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ABSTRACT

Towards Rational Design of Biosynthesis Pathways

Meshari Saud Alazmi

Recent advances in genome editing and metabolic engineering enabled a precise

construction of de novo biosynthesis pathways for high-value natural products. One

important design decision to make for the engineering of heterologous biosynthesis

systems is concerned with which foreign metabolic genes to introduce into a given

host organism. Although this decision must be made based on multifaceted factors,

a major one is the suitability of pathways for the endogenous metabolism of a host

organism, in part because the efficacy of heterologous biosynthesis is affected by

competing endogenous pathways. To address this point, we developed an open-access

web server called MRE (metabolic route explorer) that systematically searches for

promising heterologous pathways by considering competing endogenous reactions in a

given host organism. MRE utilizes reaction Gibbs free energy information. However,

25% of the reactions do not have accurate estimations or cannot be estimated. To

address this issue, we developed a method called FC (fingerprint contribution) to

provide a more accurate and complete estimation of the reaction free energy.

To rationally design a productive heterologous biosynthesis system, it is essential

to consider the suitability of foreign reactions for the specific endogenous metabolic

infrastructure of a host. For a given pair of starting and desired compounds in a given

chassis organism, MRE ranks biosynthesis routes from the perspective of the integra-

tion of new reactions into the endogenous metabolic system. For each promising het-

erologous biosynthesis pathway, MRE suggests actual enzymes for foreign metabolic

reactions and generates information on competing endogenous reactions for the con-

sumption of metabolites. The URL of MRE is http://www.cbrc.kaust.edu.sa/mre/.

http://www.cbrc.kaust.edu.sa/mre/
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Accurate and wide-ranging prediction of thermodynamic parameters for biochemi-

cal reactions can facilitate deeper insights into the workings and the design of metabolic

systems. Here, we introduce a machine learning method, referred to as fingerprint

contribution (FC), with chemical fingerprint-based features for the prediction of the

Gibbs free energy of biochemical reactions. From a large pool of 2D fingerprint-based

features, this method systematically selects a small number of relevant ones and uses

them to construct a regularized linear model. FC is freely available for download at

http://sfb.kaust.edu.sa/Pages/Software.aspx.

http://sfb.kaust.edu.sa/Pages/Software.aspx
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Chapter 1

Introduction

1.1 Overview of Synthetic Biology

Synthetic biology is a new and broad field which interacts a wide spectrum of research

areas including genetic engineering, systems biology, electrical and computer engineer-

ing, and biophysics [1, 2]. The most widely known definition of synthetic biology is:

“Synthetic biology is the design and construction of new biological components, such

as enzymes, genetic circuits, and cells, or the redesign of existing biological systems”

[3]. It has many applications in health, environment and energy [4]. In health appli-

cations, disease diagnosis is one research area that synthetic biology contributes to.

For example, the highly infectious Lyme disease can be diagnosed using a synthetic

chimeric protein [5]. Drug development is another research area where new drugs can

be designed using protein engineering including genetic codes modification or non-

natural amino acids [6]. Thus, synthetic biology contributes to designing drugs as

well as disease prevention through early diagnosis and treatment of cancer and infec-

tious diseases [7]. Another important research area is vaccine development. With the

use of computational approaches, effective vaccines for influenza have been produced

[8]. Environmental pollution can be dealt with through natural protein sensors used

to detect environmental contaminants [9, 10] and non-natural protein sensors have

better efficiency than normal ones [11]. Another example, 1,4-butanediol, which is a

chemical used in plastics production, is made from readily cheap materials in E. coli

[12]. Synthetic biology contributes to having safe and energy-rich compounds. Bio-
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fuel productions, such as isobutanol and 3-methyl-1-butanol from glucose, have been

achieved where some amino acids are primary intermediates [13, 14]. Amino acid

production has increased yielding easily obtainable supplies of methionine [15], valine

[16], threonine [17], and lysine [18, 19].

Thus, synthetic biology has a broad range of applications ranging from clinical to

industrial needs. To summarize, synthetic biology supports disease diagnosis, drug

and vaccine development, environmental protection, and biofuel production in that

the final products are cheaper and safer without harmful chemicals. In general, syn-

thetic biology aims for designing a cell that can function as a programmed device,

which is made up of several parts, and safely communicates within a biological envi-

ronment [20, 2, 1]. It is classified as a subfield under the metabolic engineering field

[21]. Synthetic approaches for metabolic pathways have shown their importance in

microbes by increasing yields with novel production and reduced costs [22].

1.2 Biosynthesis Pathway Design (BPD)

Designing useful artificial pathways for a specific beneficial application offers new

candidate routes to synthetic biology applications [3]. This design can be difficult

and requires a lot of information and expert knowledge. The challenges often stem

from the fact that a biological system cannot be easily decomposed into small parts

and once done, it is even more challenging to assemble them into a living organic

system that can survive [23].

As pointed out, one of the main difficulties is the adaptation of new parts added

to the system. Since it is difficult to design biological de novo parts, a logical and

essential approach is to explore parts (e.g., enzymes) from different organisms that

can be integrated into a host organism [4]. Finding the most useful enzymes from

different organisms that suit a chosen endogenous biological system is not easy. It

requires a computational method to explore a huge search space spanning many pos-
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sibilities from different biological systems. In general, complex biological systems

are not easily studied without mathematical formulation and engineering perspec-

tives. Indeed, mathematical modeling and utilization of simulation tools developed

for these challenges should be the first step when developing a synthetic biology

project [2, 1, 24, 25]. A complex biological network containing compounds (as nodes)

and reactions (as edges) is illustrated in Figure 1.1.

Figure 1.1: An illustration of a network taken from the KEGG REACTION database
to show the complexity of the biological systems where the nodes represent compounds
and edges represent reactions. On average, five edges (reactions) emanate from each
node (compound).

There are computational tools available to direct the design of heterologous path-

ways. One important factor which helps us differentiate between different tools is
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the utilization of a host organism. BNICE [26], PredPath [27], and Metabolic tin-

ker [28] tools do not use chassis, which is an engineered host including components

designed using standardized parts in order to achieve specific functions, information.

These tools suggest pathways regardless of the choice of a host organism. Hence,

they do not consider the fitting of exogenous enzymes to a specific host organism.

Another important factor is based on flux balance analysis (FBA). XTMS [29], DE-

SHARKY [30], OptStrain [31], and GEM-Path [32] tools utilize the FBA approach,

which provides useful information to check the suitability of de novo pathways. How-

ever, the FBA approach also requires a lot of information for a specific host organism

system. For example, tight reaction-flux boundaries are required to identify useful

steady-state flux distributions among a large number of potential solutions. This

knowledge is not available except for well-studied organisms. Besides the utilization

of host organism and FBA approaches, the use of chassis information is needed to

rank suitable biosynthesis pathways for a given endogenous metabolic system. FMM

[33] and PHT [34] tools have different choices of a host organism, but they do not

utilize information such as the competition between native and foreign enzymes. So,

the suitability of foreign enzymes to the host organism system is not checked. The

last important factor for differentiation is based on chemical transformation of inter-

mediate compounds to generate metabolic pathways. BNICE, PredPath, and XTMS

predict generalized chemical transformation rules and apply them to expand poten-

tially feasible metabolic routes.

Conversely, our metabolic route explorer (MRE) method focuses on the sugges-

tion of foreign enzymes with well-characterized activities for promising heterologous

pathways by taking into account the effects of the existing, endogenous metabolic

infrastructure of a host organism. To find promising biosynthesis routes from a large

number of potential candidates, thermodynamic data offer useful information [35].

Some existing pathway design tools, such as Metabolic tinker and XTMS, use ther-
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modynamic data to constrain the reaction directionality or to rank pathways based

on their net favorability, which does not consider competing endogenous reactions.

In contrast, MRE uses thermodynamic data to rank pathways in a host-dependent

manner from the perspective of the integration of new reactions into the endogenous

metabolic system. In order to suggest actual foreign enzymes for the design of het-

erologous biosynthesis pathways, MRE only considers verified reactions as metabolic

parts. For each foreign reaction in a suggested heterologous pathway, MRE gener-

ates information about endogenous reactions competing for metabolites. Since one

effective approach to increase the productivity is to attenuate or eliminate competing

reactions [36, 37, 38], MRE may also offer useful insights into how to debottleneck

and optimize heterologous pathways. Figure 1.2 illustrates the objective and the

usefulness of designing biosynthesis pathways. This is discussed in detail in Chapter

2.

1.3 Casting Biosynthesis Pathway Design (BPD) as a Graph

Search Problem

From a computer science point of view, the biosynthesis pathway design (BPD) prob-

lem can be casted as a graph search problem. Compounds are represented as nodes,

reactions as edges, weights are calculated based on a scoring function, and directions

represent reaction directionality. A node can be a reactant or a product depending

on the edge directionality. A reactant can have an outgoing edge (reaction) which

transforms (links) that reactant to a product. This reaction is seen as an incoming

edge for the product node. Our goal is to find top K-shortest loopless paths from

a source node to a target node. This requires searching all possible paths. An un-

informed search is not trackable and requires an efficient search strategy to prune

the search space and focus on the promising paths. Our method returns the results

within a reasonable amount of time. Also, we developed a scoring function to cal-
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Figure 1.2: A schematic illustration of the usefulness of designing biosynthesis path-
ways. In the background, a biological network contains compounds (nodes) and
reactions (edges) from different organisms. In the foreground, a zoomed sub-network
from the network in the background is shown, which is a combination of subpaths
from two different organisms. Red edges indicate native reactions in a chosen organ-
ism. Blue edges indicate foreign reactions. The question here is: which reactions are
the most promising foreign reactions for producing a valuable target product (such
as artemisinin).

culate the weights for the edges. Our scoring function uses the Boltzmann factor to

compare a fraction of conversions of a reactant to all possible products. The goal

of this function is to optimize the transformation fraction of the starting material to
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the desired product. The scoring function and the search algorithm are discussed in

detail in Chapter 2.

1.4 Challenges and the Proposed Solution for the Missing

Weights in the Universal Reaction Network

The calculated scores based on our scoring function depend on transformed Gibbs

free energy. If the Gibbs energy information of a reaction is not known, then our

scoring function cannot calculate a score for that reaction. By using the state-of-the-

art method (component contribution method [39]) to estimate the Gibbs energy for

KEGG reactions, more than 25% of these reactions do not have accurate estimations

of Gibbs free energy or cannot be estimated. To overcome these challenges and to

provide a more accurate and complete estimation of the reaction free energy, the

fingerprint contribution (FC) method was developed.

Since thermodynamic data provides useful insights for interpretation and analy-

sis of complex biological systems [35], adding thermodynamic information improves

genome scale metabolic model predictions [40, 41, 42, 43, 44]. A wide variety of ap-

plications for thermodynamic information has been found in the literature. These

applications include determining reaction directionality, finding infeasible loops in a

pathway, and providing candidate routes for synthetic biology applications. Several

attempts have been made to determine reaction directionality [45, 46, 47, 48, 49, 50,

51, 52, 53, 54]. The other application is the infeasible loops identification in pathways

and networks. Infeasible loops often appear in the literature using thermodynamic

constraints [55, 56, 57]. Finally, synthetic biology tools use thermodynamic data to

recommend better routes [58, 28, 29].

The best way to obtain Gibbs free energy of a reaction (∆rG
◦) is through exper-

imental data. The largest dataset is the National Institute of Standards and Tech-

nology’s (NIST) Thermodynamics of Enzyme-Catalyzed Reactions (NIST-TECR)
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database [59]. However, the NIST-TECR database only covers a small fraction of

the currently known reaction databases [60]. So, the importance of estimating ∆rG
◦

using computational methods are highly needed to fill the gaps and overcome exper-

imental setup limitations.

Work has been done in the past to infer ∆fG
◦ of biochemical compounds. K. Bur-

ton inferred around 100 standard Gibbs energies of formation (∆fG
◦) based on the

reactions additivity approach in 1957 [61]. In 1958, Benson and Buss proved that the

additivity approach for a chemical reaction is a valid assumption. The group additiv-

ity approach is the sum of the estimated contribution of each group added to the sum

of the reaction using linear regression [62]. In 1977, R. Thauer et al. [63] published a

table for Gibbs free energy of formation (∆fG
◦). In 1988, Mavrovouniotis et al. [64]

created biochemical groups from chemical groups for biochemical compounds. Then,

in 1990, Mavrovouniotis introduced a group contribution method for biochemical re-

actions using linear regression [65]. Dolfing and Harrison [66] published another table

for Gibbs free energy of formation (∆fG
◦) that had not been previously considered or

had been estimated incorrectly as chlorinated aliphatic compounds, which was noted

by Dolfing and Janssen [67]. Alberty [68] added the protonation state effects of a

molecule and published the largest table for Gibbs free energy of formation (∆fG
′◦)

in [69].

The huge gap between experimentally known ∆rG
◦ and the unknown makes it a

challenging computational problem. In 2008, Jankowski et al.'s group contribution

method [70] enhanced the accuracy of Mavrovouniotiss method [65] by adding more

datasets and defining a better decomposed groups list. This accuracy was improved

even more by adding information of 11 interaction factors between the groups [65]. In

2012, Noor et al. [71] developed a framework to improve the accuracy and coverage

for the group contribution method by defining better groups and having a better

dataset. Noor et al. added the compounds’ protonation levels (pseudoisomers) where
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they showed a much-improved performance over past work. They also showed how the

accuracy of the model improved by using the pseudoisomeric reactant contribution

(PRC) method. However, PRC cannot cover comprehensive databases such as KEGG.

They also showed that the pseudoisomeric group contribution (PGC) method covers

significantly higher reactions but suffers from inaccuracy. In 2013, Noor et al. [39]

introduced the component contribution (CC) method, which combined both the PGC

method and the PRC method to utilize the accuracy of PRC and the coverage of PGC.

Previous methods have shown significant improvements over the years toward

better predicting the ∆rG
◦. However, previous methods still suffer from coverage and

accuracy due to the diversity of ∆rG
◦ reactions. We introduced a new method called

the fingerprint contribution (FC). This method collects features based on fingerprint

schemes and molecular descriptors, and then systematically selects relevant ones from

a large pool of features. FC utilizes the selected features in a regularized linear

regression model to build the final model. By comparing our method with other

methods, FC achieves better accuracy than the state-of-the-art methods. In addition

to the accuracy, the FC model can cover all KEGG reactions as long as its reactants

and products have known 2D structures whereas the most recent method [39] is not

able to represent 12.3% of KEGG reactions. On the top of that, 12.7% of the reactions

are not linearly dependent on the training data. Chapter 3 covers our new FC method.

1.5 Objectives and Contributions

My dissertation aims at a better biosynthesis pathway design (BPD) framework

through developing new methods to tackle the aforementioned problems. The MRE

method is a new approach for designing and ranking biosynthesis pathways by con-

sidering the suitability of exogenous enzymes to the endogenous metabolic system.

Having thermodynamic information is useful for recommending suitable exogenous

enzymes for a specific endogenous system. However, 25% of the KEGG reactions
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do not have Gibbs energy information or cannot be estimated accurately using the

state-of-the-art method for Gibbs energy estimation of biochemical reactions. Hence,

we overcome these challenges by developing a new method, namely, the fingerprint

contribution (FC), for a more accurate estimation and complete the missing reactions

Gibbs free energy information.

The contributions of this thesis are summarized below:

• We developed a computational framework, referred to as the metabolic route

explorer (MRE), which rationally designs heterologous biosynthesis pathways using

thermodynamic-based data and the infrastructure of host information. We built

a scoring function to rank heterologous routes based on the suitability of foreign

reactions to the host organism by considering the competing native reactions. MRE

recommends actual enzymes based on taxonomical information for the exogenous

reactions. By using the biosynthesis of a range of high-value natural products as a

case study, we show that MRE is an effective tool to guide the design and optimization

of heterologous biosynthesis pathways.

• We developed a computational method, referred to as the fingerprint contribu-

tion (FC), which estimates Gibbs free energy of biochemical reactions (∆rG
◦) using

2D features based on fingerprint schemes and molecular descriptors. FC selects rele-

vant features to standard Gibbs free energy and uses them to build a regularized linear

regression models. These regularized methods are used to solve problems, which have

an infinite number of solutions with more variables than observations or when data

does not have a full rank. We performed a fair comparison with the state-of-the-art

methods, and FC achieved better accuracy. Aside from the accuracy and the fea-

ture selection procedure, FC can cover all KEGG reactions that have a known 2D

structure for their reactants and products whereas the previous methods could not

estimate accurately 25% of KEGG reactions.

The dissertation is organized as follows: Chapter 2 explains the metabolic route
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explorer (MRE) method, including comparison with existing methods, results, and

case studies. Chapter 3 explains the fingerprint contribution (FC) method, including

comparison with the existing methods, and results. Chapter 4 contains conclusion

and suggestions for future directions in this subject.
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Chapter 2

A New Thermodynamics-based Approach to Aid the Design

of Natural-product Biosynthetic Pathways

2.1 Introduction

Recent advances in genome editing and metabolic engineering enabled a precise con-

struction of de novo biosynthesis pathways for high-value natural products [72, 73].

One important design decision to make for the engineering of heterologous biosyn-

thesis systems is concerned with which foreign metabolic genes to introduce into a

given host organism [74]. Although this decision must be made based on multifaceted

factors, a major one is the suitability of pathways for the endogenous metabolism of

a host organism, in part because the efficacy of heterologous biosynthesis is affected

by competing endogenous pathways [74, 36, 38]. To address this point, we developed

an open-access web server called MRE (metabolic route explorer) that systematically

searches for promising heterologous pathways by considering competing endogenous

reactions in a given host organism (Figure 2.1).

There are various computational tools available to guide the design of heterolo-

gous pathways with a range of scopes and functions. Table 2.1 summarizes features

of several heterologous pathway design tools. One key difference among these design

tools is the specification of host organisms. Some tools, including BNICE [26], Pred-

Path [27], and Metabolic tinker [28], were developed to explore pathways irrespective

of the consideration for host organisms. Thus, these tools cannot assess the suitabil-

ity of pathways for a specific context of the endogenous metabolic system of a host
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organism.

