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Abstract

This paper introduces a methodology that enables the relational learning
framework to incorporate quantitative data derived from experimental studies
in microbial ecology. The focus of using Default Logic in microbial ecology is
to enhance the comprehension of cellular physiological states and the inter-
pretation of interactions among metabolites and signaling networks. To illus-
trate our approach, a logical model is proposed as model of the glycolysis and
pentose phosphate pathways in E. coli. This method constructs a symbolic
model based on kinetics, utilizing the Michaelis-Menten equation, by discre-
tizing the concentration variations of specific metabolites over time based on
relevant levels to be integrated into our Logic Inference framework. Addition-
ally, we generate logical formulas for concentrations of metabolites that are
difficult to measure during dynamic states through logical abduction. Given
the resulting large set of conclusions/extensions, we employ an expectation
maximization algorithm operating on binary decision diagrams for ranking.

Keywords

Logical Model, £ coli, Default Logic, Binary Decision Diagram, Expectation
Maximization, Simulation

1. Introduction

Nowadays, systems ecology represents the key field to explain the functionality of
life science. Analyzing a system ecology requires the development of mathematical
models that can describe the system’s evolution in dynamic contexts or address
complex situations where human experience may exceed formal mathematical
analysis [1].

The analysis of these systems provides a wealth of data, varied by the diversity
of the biological models studied, the conditions of analysis, the levels of observa-
tion (macroscopic, microscopic or molecular) and the investigative tools used.

However, despite the quantity and quality of the data generated, many questions
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remain unanswered, and the discrete nature of the information collected means
that it is not yet possible to establish a systemic analysis of biological phenomena
[2].

Modern strategies for improving the performance of organisms of industrial
interest are based on a global, quantitative approach to understanding the func-
tioning of different levels of biological information integration, from gene flows
to metabolic flows (quantitative cell physiology). A recent emergence, metabo-
lomics aims to provide a global analysis of the repercussions on metabolic systems
of disturbances of genetic (metabolic engineering) and/or environmental (micro-
biological engineering) origin. The metabolome represents both the ultimate
manifestation of genome expression and the thermodynamic interface with the
external environment. The functional analysis of the metabolome of organisms of
industrial interest requires the development of two complementary approaches:
metabolic profiling, which aims to analyze qualitative/quantitative variations in
cellular metabolites, and fluxomic, which aims to analyze metabolic flows within
metabolic networks of increasing complexity [3].

In attempts to describe the behavior of living systems, when deductive model-
ing has failed, the qualitative reasoning approach based on the function of mole-
cules has shown its limits. While we know how to attribute properties to an ele-
ment of a living system based on its structure, it seems impossible to deduce them
either qualitatively or quantitatively. In the same way, although the properties are
known, we clearly cannot deduce their function in the living cell, and from the
characteristics of living cells, calculate their behavior in each environment. In gen-
eral, this deductive approach to behavioral description fails because the function
of one component of a living system depends on the simultaneous operation of
other components. The recurring problem is that, computationally or otherwise,
the functional properties of the cell cannot be deduced from the properties of its
components alone [4].

In this context, with their ability to describe complexity, mathematical tools of-
fer the prospect of analyzing these structural elements of the living world to pro-
pose functionalities that consider their highly non-linear, iterative dynamic inter-
actions. However, this approach cannot free itself from biological reality, in pro-
posing hypothetical model systems, and therefore needs to intimately combine
mathematical and biological disciplines.

Various approaches to this description of cell behavior are currently being de-
veloped by the international scientific community [5].

The “virtual cell” brings together a range of software programs for describing
the metabolic organization of an organism, estimating the distribution of matter
in its functioning and extrapolating its production potential. E-ce// makes it pos-
sible to quantify cellular activity based on kinetics that have been perfectly char-
acterized experimentally, both catalytically and quantitatively [2].

Mainly kinetic description obliterates the analysis of real or possible mecha-

nisms that may be involved [6].
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Another approach is to seek a precise description of a living cell (or part of it)
based on experimentally determined mechanisms and parametric values, i.e. data
excluding all values estimated on partial models [7].

