert Cytoscape network visualizations to standard visualiza-
tion formats such as SBGN-ML [102].

Manual layout tools

Manually drawn metabolic networks and pathway maps yield interpretable lay-
outs where metabolites and reactions are identifiable. Creating these maps by
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hand is the result of matching reactions with participating metabolites in a GEM
and positioning these elements in a manner that is both readable and does not
occlude other elements [90]. This is a tedious and time-consuming process but
these visualizations are often able to convey insights more clearly than visualiza-
tions with automated layout algorithms [90].

Escher

Escher [59] is a web application that creates visualizations of metabolic pathway
maps in a semi-autonomous manner by utilizing information in external databases
[15] and GEMs to propose pathways to be visualized with associated reaction,
metabolic and genetic data.

Figure 2.17: Escher visualization of the TCA cycle from the E. coli central meta-
bolism model. Taken from Ref [59].

Building pathways and sequences of reactions are made simple by proposing
known reactions connected to a metabolite prompt. Subsequent reactions that are
known to follow the previously specified reaction are then auto-suggested.

Figure 2.18: The ATP maintenance reaction (ATPM) with substrates; cytoplasmic
ATP (atp_c) and H2O (h2o_c) and products; cytoplasmic hydrogen (h_c), cyto-
plasmic ADP (adp_c) and cytoplasmic inorganic phosphate (pi_c). Metabolite la-
bels are abbreviated and follow a BIGG Models systematic naming convention.
Taken from Ref [59].

This ease-of-use enables rapid generation of clear and concise visualizations of
metabolic pathways that are enriched with information from external databases
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[6, 15, 103–105]. Escher visualizations can be exported and their layouts encoded
in JSON format can be converted to SBGN-ML and SBML format by the use of a
dedicated client, EscherConverter [59].

CellDesigner

CellDesigner [16] is an editor for diagrams representing systems biology associ-
ated information e.g. metabolic pathways and gene regulatory networks. It provides
a standardized set of symbols [87] to convey molecular entities, boolean logic
gates, and regulatory signals unambiguously [16, 106]. It supports SBML level 2
[107] as of version 4.4 (SBML level 3 support due in version 4.5).

Figure 2.19: An example of a protein-protein-interaction network rendered in
CellDesigner. Taken from Ref [16]

CellDesigner has a unique feature over other visualization software in that it
can link in-client simulation data to the visualized network. This allows users to
utilize CellDesigner as visualization and analytical platform [20, 106, 108].

2.4 Molecular descriptors

2.4.1 Molecular descriptors

Molecular descriptors [28] are quantitative representations [109] of various chem-
ical properties of a molecule that are generated by algorithms from a represent-
ation of a molecule and contains information about the physical and chemical
information of the molecule [110]. Molecular descriptors play a fundamental role
in drug design [111, 112], medical research [113], and evaluation of the environ-
mental toxicity [114] for a given compound. They are also the basis for the virtual
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screening of molecular datasets and are used in the prediction of biological prop-
erties and behavior [115] in organisms [116, 117]. Computational chemistry and
cheminformatics facilitates such applications by calculating these molecular prop-
erties. A typical molecular graph represents the topology of a molecule and some
descriptors are calculated by algorithms processing the topology of the molecular
graphs or the correlation of atoms pairs. These are called topological descriptors
and autocorrelation descriptors respectively and are categorized as 2D descriptors.
Other, more complex descriptors are derived from a geometrical representation of
the molecule. Geometrical descriptors require that every atom and chemical bond
in the molecule(s) has three-dimensional coordinates [118, 119] in their molecu-
lar representation. The following subsections will present a selection of descriptor
categories; constitutional, autocorrelation, and geometrical descriptors as well as
molecular fingerprints. This selection does not cover every type of descriptor and
is merely a simplified overview of the most commonly used descriptor categories.
Subsequent chapters will include descriptors and descriptor categories which are
not included in this section but a brief explanation will accompany them when
they are mentioned. A more thorough list of molecular descriptors and their cat-
egories are available in Ref [120].

Constitutional descriptors (0 + 1D )

Constitutional descriptors comprise features that are aggregates of the individual
atoms that a molecule is made up of [109]. Examples of constitutional descriptors
are the sum of atoms, the sum of different chemical bonds, and molecular weight.
Constitutional descriptors are fast to compute as they usually quantify properties
which are the sum of constituent atoms and bonds. This infers that two or more
uniquely different molecules can have the exact same constitutional descriptor
values. Due to this fact, constitutional descriptors are usually used in conjunction
with different, more complex descriptors, such as autocorrelation descriptors or
geometrical descriptors [121].

Some constitutional descriptors are calculated by summing the number of
atom types or structural motifs that exist in the molecule and is often stored as
integer values. Examples are the number of hetero atoms, the number of non-
carbon atoms that exist in the molecular backbone [122], or the number of ring
structures [122].

Autocorrelation and topological descriptors (2D)

Where constitutional descriptors can be calculated from the molecular composi-
tion without geometrical or topological information, the calculation of autocor-
relation descriptors requires a molecule to be represented as a graph G and the
physical properties of atoms be values given to vertices N of G and chemical bonds
represented as edges V of G. While more complex than constitutional descriptors,
they encompass characteristics of a molecule that can be extracted from its size,
electron distribution, and two-dimensional shape. Autocorrelation descriptors [123]
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are the most frequently used descriptor type and carry information about a mo-
lecule’s topological profile. Given the light computational load required for auto-
correlation descriptors, they are often used to compare millions of different mo-
lecules in large datasets [124].

An example of a commonly used autocorrelation descriptor is the ratio of a
given molecule’s surface that is hydrophobic. The hydrophobicity of a molecule
can be quantitatively described by the polar partition coefficient, the descriptor
MolLogP [125]. It represents the ratio of the molecule that will exist in the un-
charged part of an water and n-octanol solution by an atom-based Crippen’s ap-
proach calculation [123, 126, 127]. MolLogP can infer how well a compound
binds to a given protein and its ability to traverse the membrane of a cell [109].
Molecular refractivity or MolMR is a quantitative measure of the bulkiness of a
molecule; it is calculated by dividing molecular weight by the density of the mo-
lecule which is derived from the topological profile of the molecule [109].

Geometrical descriptors (3 + 4D)

Geometrical descriptors mainly encompass emergent physio-chemical properties
that arise from their three-dimensional configuration [128]. This category of mo-
lecular descriptors requires molecular representations that contain spatial and
coordinate information regarding its constituent atoms. Due to some molecu-
lar structures that can exist in multiple stable conformations, this category of
descriptors will have numerical differences between these conformations which
convey their unique characteristics. Three-dimensional descriptors are widely used
to evaluate if a drug’s pharmacokinetic profile satisfies desired drug property re-
quirements when screening large numbers of possible drug candidates [112].

Molecular fingerprints and quantification of multiple molecular descriptors

Molecular fingerprints are a method of representing molecules as a mathematical
objects where they convey the presence or absence of a chemical structure. This
method allows for rapid screening and mapping of the chemical structures that the
molecule possesses. The sheer number of different molecules that are of interest
as drug candidates increase as they aim to target ever more complex biological
processes. Molecular fingerprints describe the structural motifs that a molecule
possesses in a vector, where the presence or absence of a structure is denoted by
a 1 or 0, respectively [129].

The most commonly used molecular fingerprint is the Morgan fingerprint [129],
also known as the extended-connectivity fingerprint (ECFP4). Morgan fingerprints
are well suited for describing the characteristics of small molecules but lack the
fidelity to convey global features such as the size and shape of larger molecules.
Computation of some molecular fingerprints such as MIniHashed fingerprint, MHFP6
[130] requires a molecular representation format that encodes stereochemistry
such as InChI or isomeric SMILES to calculate an atom-pair based molecular fin-
gerprint [130].
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While not categorized as a molecular fingerprint, the descriptor Quantitative
estimation of drug-likeness [131] (QED) incorporates several molecular descriptors
in its calculation; molecular weight, MolLogP, topological/total polar surface area
(TPSA), the number of hydrogen bonds, donors and acceptors, the number of aro-
matic rings and rotatable bonds [128, 131]. QED is a viable approximation for the
comparison or estimation of a drug’s oral bioavailability and is commonly used in
evaluating drug candidates at a pre-clinical stage [128].
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2.4.2 Molecular descriptor applications

“It is obvious that there must exist a relation between the chemical constitution
and the physiological action of a substance [. . . ], but as yet scarcely any attempts
have been made to discover what this relation is. [. . . ] it might be supposed that
a careful examination and comparison of known facts would lead to the discovery
of some empirical law by means of which we could deduce the action from the
chemical constitution.” [132].

The quote is a citation from Nathan and Brown’s article in the Journal of ana-
tomy and physiology in 1868. Molecular descriptors are the product of the pur-
ported empirical laws proposed in their article and quantitatively express inform-
ation about a molecule’s chemical properties and enable the prediction of chem-
ical properties from its structure and composition. Applications such as quantitat-
ive structure-activity relationships (QSAR) studies of molecules require molecular
descriptors. By using QSAR, it is possible to evaluate the toxicity of chemical com-
pounds in the environment or to organisms as well as to screen molecules for
their potential as drug candidates. Two applications of molecular descriptors are
described below and contain concepts and principles that will be expanded upon
in subsequent sections.

Quantitative Structure-Activity/Property Relationships

Each day, new chemicals are created and theorized. This constant influx of new
chemicals makes their experimental characterization a gargantuan task. Chemin-
formatic tools are necessary to meet the demand for evaluating and analysis of
their molecular descriptors. Quantitative Structure-Activity/Property Relationships
(QSAR/QSPR) are two, well-used, approaches in the field of computational, med-
ical, and environmental chemistry [133]. QSAR and the related quantitative structure-
property relationships (QSPRs) are enabled by the cheminformatic techniques
that allow for the linking of molecular structure to molecular behavior. The basis
for these approaches is that the activity and behavior of chemicals are derived
from their structure. By extension, chemicals with similar descriptor values will
have similar activity. QSAR assumes that a molecule’s biological, chemical and
physical properties are invariably linked to its structure and composition and that
the structure contains the information necessary to predict the behavior of a mo-
lecule. The molecular structure must be defined clearly in order to facilitate these
approaches. A molecular representation, in cheminformatics terms, is the inform-
ation required for the generation of a theoretical descriptor based on the structure
using cheminformatics algorithms.

Being able to identify compounds that exhibit complementarity with regards
to steric configuration, electrostatic, and hydrophobicity is of great interest in the
in silico screening of drug candidates. Finding candidates that complement or pos-
sess bioactive conformations is dependent on the three-dimensional quantitative
structure-activity relationship (3D-QSAR) methodologies [112]. These 3D-QSAR
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methodologies require a molecular representation that possesses spatial and co-
ordinate information of the constituent atoms. This information is either determ-
ined experimentally or computationally. Several computational approaches to as-
certaining possible and stable structural conformations exist [17, 134, 135] and
require extensive use of databases with previously confirmed molecular structures
to approximate a given molecule’s three-dimensional structure from its 2D mo-
lecular representation.

Descriptor selection

Cheminformatics allows for the computation of many molecular descriptors for a
given molecular representation but not all descriptors are relevant to each use-
case [17]. Descriptor selection is an important of many QSAR workflows [133]
and in most cases where molecular descriptors are used. As a rule of thumb,
this selection removes descriptors whose values are missing as a result of insuf-
ficient data required for its calculation, has constant values for the dataset, and
descriptors that are highly correlated with each other. Due to the high dimension-
ality that comes with the number of available molecular descriptors, multivariate
analysis, and dimensionality reduction methods such as principal component ana-
lysis (PCA) are often applied [136]. Due to the number of descriptors available,
it is prudent to select descriptors based on the molecules they are set to describe.
A good descriptor should, in addition, describe physiochemical properties, have a
low correlation with other descriptors, and exhibit small degeneracy, i.e. their val-
ues should be numerically distinct from each other from molecules with different
structures [25], and not contain overlapping information.

2.4.3 Codification of chemical information

Information about chemical structures is represented as molecular graphs on com-
puters. These molecular graphs are reconstructed from molecular representations
that contain the necessary information for the generation of a molecular graph.
Molecular representations are used as input for cheminformatic software and
tools. The two most widely used formats are the Simplified Molecular-Input Line-
Entry System [25] (SMILES) and IUPAC chemical Identifier [24] (InChI), these
two formats will be introduced in the two following subsections. Each subsec-
tion ends with an evaluation of their possible use as the molecular representation
chosen for this project.

SMILES

SMILES stands for Simplified Molecular Input Line Entry System. The SMILES
notation system was initially developed in 1988 and represents chemical struc-
tures in a way that can be read by a computer for the purpose of cheminform-
atics. Figure 2.20 illustrates the basic notation system for SMILES is a set of five
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rules. An extended set of rules exists for stereochemistry and isomers but these
are omitted for brevity.

Figure 2.20: Schematic representation of a SMILES string generated for cipro-
floxacin. Each element of the molecular structure has a color code and corres-
ponds to a part of the SMILES string which encodes that element, i.e. the light
green color represents the molecular backbone of ciprofloxacin. Adapted from
[137].

Rule one denotes the atoms and bonds inside a chemical structure by its atomic
symbol and bonds. For atoms in an aromatic structure, their atomic symbol is de-
capitalized. Differentiation of bonds is achieved by the different symbols shown
in Table 2.1.

Table 2.1: Examples of how different types of chemical bonds are represented in
the SMILES format.

Bonds Symbol
Single bond -
Double bond =
Triple bond #

Aromatic bond *
Disconnected structures .

The second rule explains how chains are represented by atomic symbols and
bonds, which is shown in Table 2.2. The SMILES notation eschews the inclusion of
hydrogens (H) as any unspecified bonds or valences will be filled with hydrogens
when read by cheminformatic tools that follow the SMILES specifications.
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Table 2.2: Denotation of simple chains using SMILES symbolism from rule 1 and
2.

SMILES Chemical formula Chemical name
C-C-C CH3CH2CH3 Propane

CCCC=O C4H8O Butyraldehyde

Rule three explains, demonstrated in Table 2.3 the use of parentheses to de-
note branches. Branches or single atoms in parenthesis are placed right after the
un-parenthesized atom it comes from.