Some other tools, on the other hand, restrict the user to use one specific host

organism. For example, pathway design tools based on flux balance analysis (FBA),

such as XTMS [29], DESHARKY [30], OptStrain [31], and GEM-Path [32], are specific

to the Escherichia coli chassis. While FBA-based tools tend to offer rich information

to evaluate de novo pathways, they demand detailed knowledge of a given metabolic

system with tight reaction-flux boundaries in order to identify meaningful steady-

state flux distributions among a large number of candidate solutions. Clearly, such

data are only available for well-studied organisms, and this may be a major reason

(a) The query input page.

(b) The summary page for the top-ranked routes.
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(c) The page for a graph consisting of the top-10 routes.

(d) The page for pathway-level information.

(e) The competing reaction information page.

Figure 2.1: Typical user-interface pages of MRE.
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why FBA-based tools focus on the pathway design in E. coli.

In contrast, FMM [33] and PHT [34] allow the user to select a host organism from

a large set of choices. However, these tools do not use the chassis information to rank

suitable biosynthesis pathways for a given endogenous metabolic system. Instead,

with this information, PHT just reports which enzymes are not natively available

in the host, whereas FMM suggests the introduction of foreign enzymes for some

reactions in heterologous pathways.

Another main feature difference is the basis for chemical transformation of in-

termediate precursors that forms metabolic routes. While tools such as FMM, DE-

SHARKY, and Metabolic tinker specify chemical transformation using metabolic re-

action sets from databases [e.g., KEGG [60] and RHEA [75]], other tools, including

BNICE, PredPath, and XTMS, predict some generalized chemical transformation

rules using such curated reaction sets and apply them to expand potentially feasible

metabolic routes.

Unlike these existing tools, MRE focuses on the suggestion of foreign enzymes

with well-characterized activities for promising heterologous pathways by taking into

account the effects of the existing, endogenous metabolic infrastructure of a host

organism. To find promising biosynthesis routes from a large number of potential

candidates, thermodynamic data offer useful information [35]. Some existing path-

way design tools, such as Metabolic tinker and XTMS, use thermodynamic data to

constrain the reaction directionality or to rank pathways based on their net favorabil-

ity, which does not consider competing endogenous reactions. In contrast, MRE uses

thermodynamic data to rank pathways in a host-dependent manner from the per-

spective of the integration of new reactions into the endogenous metabolic system.

In order to suggest actual foreign enzymes for the design of heterologous biosynthesis

pathways, MRE only considers verified reactions as metabolic parts. For each for-

eign reaction in a suggested heterologous pathway, MRE generates information about
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Table 2.1: Feature summary of heterologous pathway design tools.

tool access chassis chemical
transfor-
mation

thermodynamic
consideration

ranking score information given for
each pathway

(ref.)

MRE open access
web server

many
choices

verified
KEGG
reactions

Boltzmann
factor

fraction of
conversions
via normalized
Boltzmann
weights

required metabolites,
EC numbers for en-
zymes, genes for for-
eign enzymes, reaction
free energy, competing
native reactions

–

FMM open access
web server

many
choices

KEGG
reactions

no number of
reaction steps

EC numbers for en-
zymes, availability of
each enzyme in var-
ious host organisms,
suggestion for foreign
enzymes

[33]

PHT open access
web server

many
choices

KEGG
reactions

no number of
reaction steps

EC numbers for
enzymes, local and
global compound
similarities for each
reaction step

[34]

XTMS open access
web server

E. coli predicted
reactions

favorability gene scores,
reaction steps,
toxicity, yield,
Gibbs energy

source compound
for the retrosynthe-
sis path, predicted
reactions with EC
numbers, genes for
foreign enzymes,
toxicity, production
yield

[29]

Metabolic
tinker

open access
web server

no host RHEA
reactions

directionality,
favorability

net
favorability

possible reactions for
each chemical trans-
formation step and
net favorability

[28]

PathPred open access
web server

no host predicted
reactions

no chemical
similarity

final compound
of biodegradation,
predicted intermedi-
ates and reactions,
confidence for each
predicted reaction

[27]

DESHARKY free down-
load

E. coli KEGG
reactions

no growth rate source or target com-
pound, EC numbers
for enzymes, genes for
some foreign enzymes,
growth rate reduction
measures

[30]

BNICE closed access no host predicted
reactions

no no pathway
ranking

3-level EC number for
each predicted chemi-
cal transformation

[26]

endogenous reactions competing for metabolites. Since one effective approach to in-

crease the productivity is to attenuate or eliminate competing reactions [36, 37, 38],

MRE may also offer useful insights into how to debottleneck and optimize heterolo-
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gous pathways.

2.2 Materials and Methods

2.2.1 Data Resources

MRE makes use of several data resources. The main ones are from the KEGG

databases [60]. KEGG lists around 4,000 organisms, which MRE uses for the selection

of a host organism. The KEGG COMPOUND database is used to identify metabo-

lites, while the KEGG REACTION database and the ExPASy ENZYME database

[76] are used to find metabolic reactions with verified activities. The eQuilibrator

dataset [77] is used to obtain the reaction Gibbs energy in the standard 1M con-

centration setting. The KEGG RPAIR database [78] is used to restrict search space

based on the relation between reactants and products. The KEGG GENES database

is used for DNA sequence data for enzymatic genes, and the KEGG taxonomy map-

ping dataset is used to calculate taxonomic distances.

2.2.2 Function of MRE

To explore biosynthesis routes with MRE, the user specifies a host organism and a

pair of the starting and target compounds. To increase its usability and to help the

user specify organisms and compounds, MRE comes with an auto-completion feature.

With advanced options, the user can override the default setting for the metabolic

route search. These options include the maximum number of reaction steps (denoted

by n), the number of top-ranked pathways to generate (denoted by K), and a list of

compounds that are not considered as primary metabolic precursors in the search,

which we call the exclusion list. By default, n and K are set to 8 and 50, respectively,

while the exclusion list is based on the one from Metabolic tinker [28] and has 101

compounds that have high degrees of connectivity in its metabolic network graph,



37

for example, water, ATP, and ADP. This exclusion list can also be customized to

have other compounds (e.g., CO2). In addition, MRE allows the user to constrain

the chemical transformation of precursors based on RPAIR types (e.g., main, cofac,

and trans). These filtering schemes to constrain possible chemical transformations

were reported to increase the relevance of the de novo biosynthesis route suggestion

[79]. By default, MRE considers chemical transformations based on main, cofac, and

trans RPAIR types.

Based on the input query for biosynthesis requirements, MRE generates the top-

K metabolic routes, and the main result page summarizes these routes. For each

metabolic route, MRE highlights whether it is endogenous or heterologous to the

host organism. For each foreign reaction in a heterologous biosynthesis route, MRE

predicts which metabolites may not be available in the host, and it lists exogenous

genes for the corresponding enzymatic activity and suggests a list of foreign genes

based on a taxonomic similarity measure whose cDNA sequences can be downloaded

in the FASTA format. It also shows a list of native reactions competing for a metabolic

precursor with each foreign enzymatic reaction. MRE provides a mean to visualize a

specific pathway with competing endogenous reactions as well as a graph aggregating

top-ranked routes.

2.2.3 Definition and Description of MRE

MRE is a biosynthesis pathway design tool for high-value natural products based

on thermodynamic information and endogenous metabolic system consideration. It

focuses on the suggestion of foreign enzymes with well-characterized activities for

promising heterologous pathways by taking into account the effects of the existing

endogenous metabolic infrastructure of a host organism. MRE only considers verified

reactions as metabolic parts. It also offers useful information about competing native

reactions, suggests foreign enzymes based on taxonomy information, and ranks path-
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Figure 2.2: Workflow of MRE.

ways based on our scoring function. Moreover, cDNA sequences for the suggested

foreign enzymes can be downloaded.

2.2.4 Workflow of MRE

Figure 2.2 depicts the workflow of MRE. Our tool first constructs a directed graph rep-

resenting a host-independent metabolic network with verified reactions. This graph

comprises all metabolic reactions with verified activities found in the data source, and

it is built regardless of the choice of a host organism for a biosynthesis system. It next

assigns weights to the edges in the graph in a host-dependent fashion by classifying

which enzymatic reactions are native and foreign in the given host organism and by

using the thermodynamic data. To search for biosynthesis routes from the starting

material to the product in the host, MRE explores the host-independent metabolic

network with the host-dependent weighting scheme exhaustively and generates top-K

biosynthesis routes.
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2.2.5 Host-independent Metabolic Network with Verified Re-

actions

To construct the host-independent metabolic network, we first identified metabolic re-

actions with verified activities. We categorized enzymatic reactions based on Enzyme

Commission numbers (EC numbers) [80]. Each EC reaction (i.e., a reaction class

corresponding to each EC number) denotes a class of catalytic reactions with the

same chemical transformation. To retrieve verified metabolic reactions with known

enzymes, we filtered out reaction classes with partially qualified EC numbers as these

partial EC reactions are unverified and can lead to misinterpretation of enzymatic

activities [81]. We also removed those EC reactions that do not contain any en-

zymes. With this filtering process, we identified 5389 complete EC reactions and 76

spontaneous reactions with verified activities.

The kinetic parameters provide exact solutions for these problems, but the un-

availability of kinetic information drove us to use the thermodynamics for the cal-

culations. We used standard Gibbs free energy in standard conditions with pH 7.0,

temperature as 298.15K, at a 1M concentration as a reference point. We can still

apply our framework to different physiological conditions and have the effects accord-

ingly if we have such specific conditions for specific reactions. This can be done by

mapping between the different physiological conditions and the standard conditions

(the reference point) according to empirical functions for each factor.

Following this, we estimated the standard Gibbs energy ∆rG
′◦ for each of these

verified reactions using eQuilibrator with absolute temperature set to 298.15K. Each

verified EC reaction is then split into two reactions: the forward reaction with the

reaction Gibbs energy ∆rG
′◦ and the backward reaction with the reaction Gibbs en-

ergy −∆rG
′◦. Those EC reactions whose ∆rG

′◦ could not be estimated were assigned

the largest of the estimated values for both directions. We adopted this approach to

take a conservative stance and avoid the suggestion of biosynthesis routes containing
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reactions with no thermodynamic information as much as possible. Using these reac-

tions, we built a directed graph that models the transformation of metabolites where

its vertices represent metabolites and its edges represent chemical transformations via

verified metabolic reactions. Since this directed graph unifies all metabolic reactions

with verified activities in the reaction databases, its structure is independent of the

endogenous metabolic system of any host organism.

2.2.6 Host-dependent Reaction Weighting Scheme

Using the user-specified host organism, we assigned weights to the edges of the di-

rected graph. To assign the weight of each outgoing edge from a given compound

node, we first assumed that this reaction was in the host organism and computed

the probability of converting the precursor via this reaction over the competing na-

tive reactions. That is, by representing the competition for a metabolic precursor

with endogenous reactions by a statistical mechanical model, we computed the prob-

ability of each reaction with ∆rG
′◦ through the Boltzmann distribution. We next

took the logarithm of this probability and assigned it as the weight of this outgoing

edge. While this type of statistical mechanics modeling has been widely applied in

the context of gene regulation to capture the promoter states [82, 83, 84], it is, to

our knowledge, novel in the context of the biosynthesis system design. This weighting

scheme depends on a host organism and models the competition for metabolic precur-

sors with the endogenous reactions. Importantly, this competition-based weighting

scheme can capture the effects of competing endogenous reactions on heterologous

reactions, while a thermodynamic favorability-based weighting scheme cannot. This

can make their weight assignments widely different from each other (as illustrated in

Figure 2.3).
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C1

C3C2

-3.35 -0.86 -0.31

Figure 2.3: An illustration of differences between the thermodynamic favorability-
based weighting scheme and our competition-based weighting scheme. Nodes are
metabolites and edges are metabolic conversions via reactions. Red edges indicate
native reactions, while blue edges indicate foreign reactions. (a) The thermodynamic
favorability-based approach. The value within a green oval for each edge represents
the weight ∆rG

′◦/RT where R is the gas constant and T is the absolute temperature.
(b) The competition-based approach. For each edge, the value within a pink oval
represents its weight. With this scheme, edges with the same ∆rG

′◦ value can have
different weights in a host-dependent fashion. For example, the weight of C1 → C3
is ln [e1/(1 + e1 + e1)], while that of C1→ C4 is ln [e1/(1 + e1)].

2.2.7 Mathematical Description of the Host-dependent Re-

action Weighting Scheme

To derive a mathematical description of the weighting scheme, we consider a scenario

in which to generate weights for edges in the reactions transforming precursor C. Here,

let RN be a set of native reactions that can transform C in a given host organism.

For each reaction r that can transform C, we set e−∆rG′◦/RT as its Boltzmann factor.

Then, we define f(r), the normalized Boltzmann factor for r, as follows:

f(r) =
e−∆rG′◦/RT

1 + e−∆rG′◦/RT +
∑

r′∈RN\{r} e
−∆r′G

′◦/RT
, (2.1)

where R is the gas constant and T is the absolute temperature. That is, those reac-

tions that are not in the host organism do not affect the calculation of the Boltzmann

distribution. If r ∈ RN, then f(r) is simply based on the Boltzmann distribution of
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the native reaction system transforming compound C. On the other hand, if r 6∈ RN,

then f(r) is based on the Boltzmann distribution of the reaction system that contains

all native reactions transforming C and foreign reaction r. With this scheme, in our

graph, every edge that transforms C in reaction r has the weight log f(r). Overall,

our scoring function is based on the logarithm of normalized Boltzmann weights. The

term in the numerator represents one possible state that utilizes the C compound.

Here, one state represents one possible chemical transformation via a native or foreign

reaction; this is known as the Boltzmann factor, and is mainly based on ∆rG
′◦. The

term in the denominator represents the various possible states transforming the C

compound to different other compounds via native reactions that consume the same

compound (different chemical transformations). One possible state is known as the

current state where there is no transformation occurs because ∆rG
′◦ = 0 and e0 = 1.

The other possible states are the states that exist naturally by the native reactions

that utilize the same C compound. If the numerator represents a native reaction,

then we compare this native reaction against all the other native reactions. If the

numerator represents a foreign reaction, then we compare this foreign reaction against

all the possible native reactions. In this way, we do not rely solely on the ∆rG
′◦ of

such a reaction, but also on the relative possible other reactions that could transform

and compete on such a metabolite.

2.2.8 Effects of Different Organism Infrastructures

One of the parameters in the MRE tool is the host organism. There are approximately

4000 organisms to choose from. MRE generates the scores for reactions (edges) on-

the-fly. Each organism has it is own reaction scores. Native and foreign reactions

affect each other. Figure 2.4 illustrates a comparison between E. coli and yeast.

Based on the chosen host, MRE would suggest completely different routes for different

organisms. For example, consider searching for hydracrylic acid as the desired product
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starting from pyruvate with 5 as the maximum number of reactions (steps) in two

different organisms (E. coli and yeast). Figure 2.5a shows the first route returned

in E. coli whereas Figure 2.5b shows the first route returned in yeast. These two

pathways are different from each other; thus, their optimization must fit the host

organism infrastructure.

C4

C1

C3C2

Ecoli

a b

C4

C1

C3C2

Yeast

-0.31-0.13-0.44-0.31-0.41-0.17

Figure 2.4: An illustration of differences between edge weights in two different or-
ganisms. Nodes are metabolites and edges are metabolic conversions via reactions.
Red edges indicate native reactions, while blue edges indicate foreign reactions. The
weights are calculated based on ∆rG

′◦/RT = −3,−2,−1 from left edges to right
where R is the gas constant and T is the absolute temperature. (a) E. coli. The
value within a green oval for each edge represents its weight. With this scheme, when
∆rG

′◦/RT = −3 which is the last left edge, the weight is ln [e3/(1 + e3 + e1)] = −0.17
, the middle edge has ∆rG

′◦/RT = −2 and its weight is ln [e2/(1 + e2 + e1)] = −0.41 ,
and the right edge has ∆rG

′◦/RT = −1 and its weight is ln [e1/(1 + e3 + e1)] = −0.31.
(b) Yeast. For each edge, the value within a pink oval represents its weight. With
this scheme, when ∆rG

′◦/RT = −3 which is the last left edge, the weight is
ln [e3/(1 + e3 + e2 + e1)] = −0.44 , the middle edge has ∆rG

′◦/RT = −2 and its
weight is ln [e2/(1 + e2)] = −0.13 , and the right edge has ∆rG

′◦/RT = −1 and its
weight is ln [e1/(1 + e1)] = −0.31.

2.2.9 Biosynthesis Route Search

Biosynthesis pathways of interest are often those that transform a higher fraction of

a starting material to a target product. One heuristic to rank pathways based on this

productivity criterion is the net favorability of pathways. At a first glance, the net
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(a) The top-ranked pathway for the production of Hydracrylic
acid from pyruvate in E. coli.

(b) The top-ranked pathway for the production of Hydracrylic
acid from pyruvate in yeast.

Figure 2.5: Pathway-level graphs generated in MRE. In these graphs, oval nodes
represent compounds, while box nodes represent reactions. For compound nodes,
red nodes are the starting material, green nodes are the target products, and yellow
nodes are other compounds. For reaction nodes, purple nodes are native reactions,
cyan nodes are foreign reactions, and grey nodes are competing native reactions.
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thermodynamic favorability can be seen as a good measure to rank pathways based

on this criterion. However, this measure can only quantify the ratio of the target

concentration to the source concentration at equilibrium, which may not correspond

well with the true picture of the titer of the target product, especially when a given

pathway has strong competing reactions and the equilibrium concentration of the

starting material is substantially lowered.

As described in the previous section, our reaction weighting scheme is based on

the logarithm of normalized Boltzmann weights. Unlike thermodynamic favorability

measure, this estimates a fraction of a given precursor that is converted into next

intermediate metabolites. Thus, a pathway score based on the sum of all reaction

weights in a given pathway can characterize the lower bound of a fraction of starting

material that is converted into the product through this pathway, and this score can

capture the productivity of each pathway more appropriately.

