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Along with the rapid scale-up of biological knowledge bases, mechanistic models, especially
metabolic network models, are becoming more accurate. On the other hand, machine learning
has been widely applied in biomedical researches as a large amount of omics data becomes
available in recent years. Thus, it is worth to conduct a study on integration of metabolic
network models and machine learning, and the method may result in some biological discoveries.

In 2019, MIT researchers proposed an approach called ’White-Box Machine Learning’ when they
used fluxomics data derived from in silico simulation of a genome-scale metabolic (GEM) model
and experimental antibiotic lethality measurements (IC50 values) of E. coli under hundreds
of screening conditions to train a linear regression-based machine learning model, and they
extracted coefficients of the model to discover some metabolic mechanism involving in antibiotic
lethality.

In this thesis, we propose a new approach based on the framework of the ’White-Box Machine
Learning’. We replace the GEM model with another state-of-the-art metabolic network model
– the expression and thermodynamics flux (ETFL) formulation. We also replace the linear
regression-based machine learning model with a novel nonlinear regression model – multi-task
elastic net multilayer perceptron (MTENMLP). We apply the approach on the same experi-
mental antibiotic lethality measurements (IC50 values) of E. coli from the ’White-Box Machine
Learning’ study. Finally, we validate their conclusions and make some new discoveries. Spe-
cially, our results show the ppGpp metabolism is active under antibiotic stress, which is sup-
ported by some literature. This implies that our approach has potential to make a biological
discovery even if we don’t know a possible conclusion.
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1 Introduction

Since the double helix structure of DNA was discovered in the 1950s, our knowledge
of the structures, functions, and interactions of biomolecules has been rapidly accumu-
lated. As have known more properties about biomolecules, we would like to explore how
they function as a system. This idea drives the constructions of mechanistic models
[Ing13]. A mechanistic model is built based on biological knowledge but obtains emergent
mathematical properties that enable us to infer unknown biological mechanism by using
mathematical and computational techniques.

An important type of mechanistic models is metabolic network models [Ing13]. The
metabolism is the whole set of chemical reactions in an organism to sustain its life. The re-
actants and products of these chemical reactions link into pathways and further a network.
This network in an organism can be modeled into a graph or matrix so that mathematical
and computational techniques can be applied to in silico analyze the properties of the
network and the corresponding metabolic system that are hard to in vivo observe and
measure.

The databases that curate data used for building mechanistic models are also known
as knowledge bases. These knowledge bases are being extended with latest biological
discoveries with an unprecedented speed, and thus the scale and accuracy of mechanistic
models also keep increasing. In order to take full advantage of these mechanistic models
for biological researches, it is essential to combine them with more and more advanced
mathematical and computational techniques, such as machine learning [Bak+18].

Machine learning (ML) is a class of artificial intelligence (AI) technology that becomes
very popular in the era of big data. ML algorithms can automatically learn patterns
from a large number of training data and produce a model for predicting future data.
The model is a predictive model that analyzes and predicts the relationships between
data but cannot simulate the mechanism that generate the data, which is different from
mechanistic models. The accuracy of the predictive model relies on the size of training
dataset and the selection of ML algorithms and corresponding parameters. A variety of
ML algorithms have come forth in the last decades, from linear regression to deep learning,
which fit for solving different problems.

In the past decades, applications of machine learning have become ubiquitous in biomedical
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researches, including genome annotation, predictions of protein binding, identification of
key transcriptional drivers of cancer, and characterization of transcriptional regulatory
networks, etc. [Cam+18]. In short, any task where a pattern can be learned falls under
the charge of machine learning.

In recent years, researches on integration of metabolic network models and machine learn-
ing are also becoming thriving. The combination of a mechanistic model and a predictive
model has potentials to overcome the drawbacks of each other. Now the trends in this
topic mainly focus on two directions: 1) ML applications in metabolic network models re-
construction; 2) ML applications using omics data derived from metabolic network models
simulation [KKL21].

The metabolic network models reconstruction is the work to reconstruct in vivo metabolic
networks into in silico models and curate them in knowledge bases. It is a laborious work
that often need the efforts of the whole research community for decades. Thus, many re-
searchers have tried to introduce machine learning into this work so that the whole process
can be automated and accelerated. For example, DeepEC [RKL19] is deep learning-based
method to predict enzyme commission (EC) numbers for enzymes in a metabolic network
model in a high-throughput manner. AMMEDEUS [MP20] is an ensemble learning-based
method to sift the metabolic reactions that should be manually reconstructed and curated
with high priority.

Along with the development of high-throughput omics technologies, plenty of omics
data, including genomics, transcriptomics, proteomics, fluxomics, metabolomics, and phe-
nomics, have become easier to measure. ML applications on omics data are versatile and
have potentials to make a lot of scientific outcomes. Though databases for experimental
omics data are constantly being updated with an unprecedented speed, they sometimes
cannot satisfy the big data requirements for machine learning. Thus, omics data derived
from in silico simulation through mechanistic models become another important source
and there have been some studies about this. For example, a recent study [Cul+20] used
multi-view learning to predict cell growth of many Saccharomyces cerevisiae strains with
the combination of fluxomics data derived from metabolic network models simulation and
experimental transcriptomics.

Another pioneering study in this direction is [Yan+19], which put forward a novel scien-
tific approach that a linear regression-based ML model was trained with fluxomics data,
which corresponded to metabolic reactions, derived from simulation through a genome-
scale metabolic (GEM) model of Escherichia coli, and experimental IC50 values which
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represented antibiotic lethality to E. coli under hundreds of screening conditions. Then
the coefficients of the ML model were extracted to analyze the relationships between
metabolic reactions or pathways and antibiotic lethality. They called the approach as
’White-Box Machine Learning’ because the approach aims at making the black box of bio-
logical mechanism underlying a phenotype becomes a white box where the biological mech-
anism is revealed. The approach finally helped them discover some bacterial metabolic
mechanism under antibiotic stress and the discoveries had been validated through wet
lab experiments. Figure 1.1 shows the framework of the ’White-Box Machine Learning’
approach.

Figure 1.1: Framework of the ’White-Box Machine Learning’ approach [Yan+19]. Simulated metabolic
fluxes and experimental antibiotic lethality measurements (IC50 values) under various screening conditions
were used to train a ML model. The analysis of trained ML model led to the discovery of 13 pathways
that might actively participate in antibiotic lethality. Finally, the discovery was validated by wet lab
experiments.

Though [Yan+19] has made an inspiring achievement, their work is still an initial ex-
ploration and remains many spaces for further development. Thus, we start a research
project which aims at creating a new approach based on the framework of [Yan+19] and
revealing more metabolic mechanism of E. coli under antibiotic stress. Specifically, we
plan to replace the conventional GEM model with a state-of-the-art metabolic network
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model – the expression and thermodynamics flux (ETFL) model. We will also replace
the linear regression-based ML model with a more accurate nonlinear regression model –
multi-task elastic net multilayer perceptron (MTENMLP). Finally, we will conduct some
downstream analysis to sift active pathways under antibiotic stress according to the co-
efficients extracted from the trained MTENMLP model and compare the results with
[Yan+19]. Figure 1.2 shows the flow of our approach. In Chapter 2 of this thesis, we will
introduce background knowledge of metabolic network models and the ETFL model. In
Chapter 3, we will introduce background knowledge of machine learning and the multi-task
elastic net multilayer perceptron (MTENMLP). In Chapter 4, we will show the results of
metabolic simulation, machine learning and downstream analysis. Of note, the project will
not include the wet lab experimental validation of the final results. In the last chapter,
we will conclude our achievements and shortages that need to improve in the future.