Table 2.3: The use of parenthesis denotes branching of molecules in SMILES.
the SMILES string for 2,3-Butanediol indicates the branching of 2 oxygen atoms
and 2,2,4,4-tetramethylpentane indicates how there are 4 molecular branches,
denoted by parenthesis encapsulating the atoms that branch.

SMILES Chemical formula Chemical name
CC(O)C(O)C C4H10O2 2,3-Butanediol

CC(C)(C)CC(C)(C)C C9H20 2,2,4,4-tetramethylpentane

Rule four, demonstrated in Table 2.4 explains how ring structures are denoted
by marking the opening and closing ring atoms. Note that ring structures made
up of aromatic bonds are denoted with “ * ”, as described in rule one.

Table 2.4: The SMILES strings for benzene and glucose demonstrate how aro-
matic and different ring structures are encoded by SMILES rule 4.

SMILES Chemical formula Chemical name
c1ccccc1 C6H6 Benzene

C(C1C(C(C(C(O1)O)O)O)O)O C6H12O6 Glucose

Rule five demonstrated in Table 2.5 explains how charged atoms are identified
within the chemical structure. It is represented via curly brackets. The integer
charge value can be included or not as; ({-1}), ({-}), but for charges that are
larger than 1, its value must be included after the charge sign.

Table 2.5: The SMILES string for trimethylammonium demonstrates how charged
atoms are encoded in rule 5 and that the charge of nitrogen is positive.

SMILES Chemical formula Chemical name
C[NH+](C)C C3H10N Trimethylammonium

The SMILES project is not an open project and has led to different software
tools creating their own algorithms to generate SMILES [138]. This can lead to one
SMILES string representing two different molecules. The SMILES format supports
a limited number of stereochemistry categories when compared to that of InChI,
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which will be presented in the next section. It is for these reasons that the SMILES
format was not chosen as a molecular representation for this project.

InChI

The International Union of Pure and Applied Chemistry [139] (IUPAC) saw the
need for a standardized and un-ubiquitous chemical identifier to be used in the di-
gital era. It was developed in conjunction with the U.S. National Institute of Stand-
ards and Technology [140] (NIST). Borne of this cooperation between IUPAC and
NIST came the International Chemical Identifier (InChI), a set of nomenclature
rules that can be used to generate unique molecular representations for any chem-
ical substance. The InChI Trust [141] and the IUPAC InChI subcommittee was
formed in 2010 with the task of maintaining the standard and developing it fur-
ther.

InChIs are layered hierarchically, with each layer containing more details about
the molecule it is generated from. The layers, as shown in Figure 2.21: the chem-
ical formula, atom connection, hydrogen atoms, charge, stereochemical and iso-
topic layers. Within the InChI string, each layer is separated by a forward slash.

Figure 2.21: Schematic representation of the main layers for a standard InChI
of (R)-carboxy(chloro)methyl]azanium. Adapted from online material for the
course “Chem1102” taught at Fordham University [142]

Some InChI’s can become excessively long [143]. InChI’s can be hashed via
a dedicated hashing algorithm to produce a fixed-length string called InChIKeys.
InChIKeys are 27 uppercase letters. InChIKeys contain layers but the 27-character
limit confers less resolution and information about the molecule it is generated
from when compared with a full InChI string. A potential upside of this format is
how its format lends itself to websites as it does not contain special characters.

A drawback of the InChI notation is that it is primarily used as input for
cheminformatic tools and is not designed to be readable by humans, as demon-
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strated in 2.21, contrasting the SMILES notation in 2.20. There exists only one
algorithm for generating InChI’s and supports more stereochemistry types than
SMILES [138]. It is for these reasons that InChI’s was chosen as the molecular
representation format for metabolites to calculate molecular descriptors from.

2.4.4 Cheminformatics

Cheminformatics refers to the application of computer science to the field of chem-
istry through the use of in silico methods [144]. Cheminformatics represents mo-
lecules as molecular graphs, a concept derived from graph theory. Atoms are nodes
and edges are the chemical bonds that connect the nodes to form molecules.
SMILES and InChI are the most common formats from which cheminformatics
tools can create molecular graphs [145]. Drug discovery, drug design, and QSAR
are typical tasks where cheminformatics is applied. Cheminformatic tools process
molecular graphs of molecules and can visualize molecular structures in three di-
mensions, highlight chemical groups or visualize electron density or other molecu-
lar attributes across a molecular structure and calculate a wide array of molecular
descriptors and fingerprints, shown in Figure 2.22.

Figure 2.22: A diagram exemplifying how cheminformatic tools are used to cal-
culate molecular descriptors (3) from a molecular representation (2) that is gen-
erated from a molecule (1).

Through the use of these descriptors, machine learning methods can be used
to model QSAR properties and develop AI-aided models to predict how changes
in chemical properties can lead to changes in biological behavior in silico [112].

Listed below are several cheminformatic tools that were considered for use in
calculating molecular descriptors for this research project, along with evaluations
of their suitability based on the following criteria: open-source, easy to use, and
capable of calculating a large number of descriptors.

RDkit

RDkit is a widely used open-source cheminformatics tool [122]. Its core methods
and data structures are written in C++ but are accessed in Python via a wrapper
generated via Boost.Python [146]. Some examples of RDkit functionality are the
reading of molecules from different molecular representation formats, substruc-
ture searches, substructure transformations, fingerprinting, molecular similarity
searches (see 2.23), molecular descriptor calculation, and drawing of molecules
and chemical reactions with substructure highlighting [122].
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Figure 2.23: N-acetyl-L-glutamate 5-semialdehyde with Gasteiger charge simil-
arity maps drawn with RDkits similarityMaps function.

RDkit is in active development at Novartis Institutes for BioMedical Research
[147] and is a component of many widely used software packages such as Deep-
Chem [148] and features full integration in the KNIME Analytics Platform [149].

RDkit calculates 215 constitutive and autocorrelation descriptors from two-
dimensional molecular representations and 5 geometrical descriptors if the mo-
lecular representation format supports and contains atom coordinates or conform-
ers in a supported file format like Spatial Data File (.sdf). It also supports a suite
of solutions for rendering molecules 3D visualizations within Jupyter Notebooks
of metabolites using a local PyMol instance [122, 150], shown in 2.24D.

Figure 2.24: (A) planar drawing of ibuprofen without added hydrogen atoms.
(B) Ibuprofen drawn linearly with hydrogen atoms. (C) Two-dimensional render
of an ibuprofen conformer. (D) A three dimensional visualization of ibuprofen.

Due to its ability to calculate a wide range of molecular descriptors and the
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fact that it is an open-source tool, RDkit was chosen as the cheminformatic tool
to calculate molecular descriptors.

Open Babel

Open Babel is an open-source cheminformatic tool originally developed to inter-
convert between chemical structure formats [134]. It supports the interconver-
sion of 110 different chemical formats, accommodating interoperability of differ-
ent programs and workflows. Open Babel supports the calculation of 16 numer-
ical molecular descriptors, several molecular fingerprints, and molecular similar-
ity searching of large molecule datasets. Open Babel can approximate a three-
dimensional structure from a two-dimensional molecular representation. Open
Babel was not chosen to calculate the molecular descriptor used in this project
as the number of descriptors offered by RDkit both supplanted and included the
descriptors supported by Open Babel.

alvaDesc

alvaDesc is a cheminformatic software tool that is engineered for the calculation of
molecular descriptors [151]. It is the successor to the widely used but now discon-
tinued DRAGON software [110]. alvaDesc calculates more than 5471 descriptors
and 3 fingerprints. In addition to calculating descriptors, it also provides a suite of
tools for exploratory analysis of molecular datasets by visualization, multivariate
statistical analysis, and molecular structure verification by referencing PubChem
[152]. Unlike RDkit and Open Babel, alvaDesc requires a paid license.
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Methodology

This chapter describes the methods used in this project. The first section details the
collection of molecular representations of metabolites from GEMs and the calcu-
lation of their molecular descriptors. The second section describes the descriptor
selection process and associated methods are presented in brief. The third sec-
tion details the process of visualizing metabolic networks and pathways with bio-
chemical coordinate layouts. Finally, the process of exporting the graph layouts to
community standard formats is presented.

3.1 Data collection and descriptor calculation

By default, SBML formatted GEMs do not contain non-hashed molecular repres-
entations (InChI Key) in the annotations of metabolites [58]. The subsequent sub-
sections include the methods in which the metabolite identifiers are collected, how
the molecular representations are extracted from a reference database, and finally
the process of calculating molecular descriptors from molecular representations.

Data collection

This step involved the acquisition and use of multiple datasets from two databases;
BiGG Models and MetaNetX. Discrepancies in column titles across datasets were
removed by their standardization, presented in Table 3.1. This standard was kept
across datasets generated to ensure compatibility.

Table 3.1: Standardization of column titles in downloaded and generated data-
sets. The following column title modifications across all downloaded data.

Column type Column title New column title
MetaNetX metabolite identifiers #ID, id MNXref

BiGG identifiers source, BiGG_id BiGG

The GEMs utilized in this project, E. coli central metabolism [5] & iML1515
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[47] models were downloaded from BiGG Models [15] in their SBML (.xml)
format. Table 3.2 presents an overview of their metrics.

Table 3.2: Overview of model metrics. Metrics retrieved from their respective
entries on BiGG Models [15]

Model name Organism name Reactions Metabolites Unique metabolites ORF
iML1515 Escherichia coli 2705 1877 1169 1515

e_coli_core Escherichia coli 95 72 55 95

3.1.1 Chemical library mapping of GEMs

GEMs does not typically include representations of a metabolites molecular struc-
ture. Chemical library mapping of GEMs is the process of mapping chemical lib-
rary information, such as the MNXref namespace, to metabolites in GEMs [60].
MetaNetX [60] was utilized to perform this function as it supports the upload of
SBML formatted GEMs. Chemical compounds and metabolites are given a prefix
(NADH is MNXM10) and chemicals or reactions whose products do not participate
in other reactions are removed [103]. The results of the chemical library mapping
were downloaded as comma-separated value (CSV) files and column titles were
standardized as presented in Table 3.1.

3.1.2 Collection of molecular representations

The molecular representations, SMILES & InChI, were collected by matching MNXref
to the chemical property database provided by MetaNetX [153]. This was done in
python with a local copy of the chemical property database. Separate CSV files for
InChI and SMILES were saved for each model to be used for molecular descriptor
calculation from both representations.

3.1.3 Alternative approach to the collection of molecular represent-
ations

Performing the step described in subsection 3.1.2 can be performed using the
MetaNetX website, which eliminates the need for programming knowledge and
the need to download the chemical property database. MetaNetX hosts a selec-
tion of curated GEMs, which can be selected with the “Pick from repository” op-
tion from the toolbox. Both the core and iML1515 models are hosted and can be
selected after single queries and ticking the “Select” box for both models. From
this point, the process of mapping the chemicals is functionally identical as laid
out in 3.1.1. The collection of molecular representations is achieved via using the
“MNXref ID mapper” tool and copying the MNXref column from 3.1.1 in the text
field. The result of this mapping contains molecular representations (SMILES, In-
ChI) and external database identifiers (BiGG [15], CheBI [104], KEGG [6], Meta-
Cyc [154], and HMDB [155]) where available. This data can be downloaded either
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as a tab spaced variable file (TSV), JSON, or hypertext markup language (HTML)
file. A significant drawback to this alternative approach is that the MNXref ID
mapper tool is limited to queries containing 100 identifiers at a time, necessitat-
ing additional repetitive steps and the possibility of human errors when processing
larger GEMs.

3.1.4 Molecular descriptor selection

To calculate molecular descriptors, the cheminformatic tool RDkit [122]was used.
For each model, 215 constitutive and topographical molecular descriptors were
calculated from SMILES and InChI representations to facilitate the comparison of
numerical differences in molecular descriptor calculations between representation
formats. Calculation results were stored in separate CSV files for each format,
resulting in two files for each model, and were reviewed to investigate if any
molecular descriptors failed to compute.

3.1.5 Case studies

In order to evaluate different layouts generated using different biochemical co-
ordinates across different pathways and networks, 7 case study datasets were cre-
ated. These case study datasets were:

• Metabolic networks

◦ E. coli central metabolism
◦ iML1515

• Metabolic pathways

◦ The TCA cycle
◦ ATP biosynthesis
◦ CTP biosynthesis
◦ GTP biosynthesis
◦ Histidine biosynthesis

The IMP biosynthesis pathway (see Figure 2.3) is integrated in the purine
biosynthesis datasets; ATP and GTP biosynthesis (see Tables B.2 and B.4).
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For the purpose of network visualization, edgelists were compiled using the
metabolic modeling package ReFramed. The edgelist consists of pairs of nodes that
indicate that there is a link between them. In order to create metabolic pathway
datasets, metabolite entries were copied from the iML1515 InChI-based molecu-
lar descriptor file. In a dataset, excluding column titles, each row represents one
metabolite and contained 225 columns. These columns were:

• Molecular descriptors (215)
• Identifers and descriptions (5)

◦ BiGG universal identifier
◦ MNXref identifier
◦ Full name
◦ Description of molecule
◦ ChEBI identifier

• Molecular representations (3)

◦ InChI
◦ InChIKey
◦ SMILES

• Edgelist (2)

◦ Source node
◦ Target node

All case study datasets are available in Table A.1, Supplementary data 3.

3.2 Descriptor selection

A key step in a descriptor selection process is the identification of features that
capture as much information while using as few of them as possible [109]. Due to
the number of descriptors available (n = 215), it was important to identify those
which were orthogonal to one another and to remove those which were correlated,
empty, or did not show any variation across datasets. To remove empty features,
descriptors that had 90% of their values equal to zero were removed. Spearman
rank correlation coefficients were calculated before and after the removal of empty
descriptors. Identification of orthogonal descriptors was performed by analyzing
descriptor correlations and applying principal component analysis (PCA) and then
determining the descriptors that best capture variance in the chemical space by
analyzing component loadings. The seaborn [156] statistical visualization pack-
age was used to visualize correlation matrices and principal component loadings.
In contrast to typical QSAR workflows, the selection of descriptors reflecting chem-
ical features with a clear biological interpretation was favored. An emphasis was
placed on biologically relevant descriptors so that the position of each node could
convey intuitive biological information about the metabolite and its neighbors.

