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1 | INTRODUCTION

Understanding and predicting how natural communities are formed,

often represented as species networks, is critical in ecology. Such

| Cédric Gaucherel?

Abstract

1.

Being able to infer the interactions between a set of species from observations
of the system is of paramount importance to obtain explanatory and predictive
models in ecology. We tackled this challenge by employing qualitative modelling
frameworks and logic methods for the synthesis of mathematical models that can

integrate both observations and expert knowledge on the system.

. Boolean networks is a qualitative modelling framework, which enables reasoning

exhaustively on possible dynamics of the system. After devising a formal link
between ecological networks and the causal structure of Boolean networks, we
applied a generic model synthesis engine to infer Boolean models that are able
to reproduce the observed dynamics of a protist community and of a planktonic

ecosystem.

. Our inference method supports optimization criteria to derive the most

parsimonious and most precise models. It is also able to integrate prior knowledge
on the ecological network, adding constraints on impossible interactions, which
is necessary to obtain realistic predictions. Such constraints may, however, prove
to be too strict, in which case our method is able to conclude on the absence of a

model compatible with both the observations and the input hypotheses.

. We demonstrated our methodology on experimental data of a protist community

and of a planktonic ecosystem and showed in each case its ability to recover

essential and sufficient ecological interactions to explain the observed dynamics.

KEYWORDS
community ecology, food webs, modelling, species interactions

communities have been studied by sequentially adding species or by

invading an already formed community by a group of pre-selected

species (Servan & Allesina, 2021). Such structural changes are highly

conditioning the resulting interaction networks (Fukami, 2015).
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However, it is often highly difficult to guess the interaction network
from field observations, except in rare laboratory experiments, thus
suggesting developing inference methods aiming at identifying the
interaction network leading to specific observed interactions (Milns
et al., 2010; Pocock et al., 2021). Such networks are mandatory to
anticipate the community dynamics (Gaucherel, Fayolle, et al., 2024,
Veloz, 2019).

Although many models of species community have been devel-
oped (Baldan et al., 2018; Servan & Allesina, 2021), inference meth-
ods have been much less developed. Inference frameworks mainly
build on Bayesian networks aiming at identifying the interactions
populating such networks Milns et al. (2010) or the interaction
strength associated with a community (Pocock et al., 2021). They
can even integrate expert knowledge and use supervised learn-
ing machines to improve network inference (Auclair et al., 2017).
Usually, such existing methods require a large amount of observa-
tions and knowledge on the system studied, to infer the interac-
tion network and to calibrate the model. Whenever accounting for
species (population) abundances and/or the interaction intensities
(fluxes), statistical inference methods often use quantitative data for
their parameterization.

Searching for qualitative methods would be an original step in
the way of identifying ecological networks (Dambacher et al., 2003;
Gaucherel, Fayolle, et al., 2024). In such a case, the qualitative net-
work of interactions (and interaction signs) would be inferred before
going into the details of the strength or probabilities of the inter-
actions, requiring more data. Several studies show that qualitative
modelling frameworks, such as Boolean networks, greatly facilitate
the inference of models of biological systems (Barroso-Bergada
et al., 2020; Yu et al., 2004), and can even enable reasoning over
possible quantitative realization, without having to infer parameters
(Gaucherel & Pommereau, 2019; Paulevé et al., 2020).

In this paper, we demonstrate the feasibility of inferring ecolog-
ical networks through the automatic design of Boolean dynamical
models by integrating both observations of (community) system
transitions and prior knowledge. To that aim, we first established
connections between Boolean network (BN) theory and trophic net-
works and show how global features such as the acyclicity and (in)
sufficiency of trophic interactions can be translated into constraints
over the architecture of a so-called influence graph of BNs (simi-
lar to the ecological interaction network). This enabled tailoring the
generic method for Boolean network synthesis implemented in the
BoNEsis software (Chevalier, Boyenval, et al., 2024), which relies on
logic programming to automatically deduce Boolean models com-
patible with prior constraints on their architecture and posess spec-
ified dynamical properties, including reproducing given transitions,
trajectories, and steady states.