Figure 1.2: Flow of the approach of the project. The ETFL model will generate simulated metabolic
fluxes under the same screening conditions of [Yan+19]. The combination of the simulated metabolic fluxes
and IC50 values provided by [Yan+19] will be used to train a MTENMLP model. Then the coefficients
of the MTENMLP model will be extracted to analyze the active reactions and pathways under antibiotic
stress.



2 Metabolic network models

The mechanistic model is a mathematical model that quantitatively describes the mech-
anisms driving the observed behaviors of a real system. Mechanistic modeling relies on
extant human knowledge, such as physical laws, chemical equations, the central dogma
of molecular biology, which have been repeatedly observed and validated by experiments.
In recent decades, mechanistic models have been curated in knowledge bases and become
more and more accurate. Thus, they can be used to in silico simulate real system behaviors
under various environmental conditions.

The metabolic network model is an important type of mechanistic models, which recon-
structs the cellular metabolic network into a graph or a stoichiometric matrix. And it
can be used to mimic metabolism and generate simulated fluxomics. The complexity of
a metabolic network model varies depending on many factors, e.g., if it is local or in ge-
nomic scale, if thermodynamics constraints are satisfied, or if gene expression constraints
are considered.

Th ETFL model used in our project is a very complex metabolic network model. In this
chapter, we will start from the most basic GEM model and then add up complexity till the
ETFL model. In Section 2.1, we will introduce the basic genome-scale metabolic (GEM)
model. In Section 2.2, we will introduce the stoichiometric matrix which is the matrix
representation of the GEM model. In Section 2.3, we will introduce constraint-based anal-
ysis, such as flux balance analysis (FBA), which are basic methods to conduct metabolic
simulation on GEM models. In Section 2.4, we will introduce the thermodynamics flux
analysis (TFA), which is FBA with thermodynamic constraints. In Section 2.5, we will fi-
nally introduce the expression and thermodynamics flux (ETFL) formulation, which adds
more gene expression related constraints and variables based on TFA.

2.1 Genome-scale metabolic (GEM) model

Metabolism is the whole set of chemical reactions in an organism to sustain its life. The
substrates and products (metabolites) of these reactions link into pathways and further
a network. The metabolic network can be represented as a graph where metabolites are
nodes and reactions and transport steps are edges. For each reaction, the related genes,
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enzymes, etc. can attach to it as the properties of the edge. This graph is a basic formu-
lation of a metabolic network model. In recent decades, along with the rapid development
of biology, reconstruction of metabolic network models in genomic scale has become avail-
able and these models are known as genome-scale metabolic (GEM) models. There
have been many knowledge bases (e.g. KEGG [Kan02], MetaCyc [Kar+02] and BiGG
[Kin+16]) curating GEM models for various species (e.g. E. coli, S. cerevisiae, Mus mus-
culus and Homo sapiens). Figure 2.1 shows the GEM model of the core metabolism of E.
coli str. K-12 substr. MG1655 curated in BiGG.

Figure 2.1: GEM model of the core metabolism of E. coli K-12 MG1655 curated in BiGG [Kin+16].
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2.2 Stoichiometric matrix

A GEM model can also be represented as a stoichiometric matrix which is easier for
mathematical analysis [Pal15]. Given < metabolites and = reactions, their stoichiometric
matrix ( ∈ R<×= contains < rows for the metabolites and = columns for the reactions. The
entry (8 9 is the stoichiometric coefficient of metabolite 8 in reaction 9 , which is positive
if reaction 9 produces metabolite 8, negative if 9 consumes 8, and zero if metabolite 8 not
involved in reaction 9 . Figure 2.2 shows an example of the conversion from a GEM model
curated in BiGG knowledge base to a stoichiometric matrix.

Of note, a metabolic reaction can be reversible, i.e., the reaction actually includes a
forward reaction and a backward reaction. As in Figure 2.2, only the forward reaction is
represented in the stoichiometric matrix and the backward reaction has to reflect in other
form, e.g. negative lower bound for reaction flux in FBA. Sometimes a reversible reaction
is split into a forward reaction and a backward reaction, such as in COBRApy [Ebr+13],
so that there will be explicit two columns for the reversible reaction in the stoichiometric
matrix.

2.3 Constraint-based analysis

A common mathematical analysis on a stoichiometric matrix represented GEM model is
constraint-based analysis that converts the stoichiometric matrix into a constrained-based
optimization problem.

2.3.1 Flux balance analysis (FBA)

The flux balance analysis (FBA) [VP94] is the cornerstone of constraint-based analysis
on stoichiometric matrices (GEM models). Specifically, given a stoichiometric matrix
( ∈ R<×=, the reaction rates, also known as fluxes, of = reactions represented by a vector
E ∈ R=, FBA assumes that the metabolic system is in a quasi-steady state, where the
net flux flowing a metabolite is a constant, typically 0, and thus,

(E = 0 (2.1)

Equation 2.1 represents a mass (flux) balance system of linear equations. Its solution
space of E include all feasible fluxes for the GEM model in quasi-steady state. FBA
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Figure 2.2: The glycolytic pathway (part of a GEM model) coverts into a stoichiometric matrix. Each
metabolites involved in the pathway represents a row in the matrix and each reaction represents a column.
The entries in the matrix are stoichiometric coefficients with signs or 0. For example, reaction GAPD
consumes 1 G3P and thus the entry of (G3P, GAPD) is -1, and it produces 1 NADH and thus the entry
of (NADH, GAPD) is 1 [Sch+11].

converts it into a constraint-based optimization (linear optimization) problem by setting
an objective function. The objective is often optimizing a biological phenotype [OTP10].
A common objective for bacteria is maximizing the cellular growth rate – that is, the
rate at which metabolites are converted into biomass constituents such as nucleic acids,
proteins and lipids. The cellular growth rate can be represented as an artificial reaction
of biomass production and added into the model. The objective can also be others, such
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as maximizing ATP production.

The fluxes solution calculated through FBA is a good simulation to in vivo metabolism.
Thus, FBA has become a widely used method to derive simulated fluxomics data.

In FBA, a flux variable has a upper bound to limit the maximum forward flux of the
reaction. If the reaction is reversible, the lower bound of the variable can be a negative
number whose absolute value limits the maximum backward flux of the reaction. By
altering the bounds on certain exchange reactions, cellular metabolism under different
nutrient environments can be simulated. For example, the lower bound of the glucose
exchange reaction can be set to −10mmol · gDW−1 · h−1 to simulate the metabolism with
glucose uptake.

2.3.2 Parsimonious flux balance analysis (pFBA)

The parsimonious flux balance analysis (pFBA) [Lew+10] is a variant of FBA, where
a FBA is conducted and followed by another optimization that minimizes the total (net)
flux of all gene-associated reactions in the GEM model. The method can reduce the fluxes
associated to trivial metabolic genes in the optimal solution. In other words, pFBA finds
a solution (a set of reactions and genes) that can most efficiently achieve the objective
function of FBA.

The COBRA MATLAB Toolbox [Bec+07] is a widely used tool for constraint-based mod-
eling of metabolism. And COBRApy [Ebr+13] is the python version of it. It has provided
convenient APIs for conducting FBA or pFBA for GEM models from knowledge bases. In
our project, we will implement FBA and pFBA based on the COBRApy library and the
GEM models from BiGG [Kin+16].