A step-by-step process was used to select the molecular descriptors. As a res-
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ult of analyzing principal component loadings, a final selection of biologically
relevant descriptors was made based on the identification of descriptors that best
captured variance in the biochemical space.

3.3 Layout visualization

3.3.1 Layout visualization

The network analysis package NetworkX [157] was used to create graphs of case
study datasets. Different pairwise combinations of selected descriptors were used
as x- and y- cartesian coordinates to generate graph layouts for all case studies.
The plotting package Matplotlib [158] was used to visualize the graph layouts.

3.3.2 Layout evaluation

It is necessary to assess the layouts themselves to determine whether they are bio-
logically meaningful and understandable in order to evaluate the combinations
of descriptors that generate the most intuitive layouts. An intuitive and compre-
hensible layout is not difficult to interpret. Bad layouts can frustrate or confuse
viewers if they place objects near one another and result in node stacking and
edge crossings. There may be a number of factors that can negate the benefits of
a visualization, including distractions, overlapping information, or simply a large
amount of information, as demonstrated in Figure 2.13 and Figure 2.11

An intuitive visualization would have a network layout that allows explora-
tion and identification of known biological patterns so insight can be acquired,
whereas a non-intuitive visualization would have a layout that arranges informa-
tion in a way that is extremely hard to understand. In this project, a biologically
meaningful layout can be characterized as being able to identify metabolic path-
ways in a network or biological patterns based on the position of metabolites when
visualized. The opposite is a non-intuitive layout, which is characterized by the
aggregation of metabolites in such a manner that their placement prevents the
interpretation of network relationships between metabolites on a local or global
level.

Layout evaluation was performed by characterizing visualizations of network
and pathway as either biologically meaningful or non-intuitive. Metabolic path-
ways were also highlighted in the iML1515 case study visualization network to
allow for their evaluation on a global scale.

3.4 Layout export

To export generated layouts to formats that can be read by commonly used net-
work visualization software, NetworkX’s export to Cytoscape functionality was
used. This functionality did not produce a file that was readable by Cytoscape
and required several steps to ensure full compatibility. A step-by-step guide on
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how to do this as well as an example file to validate this process is provided in
Table A.1 Supplementary data 4, Appendix A. Upon completion, the file can be
read by Cytoscape and the graph layout is visualized by mapping the node x- and
y- positions to the “x” and “y” node attributes. In addition, the complete set of mo-
lecular descriptors was imported to Cytoscape and exported in the Graph Markup
Language (GraphML). This format stores node attributes such as the imported mo-
lecular descriptor data and can be converted to the systems biology community
standard format SBGN-ML by using the ySBGN [159] tool.
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Results

4.1 Descriptor calculation

4.1.1 Collecting molecular representations for descriptor calculation

Not every metabolite in the E. coli central metabolism and iML1515 models were
chemically mapped. 55 metabolites were mapped to the MNXref namespace from
the core metabolism model and 1169 from the iML1515 model, an overview of
the results of the chemical library mapping is listed in Table 4.1. As presented in
section 3.1.1, chemicals or reactions whose products do not participate in other
reactions in the model were not included in the mapping process, and metabol-
ites were listed in multiple compartments; cytoplasm, extracellular space, and the
periplasm were merged and represented with one universal entry. These results
are available in Table A.1, Supplementary data 1.

Table 4.1: Comparison of results from the chemical library mapping and collec-
tion of molecular representations for both GEMs. Rounded percentage of molecu-
lar representation coverage in parenthesis.

GEM Metabolites Mapped metabolites InChI SMILES
E. coli central metabolism 72 55 55 (100%) 55(100%)

iML1515 1192 1169 950 (81%) 1012(86%)

All molecular representations, SMILES, and InChI were collected for the mapped
metabolites in the E. coli central metabolism model. 157 (13%) of the 1169 mapped
metabolites from the iML1515 model were unable to be matched with a molecu-
lar representation, 950 (81%) metabolites could be matched with an InChI and
1012 (86%) metabolites had associated SMILES.

Further inspection of the 157 mapped metabolites from the iML1515 model
which was unable to match with an associated molecular representation revealed
two trends. Large and complex metabolites with one or several of the following
cofactors bound; coenzyme A, acyl substructure, and acyl carrier protein (ACP)
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cofactors have no molecular representation formats available. An excerpt of meta-
bolites that followed this trend is listed in Table 4.2, and full results are available
in Supplementary data 1, Table A.1.

Table 4.2: A sample of metabolites without any chemical repres-
entation following chemical library mapping. Excerpt from "Metabol-
ites_lacking_chemical_representation.tsv" in Supplementary data 1, Table
A.1. It is unclear how the question mark symbols were incorporated into the
metabolite names, as a compound similar to MNXM1094051 already exists in
PubChem under the name "alpha-D-ribose 1-methylphosphonate 5-phosphate"
[160].

MNXref Metabolite
MNXM1094051 ?-D-ribose-1-methylphosphonate 5-phosphate
MNXM1094075 Poly-?-1,6-N-acetyl-D-glucosamine
MNXM1094075 Poly-?-1,6-N-acetyl-D-glucosamine
MNXM1094141 1-(?-D-sulfoquinovosyl)glycerol
MNXM1101270 Bis-molybdenum cofactor
MNXM725917 3-Hydroxypimeloyl-[acyl-carrier protein] methyl ester
MNXM727020 Enoylglutaryl-[acyl-carrier protein] methyl ester
MNXM728594 3-Oxodecanoyl-[acyl-carrier protein]
MNXM728614 3-Oxotetradecanoyl-[acyl-carrier protein]
MNXM728730 (R)-3-Hydroxydecanoyl-[acyl-carrier protein]
MNXM729358 2-Acyl-sn-glycero-3-phosphoglycerol (n-C18:0)
MNXM739590 Methane

Additionally, many of the MNXref namespaces attributed to metabolites dur-
ing chemical library mapping were outdated or deprecated. This made them in-
compatible with the chemical property database from MetaNetX, which contained
updated namespaces. To ensure that the number of molecular representations
was as accurate as possible, the iMl1515 model hosted on MetaNetX, was used.
This model contained a list of metabolites with updated and MetaNetX database-
compatible namespaces. Using the previously described methodology, 14 addi-
tional metabolites were matched with InChIs, totaling 964, but no new SMILES.
To investigate if the metabolites without a molecular representation existed un-
der different names, a list of synonyms for these metabolites was collected. Fol-
lowing a review of literature [161] and the possibility of erroneously including
metabolites that are not present in the iML1515 model, this investigation was not
undertaken.

Further inspection of the remaining 142 metabolites without molecular repres-
entations revealed that some of their MNXref namespace values were placeholders
or had been deprecated. Querying the MetaNetX database with these MNXref val-
ues returned empty metabolite. The MetaNetX entries for, “1-hexadec-9-enoyl-sn-
glycerol 3-phosphate” (MNXM91047) and “3-Hydroxyglutaryl-[acyl-carrier pro-
tein] methyl ester” (MNXM741743), did not contain any chemical information
but did have links to their respective BiGG database entries. These contained only
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information on their molecular charge and chemical formula.
Comparing the iML1515 SMILES and InChI files revealed that every metabol-

ite that only had a SMILES representation lacked an InChI associated with them.
This comparison also identified 8 invalid SMILES. These were proteins in a re-
duced or oxidized state and are listed in Table 4.3.

Table 4.3: Metabolites with invalid SMILES strings.

MNXref Metabolite SMILES
MNXM12615 Periplasmic disulfide isomerase/thiol-disulphide oxidase (reduced) “ * “
MNXM12618 Periplasmic protein disulfide isomerase I (reduced) “ * “
MNXM12772 Protein disulfide isomerase II (reduced) “ * “
MNXM8620 Fused thiol:disulfide interchange protein (reduced) “ * “

MNXM97001 Fused thiol:disulfide interchange protein (oxidized) “ * “
MNXM97003 Periplasmic disulfide isomerase/thiol-disulphide oxidase (oxidized) “ * “
MNXM97004 Periplasmic protein disulfide isomerase I (oxidized) “ * “
MNXM97006 Protein disulfide isomerase II (oxidized) “ * “

In the case of metabolites listed in Table 4.3, the “ * “ symbol does not rep-
resent an aromatic bond (see Table 2.2) but the SMILES notation for “unspecified
atomic number”, explained in Ref [162]. Consequently, it was prudent to remove
metabolites that did not have a valid molecular representation since they could
not be used for the calculation of molecular descriptors. The final number of meta-
bolites available in each format for both models are listed in Table 4.4.

Table 4.4: The final number of collected molecular representations following
manual curation and corroborating previous results (see Table 4.1) with the
iML1515 GEM hosted on MetaNetX.

Model Metabolites in InChI file Metabolites in SMILES file
E. coli central metabolism 55 55
iMl1515 964 1004

4.1.2 Molecular descriptor calculation

All 215 molecular descriptors were calculated from available molecular repres-
entations for both models and complete iML1515 results from InChI and SMILES
calculations are available in Supplementary data 2, Table A.1. Upon inspecting the
resultant calculations, several descriptors quantifying intramolecular forces and
partial molecular charges had “not-a-number” (NaN) values across both formats in
the iML1515 model. The BCUT [163] and EstateIndex [164] families of descriptors
had failed to be successfully calculated for 45 metabolites and in lieu of calculated
descriptor values, had NaN’s. A complete list of the metabolites with NaN values
for these descriptors is made available in Supplementary data 2, Table A.1 and
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an excerpt is presented in Table 4.5. These metabolites were primarily ionized
atoms, such as Co2+, Na+ and Zn2+ or larger molecules with very complex struc-
tures such as adenosylcob(III)inamide-GDP. Molecular descriptor calculation was
repeated multiple times and compared with the first calculation results to be able
to ascertain if these results were random or indicative of an underlying flaw in
their molecular representation. Upon comparison, these descriptors had failed to
be calculated for the same group of 45 metabolites that failed initially. A solu-
tion to this issue was adapted from an answer from RDkit’s chief developer, Greg
Landrum, to a similar problem [165]. Upon implementing this solution, all mo-
lecular descriptors were successfully calculated for all metabolites in the iML1515
model.

Table 4.5: Excerpt of metabolites that failed to compute BCUT and
EstateIndex family of descriptors. Excerpt from supplementary data 2
“iMl1515_Metabolites_failed_Estate_BCUT_family_calculation.tsv”.

MNXref Metabolite
MNXM1094276 tellurite
MNXM1101279 adenosylcob(III)inamide-GDP
MNXM1101937 Aerobactin
MNXM1103700 Mo-molybdopterin cytosine dinucleotide
MNXM1103715 adenosylcob(III)inamide
MNXM1104368 Mo-molybdopterin
MNXM1104551 adenosylcob(III)alamin
MNXM1104756 cob(I)alamin
MNXM1104857 siroheme

After discovering instances in which RDkit was unable to calculate molecu-
lar descriptors, an effort was made to verify the accuracy of those descriptors
between SMILES and InChI molecular representation formats. To explore a po-
tential scenario in which either of the molecular representation formats led to
different descriptor values or failed to be calculated, the python package Data-
ComPy was used. Comparison of the InChI and SMILES molecular descriptors for
both models was done with an absolute deviation tolerance of 0.001 and a re-
lative tolerance of 0.0. Due to the different number of metabolites in the InChI
and SMILES datasets, the comparison was limited to the metabolites which had
both SMILES and InChI representations. The result was that 144 descriptors had
un-equal values while 65 had equal values. A total of 19,967 values were not
equal. The complete comparison analysis of the molecular descriptor calculations
between InchI and SMILES in the iMl1515 model is available in Supplementary
data 2, Table A.1 in "iML1515_SMILES_InChI_comparison.txt". Further inspection
of the comparison results revealed that descriptors related to the surface charge
of a molecule, its excitation state, and Crippens atom-based descriptors MolLogP
and MolMR had the largest number of differences. An excerpt of the descriptors
with the most and fewest numbers of un-equal values from the iMl1515 model is
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presented in Table 4.6 and a sampling of metabolites with their InChI and SMILES
descriptor values are presented in Table 4.7.

Table 4.6: A sample of molecular descriptors with the most and fewest number
of unequal values between the SMILES and InChI based calculations of meta-
bolites in the iMl1515 model. Excerpt from supplementary data 2, Table A.1
“iML1515_SMILES_InChI_comparison.txt”.

Descriptor name Descriptor type Num. of unequal values
MolMR Topological 460

MolLogP Topological 455
estate_vsa1 Topological 427

FpDensityMorgan3 Fingerprint 87
FpDensityMorgan1 Fingerprint 70

qed Fingerprint 49
ExactMolWt Constitutional 2

NumValenceElectrons Constitutional 1

The comparison report revealed a large numerical difference in descriptor val-
ues for some metabolites. MNXM87122, listed in Table 4.7 and named: “three dis-
acharide linked murein units (tetrapeptide crosslinked tetrapeptide (A2pm->D-
ala), one uncrosslinked tetrapaptide) (middle of chain)" is a large molecule with
a molecular weight of 2740 Da. This metabolite had the largest difference in its
MolLogP value. The veracity of both the SMILES and InChI based calculations was
corroborated by an external database, PubChem [152]. According to PubChem,
MNXM87122 has a MolLogP value of -16.5.

Table 4.7: A sample of metabolites with their calculated descriptor
values from their InChI and SMILES representations. Excerpt from
"iML1515_SMILES_InChI_comparison.txt " in Supplementary data 2, Table
A. The molecular descriptor and its values are written in the form of "descriptor
name"(descriptor value").