Given the metabolic network graph with host-dependent weights, MRE exhaus-

tively searches for biosynthesis paths from the given starting material to the given

product and generates top-K metabolic routes, each of which has at most n reaction

steps. In this search, the compounds in the exclusion list are not considered as in-

termediate precursors of the product. To rank routes, MRE computes their scores

by summing all reaction weights in each route and keeps K routes with the highest

scores (as illustrated in Figure 2.6). MRE transforms the metabolic route search

problem into a classical computer science problem known as K-shortest loopless path

problem [85] and uses an efficient algorithm to solve it. The core part of the search

was implemented in C++.

2.2.10 Graph Search Algorithm for Top K Paths

A naive algorithm designed to find the top K paths exhaustively follows all possible

paths in any given graph. Smart and efficient algorithms find the same results as
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Figure 2.6: An illustrative example to show differences in ranking outcomes be-
tween the thermodynamic favorability-based approach and our new resource utiliza-
tion competition-based approach. (a) A simplified metabolic network. Nodes are
metabolites and edges are metabolic conversions. Red edges indicate native reac-
tions, while blue edges indicate foreign reactions. The value within a green oval for
each edge indicates ∆rG

′◦/RT where R is the gas constant and T is the absolute
temperature. Here, compound C1 is the starting metabolite, and compound C6 is
the target product. There are three routes for this biosynthesis. (b) Ranking of the
three biosynthesis routes with the thermodynamic favorability approach (the lower
the score, the better) and our competition-based approach (the higher the score, the
better). For example, the score of C1 → C4 → C6 is −1 + 2 = 1 with the former,
whereas it is ln [e1/(1 + e1)] + ln [e−2/(1 + e−2 + e−10)] = −2.44 with the latter.
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the naive approaches, but they are faster in time, thereby providing instant results

and, thus, can be used on the fly as web tools. We designed our approach to find

the optimal paths on the fly in our online MRE tool. We used an extended approach

of A* algorithm which has two functions. The first function calculates the path cost

from the source vertex s to the current vertex n. The second function is a heuristic

function h(n) which is in our case the optimal cost from the current vertex n to the

target vertex t. This heuristic function is calculated in the preprocessing part. In this

part, the algorithm initializes h(n) = −INF for all the vertices and starts from the

target vertex (t) by assigning h(t) = 0.0. Then, it calculates the optimal scores from

any vertex to the target vertex up to the maximum given depth (steps). It starts from

the target node and assigns scores to its parents and so on. The higher the scores

indicate a better choice. In each fixed depth, MRE takes each of the current node’s

parents and calculates their scores. In each parent node, the score is the weight of

current edge weight plus the score assigned to the current node. Then, the score of

a parent node is the maximum value of either the previously assigned value to that

node or the calculated score. Then, to find the optimal score of each vertex given

a maximum depth. We fix a vertex and check the scores for different depths up to

the maximum depth and assign the better score to that vertex, which is the highest

score. This is a quick summary of how to get the optimal cost from the target node

to any vertex. For more details, please refer to Appendix A.

After obtaining the optimal scores from any node to the target node, we use them

as our heuristic function h(n) where h(t) = 0.0 and other nodes have h(n) <= 0.0.

The closer the score is to zero, the better the choice. For example, h(n1) > h(n2)

where n1 and n2 are two different nodes (compounds) indicate that n1 is a better

choice than n2.

The search algorithm takes as inputs a starting node s, a target node t, a maximum

depth maxd, and a maximum number of paths to be returned K. If the maximum
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depth is less than 15, a modified depth-first search (M DFS) algorithm is chosen for

graph traversing. Otherwise, a modified breadth-first search (M BFS) is used. This

is done automatically on the online server, MRE. Based on our experience, we found

that a depth-first search performs better for shorter paths, whereas a breadth-first

search performs better for longer paths.

The modified depth-first search is implemented as a recursive function. A node (a

compound) is visited once per path, and a reaction (an edge) is also visited once per

path. When visiting a node, the depth-first search further explores first the current

nodes successors rather than adjacent vertices. In each recursive call, we check to

see if the current path is worth exploring further. This is done in a similar way to

the famous A* algorithm. The function is f(n) = g(n) + h(n) where g(n) is the

current accumulated path score from the source to the current node and h(n) is the

optimal score from the current node to the stop node. Then, f(n) is compared with

a threshold. The threshold is initialized at the beginning to be negative infinity (the

smallest number in C++). Then, this threshold is updated when reaching top K

paths. If g(n) + h(n) > threshold, then this path is worth exploring further. In this

way, we prune the graph and focus on the more promising ones.

On the other side, the modified breadth-first search is implemented iteratively. In

each level, the algorithm checks all the vertices in that level and then goes to the next

level (depth). In each level, we store the subpath information e.g. vertices, edges,

and scores from the source to the current level. We prevent loops for nodes per path.

We also prevent visiting the same reaction twice in a path. Promising route checking

is done in the same way as the depth-first search was conducted.
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2.3 Results and Case Studies

2.3.1 Computational Performance Analysis in the Runtime

Environment

To evaluate the computational performance of MRE, we measured its processing time

in the runtime environment. To this end, we randomly selected 1,000 reachable pairs

of source and target compounds. With the setting of the largest reaction step size

and the largest number of top-ranked pathways (i.e., n = 20 and K = 500), it took

less than 10 seconds for MRE to exhaustively explore routes and process queries on

average. In 95% of the samples, the processing time was less than 20 seconds, and

even in the worst case, it was just less than 30 seconds. With the default setting (i.e.,

n = 8 and K = 50), the processing time was at most 1.36 seconds. Thus, we expect

that the exhaustive pathway search employed in MRE will not compromise the user

experience based on its processing time.

As a case study, we applied MRE to search for pathways for various biosynthesis

specifications using either E. coli K-12 MG1655 or Saccharomyces cerevisiae as the

host organism. Table 2.2 summarizes the top-ranked heterologous pathways that

MRE discovered. This shows that, in biosynthesis of a range of high-value natural

products, MRE was able to identify pathways that are known to be productive.

We also analyzed the results by comparing them with those from four open-access

web servers that can design heterologous biosynthesis pathways, namely, FMM [33],

Metabolic tinker [28], PHT [34], and XTMS [29]. To explore biosynthesis pathways

with these tools, we used their default configurations.

2.3.2 Biosynthesis of Naringenin

Naringenin is a plant secondary metabolite, which is reported to have various health

benefits [94], including high antioxidant capacities [95] and significant antiviral ef-
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Table 2.2: Top-ranked pathways identified by MRE for various biosynthesis speci-
fications. For each biosynthesis specification, the source and target compounds are
specified in KEGG ID, and the host organism is in KEGG organism code. For each
pathway, the number of reaction steps and the necessary foreign enzymes (in EC
number) are specified. Comparison with FMM, Metabolic tinker (MT), PHT, and
XTMS is also shown.

biosynthesis specification results of top-ranked pathway identified by MRE comparison with existing tools

source target host steps necessary foreign remark found a patha match with

enzymes MREb

L-tyrosine naringenin E. coli 4 4.3.1.23, 6.2.1.12, recovered a known route FMM, XTMS FMM

(C00082) (C00509) (ECO) 2.3.1.74, 5.5.1.6 [86] as the top route

glycerol 1,3-PDO E. coli 2 4.2.1.30, 1.1.1.202 recovered a known route FMM, PHT FMM, PHT

(C00116) (C02457) (ECO) [87] as the top route

glycerol R-1,2-PDO yeast 5 4.2.3.3, 1.1.1.79 recovered a known route MT MT

(C00116) (C02912) (SCE) , 1.1.1.77 [88] as the top route

acetyl-CoA artemisinic acid yeast 10 2.5.1.92, 4.2.3.50, recovered a known route , none none

(C00024) (C20309) (SCE) 4.2.3.82, 4.2.3.24, [89] and predicted better ones

1.14.13.158

L-tyrosine resveratrol E. coli 3 4.3.1.23, 6.2.1.12, recovered a known route FMM FMM

(C00082) (C03582) (ECO) 2.3.1.95 [90] as the top route

D-xylose xylitol E. coli 2 1.1.1.21, 1.1.1.307 recovered two known routes FMM, PHT FMM, PHT

(C00181) (C00379) (ECO) [91] as the top routes

PRPP histidine E. coli 8 2.6.1.27 recovered native route FMM, MT none

(C00119) (C00135) (ECO) [92], and predicted better

and shorter routes

chorismate tryptophan yeast 5 none predicted the native route FMM, MT, FMM

(C00251) (C00078) (SCE) [93] as the best, PHT

and found shorter routes

For each tool, its default setting was used, except for the configuration of a pathway length, which
was set to accommodate known pathways.
aTools that have identified at least one path for a given biosynthesis specification.
bTools whose top-ranked pathway is the same as the top-ranked one from MRE.

fects on the hepatitis C virus [96]. Owing to inefficiencies in the production of narin-

genin from natural plant sources, metabolic engineering to have an efficient microbial

synthesis of this high-value natural product is thought to be a commercially viable

alternative [97, 86].

In this analysis, we selected L-tyrosine (KEGG compound ID: C00082), an aro-

matic non-essential amino acid, as the starting material since a state-of-the-art het-

erologous naringenin production from L-tyrosine in an E. coli strain is known (see

Figure 2.7a). This heterologous biosynthesis route consists of four foreign enzymatic



51

reactions. To analyze the performance of MRE in comparison with other tools, we

applied two open-access biosynthesis pathway web servers, Metabolic tinker [28] and

XTMS [29]. Since these two recently developed tools also rely on reaction ther-

modynamic data for their pathway ranking, we can also analyze the effects on our

competition-based ranking scheme.

L-Tyrosine 4-Coumarate Naringenin chalcone Naringeninp-Coumaroyl-CoAa

b

TAL

4.3.1.23

4CL

6.2.1.12

CHS

2.3.1.74

CHI

5.5.1.6

Figure 2.7: A heterologous biosynthesis pathway to produce naringenin from L-
tyrosine in an E. coli host. (a) The structure of an experimentally derived biosynthesis
pathway. The EC number for each reaction is indicated below the arrow. The KEGG
compound ID of each metabolite is framed in red. The abbreviations are: tyrosine
ammonia lyase (TAL); 4-coumarate:CoA ligase (4CL); chalcone synthase (CHS); and
chalcone isomerase (CHI). (b) The information of the top-ranked biosynthesis path-
way in MRE.

Given this biosynthesis requirement, Metabolic tinker and PHT were not able to

find any pathways, while XTMS generated a predicted pathway with hypothetical

reactions as its top-ranked candidate. In contrast, the top-ranked route from MRE

and FMM was identical to the state of the art. The pathway information given by

MRE indicates that the third reaction in the pathway, which transforms p-coumaroyl-

CoA into naringenin chalcone, is a bottleneck and competes for the availability of

cofactor malonyl-CoA with a more favorable native reaction involved in the fatty

acid biosynthesis in the E. coli host (Figure 2.7b). This suggests that an increase in

the concentration of malonyl-CoA or the inhibition of the fatty acid biosynthesis could
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enhance the productivity of this naringenin biosynthesis pathway. Indeed, previous

studies demonstrated that both an increase in the availability of malonyl-CoA in

the host and a decrease in the activities in the fatty acid pathway can increase the

naringenin titers [86, 98]. While FMM was also able to identify the heterologous

naringenin biosynthesis pathway that MRE found, the pathway information given by

FMM was not helpful to find an optimization target as FMM does not have a feature

to quantify the effects of competing reactions in the host.

2.3.3 Production of Value-added Chemicals from Glycerol

Glycerol is a readily available and relatively inexpensive chemical compound that can

be generated in large amounts as a byproduct of biodiesel and bioethanol production

processes [99, 100]. Because of its economic viability and long-term sustainability, fer-

mentative production of high-value materials from glycerol has gained much attention

recently [101]. By using glycerol as the starting material, we searched for pathways for

the production of two value-added chemicals, 1,3-propanediol (1,3-PDO), a commod-

ity chemical mainly used to make polyester fiber, and 1,2-propanediol (1,2-PDO),

another high-demand commodity chemical used to make a wide range of products

including antifreeze, thermoset plastics, and cosmetics.

We first applied MRE to search for pathways for the production of 1,3-PDO in

E. coli chassis. The top-ranked pathway that MRE identified is a known two-step

heterologous pathway [99], which requires the introduction of a glycerol dehydratase

gene and a 1,3-propanediol dehydrogenase gene in the host (Figure 2.8a). Since the

first glycerol dehydratase reaction competes for the utilization of glycerol against

several native reactions including glycerol kinase, MRE predicts that this can be a

target for productivity optimization. Metabolic tinker and XTMS were not able to

find any pathways for the 1,3-PDO production, whereas FMM and PHT found the

same pathway that MRE identified.
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(a) The top-ranked pathway for the produc-
tion of 1,3-PDO from glycerol in E. coli.

(b) The top-ranked pathway for the production of R-1,2-PDO from glycerol in yeast.

Figure 2.8: Pathway-level graphs generated in MRE. In these graphs, oval nodes
represent compounds, while box nodes represent reactions. For compound nodes,
red nodes are the starting material, green nodes are the target products, and yellow
nodes are other compounds. For reaction nodes, purple nodes are native reactions,
cyan nodes are foreign reactions, and grey nodes are competing native reactions.

We next applied MRE to search for pathways for the synthesis of R-1,2-PDO in

the yeast chassis. We found that the top-ranked pathway (Figure 2.8b) was a known

synthesis pathway for 1,2-PDO [88]. In this pathway, glycerol is first converted to

dihydroxyacetone phosphate (DHAP) via two native enzymatic reactions. Methylgly-

oxal synthase then transforms DHAP into methylglyoxal, which is, in turn, converted
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into (R)-lactaldehyde. Finally, lactaldehyde reductase is used to produce R-1,2-PDO

from (R)-lactaldehyde. FMM and PHT were not able to find any pathways that con-

vert glycerol into R-1,2-PDO, whereas Metabolic tinker identified the same pathway

that MRE found as the top-ranked one. Since XTMS focuses on the E. coli chassis,

we applied this tool to search for heterologous R-1,2-PDO production pathways in

E. coli ; however, no pathways were found.

2.3.4 Production of Artemisinic Acid

Artemisinic acid is an intermediate precursor for antimalaria drug artemisinin [89,

102], and its production is often celebrated as one of the early success stories of the

(a) A known pathway.
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(b) Top-ranked pathway for the production of artemisinic acid from acetyl-CoA in yeast.

Figure 2.9: Pathway-level graphs generated in MRE. In these graphs, oval nodes
represent compounds, while box nodes represent reactions. For compound nodes,
red nodes are the starting material, green nodes are the target products, and yellow
nodes are other compounds. For reaction nodes, purple nodes are native reactions,
cyan nodes are foreign reactions, and grey nodes are competing native reactions.

combination of metabolic engineering and synthetic biology [103]. This engineered

biosynthesis pathway utilizes the endogenous mevalonate pathway in budding yeast
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to transform acetyl-CoA into farnesyl pyrophosphate (FPP), which is then converted

into artemisinic acid with heterologous amorphadiene synthase and three-step oxida-

tion reactions [89, 102].

To see if MRE could recover this engineered pathway, we applied it to explore

pathways for the production of artemisinic acid from acetyl-CoA in yeast. We found

that one of the top-ranked pathways that MRE generated was this known heterologous

pathway (Figure 2.9a). Interestingly, the pathway that MRE identified as the top

candidate (Figure 2.9b) was slightly different from the previously engineered pathway.

The difference lies in how isopentenyl pyrophosphate (IPP) is converted into farnesyl

pyrophosphate (FPP). In the top-ranked path, IPP is first converted into (2Z,6Z)-

farnesyl diphosphate (Z,Z-FPP). This route is chosen because IPP is a precursor of a

thermodynamically highly favorable native reaction, and the conversion reaction from

IPP to Z,Z-FPP is much more favorable than that from IPP to FPP, enabling a higher

fraction of IPP to be utilized in the route. By using Z,Z-FPP as the precursor, this

route introduces three foreign carbon-oxygen lyases to form FPP. FMM, Metabolic

tinker, and PHT were not able to find any pathways. XTMS found a partial pathway

that converts FPP into artemisinic acid, albeit it is for the E. coli chassis.

2.4 Discussion

In this chapter, we introduced MRE, an open-access biosynthesis design tool, that

searches for promising metabolic routes for a given biosynthesis specification and

suggests exogenous enzymes for heterologous biosynthesis pathways based on the in-

frastructure of an endogenous metabolic system. A main limitation of MRE is its

reliance on the data sources (mainly KEGG) to mine verified metabolic reactions

and to search for biosynthesis routes based on them. Indeed, while painstaking effort

has resulted in a large collection of annotated metabolic reaction data, among the

9,910 reactions in the KEGG REACTION database (Release 76.0), we found 1,272
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with no EC numbers, 1,079 with partial EC numbers, and 2,170 with no annotations

for associated genes. While this deficiency can prevent MRE from finding promis-

ing biosynthesis pathways, we expect the number of verified reactions in KEGG to

increase over time and this issue to be alleviated eventually. At the same time, we

are considering an option to also integrate other metabolic reaction databases such

as Rhea [75] in a future release.

Several existing tools took an approach to expand a list of metabolic parts in hand

by defining specific transformation rules [26, 27, 29], albeit such rules can be subjec-

tive [104]. To design biosynthesis systems, this approach relies on the prediction of

metabolic parts with specific metabolic activities, which may or may not exist. Thus,

the design of biosynthesis systems via this top-down approach may require the de

novo design of unnatural proteins to achieve specific metabolic activities. MRE was,

on the other hand, developed to suggest actual enzymes for heterologous pathways.

Thus, it takes a complementary, bottom-up approach in which a biosynthesis sys-

tem is designed by using well-characterized metabolic parts. To this end, we made a

conscious decision to use only verified reactions.

