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ABSTRACT

The use of metabolic networks is extremely valuable for design and optimisation of bioprocesses
as they provide great insight into cellular metabolism. Within bioprocess optimisation, they have
enabled better (economic) objective performance through more accurate network-based models.
However, one of the drawbacks of using metabolic networks is their underdeterminacy, leading to
non-unique flux distributions. Flux Balance Analysis (FBA) reduces this issue by making assump-
tions on the behaviour of the cell. However, for metabolic networks of higher complexity, can still
struggle with underdeterminacy. Metabolic network reduction can remove or greatly reduce this
effect but can be difficult, especially when data is limited. Structural analysis of the metabolic
network through Elementary Flux Modes (EFM) or Extreme Pathways (EP) can help locate the rel-
evant information within the network. This work presents a metabolic network reduction approach
based on the EPs that best explain a small set of available measurements. Many of the reactions
will not be active during the process and a significantly smaller network can therefore be con-
structed. A case study of oxygen-limited Escherichia coli is presented which showcases this ap-
proach, enabling accurate prediction of the process with much smaller network-based models.
This leads to much lower complexity bioprocess models while keeping the necessary information
on cellular metabolism for the given process.
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INTRODUCTION

Model-based optimisation of bioprocesses has al-
ready shown great potential, enabling higher return on
economic objectives for a given process. In many optimi-
sation studies, a macroscopic model is used which relies
on kinetic expressions such as Haldane or Monod to
quantify the dynamic evolution of (by-)product and sub-
strate concentrations within the reactor. However, these
types of models do not consider the complex interactions
on the intracellular level, which has been shown to lead
to poor predictive performance in a dynamic context [1].

The incorporation of intracellular information is pos-
sible through metabolic networks, which has led to sig-
nificant improvements in objectives such as yield,
productivity, and final concentration of product [2]. How-
ever, these studies rely on smaller, less complex meta-
bolic networks as they require a high computational ef-
fort for the optimization study. Currently, many strains
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used for bioproduction have a genome-scale metabolic
network (GEM) available, easily surpassing 1000 reac-
tions. These GEMs are not suitable for the existing opti-
misation approaches, highlighting the need for reducing
the complexity of the metabolic network, while ensuring
minimal loss of key information regarding the bioprocess.

Constraint-based modelling

The metabolic network can be represented through
its stoichiometric matrix § € R™", which links metabo-
lites m to the reactions r they take part in. Analysis of
metabolic networks usually relies on the constraint de-
fined by the Pseudo-Steady-State-Assumption (PSSA):

S'v=0 (1)

This implies that there is no accumulation of metab-
olites within the network. The reaction rates or fluxes are
then captured in vector v. Constraint-based modelling
techniques such as Flux Balance Analysis (FBA) are built
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on this assumption. As S is not a full column rank, there is
more than one possible solution for the network, making
it an underdetermined system. Moreover, the solution
space of the PSSA is usually high-dimensional, especially
for large networks. Even with measurements to further
constrain the solution space, many possible solutions will
exist. This issue of underdeterminacy can be dealt with
in many ways [3]. Ideally, the underdeterminacy should
be eliminated or reduced significantly.

One way of dealing with the underdeterminacy is by
assuming that the cell follows a specific metabolic target
(e.g., maximising growth). Flux Balance Analysis or FBA
solves an optimsation problem with the assumed objec-
tive. In many cases, this leads to good prediction of met-
abolic behaviour, but can still lead to non-unique solu-
tions. Lexicographic optimization can ensure a unique so-
lution but needs a priority list of metabolic objectives [4].

Metabolic Flux Analysis or MFA aims to estimate the
fluxes based on only measurement data. For a dynamic
MFA-based model, kinetic equations are used to de-
scribe some of the key fluxes. Nimmegeers et al. [5] used
the concept of free fluxes, which are directly related to
the degrees of freedom of the PSSA. For large metabolic
networks, this leads to too many parameters to be esti-
mated, especially when data is limited. Reducing the de-
grees of freedom while keeping the relevant information
of the network is therefore key in this approach.

Metabolic network reduction

Many metabolic network reduction approaches ex-
ist in literature, mainly focusing on retaining as much in-
formation as possible. Most of them can be described as
a top-down or bottom-up approach. With top-down ap-
proaches [6,7], the full network is the starting point. With
techniques such as Mixed-Integer Linear Programming
(MILP), reactions are then iteratively removed. With bot-
tom-up approaches [8], smaller subnetworks are the
starting point, which are recombined to mimic the behav-
iour of the original network while maintaining a certain
limit on the size of the network.