MNXref Metabolite InChI value SMILES value
MNXM1107906 Superoxide bcut2d_mwlow (1.008) bcut2d_mwlow (14.999)
MNXM87122 Large multi-unit metabolite mollogp (-9.447) mollogp (-30.3377)
MNXM732007 [4Fe-4S]2+ cluster exactmolwt (351.6) exactmolwt (355.6)
MNXM584 Allantoate qed (0.154931) qed (0.327322)

4.1.3 Case study datasets

All 7 case study datasets were successfully created as described in section 3.1.5
and an overview of their metrics are listed in Table 4.8 and excerpts of the pathway
case study datasets are available in Appendix B.
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Table 4.8: Comparison of case study dataset metrics. The number of nodes rep-
resents the number of metabolites in that dataset. The number of edges represents
the number of reaction links between metabolites in the dataset.

Case study Num. Case study Note Nodes Edges
1 E. coli central metabolism Metabolic network 964 4463
2 iML1515 Metabolic network 55 240
3 The TCA cycle Metabolic pathway 11 11
4 ATP biosynthesis Metabolic pathway 17 16
5 CTP biosynthesis Metabolic pathway 9 8
6 GTP biosynthesis Metabolic pathway 16 15
7 Histidine biosynthesis Metabolic pathway 10 9

4.2 Descriptor selection

4.2.1 Molecular descriptor analysis

Spearman rank correlation coefficients were calculated for the molecular descriptors
calculated in the E. coli central metabolism and iML1515 models and their correl-
ation matrices are presented in Figures 4.1 and 4.2 respectively.

The correlation matrix between descriptors in the E. coli central metabol-
ism illustrates a strong positive correlation between features that quantify chem-
ical structures or molecular properties that are positively linked with molecular
weight and a corresponding negative correlation when that relationship is re-
versed. Several descriptors demonstrate low or no correlation with each other,
demonstrated by PEOE_VSA and fr_benzene (benzene substructure fragments).
PEOE_VSA quantifies molecular surface charges using partial charges and van
der Waal surface area contributions, a physiochemical property, while fr_benzene
quantifies the number of benzene substructure fragments. Substructure fragment
descriptors tend to calculate zero for most biomolecules [166] as they are closely
related to biological function [167].

The correlation matrix for the iML1515 model shows in Figure 4.2 a larger
number of less correlated descriptors when compared to the core metabolism
model, shown in Figure 4.1. The majority of the uncorrelated features listed in
the lower-right quadrant are substructure fragment descriptors. These types of
descriptors are often used in conjunction with physiochemical descriptors to es-
timate the activity and potency of compounds in a biological context [167–169].

The removal of empty features revealed that the majority of uncorrelated fea-
tures for both the E. coli central metabolism and iML1515 models were empty
descriptors. The removed descriptors were substructure fragment counts (n= 85),
molecular shape descriptors, intramolecular descriptors, and chemical structure
counts. The number of features available after the removal of empty descriptors
was 45 and 55 for the E. coli central metabolism and iML1515 model respectively.
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Figure 4.1: Correlation matrix of the calculated molecular descriptors for the
E. coli central metabolism model. Green indicates a positive correlation. Purple
indicates a negative correlation. White indicates low or no correlation.

A simplified overview of the number of removed descriptors and their categories
for the iML1515 model is illustrated in Figure 4.9.

The remaining descriptors in the pruned set of molecular descriptors that ex-
hibited orthogonality were molecular fingerprints such as FpDensityMorgan1, Fp-
DensityMorgan2 in the central metabolism model, and MolLogP in the iML1515
model. It is possible to explain FpDensityMorgan3’s higher correlation as com-
pared with FpDensityMorgan1 and FpDensityMorgan2 by examining how mor-
gan fingerprints are calculated. Morgan fingerprints are calculated by assigning a
numeric identifier to an initial atom and grouping nearby atoms within a certain
diameter into fragments [170]. Morgan fingerprints differ based on the size of the
diameter indicated by the number at the end of the name. FpDensityMorgan1, for
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Figure 4.2: Correlation matrix of the calculated molecular descriptors for the
E. coli iML1515 model. Green indicates a positive correlation. Purple indicates a
negative correlation. White indicates low or no correlation.
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Figure 4.3: A correlation matrix of the calculated molecular descriptors for the E.
coli core metabolism model after removal of empty descriptors. Green indicates a
positive correlation. Purple indicates a negative correlation. White indicates low
or no correlation.
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example, has a diameter of one. An increasing negative correlation is observed
in the central metabolism model as diameter increases. FpDensityMorgan3 incor-
porates more structural elements and chemical bonds in its fragments, resulting
in greater correlation than fingerprints with a smaller diameter.

Figure 4.4: Correlation matrix of the calculated molecular descriptors for the E.
coli iML1515 GEM after removal of empty descriptors.

This is reversed in the iMl1515 model where FpDensityMorgan3 is the least
correlated molecular fingerprint, shown in Figure 4.4. This could be attributed to
the diversity of molecular structures of metabolites in the iML1515 model. Mol-
LogP also differs in its correlation between models. In the central metabolism
model, MolLogP is negatively correlated with the Chi and Kappa family of topo-
graphical descriptors while in the iML1515 model MolLogP is less correlated with
these topographical descriptors. This lack of uniformity in correlations between
models could be attributed that the central metabolism model having significantly
fewer metabolites, which are more chemically similar to each other when com-
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pared to the chemical diversity amongst the metabolites in the iMl1515 model.
In data analysis, the dimensionality of an object is the number of variables

that are used to describe each it [109]. Based on significant correlations between
many of the molecular descriptors, principal component analysis (PCA) was used
to reduce the dimensionality of the pruned molecular descriptor set for both mod-
els. Therefore, most of the variation in data can be explained by fewer principal
components. The first principal component (PC1) is comprised of the descriptors
that capture the most variance in the data while the second principal compon-
ent (PC2) includes those that were not included in PC1. As principal components
are orthogonal to each other, their loadings infer possible descriptor combinations
that are orthogonal to each other [109].

Figure 4.5: Scree plot of the explained variance of 5 calculated principal compon-
ents for the E. coli central metabolism GEM after removal of empty descriptors.

Figure 4.6: Scree plot of the explained variance of 5 calculated principal com-
ponents for the E. coli iML1515 GEM after removal of empty descriptors.
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As can be seen from the scree plots in Figures 4.5 and 4.6, the cumulative
explained variance (CEV) of PC1 and PC2 represents 34.7% in the central meta-
bolism model and 39.2% in the iML1515 model. To determine the amount of
variance explained by removed molecular descriptors, PCA was performed on the
un-pruned molecular descriptor datasets for both models. Based on the CEVs for
PC1 and PC2, listed in Table 4.9, it is apparent that empty descriptors contributed
to explaining variance in biochemical space for both models.

Table 4.9: Cumulative explained variance for PC1 and PC2 for molecular
descriptor datasets before and after removal of empty descriptors

Model CEV before removal CEV after removal
iMl1515 74% 39.2%
E. coli central metabolism 96% 34.7%

Figure 4.7: Correlation matrix plot of the for 5 calculated principal components
loadings for the E. coli core metabolism GEM after removal of empty descriptors.

We see from Figures 4.7 and 4.8 that the loadings of PC1 for both models
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are comprised of topographical descriptors such as Chi and kappa descriptors,
descriptors associated with molecular mass (ExactMolWt, HeavyAtomCount, Num-
ValenceElectrons), the number of hydrogen acceptors and heteroatoms (NumHAc-
ceptors & NumHeteroatoms). The PC2 loadings differ between models but are
primarily comprised of descriptors that quantify intramolecular force descriptors
(BCUT) and molecular partial charges (Min/MaxAbsPartialCharge, Min/MaxPar-
tialCharge).

Figure 4.8: Principal component loadings of the principals calculated from the
pruned set of molecular descriptors from the E. coli iMl1515 model.

The varying loadings of the components can be attributed to the difference
in the number of metabolites between the models, as suggested previously. The
metabolites (n= 55) in the core model exhibit more similarity in molecular struc-
ture and properties when compared to the diversity of metabolites (n = 964) in
the significantly larger iMl1515 model.
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4.2.2 Selection of biologically relevant descriptors

In this project, the process for selecting descriptors differs from QSAR norms
as described in section 3.2. For the layouts to be able to convey biological in-
formation, features reflecting molecular properties with known biological func-
tions were prioritized. This led to the selection of 9 molecular descriptors from
the pruned set of descriptors; molecular charge, MolMR, MolLogP, ExactMolWt,
NumHDonors, NumHAcceptors, NumHeteroatoms, NumValenceElectrons, Exact-
MolWt and quantitative estimate of drug-likeness (QED). The descriptors are lis-
ted in Table 4.10 and a graphical overview of the descriptor selection process is
illustrated in Figure 4.9. The rationale applied for the selection process is listed
below:

• Whenever two or more descriptors contained overlapping information, the
one with the most intuitive and clear interpretation was selected; for ex-
ample, between ExactMolWt and HeavyAtomCount, ExactMolWt was se-
lected.
• Descriptors that reflect physiochemical properties of molecules that are more

easily understood by a non-expert, for example; molecular weight, number
of hydrogen donors & acceptors, the number of non-carbon atoms, number
of valence electrons, molecular charge, MolLogP, and MolMR were selected
• It was decided not to include descriptors that reflect intramolecular forces,

topographical properties (Chi, Kappa, and HallKierAlpha), partial molecular
charges, and molecular fingerprints because they are less intuitive and not
easily understood.
• The descriptor QED was selected due to its ability to capture how simple

physiochemical properties affect molecular behavior and function. While it
is typically used to estimate a drug’s oral bioavailability, it is based on eight
descriptors (see section 2.4.1) which have all been shown to influence the
ability of metabolites to associate with proteins that catalyze biochemical
reactions [131].
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Figure 4.9: Sankey diagram showing a simplified overview of the categories of
molecular descriptors that were removed and selected. Adopted from the iMl1515
model.
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Table 4.10: Final selection of molecular descriptors: Selected descriptors com-
prise six constitutional descriptors, two 2D descriptors, and one drug-likeness
descriptor.

Descriptor Descriptor category Definition
charge Constitutional Molecular charge
ExactMolWt Constitutional Exact molecular weight
NumValenceElectrons Constitutional Num. valence electrons
NumHDonors Constitutional Num. hydrogen atoms
NumHAcceptors Constitutional Num. hydrogen acceptors
NumHeteroatoms Constitutional Num. non-carbon atoms
MolLogP 2D (Crippen atom-based) Octanol-water partition coefficient
MolMR 2D (Crippen atom-based) Molecular refraction
QED Drug-likeness descriptor Quantification of drug-likeness

4.2.3 Ranking a subset of selected descriptors

Since some of the selected features had overlapping values for many metabolites,
ranked versions of three features were created. Upon reviewing descriptor correl-
ations in the pruned descriptor set, the most likely set of descriptors that would
yield interesting results when ranked would be the following: MolLogP, molecular
weight, and molecular charge. These ranked features, listed in Table 4.11, aug-
mented the selected molecular descriptors listed in Table 4.10.

Table 4.11: Ranking of molecular descriptor values. These descriptors augment
the selected molecular descriptors listed in Table 4.10

Descriptor Descriptor category Description
mass_rank Ranked descriptor value Ranking of ExactMolWt values
MolLogP_rank Ranked descriptor value Ranking of MolLogP values
charge_rank Ranked descriptor value Ranking of molecular charge

4.3 Layout visualization

Layouts of the 7 case studies listed in Table 4.8 are visualized with pairs of selected
and ranked descriptors, listed in Tables 4.10 and 4.11 respectively. To facilitate the
evaluation of each pathway and their layouts in a global context, the intermediate
metabolites in the respective case study dataset are highlighted and labeled in
two iML1515 network visualizations where relevant. A summary of the layout
visualization results is provided at the end of this section.
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4.3.1 Metabolic networks

Case study 1: Escherichia coli central metabolism

Figure 4.10: Plots of the Escherichia coli core metabolism network graphs us-
ing: (a): Exact molecular weight and MolLogP, (b): exact molecular weight and
MolMR, (c): quantitative estimate of drug-likeness and number of hydrogen
donors and (d): quantitative estimate of drug-likeness and MolLogP. Node hue
is set by its centrality measure. Node size is set by its connectivity degree.

In Figure 4.10 we see that nodes are very clustered and the number of edge-
crossings makes identifying a network motif or module that could represent a
metabolic pathway difficult. Two nodes are readily identifiable, ubiquinone-8 (Coen-
zyme Q8) and ubiquinol-8 (reduced Coenzyme Q8), which because of their large
and similar descriptor values, are positioned at a greater distance away from the
majority of metabolites.

From Figures 4.10b and 4.11c, we see that the steric bulk (indicated by MolMR
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Figure 4.11: Graphs of the Escherichia coli central metabolism network using: (a):
NumHAcceptors and molecular charge, (b): NumHAcceptors and MolLogP, (c):
NumValenceElectrons and ExactMolWt (d): NumValenceElectrons and quantitat-
ive estimate of drug-likeness. Node hue is set by its centrality measure. Node size
is set by its connectivity degree.
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values) and the number of valence electrons increase with molecular weight. In
Figures 4.11 and 4.12 we observe similar patterns as in Figure 4.10, except for Fig-
ure 4.11d where a slight improvement in the layout is observed. In Figure 4.11d,
NumHeteroatoms and QED have positioned central nodes in such a way that the
relationship between central metabolites (hydrogen, water, inorganic phosphate,
and NADH) is easier to understand as they are not being obfuscated by edge cross-
ings. Figure 4.12b shows that ranked features separate nodes better than their
non-ranked equivalent, as shown in Figure 4.10a. As shown in Figure 4.10d, the
majority of metabolites in the core metabolism model display chemical similar-
ity, quantified by the QED descriptor and the spatial proximity of the metabolites.
Furthermore, Figure 4.10a,d illustrates that the nodes with the highest degree of
connectivity exhibit similar polarity, as indicated by their MolLogP values.
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Figure 4.12: Metabolic network visualization of the Escherichia coli core meta-
bolism model using (a): ranked molecular mass and ranked molecular charge,
(b): ranked ExactMolWt and ranked MolLogP, and (c): ranked MolLogP and
ranked molecular charge. Node hue is set by its centrality measure. Node size
is set by its connectivity degree.
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Case study 2: iML1515

As shown in Figures 4.13, 4.14 and 4.15, the larger number of metabolites and
reactions in the iML1515 model results in visualizations that are very hard to read.
Due to the chemical similarity between metabolites, the node clustering and edge
crossings that result from their spatial arrangement make identifying a pathway
or network motif difficult.