Here, by using the biosynthesis of a range of high-value natural products as a case

study, we have shown that MRE can suggest promising heterologous biosynthesis

pathways and provide useful information to pinpoint bottlenecks of pathways. In

summary, with the host-dependent competition-based pathway ranking scheme along

with the suggestion of foreign enzymes with competing endogenous reactions, MRE

is expected to offer novel insights into the design and optimization of heterologous

biosynthesis systems.
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Chapter 3

Systematic Selection of Chemical Fingerprint Features

Improves the Gibbs Energy Prediction of Biochemical

Reactions

3.1 Introduction

Thermodynamic data provide useful information to constrain the functional reper-

toire of metabolic networks from their structures [55, 35, 105, 106]. With advances

in the characterization of the metabolome, thus, increasingly important becomes the

role of thermodynamics in functional analysis of the endogenous metabolism of or-

ganisms [40, 107, 41, 108] and metabolic engineering for natural product biosynthesis

[109, 12, 110, 29, 58]. Unfortunately, however, experimental thermodynamic data

for metabolic reactions have thus far been limited to only a small fraction of known

biochemical reactions [59, 77], making in silico prediction of biochemical thermody-

namic parameters not only necessary but also essential to a deeper understanding of

the workings of metabolic systems.

The Gibbs free energy prediction problem can be treated as a regression problem

with linear constraints imposed by the first law of thermodynamics, and a num-

ber of computational methods have been proposed to tackle this thermodynamics

constrained regression task (e.g., [64, 70, 111, 39, 112]). Most commonly applied

ones are variants of the group contribution method [64, 70, 71, 39]. The group con-

tribution method is a linear regression method which uses predefined 2D substruc-

tures as features and estimates the Gibbs free energy of formation of a compound
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by the sum of the weight of substructure fragments into which this compound can

be decomposed. Because these substructure fragments can be combined to compose

molecules that are not seen in the training set, the group contribution method has

a potential to cover a wide range of biochemical reactions. The main challenge of

the group contribution method is to identify useful 2D substructure fragments that

can be used as its features. The manual selection of such substructure fragments

is a complex, tedious, and time-consuming task requiring expert knowledge on the

structure-activity-relationship (SAR) of metabolites. This is because the selection of

substructure features needs to satisfy two objectives: (i) to compose all compounds

in the training by the substructure fragments and (ii) to have useful substructure

fragments for the biochemical thermodynamic prediction. Furthermore, since the

selection of these features depends strongly on the compounds present in the train-

ing set, its decision also needs to take into account the characterization of the 2D

structure of unseen compounds so as to avoid severely limited prediction coverage.

In this chapter, we introduce a new linear regression-based method, called the

fingerprint contribution (FC) method, that we developed for the prediction of Gibbs

free energy of biochemical reactions. The FC method is a two-step method which

represents chemical compounds by features based on 2D fingerprints and molecular

descriptors. In the first step, from a large pool of 2D fingerprint-based features, it

systematically selects a smaller set of relevant ones that is expected to exhibit low gen-

eralization error, and in the second step, it uses the selected features in a regularized

regression method to construct the final linear model. This new method overcomes

usability limitations found in the group contribution method. While substructure

fragment-based features used in the group contribution method can only represent

chemical compounds that can be composed by some substructure fragments in the

feature set, 2D fingerprint-based features used in our new method can represent any

chemical compounds with concrete 2D structures. Thus, the FC model can cover a
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much wider range of chemical reactions than the group contribution variants. In-

deed, the FC model is able to predict Gibbs free energy of virtually any biochemical

reactions in which structurally characterized compounds participate. Furthermore,

unlike the group contribution method, in which substructure fragment-based features

are manually selected in a tedious process to ensure that they cover the composition

of all chemical compounds in the training set, the FC method uses 2D fingerprinting

methods to generate potential features and systematically select relevant ones in a

much more convenient and efficient way. This feature selection approach prevents the

over-fitting problem caused by the curse of dimensionality.

Here, by comparing the FC method with state-of-the-art linear regression-based

methods, we show the value of our new method for the Gibbs free energy prediction.

Our results demonstrated that the FC method outperformed the other method in

terms of the prediction accuracy and the prediction coverage. These suggest that a

number of 2D fingerprints provide useful information about the biochemical thermo-

dynamics and that our systematic feature selection procedure can identify relevant

fingerprints to improve the prediction of the Gibbs free energy of biochemical reac-

tions.

3.2 Materials and Methods

3.2.1 Component Contribution Dataset

To learn an FC model, we used a dataset that contains experimental measurements of

standard reaction Gibbs energies for 697 unique reactions. This dataset was derived

from the thermodynamic dataset curated by Noor et al. [39]. Since it has 673 chemical

compounds, the dataset contains more reactions than the compounds. However,

since a number of reactions in this dataset are linearly dependent, the rank of the

stoichiometric matrix is 523, making the identification of the unique solution for the

standard Gibbs energy of formation of the compounds via the ordinary least square
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regression impossible.

The dataset we used contains experimental measurements of standard reaction

Gibbs energies, ∆rG
0 , for 697 unique reactions. To derive this dataset, we followed

Noor et al. [39] and utilized their datasets (https://github.com/eladnoor/component-

contribution) which consist of 4544 reactions from National Institute of Standards and

Technology-Thermodynamics of Enzyme-Catalyzed Reactions (NIST-TECR) database

(NIST-TECR) [59], 13 redox reactions, and formation reactions of 224 compounds

[63, 69]. The composition of the formation reactions of compounds was set based on

the natural state of 13 elements: H, C, N, O, F, P, S, Mg, Cl, Mn, Fe, Br, and I.

The thermodynamic data were first mapped to the corresponding standard trans-

formed Gibbs energies based on their specific biological conditions. For example,

apparent equilibrium constant, K ′ , was mapped to the corresponding standard trans-

formed Gibbs energy of reaction, ∆rG
′0 , using the relation

K ′ = −RT ln
(

∆rG
′0
)
. (3.1)

To convert ∆rG
′0 into the corresponding ∆rG

0, we applied a script based on the

Legendre transformation implemented by Noor et al. [71]. In this step, thermody-

namics of pseudoisomers was taken into consideration, and each group of isomers was

replaced by a representative “chemical compound.”

Many reactions from TECRDB had duplicates. For each duplicate reaction, we

computed the median of ∆rG
0 and used it as the observed value. With this, we

generated a dataset of ∆rG
0 for 697 unique reactions. In these 697 reactions, there

were 673 unique chemical compounds that participate. We manually inspected these

673 compounds to see whether or not each of them has a concrete 2D structure by

first identifying the IUPAC international chemical identifier (INCHI) format of its

structure. Those with either InChI or Simplified Molecular-Input Line-Entry System
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(SMILES) representations are further examined to see if their structures are concrete

or if they are generic. With these inspections, 632 were determined to have concrete

2D structures, while the other 41 compounds were found not to possess concrete

structures.

3.2.2 KEGG REACTION Dataset

The version of the KEGG REACTION dataset that we used consists of 10668 bio-

chemical reactions. Of these KEGG reactions, 438 were either polymerization reac-

tions or reactions that contain Glycans, and we excluded them for our analysis. In

the remaining 10230 reactions, generic reactions with variable stoichiometric coeffi-

cients were changed to corresponding concrete reactions by replacing variable “n”

by 2. Then, we inspected these reactions for the participation of compounds with

unknown or generic 2D structures and for chemical imbalance. We found that there

were 2047 biochemical reactions which used compounds with unknown or generic 2D

structures. Among these 2047 reactions, however, 95 were found to be represented

by the use of the 41 compound-specific features from the Noor et al.-based dataset.

Thus, we excluded 1952 reactions in the KEGG for the participation of compounds

with unknown or generic 2D structures.

Next, we inspected the remaining KEGG reactions for chemical imbalance. Be-

fore doing this, however, we attempted to balance electronic charges in biochemical

reactions as many as possible. To this end, we followed the approach taken by Equi-

librator [77]. For example, to correct the charge imbalance of a half-reaction, NAD

and NADH were added to that reaction. With this, we found that 349 reactions were

not chemically balanced.

Through the use of these inspections, thus, we concluded that 2301 out of the

10230 reactions were deemed to be invalid for our purpose. As a result, we used

7929 biochemical reactions from the KEGG REACTION dataset for the performance
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analysis.

3.2.3 Mapping of Compounds to Their 2D Fingerprints and

Molecular Descriptors

Figure 3.1: FC representation of a molecule.

To represent each compound in this Noor et al.-based dataset, we generated 2D

fingerprint-based numerical features by gathering 881 binary features from the Pub-

chem fingerprint (Pubchem) scheme, 307 binary features from Open Babel fingerprint

4 (FP4) , 166 binary features from MACCS keys (MACCS) and 190 molecular de-

scriptors (MD) implemented in RDKit. In addition to these features, since the 2D

structure of 41 chemical compounds in the dataset was not concretely specified—

mainly due to the presence of the R group in their structures—we created additional

features to accommodate these unknown-structure compounds. In total, thus, we

represented each compound in the dataset by using 1585 numerical features. In

this study, we used the PubChem fingerprint scheme, the Open Babel FP4 scheme,
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MACCS keys, and RDKit molecular descriptors to represent compounds with known

2D structures (Figure 3.1). This mapping was implemented in Python. To map a

given compound to Pubchem fingerprints, we first checked if this compound had a

Pubchem ID. If it does, then we used the pubchempy package to generate the Pub-

Chem fingerprints. If not, then we obtained the SMILES representation of its 2D

structure and used it in the PubChem fingerprint API in Chemistry Development

Kit software (CDK) (https://cdk.github.io/) for this task. To generate the Open

Babel FP4 representation, we used the pybel package. For MACCS keys and RDKit

molecular descriptors, we used the corresponding APIs in RDKit software (RDKit)

(see http://www.rdkit.org/docs/).

3.2.4 Energy Conservation Constraint

The reaction Gibbs energy prediction problem can be treated as a regression problem

with a linear constraint imposing the principle of energy conservation. The energy

conservation constraint can be seen via the expression of the standard reaction Gibbs

free energy of a chemically balanced reaction based on the standard Gibbs free en-

ergy of formation of the participating compounds. Let C = {c1, · · · , cn} be a set of n

chemical compounds and ∆fG
0 = (∆fG

0
1, · · · ,∆fG

0
n)T be an n-dimensional vector

whose i-th element, ∆fG
0
i , represents the standard Gibbs free energy of formation of

compound ci. Then, the first law of thermodynamics implies that the standard reac-

tion Gibbs free energy of chemical reaction Rj, ∆rG
0
j , be expressed by the following

expression:

∆rG
0
j = (∆fG

0)Tνj , (3.2)

where νj = (νj1, · · · , νjn)T is an n-dimensional vector whose i-th element, νji, repre-

sents the stoichiometric coefficient of compound ci in reaction Rj. This shows that

the standard reaction Gibbs free energy is a linear transformation of the stoichiomet-

ric vector, and the energy conservation constraint can be described by the additive
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property of linear transformation. To illustrate this point, suppose there is a set of

the following three reactions: R1 : c1 
 c2, R2 : c2 
 c3, R3 : c3 
 c1. Then, since

these three reactions create a futile cycle, the energy conservation constraint implies

that ∆rG
0
1 + ∆rG

0
2 + ∆rG

0
3 = 0. Because the violation of the first law of thermody-

namics most likely leads to physically irrelevant solutions, similar to state-of-the-art

methods such as those based on the group contribution method [64]; [70];[71, 39], we

treat the energy conservation constraint as a hard constraint in the reaction Gibbs

energy prediction problem.

3.2.5 Fingerprint Contribution Model

Fingerprint-contribution (FC) model is a linear model with chemical fingerprint and

molecular descriptor-based features for the prediction of the standard Gibbs free

energy of biochemical reactions. By representing the chemical transformation of each

reaction Rj by a numerical vector of 2D fingerprint-based features, xj ∈ Rp, the FC

model forms the following linear function:

f(xj) = wTDxj, (3.3)

where w ∈ Rp is a vector of the feature weights and D is a p-by-p diagonal ma-

trix to normalize the input feature vector. This linear model can be derived from

Equation 3.2 by assuming that each ∆fG
0
i be represented by the weighted sum of

chemical fingerprint-based features. That is, with a function h : C 7→ Rp which maps

compound ci ∈ C to a p-dimensional numerical vector of chemical fingerprint-based

features, we express ∆fG
0 by FDw where F = (h(c1), · · · , h(cn))T is an n-by-p

compound-feature matrix. From this, the standard Gibbs free energy of reaction Rj

can be characterized in terms of the chemical fingerprint-based features as

∆rG
0
j = (FDw)Tνj = wTDxj, (3.4)
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where xj = FTνj . This shows that the p-dimensional feature vector in the FC model is

a linear transformation of the n-dimensional stoichiometric vector via the compound-

feature matrix. Thus, the FC model satisfies the energy conservation constraint.

3.2.6 Overview of the FC Method

Figure 3.2 depicts the workflow of our procedure to construct an FC model. We as-

sume to be given a training set {(R1, y1), · · · , (Rm, ym)} where each yj is the observed

standard reaction Gibbs free energy of reaction Rj. Given this training set, we first

select a subset of relevant fingerprint-based features, and then we apply a regularized

linear regression using only the selected features based on the following equation

y = DXw + ε (3.5)

where y = (y1, · · · , ym)T is an m-dimensional vector for the observed standard re-

action Gibbs free energies, X = SF is the m-by-p design matrix derived from the

product of the m-by-n stoichiometric matrix, S = (ν1, · · · ,νm)T , and an n-by-p

compound-feature matrix, F, and ε is an m-dimensional vector of uncorrelated ran-

dom variables with zero mean and finite variance. In this regression, since X is known

and D is derived from X, our objective is to learn the weight w.

Let h0 : C 7→ Rp0 be a function which maps each compound to a p0-dimensional

vector that contains the original set of chemical fingerprint-based features. With

feature selection, we wish to filter out many features and select a smaller subset of

relevant ones from the original features (i.e., p� p0). By using h0, we can represent

each compound by the initial chemical fingerprint-based features and generate the an

n-by-p0 compound-feature matrix F0, which, in turn, allows us to construct the m-

by-p0 initial design matrix X0 = SF0 where S = (ν1, · · · ,νm)T is the stoichiometric

matrix.



67

Figure 3.2: Overall workflow of FC.

We first remove each feature that gives a zero-column in X0. To further filter

the features, we analyze the multicollinearity of the remaining features and remove

those features that can be safely represented by some other features. By defining

highly correlated features to be those whose columns have pairwise correlation values

greater than threshold ρ, we remove features so that none of the pairs in the remaining
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features has a correlation value larger than ρ. Note that, in this unsupervised filtering

step, we only screen for strong positive correlations, and we do not consider those

features that have strong negative correlations for filtering.

Next, we construct a linear regression model based on the remaining features

using lasso, which is a regularized least square regression that penalizes the sum of

the absolute value of the feature weights [113]. By regularizing the feature weights

by the `-1 penalty, lasso tends to obtain a sparse solution (i.e., solution with many

zero weights), allowing us to identify irrelevant features. However, because of this

`-1 penalty, lasso cannot guarantee a unique optimal solution, and the presence of

collinearity in the features in such cases can lead to inconsistent feature selection

[114, 115, 116]. Thus, to alleviate the chance of inconsistent feature selection, we

deliberately apply the aforementioned collinearity-based filtering as a preprocessing

of this lasso-based feature selection. In this lasso-based filtering, we first optimize

λlasso, the tuning parameter that controls the amount of regularization. To this end,

we perform grid search with leave-one-out cross validation (LOOCV) based on the

mean absolute error (MAE) criterion on the training set. After identifying the optimal

value of λlasso, we focus on the LOOCV results of the regression model trained with

this hyperparameter choice and measure the weight of the features for each left-out

sample. By choosing threshold value θ which represents the cutoff for the number of

zero weights, we filter out features whose weights are assigned zero values at least θ

times in the LOOCV samples. Note that, while this grid search is able to fine-tune

hyperparameters, it cannot guarantee to find the globally optimal hyperparameter

combination.

Through this feature selection step, we obtain a function h that maps each com-

pound to a p-dimensional vector of 2D fingerprint-based features. Given the training

set and this feature representation of each compound, we seek to learn the value of w

to estimate y by DXw where X is the m-by-p design matrix which is expressed by
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X = SF where F the compound-feature matrix and D is the p-by-p diagonal matrix

that is used to normalize each column vector of X by its infinity norm.

Since the size of available thermodynamic quantities is typically small, we often

have p � m. In addition, many biochemical reactions can often be represented

by linear combinations of other reactions (i.e., many rows of S are often linearly

dependent). Even when we have p < m with the filtering of features, the rank of X

often ends up being smaller than p. In such cases, thus, the ordinary least-square

regression becomes ill-posed and results in an infinite number of optimum solutions for

w. To construct an FC model under such circumstances, thus, we use ridge regression,

which is a regularized least-square regression that, by penalizing the amount of the

squared weights, obtains a unique global optimum solution as follows:

ŵ = (ZTZ + λridgeI)−1ZTy, (3.6)

where λridge > 0 is a tunable parameter that controls the amount of shrinkage and Z =

DX is the normalized design matrix. By reducing a squared Euclidean norm of the

weights, ridge regression can reduce variance, which helps reduce the generalization

error (i.e., alleviate the overfitting problem). Because of the inclusion of the penalty

term in the objective function, however, one consequence of this is that the resulting

linear model introduces a bias. Thus, to find a regularization parameter value for a

good compromise which is expected to achieve a low bias with an acceptable variance,

we use a cross validation.

3.2.7 Feature Selection

By performing our systematic feature selection procedure on the initial 1585 features,

we were able to remove a substantial number of features and retained a small fraction

of relevant ones. We first removed 687 features with zero-columns in the initial design
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matrix. Among these unused features, 639 were not used at all to represent the

compounds in the training set. The other 48 features correspond to non-zero column

vectors that are in the null space of the stoichiometric matrix. These 48 features

were, thus, determined to be cancelled out because they were conserved between

the reactants and the products of each reaction. Next, by defining the correlation

of 0.99 as the threshold value for a high degree of collinearity (i.e., ρ = 0.99), the

collinearity-based filtering removed 222 features, making the number of remaining

features 676.