Over the last decade, methods for analyzing metabolic fluxes using isotopic la-
belling (stable isotopes such as *C, °N) have been widely developed in the context
of metabolic engineering. These methods are based on NMR (and, more recently,
mass spectrometry) analysis of the isotopic profiles of metabolites accumulating
under metabolic and isotopic steady-state conditions. This method results in the
creation of flux distribution maps within metabolic networks of increasing com-
plexity [8]. This approach has been widely validated and is an excellent tool for
analyzing cell physiology and phenotyping strains. However, it does not allow us
to characterize the dynamic behavior of organisms, either to describe their evolu-
tion during fermentation or to understand their adaptation in the face of disturb-
ance [9].

Many physical and biological phenomena may be represented in an analytical
form using dynamical systems. Our case study is based on wet biology experiment
consisting in applying a pulse of glucose in a small bioreactor containing E. coli
that led to building an ordinary differential equation (ODEs) based simulator [7].

Glucose is a type of sugar that is essential for the metabolism of most living
organisms. It is produced by plants, certain bacteria, and protists through the pro-
cess of photosynthesis. Serving as the primary source of chemical energy, glucose
fuels cellular functions in organisms ranging from bacteria and plants to humans
[10].

We used high performance liquid chromatography to measure some metabo-
lites concentrations, and some others had to be estimated, using a simulated an-
nealing algorithm, since no experimental results were available [11]. So, knowing
the evolution of metabolites concentrations of this system completely, we applied
our approach to show its correctness. For that, we took only steady-state values of
metabolites concentrations and ran our model.

The objective of this research is to integrate continuous values and kinetics into
the logic-based framework for analyzing metabolic pathways [12].

To achieve this, we propose a loop for learning about a metabolic pathway from
experimental data (Figure 1):

1) Cluster continuous concentrations of metabolites over time into discrete lev-
els and discrete timesteps.

2) Utilize these clusters in a Logic Model of the pathway, alongside a set of
knowledge-generating rules, exemplified here with Michaelis-Menten kinetics.

3) Sorting the resulting abduced facts or inducted rules using our defined met-
rics.

4) Leverage this ranking to enhance our knowledge base and return to the be-
ginning of the process.

This architecture can be utilized to address an inverse problem: given the meas-

ured concentrations of certain metabolites in a steady state, we compute the con-
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centrations of those metabolites prior to the dynamic transition to that steady state

using kinetic modeling. By implementing this automated system, we aim to en-

hance the efficiency and effectiveness of research experiments.

Background

Enhancer

Automated

Databases

Discretization

Observations

> Logic inference
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L —

Logically possible hypotheses
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Hypotheses Evaluation (BBDD EM

Most probable hypotheses
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Figure 1. Overview of the complete process.

This framework primarily consists of four tools:

1) The combination of an implementation of continuous HMMs with PY-

TSDISC (https://github.com/syhw/py-tsdisc) to discretize experimental values.

2) KEGG2SYMB, using the KEGG API, transforms pathways from KEGG [13]
into symbolic models (Figure 2).
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3) The Logic Inference is based on Default logic, which is a non-monotonic
logic that allows for reasoning with incomplete information. It provides a way to
draw conclusions based on certain defaults or assumptions that can be retracted
if new information becomes available. In default logic, a set of defaults is defined,
and if a default can be applied, it leads to a conclusion unless there is evidence to
the contrary. This framework is particularly useful in scenarios where knowledge
is uncertain or subject to change, making it a valuable tool in fields such as artifi-
cial intelligence and knowledge representation.

4) BDD-EM, an implementation of the expectation-maximization algorithm on

binary decision diagrams to rank hypotheses [14].

2. Causal System

Our approach aims to determine (qualitatively and quantitatively) the key points
of metabolic adaptation and should ultimately lead to a predictive capability that
is particularly sought-after in a metabolic engineering context [15]. The aim is
also to reconcile the dynamic data obtained for metabolism with those generated
by transcriptome and proteome approaches as part of a systems biology approach
[16].

For example, to describe protein/gene interactions in the cell, we start with a
classical logic language L (propositional or first-order). In Z, the proposition A
(resp A) means that A is true (false). For example: give (UV), or screen-glass ->
give (UV).