Figure 4.13: Plots of the E. coli iML1515 network using: (a): Exact molecular
weight and MolLogP, (b): exact molecular weight and MolMR, (c): quantitative
estimate of drug-likeness and number of hydrogen donors and (d): quantitative
estimate of drug-likeness and MolLogP. Node hue is set by its centrality measure.
Node size is set by its connectivity degree.

Fig 4.13d illustrates that QED and MolLogP position the majority of the highly
connected metabolites (hydrogen, water, inorganic phosphate, ATP, ADP, and NADH)
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close to one another, but to a greater extent than shown in Figure 4.10d.

Figure 4.14: Graphs of the Escherichia coli iML1515 network using: (a): Num-
HAcceptors and molecular charge, (b): NumHAcceptors and MolLogP, (c): Num-
ValenceElectrons and ExactMolWt (d): NumValenceElectrons and quantitative es-
timate of drug-likeness. Node hue is set by its centrality measure. Node size is set
by its connectivity degree.
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Figure 4.15: Plots of the E. coli iML1515 network using: (a): Exact molecular
weight and MolLogP, (b): exact molecular weight and MolMR, (c): quantitative
estimate of drug-likeness and number of hydrogen donors and (d): quantitative
estimate of drug-likeness and MolLogP. Node hue is set by its centrality measure.
Node size is set by its connectivity degree.

Comparing the layout visualizations in Figures 4.13 and 4.14 with Figure
4.15b, demonstrates that the ranked descriptor variants of ExactMolWt and Mol-
LogP improve the overall clarity of the visualization, but the number of edges and
resultant edge crossings makes visual identification of network motifs and mod-
ules difficult. According to Figures 4.15a and c, the charge_rank descriptor allows
vertical stratification of metabolites with different molecular charges and those
that have a high degree of connectivity, but it is very difficult to identify network
motifs and pathways visually.
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4.3.2 Metabolic pathway case studies

Case study 3: The citric acid cycle

We see in Figures 4.16, 4.17 and 4.18, a recurring network motif that is comprised
of a group of nodes representing chemically similar intermediates; 2-oxoglutatare
(akg), oxaloacetate (oaa), succinate (succ), fumarate (fum), and D-malate (mal__D),
are consistently positioned in proximity to each other and makes it difficult to re-
cognize the direction of reactions between these. When corroborating these res-
ults with their molecular structures shown in Figure C.1, we see that the structural
similarities in these intermediaries are the likely cause.

Figure 4.16: Plots of the citric acid cycle using: (a): Exact molecular weight
and MolLogP, (b): exact molecular weight and MolMR, (c): quantitative estimate
of drug-likeness and number of hydrogen donors and (d): quantitative estimate
of drug-likeness and MolLogP. Unabbreviated metabolite names are available in
Table B.1
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With the layout generated with QED and MolLogP in Figure 4.16d, it is pos-
sible to visualize chemical similarities in the motif while remaining somewhat
more legible than most layouts for this case study. One possible exception is 4.18b,
which shows a similar spatial separation amongst the nodes. The improvement
in legibility for layout in Figure 4.16d is likely caused by the way in which the
descriptor QED is able to capture multiple biochemical properties of the metabol-
ites. A sharp decrease in chemical similarity is observed with metabolites that are
bound with coenzyme-A; succinyl-CoA (succoa) and acetyl-CoA (accoa), which
results in layouts that are hard to read.

Figure 4.17: Graphs of the TCA cycle using: (a): NumHAcceptors and molecu-
lar charge, (b): NumHAcceptors and MolLogP, (c): NumValenceElectrons and Ex-
actMolWt (d): NumValenceElectrons and quantitative estimate of drug-likeness.
Unabbreviated metabolite names are available in Table B.1. The circular arrow in
panel (c) is caused by the nodes representing citrate and iso-citrate stacking on
top of each other due to similar descriptor values.
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Figure 4.18: Plots of the TCA cycle using (a): ranked molecular mass, and ranked
molecular charge, (b): ranked molecular mass, and ranked MolLogP, and (c):
ranked MolLogP and ranked molecular charge. Unabbreviated metabolite names
are available in Table B.1
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Figure 4.19: The TCA cycle is highlighted in red in the iML1515 metabolic net-
work visualized with ExactMolWt and MolLogP. Unabbreviated metabolite names
are available in Table B.1
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A comparison between Figure 4.13a and Figure 4.19 illustrates that it is very
difficult to identify the TCA cycle pattern observed in Figure 4.16a, even when
the intermediaries are highlighted. It is difficult to discern the pattern due to the
number of nodes and edge crossings.

Figure 4.20: The TCA cycle is highlighted in red in the iML1515 metabolic net-
work and visualized with mass_rank and MolLogP_rank. Unabbreviated metabol-
ite names are available in Table B.1

An improvement in the legibility of the pathway, when highlighted, is observed
in Figure 4.20 but identification of the pattern found in Figure 4.18b in Figure
4.15b is very difficult. As shown in Figure 4.20, intermediates in the TCA cycle
are more legible than in Figure 4.19 due to the use of ranked descriptor variants
rather than actual molecular descriptor values. As a result of the positioning of the
nodes, it is possible to identify how citrate synthase binds acetyl from acetyl-CoA
(accoa) to oxaloacetate (oaa) to form citrate (cit). As shown in Figure 4.15b, this
cannot be achieved when the intermediaries are not highlighted as there is too
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much information visualized.



76 Martin Eide Lien: Metabolic network layout using biochemical coordinates

Case study 4: ATP biosynthesis

In Figures 4.21, 4.22 and 4.23 we see a recurring network motif, a group of nodes
representing chemically similar metabolites that cluster together, making identific-
ation of the direction of reactions between them hard. With the exception of (2S)-
2-[5-amino-1-(5-phospho-beta-D ribosyl)imidazole-4-carboxamido]succinate (25aics)
and N6-(1,2-Dicarboxyethyl)-AMP (dcamp), most of the intermediate metabolites
in the ATP biosynthesis pathway dataset has overlapping molecular weights and
7 metabolites (see Table B.2) have molecular weights between 300-360 Da which
comprises this loosely clustered group of nodes.

Figure 4.21: Plots of adenosine triphosphate biosynthesis using: (a): Exact mo-
lecular weight and MolMR, (b): exact molecular weight and MolLogP, (c): quant-
itative estimate of drug-likeness and number of hydrogen donors and (d): quant-
itative estimate of drug-likeness and MolLogP. Unabbreviated metabolite names
are available in Table B.2
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The nodes that comprise the recurring motif represent the intermediaries of
the IMP biosynthesis pathway (see Figure 2.3). The short distance between these
nodes is reflected in the structural similarity in the intermediaries (see Figure C.2).
Some intermediaries in the de novo adenosine nucleotide biosynthesis pathway
are positioned in proximity to this motif and the associated edge crossings are
visually distracting and detract from its legibility. This pattern is best represented
in Figures 4.21a where two positively correlated descriptors; ExactMolWt and
MolMR, have positioned nodes from the IMP biosynthesis pathway so close to
each other that following the pathway is very difficult.

Figure 4.22: Graphs of adenosine triphosphate biosynthesis using: (a): Num-
HAcceptors and molecular charge, (b): NumHAcceptors and MolLogP, (c): Num-
ValenceElectrons and ExactMolWt (d): NumValenceElectrons and quantitative es-
timate of drug-likeness. Unabbreviated metabolite names are available in Table
B.2.
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Figure 4.23: Plots of adenosine triphosphate biosynthesis using (a): ranked mo-
lecular mass, and ranked molecular charge, (b): ranked molecular mass, and
ranked MolLogP, and (c): ranked MolLogP and ranked molecular charge. Unab-
breviated metabolite names are available in Table B.2

When highlighted in the iML1515 network, shown in Figure 4.24, distinguish-
ing between the intermediate metabolites and identifying the direction of reac-
tions between them is very difficult. As we have seen previously for the TCA
cycle, using ranked descriptors shown in Figure 4.25 leads to improvement in
overall clarity due to spatial separation of nodes, and the pathway is more easily
read when compared to its representation in Figure 4.24. With the exception of
ADP and ATP, identifying a metabolite in the ATP biosynthesis case study dataset
is nearly impossible, as demonstrated when comparing the iML1515 network in
Figure 4.15b and with the ATP biosynthesis dataset highlighted in Figure 4.25.
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Figure 4.24: The ATP biosynthesis pathway is highlighted in red in the iML1515
metabolic network visualized with ExactMolWt and MolLogP. Unabbreviated
metabolite names are available in Table B.2
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Figure 4.25: The ATP biosynthesis pathway highlighted in red in the iML1515
metabolic network is visualized with mass_rank and MolLogP_rank. Unabbrevi-
ated metabolite names are available in Table B.2

Case study 5: CTP biosynthesis

The increase in molecular weight between the intermediate metabolites in sub-
sequent reactions in the CTP biosynthesis pathway (see Figure C.5) generates
layouts that when visualized without the context of a metabolic network, are il-
lustrated in Figures 4.26, 4.27 and 4.28, allow for the identification of metabolites,
and reactions easier. Exceptions to this are shown in Figures 4.26c-d and 4.28c
where following the direction of the pathway is made difficult with nodes stacking
on top of each other.
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Figure 4.26: Plots of cytidine triphosphate biosynthesis using: (a): Exact molecu-
lar weight and MolLogP, (b): exact molecular weight and MolMR, (c): quantitat-
ive estimate of drug-likeness and number of hydrogen donors and (d): quantitat-
ive estimate of drug-likeness and MolLogP. Unabbreviated metabolite names are
available in Table B.3
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Figure 4.27: Graphs of cytidine triphosphate biosynthesis using: (a): NumHAc-
ceptors and molecular charge, (b): NumHAcceptors and MolLogP, (c): Num-
ValenceElectrons and ExactMolWt (d): NumValenceElectrons and quantitative es-
timate of drug-likeness. Unabbreviated metabolite names are available in Table
B.3



Chapter 4: Results 83

Figure 4.28: Graphs of cytidine triphosphate biosynthesis using (a): ranked mo-
lecular mass, and ranked molecular charge, (b): ranked molecular mass, and
ranked MolLogP, and (c): ranked MolLogP and ranked molecular charge. Unab-
breviated metabolite names are available in Table B.3.
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When viewed in the context of a metabolic network, the use of un-ranked
descriptors leads intermediate metabolites to be positioned in close proximity with
each other. This detracts from the readability we observed when the pathway was
visualized locally, demonstrated when comparing 4.26b and 4.29. An improve-
ment in readability when visualized with ranked descriptors, is shown in Figure
4.30.

Figure 4.29: The CTP biosynthesis pathway is highlighted in red in the iML1515
metabolic network visualized with ExactMolWt and MolLogP. Unabbreviated
metabolite names are available in Table B.3.
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Figure 4.30: The CTP biosynthesis pathway is highlighted in red in the iML1515
metabolic network visualized with mass_rank and MolLogP_rank. Unabbreviated
metabolite names are available in Table B.3.
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Case study 6: GTP biosynthesis

Most layouts generated for the GTP biosynthesis pathway have similar patterns as
those observed for the ATP biosynthesis dataset. This is expected due to the num-
ber of intermediate metabolites that participate in both pathways. This creates a
recurring motif of nodes with similar chemical properties that cluster together, as
shown in Figures 4.31, 4.32 and 4.33.

Figure 4.31: Plots of guanosine triphosphate biosynthesis using: (a): Exact mo-
lecular weight and MolLogP, (b): exact molecular weight and MolMR, (c): quant-
itative estimate of drug-likeness and number of hydrogen donors and (d): quant-
itative estimate of drug-likeness and MolLogP. Unabbreviated metabolite names
are available in Table B.4.
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Figure 4.32: Graphs of guanosine triphosphate biosynthesis using: (a): Num-
HAcceptors and molecular charge, (b): NumHAcceptors and MolLogP, (c): Num-
ValenceElectrons and ExactMolWt (d): NumValenceElectrons and quantitative es-
timate of drug-likeness. Unabbreviated metabolite names are available in Table
B.4.
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Figure 4.33: Plots of guanosine triphosphate biosynthesis using (a): ranked mo-
lecular mass, and ranked molecular charge, (b): ranked molecular mass, and
ranked MolLogP, and (c): ranked MolLogP and ranked molecular charge. Unab-
breviated metabolite names are available in Table B.4.
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Figure 4.34: The GTP biosynthesis pathway is highlighted in red in the ML1515
metabolic network visualized with ExactMolWt and MolLogP. Unabbreviated
metabolite names are available in Table B.4.
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Figure 4.35: The GTP biosynthesis pathway is highlighted in red in the ML1515
metabolic network visualized with mass_rank and MolLogP_rank. Unabbreviated
metabolite names are available in Table B.4.

Case study 7: Histidine biosynthesis

In general, due to the gradual gain in chemical similarity in intermediates to-
ward the formation of histidine (his_L), most layouts for the histidine biosyn-
thesis dataset are legible, however, a recurring motif of nodes at the end de-
tracts from the overall clarity of the pathway. Most layouts for this case study
manage to capture the reduction in molecular weight between the intermedi-
ate metabolites 5-[(5-phospho-1-deoxy-D-ribulos-1-ylimino)methylamino]-1-(5-
phospho-beta-D-ribosyl)imidazole-4-carboxamide (prlp, 573 Da) and D-erythro-
1-(imidazol-4-yl)glycerol 3-phosphate (eig3p, 236 Da) that occurs in the glutam-
idotransferase reaction which is catalyzed by the enzyme imidazole glycerol phos-
phate synthase (EC 4.3.2.10) [67, 171]. This departure in the chemical similarity
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between intermediate metabolites is visually quantified by the rendered length of
the edge associated with this reaction. The edge representing the aforementioned
reaction varies in length, depending on the molecular descriptors that the respect-
ive layout is generated from. Figures 4.36, 4.37 and 4.38 show that the length
of the edge representing this reaction remains approximately the same except for
Figures 4.37a and 4.38a, where the difference in molecular charge positions eig3p
and prlp closer and the edge is shorter.