An important facet of BNs is their ability to access the exhaustive
possible dynamics of the studied systems. Indeed, because the num-
ber of configurations of a BN is finite, one can explore all possible
trajectories allowed by it, and notably, reason on the stable states,
or attractors, of the system. This way of computing all possible
pathways of a system dynamics is called possibilism, providing a rich

alternative to the deterministic and probabilistic models (Gaucherel,
Cosme, et al., 2024).

We applied our methodology to the inference of a protist com-
munity network based on the observations gathered from one of
the most exhaustive experiments ever in ecology (Weatherby
et al,, 1998) and have been well-studied since then (de Goér de
Herve et al., 2022; Werner & Peacor, 2003). Our inference strat-
egy requires first to build a qualitative specification of dynamics and
specify constraints on the expected trophic networks (e.g. with a
vertical hierarchy), related to expert knowledge. Then, employing
BoNEesis, one can deduce compatible Boolean networks, and then
the underlying trophic networks. We explored different optimiza-
tion criteria, including identifying Boolean networks that reproduce
the dynamics as closely as possible to the observations. In that
sense, the inferred trophic networks are justified by the existence of
a qualitative dynamical model that is able to replicate the observed
transitions (Gaucherel & Pommereau, 2019).

In order to emphasize the flexibility of the framework to integrate
prior expert knowledge on the ecological system, we performed the
inference with (1) a zero knowledge inference, only requiring acy-
clic trophic networks, (2) prior on trophic networks from Weatherby
et al. (1998) and (3) extended prior on trophic networks from de
Goér de Herve et al. (2022). This resulted in inferred community net-
works from increasing fits with the observed state transitions and
ecological knowledge. Models are required to have a perfect fit on
observations (all system transitions are retrieved) and have minimal
deviations, that is, additional non-observed transitions. We further
demonstrated that the inference method can be applied to a differ-
ent and an even more realistic setting: the inference of a planktonic
ecosystem from observed time series. In this case study, we empha-
sized the ability of our framework to express different dynamical
properties, and its relevance whenever we have few observations on

the system, leading to numerous candidate models.

2 | MATERIALS AND METHODS
2.1 | The protist community

As a case study, we focussed on the seminal protist experiment
published by the University of Sheffield (Law et al., 2000; Warren
et al,, 2003, 2006; Weatherby et al., 1998). The experiment con-
sisted of registering the successive states and transitions of a protist
community consisting of up to six species, chosen to build a trophic
network involving/ various strategies and sizes. The selected spe-
cies were Amoeba proteus (noted A; ~200pum), Blepharisma japonicum
(B; ~200pum), Paramecium caudatum (P; ~150um), Euplotes patella (E;
~140pum), Colpidium striatum (C; ~70um) and Tetrahymena pyriformis
(T; ~35um), of the largest to the smallest sizes, feeding on unlimited
bacterial resources. These species have been growing in a controlled
(laboratory) environment and can only survive or die without invasion.
Their trophic and possible competition interactions, represented in
Figure 1a, were first based on expert knowledge about their feeding
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(b) Transitions observed experimentally

FIGURE 1 (a) WLW prior trophic network (Law et al., 2000) between six protist species feeding on unlimited bacteria resource (not
represented). Dashed-dotted edges indicate insufficient trophic interactions. (b) Qualitative transitions derived from experimental

observations. Chronology and reading direction are from top to bottom.

habits, previously tested, and then on confirmed transitions observed
between pools of species (Warren et al., 2006; Weatherby et al. 1998).