To express interactions (causality) between proteins, we give ourselves two bi-
nary relations: cause (A, B) and block (A, B). Classically, these relations are rep-
resented in the metabolite/gene network by A -> Band A4 -/ B.

If the classical logic inference A -> B, is well described formally, with all the
“right” mathematical properties (tautology, non-contradiction, transitivity, con-
trapositive, modus ponens, etc.), the description of the formal properties of cau-
sality is less straightforward. Causality cannot be seen as a classical logical rela-
tionship. An elementary example is the expression “If it rains, the lawn is wet”.
This expression cannot be translated by a formula of classical logic rain -> lawn-
wet, which would mean that as soon as it rains, the lawn is automatically wet. In
fact, there may be exceptions to this rule (the lawn is under a shed...). You can also
change the environment (cover the lawn). These revisable rules with exceptions
are well known in Artificial Intelligence. They have given rise to non-monotonic
logics and revision theories. On the other hand, and more technically, we find here
all the classic problems that arise when we try to formalize and use negation by
failure in programming languages such as Prolog or Solar [17].

To give the links between our causal relations cause and block, in a classical
language (propositional calculus or first-order logic) we need to do two things:

- describe the internal properties of the cause and block relations,
- describe the links between these relations and classical logic.

All this while considering the problem of the uncertain and the revisable. For
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the first aspect, the minimum and necessary links between the two causal relations
will be given explicitly. The links with classical logic will first be described in terms
of fault logic. Then, to consider the aspect of discovery (abduction, production
field), these links will be given in the logic of hypotheses.

In our context, to give the links between the two causal relations cause and
block we go for the simplest, using classical logic. The most elementary is to ex-
plicitly give the two axiom patterns:

(C1) cause (A, B) A cause (B, C) -> cause (A, C)

(Q2) cause (A, B) A block (B, C) -> block (B, C)

We believe this is the minimum, and probably sufficient, axiomatic system for
application to the cell. For the moment, there is no formal link between the two
relations. It is of course possible to add other axioms to take these links into ac-

count, but their relevance is not always obvious in this context.

Causality and Classical Inference

In a first approach, the first laws of causality that we want to give can be expressed
naturally, by rules of the type:

1) If A causes B and A is true, then B is true.

2) If A blocks B and A is true, then B is false.

Depending on the context, frue can mean known, certain, believed, or even
more technically demonstrated.

These laws could be expressed in classical logic by the axioms:

cause (A, BINA->B

block(A, BBNA->B

Or, weaker, by inference rules close to modus ponens:

cause (A, BINA/ B

block (A, BINA/ B

But these two formulations pose problems, as soon as there’s a conflict. If, for
example, we have a set F of three pieces of information F= {A, cause (A, B), block
(4, B)}, we will infer from F Band Bin both approaches, which is inconsistent.
To resolve these conflicts, we can try to use methods inspired by constraint pro-
gramming, in particular negation by failure. It is also possible to use revisable rea-
soning, in particular non-monotonic logics. The first approach poses many theo-
retical and technical problems if we leave simple cases [18]. Here, we’ll be looking
at a non-monotonic approach and, more specifically, the use of default logic.

To resolve the conflicts seen above, the intuitive idea is to weaken the formula-
tion of the causality rules into:

(1) If A causes B, and if A is true, and if it is possible that B, then Bis true.

(2’) If A blocks B, and if A is true, and if it is possible that B is false, then B is
false.

The question then becomes how to formally describe the possible. This question
began to arise in Artificial Intelligence some thirty years ago, when we wanted to

formalize natural human reasoning. In this type of reasoning, we are obliged to
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reason with incomplete, uncertain, revisable and sometimes false information. On
the other hand, you often have to choose between several possible conclusions.
The basic example is: {Penguins are birds, Birds fly, Penguins don’t fly}. If Tweety
is a bird, we arrive at a contradiction: the system is inconsistent. This incon-
sistency can be lifted if we manage to handle the exception by saying “Birds usually
fly”. Non-monotonic logics formally describe modes of reasoning that take these
phenomena into account [19].

We'll be using one of the best-known non-monotonic logics here, default logic.
In this logic, rules (1’) and (2’) are expressed intuitively:

(1”) If A causes B, and if A is true, and if B is not contradictory, then Bis true.