With these remaining features, we applied the lasso-based feature selection. Grid

search to minimize the validation error found λlasso = 0.1 to be the optimal value of

the regularization parameter. By examining the distribution of the sign of the feature

weights from the LOOCV samples, we observed highly consistent patterns (Figure

3.3). Among the 676 features, 266 consistently had zero weight for all 697 left-out

samples, while 414 and 423 had zero weight for ≥ 90% and ≥ 50% of the samples,

indicating that irrelevant features were highly consistent in our LOOCV results.

Of the 410 non-zero-weight features, there were 121 features that contributed to

the spontaneity of reactions in at least one LOOCV sample. Out of these 121 features,

115 had negative weights in more than 90% of the samples, of which 38 consistently

had negative weights in all samples. For example, among those features which had

negative weights for all 697 samples, the topological polar surface area feature (Open

Babel FP4 90) had the average weight of -233.15, while a feature to test a specific atom

neighbor pattern based on hydrogen, carbon, and oxygen atoms (Pubchem fingerprint

339) had the average weight of -6.60. Because a reaction with negative Gibbs free

energy favors the forward direction, fingerprint features with negative weights in a

given compound contribute to attracting the flow of the reaction to produce that

compound.

We also found highly consistent patterns in the features with positive weights.
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Figure 3.3: Heatmaps showing the classification of the weight of selected chemical fin-
gerprint and molecular descriptor features based on the leave-one-out cross-validation
analysis of the lasso model.

Among the 135 features that had positive weights in at least one sample, 122 had

positive weights in more than 90% of the samples, of which 47 consistently had

positive weights in all LOOCV samples. For example, the Pubchem feature which

checks the presence of simple substructure pattern based on nitrogen and carbon

atoms (Pubchem 516) had positive weight consistently with the average weight of

10.92.

For each feature, we counted the number of samples that have zero value. We

selected the features that contain zeros less than a defined threshold. This threshold

is defined as θ which is zero-count threshold. We searched for adequate values of

the zero-count threshold θ and the ridge regularization parameter λridge through the

minimization of the MAE. We were able to remove a big number of features in order

to interpret the model as well as improve the model accuracy.
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3.2.8 Comparison between Feature Vectors of FC and GC

Figure 3.4 depicts a fingerprint contribution (FC) vector as different from a group

contribution (GC) vector. In fact, they differ in their approach to several concepts.

First, GC decomposes the groups into exclusive atoms, where FC has several overlap-

ping features or partially overlapping features. Second, the list of groups defined by

GC has been defined based on this project, which could be designed to be decomposed

in such a way as to only fit the NIST-TECR database. Even though, this is still a

valid assumption, FC uses standard features defined by well-established projects and

used extensively for different purposes. Third, the number of features defined in a

GC is 163 groups (features) where FC has 1,585 features (including substructures).

Fourth, a group contribution does not consider global measures for the molecule such

as molecular weight. GC solves the regression problem as a typical least square prob-

lem where FC formulates the problem into an optimization problem and solves it

using regularization methods.

Figure 3.4: Fingerprint contribution (FC) and group contribution (GC) representa-
tions of a molecule.



73

3.2.9 Significance Test of the Range-based Partition for Ac-

curacy

With a null hypothesis that the observed difference in the prediction error between

these linear dependency-based subgroups can be obtained by chance, we performed

random permutation test, in which we randomly partitioned the Noor et al.-based

dataset 1 million times into two subgroups based on the size of the in-range-reactions

and the out-of-range reactions. Let nOR and εOR be the size and the MAE of the

out-of-range reactions, respectively. Then, we performed random permutation test, in

which we randomly sampled reactions of size nOR from the Noor et al.-based dataset

1 million times and measured the MAE for each sample as the test statistic. With

this, we computed the p-value as the probability that the test statistic is higher than

or equal to εOR in this sampling distribution. Clearly, this p-value is also the same

as the probability that the MAE of the unchosen reactions is lower than or equal to

the MAE of the in-range reactions.

3.2.10 Prediction Error Estimation for the KEGG REAC-

TION Dataset

The weighted average approach we used for the estimation of prediction error for the

KEGG reactions is as follows:

ε̂KEGG(m) = αKEGG(m)εOR(m) + (1− αKEGG(m))εIR(m), (3.7)

where ε̂KEGG(m) is a predicted MAE for model m on the KEGG dataset, αKEGG(m)

is the fraction of the out-of-range reactions in the KEGG dataset with respect to the

design matrix for the construction of model m, εOR(m) is the MAE of the out-of-range

reactions from m in the LOOCV, and εIR(m) is the MAE of the in-range reactions

from m in the LOOCV. To evaluate the prediction accuracy of the FC model, the



74

GC model, and the RC model with this measure, thus, the linear dependency of each

reaction in the KEGG dataset was analyzed by examining whether its feature vector

is a linear combination of the row vectors of the design matrix. In the case of the CC

model, since it is a hybrid model of the RC model and the GC model, a reaction in the

KEGG dataset was determined to be an in-range reaction if it is an in-range reaction

in either the RC model or the GC model and an out-of-range reaction otherwise.

3.3 Results

3.3.1 Performance Comparison via Cross Validation

To evaluate the value of the FC method, we compared its prediction performance

with that of state-of-the-art methods on the same dataset and performed the same

LOOCV. In this comparison, we used a least-square regression method based on Hess’s

law that constructs a linear model with representatives of pseudoisomers as its features

[71] which we refer to as the reactant contribution (RC) method. We also used two

versions of the group contribution-based methods: one is a version developed by Noor

et al [71] which, similar to the reactant contribution method, has the pseudoisomer-

based preprocessing for the compounds, which we call the group contribution (GC)

method, and the other is a more recent addition of a GC variant, called the component

contribution (CC) method, which is a hybrid of the RC method and the GC method

[39]. Based on the observation that the prediction accuracy of the RC method is higher

than the group contribution method for certain biochemical reactions, the main idea

of the component contribution method is to use the RC method when it is expected

to perform well and use the GC method for the other cases [39]. These methods are

all publicly accessible at https://github.com/eladnoor/component-contribution.

From the LOOCV results, we compared predicted values of ∆rG
0 to the corre-

sponding observed ones and examined the distribution of their absolute error (Figure

3.5 and Table 3.1). We found that the FC model achieved the strongest positive
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correlation (r = 0.99) and the smallest MAE (µ = 16.02 kJ/mol) among the four

models (Figure 3.5 A). The CC and GC models performed similarly in terms of the

quality of the linear correlation with the observed data, both resulting in correlation

coefficient of r = 0.95 (Figure 3.5 B and C). However, their data showed that, while

many of the estimates appeared to be in close agreement with the corresponding

observed ones, there was a small subset of the estimates that had noticeably large

deviations from the observed values. While these deviations had small effects on the

correlation, they might have contributed substantially to their inferior performance

in terms of the MAE (µ = 32.29 kJ/mol for the CC model and µ = 33.17 kJ/mol

for the GC model). This issue was further pronounced in the RC model, resulting in

much lower correlation (r = 0.66) and substantially higher prediction error (µ = 217.9

kJ/mol). These LOOCV results, thus, indicate that the predictive performance of

the FC method is superior to the other methods, mainly because its prediction error

was less sensitive to changes in the training set compared with the other three.

Table 3.1: The effects of FC model on the prediction performance. Various prediction
performance measures from the leave-one-out cross validation (LOOCV) in kJ/mol
are computed and are compared between an FC model with other methods.

model MAEa Pearsonb Spearmanc RMSEd

RC 217.8585 0.6620 0.5506 479.1014
GC 33.1702 0.9548 0.8892 137.3690
CC 32.2933 0.9547 0.8955 137.4930
FC 16.0230 0.9940 0.9452 49.4557

aThe mean absolute error from LOOCV.

bThe Pearson correlation coefficient.

cThe Spearman rank correlation coefficient.

dThe root mean square error.
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Figure 3.5: Comparison of the results from the leave-one-out cross validation
(LOOCV). The left pane shows scatter plots in which the observed values for the
standard Gibbs energy (x-axis) and the predicted values (y-axis) are compared. The
Pearson correlation coefficient (r) between the observed data and the predicted data
is shown for each model. The right pane displays the distribution of the absolute
error computed for each pair of observed and predicted values. The x-axis uses a
base-10 log scale. The mean prediction error (µ) is shown for each model. (A)
fingerprint-contribution (FC) model, (B) component-contribution (CC) model, (C)
group-contribution (GC) model, and (D) reaction-contribution (RC) model. The
unit of ∆G0 is kJ/mol.
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3.3.2 The Effects of Tuning the Parameter (λ) on Lasso Model

This section is dedicated to the lasso model results using all the fingerprint features

for different λ values. The optimal result in terms of mean absolute error (MAE) is

when λ = 0.1, which is supported by Spearman’s rank correlation. However, looking

at the root mean square error (RMSE), the optimal result is when λ = 5, which is

supported by Pearson’s correlation coefficient. RMSE is sensitive to outliers, so we

focus on the MAE. Pearson correlation coefficient has a very high value which tends

to be around 0.99 for most of the λ values (Table 3.2).

Table 3.2: LOOCV performance of FC models with the original non-zero features
generated from different λlasso. The bold values indicate optimal.

λlasso RMSEb Spearmanc Pearsond MAEe

0.001 127.7498 0.8004 0.9621 54.2593
0.01 78.8963 0.8568 0.9849 32.4732
0.1 72.0019 0.9243 0.9873 20.1860
0.2 75.1980 0.9224 0.9861 20.6174
0.3 78.3925 0.9187 0.9850 21.7180
0.4 77.7542 0.9223 0.9852 22.1521
0.5 78.9579 0.9164 0.9847 22.4819
0.6 78.5801 0.9144 0.9848 22.4542
0.7 78.4313 0.9164 0.9849 22.8655
0.8 78.1141 0.9128 0.9850 23.1395
0.9 77.0527 0.9128 0.9854 23.0646

1 76.5910 0.9102 0.9856 23.3424
2 75.2495 0.8933 0.9861 25.5330
5 57.4992 0.8469 0.9919 29.0348

10 61.9325 0.8150 0.9909 34.3248
100 150.5147 0.7275 0.9738 71.9806

aRoot-mean-square error.

bSpearman’s rank correlation.

cPearson’s correlation coefficient.

dMean absolute error.

By splitting the data into linear and non-linear to see the effects of linearity for

different λ values, we observed three measures of support that λ = 0.1 is the optimal.
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For the RMSE measure, the optimal result is when λ = 0.2. However, comparing this

result with the result obtained when λ = 0.1, we see the difference is very small (Table

3.3). On the other hand, by looking to the out-of-range results, we observe that two

measures support that λ = 5 is the optimal. For Pearson’s correlation coefficient

(PCC), the optimal result is when λ = 10, but the difference is small compared with

the λ = 5 results. However, the optimal result for Spearman’s rank correlation is

when λ = 0.9 (Table 3.4).

Table 3.3: LOOCV performance on in-range reactions of FC models with the original
non-zero features generated from different λlasso. The bold values indicate optimal.

λlasso Counta RMSEb Spearmanc Pearsond MAEe

0.001 494 31.7808 0.9362 0.9980 13.7517
0.01 494 25.8828 0.9519 0.9987 10.5538
0.1 494 23.1153 0.9700 0.9990 7.8984
0.2 494 23.0496 0.9680 0.9990 8.6401
0.3 494 23.1871 0.9642 0.9990 9.3493
0.4 494 23.3778 0.9619 0.9989 9.8657
0.5 494 23.6814 0.9584 0.9989 10.4118
0.6 494 24.0433 0.9551 0.9989 10.9409
0.7 494 24.4274 0.9527 0.9988 11.4518
0.8 494 24.8289 0.9489 0.9988 11.9882
0.9 494 25.1774 0.9461 0.9988 12.4094

1 494 25.5247 0.9440 0.9987 12.8149
2 494 28.7462 0.9267 0.9984 16.1124
5 494 35.6228 0.8841 0.9976 21.8978

10 494 44.8610 0.8529 0.9964 28.5369
100 494 152.5728 0.7667 0.9879 73.3601

aIn-range reactions count.

bRoot-mean-square error.

cSpearman’s rank correlation.

dPearson’s correlation coefficient.

eMean absolute error.
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Table 3.4: LOOCV performance on out-of-range reactions of FC models with the
original non-zero features generated from different λlasso values. The bold values
indicate optimal.

λlasso Counta RMSEb Spearmanc Pearsond MAEe

0.001 203 231.4666 0.5367 0.6659 152.8343
0.01 203 140.5062 0.6589 0.7953 85.8138
0.1 203 128.4521 0.8096 0.8137 50.0877
0.2 203 134.6205 0.8099 0.7893 49.7643
0.3 203 140.6833 0.8061 0.7775 51.8170
0.4 203 139.3843 0.8234 0.7798 52.0508
0.5 203 141.5659 0.8118 0.7739 51.8544
0.6 203 140.6929 0.8116 0.7721 50.4717
0.7 203 140.2463 0.8249 0.7779 50.6407
0.8 203 139.4646 0.8218 0.7804 50.2762
0.9 203 137.2679 0.8284 0.7834 48.9940

1 203 136.2207 0.8230 0.7860 48.9609
2 203 132.0274 0.8092 0.8003 48.4579
5 203 90.9044 0.7543 0.8979 46.4025

10 203 90.9516 0.7147 0.8993 48.4096
100 203 145.3845 0.6281 0.7173 68.6236

aOut-of-range reactions count.

bRoot-mean-square error.

cSpearman’s rank correlation.

dPearson’s correlation coefficient.

eMean absolute error.
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3.3.3 The Effects of Tuning the Parameter (λ) on Ridge Model

This section is dedicated to the Ridge model results using all the fingerprint schemes

for different λ values. The optimal result in terms of the mean absolute error (MAE)

is when λ = 0.2 which is supported by Pearson’s correlation coefficient and RMSE.

However, the optimal result for Spearman’s rank correlation is when λ = 0.3. The

difference in the results between λ = 0.2 and λ = 0.3 is small in this measure (Table

3.5).

Table 3.5: LOOCV performance of FC models with the original non-zero features
generated from different λridge values. The bold values indicate optimal.

λridge RMSEa Spearmanb Pearsonc MAEd

1e-05 284.6930 0.6810 0.8461 116.4890
0.0001 175.8954 0.7341 0.9314 76.6582
0.001 117.2637 0.8103 0.9675 51.0992
0.01 71.1071 0.8536 0.9876 31.8098
0.1 51.1954 0.9014 0.9935 21.5397
0.2 51.0575 0.9040 0.9936 21.2428
0.3 51.4272 0.9057 0.9935 21.3383
0.4 51.8775 0.9055 0.9934 21.5696
0.5 52.3403 0.9050 0.9932 21.7999
0.6 52.7956 0.9042 0.9931 22.0299
0.7 53.2357 0.9040 0.9930 22.2643
0.8 53.6580 0.9033 0.9929 22.4855
0.9 54.0617 0.9031 0.9928 22.7028

1 54.4463 0.9024 0.9927 22.9177
2 57.4856 0.8941 0.9919 24.9257
5 62.6409 0.8739 0.9903 29.1796

10 67.9050 0.8525 0.9887 34.0759
100 116.1095 0.7152 0.9703 68.2748

aRoot-mean-square error.

bSpearman’s rank correlation.

cPearson’s correlation coefficient.

dMean absolute error.

By splitting the data into linear and non-linear to see the effects of linearity for

different λ values, we determined that all four measures support that λ = 0.1 as
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the optimal (Table 3.6). On the other hand, by looking to the out-of-range results,

we observed that two measures support that λ = 0.2 as giving the optimal result.

For Spearman’s rank correlation, the optimal result is when λ = 0.9. However, the

optimal result for the mean absolute error is when λ = 0.4. The difference in the

results when λ = 0.4 and λ = 0.2 is small. This is shown in Table 3.7.

Table 3.6: LOOCV performance on in-range reactions of FC models with the original
non-zero features generated from different λridge values. The bold values indicate
optimal.

λridge Sizea RMSEb Spearmanc Pearsond MAEe

1e-05 494 40.4838 0.9062 0.9968 17.7806
0.0001 494 34.7565 0.9222 0.9977 15.4412
0.001 494 31.2748 0.9374 0.9981 13.7449
0.01 494 25.0810 0.9571 0.9988 10.3354
0.1 494 23.3142 0.9667 0.9989 8.8481
0.2 494 23.5022 0.9650 0.9989 9.1645
0.3 494 23.6864 0.9630 0.9989 9.5565
0.4 494 23.8705 0.9614 0.9989 9.9204
0.5 494 24.0558 0.9598 0.9989 10.2447
0.6 494 24.2426 0.9582 0.9989 10.5485
0.7 494 24.4302 0.9570 0.9988 10.8403
0.8 494 24.6175 0.9553 0.9988 11.1190
0.9 494 24.8048 0.9540 0.9988 11.3896

1 494 24.9910 0.9526 0.9988 11.6565
2 494 26.7900 0.9411 0.9986 14.0495
5 494 31.6168 0.9171 0.9981 18.8070

10 494 38.7829 0.8926 0.9973 24.2144
100 494 108.7144 0.7512 0.9820 63.7528

aIn-range reactions count.

bRoot-mean-square error.

cSpearman’s rank correlation.

dPearson’s correlation coefficient.

eMean absolute error.
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Table 3.7: LOOCV performance on out-of-range reactions of FC models with the
original non-zero features generated from different λridge values. The bold values
indicate optimal.