Figure 4.36: Plots of histidine biosynthesis using: (a): Exact molecular weight
and MolLogP, (b): exact molecular weight and MolMR, (c): quantitative estimate
of drug-likeness and number of hydrogen donors, and (d): quantitative estimate
of drug-likeness and MolLogP. Unabbreviated metabolite names are available in
Table B.5.
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Figure 4.37: Graphs of histidine biosynthesis using: (a): NumHAcceptors and
molecular charge, (b): NumHAcceptors and MolLogP, (c): NumValenceElectrons
and ExactMolWt (d): NumValenceElectrons and quantitative estimate of drug-
likeness.Unabbreviated metabolite names are available in Table B.5.
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Figure 4.38: Plots of histidine biosynthesis using (a): ranked molecular mass, and
ranked molecular charge, (b): ranked molecular mass, and ranked MolLogP, and
(c): ranked MolLogP and ranked molecular charge. Unabbreviated metabolite
names are available in Table B.5.

We have seen in the previous case studies that, when highlighted in a meta-
bolic network, the descriptor pair mass_rank and MolLogP_rank improve the legib-
ility of the metabolic pathway layout when compared with their unranked coun-
terparts, shown in Figures 4.40 and 4.39 respectively.
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Figure 4.39: The histidine biosynthesis pathway is highlighted in red in the
iML1515 metabolic network visualized with ExactMolWt and MolLogP. Unabbre-
viated metabolite names are available in Table B.5.
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Figure 4.40: Histidine biosynthesis is highlighted in red in the ML1515 metabolic
network visualized with mass_rank and MolLogP_rank. Unabbreviated metabol-
ite names are available in Table B.5.
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4.3.3 Summary of case study results

• As a result of the clustering of nodes and the consequent edge crossings, the
layouts of the metabolic networks are difficult to comprehend, resulting in
no distinct network motif or structure that can be interpreted as a metabolic
pathway.
• Shorter metabolic pathways with steady incremental changes in the chem-

ical profile of intermediate metabolites towards that of the end product
provided the most intuitive layouts when visualized in a local context.
• It was found that the layouts generated using the pair of ranked descriptors,

mass_rank, and MolLogP_rank, was easier to read as they reflect the ranks
of the chemical similarity of metabolites.
• When highlighted in a metabolic network, metabolic pathways were consist-

ently easier to read when visualized using mass_rank and MolLogP_rank,
rather than their unranked counterparts, ExactMolWt and MolLogP.
• There is a correlation between the rendered length of an edge between two

metabolites and their chemical similarity, as defined by the pair of molecu-
lar descriptors employed to generate the layout. Longer edges indicate less
chemical similarity, while shorter edges indicate greater similarity.
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4.4 Export of biochemical coordinate layouts

A number of formats compatible with commonly used network visualization soft-
ware were exported for layouts generated in each of the 7 case studies using the
method described in section 3.4. In Figure 4.41 we see the metabolic network
case studies rendered in Cytoscape. Table A.1 Supplementary data 4, Appendix
A, contains the exported layouts of E. coli’s central metabolism, iML1515, and the
TCA cycle in the following formats: JSON, Cytoscape JSON (CyJS), and Graph
Markup Language (GraphML).

Figure 4.41: Metabolic network layouts generated with mass_rank and Mol-
LogP_rank of (a) the E. coli central metabolism and (b) iML1515. Node hue set
by centrality measure. Node size is set by its connectivity degree. Visualized in
Cytoscape [81].

CyJS and GraphML formats store all available node attributes when generated
from Cytoscape. Using these formats, it was possible to import and save molecu-
lar descriptor data. The graphs stored in these formats can then be used to visu-
alize layouts based on the molecular descriptors available. The Cytoscape JSON
(CyJS) format demonstrated the capacity to visualize the layout when opened in
Cytoscape without mapping node x-and y-coordinates to descriptor values. The
GraphML and JSON formats lacked this ability and required re-mapping node
positions when read by Cytoscape. The GraphML format is compatible with yS-
BGN [159], a tool that interconverts between GraphML and SBGN-ML. This tool
was not compatible with Cytoscape-derived GraphML files, as the necessary data
for converting to SBGN-ML was lost when using NetworkX’s export to Cytoscape
function.
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Discussion

This chapter encompasses the discussion of the results of this project. First, the
results from the data collection and molecular descriptor calculation are presen-
ted. A brief discussion of the implications that several metabolites in the iML1515
model lacked molecular representations is presented, along with a possible ex-
planation for why there were differences in descriptor values between molecular
representation formats. Next, the results from the descriptor analysis and selection
process are discussed. Last, an assessment of the visualized layouts’ ability to per-
mit biological interpretation and an evaluation of which descriptor combinations
produced the most intuitive visualizations are provided.

5.1 Molecular descriptors

5.1.1 Some MetaNetX identifiers were ambiguous or deprecated

Reviewing the chemical library mapping results from the iML1515 model revealed
that metabolites that were not matched with a molecular representation after their
collection had MNXref identifiers that were either deprecated or represented large
molecules that lacked an associated molecular representation (see Table 4.2). Sev-
eral databases used in genome-scale metabolic modeling, including MetaNetX, al-
low for non-systematic, ambiguous naming conventions [161]. Recognizing that
these metabolites could exist under different names, a list of possible synonyms
was made to be parsed through the external databases, ChEBI [104] and Chem-
Spider [172]. Because of the inherent uncertainty, described in Ref [161], and the
possibility of adding a similarly named metabolite that did not exist in the model,
metabolites without molecular representations was removed. Consequently, the
number of metabolites without a molecular representation (see Table 4.4) for the
iML1515 model eliminated the possibility of generating layouts for some path-
ways, e.g. fatty acid synthesis. This was because the majority of the metabolites
lacking chemical representations had large cofactors associated with them, for ex-
ample, acyl carrier proteins (ACP). It has been suggested to use unique, database-
independent identifiers such as InChI to represent metabolites in GEMs, but adop-

99
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tion of such a standard has not been widespread [58]. A molecular representation
format, BiGSMILES [173], has been proposed as a means of encoding larger mo-
lecules such as macromolecules and polymers. However, as of 2022, it is unknown
if this format will be compatible with RDkit.

5.1.2 Molecular descriptor calculation

A broad range of molecular descriptors can be calculated from representations of
biomolecules, but some of these descriptors have null values or remain constant
for many [116]. Following the removal of these descriptors during the descriptor
analysis process which will be discussed in the next section, it was found that there
was a lack of uniform correlation between the models for the same descriptor. In
the iML1515 model, MolLogP showed a low correlation to molecular weight while
in the core metabolism model it is negatively correlated (see Figure 4.3). Mol-
LogP, which quantifies lipophilicity, increases with a decrease in the polar fraction
of molecules. A likely explanation is that the metabolites in the core metabol-
ism model are more chemically similar than those in iML1515 with regard to the
chemical basis of their MolLogP calculation. This can be attributed to the number
of functional groups and sub-structures which contribute to hydrophobicity in the
calculation of MolLogP are numerically more prominent among metabolites with
lower weight and less prominent with those that are heavier (see fig 4.10a) in
the central metabolism model. In iML1515 there is a significantly larger number
of metabolites with similar molecular weight and MolLogP values and relatively
fewer, heavy metabolites with low MolLogP values (see Figure 4.13a). This might
explain this lack of uniformity in the correlation of MolLogP. Similar dynamics
might explain differences in the correlation of other descriptors between these
models.

A less likely explanation is rooted in the observed differences in molecular
descriptor values for the same metabolite calculated from different molecular
representations. When calculated from their SMILES representations, some mo-
lecules with complex stereochemistry had significantly higher MolLogP and BCUT
values compared to their InChI based calculations [174]. The large multi-subunit
metabolite, listed in Table 4.7, named “three disacharide linked murein units (tet-
rapeptide crosslinked tetrapeptide (A2pm->D-ala), one uncrosslinked tetrapaptide)
(middle of chain)” had the largest difference in MolLogP between the represent-
ations used in this project. Evaluating the veracity of the calculated values from
both representations was done by comparing them to the listed MolLogP value
for its entry in PubChem [152]. It was revealed that the InChI calculated value
of -9.45 was the closest to the PubChem listed value of -16.5 since the SMILES
value was -30.3. This indicates the possibility that the positioning of the polar
groups is based on the different interpretations of molecular structures and topo-
logy between these formats in RDkit. As InChI is superior at encoding multiple
types of stereochemistry than SMILES (see section 2.4.3), the numerical differ-
ences that occur in topological descriptors and their frequency (see Table 4.6)
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might be caused by different molecular structures reconstructed from their mo-
lecular representations. This is compounded by the fact that the PubChem listed
MolLogP value for this molecule is calculated by XlogP3 3.0 [175], a tool ded-
icated to calculating LogP for molecules. This tool only accepts MolFiles [176]
(.mol), a molecular representation format that contains the three dimensional co-
ordinates of atoms to reconstruct a three-dimensional representation of the mo-
lecular structure. In the context of molecular descriptors, this format allows for
the calculation of descriptors based on their three-dimensional structure, which
is conducive to accurate calculations of MolLogP and similar descriptors derived
from a molecule’s topology or geometrical shape.

Corroborating the calculated ExactMolWt values of [4Fe-4S](2+) (MNXM732007),
presented in Table 4.7, with its entries in MetaNetX and ChEBI revealed that the
difference in calculated molecular weight was a result of how the InChI repres-
entation format stores information about its protonation state. In this case, the
InChI string for [4Fe-4S](2+) was its unprotonated state, i.e. no hydrogen atoms
because the hydrogen sub-layer is empty (see Figure 2.21) and was calculated
based on that information. By design, SMILES do not encode hydrogen atoms but
are added after loading into cheminformatic software. RDkit’s implementation of
ExactMolWt calculation from SMILES differs from its InChI in that it adds hydro-
gens to the atoms, in line with the SMILES notation rule 2 (see Section 2.4.3).
This is the probable cause for this specific molecule, as the differences in molecu-
lar weights amount to 4 hydrogen atoms. This difference in molecular structure
interpretation is unlikely the sole reason for the majority of numerical discrepan-
cies between the molecular representation formatsformats.

InChITrust [141], the organization which oversees the maintenance and de-
velopment of the InChI format allows a single InChI to represent the zwitterionic
and neutral states of a molecule. This means that one InChI can represent two dif-
ferent entries on PubChem, Chemspider, or MetaNetX while requiring two InChIs
for its anionic and cationic states [177]. As a result of the specific nature of struc-
tural information in the InChI format, numerical discrepancies between the two
formats are most likely to occur. A sufficiently accurate and unique chemical rep-
resentation is difficult to establish, and although both formats use a line notation
system that confers advantages in practicality, it also limits tautomeric and geo-
metrical information about molecules.

In the context of this project, the choice of molecular representation format
needs to be addressed. There were more SMILES available for the iML1515 data-
set than InChIs and the consequences of excluding 40 metabolites when choos-
ing InChIs are hard to disparage. It is difficult to determine the precise reason
for the numerical differences in the topographical descriptor values between the
representation formats in the absence of a thorough analysis of how stereochem-
istry is encoded differently across formats for all metabolites. To determine which
format best represents the chemical properties of molecules, it would be prudent
to verify the calculated molecular descriptor values with those hosted in external
databases. In this regard, it is important to note that the molecular representa-
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tion format reported for a metabolite is not necessarily canonical. As described in
section 2.4.3, there are multiple approaches to generating SMILES for molecules,
whereas InChI has a single algorithm. In some cases, SMILES may be calculated
using different algorithms depending on the metabolite. In spite of the fact that
SMILES is the most widely used molecular representation format, it suffers from
ambiguity and uncertainty associated with its representation of stereochemistry
[138]. InChI strings have been used as the basis for a universal SMILES format,
but this format has not yet been widely adopted [138].

5.1.3 RDkit failed to compute two descriptors for a small number of
metabolites

The majority of metabolites had molecular descriptors successfully calculated. In
the case of 45 metabolites, two families of descriptors representing electropolo-
gical and intramolecular interactions, EstateIndex and BCUT, could not be cal-
culated for both molecular representation formats. Because most of these com-
pounds are ionized atoms, they were initially thought to not have the necessary
structure to calculate these descriptors. An answer to this question came from the
analysis of the metabolite adenosylcob(III)inamide-GDP, a conjugate base of ad-
enosylcobinamide guanosyl diphosphate. In this case, RDkit was only unable to
calculate BCUT descriptors for this molecule. This was found to be caused by the
large size of the molecule, resulting in a memory crash mid-calculation caused by
the Boost.Python implementation for this particular descriptor calculation func-
tion. Peculiarly, this event does not throw an error after calculation [178], notify-
ing the user. Following the suggested solution to a similar issue, [165] by RDkit’s
chief developer, Greg Landrum, BCUT descriptors were successfully computed for
adenosylcob(III)inamide-GDP, and the 44 remaining metabolites had their missing
descriptors calculated as well.

The results from molecular descriptor calculation demonstrate the importance
of rigorous and comprehensive evaluation of their calculation across a variety of
cheminformatic tools and molecular representation formats.

5.2 Descriptor selection

5.2.1 Descriptor analysis

When correlated, empty, and constant descriptors are removed, we ensure that
certain types of molecular information are not overrepresented. If one or more
descriptors show little or no variation in their values, their inclusion and use in
subsequent steps do not provide any benefit to the project.

Analysis of spearman rank correlations coefficients between descriptors re-
vealed that the majority of values in the uncorrelated features (see Figures 4.1
and 4.2) were empty. This was observed when descriptors with 90% of their val-
ues equal to zero were removed (see Figure 4.3 and 4.4). Removed descriptors
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were primarily counts of substructure fragments and functional groups that are
not common in biomolecules [179]. These descriptors reflect physiochemical at-
tributes that can be used to infer possible biological activity or function [17, 179].