Alternatively, small macroscopic models can be
constructed based on vectors characterising the solution
space such as EPs and EFMs. Maton et al. [9] enumerated
EFMs for a medium-scale metabolic network and se-
lected the most informative ones. This leads to good re-
production of the experimental data and therefore a
promising approach to analyse and model certain as-
pects of the metabolic network. Moreover, by selecting
an upper bound on the number of EFMs, the degrees of
freedom or free (macro-)fluxes can be directly controlled.

In this work, the potential of using characterising
vectors is further investigated, evaluating how they can
help reduce and extract relevant information from large
metabolic networks. A relevant case study showcases
the applicability of this method to model bioprocesses.
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MATERIALS AND METHODS

Case study

A dFBA-based multi-scale model is used to simulate
the oxygen-limited growth of E. coli on glucose in a batch
reactor. The e_coli_core model [10] was used to estimate
the fluxes in CobraPy throughout the process, applying
bounds on the uptake fluxes through kinetic expressions.
The dynamic model will consider 6 metabolites of inter-
est: biomass, glucose, oxygen, acetate, formate, and eth-
anol. A term for the oxygen transfer from the gas phase
to the liquid is incorporated, using a mass transfer coef-
ficient of k,a = 7.5 hr~! [11]. The model can then be de-
scribed as:

% =vx X ?
% = Vg - X ©
oy k0Tt G) 8
o e X )
afiftor = vy X (6)
Letn _ Vetn * X 7

dat

The extracellular fluxes corresponding to the me-
tabolites of interest are obtained from FBA at each
timestep. The bound on the glucose uptake rate v, was
defined by Monod kinetics based on the glucose concen-
tration Cg. as follows [12]:

Cglc
0 =g 2 10520 (8)
The system of ODEs is then passed to SciPy’s

solve_ivp function, together with the initial conditions

Co = [0.012, 22 mM, 0.21mM,0.4 mM,0 mM,0 mM]. Simu-

lation was done on a virtual machine with a Intel(R)
Core(TM) i5-1235U processor and 8GB of RAM available.
The dFBA simulation ran in 133 seconds. For the
e_coli_core [10] network, all the EPs are enumerated us-
ing an accelerated version of Canonical Basis Approach
[13] developed in Mores et al. [14].

Selection procedure

Given that the number of EPs is usually quite large,
efficient procedures have to be developed to select the
most informative EPs for the process. In this work, a two-
step approach is presented. First, a preselection step
based on yield is carried out to get a more manageable
number of EPs. This is followed by an iterative routine
based on optimization problems to find the final set of
EPs to be used to create smaller biological models.
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Preselection based on yield analysis

Since not all EPs carry relevant information regard-
ing the case study, a preselection is carried out to reduce
the large number of EPs to a more manageable size. With
yield analysis [15], the EPs are projected into yield space.
The metabolites are split into products and substrates,
which is used to define the yields of each EP. From the
metabolites of interest in the case study, glucose and ox-
ygen are the only substrates. As specified in Ramkrishna,
a reference substrate is chosen (glucose) and the other
substrates are given a minus sign. Within this yield space,
a convex hullis constructed for the set of EPs. The points
that define this convex hull encompass and therefore be
able to describe the experimental data.

Final EP set selection

After a significant reduction of candidate EPs
through yield analysis preselection, different optimization
problems will be defined to aid in selection the most in-
formative EPs regarding a dataset. These optimization
problems are based on minimization of error to the meas-
urement, defined as follows [9]:

SSE = Zzl:eii(EPk @ — Vops )W L(EPy - ¢ — vobs,k)T' ()

where ¢ corresponds to the macro flux vector of the ex-
treme pathways, v,,s corresponds to the measured ex-
tracellular flux, and W corresponds to a diagonal matrix

of weights defined by (Uobs,k)zl the maximum flux for
each measured exchange reaction.

First, an initial sweep is done over the set of EPs
where one EP is has its macro flux set to zero. If disabling
an EP this way leads to an insignificant change to the SSE
resulting from the optimization, the EP is considered to
not carry relevant information regarding the process and
therefore is removed. Important to note is that the order
of this initial sweep does have an influence on the result.
Here we sweep stochastically.