2.4 Thermodynamics flux analysis (TFA)

Metabolic reactions must of course obey the laws of physics. However, FBA often results in
flux distributions that violate bioenergetics due to the lack of thermodynamics constraints
in their formulation. For example, a FBA solution may include non-zero flux in an internal
loop, which is not in accordance with the first law of thermodynamics where the net
thermodynamic driving force through a loop has to be zero.

Thermodynamics flux analysis (TFA) [HBH07] is a variant of FBA, whose solution
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will not include any thermodynamically infeasible reactions or pathways, and it provides
information about the free energy change of reactions and the range of metabolite activities
in addition to reaction fluxes.

TFA adds constraints on an FBA problem to couple reaction directionality to the standard
free energy of reactions and metabolite concentrations:

ΔA�
′
9 − ')

<∑
8=1

�8[
9

8
− ΔA�′9

◦
= 0 (2.2)

In Equation 2.2, ΔA�′9 represents the Gibbs energy change of the reaction 9 . ' denotes
the ideal gas constant, ) is the temperature in Kelvin, �8 is the scaled logarithm of the
concentration of the metabolite 8, and [ 9

8
represents the stoichiometric coefficient of the

metabolite 8 in the reaction 9 . ΔA�
′
9
◦ represents the standard Gibbs energy change of

the reaction 9 . Equation 2.2 defines the actual Gibbs energy of the reaction as a func-
tion of its standard Gibbs energy and the scaled logarithms of metabolite concentrations.
The concentration variables are bounded by experimental measurements or physiologi-
cal assumptions, and the standard Gibbs energies are bounded by the measurement or
estimation error.

It also introduces constraints that couple the sign of the Gibbs energy of a reaction to its
directionality through the use of binary variables [HBH07; SH20]:

± ΔA�′9 −  +  · 1±9 < 0 (2.3)

E±9 −  · 1±9 < 0 (2.4)

1+9 + 1−9 ≤ 1 (2.5)

E+
9
denotes the forward flux and E−

9
the backward flux,  is a big-M constant (bigger than

all upper bounds), and 1±
9
are binary variables. Equation 2.3 ensures that ΔA�′9 ≤ 0⇐⇒

1+
9
= 1 and ΔA�′9 ≥ 0 ⇐⇒ 1−

9
= 1. These binary variables are used to block flux E±

9
in

Equation 2.4 if the thermodynamics do not favor it. Finally, Equation 2.5 is added to
enforce that only one direction is chosen.

To apply these constraints, the standard Gibbs energy ΔA�′9
◦ must be known constants.

But unfortunately, not all reactions have obtained experimental ΔA�′9
◦ values. Thus, some

ΔA�
′
9
◦ have to be estimated values [Fla+12].

TFA has been implemented in MATLAB toolbox matTFA [Sal+19]. And pyTFA [Sal+19]
is the python version of it. In our project, we will implement TFA based on the pyTFA
library and the GEM models from BiGG [Kin+16].
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2.5 Expression and thermodynamics flux (ETFL) for-
mulation

Though FBA is a straightforward method for metabolic simulation, it often fails to catch
gene expression level effects, e.g. enzyme saturation, transcriptome-related constraints,
and thus generates biochemically unrealistic fluxes solution. Thus, many studies [Ler+12;
Llo+18] had done to build constraint-based models that also integrate gene expression
constraints.

The expression and thermodynamics flux (ETFL) formulation [SH20] is a variant
of TFA (and also FBA) that not only include thermodynamics constraints but also add
a lot of constraints and variables related to gene expression. Thus, ETFL is expected
to implement more accurate metabolic simulation than TFA and FBA. Next, we will
introduce the main constraints that ETFL has added on top of TFA.

Constraints for metabolites Metabolic reactions are catalyzed by enzymes. The en-
zyme of concentration �enz can catalyze a metabolic reaction which has flux E subject to
the enzyme capacity constraint,

0 ≤ E± ≤ :±cat · �enz (2.6)

where E± denotes the forward (+) and backward (−) flux of the metabolic reaction, :±cat is
the catalytic rate constant of the enzyme 9 for the forward and backward reaction.

Constraints for enzymes Each enzyme of concentration �enz is also subject to mass
balance in a quasi-steady state:

Easm
enz − E

deg
enz − ` · �enz = 0 (2.7)

where Easm
enz denotes the formation rate of the enzyme by the assembly of its constituent

peptides, Edeg
enz is the degradation rate, and ` represents the growth rate of the cell. Along

with this constraint, the peptide assembly and enzyme degradation reactions are added
into the stoichiometric matrix.

Constraints for mRNAs Each mRNA of concentration �mrna is also subject to mass
balance in a quasi-steady state:

Etcr
mrna − E

deg
mrna − ` · �mrna = 0 (2.8)
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where Etcr
mrna denotes the transcription rate, Edeg

mrna is the degradation rate, and ` represents
the growth rate of the cell. Along with this constraint, the transcription reaction is added
into the stoichiometric matrix.

Constraints for ribosomes Similar to enzymes, each ribosome of concentration �rib

is also subject to mass balance in a quasi-steady state:

Easm
rib − E

deg
rib − ` · �rib = 0 (2.9)

where Easm
rib denotes the formation rate of the ribosome by the assembly of its constituent

peptides and rRNAs, Edeg
rib is the degradation rate, and ` represents the growth rate of the

cell. Along with this constraint, the ribosomal peptide assembly and ribosomal degrada-
tion reactions are added into the stoichiometric matrix.

Constraints for RNA polymerase RNA polymerase (RNAP) is an enzyme, and hence
each RNAP of concentration �rnap also satisfies mass balance:

Easm
rnap − E

deg
rnap − ` · �rnap = 0 (2.10)

where Easm
rnap denotes the formation rate of the RNA polymerase by the assembly of its

constituent peptides, Edeg
rnap is the degradation rate, and ` represents the growth rate of the

cell. Along with this constraint, the peptide assembly and RNAP degradation reactions
are added into the stoichiometric matrix.

Constraints for peptides Each peptide of concentration �pep obey the mass balance
equation:

Etsl
pep −

∑
enz∈ENZ

`enz
pep · Easm

enz − E
deg
pep − ` · �pep = 0 (2.11)

where Etsl
pep denotes the translation rate, Edeg

pep is the degradation rate, and ` represents the
growth rate of the cell. Easm

enz denotes the assembly rate of some enzyme, and `enz
pep is the

ratio of the peptide that takes part in the assembly of the enzyme.

In general, enzyme assembly rates are much faster than degradation and cell growth, and
thus simplify this mass balance to:

Etsl
pep −

∑
enz∈ENZ

`enz
pep · Easm

enz = 0 (2.12)

Along with this constraint, the peptide translation reaction is added into the stoichiometric
matrix.
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Constraints for rRNAs rRNAs are used in the ribosome assembly reaction. Under
the hypothesis that free rRNAs are stable and scarce, their mass balance equation can be:

Etcr
rrna − Easm

rib = 0 (2.13)

where Etcr
rrna denotes the transcription rate, Easm

rib denotes the formation rate of the ribosome
by the assembly of its constituent peptides and rRNAs. Along with this constraint, the
transcription reaction is added into the stoichiometric matrix.