Each of the 63 combinations of protist species has been tested
and replicated six times, with previously stabilized stock cultures
and about a hundred individuals of each species. The resulting 378
microcosms were then sampled on Day 17 and every 28 days until
some chosen stopping criteria were reached. The observations
stopped when either (i) all species went extinct, or (ii) only one
species not able to persist alone on bacteria, (iii) only one spe-
cies able to persist remained or (iv) the species composition was
unchanged for three successive samples. Most microcosms (93%)
met one of these stopping criteria by 101days in the original ex-
periment (Weatherby et al., 1998). Here, we based our analysis on
both the expert knowledge trophic network (Warren et al., 2003,
2006; Weatherby et al., 1998) and the full time-series information
available to reconstruct all qualitative time series and pathways
of the protist community (de Goér de Herve et al., 2022; Warren

et al.,, 2003). Indeed, we focussed on presence/absence data of
each species, previously confirmed by systematic scanning of the
entire microcosm states after 20-30 times magnification, to draw
a new trophic network with competition events in agreement with
the observed transitions. The experiment revealed highly non-
consistent community pathways and no systematic final states or
timing for transitions (Warren et al., 2003; Weatherby et al., 1998).
Most of the time, the observed transitions were not reproducible,
which appears quite usual but is rigorously confirmed in this ex-
periment. At least 32 of the 63 experiments displayed multiple and
different final compositions and pathways. Observed 71 transi-
tions are summarized in Figure 1b. Each transition modifies the
state of only one species. Furthermore, states with ingoing transi-
tions but without outgoing observed transitions represent steady
states of the system. They correspond to species B, P, T alone, BP,
and total extinction (_ state). No observed transitions from the
state where all species are present: indeed, this state is not lasting,
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as many prey species are likely to rapidly disappear when all pred-

ator species are simultaneously present.

2.2 | Time series of planktonic ecosystem

The data on the planktonic ecosystem come from marshes
of the French Atlantic coast (Charente-Maritime region),
which are freshwater ecosystems from unreplenished drained
marshes. Samples of the planktonic trophic network are re-
corded at two stations (stations A and B) on successive
weeks during winter and spring 2012 to reconstruct the net-
work trajectories and their environment over time (Masclaux
et al., 2014) The planktonic trophic network is composed of
seven species (sorted by sizes) and is completed by abiotic and
anthropogenic components characterizing the environment
such as nitrates and Dissolved Organic Matter. The trophic
network regimes change during the winter to spring transition,
from biological winters to ecosystems qualified as multivo-
rous networks. To these observations, we added an expected
theoretical pathway based on expert elicitation, basically fol-
lowing the previously mentioned winter to spring transition.
The trophic regimes identified here are theoretically shifting
from biological winters, followed by herbivorous networks, to
finally reach complex multivorous networks with three levels
of multivory (weakly multivorous, multivorous and highly mul-
tivorous) (Masclaux et al., 2014).

The data reflect transient and stable regimes depending on en-
vironmental changes (and internal influences among species), which
we modelled here with the presence or absence of bacteria and ni-
trates on which feed the basal species. The time series are summa-

rized in Figure 2.

2.3 | Boolean networks and influence graphs

Boolean networks (BNs) are discrete dynamical models that de-
scribe the change in activity state (on/off) of species using
Boolean functions (Kauffman, 1969; Thomas, 1973). Formally, a
BN f among n species is defined by n Boolean functions f;:B" — B
for i=1, ...,n. Each function specifies the target Boolean state
of the related species according to the Boolean state of the other
species in the network. The state of all the species is represented
by a configuration which is a Boolean vector of dimension n, i.e.,
within B".

The functions of a BN are typically represented using proposi-
tional logic (= is negation, A conjunction, and v disjunction). An ex-
ample is given with its influence graph in Figure 3a.