(2”) If Ablocks B, and if A is true, and if B is not contradictory, then Bis true.

In fault logic, these rules will be represented by normal faults and written as:

dl: cause (A, BN A: B| B

d2: block(A, BN A: Bl B

To simplify, a defaultis a specific inference rule of the type X: ¥/Z(X, Yand Z
are classical formulas. The formula Xis the prerequisite, Y the justification and Z
the consequent. A default is normal if the justification is equal to the consequent
(Y=2.

A default logic DL = {W, D} is given by a set W of classical first-order logic
formulas and a set D of defaults. Wcan be thought of as the set of known (certain,
proven) facts.

Default logic enables us to calculate extensions. An extension represents a pos-
sible state of the world (a possible result of a logical equation).

If all defaults are normal, to calculate an extension, from a theory

DL = { W, D} we start from state £, = W, choose a fault d= X:Y7 Y, and check
the conditions:

- is Xin £ (is the prerequisite verified?)
- is Y'not in £ (justification verified?)

If both conditions are true, we add Y to £, and repeat the operation on the
result, choosing another default. We stop when all the defaults have been seen; we
then have a fixed point. This algorithm is not correct if we leave the field of normal
defaults.

For the elementary case above, if A is true, we have:

W= {4}

D={d, &}

and we obtain two extensions:

E\ which contains B (by applying d,)

E, which contains B(applying )

The conflict is thus resolved, but the problem of which extensions to prefer
arises: is B induced or blocked?In fact, this really depends on the context. We can,
for example, prefer positive interactions to negative ones; or use statistical or
probability methods. Another approach is to calculate the probability of each ex-

tension according to the properties of the problem.
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From an algorithmic point of view, this preference can be evaluated either dur-

ing the computation of the extension or on the result.

3. Discretization of Time Series from Experiments

The first step in the modeling process is to discretize the concentration levels.
Identifying the significant changes in metabolite concentrations is relevant to con-
clusions/extensions generation through Default Logic. To derive hypotheses with
a degree of generality, it is essential to use intervals rather than individual real
values. Although an interval constraints approach could have been utilized, we
have opted for a discretization method instead.

Our practical problem is that we want to have a statistically relevant (unsuper-
vised) discretization for N metabolites concentrations over time. We also discre-
tize the values of Km (Michaelis-Menten constants), for each reaction, with the
same levels. For that purpose, we use a probabilistic model, used in speech recog-
nition and time series analysis: continuous hidden Markov model (HMMs) [9].
We can therefore compute an appropriate number of levels (that was three for £.
coli) in regard to a Bayesian score such as Bayesian. This process can be achieved
through maximum likelihood estimation or maximum a posteriori estimation or
through a variational Bayesian method [20].

We utilize continuous (Gaussian) Hidden Markov Models (HMM:s). The ad-
vantages of using parameter tying in Hidden Markov Models (HMMs) include
improved model efficiency and consistency [21]. By sharing parameters across
multiple models, we reduce the total number of parameters that need to be esti-
mated, which helps to prevent overfitting, especially when working with limited
data (Figure 3).

X1 ] . X4
Level3 |
l g ‘"\\\\* .
Level2 : <
. F - =y
- ~——
Leve I:L;::< p— o

Figure 3. 3-state continuous HMM discretizing one experimental time series, where X: is
the measurement of concentration at time #and S is the hidden state that indicates the
corresponding discretized level.
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This approach also enhances the interpretability of the model, as it maintains a
consistent representation of the underlying processes across different metabolites.
Additionally, parameter tying allows for better generalization, as the learned pa-
rameters can be applied across related states or compounds, leading to more ro-
bust predictions. This approach addresses the challenge of maintaining consistent
symbolic levels across all logic models, allowing us to assign the concentration
level of one compound to another while working with the same underlying real
values. Initially, we prepare N continuous HMMs, one for each metabolite, in
which each state variable represents a concentration level, and each output varia-
ble corresponds to a concentration measurement, following a univariate Gaussian
distribution [22]. All HMMs share a common state space and parameters for the
output variables (such as means and variances), ensuring that they yield corre-
sponding discrete concentration levels. These relevant discretized concentration
levels are determined using the expectation-maximization (EM) algorithm with

maximum a posteriori (MAP) estimation [23].