Constraints for tRNAs tRNAs serve as the physical link between a codon in mRNAs
and an amino acid in peptides. The tRNA for amino acid 8 of concentration �trna8 also
satisfies mass balance:

Etsr
trna8 −

∑
pep∈PEP

`
pep
trna8 · E

tsl
pep − ` · �trna8 = 0 (2.14)

where Etsr
trna8 denotes the transcription rate. Etsl

pep denotes the translation rate of some pep-
tide, and `pep

trna8 is the ratio of the tRNA8 that takes part in the translation of the peptide.
Along with this constraint, the transcription reaction is added into the stoichiometric
matrix.

Since ETFL is so complex, we have not introduced all constraints and variables here.
Figure 2.3 shows a summary of the stoichiometric matrix and constraints (not showing
the thermodynamics constraints) in ETFL.

Figure 2.3: Summary of the stoichiometric matrix and constraints in ETFL [SH20]. It shows ETFL has
integrated much more variables and constraints than FBA.

Python version of ETFL has been implemented in EPFL-LCSB/etfl. In our project, we
will implement ETFL based on this library and the GEM models from BiGG [Kin+16].

https://github.com/EPFL-LCSB/etfl
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Of note, in order to make the terminology concise and unified, in next chapters, we will
use the term FBA model to denote the GEM model amenable to FBA, pFBA model
the GEM model amenable to pFBA, TFA model the GEM model amenable to TFA, and
ETFL model the GEM model amenable to the ETFL formulation. And all these models
belong to metabolic network models and can conduct metabolic simulation.



3 Machine Learning

High-throughput omics technologies employed widely in the last decades have generated
an unprecedentedly large amount of omics data. As in other scientific disciplines, big
data in biology is opening up the possibility of data driven science towards understanding
complex biological systems and phenomena. These data present the raw materials needed
to gain insights into biological systems or complex diseases, but the potential of them can
only be realized through higher level analysis. In this regard, machine learning (ML)
is a powerful technique to achieve this goal, which can automatically analyze the data and
induce novel perspectives and hypotheses about biological systems [XJ19].

The multi-task elastic net multilayer perceptron (MTENMLP) used in our project involves
several ML techniques. In this chapter, we will start from basic concepts of supervised
learning and then introduce regularization, multi-task learning till MTENMLP. In Sec-
tion 3.1, we will introduce supervised learning techniques, especially linear regression and
neural network (multilayer perceptron). In Section 3.2, we will introduce regularization
techniques, especially elastic net. In Section 3.3, we will introduce multi-task learning and
the design of MTENMLP algorithm. In Section 3.4, we will introduce cross validation, a
useful technique to improve the performance of a ML model.

3.1 Supervised learning

Supervised learning (SL) is a subcategory of machine learning that learns a ML model
from a training dataset, each observation of which consists a pair of a vector of features
(independent variables) and a corresponding label (a scalar or discrete target variable)
[Jam+13]. If the labels of a training dataset are binary or discrete, the learning problem
is called classification; and if they are scalar, it is regression. The problem of our
project is a regression problem.

Specifically, given a training dataset of # observations of ? features: (X, y) = {(xi, H8) |
xi ∈ R?, H8 ∈ R}#8=1, xi is the vector of independent variables and H8 is the observed target
variable. The training dataset will be inputted into an untrained SL model and the
training process results in a new model, concretely, a function 5 (·) of xi that can produce
a predicted target variable Ĥ8 ∈ R. There is always an error Y8 between H8 and Ĥ8. Thus,
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an SL model can be represented as the form [Jam+13]:

H8 = Ĥ8 + Y8 = 5 (xi) + Y8 (3.1)

The goal of training process is to find a 5 (·) that can minimize the errors for all observations
in the training dataset, i.e., minimize a loss function ! (·). Hence, when a new xi that
doesn’t belong to the training dataset comes, 5 (xi) can produce a Ĥ8 very approximate
to H8 which is not observed though. Then the SL model becomes a predictive model to
estimate the label of a new observation whose actual label is unknown.

There are many kinds of loss functions. One loss function frequently used for regression
problem is the residual sum of squares (RSS) [Jam+13]:

! (·) = RSS(·) = ‖y − ŷ‖22 = ‖"‖22 (3.2)

where " is the vector of errors of all observations in the training dataset.

The minimization of loss function ! (·) is a problem of optimization. There are a lot of
optimization algorithms, including gradient descent, coordinate descent, Adam, etc. But
all of them are used to optimize the coefficients or parameters of a 5 (·) in defined form.
Thus, the form of 5 (·), also known as SL model or SL algorithm, should be defined before
optimization and the definition will impact the accuracy of the predictive model. In the
past decades, a variety of SL models have been proposed to fit different problems. In
our project, we will apply a linear regression-based model, which is the most popular SL
model and used in the paper [Yan+19], and a neural network (multilayer perceptrons)
based model which is a nonlinear model that can more flexibly fit the training dataset.

Of note, the general purpose of supervised learning is prediction. However, SL is also a
technique of feature selection. As shown in Figure 3.1, in our project, we will extract
coefficients from the trained SL model and use them to sift the metabolic reactions most
related to antibiotic lethality. Like other SL models, the trained SL model here is still
a predictive model. But since the size of our training dataset is much smaller than the
number of features, i.e. # � ?, we have to use the whole dataset as the training dataset
and not spare a testing dataset for prediction. However, we will still use the trained SL
model to calculate predictive antibiotic lethality (IC50 values) for the training dataset and
compare them with the measured values to validate how well the SL model fit the training
dataset.
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Figure 3.1: Supervised learning is used as a feature selection technique in our project. The SL model
(that is finally MTENMLP model) is trained with the training dataset (metabolic fluxes and IC50 values).
Then the coefficients of the trained SL model will be extracted and used as the criterion for selecting
metabolic reactions most related to antibiotic lethality. Prediction is only used to validate how well the
SL model fit the training dataset..

3.1.1 Linear regression

In supervised learning, linear regression is the most commonly used approach to learn
the relationship between xi and H8. In linear regression, 5 (·) is a linear combination of
independent variables plus a intercept. Thus, the linear regression model has the form
[Jam+13]:

H8 = Ĥ8 + Y8 = wᵀxi + 18 + Y8 (3.3)

where the vector w ∈ R? are regression coefficients and 18 is an intercept or bias. In
practice, 18 can be integrated into w by adding an independent variable of value 1 into xi.
Thus, the form can also be:

H8 = Ĥ8 + Y8 = wᵀxi + Y8 (3.4)

In the next sections, we will always assume the 18 has been integrated and ignore to write
out it.

In this project, we adopt the RSS loss function for linear regression and it has the form:

! (w) = RSS(w) = ‖y − ŷ‖22 = ‖y −Xw‖22 (3.5)

where X =


xᵀ1
...

xᵀN

 .
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Once the model is trained, w will be extracted to find the metabolic reactions most related
to antibiotic lethality.

3.1.2 Multilayer perceptrons

Artificial neural networks (ANN), also known as neural networks (NN), are a kind
of SL models inspired by biological neural networks in human brains. In recent years, so
many ML models based on NN have been developed that a new branch of machine learning
called deep learning (DL) emerges. DL models, such as feedforward neural networks
(FNN), convolutional neural networks (CNN), and recurrent neural networks (RNN) have
been widely applied to many fields, including computer vision, natural language processing,
bioinformatics, drug discovery and medical image analysis. In our project, we will try a
basic FNN model, also known as multilayer perceptrons (MLP).