BNs are typically employed to predict successions of config-
urations and transitions, generating trajectories. Trajectories are
computed from f by following an update mode. For example, with
the synchronous mode, all species are updated in parallel, leading
to a unique transition from any configuration x € B" to the config-
uration f;()f,(X) ... f,(X). In the scope of this paper, we consider
trajectories of BNs computed using the (fully) asynchronous mode,
where only one species changes of state at a time. In this case,
in general, several outgoing transitions are possible from a single
configuration, leading to non-deterministic or undeterministic dy-
namics, sometimes called possibilistic (i.e. non-deterministic yet
systematic). The non-determinism typically encompasses proba-
bilities and stochasticity of transitions, as well as uncertainty on
duration of state changes (Paulevé et al., 2020). BN dynamics can
be captured by a transition graph, which is a directed graph DynA(f)
between configurations B" such that there is an edge from a con-
figuration x to y if y is the result of the update of a single species

i according to f;:

Station A Station B Theoretical
A1 A2 A3 B1 B2 B3 B4 T T2 T3 T4 T5 T6
é Bact 0 1 1 o 1 1 1 o 0 0 1 1 1
-§ Nit 1 1 0 1 1 1 0 11 1 0 0 0
(3]
PicoP 0 1 1 o 1 1 1 o 0 0 1 1 1
NanoP 0 0 0 0 0 0 1 0o 1 1 1 0 0
MictP 0 1 1 0 1 1 0 0 1 1 0 0 0
Proto 0 0 1 0 1 0 0 0 0 0 1 1 0
Micrz 0 1 0 0 0 1 1 0 0 1 1 1 0
MesoZ 0 1 1 o 1 1 1 0 0 1 1 0 0

FIGURE 2 Observed (at stations A and B) and theoretical time series of the planktonic ecosystem used for model inference. The three
pathways are listed as matrices of ecosystem components (rows) versus the ecosystem regimes observed (columns) in the three pathways.
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(d) Asynchronous dynamics with configurations as
present species, assuming that species A, B, C have
index 1, 2, and 3, respectively

FIGURE 3 Example of Boolean network with corresponding influence graph and asynchronous dynamics.

Vx,y €B", x—yeDynA(f) e Jien],Axy)={i}andy; =f;(x),

where A(x,y) = {i e [n]|x; # y,-} is the set of species whose states dif-
fer between configurations x and y.

Figure 3c gives an example of a transition graph, with configu-
rations represented as binary vectors. In this paper, we also repre-
sent configurations by the species that are in State 1, as shown in
Figure 3d.

An attractor is a non-empty set of configurations A C B" that no
trajectory can escape, and such that any pair of configurations are
connected by a trajectory. Attractors can be composed of a single
configuration, called fixed points, where the state of each species
cannot change; or of multiple configurations, leading to sustained
cyclic behaviours. They correspond to the terminal strongly con-
nected components of the graph DynA(f) and model the long-term
behaviours of the system.

The asynchronous dynamics of the BN of Figure 3a has two at-
tractors: the fixed point {100}, and the cyclic attractor {010,011}.

2.3.1 | Influence graph

In general, the function f; of a species i does not depend on the state
of all the species of the network. The influence graph of f captures
the (signed) dependencies between the functions of the species:
there is positive (resp. negative) influence of j to i if there exists at
least one configuration x in which the sole increase of j change the

value of f; from O to 1 (resp. 1 to O):

j i>ieG(f)<i>EIxe[E%",f,~(x1 e Xi_gOXipq o X ) <fi (Xq o+ Xi_g Ixpypq o X, ),
j = i€G(F) e IXEB,fi(Xy - Xi_1OXiyq = Xn) > i (Xg -+ Xi_g Xy g = Xy )-
A BN f such that there exists i,j with both j i»i e G(fyand j Sie G(fH)

is non-monotone, otherwise it is locally monotone. In the scope of

this paper, we do not consider non-monotone BNs and assume that

for any species j it is either an activator (j S € G(f)), or an inhibitor
(j =i € G(f) of another species i, or j has no direct influence on i.

An example of an influence graph is given by Figure 3b. Positive
edges are drawn in green, and negative edges are drawn in red with
a bar arrow. The example BN is locally monotone.

2.3.2 | Note on figures

To help distinguish between the three types of graphs we use, eco-
logical (and trophic) networks are drawn with blue edges, influence
graphs are drawn using green and red edges, and transition graphs
are drawn with black edges. Note that in several figures, additional
colours are used to highlight specific edges. All these graphs are di-
rected; however, for the sake of readability, we omit arrow tips when

direction is from top to bottom.