4. Modeling of the Pathways of E. coli

To gain insights into central metabolism, we developed a logical model based on
a kinetic framework that incorporates glycolysis and the pentose phosphate path-
way for Escherichia-coli. Figure 4 illustrates the simplified pathway that we mod-
eled logically, incorporating relationships between substrates, enzymes, products,
and the Michaelis constant (Km) [24].

@ —) ribu5p rib5p
’_’u\

l—l \ﬁ

VvV vV

o 6 -

Figure 4. Simplified glycolysis and pentose phosphate pathways for E. coll.
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The dynamics of metabolic networks are primarily influenced by classical ki-
netics, particularly Michaelis-Menten, Hill, and allosteric kinetics. By focusing our
modeling efforts on these specific kinetic types, we can greatly streamline the

mathematical analysis, which is the strategy we employed.

E+S=) ES—>%E+P

ar)_, Is] o

Michaelis-Menten eq.: =V,
d [S]+K,

The implications of using Michaelis-Menten kinetics for modeling metabolic
processes are significant. This framework improves our understanding of enzyme
behavior and reaction rates by creating a clear connection between substrate con-
centration and reaction velocity [25]. By applying Michaelis-Menten kinetics, re-
searchers can predict how changes in substrate availability will affect metabolic
flux, aiding in the analysis and interpretation of experimental data. Moreover, this
approach simplifies mathematical modeling, which is especially useful in complex
metabolic networks. However, it is important to acknowledge that while Michae-
lis-Menten kinetics provides a useful approximation, it may not completely en-
compass the complexities of allosteric regulation or cooperative binding in en-
zymes, leading to potential oversimplifications in certain contexts.

When both the substrate ($) and the product (P) are present, neither can fully
saturate the enzyme. For any specific concentration of S, the fraction of $ that
binds to the enzyme decreases with an increase in the concentration of 7, and the
same applies in reverse. For any given concentration of 7, an increase in S will
reduce the fraction of Pbound to the enzyme. We will examine a time discretiza-
tion of the chemical rate equation for the reaction involving the substrate and

product, characterized by their respective stoichiometric coefficients sand p.

s.S—)p.P:rate:lxM—)diseﬁmelxﬂ
p d " p AT
S
:pxrate:nlﬁ )

~ [P]T+ timestep - [P]T
(T +timestep)— T

We chose to work with a constant timestep:

=[Pl =V, [S][TS%KJ [P], 3)
Itis important to note that the Michaelis-Menten constants (Km) are equivalent
to a concentration unit. In our modeling, we can represent them as:
conc (Km, Level, Time), where “conc” signifies concentration.
The experimental observations of intracellular metabolites in response to a glu-
cose pulse were conducted in a continuous culture using automatic stopped flow

and manual fast sampling techniques, capturing data in the time frame of seconds
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and milliseconds post-glucose stimulus. We measured extracellular glucose and
intracellular metabolites, including glucose-6-phosphate (G6P) and fructose-6-
phosphate (F6P), fructosel-6bisphosphate (fdp), glyceralde-hyde3phosphate
(gap), phospho-enol pyruvate (pep), pyruvate (pyr), 6phosphate-gluconate (6 pg),
glucose-1-phosphate (glp) as well as the cometabolites: atp, adp, amp, nad, nadh,
nadp, nadph were measured using enzymatic methods or high performance liquid
chromatography. All the steady-state concentrations measurements of the E. coli

experiment and their corresponding discrete levels are summarized in Table 1.

Table 1. Concentrations (mM/L) of the Metabolites and their discretized levels for steady
states.

# Metab. Conc. Lvl # Metab. Conc. Lvl
1 glucose 0.055 0 2 g6p 3.480 2
3 fop 0.600 0 4 fdp 0.272 0
5 gap 0.218 0 6 pep 2.670 2
7 pyr 2.670 2 8 6pg 0.808 1
9 glp 0.653 0 10 amp 0.955 1
11 adp 0.595 0 12 atp 4.270 2
13 nadp 0.195 0 14 nadph 0.062 0
15 nad 1.470 1 16 nadh 0.100 0

Our logical framework is founded on the simplified Michaelis-Menten equa-
tion, which is articulated here through three background clauses utilizing the:

conc (Compound, Level, Time), predicate.