A MLP model consists of at least three layers of nodes: an input layer, a hidden layer and
an output layer. Except for the input nodes, each node is called a neuron that includes an
activation function. The training process is done through the backpropagation algorithm
combining with optimization. Since its multiple layers and activation functions can be
nonlinear, a MLP model is able to fit nonlinear training dataset that can not be accurately
fitted through linear regression.

As shown in Figure 3.2, given a MLP model with  hidden layers, for an input xi, the
9-th neuron in the 1st hidden layer ℎ(1)

9
= q(w(1)j

ᵀ
xi), the vector of all neurons in the 1st

hidden layer h(1) = q(W(1)xi). Thus, the MLP model can be derived as the form [GBC16]:

H8 = Ĥ8 + Y8 = k(W(K+1) . . . q(W(2)q(W(1)xi))) + Y8 (3.6)

where W(k) =


w(k)1

ᵀ

...

w(k)nk

ᵀ

 , : ∈ {1, . . . ,  + 1}, is the coefficient matrix between :-th and

(: + 1)-th layers, and =: is the number of neurons in the (: + 1)-th layer. q(·) and k(·)
are activation functions. q(·) is nonlinear, such as ReLU and sigmoid, and is applied on
hidden layers. k(·) is linear and only applied on the last output layer. Activation functions
q(·) is the nonlinear ReLU and k(·) is the linear activation function.

The MLP model can also use the RSS loss function. The backpropagation algorithm
will iteratively propagate the error between ŷ and y back into the model and adjust the
coefficient matrices to minimize the loss function.
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Figure 3.2: An example of MLP model. The backpropagation algorithm will iteratively propagate the
error between Ĥ8 and H8 back into the model and adjust the coefficient matrices.

3.2 Regularization

The regularization is an important technique to avoid overfitting in machine learning.
Many regularization approaches are based on limiting the capacity of ML models by adding
a parameter norm penalty to the loss function. This makes them get the property to shrink
some coefficients in ML models to zero. Thus, these regularization techniques have become
widely adopted to implement feature selection.

3.2.1 Elastic net regression

Linear regression with !2 norm regularization is called ridge regression, its loss function
has the form [Mur12]:

! (w) = RSS(w) + _‖w‖22 (3.7)

where RSS(w) = ∑=
8 (H8 − wᵀxi)2. The coefficients w will be estimated by minimizing the

loss function ! (w). _ is the turning parameter that decide how much to penalize the
overfitting of the ML model. The increase of overfitting often reflects on the increase of
the coefficients w. But when minimizing the ! (w), w have to keep small. This is how
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ridge regression prevent the ML model from overfitting.

Linear regression with !1 norm regularization is called LASSO (least absolute shrink-
age and selection operator) regression, its loss function has the form [Mur12]:

! (w) = RSS(w) + _‖w‖1 (3.8)

Compared to rigid regression, LASSO regression will force some of the coefficients quickly
to zero, i.e., some independent variables are removed from the ML model. Thus, LASSO
regression generally has more sparse solution space and it has proved to be effective as a
feature selection technique.

Although LASSO regression is a good feature selection technique, it does not work well for
the case where the number of independent variables ? is much bigger than the number of
observations (size of the training dataset) #, i.e. ? � #. In this case, LASSO regression
can select at most # variables before it saturates. However, this case is very common for
biomedical data, and so does our training dataset.

The elastic net [ZH05] is a regularization technique which combines LASSO and rigid
regression, its loss function has the form:

! (w) = RSS(w) + _1‖w‖1 + _2‖w‖22 (3.9)

The introduction of !2 norm term prevents the elastic net from fast saturating in a ? � #

case. Thus, it becomes the best choice for our project.

3.2.2 Elastic net MLP

The elastic net regularization can also be used in a MLP model to implement feature
selection. [Sun+16] has proposed a method to apply LASSO regularization on a MLP
model. [LCW16] has proposed a method to apply elastic net regularization on a MLP
model. We will refer to their work and design a method sightly different from the both
papers.

As shown in Figure 3.3, we will add a weighted input layer between the input layer and
the hidden layers. Thus, the MLP model becomes the form:

H8 = Ĥ8 + Y8 = k(W(K+1) . . . q(W(2)q(W(1)wxi))) + Y8 (3.10)

where w is the vector of weighted coefficients.

In the loss function, we will only penalize the weighted coefficients. So the loss function
will be in the same form of Equation 3.9
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Figure 3.3: An example of elastic net MLP model. The backpropagation algorithm will iteratively
propagate the error between Ĥ8 and H8 back into the model and adjust the coefficient matrices and also
the weighted coefficients.

3.3 Multi-task learning

In our project, we have three datasets of IC50 values respectively from antibiotics AMP,
CIP and GENT, and only one dataset of simulated metabolic fluxes. Introducing the
multi-task learning technique can help us train one ML model that fit for all the three
datasets of IC50 values.

Multi-task Learning (MTL) [Car97] is an approach to inductive transfer that improves
generalization by using the domain information contained in the training signals of related
tasks as an inductive bias. It does this by learning tasks in parallel while using a shared
representation and thus what is learned for each task can help other tasks be learned
better.

A learning task can be any supervised, unsupervised or semi-supervised ML task. Given
" supervised learning tasks {)<}"<=1, each task )< is associated with a #< size training
dataset {(x(m)i , H

(<)
8
) | x(m)i ∈ R?, H (<)

8
∈ R}#<

8=1. A MTL model will learn " functions
{ 5< (·)}"<=1 respectively for " tasks. In theory, the " SL tasks can be unrelated. But only
when the tasks are related in some extent, the performance of a MTL model can surpass
that of " independent SL models [Rud17]. For example, as different tasks have different
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noise patterns, MTL will learn a more general model to reduce overfitting for any task.
This implies data augmentation even though the size of training dataset is small.

Existing supervised MTL models reflect the task relatedness in three aspects: feature,
parameter and instance [ZY17]. A feature-based MTL model assumes that different tasks
share identical or similar feature representations. A parameter-based MTL model aims
at encoding the task relatedness into the learning model via the parameters. A instance-
based MTL model constructs a ML model for each task through instance weighting. In
our project, the MTL model will be feature-based. Three MTL tasks will be created for
the three antibiotics (AMP, CIP and GENT). The tasks will share the identical features
(metabolic fluxes).

3.3.1 Multi-task elastic net regression (MTENR)

For a multi-task elastic net regression (MTENR) model, the multiple tasks will be related
by sharing a loss function which has the form [Ped+11]:

! (W) = RSS(W) + _1‖W‖2,1 + _2‖W‖2� (3.11)

where W =

[
w1 . . . wm . . . wM

]
, F< denotes the regression coefficients of the task

)<.

In our project, we will use the multi-task elastic net regression implementation from scikit-
learn MultiTaskElasticNet.

3.3.2 Multi-task elastic net MLP (MTENMLP)

A MLP model can support multiple nodes in the output layer. And for our case, all the
three tasks have the identical shared features (metabolic fluxes). Thus, the implementation
of multi-task elastic net MLP (MTENMLP) will be relatively straightforward.

As shown in Figure 3.4, we will regard the three tasks as the three nodes in the output
layer. These tasks are closely related because they share the same neural network.

In our project, we will implement MTENMLP based on PyTorch [Pas+19] which has
provided a fundamental framework for MLP.
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Figure 3.4: An example of MTENMLP model. The backpropagation algorithm will iteratively propagate
the errors between vector ŷi and yi of the three tasks back into the model and adjust the coefficient matrices
and also the weighted coefficients.