λridge Sizea RMSEb Spearmanc Pearsond MAEe

1e-05 203 523.7337 0.2740 0.3873 356.6956
0.0001 203 321.3876 0.4216 0.5375 225.6297
0.001 203 211.7381 0.5657 0.6714 142.0007
0.01 203 125.8161 0.6596 0.8294 84.0677
0.1 203 87.6148 0.7641 0.9065 52.4246
0.2 203 87.2154 0.7719 0.9070 50.6353
0.3 203 87.8377 0.7789 0.9056 50.0095
0.4 203 88.6221 0.7810 0.9038 49.9176
0.5 203 89.4308 0.7833 0.9020 49.9193
0.6 203 90.2234 0.7835 0.9002 49.9700
0.7 203 90.9851 0.7850 0.8984 50.0645
0.8 203 91.7110 0.7851 0.8967 50.1458
0.9 203 92.3995 0.7861 0.8951 50.2336

1 203 93.0506 0.7853 0.8936 50.3219
2 203 97.9786 0.7836 0.8816 51.3930
5 203 105.0716 0.7723 0.8630 54.4214

10 203 110.3263 0.7511 0.8481 58.0739
100 203 132.3910 0.6158 0.7770 79.2793

aOut-of-range reactions count.

bRoot-mean-square error.

cSpearman’s rank correlation.

dPearson’s correlation coefficient.

eMean absolute error.

3.3.4 The Effects of Different Combinations of Fingerprints

This section mainly shows leave-one-out cross validation (LOOCV) results for individ-

ual and combined fingerprints. Table 3.8 shows the performance comparison overall

based on different combinations of fingerprints using the lasso method. The overall re-

sults suggest that clearly the addition of molecular descriptors significantly improves

the accuracy. Also, adding features from the other three fingerprints contributes to

further improving the accuracy.

While the Open Babel FP4 fingerprint performs the worst, the model performance
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Table 3.8: Validation accuracy of various combinations of 2D fingerprint schemes.
The reported MAE for each combination is from the LOOCV results of the optimal
λlasso via grid search. Each combination contains the 41 compound-specific features.

Combination λlasso # of features MAE
Pubchema 0.3 922 31.9957
FP4b 2 348 149.2168
MACCSc 0.3 207 35.4137
MDd 0.2 231 22.9034
Pubchem+FP4 0.5 1229 30.9139
Pubchem+MACCS 0.2 1088 32.0789
Pubchem+MD 0.01 1112 21.5599
FP4+MACCS 0.2 514 32.8588
FP4+MD 0.1 538 21.0577
MACCS+MD 0.2 397 22.2489
Pubchem+FP4+MACCS 0.3 1395 29.8628
Pubchem+FP4+MD 0.1 1419 21.4641
Pubchem+MACCS+MD 0.1 1278 21.6364
FP4+MACCS+MD 0.1 704 19.9802
Pubchem+FP4+MACCS+MD 0.1 1585 20.1860

aPubchem fingerprint scheme.

bOpen Babel FP4 scheme.

cMACCS keys.

d2D molecular descriptors from RDkit.

improves when FP4 fingerprint is combined with molecular descriptors (MD). This

would lead to the conclusion that FP4 has some potential useful features which com-

plement the features in the MD. A similar analysis can be seen for the combination

of the MD and Pubchem fingerprints. When combining MD with MACCS keys, the

performance is slightly better than the individual MD. This indicates that the useful

features of the MACCS keys that are not in the MD have a smaller contribution than

that in the FP4 and also in the Pubchem fingerprints. Removing the MD fingerprint

has significant effects on the performance. While the individual Pubchem fingerprint

features perform the second best fingerprint, excluding this fingerprint shows the

best performance among all the combinations, which leads to the following question:
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Which features are useful from each fingerprint? To answer this question, we need to

do a feature selection.

Table 3.9 shows the LOOCV results for different combinations using the Ridge

method. This table shows the same analysis mentioned about lasso which is the

molecular descriptors contribute significantly into the performance. Comparing the

results between lasso and ridge, it seems that ridge models perform in a general

slightly better than the lasso model. This could be because of the continuous values

in the MD features since it is the best performing fingerprint among the individual

ones. However, Pubchem fingerprint performs better in lasso models than in ridge

models. This could be because of the sparsity of the Pubchem fingerprint.

Table 3.9: Validation accuracy of various combinations of 2D fingerprint schemes.
The reported MAE for each combination is from the LOOCV results of the optimal
λridge via grid search. Each combination contains the 41 compound-specific features.

Combination λridge # of features MAE
Pubchema 0.1 922 39.1266
FP4b 1 348 147.3989
MACCSc 0.01 207 36.1262
MDd 0.1 231 21.8788
Pubchem+FP4 0.2 1229 38.3740
Pubchem+MACCS 0.3 1088 38.0389
Pubchem+MD 0.2 1112 21.2650
FP4+MACCS 0.01 514 32.1653
FP4+MD 0.1 538 19.3918
MACCS+MD 0.1 397 20.5514
Pubchem+FP4+MACCS 0.3 1395 37.1850
Pubchem+FP4+MD 0.2 1419 21.3405
Pubchem+MACCS+MD 0.2 1278 21.7030
FP4+MACCS+MD 0.1 704 18.2714
Pubchem+FP4+MACCS+MD 0.2 1585 21.2428

aPubchem fingerprint scheme.

bOpen Babel FP4 scheme.

cMACCS keys.

d2D molecular descriptors from RDkit.
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3.3.5 The Effects of Feature Selection on the Prediction Ac-

curacy

We searched for adequate values of the zero-count threshold θ and the ridge regular-

ization parameter λridge through the minimization of the MAE from the LOOCV as

the objective in search space with 14 different values for each parameter (Figure 3.6).

Among these hyperparameter combinations, θ = 14 and λridge = 0.0001 resulted in

the lowest LOOCV error. To further optimize the hyperparameter combination, we

adjusted the value of λridge from 0.0001 with a fine increment, while keeping the value

of θ as 14. This fine-tuning allowed us to identify θ = 14 and λridge = 0.0006 as the

optimal hyperparameter combination (Figure 3.7.A).

In total, with the feature selection procedure, we were able to reduce the number

of features from 1585 to 223. With these selected features, the design matrix became

skinny and had a dimension of 697 by 223. However, the rank of the design matrix is

218, which is less than the full rank. Thus, we used the aforementioned regularized

linear regression method to construct an FC model(Figure 3.7.B).

Since all of the regression methods in the LOOCV comparison were based on linear

regression, our results directly reflect the usefulness of the selected 2D fingerprint-

based features for the prediction of the standard Gibbs free energy of reactions. To

understand the extent to which our systematic feature selection procedure played a

role in achieving the high level of LOOCV accuracy, we first performed LOOCV for an

FC model with original 898 non-zero features for various values of λridge (Table 3.5).

That is, by comparing the LOOCV results with and without applying the systematic

feature selection procedure for the best performing λridge, we set out to analyze the

effects of the feature selection using various accuracy criteria. We found that the FC

model with the final features outperformed the one with the original non-zero features

(Table 3.10 and Table 3.17). In particular, the results show that the feature selec-

tion enabled a 25% improvement in the MAE (from 21.24 kJ/mol to 16.02 kJ/mol).
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Figure 3.6: Hyperparameter based on the leave-one-out cross-validation (LOOCV)
results of the ridge regression. Grid search of hyperparameters. Each cell shows the
mean absolute error (MAE) from the LOOCV results for a specified combination of
the zero count threshold θ and the ridge regularization parameter λridge. The color
of each cell indicates the ranking of its prediction performance based on the mean
absolute error.

Moreover, the results from other accuracy measures such as Pearson’s correlation,

Spearman’s rank correlation, and the root mean squared error consistently demon-

strated the performance gain achieved by the feature selection. Next, we performed

LOOCV for FC models with various subsets of the original features and analyzed

the MAEs (Table 3.9). We found that the validation accuracy of these FC models

varied significantly depending on combinations of 2D fingerprint features. We also

found that the accuracy of the FC model with the final features was higher compared

to these models. Our results indicate that a combination of 2D fingerprints strongly
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Figure 3.7: (A) Refinement of the value of λridge with a fine increment while fixing
θ = 14. (B) The number of selected features for each feature filtering step. With
θ = 14, the number of the selected features turns out to be 223. The unit of the
LOOCV MAE is kJ/mol.

affects the prediction accuracy our systematic feature selection procedure is able to

determine a small subset of relevant ones from a large pool of 2D fingerprint-based

features to increase the prediction accuracy.

Table 3.10: The effects of feature selection on the prediction performance. Various
prediction performance measures from the leave-one-out cross validation (LOOCV)
in kJ/mol are computed and are compared between an FC model with the initial
none-zero features and an FC model with the final selected features.

FC model # features MAEa Pearsonb Spearmanc RMSEd

none-zero features 898 21.24 0.993 0.90 51.06
final features 223 16.02 0.994 0.95 49.46

aThe mean absolute error from LOOCV.

bThe Pearson correlation coefficient.

cThe Spearman rank correlation coefficient.

dThe root mean square error.
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3.3.6 The Effects of the Threshold for the Number of Zero

Weights (θ)

Set 95

After removing highly correlated features, we applied the lasso method to select the

relevant features. As mentioned earlier, the lasso provides a sparse solution (some

coefficients are zeros). Since we did LOOCV, we extended the lasso approach by

taking the coefficients in each trained model (LOOCV trained models) and examined

each feature’s coefficients among all the trained models. The number of zero weights

(coefficients) for each feature is calculated as the number of zero coefficients among

the trained models for that feature.

Removed features are the features that have zero weights in 95% of the trained

models (662 models out of 697) or higher. This indicates that each selected feature

has non-zero weights in at least 5% of the trained models. The remaining selected

features are referred to as set 95.
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Table 3.11: LOOCV performance of FC models with the selected features, each of
which does not have zero weights in more than 95% of the total samples, generated
from different λridge values.

λ MAE SDAE Pearson Spearman RMSE
1e-05 17.8398 53.7662 0.9921 0.9387 56.6120
0.0001 17.7845 53.6637 0.9921 0.9389 56.4973
0.001 17.6211 53.0291 0.9923 0.9399 55.8441
0.01 18.2166 52.3428 0.9924 0.9389 55.3867
0.1 20.2819 51.5687 0.9924 0.9248 55.3793
0.2 21.6060 51.6503 0.9923 0.9154 55.9530
0.3 22.7596 51.8098 0.9921 0.9086 56.5544
0.4 23.7250 52.0219 0.9920 0.9029 57.1425
0.5 24.5701 52.2590 0.9918 0.8978 57.7129
0.6 25.3222 52.5151 0.9916 0.8932 58.2674
0.7 26.0486 52.7610 0.9915 0.8887 58.8070
0.8 26.7477 53.0005 0.9913 0.8846 59.3335
0.9 27.4224 53.2343 0.9912 0.8809 59.8482
1 28.0493 53.4765 0.9910 0.8775 60.3523
2 33.1725 55.9040 0.9897 0.8512 64.9707
5 43.0642 63.1892 0.9861 0.8112 76.4308
10 53.8481 74.1210 0.9806 0.7793 91.5733
100 107.8695 154.1710 0.9212 0.6684 188.0703
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Table 3.12: LOOCV performance on the in-range reactions of FC models with the
selected features, each of which does not have zero weights in more than 95% of the
total samples, generated from different λridge values.

λ Size MAE SDAE Pearson Spearman RMSE
1e-05 648 9.6007 21.0065 0.9987 0.9586 23.0818
0.0001 648 9.5663 20.9652 0.9987 0.9587 23.0299
0.001 648 9.5421 20.7801 0.9987 0.9589 22.8516
0.01 648 10.4338 21.0771 0.9987 0.9555 23.5037
0.1 648 13.1779 21.8511 0.9984 0.9359 25.5028
0.2 648 14.6050 22.0448 0.9983 0.9242 26.4297
0.3 648 15.8585 22.2554 0.9982 0.9157 27.3136
0.4 648 16.9123 22.5730 0.9981 0.9089 28.1919
0.5 648 17.8349 22.9511 0.9980 0.9030 29.0521
0.6 648 18.6559 23.3677 0.9979 0.8978 29.8873
0.7 648 19.4273 23.7830 0.9977 0.8927 30.6949
0.8 648 20.1636 24.1878 0.9976 0.8882 31.4757
0.9 648 20.8693 24.5809 0.9975 0.8840 32.2307
1 648 21.5213 24.9861 0.9974 0.8803 32.9622
2 648 26.7718 28.8600 0.9964 0.8517 39.3490
5 648 36.7267 39.5884 0.9935 0.8090 53.9785
10 648 47.6249 54.4970 0.9887 0.7757 72.3427
100 648 104.2921 149.8675 0.9289 0.6635 182.4896
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Table 3.13: LOOCV performance on the out-of-range reactions of FC models with
the selected features, each of which does not have zero weights in more than 95% of
the total samples, generated from different λridge values.

λ Size MAE SDAE Pearson Spearman RMSE
1e-05 49 126.7967 151.4377 0.7810 0.8064 196.3231
0.0001 49 126.4665 151.2040 0.7819 0.8099 195.9333
0.001 49 124.4629 149.7355 0.7878 0.8156 193.5307
0.01 49 121.1400 148.6844 0.7948 0.8159 190.6064
0.1 49 114.2286 149.7771 0.8028 0.8341 187.1457
0.2 49 114.1908 150.7304 0.8009 0.8365 187.8710
0.3 49 114.0227 151.9868 0.7987 0.8381 188.7584
0.4 49 113.8184 153.1678 0.7967 0.8386 189.5685
0.5 49 113.6396 154.2348 0.7949 0.8401 190.3073
0.6 49 113.4806 155.2241 0.7932 0.8408 190.9991
0.7 49 113.6120 155.9513 0.7916 0.8438 191.6563
0.8 49 113.8194 156.5905 0.7900 0.8407 192.2889
0.9 49 114.0837 157.1643 0.7885 0.8400 192.9031
1 49 114.3790 157.6950 0.7870 0.8382 193.5013
2 49 117.8182 161.9330 0.7735 0.8284 198.9178
5 49 126.8737 170.4669 0.7419 0.8129 211.0991
10 49 136.1469 179.4237 0.7068 0.8023 223.7674
100 49 155.1784 198.6023 0.6238 0.7324 250.4361

Set 50

The removed features are the features that have zero weights in 50% of the trained

models (349 models out of 697) or higher. This indicates that each selected feature

has non-zero weights in at least 50% of the trained models. The remaining selected

features are referred to as Set 50.
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Table 3.14: LOOCV performance of FC models with the selected features, each of
which does not have zero weights in more than 50% of the total samples, generated
from different λridge values.

λ MAE SDAE Pearson Spearman RMSE
1e-05 17.1654 53.3121 0.9923 0.9439 55.9710
0.0001 17.1083 53.1855 0.9923 0.9441 55.8331
0.001 16.8994 52.2504 0.9926 0.9450 54.8796
0.01 17.2405 50.2129 0.9931 0.9437 53.0561
0.1 19.8967 49.2357 0.9931 0.9271 53.0712
0.2 21.3367 49.5377 0.9928 0.9170 53.9047
0.3 22.4735 49.8799 0.9926 0.9096 54.6762
0.4 23.4494 50.2235 0.9924 0.9039 55.3954
0.5 24.2882 50.5791 0.9923 0.8982 56.0758
0.6 25.0304 50.9412 0.9921 0.8941 56.7257
0.7 25.7270 51.2932 0.9919 0.8891 57.3506
0.8 26.3693 51.6448 0.9917 0.8851 57.9543
0.9 26.9694 51.9936 0.9916 0.8810 58.5389
1 27.5524 52.3309 0.9914 0.8777 59.1077
2 32.6688 55.2792 0.9899 0.8498 64.1767
5 42.6257 63.1562 0.9862 0.8108 76.1573
10 53.3529 74.3884 0.9807 0.7802 91.4999
100 107.9224 155.0378 0.9208 0.6726 188.8107
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Table 3.15: LOOCV performance on the in-range reactions of FC models with the
selected features, each of which does not have zero weights in more than 50% of the
total samples, generated from different λridge values.

λ Size MAE SDAE Pearson Spearman RMSE
1e-05 649 9.0662 20.1815 0.9988 0.9621 22.1102
0.0001 649 9.0283 20.1443 0.9988 0.9623 22.0607
0.001 649 8.9663 19.9161 0.9989 0.9632 21.8274
0.01 649 9.8428 19.9635 0.9988 0.9599 22.2442
0.1 649 13.1982 21.2302 0.9985 0.9379 24.9844
0.2 649 14.8284 21.6324 0.9983 0.9245 26.2129
0.3 649 16.0997 21.9632 0.9982 0.9156 27.2184
0.4 649 17.1696 22.3338 0.9981 0.9089 28.1572
0.5 649 18.0881 22.7537 0.9980 0.9023 29.0536
0.6 649 18.9037 23.2023 0.9979 0.8976 29.9143
0.7 649 19.6635 23.6504 0.9977 0.8919 30.7430
0.8 649 20.3595 24.1101 0.9976 0.8873 31.5422
0.9 649 21.0016 24.5784 0.9975 0.8829 32.3146
1 649 21.6061 25.0464 0.9974 0.8789 33.0632
2 649 26.7572 29.2126 0.9963 0.8494 39.5981
5 649 36.6852 40.2246 0.9933 0.8079 54.4181
10 649 47.4739 55.1906 0.9885 0.7759 72.7674
100 649 104.4303 150.7194 0.9283 0.6678 183.2676
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Table 3.16: LOOCV performance on the out-of-range reactions of FC models with
the selected features, each of which does not have zero weights in more than 50% of
the total samples, generated from different λridge values.

λ Size MAE SDAE Pearson Spearman RMSE
1e-05 48 126.6731 152.7093 0.7832 0.8167 197.1811
0.0001 48 126.3575 152.3261 0.7844 0.8181 196.6877
0.001 48 124.1613 149.4693 0.7931 0.8260 193.1105
0.01 48 117.2646 144.4613 0.8129 0.8339 184.8926
0.1 48 110.4671 143.8290 0.8242 0.8435 180.1632
0.2 48 109.3348 146.2690 0.8213 0.8490 181.3918
0.3 48 108.6523 148.4827 0.8181 0.8544 182.7378
0.4 48 108.3571 150.2285 0.8152 0.8562 183.9556
0.5 48 108.1196 151.7818 0.8126 0.8587 185.0611
0.6 48 107.8692 153.2295 0.8102 0.8577 186.0803
0.7 48 107.7100 154.5234 0.8080 0.8563 187.0333
0.8 48 107.6269 155.6936 0.8058 0.8577 187.9336
0.9 48 107.6581 156.7243 0.8038 0.8551 188.7884
1 48 107.9515 157.5264 0.8019 0.8552 189.6078
2 48 112.5985 162.7228 0.7854 0.8441 196.4828
5 48 122.9456 172.2875 0.7509 0.8165 210.1909
10 48 132.8410 181.7108 0.7147 0.8010 223.5569
100 48 155.1383 200.7679 0.6256 0.7477 252.0633

Set 2

The removed features are the features that have zero weights in 2% of the trained

models (14 models out of 697) or higher. This indicates that each selected feature

has non-zero weights in at least 98% of the trained models. The remaining selected

features are referred to as Set 2.
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Table 3.17: LOOCV performance of FC models with the selected features, each of
which does not have zero weights in more than 2% of the total samples, generated
from different λridge values.