To get the final selection of EPs, the worst perform-
ing EP will be removed iteratively until a desired set size
is achieved. Every iteration, each remaining EP is set to
inactive separately and the SSE is re-evaluated. The EP
whose inactivation leads to the best score is then se-
lected for removal as it is the current worst performer.

Model reduction approaches

To reduce the network-based model, two ap-
proaches will be used. Based on the results from EP se-
lection, models are created by either considering the EPs
separately or by reconstructing a network based on the
active reactions in the selected EPs.

Reduced network model

Since the EPs selected are the most informative
pathways for the given process, they contain the most
valuable, informative reactions. By reconstructing a
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network based on the reactions active in the set of EPs,
a small network is created which focuses on relevant as-
pects of the metabolism. Direction of the reactions in the
EPs is also considered, making reversible reactions with
only one relevant direction irreversible. One of the bene-
fits of using EPs here is that the pathways remain feasible
since the EPs are minimal steady-state solutions of the
system. This means that the reduced network still allows
for techniques such as FBA to be performed.

Macro-reaction model

Alternatively, the EPs themselves can be used as a
model substituting for the metabolic network. This ap-
proach is similar to Maton et al. [9], where the macro-
fluxes for the most informative EPs is used to model the
process. Simulating with this model is done by maximiza-
tion of the biomass output, similar to FBA. However, here
the macro-fluxes are manipulated to achieve the objec-
tive instead of the individual fluxes of each reaction.

RESULTS

Using the model described by Equations 2-8, a da-
taset is obtained for oxygen-limited E. coli. The dataset
consists of 74 datapoints over a 15 hour time period. To
account for ATP when selecting EPs, the minimal ATP re-
quirement is added to each timepoint as an additional
state. From this concentration data, the fluxes per indi-
vidual cell were isolated by dividing the concentrations
by the biomass.

Extreme Pathway generation

Based on the e_coli_core network, the full set of EPs
is generated using the CBA method as described previ-
ously. The final set consists of 100,235 EPs, which is too
large to start applying the LP-based selection. Hence, a
preselection step is done based on yield analysis. After-
wards, LP-based selection is done to try and reduce the
EP set below the number of measured metabolites [9], in
this case less than 7 since ATP is included as an addi-
tional metabolite.

SSE evolution during EP selection

1024

SSE value
-
S
2

1014

1024

2 3 4 5 6 7
# EPs

Figure 1. SSE scores during the final selection procedure
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Preselection

Preselection of EPs is done based on yield analysis,
with glucose selected as the reference substrate for the
process and all other metabolites from the process model
as the products. In the yield space, a convex hull is then
constructed, whose points should be able to fully repre-
sent the dataset generated from FBA. The EPs kept after
preselection are then those who correspond to the verti-
ces of the convex hull in yield space. This leads to a sig-
nificant reduction of EPs, with only 113 EPs remaining.

LP-based selection

A first sweep aims to eliminate the least informative
EPs. The order of EPs is first randomized as the order
does influence the selection results to try and reduce the
bias towards some EPs. The threshold for significance is
set at an SSE difference of 0.001. When an EP’s removal
leads to this level of decline in the SSE score, it is kept.
This first sweep reduces the EP set to just 8 significant
EPs. However, the goal is to have less than 7 EPs. There-
fore, EPs are iteratively removed based on the worst-per-
former as described previously. SSE values are shown
throughout this iterative reduction of EPs in Figure 1.
Based on the trade-off between complexity and accu-
racy, a decision then has to be made on how many EPs
to keep. In this work, 5 EPs are selected as it is below the
threshold of 7 while keeping relatively good SSE values.

| 100,235 |

| 113

g .|

First sweep

5|

Worst-performer

Yield analysis

Figure 2. Evolution of EP set sizes with each reduction
step. Blue indicates the yield analysis method, red indi-
cates the LP-based reduction.

Reduced Network Model

Important reactions for the process can be found by
analysing the remaining EPs. Each reaction that does not
take part in any of the remaining EPs is not needed to
reproduce the observed metabolic behaviour. Therefore,
these reactions can be seen as less important and can be
removed from the network. This already reduces the
complexity of the network significantly, but considering
reversibility enhances this even more. If only one direc-
tion of a reversible reaction is present in the EPs, it can
be converted within the network-based model to an
Mores et al. / LAPSE:2025.0540
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irreversible reaction in the relevant direction for the pro-
cess.