3.4 Cross validation

In machine learning practice, a ML model often overfit the training dataset and doesn’t
perform prediction accurately for data outside the training dataset. Though we won’t
need prediction in our project, the accuracy of prediction can also reflect the validity of
feature selection. A common approach to avoid overfitting is cross validation, where a
training dataset is split into training and validation portions in each iteration and after
trying different training dataset portions on many iterations, overfitting can be improved.

k-fold cross validation (CV) means splitting the original training dataset into : equal
sized portions. At an iteration, one portion is used as validation data and all the other
: − 1 portions are training dataset. After : times training and validation, the results
are averaged to estimate the accuracy of the ML model. The advantage of k-fold cross
validation is all training dataset portions are used for training and each portion is used
exactly once for validation. 10-fold cross-validation is commonly used, but it depends on
different scenarios.

For applying cross validation in MTENR, we can use the scikit-learn MultiTaskElastic-
NetCV which has integrated cross validation step, and added a step to try a list of different
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turning parameters and select the model which gets the best prediction accuracy after all
these steps as the final ML model. For MTENMLP, we will implement a similar algorithm
as described in Algorithm 1. The best MTENMLP model chosen by this algorithm will
be extracted coefficients and used in the downstream analysis.

Algorithm 1: MTENMLP with k-fold CV and model selection
Input: Training data set (X, y), Turning parameter set Λ, :-fold
Output: The best MTENMLP model

1 foreach _ ∈ Λ do
2 foreach (Xtrain, ytrain,Xvalidation, yvalidation) ∈ SplitKFold(X, y, :) do
3 <>34; = MTENMLP(Xtrain, ytrain, _);
4 ŷvalidation = <>34;.predict(Xvalidation, yvalidation);
5 ;>BB+ = LossFunction(ŷvalidation, yvalidation);

6 return The MTENMLP model with the least loss;



4 Results

4.1 Metabolic simulation

4.1.1 iML1515 model

BiGG [Kin+16] knowledge-base curates GEM models for a variety of organisms. The
models are constantly created and updated to integrate the latest biological discoveries.
The iJO1366 model [Ort+11], which includes 1366 genes, 2251 metabolic reactions, and
1136 metabolites, is a GEM model of E. coli K-12 MG1655 released in 2011. The model
has been a milestone and widely used in many researches, including [Yan+19] and [SH20].
Although the iJO1366 model is a well characterized model for E. coli, many new genes and
metabolic reactions have been discovered since its release. The iML1515 model [Mon+17]
is a newer model of E. coli K-12 MG1655 released in 2017, which contains 189 new genes
and 196 new reactions compared to iJO1366. It has been gradually accepted as a good
replacement for iJO1366 in many researches, including [Yan+20] and [Kar+18]. In our
project, we will use iML1515 as the GEM model because the metabolic simulation based
on it is supposed to be more similar to the metabolism in the real world.

4.1.2 ETFL model

The metabolic simulation for a BiGG GEM model (e.g. iJO1366 and iML1515) with
FBA or pFBA can be conducted through COBRAPy [Ebr+13] and an optimization solver
(e.g. CPLEX, Gurobi). The metabolic simulation of the ETFL model follow the same
procedure. The difference is it will add additional variables and constraints on top of the
BiGG GEM model before optimization.

To compare the metabolic simulation results of iJO1366, iML1515, pFBA and ETFL under
aerobic condition, we design an experiment where we set up three model configurations:
1) iJO1366 + pFBA; 2) iML1515 + pFBA; 3) iML1515 + ETFL, and set the upper bound
of oxygen uptake as 18.5 mmol · gDW−1 · h−1 [Ort+11]. Then we change the upper bound
of glucose uptake rate from 0 to 15 mmol · gDW−1 · h−1 and observe the tendency of cell
growth rates and oxygen consumption rates. As Figure 4.1(a) shows, the cell growth
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rates of iML1515 + pFBA are lower than iJO1366 + pFBA, and iML1515 + ETFL has
much lower cell growth rates than the other two. And as Figure 4.1(b) shows, the oxygen
consumption rates of iML1515 + pFBA are higher than iJO1366 + pFBA, and iML1515
+ ETFL has much lower oxygen consumption rates than the other two. The experimental

(a) Growth rate (b) O2 consumption rate

Figure 4.1: Metabolic simulation results.

results demonstrate that the thermodynamic and gene expression constraints in the ETFL
model has lowered the cell growth rates and oxygen consumption rates as expected.

4.1.3 Screening conditions

In the study of [Yan+19], the IC50 values are measured under 210 screening conditions. In
each condition, only one of three antibiotics, glucose and the other one or two metabolites,
including amino acids, carbohydrates, nucleotides, and organic acids, are fed into the E.
coli cells culture. In our project, the metabolism under a screening condition is simulated
by setting the upper bounds of the one or two metabolites to 10 mmol · gDW−1 · h−1 in
the iML1515 + ETFL model. In addition, the upper bound of oxygen uptake is set to
18.5 mmol · gDW−1 · h−1 and that of glucose is 10 for all the conditions. Then we obtain
simulated fluxes of 210 screening conditions. They will be fed into the machine learning
to further investigate their correlation with IC50 values, i.e. antibiotic lethality. Of note,
the antibiotic impacts are unable to simulate and thus the simulated fluxes under one
screening condition will be shared by all three antibiotic conditions.
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4.2 Machine learning

4.2.1 Half maximal inhibitory concentration (IC50)

Half maximal inhibitory concentration (IC50) is a measure that indicates the concentration
of an inhibitory substance (e.g. antibiotics) needed to inhibit a, in vitro, biological process
(e.g. bacterial survival) by 50%. Thus, IC50 values can be used to represent the antibiotic
lethality for a species of bacteria in different environmental conditions.

In the study of [Yan+19], the researchers obtained IC50 values by conducting metabolite
screening experiments with E. coli strain K-12 MG1655. The E. coli cells were cultured in
MOPS minimal medium with 13C glucose. After overnight culture, the cells were grown
to early exponential phase, and back-diluted to OD600 = 0.1. Then they were dispensed
into Biolog phenotype microarray (PM) plates 1–4 [Boc09] with different concentrations
of ampicillin (AMP), ciprofloxacin (CIP), or gentamicin (GENT) added and systemati-
cally screened with 210 conditions. After 4 hours’ incubation, OD600 was measured on
a SpectraMax M5 Microplate Reader. Then IC50 were estimated from each set of = > 3
independent biological replicates by fitting logistic functions to each set of OD600 mea-
surements for each perturbation condition by MATLAB (Figure 4.2).

Figure 4.2: Flow of metabolite screening experiments [Yan+19]

4.2.2 Data pre-processing

The simulated fluxes of metabolic reactions from the iML1515 + ETFL model of 210
screening conditions and IC50 values provided by [Yan+19] combine into the training
dataset for machine learning. However, the dataset should be pre-processed to make the
ML models better fit them.

First, the IC50 value for each screening condition and antibiotic will be normalized by
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their on-plate controls and log2-transformed.

normalized-IC50 = log2 IC50 − log2 IC
(control)
50 (4.1)

Second, we find that there are some duplicates in the 210 screening conditions due to
the duplicate wells in Biolog phenotype microarray (PM). And there are some conditions
that include metabolites that are not modeled in iML1515, which causes the simulation
results are no different from that of none condition. Thus, the data of these conditions is
supposed to be unhealthy for machine learning and should be considered to remove. In
order to confirm this assumption, we conduct an experiment where the original data and
the data without unhealthy conditions are fed into the multi-task elastic net regression
(MTENR) algorithm respectively and train two ML models. Then the two trained ML
models will calculate predicted IC50 values for their training datasets. The gaps between
the predicted IC50 values and the measured IC50 values from the training dataset reflect
the accuracy of a ML model. Specifically, the gaps can be represented by the two metrics:
root mean square error (RMSE) and coefficient of determination (R2 score).