λ MAE SDAE Pearson Spearman RMSE
1e-05 16.0464 47.0879 0.9939 0.9446 49.7149
0.0001 16.0358 47.0344 0.9939 0.9447 49.6609
0.0002 16.0303 46.9800 0.9939 0.9447 49.6077
0.0003 16.0266 46.9322 0.9940 0.9449 49.5613
0.0004 16.0247 46.8902 0.9940 0.9450 49.5209
0.0005 16.0231 46.8537 0.9940 0.9451 49.4859
0.0006 16.0230 46.8217 0.9940 0.9452 49.4557
0.0007 16.0256 46.7934 0.9940 0.9453 49.4298
0.0008 16.0302 46.7684 0.9940 0.9454 49.4076
0.0009 16.0371 46.7465 0.9940 0.9454 49.3891
0.001 16.0450 46.7278 0.9940 0.9454 49.3741
0.01 16.7557 47.7021 0.9937 0.9435 50.5271
0.1 19.3985 50.1640 0.9929 0.9311 53.7506
0.2 21.0548 50.3593 0.9927 0.9232 54.5502
0.3 22.3325 50.4773 0.9925 0.9156 55.1638
0.4 23.3958 50.6303 0.9923 0.9093 55.7415
0.5 24.3021 50.8271 0.9922 0.9037 56.3053
0.6 25.0953 51.0589 0.9920 0.8980 56.8598
0.7 25.7996 51.3175 0.9919 0.8933 57.4049
0.8 26.4545 51.5870 0.9917 0.8891 57.9417
0.9 27.0658 51.8656 0.9916 0.8850 58.4700
1 27.6393 52.1513 0.9914 0.8814 58.9897
2 32.3397 55.0432 0.9901 0.8533 63.8064
5 41.8717 63.1859 0.9864 0.8126 75.7626
10 52.7502 74.7379 0.9808 0.7783 91.4348
100 110.0991 156.4364 0.9195 0.6637 191.2042
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Table 3.18: LOOCV performance on the in-range reactions of FC models with the
selected features, each of which does not have zero weights in more than 2% of the
total samples, generated from different λridge values.

λ Size MAE SDAE Pearson Spearman RMSE
1e-05 656 9.8396 25.6355 0.9982 0.9605 27.4407
0.0001 656 9.8220 25.4258 0.9982 0.9606 27.2389
0.0002 656 9.8042 25.2067 0.9982 0.9606 27.0283
0.0003 656 9.7887 25.0008 0.9983 0.9607 26.8311
0.0004 656 9.7755 24.8074 0.9983 0.9608 26.6463
0.0005 656 9.7629 24.6253 0.9983 0.9609 26.4726
0.0006 656 9.7523 24.4533 0.9983 0.9610 26.3089
0.0007 656 9.7447 24.2901 0.9983 0.9611 26.1547
0.0008 656 9.7396 24.1348 0.9984 0.9612 26.0089
0.0009 656 9.7371 23.9872 0.9984 0.9612 25.8712
0.001 656 9.7361 23.8471 0.9984 0.9612 25.7412
0.01 656 10.0665 20.2486 0.9988 0.9588 22.5990
0.1 656 12.6220 20.6330 0.9986 0.9415 24.1741
0.2 656 14.4725 21.2111 0.9984 0.9311 25.6647
0.3 656 15.8852 21.5412 0.9983 0.9223 26.7517
0.4 656 17.0499 21.8325 0.9981 0.9153 27.6881
0.5 656 18.0401 22.1415 0.9980 0.9091 28.5472
0.6 656 18.9040 22.4792 0.9979 0.9027 29.3582
0.7 656 19.6676 22.8477 0.9978 0.8976 30.1337
0.8 656 20.3614 23.2367 0.9977 0.8933 30.8822
0.9 656 21.0075 23.6357 0.9976 0.8889 31.6087
1 656 21.6128 24.0434 0.9975 0.8850 32.3159
2 656 26.5009 28.2326 0.9965 0.8557 38.7062
5 656 36.1658 40.1987 0.9935 0.8133 54.0503
10 656 47.1615 56.1251 0.9885 0.7784 73.2764
100 656 106.9723 152.3718 0.9263 0.6624 186.0776
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Table 3.19: LOOCV performance on the out-of-range reactions of FC models with
the selected features, each of which does not have zero weights in more than 2% of
the total samples, generated from different λridge values.

λ Size MAE SDAE Pearson Spearman RMSE
1e-05 41 115.3559 130.6847 0.8408 0.8033 173.1153
0.0001 41 115.4571 130.9274 0.8403 0.8033 173.3615
0.0002 41 115.6488 131.1181 0.8398 0.8035 173.6297
0.0003 41 115.8327 131.3098 0.8393 0.8051 173.8935
0.0004 41 116.0120 131.4992 0.8387 0.8051 174.1524
0.0005 41 116.1856 131.6878 0.8382 0.8051 174.4070
0.0006 41 116.3556 131.8738 0.8377 0.8051 174.6572
0.0007 41 116.5195 132.0590 0.8372 0.8051 174.9029
0.0008 41 116.6802 132.2412 0.8367 0.8051 175.1442
0.0009 41 116.8359 132.4229 0.8362 0.8051 175.3817
0.001 41 116.9880 132.6030 0.8357 0.8051 175.6157
0.01 41 123.7822 142.8457 0.8094 0.7916 187.6946
0.1 41 127.8227 154.9578 0.7812 0.7979 199.4114
0.2 41 126.3722 157.1003 0.7793 0.8078 200.1211
0.3 41 125.4895 158.5782 0.7778 0.8071 200.7021
0.4 41 124.9295 159.9097 0.7762 0.8118 201.3823
0.5 41 124.4937 161.2172 0.7743 0.8105 202.1280
0.6 41 124.1554 162.4825 0.7724 0.8103 202.9069
0.7 41 123.9115 163.6806 0.7704 0.8150 203.6957
0.8 41 123.9454 164.6590 0.7684 0.8157 204.4841
0.9 41 123.9980 165.6087 0.7664 0.8157 205.2628
1 41 124.0637 166.5289 0.7644 0.8136 206.0274
2 41 125.7590 173.6693 0.7462 0.7889 212.6986
5 41 133.1666 184.2032 0.7080 0.7791 225.4697
10 41 142.1698 192.0998 0.6703 0.7765 237.0960
100 41 160.1285 207.1512 0.5913 0.7024 259.8194

Set 1

The removed features are the features that have zero weights in 1% of the trained

models (7 models out of 697) or higher. This indicates that each selected feature

has non-zero weights in at least 99% of the trained models. The remaining selected

features are referred to as Set 1.
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Table 3.20: LOOCV performance of FC models with the selected features, each of
which does not have zero weights in more than 1% of the total samples, generated
from different λridge values

λ MAE SDAE Pearson Spearman RMSE
1e-05 16.1672 47.9239 0.9937 0.9436 50.5449
0.0001 16.1635 47.8922 0.9937 0.9437 50.5136
0.001 16.1834 47.7395 0.9938 0.9439 50.3755
0.01 16.9871 49.1415 0.9934 0.9427 51.9614
0.1 19.6403 52.8959 0.9922 0.9328 56.3889
0.2 21.3201 53.2562 0.9919 0.9234 57.3298
0.3 22.6265 53.3948 0.9917 0.9145 57.9558
0.4 23.6659 53.5654 0.9916 0.9083 58.5253
0.5 24.5477 53.7755 0.9914 0.9023 59.0783
0.6 25.3351 54.0118 0.9912 0.8977 59.6234
0.7 26.0208 54.2822 0.9911 0.8925 60.1616
0.8 26.6818 54.5518 0.9909 0.8877 60.6923
0.9 27.3436 54.8082 0.9908 0.8837 61.2152
1 27.9682 55.0707 0.9906 0.8791 61.7305
2 32.9046 57.8055 0.9892 0.8501 66.4785
5 42.7482 65.2977 0.9855 0.8098 78.0070
10 53.3583 76.2382 0.9801 0.7742 93.0109
100 110.4924 156.2323 0.9195 0.6634 191.2644
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Table 3.21: LOOCV performance on the in-range reactions of FC models with the
selected features, each of which does not have zero weights in more than 1% of the
total samples, generated from different λridge values.

λ Size MAE SDAE Pearson Spearman RMSE
1e-05 656 9.9139 26.3998 0.9981 0.9591 28.1811
0.0001 656 9.9018 26.2106 0.9981 0.9592 27.9999
0.001 656 9.8456 24.7210 0.9983 0.9594 26.5920
0.01 656 10.1361 20.7205 0.9987 0.9577 23.0527
0.1 656 12.3582 20.0935 0.9987 0.9445 23.5766
0.2 656 14.1563 20.6596 0.9985 0.9334 25.0314
0.3 656 15.5907 21.0905 0.9983 0.9226 26.2145
0.4 656 16.7284 21.5452 0.9982 0.9156 27.2640
0.5 656 17.6941 22.0193 0.9981 0.9089 28.2346
0.6 656 18.5543 22.4998 0.9979 0.9039 29.1502
0.7 656 19.3022 23.0151 0.9978 0.8982 30.0243
0.8 656 20.0095 23.5169 0.9977 0.8930 30.8639
0.9 656 20.7144 23.9803 0.9976 0.8889 31.6743
1 656 21.3786 24.4429 0.9975 0.8845 32.4591
2 656 26.5749 29.0289 0.9964 0.8543 39.3397
5 656 36.6306 40.9441 0.9932 0.8117 54.9151
10 656 47.4696 56.7347 0.9882 0.7747 73.9411
100 656 107.4101 152.3753 0.9262 0.6611 186.3324
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Table 3.22: LOOCV performance on the out-of-range reactions of FC models with
the selected features, each of which does not have zero weights in more than 1% of
the total samples, generated from different λridge values.

λ Size MAE SDAE Pearson Spearman RMSE
1e-05 41 116.2202 132.8454 0.8363 0.8077 175.2844
0.0001 41 116.3505 133.1493 0.8357 0.8080 175.5954
0.001 41 117.5880 135.8297 0.8298 0.8070 178.4003
0.01 41 126.6022 147.9968 0.7964 0.7976 193.3829
0.1 41 136.1541 165.1934 0.7475 0.7770 212.5117
0.2 41 135.9405 167.4910 0.7423 0.7892 214.1234
0.3 41 135.1988 168.8862 0.7402 0.7949 214.7221
0.4 41 134.6661 170.0160 0.7384 0.7958 215.2566
0.5 41 134.2059 171.1203 0.7366 0.7979 215.8221
0.6 41 133.8276 172.1973 0.7348 0.7911 216.4221
0.7 41 133.5188 173.2379 0.7329 0.7899 217.0407
0.8 41 133.4388 174.1049 0.7311 0.7906 217.6674
0.9 41 133.4102 174.9286 0.7292 0.7901 218.2933
1 41 133.4012 175.7296 0.7273 0.7855 218.9146
2 41 134.1807 182.1332 0.7103 0.7652 224.4279
5 41 140.6300 190.5372 0.6759 0.7592 234.9378
10 41 147.5768 196.8689 0.6447 0.7477 244.1126
100 41 159.8102 204.5986 0.6004 0.7242 257.6411

3.3.7 The Effects of Linear Dependency on the Prediction

Accuracy

Altough its overall LOOCV results were poor, the RC method was reported to perform

well for the prediction of the Gibbs free energy of certain reactions [39]. Specifically,

these reactions are those whose stoichiometric vectors are in the row space of the

stoichiometric matrix S for the training set. That is, whether or not the stoichiometric

vector of a given reaction is a linear combination of those for the reactions in the

training set was demonstrated to be an important factor for the prediction accuracy

of the RC method.

Building on this observation, we analyzed the extent to which the prediction error

is influenced by the linear dependency of reaction features in the validation set with

respect to the reaction features in the design matrix. To this end, we classified
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reactions into two groups: in-range reactions and out-of-range reactions. An in-range

reaction is a reaction whose feature representation is linearly dependent on those of

the reactions in the training set, while an out-of-range reaction is a reaction whose

feature representation is linearly independent of those of the reactions in the training

set. In other words, reaction Rk is an in-range reaction if xk is in the column space

of XT , the transpose of the design matrix, and an out-of-range reaction otherwise.

By measuring the distribution of the absolute error for the two groups, we found

that all of the models had large discrepancies in the prediction accuracy between

the two groups in the LOOCV results (Figure 3.8 and Table 3.23 and 3.24).

We consistently observed substantially higher prediction error in the out-of-range

reactions. Specifically, the MAE of the out-of-range reactions was 14.77, 35.16, 31.37,

and 95.95 times as high as that of the in-range reactions for FC, CC, GC, and RC,

respectively. Our results confirm the previous study [39] in that, while the RC model

produced the highest LOOCV error (µ = 217.86 kJ/mol), it had the lowest prediction

error for the in-range reactions (µ = 4.15 kJ/mol).

This indicates that the RC model was highly overfit towards the prediction of

the standard Gibbs free energy of the in-range reactions since the weights of the

chemical compounds participating in those reactions were uniquely determined from

the training set. Conversely, we found that the FC method can contain the deviations

between the two groups the most. That is, while the MAE of the in-range reactions

for the FC model was on par with those for the CC model and the GC model, the FC

model was able to produce the lowest overall LOOCV error because its proportion of

the out-of-range reactions was the smallest (n = 41) and its MAE for the out-of-range

reactions was the lowest (µ = 116.36 kJ/mol) among the four models. These suggest

that the FC model was generalized the most among the four models to deal with

unseen biochemical reactions.
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Table 3.23: The effects of linear dependency on the prediction performance for the
in-range reactions. Various prediction performance measures from the leave-one-out
cross validation (LOOCV) in kJ/mol are computed and are compared between an FC
model with other methods.

model size MAEa Pearsonb Spearmanc RMSEd

RC 319 4.1470 0.9999 0.9878 6.1889
GC 638 9.2906 0.9994 0.9506 16.0629
CC 638 8.2951 0.9995 0.9580 15.0167
FC 656 9.7523 0.9983 0.9610 26.3089

aThe mean absolute error from LOOCV.

bThe Pearson correlation coefficient.

cThe Spearman rank correlation coefficient.

dThe root mean square error.

Table 3.24: The effects of linear dependency on the prediction performance for the
out-of-range reactions. Various prediction performance measures from the leave-one-
out cross validation (LOOCV) in kJ/mol are computed and are compared between
an FC model with other methods.

model size MAEa Pearsonb Spearmanc RMSEd

RC 378 398.2129 0.0462 0.1297 650.5510
GC 59 291.3934 0.1698 0.3191 469.1851
CC 59 291.7988 0.1674 0.3169 469.9881
FC 41 116.3556 0.8377 0.8051 174.6572

aThe mean absolute error from LOOCV.

bThe Pearson correlation coefficient.

cThe Spearman rank correlation coefficient.

dThe root mean square error.

3.3.8 Performance Analysis Using the KEGG Dataset

To further examine the generalization property, we analyzed the performance of the

four methods on the KEGG REACTION dataset which contains a wide range of

biochemical reactions. By inspecting 10668 reactions, we decided to use 7929 that

were deemed to be valid for this analysis (see Preprocessing of the KEGG REACTION

Dataset section). However, since the KEGG dataset does not contain experimentally
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Figure 3.8: Boxplots showing how the distribution of the absolute errors is partitioned
for in-range reaction samples and out-of-range reaction samples in each model. In
each boxplot, the number shown in the upper side of the plot indicates the sample
size, while the diamond-shaped point represents the mean absolute error (MAE).
Open circle points represent outliers which are defined to be those samples that are
outside of the range between the lower quartile minus 1.5 times the interquartile
distance (IQD) and the upper quartile plus 1.5 times the IQD. The unit of absolute
error is kJ/mol.

observed thermodynamic data, we first needed to determine how to evaluate the

prediction performance in order to use the KEGG dataset for analysis of the prediction

accuracy.

Since we found that the prediction error of in-range reactions were much lower than



104

that of out-of-range reactions (Figure 3.8), we considered an evaluation approach that

estimates the prediction accuracy based on the fractions of in-range reactions and out-

of-range reactions in a testing set. To understand whether this approach is sound,

however, we first analyzed the statistical significance of the relation between this

linear dependency-based grouping and the LOOCV prediction error (see Methods).

Table 3.25 shows the results from our analysis on various models, which consistently

indicates that it is highly unlikely to find a partition of the LOOCV prediction errors

into two subgroups by chance to produce the MAE as extreme as the one observed

in the in-range reactions and the out-of-range reactions (p < 10−6). This shows

statistically significant evidence that in-range reactions are expected to have low

prediction error, while out-of-range reactions are expected to have high prediction

error.

Table 3.25: Relation between the magnitude of the mean absolute error (MAE) in
kJ/mol and the linear dependency-based subgrouping in the leave-one-out cross-
validation results. Statistical significance was measured by computing the p-value
of MAE based on the partitions for the in-range reaction subset and the out-of-range
reaction subset for various models.

all samples in-range out-of-range permutation test
Model MAE size MAE size MAE samples p-valuea

FC 16.02 656 9.75 41 116.36 106 < 10−6

FC-50b 16.90 649 8.97 48 124.16 106 < 10−6

FC-origc 21.24 494 9.16 203 50.64 106 < 10−6

CC 32.29 638 8.30 59 291.80 106 < 10−6

GC 33.17 638 9.29 59 291.39 106 < 10−6

RC 217.86 319 4.15 378 398.21 106 < 10−6

aEach p-value was computed as the probability that the MAE of a randomly selected in-range-reaction-size reaction

set is lower than or equal to the observed MAE for the in-range reactions in the sampling distribution.

bFC model generated based on the lasso-based feature selection with the zero-count threshold being 50% of 697.

cFC model based on the original non-zero features.