In iML1515’s pruned descriptor set, MolLogP demonstrated the least correla-
tion with any other descriptor which indicated that this feature described inform-
ation that the other descriptors did not. In the pruned descriptor set for the core
metabolism model, MolLogP exhibited more correlation with Chi, kappa, Exact-
MolWt, NumValenceElectrons, BCUT, and van der Waals surface area descriptors
which in iML1515 was less correlated with MolLogP. In the core metabolism, the
molecular fingerprint FpDensityMorgan2 was the least correlated.

We also observed that several descriptors were correlated with molecular weight.
As biomolecules become larger, their carbon-backbone tends to increase, and thus
traits are associated with the number of carbon atoms and length of a carbon-
backbone scale in tandem with molecular weight [180]. MolMR which reflects
the steric bulk of a molecule and NumValenceElectrons which quantify the num-
ber of electrons that can take part in chemical bonds are both positively correlated
with ExactMolWt. Overall, the descriptors in the pruned sets were more correl-
ated with each other in the core model than in iML1515. This difference can be
attributed to the chemical similarity among the 55 mapped metabolites in the
core metabolism model and the diversity of the 964 molecular structures of the
mapped metabolites in iML1515, as discussed in the previous section.

5.2.2 Selection of biologically relevant descriptors

Of the 9 descriptors selected from the pruned set of descriptors, listed in Table
4.10, 6 are constitutive and 3 incorporate more information about molecular
structure in their calculation. Restricting the number of descriptors that would
be used to generate layouts was important. This was to ensure that the time spent
evaluating the generated layouts would be within the scope of this project. A
number of the descriptors that were not selected either contained overlapping in-
formation or quantified computational characteristics. Molecular fingerprints and
descriptors such as LabuteASA [181], BCUT, Chi, Kappa, HallKierAlpha, and PEOE
were not selected as they represent a molecule’s per-atom contribution to the mo-
lecular polar surface, intramolecular interactions, types of chemical bonds, and
van der Waals surface area(VSA) [181] respectively. Despite carrying important
molecular information [163, 164, 182], these descriptors are difficult for a non-
expert to interpret in a biological context. The selected descriptors were comple-
mented by the addition of three ranked versions of the descriptors ExactMolWt,
MolLogP, and molecular charge. In a biological context, these 3 descriptors provide
information about a molecule that is easier to understand.
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5.3 Layout visualization

A good visualization of a biological network will enable the viewer to gain an
understanding of the degree of interactions between network objects, as well as
infer why those interactions are occurring as they do. It is often the spatial layout
of data that determines whether the desired information is communicated and
interpreted or obscured and difficult to comprehend [84].

Graph layout visualizations of the 7 case studies were made with layouts gen-
erated by using the selected descriptors and three ranked descriptor variants (see
Tables 4.10 and 4.11) as coordinates. The metabolic network layouts were gen-
erally difficult to read and the relationship and information that could be divined
from the interaction between nodes are lost in the clustering of nodes and edge-
crossings. The chemical similarities among the highly connected nodes [74] lead
to a significant amount of edges that cross over each other from nodes that are
clustered together. This obfuscates any potential network motif that could be iden-
tified as a possible pathway. Using molecular descriptors as coordinates does how-
ever arrange nodes in a way so that their position reflects their biochemical prop-
erties and consequently groups chemically similar molecules. This is demonstrated
perhaps best in Figure 4.10d; where one can see how ubiquinol-8 and ubiquinone-
8 are spatially separate from the rest of the network in the upper left corner and
two distinct groups of metabolites are located in the lower left and right corners.
The group in the lower left is comprised of cofactors; NADPH, coenzyme A and
activated metabolites such as succinyl-CoA and acetyl-CoA, and the group in the
lower right is comprised of smaller metabolites; hydrogen, ATP, H20, malate, pyr-
uvate, and inorganic phosphate.

Unsurprisingly, the number of metabolites and reactions in the iML1515 model
makes extracting similar insights about the biochemical properties of the meta-
bolites more difficult. Identifying distinct groups of metabolites similar to those
shown in Figure 4.10d is no longer possible and the large number of edges that ori-
ginate from highly connected nodes also makes it difficult to determine whether
an edge originates from a nearby node. The scale-free organization of metabolic
networks [74] is made more evident in the iML1515 metabolic network visualiza-
tions and the positioning of hubs reflects how highly connected metabolites exhibit
relatively strong polarity [74], as described in Section 2.3.2. Figure 4.15d is the
most legible representation of the iML1515 metabolic network because the use
of ranked descriptors reduces some of the issues of planarity caused by chemical
similarities between metabolites. The spatial arrangement of the highly connected
nodes in Figure 4.15d improves the readability of edges, but identifying a motif
or pattern that describes a pathway remains problematic. It would be interesting
to explore whether a network half the size of iML1515 and not as densely con-
nected would be easier to read given the differences in overall legibility between
the central metabolism and iML1515 networks. It may be possible to reduce the
amount of clustering and edge crossing by using a metabolic network with a lower
level of detail, such as one containing only the main intermediate metabolites of
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pathways, to communicate the biological information that can be derived from
their two-dimensional positions more effectively [84]. A particular property of
the network layouts generated using molecular descriptors is not present in many
other network layout algorithms. In typical layout algorithms, nodes are assigned
positions in accordance with the algorithm, and the rendered length of the edge
between two nodes does not communicate distinct information, it is a product of
the spatial arrangement of nodes. An edge’s rendered length in a generated lay-
out indicates the distance between two metabolites in terms of chemical similarity.
It is by this property that a metabolic network primarily comprised of the main
compounds of pathways could be more intuitively understood when visualized
with molecular descriptors as coordinates. It has been demonstrated in literature
that as a linear metabolic pathway progresses toward a specific product, the inter-
mediates become increasingly similar to the final product [183]. Exploiting this
trend could allow for the recognition of network motifs that describe pathways
but at the loss of information provided by the metabolites that drive biochemical
reactions.

The metabolic pathway case studies indicate a potential gain in visual clar-
ity when applying the concept of biochemical coordinates to a metabolic network
with reduced complexity. As shown in case studies 4 and 7, CTP and histidine bio-
synthesis results demonstrated that visualizing the main intermediates of shorter
pathways with steady incremental increases in chemical similarity to that of the
end product was more intuitive than cyclical and longer pathways, as shown in
cases 3, 5 and 6.

There is a significant difference in biochemical properties between metabol-
ites that have bound coenzyme A (succinyl-CoA and acetyl-CoA) and those that do
not. This makes it difficult to identify a cyclical network motif in the visualizations
of case study 3. In order to avoid the sudden shift in chemical similarity associ-
ated with coenzyme A bound metabolites, it has been proposed to represent these
cofactors as single atoms [162]. This could be implemented using the SMILES
notation for “unspecified atomic number”, “ * “, for cofactors such as coenzyme A
and acyl carrier protein (ACP). It is possible that a similar mindset is responsible
for why the metabolites in Table 4.3 were represented by the symbol " * " in their
SMILES. Although the rationale for including non-computable SMILES in a chem-
ical property database is a bit unclear, it is most likely because these 8 metabolites
have undefined structures, charges, and molecular weights in both MetaNetX and
BiGG Models databases.

The inclusion of the IMP biosynthesis pathway in the purine biosynthesis data-
sets led to an observable and recurring network motif in most visualizations.
Figure C.2 illustrates the structural similarity among intermediaries in the IMP
biosynthesis pathway. This structural similarity is reflected in the short distance
between the nodes that make up this recurring motif in most results for case stud-
ies 4 and 6. While the positioning of the nodes in this motif conveys that the
metabolites they represent are chemically similar, which in and of itself is a motif,
they are so tightly clustered that the relational information represented by edges
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is obscured. The layouts do however manage to capture and to a lesser degree,
communicate, that the intermediaries between PRPP and the end products, GTP
and ATP, exhibit different chemical profiles that are reflected in their positioning.

When viewed in a global context, the only pair of molecular descriptors that
managed to arrange nodes far enough apart to allow for the identification of path-
ways and extract insight of the biochemical properties of their metabolites, when
highlighted, were the ranked equivalents of ExactMolWt and MolLogP: mass_rank
and MolLogP_rank. The Figures 4.18b, 4.23b, 4.33b, 4.28b, and 4.38b, illustrate
that the change in molecular weight and hydrophobicity of intermediaries in de
novo CTP biosynthesis increases and decreases respectively. A similar chemical
pattern, but reversed, is observable for histidine biosynthesis, intermediaries de-
crease in molecular weight and become increasingly more hydrophobic as it ap-
proaches the terminal reaction in the pathway. The chemical similarity of the in-
termediaries in the de novo purine biosynthesis pathways still limits the readability
of the pathway and the coenzyme A associated metabolites in the TCA cycle might
does not create an aesthetically pleasing layout.

There is unfortunately no way of gaining such insight about the pathways
from these figures unless they are highlighted. When observing the visualizations
in the metabolic network case studies, it might be possible to make an educated
guess as to whether or not a highly connected node is ATP or ADP based on the
knowledge that they drive or is the result of biochemical reactions, their molecu-
lar composition, structure, and weight. As a result of their biochemical properties
reflecting their position, that level of estimation is possible. An expert may be able
to read the positioning of nodes intuitively and carefully trace the edges and map
out pathways as if they were puzzles. This is not possible for a non-expert, and
the layouts using molecular descriptors as coordinates do not sufficiently commu-
nicate or allow the identification of pathways or other biological patterns without
substantial effort. Most of the information in the metabolic network layouts gen-
erated in this project is obscured behind a multitude of edges and closely clustered
nodes. The layouts do, however, manage to position the metabolites according to
their chemical properties, but they do not provide a good visual representation of
a metabolic network. The spatial layout of the data, using the selected descriptors
as coordinates, is not able to enable the viewer to gain an understanding of the
degree of interactions between metabolites or gain an understanding of why the
interactions are occurring as they do.

5.4 Export of biochemical coordinate layouts

Following a post-processing step, each layout generated for each of the 7 case
studies was successfully exported to a Cytoscape compatible format. Interestingly
enough, NetworkX’s write to Cytoscape function writes a JSON file containing
the information required to reconstruct the network in Cytoscape, but the data
contained within the file is not compatible with JSON and will not read unless
formatted correctly. The solution to the formatting issue, presented in Supple-
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mentary data 4, is tedious and can be replaced with an automated script invoked
by a command line interface (CLI).

Using the write to Cytoscape function only stores the node positions of the
exact layout rendered in NetworkX. An additional step was involved in adding
molecular descriptor data and storing it in file formats that allowed for the storage
of node attributes. The file format that required the least amount of handling
to generate the molecular descriptor layout in Cytoscape was Cytoscape JS but
the GraphML format showed the most promise as a vehicle to convert to systems
biology standard formats such as SBGN-ML.
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Conclusion

The goal of this project was to replace arbitrary metabolic network layouts gen-
erated with layout algorithms with a layout where each metabolite had a well-
defined location based on its biochemical properties. To achieve this, the pro-
ject leveraged QSAR methods and developed a workflow that collected molecular
representations for metabolites in two GEMs; the E. coli central metabolism and
iML1515, and calculated their molecular descriptors using the cheminformatic
tool RDkit. From the calculated molecular descriptors, 9 descriptors were selected
because they represent known and easily comprehensible biochemical properties
that can be understood by a non-expert. In addition to the selected descriptors, 3
of the selected descriptors had their values ranked they exhibited a large number
of overlapping descriptor values. These descriptors were used to generate network
graph layouts for 7 case studies. These layouts were visualized and evaluated to
determine which pair of molecular descriptors produced the most intuitive and
meaningful network visualizations. The network layouts were successfully expor-
ted to a file format readable by the commonly used biological network visualiza-
tion tool, Cytoscape.

The results demonstrated that metabolic network layouts derived from using
molecular descriptors as 2D coordinates exhibit significant node clustering and
edge crossings. The node clustering was a result of the chemical similarity among
the metabolites in the GEMs used and the edge crossings were caused by the
scale-free organization that is characteristic of metabolic networks. The number
of edge crossings can be attributed to the fact that hubs in metabolic networks ex-
hibited stronger polarity. As a direct consequence of using molecular descriptors
as coordinates, hubs were positioned closer to each other which resulted in a
large number of edge crossings from the position of hubs. This was especially
prevalent in the visualization of the iML1515 case study which was the largest
and most complex case study in this project. These factors negatively affected the
readability of the network visualizations and its ability to convey biological in-
formation. In spite of this, the generated layouts exhibit a unique characteristic
not present in arbitrary network layouts. There is a direct correlation between the
rendered length of the edge between nodes representing intermediate metabol-
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ites in a pathway and the change in the biochemical properties described by the
descriptors used to create the layout. Unfortunately, extracting this information in
a global context is difficult as it is obscured by node clustering and edge crossings.
The pair of descriptors which generated the most meaningful visualizations were
the descriptor pair mass_rank and MolLogP_rank. This pair of descriptors gener-
ated layouts that represented an improvement in legibility. Compared to layouts
generated using the descriptors, ExactMolWt and MolLogP, the improved legibility
can be attributed to the fact that each metabolite has a unique position within the
layout due to the ranking of the descriptor values, leading to less node clustering.

The results from the metabolic pathway case studies suggest that a metabolic
network of reduced complexity, such as a network comprised of the main inter-
mediaries in metabolic pathways, is a better candidate for visualization using mo-
lecular descriptors as 2D coordinates.

This project examined if the biochemical properties of metabolites, quanti-
fied by molecular descriptors, could be used as two-dimensional coordinates for
generating meaningful metabolic network layouts. As a result of the chemical sim-
ilarity prevalent in most metabolites, and the scale-free organization of metabolic
networks, the layout visualizations were incapable of communicating meaningful
biological information.