When this principle is applied to the remaining EPs,
the network is reduced from 95 reactions to 60. From
these remaining reactions, 25 are converted from re-
versible to irreversible in the relevant direction. When
purely considering the number of reactions, this does not
seem like a significant reduction. However, as discussed
previously, the target for the reduction in this work is
more aimed towards a reduction in free fluxes. The com-
plexity of this reduced network is significantly smaller,
needing only 6 free fluxes to be estimated instead of the
original 28.

To validate if this reduced network is still capable of
representing the same metabolic behaviour as the full
network, dFBA is also applied to the reduced network
with the same initial conditions. Even though the com-
plexity of the network is reduced significantly, dFBA on
the reduced network lead to a perfect reconstruction of
the original dataset. This highlights the potential of this
targeted network reduction approach with limited pro-
cess information requirements, which can help reduce
computational effort and data requirements for estima-
tion of a network-based bioprocess model.

Macro-reaction model

By using the EPs remaining as macro-reactions, an-
other type of reduced model can be derived. Since there
are 5 EPs as was selected, 5 macro-fluxes have to be es-
timated. The complexity of this network is thus even
smaller than the reduced network approach since only 5
macro-fluxes must estimated instead of the previously
discussed 6 free fluxes.

By using the same principle of biomass maximiza-
tion using the 5 EPs as individual macro-reactions with
the available uptakes of glucose and oxygen, metabolic
behaviour can be approximated. Using the same initial
conditions and kinetic equations as the original dataset,
very similar metabolic behaviour can be observed
throughout the process. Only very minor differences can
be observed between the results of the macro-reaction
model and the original network-based model as can be
seen in Figure 3. Compared to the network-based mod-
els, the simulation time is reduced significantly, from 133
seconds to just 16 seconds.

CONCLUSION

In this work, new approaches were developed to re-
duce metabolic networks when a limited amount of infor-
mation is available. Using extracellular measurements,
relevant aspects of the network can be identified and
kept in the reduced network by employing static analysis
of the network through Extreme Pathways. A relevant
case study was defined, where extracellular measure-
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Figure 3: Reactor concentration profiles over the duration of the process. Solid lines are obtained using the full
network-based model in CobraPy, dashed lines are obtained by finding the optimal macro-fluxes for the selected
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ments were substituted through simulation based on a
metabolic network of E. coli. Even though the network
used is relatively small, it still suffers from the effects of
underdeterminacy. In total, 26 free fluxes have to be es-
timated either through measurements or by making as-
sumptions such as FBA objective functions. Many previ-
ous studies have focused on reducing the network to a
minimal number of reactions, but free fluxes or degrees
of freedom give a better idea of the complexity of the
network. Analysis of the metabolic network is done
through EPs, which are valid pathways through the net-
work and adhere to the Pseudo-Steady-State-Assump-
tion. The total EP set is very large, necessitating a prese-
lection step based on the concept of yield analysis [15].
The remaining 113 EPs are then evaluated based on their
ability to reproduce the measured metabolic behaviour of
oxygen-limited E. coli and the 5 most informative EPs are
finally selected to be used for model reduction.

Two model reduction approaches are defined and
implemented for the case study. The first one recon-
structs a network based on the active reactions in the 5
selected EPs. If a reversible reaction is only active in a
single direction, it is transformed into an irreversible
Mores et al. / LAPSE:2025.0540
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reaction in the relevant direction. This leads to a much
less complex metabolic network, reducing the free fluxes
from 28 to just 6 while keeping identical behaviour in the
case study.

A second approach substitutes the network by the
5 EPs as macro-reactions themselves. Instead of esti-
mating all intracellular fluxes, only 5 macro-fluxes then
have to be estimated instead of the 28 free fluxes. Using
this approach, only a small difference is found within the
case study between the full network and the macro-re-
action model while complexity is reduced significantly.

The results in this work indicate that analysis of met-
abolic networks through extreme rays such as EPs aids
significantly in understanding and finding the relevant as-
pects of metabolism in a network given a limited amount
of information on the process. Significantly reduced
models can be created successfully using the most rele-
vant EPs while keeping accurate metabolic behaviour.
This leads to a much less complex estimation of the
fluxes, potentially requiring much less data to get quality
bioprocess models.
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