5. Ranking Extensions

BDD-EM stands for Binary Decision Diagram-Expectation Maximization. It is an
algorithm that combines the principles of binary decision diagrams with the ex-
pectation maximization technique. This approach allows for efficient handling of
boolean functions, particularly in the context of ranking hypotheses and manag-
ing probabilities in uncertain environments. BDD-EM is particularly useful in ap-
plications such as machine learning, reasoning under uncertainty, and abductive
reasoning. Inoue applied the BDD-EM algorithm to rank hypotheses generated
through abduction [14].

To rank our extension £, ..., E, by probability, we consider the finite set of
ground atoms A, which includes all possible values for conc (Compound, Level,
Time) and reaction (Substrate, Product, Km).

Each element of A is treated as a boolean variable. Among these, there is a sub-
set of abducibles I' consisting of all potential values of conc (Compounds, Level,
0). By denoting ;= P(A,) for A; € A, we aim to maximize the probability of the
disjunction of extensions: F= (£, V- V E,), to determine the optimal @parameters
using the BDD-EM algorithm. An extension is a complete set of conclusions that
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can be drawn from a knowledge base when applying default rules consistently.
Therefore, an extension captures all the inferences that can be derived while main-
taining the consistency of the beliefs. Since F can be excessively large to maintain
as a BDD, an optimized version F is created using the minimal proofs for Band
each extension E; Subsequently, the BDD-EM algorithm calculates the probabili-
ties of the ground atoms in A that maximize the probability of F. Finally, the
probabilities for each extension used in the ranking are computed as the product
of the probabilities of the literals within each E. Ishihata er al, proposed the BDD-
EM algorithm, which implements the expectation maximization algorithm using
binary decision diagrams, enabling it to handle Boolean functions effectively. In-
oue et al. [13] applied the BDD-EM algorithm to rank hypotheses generated
through abduction. To rank our extensions ( £,,--,E, ) based on probability, we
consider the finite set of ground atoms ( 4 ), which includes the following reac-
tion:

reaction (S,P, Km) A conc(S,L, T) A conc(Km,L,T)

aconc(P,L2,T)— conc(P,L2,T +1)

The change in concentration of the product between time (T ) and (T + 1)
is not significant enough to transition from one level to another. This is an ap-
proximation resulting from our discretization (using a logarithmic scale on real

values).
([S]> Km= A[P]=Vm=[P], =Vm+[P])

reaction(S,P,Km)/\conc(S,2,T)/\c0nc(Km,O,T)
~conc(P,L,T)—> conc(P,2,T +1)

If the reaction occurs very rapidly, it will convert all the substrate into product
within a single time step. If we had more than three levels, we would need addi-
tional rules (which can be generated automatically) or a general procedure for
managing our kinetic model. Another approach being explored to handle more
levels involves the automated generation of kinetic rules concerning discretiza-
tion. Additionally, we simplified the pathways to utilize only Michaelis-Menten
kinetics; another research avenue is to expand our model to include reactions gov-
erned by other types of kinetics.

We also imposed constraints regarding the uniqueness of levels at a given time

to reduce the number of hypotheses while maintaining consistency:

(conc(S,O,T)vconc(S,l,T))
(conc(S,O,T)vconc(S,Z,T))
(conc(S,l,T)vconc(S,Z,T))

Now, we set the observations for the six metabolites (#2 - #7) from Table 1,
which have potentially been influenced by glucose stimulation, and defined the
abducibles as literals of the form (conc(,,O)). Using Default Logic, we obtained
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48 extensions, for example:
E26 =conc(g6p,2,0) Aconc(adp,2,0) A conc(gap,0,0) A conc(glucose,2,0)
A conc(pg3,2,0) A conc(pep, 2,0) A conc(atp,O, 0) A conc(pyr,Z,O)

These conclusions/extensions correspond to our biological knowledge that py-
ruvate is a bottleneck [21] and that the glucose that is totally consumed (Figure 5
from simulation) was in high concentration at the beginning of the experiment
(pulse). It goes along with the very general reaction of glycolysis:

glucose + 2ADP + 2P +2NAD* > 2pyruvate + 2ATP + 2(NADH, H*) +2H,0.
Also, for some metabolites, such as fructose-6-phosphate, the levels found

through abduction are corresponding to the output of the simulation (Figure

5(b)) with the same low level (0) before and after the dynamic transition.
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Figure 5. (a) Discretization of the concentration of glucose in the Glycolysis Pathway of E. coli after an initial pulse; (b) Simulated

evolution of the concentration of all metabolites during the whole experiment.