Future work

Going to the third dimension: pathways in three-dimensions

When visualizing data in two dimensions, one must choose to compromise between
presenting as much data in as large space as needed and losing varying levels of
low-level detail or restricting the amount of information to present in order to
produce a visualization that is easier to understand. There is potential in visual-
izing metabolic networks and metabolic pathways [184] in three dimensions as
it can provide a compromise between an overview of the network and its mod-
ules (pathways) and the detail that is otherwise lost due to planarity while still
providing a higher information density compared to two-dimensional visualiza-
tions. Rojdestvenski proposed in 2003 a method to visualize metabolic pathways
in three dimensions using virtual reality technology, pointing out its potential as
a tool for exploratory data analysis. A similar approach has been applied to large
biological networks [185] for the purpose of exploratory analysis. Using the game
development tool Unity [186], a VR model of a gene regulatory network was
created that allowed users to manipulate the network visualization, and view net-
work structures and node information in three dimensions [187]. In spite of this
study’s positive results among evaluators, the small sample size (n = 7) warrants
further inquiry into its wider applicability.

A 3D animation and visualization tool such as Blender [188] is well suited
for realizing this vision. Protein Database (.pdb) and XYZ (.xyz) file formats are
natively supported in Blender, and Python can be used to automate tasks via script-
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ing. For the purpose of validating a machine-learning algorithm trained to detect
amoeboid gill disease in Atlantic salmon, the author developed a software tool in
2020 that generated 3D visualizations of fish school behavior over time in Blender
[189]. A Python script was developed to automate this process by assigning each
representation of fish a set of X, Y, and Z coordinates at each time interval. Modi-
fications to this script could facilitate the import of metabolites in .pdb or .xyz
format and assign each metabolite a set of X, Y, and Z coordinates, such as mo-
lecular descriptors. Through the use of Open Babel [134], which can convert In-
ChI and SMILES to .pdf and .xyz formats, it could be possible to visualize the
metabolic networks and pathways in 3D using the data generated in this project
using a dedicated network visualization package for Blender, BlendNet [190]. Ad-
ditionally, Blender can be used to generate VR models that can be viewed using
VR headsets directly in Blender or exported to tools such as Unity [186] for the
purpose of adding interactivity, as demonstrated in Ref [187].

The prospect of visualizing metabolic networks in three dimensions is an in-
triguing one, whether as a three dimensional, interactive VR model or presented
as a plot in 2.5 dimensions [191] and using molecular descriptors to determine
node positions. By doing so, some of the problems with planarity seen in the res-
ults of this project may be rectified.

Community standards

CytoScape2Escher [192], a tool made by Jeremy Zucker at the Pacific Northw-
est National Laboratory could be used to extend the generated layouts to an-
other commonly used community standard, Escher [59]. This tool uses graphs
of pathway visualizations generated from Pathway-tools [193] which are then ex-
ported and rendered in Cytoscape. Unfortunately, this tool does not work with
the Cytoscape formatted layouts produced in this project. It is likely that modify-
ing this tool to work with the layout format presented in this work could lead to
the biochemical coordinate layout being encoded in additional community stand-
ard formats. The EscherConverter [59] tool could then be used to convert Escher
compliant layouts to SBGN-ML and SBML which could build on the standardized
graphical notation and styles encoded in these formats.

Force-directed algorithm applied to biochemical coordinates

The use of a force-directed algorithm [194] to untangle a network generated with
biochemical coordinates could result in a graph that retains biochemical inform-
ation to a certain extent but provides aesthetic layouts. In a force-directed al-
gorithm, nodes and edges are given a repulsion force that distances them so their
positions are in mechanical equilibrium. Adapting this algorithm to retain bio-
chemical coordinates could lead to improved spatial separation between meta-
bolites and remedy some issues of planarity as node stacking would be reduced
by running this algorithm.
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[125] G. Skoraczyński, P. Dittwald, B. Miasojedow, S. Szymkuć, E. P. Gajewska,
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Appendix A: Supplementary data

Supplementary data

The supplementary data listed in table A.1 is available in the GitHub repository
in: https://github.com/meidelien/Biochemical_coordinate_layout

Table A.1: Supplementary data is located in the associated GitHub repository.
Fields in the Name/Description column are interactive and will link to the asso-
ciated data when clicked

Supplementary data Name/Description
1 Data collection
2 Molecular descriptor calculation
3 Case study datasets
4 Exported layouts

Software

This section covers the different software and python libraries used in this project.

Python

The code used to compute molecular descriptors, perform data analysis and visu-
alisations were written in the Python programming language and has been verified
to work under versions 3.7 through 3.9.

RDkit

The RDKit software package [RDKit reference here] is an open source chemin-
formatics toolkit. Its core data structures and algorithms arewritten in C++, but
are accessed through a Python wrapper. RDkit calculates molecular descriptors
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for molecules using their SMILES or InChI strings as input. The version used in
this project was 2021.03.5.

ReFramed

ReFramed is a Python package that simulates metabolic models using SBML input.
This package was used to generate metabolite links to enable network generation
and visualisation in NetworkX and Pyvis. The version used for this project was
1.2.1.

NetworkX

NetworkX is a python package for creating and studying complex networks. The
version used in this project was 2.6.3.

Scikit-learn

Scikit-learn is a machine learning package for python. Scikit-learn was used to
standardise data and perform PCA on the data. The version used in this project
was 1.0.1.

Pandas

Pandas is a python package for data analysis and manipulation. The version used
in this project was 1.3.2.

NumPy

NumPy is a python package that provides a large suite of mathematical operations
that can be applied to arrays and data structures. The version used in this project
was 1.20.3.

Seaborn

Seaborn is a python package for statistical data visualisation and was used to
visualise the correlation between features of the GEM. The version used in this
project was 0.11.2.

SciPy

SciPy is a python package built on top of NumPy for use in data manipulation and
visualisation. The version used in this project was 2.7.1.
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DataComPy

DataCompy is a python package that is made to compare two pandasvdataframes
on an index key that is present across both dataframes. The version used in this
project was 0.81.

Cytoscape

The version used in this project was 3.9.1





Appendix B

Appendix B: Excerpts of
metabolic pathway case study
datasets

Table B.1: Excerpt from the tricarboxylic acid cycle dataset in supplementary data
3 A.1, A.

Metabolite BiGG abbreviation Molecular weight MolLogP
Pyruvate pyr 87.00877 -1.674
Acetyl-CoA accoa 805.09667 -3.294
2-Oxoglutarate akg 144.00697 -3.164
Oxaloacetate oaa 129.99132 -3.554
Succinate succ 116.01206 -2.733
Phosphoenolpyruvate pep 164.96055 -2.904
Succinyl-CoA succoa 862.09487 -4.783
Fumarate fum 113.99641 -2.957
D-Malate mal__d 132.00697 -3.762
Citrate cit 189.00517 -5.252
Isocitrate icit 189 -5.396
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Table B.2: Excerpt from the ATP biosynthesis pathway dataset in supplementary
data 3 A.1, A.

M
etabolite

B
iG

G
abbreviation

M
olecu

lar
w

eight
M

olLogP
5-phospho-alpha-D

-ribose
1-diphosphate

prpp
384.91

-5.391
5-phospho-beta-D

-ribosylam
ine

pram
228.02

-3.130
N

(1)-(5-phospho-beta-D
-ribosyl)glycinam

ide
gar

285.049
-3.7407

N
(2)-form

yl-N
(1)-(5-phospho-beta-D

-ribosyl)glycinam
ide

fgam
312.03

-4.310
2-form

am
ido-N

(1)-(5-O
-phospho-beta-D

-ribosyl)acetam
idine

fpram
312.06

-3.507
5-am

ino-1-(5-phospho-beta-D
-ribosyl)im

idazole
air

294.04
-2.438

5-carboxyam
ino-1-(5-phospho-D

-ribosyl)im
idazole

5caiz
336.02

-3.897
5-am

ino-1-(5-phospho-D
-ribosyl)im

idazole-4-carboxylate
5aizc

337.03
-4.074

(2S)-2-[5-am
ino-1-(5-phospho-beta-D

-ribosyl)im
idazole-4-carboxam

ido]succinate
25aics

450.04
-7.072

5-am
ino-1-(5-phospho-beta-D

-ribosyl)im
idazole-4-carboxam

ide
aicar

336.04
-3.752

5-form
am

ido-1-(5-phospho-D
-ribosyl)im

idazole-4-carboxam
ide

fprica
364.04

-3.901
Inosine

m
onophosphate

im
p

346.03
-3.003

N
6-(1,2-D

icarboxyethyl)-A
M

P
dcam

p
463.07

-2.105
A

denosine
m

onophoshphate
am

p
345.04

-3.126
A

denosine
diphoshphate

adp
424

-3.641
D

eoxyadenosine
diphosphate

dadp
408.01

-2.612
A

denosine
triphoshphate

atp
502.96

-4.156
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Table B.3: Excerpt from the CTP biosynthesis pathway dataset in supplementary
data 3 A.1, A.

Metabolite BiGG abbreviation Molecular weight MolLogP
L-aspartate asp__L 132.03 -2.461
N-carbamoyl-L-aspartate Mbasp 174.02 -3.672
(S)-dihydroorotate dhor__S 157.02 -1.483
Orotate orot 155.00 -1.046
Orotidine 5’-phosphate orot5p 365.00 -5.223
Uridine monophosphate ump 322.02 -3.586
Uridine diphosphate udp 400.98 -4.101
Uridine triphosphate utp 479.93 -4.616
Cytidine triphosphate ctp 478.95 -4.497
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Table B.4: Excerpt from the GTP biosynthesis pathway dataset in supplementary
data 3 A.1, A.

M
etabolite

B
iG

G
abbreviation

M
olecu

lar
w

eight
M

olLogP
5-phospho-alpha-D

-ribose
1-diphosphate

prpp
384.91

-5.391
5-phospho-beta-D

-ribosylam
ine

pram
228.02

-3.130
N

(1)-(5-phospho-beta-D
-ribosyl)glycinam

ide
gar

285.04
-3.740

N
(2)-form

yl-N
(1)-(5-phospho-beta-D

-ribosyl)glycinam
ide

fgam
312.03

-4.310
2-form

am
ido-N

(1)-(5-O
-phospho-beta-D

-ribosyl)acetam
idine

fpram
312.06

-3.502
5-am

ino-1-(5-phospho-beta-D
-ribosyl)im

idazole
air

294.04
-2.438

5-carboxyam
ino-1-(5-phospho-D

-ribosyl)im
idazole

5caiz
336.02

-3.897
5-am

ino-1-(5-phospho-D
-ribosyl)im

idazole-4-carboxylate
5aizc

337.03
-4.074

(2S)-2-[5-am
ino-1-(5-phospho-beta-D

-ribosyl)im
idazole-4-carboxam

ido]succinate
25aics

450.04
-7.072

5-am
ino-1-(5-phospho-beta-D

-ribosyl)im
idazole-4-carboxam

ide
aicar

336.04
-3.752

5-form
am

ido-1-(5-phospho-D
-ribosyl)im

idazole-4-carboxam
ide

fprica
364.04

-3.901
Inosine

m
onophosphate

im
p

346.03
-3.003

X
anthosine

m
onophosphate

xm
p

362.02
-3.297

G
uanidylm

onophosphate
gm

p
361.04

-3.591
G

uanidyldiphosphate
gdp

440.
-4.106

G
uanidyltriphosphate

gtp
518.96

-4.621
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Table B.5: Excerpt from the histidine biosynthesis pathway dataset in supple-
mentary data 3 A.1, A.

M
etabolite

B
iG

G
abbreviation

M
olecu

lar
w

eight
M

olLogP
5-phospho-alpha-D

-ribose
prpp

384.91
-5.39

1-(5-Phosphoribosyl)-ATP
prbatp

715.98
-6.536

1-(5-Phosphoribosyl)-A
M

P
prbam

pt
558.06

-5.505
Phosphoribosyl-form

im
ino-A

IC
A

R
-P

prfp
573.05

-7.012
phosphoribulosylform

im
ino-A

IC
A

R
-P

prlp
573.05

-6.977
D

-erythro-1-(im
idazol-4-yl)glycerol3-phosphate

eig3p
236.02

-2.35
3-(im

idazol-4-yl)-2-oxopropylphosphate
im

acp
218.01

-1.633
L-histidinolphosphate

hisp
220.04

-1.243
L-histidinol

histd
142.09

-1.444
L-histidine

his__L
155.06

-0.635
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C.1 The tricarboxylic acid cycle with compound structures

Figure C.1: Pathway representation of the tricarboxylic acid cycle in E. coli with
compound structures. Compound names are colored red. Enzyme names are
colored green and their corresponding genes are colored purple. Enzyme Com-
mission (EC) number are colored light blue. Retrieved from MetaCyC [62].

C.2 De novo purine biosynthesis pathway with compound
structures
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Figure C.2: Pathway representation of inosine-5’-phosphate biosynthesis in E. coli
with compound structures. Compound names are colored red. Enzyme names are
colored green and their corresponding genes are colored purple. Enzyme Com-
mission (EC) number are colored light blue. Retrieved from MetaCyC [63].
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Figure C.3: Pathway representation of de novo adenosine nucleotide biosynthesis
in E. coli. Compound names are colored red. Enzyme names are colored green and
their corresponding genes are colored purple. Enzyme Commission (EC) number
are colored light blue. Retrieved from MetaCyC [63].
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Figure C.4: Pathway representation of de novo guanosine nucleotide biosynthesis
in E. coli with compound structures. Compound names are colored red. Enzyme
names are colored green and their corresponding genes are colored purple. En-
zyme Commission (EC) number are colored light blue. Retrieved from MetaCyC
[64].
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C.3 De novo pyrimidine biosynthesis pathway with com-
pound structures
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Figure C.5: Pathway representation of de novo CTP biosynthesis in E. coli with
compound structures. Compound names are colored red. Enzyme names are
colored green and their corresponding genes are colored purple. Enzyme Com-
mission (EC) number are colored light blue. Retrieved from MetaCyC [65].
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C.4 Histidine biosynthesis with compound structures

Figure C.6: Pathway representation of de novo histidine biosynthesis in E. coli
with compound structures. Compound names are colored red. Enzyme names are
colored green and their corresponding genes are colored purple. Enzyme Com-
mission (EC) number are colored light blue. Retrieved from MetaCyC [68].
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