With these results in hand, we proceeded to estimate the prediction error on the

KEGG dataset by a weighted average approach based on the partition of the in-range
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and the out-of-range reactions (see Methods). To this end, we first generated the dis-

tribution of the in-range reactions, the out-of-range reactions, and reactions outside

of the prediction coverage (i.e., “not-covered” reactions) for each model (Figure 3.9

A). Of 7929 valid KEGG reactions, we found that all of the reactions are in-range

reactions in the FC model. Both the GC model and the CC model had the same

distribution, and they had 5950 in-range reactions, 1005 out-of-range reactions, and

974 not-covered reactions. Among the four models, the RC model had the highest

proportion of not-covered reactions and the lowest proportion of the in-range reac-

tions. It had only 803 in-range reactions, while it had 200 out-of-range reactions and

6926 not-covered reactions. Because of this substantially limited prediction coverage,

we excluded the RC model from the performance analysis.

By using these distributions, we computed the accuracy estimate of the three

models (Figure 3.9 B). Since all of the valid KEGG reactions are in-range reactions,

the MAE estimate for the FC model was exactly the same as the MAE of the in-

range reactions from the LOOCV results, which is 9.75 kJ/mol. On the other hand,

since about 15% are out-of-range reactions in both the CC model and the GC model

among the 6595 covered reactions, we estimated the MAE for the CC model and the

GC model to be 49.26 kJ/mol and 50.05 kJ/mol, respectively. Thus, our performance

analysis indicates that the FC model would outperform the other three models for the

prediction of the standard Gibbs free energy for the KEGG reactions, largely because

of its proportion for the in-range reactions. Furthermore, this analysis demonstrated

that the prediction coverage of systematically selected 2D fingerprint-based features

used in the FC method can be substantially higher than those features used in the

other three methods.



106

RC

GC

CC

FC

0 2000 4000 6000 8000
number of KEGG reactions

coverage in range out of range not coveredA B

100%

75.0% 12.7% 12.3%

75.0% 12.7% 12.3%

10.1% 2.5% 87.4%

Figure 3.9: Estimation of the prediction accuracy for the KEGG reactions by each
model trained by the Noor et al.-based dataset. (A) A bar graph showing the pro-
portion of valid KEGG reactions that are partitioned into the three coverage-based
groups: “in range,” “out of range,” and “not covered.” In the KEGG dataset, there
are 7929 valid reactions, each of which is chemically balanced and reacts chemical
compounds whose 2D structures are specified. Here, “in range” means reactions
whose stoichiometric vectors are linear combinations of the stoichiometric vectors
in the training set, “out of range” means a group of reactions whose stoichiometric
vectors are not linear combinations of the training set, and “not covered” means a
subset of “out of range” reactions that cannot be represented by the features in a
given model. (B) Estimation of prediction accuracy based on the weighted average
of the prediction errors for in-range reaction group and out-of-range reaction group
from the leave-one-out cross-validation (LOOCV) results for the three models with a
higher reaction coverage. Square points indicate the sample mean of absolute error of
the three models for the KEGG reaction set based on this weighted average approach
with 100 reaction sets, while error bars represent their sample standard deviation.
For each model, the reaction set is sampled from the LOOCV results to have the
same proportion of in-range and out-of-range reactions as the KEGG reactions. The
unit of the absolute error is kJ/mol.

3.4 Discussion

In summary, we have developed a statistical method called fingerprint-contribution

(FC) which, by systematically selecting relevant 2D fingerprint-based features, con-

structs a regularized linear model for the prediction of the Gibbs free energy of bio-

chemical reactions. By representing each chemical compound by features based on
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2D fingerprints and molecular descriptors, the FC method can predict the Gibbs free

energy of reaction in a manner that is consistent with the first law of thermodynamics,

and its prediction can cover virtually any biochemical reactions in which compounds

with concrete 2D structures participate. At the same time, the systematic feature

filtering procedure allows for a convenient way to select a small set of relevant 2D

fingerprint-based features to improve the quality of prediction accuracy.

With the ability to represent the 2D structure of each molecule in a high-dimensional

feature space, 2D fingerprints have been widely used as a means to quantify the sim-

ilarity of molecules [117]. In the SAR analysis, such structural similarity coefficients

have been successfully applied, for example, to ligand-based virtual screening to re-

duce the search space for the experimental evaluation for the identification of novel

hits [118, 119, 120, 121, 122]. The idea of 2D fingerprint-based similarity has also been

applied to the prediction of ∆rG
0 before. Indeed, Inferring Gibbs Energy Changes of

Biochemical Reactions from Reaction Similarities (IGERS) measures reaction similar-

ity via Tanimoto coefficient and infers ∆rG
0 of a reaction by that of the most similar

one from a set of predefined reference reactions based on manually picked chemical

attributes [111]. However, since this method does not consider ∆G0 at the compound

level, its prediction may lead to the violation of the first law of thermodynamics,

which can result in modeling of metabolic systems with severely inconsistent thermo-

dynamic parameters. Furthermore, since this reaction similarity-based approach can

only predict ∆rG
0 of reactions that are sufficiently similar to those in the reference

set, its prediction coverage can be greatly limited [111, 71].

Here, we have demonstrated the value of the FC method over the state-of-the-art

methods in terms of the prediction accuracy and coverage. By classifying reactions

into the in-range reactions and the out-of-range reactions, we found that the superior

accuracy achieved by the FC method in the LOOCV results was due to the reduc-

tion in the prediction error and the size for the out-of-range reactions. Because the
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FC method had the smallest accuracy difference between the in-range reactions and

the out-of-range reactions, our results suggest that the FC model has the best gen-

eralization quality to deal with the Gibbs energy prediction of unseen biochemical

reactions. Indeed, our results from the performance analysis on the Kyoto Encyclo-

pedia of Genes and Genomes database (KEGG) reactions supported this and showed

further evidence that the FC method performs well on a wide range of biochemical

reactions in terms of prediction accuracy and coverage. Since all of the prediction

methods examined here were linear regression-based methods, our study also points

to the value of 2D fingerprint-based features on the prediction of reaction Gibbs free

energies. In addition, we have demonstrated that the systematic feature filtering pro-

cedure improved the prediction accuracy of an FC model by selecting a small number

of relevant features. Taken together, this study suggests the effectiveness of the use of

2D fingerprints and molecular descriptors on the biochemical thermodynamic predic-

tion and highlights that a systematic filtering procedure allows for a convenient way

to select most relevant ones which provide useful information to quantify the Gibbs

free energy.
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Chapter 4

Concluding Remarks and Future Work

We developed two methods referred to as MRE and FC for a better and more rational

biosynthesis pathway design. MRE is an open-access biosynthesis design tool that

searches for promising metabolic routes for a given biosynthesis specification. MRE

suggests exogenous enzymes for heterologous biosynthesis pathways based on the

infrastructure of an endogenous metabolic system. By using the biosynthesis of a

range of high-value natural products as a case study, we have shown that MRE

can provide promising heterologous biosynthesis pathways and useful information to

pinpoint pathway bottlenecks. In summary, with the host-dependent competition-

based pathway ranking scheme along with the suggestion of foreign enzymes with

competing endogenous reactions, MRE is expected to offer novel insights into the

design and optimization of heterologous biosynthesis systems.

The MRE pipeline has faced many challenges. The first one is that the reactions

that are classified as having uncompleted EC numbers have unknown enzymes needed

to catalyze such a reaction. That is why MRE is only used for verified reactions, which

have known enzymes. Approximately half of the reactions in the original KEGG

REACTION database have missing enzymes. MRE uses the KEGG database and

ExPASy ENZYME database. However, there are other metabolic reaction databases

that can be integrated such as the RHEA database [75]. MRE rationally focuses only

on reactions with actual enzymes. It can recommend preferred foreign enzymes with

well-characterized activities for heterologous pathways. On the other hand, BNICE,

PredPath and XTMS [26, 27, 29] tools define specific transformation rules to find
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potential predicted reactions. This approach is based on the prediction of metabolic

parts which may not exist. By having predicted reactions, more potential candidates

are expanded and further explored. As a future direction, if only the target compound

is given, retrosynthetic pathways can be generated by the use of transformation rules

[123]. The retrosynthetic approach traverses from the target to find the most suitable

source compound through intermediate compounds. Another important information

is enzyme functions. Predicting enzyme functions could contribute to having better

biosynthesis routes. In MRE, we used the component contribution (CC) method to

estimate Gibbs free energy of reactions. The CC method cannot provide estimation

for 12.3% of the reactions in the KEGG REACTION database. On top of that,

it suffers from inaccuracy. These two challenges, accuracy and coverage, led us to

develop the FC method.

The fingerprint contribution (FC) method was developed to provide a more ac-

curate and complete estimation of the reaction free energy. FC takes into account

global and local measures for a molecule based on combined fingerprints from dif-

ferent resources including the Pubchem fingerprint, OpenBabel fingerprint 4(FP4)

and the MACCS keys fingerprint. We represented a molecule in a numerical feature

vector with 1585 features. The final regression model became an underdetermined

system. We solved our system using linear regression with regularization techniques.

We also used a systematic approach to find the most relevant features to interpret

and simplify the model. Thus, the selected features further improved the accuracy of

the model. The final accuracy of the FC method outperformed the-state-of-the-art

methods.

Another important measure besides the performance accuracy is the coverage,

which is the ability of the method to represent a compound in a numerical feature

vector. We performed a comparison based on the coverage of the FC method and

the state-of-the-art methods. The FC method can represent any molecule that has
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a known 2D structure whereas the CC method is not able to represent 12.3% of the

KEGG reactions. Another important measure is the linear dependency of the KEGG

reactions on the training data. In the CC method, 12.7% of the KEGG reactions are

not linearly dependent on the training set. This leads to a higher error in the estimated

standard Gibbs energy. Both the nonlinearity of 12.7% of the KEGG reactions and

the inability of representing 12.3% of the KEGG reactions give a cumulative of 25%

of the KEGG reactions facing issues with their Gibbs free energy estimations using

the CC method. On the other hand, the FC method can represent all the KEGG

reactions, and all these reactions are linearly dependent on the training set.

Many applications relate to Gibbs free energy for biochemical reactions. Thus,

Gibbs free energy can be used as weights for the edges (reactions) in a biological

network. Our results have shown that it is more informative than the count-based

approach. One such example would be to use them in the pathogen-host interaction

networks to study the system from a metabolic perspective. Another potential future

direction is to further improve the accuracy of the estimation of Gibbs free energy

of biochemical reactions by combining different methods such as the reactant con-

tribution, group contribution, component contribution and fingerprint contribution.

Our future work includes the development of a fingerprinting method to generate

more suitable features and a nonlinear modeling approach to achieve higher pre-

diction accuracy for the Gibbs free energy prediction problem. Thus, to develop a

high-performing nonlinear modeling approach to the Gibbs energy prediction prob-

lem, we plan to study how neural network models can be customized to meet the

energy conservation constraints and to increase the prediction accuracy.
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APPENDICES

A Graph Search Algorithm Pseudocodes
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Pre-processing pseudo-code 

1 //to store the optimal scores from any vertex v to the target vertex 

2 sub preprocess(t,max_d): 

3     h[t][0]  0.0 

4     for each step from 0 to max_d-1 do 

5         for each e in G.edges do 

6             if h[e.dest][step]~=-INF 

7                 updated_score  h[e.dest][step] + e.score 

8                 h[e.src][step]  max(h[e.src][step],updated_score) 

9             end-if 

10     end-for 

11        h[t][step]  -INF 

12    end-for 

13    for each v in G.vertices do 

14        for each step from 1 to max_d-1 do 

15            h[v][step]  max(h[v][step], h[v][step-1]) 

16        end-for 

17    end-for 

Modified depth first search (M_DFS) 

1 sub M_DFS(u,d): 

2     for each e from u to v in G.OutgoingEdges(u) do 

3         if v is not visited and e is not visited 

4             label v as visited and add it to cp.vertices 

5             label e as visited and add it to cp.edges 

6             ps  ps + score(e) 

7             g[v]  ps // path cost from the source to vertex v 

8             d=d+1 

9             if g[v]+h[v][max_d-d]>threshold 

10                if v=t 

11                    add cp to op 

12                    if op.size>k 

13                        sort op by score 

14                        keep only the top k paths in op 

15                        threshold  the score of the last path 

16                    end-if 

17                elseif d<max_d 

18                    M_DFS(v,d) 

19                end-if 

20            end-if 

21            label v as not visited and remove it from cp.vertices 

22            label e as not visited and remove it from cp.edges 

23            ps  ps - e.score 

24            d  d-1 
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25        end-if 

26    end-for 

Modified Breadth First Search (M_BFS) 

1 sub M_BFS(): 

2     pp  previous paths 

3     np  next paths 

4     add cp to pp 

5     for each d from 1 to max_d do 

6         for each path in pp do  

7             u  the last vertex in path 

8             for each edge(e) from u to v in G.OutgoingEdges(u) do 

9                if v is not in path.vertices and e is not in path.edges 

10                    next_path = path 

11                    add v to next_path.vertices 

12                    add e to next_path.edges 

13                    next_path.score  next_path.score + e.score 

14                    g[v]  next_path.score // path cost so far 

15                    if v=t 

16                        add next_path to op 

17                        sort op by score 

18                        if op.size>k 

19                            keep only the top k paths in op 

20                            threshold  the score of the last path 

21                        end-if 

22                    elseif g[v]+h[v][max_d-d]>threshold 

23                        add next_path to np 

24                    end-if 

25                end-if 

26            end-for 

27            sort np by score 

28            keep only the top k paths in np 

29        end-for 

30        pp  np 

31        empty np 

32    end-for 
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B Fat and Skinny Matrices Have the Same Regularized

Solution

We have a regularized ridge regression applied on the original features (fat matrix),

which has features more than observations. Also, we have a regularized ridge regres-

sion applied on the selected features (skinny matrix), which has features less than

observations. Any skinny matrix has a left inverse, which is (XTX)−1XT, but no

right inverse. Any fat matrix has a right inverse, which is XT(XXT)−1, but no left

inverse. Based on that, if we have a regularized solution, then we will have two dif-

ferent solutions. One for skinny matrix which is (XTX + λI)−1XT and the other one

for fat matrix which is XT(XXT + λI)−1. Now, we want to prove that these two

solutions are equal. In other words, (XTX + λI)−1XT = XT(XXT + λI)−1.

Proof. We can denote SVD of X as X = UΣVT.

When X has linearly independent rows, and thus matrix XXT is positive definite,

we can prove that

XT(XXT + λI)−1 = VΣUT
(
UΣVTVΣUT + λI

)−1

= VΣUT
(
UΣ2UT + λUIUT

)−1

= VΣUT
(
U
(
Σ2 + λI

)
UT
)−1

= VΣUTU
(
Σ2 + λI

)−1
UT

= V
Σ

Σ2 + λI
UT,

where Σ2+λI is positive definite and thus is always invertible, since XXT is a positive

definite matrix. When X has linearly independent columns, and thus matrix XTX is
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invertible, we can similarly derive

(XTX + λI)−1XT =
(
VΣUTUΣVT + λI

)−1
VΣUT

=
(
VΣ2VT + λVIVT

)−1
VΣUT

=
(
V
(
Σ2 + λI

)
VT
)−1

VΣUT

= V
(
Σ2 + λI

)−1
VTVΣUT

= V
Σ

Σ2 + λI
UT.

Therefore,

XT(XXT + λI)−1 = (XTX + λI)−1XT.


	Examination Committee Page
	Copyright
	Abstract
	Acknowledgements
	List of Abbreviations
	List of Symbols
	List of Figures
	List of Tables
	Introduction
	Overview of Synthetic Biology
	Biosynthesis Pathway Design (BPD)
	Casting Biosynthesis Pathway Design (BPD) as a Graph Search Problem
	Challenges and the Proposed Solution for the Missing Weights in the Universal Reaction Network
	Objectives and Contributions

	A New Thermodynamics-based Approach to Aid the Design of Natural-product Biosynthetic Pathways
	Introduction
	Materials and Methods
	Data Resources
	Function of MRE
	Definition and Description of MRE
	Workflow of MRE
	Host-independent Metabolic Network with Verified Reactions
	Host-dependent Reaction Weighting Scheme
	Mathematical Description of the Host-dependent Reaction Weighting Scheme
	Effects of Different Organism Infrastructures
	Biosynthesis Route Search
	Graph Search Algorithm for Top K Paths

	Results and Case Studies
	Computational Performance Analysis in the Runtime Environment
	Biosynthesis of Naringenin
	Production of Value-added Chemicals from Glycerol
	Production of Artemisinic Acid

	Discussion

	Systematic Selection of Chemical Fingerprint Features Improves the Gibbs Energy Prediction of Biochemical Reactions
	Introduction
	Materials and Methods
	Component Contribution Dataset
	KEGG REACTION Dataset
	Mapping of Compounds to Their 2D Fingerprints and Molecular Descriptors
	Energy Conservation Constraint
	Fingerprint Contribution Model
	Overview of the FC Method
	Feature Selection
	Comparison between Feature Vectors of FC and GC
	Significance Test of the Range-based Partition for Accuracy
	Prediction Error Estimation for the KEGG REACTION Dataset

	Results
	Performance Comparison via Cross Validation
	The Effects of Tuning the Parameter () on Lasso Model
	The Effects of Tuning the Parameter () on Ridge Model
	The Effects of Different Combinations of Fingerprints
	The Effects of Feature Selection on the Prediction Accuracy
	The Effects of the Threshold for the Number of Zero Weights ()
	The Effects of Linear Dependency on the Prediction Accuracy
	Performance Analysis Using the KEGG Dataset

	Discussion

	Concluding Remarks and Future Work
	References
	Appendices