The Preferred Knowledge Base

Enhancing our understanding of a system is viewed as an iterative endeavor. Ini-
tially, we establish a knowledge base that merges our existing background
knowledge with observations [26]. From this foundation, we generate hypotheses
and apply algorithms to update our knowledge base with certain identified hy-
potheses, referred to as abducibles. The goal is to continually revisit the extension
generation process until no new insights emerge. This iterative approach is cru-
cial, especially when dealing with complex chained reactions and multiple time
steps, as it fosters a more profound understanding. The concept of revising the
knowledge base is also discussed in the work of Baral [4], who adopt a nonmono-
tonic strategy, although their method remains limited qualitative modeling and
does not take quantitative aspects into account.

It is essential to select extensions that align with background knowledge. For

instance, when employing a greedy algorithm (like Algorithm 1) that prioritizes
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hypotheses based on decreasing probability, we ensure that the chosen hypotheses
contribute to our knowledge while maintaining consistency. This approach limits

us to abducing only the discoverable found within extension E26.

Algorithm 1. Algorithm to enhance the knowledge base: most probable first.

knowledge < knowledge base
sorted extensions ¢« sort (extensions)
while /ength (discoverable) > 0 && length (sorted hypotheses) > 0
do
tmp < sorted extensions.pop()
if contains (tmp, discoverable) && consistent (tmp,
knowledge) then knowledge.enhance (tmp) discoverable.remove (tmp)
end if
end while

With the explicit functions Jength, pop (destructive), and:

o sortsorts the extensions by decreasing probability.

e containsis a function that returns statements of first argument contained in
the second.

e enhance adds statements that are not yet present in the considered (“self”,
“this”) knowledge.

o remove deletes statements from argument present in the considered (“self”,
“this”) object (could make use of contains).

6. Conclusions

Our findings at time 7'= 0 (steps) concerning pyruvate and the concentration of
pyruvate at 7= 38 (steps) are consistent with established biological knowledge
and our ODE-based simulator. This paper introduces a method for addressing the
kinetics of metabolic pathways through a symbolic model, as demonstrated in
Figure 1. We elaborated on the process of discretizing biological experiments into
relevant levels that can be applied using Default Logic and logic programs. Addi-
tionally, by discretizing concentration into levels, we described our approach to
transforming the Michaelis-Menten kinetics equation into logic rules, a direction
we believe has not been previously explored. The uniqueness of our work lies in
the capability of a logical model to capture the dynamic response of microorgan-
isms to glucose pulses, thereby improving the accuracy of metabolic flux analysis.
Expanding this framework to encompass reactions involving two substrates
and/or two products would aid in developing more comprehensive models [27].
Like the approach taken by King et a/. [12], our method examines the behavior
of multiple ordinary differential equations while utilizing the strengths of a sym-
bolic model [8], especially in the statistical evaluation of hypotheses. This evalua-
tion process, facilitated by BDD-EM, effectively extracts relevant insights from
large data sets. The practical validity of our entire methodology, including the dis-
cretization process, is highlighted by the results presented in this paper, which

operate within a well-established theoretical framework. We strongly believe that
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integrating time series discretization with kinetic modeling will lead to significant
enhancements in Default Logic’s ability to tackle ODEs. Furthermore, we propose
that knowledge discovery should be regarded as an iterative process, in which one
continuously updates their knowledge base based on new findings (as illustrated
in Figure 2 with the introduction of “New KB”). Nonetheless, there is potential
for improvement in our modeling approach, particularly in refining time and con-
centration discretization. Future experiments will explore more than three levels
and various time steps, focusing on the Glycolysis and Pentose Phosphate path-
ways in the bacterium Saccharomyces cerevisiae [28], using both real experi-

mental data and simulated data.
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