RMSE(H, Ĥ) =

√√
1
=

=∑
8=1
(H8 − Ĥ8)2 (4.2)

where = is the number of conditions, H8 is the measured IC50 value and Ĥ8 is the predicted
IC50 value of the condition 8. The smaller RMSE means the less errors in a ML model
and RMSE = 0 is the the best.

R2(H, Ĥ) = 1 −
∑=
8=1(H8 − Ĥ8)2∑=
8=1(H8 − H)2

(4.3)

where H =
∑=
8=1 H8. R2 score represents the fraction of total variation in the target vari-

able that can be explained by the variation in the independent variables. The larger R2

score means a higher level of correlation between the target variable and the independent
variables and R2 = 1 is the the best.

Figure 4.3 shows the RMSE and R2 score will improve if we remove unhealthy screening
conditions from the original dataset. Thus, we decide to use completely pre-processed
training dataset for the next studies.

4.2.3 MTENR vs. MTENMLP

In our project, we have implemented a multi-task elastic net MLP (MTENMLP) algorithm
which can conduct nonlinear regression. Since the size of our training dataset is pretty



29

(a) Original training dataset (b) Training dataset without unhealthy conditions

Figure 4.3: MTENR results with vs. without unhealthy conditions.

small, MTENMLP is supposed to better fit the dataset. In order to confirm this assump-
tion, we conduct an experiment where the completely pre-processed training dataset is
fed into MTENR and MTENMLP respectively and train two ML models. Then the two
trained ML models will calculate predicted IC50 values for the training dataset. The gaps
between the predicted IC50 values and the measured IC50 values from the training dataset
reflect the accuracy of a ML model.

Figure 4.4 shows the RMSE and R2 score of MTENR and MTENMLP with the pre-
processed training dataset. As expected, MTENMLP has achieved obviously better ac-
curacy (much lower RMSE and much higher R2 score) than MTENR. Thus, we choose
the results extracted from the MTENMLP model for the next analysis. Of note, since
the randomness inside a MLP algorithm, we has trained 10 MTENMLP models with the
same training dataset and use the average of their coefficients as the coefficients of the
final MTENMLP model.

4.3 Downstream analysis

After machine learning, the weighted coefficients of the final MTENMLP model are ex-
tracted and each coefficient corresponds to a metabolic reaction. The sign of a coefficient
can be positive or negative, which regularly means positive or negative correlation. But
since there are so many metabolic reactions, the signs may be not accurate. Thus, we
will remove the signs for all the coefficients and only retain their absolute values. That
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(a) MTENR results (b) MTENMLP results

Figure 4.4: MTENR vs. MTENMLP results.

the absolute value of a coefficient = 0 or is very small means the metabolic reaction con-
tributes few to antibiotic lethality and will be filtered out, i.e., the metabolic reactions
that have relatively large absolute coefficients are selected out. Then the coefficients are
log10-transformed and normalized to a score (0-100) which measures the significance of a
metabolic reaction to antibiotic lethality or also resistance. Because if a metabolic reaction
positively impact antibiotic lethality, it implies the reaction negatively impact antibiotic
resistance.

A metabolic reaction can be shared by many functional pathways in a metabolic network.
To further investigate the critical pathways for antibiotic lethality, we need to enrich the
metabolic reactions into pathways as [Yan+19] had done. We will upload the selected
metabolic reactions into EcoCyc [Kar+18], a knowledge-base specific for E. coli K-12
MG1655 and use its tools to find the pathways and superpathways that include the selected
reactions. Then we calculate the score of a pathway with two methods: 1) accumulating
the scores of metabolic reactions in the pathway, which find out metabolic pathways that
have many high scored reactions; 2) averaging the scores of metabolic reactions in the
pathway, which find out pathways that have extremely high scored reactions. We will
also use a tool called iPATH3 to visualize these pathways in a metabolic network, which
gives us an intuitive show of the most active metabolic pathways when bacteria resisting
antibiotics based on the results in this project. Of note, exchange and transport reactions
will be excluded from this analysis.

Table 4.1 shows pathways or superpathways which have the highest scores calculated by
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accumulating the scores of metabolic reactions in each pathway. It also shows if the
pathway was also found out by [Yan+19].

Table 4.1: Top ranked metabolic pathways calculated by the accumulating method.

Pathway iML1515 +
ETFL +

MTENMLP

[Yan+19]
(iJO1366 +
pFBA +
MTENR)

Superpathway of histidine, purine, and pyrimidine
biosynthesis

638.4 X

Superpathway of purine nucleotides de novo
biosynthesis II

423.7 X

Superpathway of glycolysis, pyruvate dehydrogenase,
TCA, and glyoxylate bypass

290.4 X

Superpathway of branched chain amino acid
biosynthesis

288.0 -

Mixed acid fermentation 271.6 -
Superpathway of aromatic amino acid biosynthesis 239.3 -
Superpathway of pyrimidine deoxyribonucleotides de

novo biosynthesis
226.0 -

Superpathway of L-threonine metabolism 216.3 -
Superpathway of sulfate assimilation and cysteine

biosynthesis
216.1 X

Superpathway of glycolysis and the Entner-Doudoroff
pathway

210.0 X

Superpathway of hexitol degradation (bacteria) 201.9 -
Salvage pathways of pyrimidine ribonucleotides 192.7 X

Superpathway of arginine and polyamine biosynthesis 175.7 -
Uracil degradation III 171.3 -

Superpathway of adenosine nucleotides de novo
biosynthesis II

169.8 -

Pentose phosphate pathway 168.7 X

Oleate V-oxidation 160.6 -
Superpathway of (Kdo)2-lipid A biosynthesis 157.8 -
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Superpathway of L-lysine, L-threonine and
L-methionine biosynthesis I

154.5 -

Glycolysis II (from fructose 6-phosphate) 152.0 -

Figure 4.5 shows the top ranked metabolic pathways calculated by the accumulating
method in a complete metabolic network.

Figure 4.5: Top ranked metabolic pathways calculated by the accumulating method

The above results reproduce the conclusion of [Yan+19] that purine and pyrimidine biosyn-
thesis actively participate in antibiotic lethality and central carbon metabolism activity
and cellular respiration increase under antibiotic stress. It also finds out some pathways
that are not mentioned in [Yan+19], such as the superpathway of branched chain amino
acid biosynthesis, the superpathway of branched chain amino acid biosynthesis and the
superpathway of (Kdo)2-lipid A biosynthesis.

Table 4.2 shows the pathways and superpathways which have the highest scores calculated
by averaging the scores of metabolic reactions in each pathway. It also shows if the
pathway is also found out by the reproduction of [Yan+19]. Of note, since few of the
following pathways is listed in [Yan+19], we reproduce the method of [Yan+19] and use
the reproduction results instead.
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Table 4.2: Top ranked metabolic pathways calculated by the averaging method.

Pathway iML1515 +
ETFL +

MTENMLP

Reproduction
of [Yan+19]
(iJO1366 +
pFBA +
MTENR)

Sulfate activation for sulfonation 84.7 -
ppGpp metabolism 76.3 -

Pyrimidine nucleobases salvage II 75.1 -
Pyrimidine ribonucleosides salvage III 75.1 -

L-alanine biosynthesis II 55.8 X

Superoxide radicals degradation 54.9 -
L-asparagine degradation I 50.9 -
L-glutamine degradation I 50.7 -

Assimilatory sulfate reduction I 47.5 -
L-arabinose degradation I 46.7 -
Uracil degradation III 42.8 -

Guanosine ribonucleotides de novo biosynthesis 41.7 -
L-lyxose degradation 39.9 -

L-ascorbate degradation I (bacterial, anaerobic) 39.9 -
L-ascorbate degradation II (bacterial, aerobic) 39.9 -

Cyanate degradation 39.4 -
Superpathway of L-alanine biosynthesis 39.1 X

Adenosine ribonucleotides de novo biosynthesis 39.0 -
L-threonine degradation IV 38.9 -

Ammonia assimilation cycle III 38.8 X

L-glutamate biosynthesis I 38.8 X

Figure 4.6 shows the top ranked metabolic pathways calculated by the averaging method
in a complete metabolic network.

The above results are very different from that got from the accumulating method. They
provide a more fine-grained insight on the pathways that participate in antibiotic lethality.
An interesting discovery is that the ppGpp metabolism ranked very high. The pathway
has been demonstrated to be active in gene expression regulation during the stringent
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Figure 4.6: Top ranked metabolic pathways calculated by the averaging method

response in some bacteria [Dur+08; Tra+08]. Since our target is to find active pathways
under antibiotic stress, this discovery has partly proved the effectiveness of our approach.



5 Conclusions

The paper [Yan+19] proposed an innovative approach to integrate metabolic models and
machine learning. They finally used the approach to reveal some bacterial metabolic
mechanism under antibiotic stress. Thus, the approach showed the potential to make
biological discoveries without assumption and prior knowledge. However, their work is an
initial exploration and remains many spaces for further development. Our research project
has proposed a new approach based on the framework of [Yan+19], which has improved the
accuracy of the original approach from multiple dimensions. The new approach has been
applied to E. coli and discovered a dozen of pathways that possibly relate to antibiotic
lethality but was not reported in the paper [Yan+19]. Specifically, our approach has made
the following improvements compared to that of [Yan+19].

First, we have introduced the iML1515 GEM model [Mon+17] to replace the iJO1366
GEM model [Ort+11] used in [Yan+19]. The iML1515 GEM model is a newer model that
has added more genes and metabolic reactions based on new biological discoveries since
2011. It is supposed to increase the accuracy of metabolic simulation.

Second, we have introduced the state-of-the-art ETFL model [SH20] to extend the GEM
model used in [Yan+19]. The ETFL model is a constraint-based model built from a
GEM model (e.g. iML1515) along with a variety of thermodynamic and gene expression
constraints. The metabolic simulation based on the ETFL model is supposed to be more
in accord with in vivo cellular metabolism than that based on a naive GEM model. This
improvement might reduce biases in the metabolic simulation and also the downstream
analysis. The code implementation of the ETFL model and the multi-omics data of E.
coli from EPFL-LCSB/etfl have been applied in our project.

Third, we have designed a machine learning algorithm called multi-task elastic net MLP
(MTENMLP) to replace the multi-task elastic net regression (MTENR) used in [Yan+19].
MTENMLP is a nonlinear regression algorithm that could more flexibly fit the training
dataset. There is no directly applicable code implementation of MTENMLP. Thus, we im-
plement the algorithm based on PyTorch which has provided a fundamental framework for
MLP. The ML metrics show MTENMLP has achieved better performance than MTENR.
This improvement might further reduce biases in the downstream analysis.

Finally, we have analyzed the results obtained from machine learning with EcoCyc [Kar+18]

https://github.com/EPFL-LCSB/etfl
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and iPATH3. The analysis has validated the conclusion of [Yan+19]. In addition, we have
found some pathways that may participate in antibiotic lethality but were not reported
in the paper [Yan+19]. Though these discoveries have not been validated through biolog-
ical experiments, they can, to some extent, provide a guidance to future researches. An
very interesting discovery is that the ppGpp metabolism is shown to actively take part
in antibiotic lethality. On the other hand, there have been some studies (e.g. [Dur+08;
Tra+08]) found the ppGpp metabolism is active in gene expression regulation during the
stringent response in some bacteria. The fact that more than one independent studies
arrive at the same conclusion implies our approach has the potential to make a biological
discovery even if we never assume a possible conclusion.

Though our new approach has made many developments to the original approach of
[Yan+19], there are still many shortages needed to be solved in future work.

First, the metabolic simulation is still biased to in vivo cellular metabolism in experimental
environments. For example, we didn’t involve the impacts of antibiotics into the metabolic
models. We assumed a type of antibiotics has the same impacts to all the 210 screening
conditions and they are ignorable for our research goal. However, antibiotic impacts in
different screening conditions may behave diversely and thus in vivo fluxomics are very
different from in silico simulated fluxes. In order to make our approach more accurate,
we need to model antibiotic impacts into the metabolic model or theoretically prove these
impacts are really ignorable.

Second, our work relied on the IC50 dataset provided by [Yan+19]. There were only 210
screening conditions in this dataset. And after pre-processing of unhealthy conditions, the
dataset become smaller. On the other hand, there were hundreds of metabolic reactions
for each screening condition. Thus, the machine learning model had to overfit the dataset
and it could not be used for prediction of unseen data. In order to increase the accuracy
of the ML model in prediction, we require IC50 data of high quality under more screening
conditions or add a good dimension reduction algorithm before machine learning.

Third, when calculating scores of reactions from their coefficients in the ML model, we
ignored the signs of coefficients. It means a reaction score dismiss if the reaction is nega-
tively or positively related to antibiotic lethality. Our intention is to find the most active
reactions and pathways, and their exact contributions to antibiotic lethality have to be
validated by biological experiments in the future. However, we can conduct statistical
inference to confirm the significance of the sign of a coefficient so that we can show a
theoretical positive or negative correlation before experimental validation. And this can
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help reduce errors when accumulating reaction scores into pathway scores.

We believe when the above shortages are solved, our approach can become a paradigm
for investigating the metabolic mechanism underlying antibiotic lethality or resistance. It
can also be extended to study other biological problems by replacing the metabolic models
with other mechanistic models (e.g. gene regulatory network models) and the antibiotic
lethality with other biological phenotypes (e.g. cellular proliferation).
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Appendix A Code and Data

All code and data of this research project is available at here.

The ETFL simulation code is at here.

The MTENMLP code is at here.

The MTENMLP results are at here.

The final pathways by accumulating method are at here.

The final pathways by averaging method are at here.

They are free to download and use. All libraries the code depend on have been mentioned
in the thesis.

https://github.com/takemu/Mscproject
https://github.com/takemu/Mscproject/blob/main/mscproject/simulation/etfl_model.py
https://github.com/takemu/Mscproject/blob/main/mscproject/ml/enmlp.py
https://github.com/takemu/Mscproject/blob/main/mscproject/ml/output/etfl_mlp_coefs.csv
https://github.com/takemu/Mscproject/blob/main/mscproject/ml/output/pathways/etfl_mlp_sum_scores.csv
https://github.com/takemu/Mscproject/blob/main/mscproject/ml/output/pathways/etfl_mlp_mean_scores.csv
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