2.4 | Inference of Boolean networks from
structure and dynamics

We focus on the inverse problem of identifying BNs whose influence
graph is included in a prior signed digraph and whose asynchronous
dynamics include the observed transitions and fixed points. More
formally, the input of the inference problem is a signed digraph ¢, a
set of asynchronous transitionsT C {x — y|x,y € B", |A(x,y)| =1},
and a set of configurations S C B" that must be fixed points. The in-
ference consists in finding BNs f such that G(f) C ¢, T € DynA(f),
and for each x € S, f(x) = x. Ecologists and modellers often use the
Akaike or Bayesian information criteria to estimate the quality of a
statistical model and its associated prediction error for a specific
dataset (Burnham & Anderson, 2002). However, such indices are not
appropriate for our piece of work, in particular because they concern
quantitative data and the absence of parameters in our qualitative
models.
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Many different BNs may fulfil these properties. We considered

two measures:

e Sparsity: we will focus on BNs requiring a minimum set of influ-
ences (interactions) between species. The minimalist criterion is
computed with respect to set inclusions: a set of influences is min-
imal if there is no BN using a strict subset of them while verifying
the required dynamical properties. Note that there may exist sev-
eral minimal BNs.

e Deviation: we are interested in having models reproducing
the observations as closely as possible. While we impose that
a BN has at least the observed transitions, we can compute
how many additional unobserved transitions are predicted by
the model from the observed states. The less deviation, the
better.

In this work, we employed the tool BoNesis (Chevalier et al., 2019;
Chevalier, Boyenval, et al., 2024), based on logic Answer-Set
Programming (ASP) and cuinGo solver (Baral, 2003; Gebser et al., 2014).
The tool is restricted to the inference of locally monotone BNs, but can
easily be extended to the above-mentioned dynamical constraints and

optimization criteria.

2.5 | Methodology

For the protists case study, our general network inference strategy
relies on the identification of BNs that match with observations and
optional constraints on the structure of influences, and that are opti-
mal with respect to sparsity and deviation. Then, from the identified
BNs, we derive the underlying network of influence.

In this study, we required that compatible BNs verify at least the

following dynamical properties:

e each observed transition (Figure 1b) is a transition possible in the
asynchronous dynamics of the BN;

e the observed steady states correspond to fixed points of the
BN: there must exist no outgoing transition from these config-
urations in the BN dynamics. The observed steady states are the
five nodes in Figure 1b with ingoing edges but without outgoing
edges, that is B, BP, P, T and no species (_).

In addition to the observations of the system, we inves-
tigated the impact of integrating expert knowledge on the
structure of the influences. Specifically, in our case study, we
considered prior trophic networks, which delineate possible in-
teractions between species: we imposed that any BN must have
its underlying interaction network be a subgraph of the prior
network. The main effect of prior knowledge is to forbid inter-
actions between species: if there is no edge from species A to
B in the prior network, then the Boolean function of B must not
depend directly on A.

Here, we considered three inference scenarios:

1. without prior knowledge on trophic interactions, except that
the trophic network must be acyclic, which we refer to as
the Neutral model;

2. only using interactions referenced in the (early) prior trophic net-
work of Law et al. (2000); (Figure 1a), which we refer to as the
WILW Prior;

3. only using interactions referenced in the extended prior trophic
network from de Goér de Herve et al. (2022), which we refer to as
the GeA Prior.

For the plankton ecosystem case study, we modelled the three
(two observed and one theoretical) time series of Figure 2 as se-
quences of regimes following qualitative changes of bacteria and
nitrate states: each observation is considered stable as long as the
qualitative activity of bacteria and nitrate remains fixed. Then, once
the condition changes, there must exist a trajectory toward the next
observed regime. Moreover, the chosen prior network reflected ex-
pert knowledge on the possible as well as impossible trophic inter-
actions between the different types and sizes of phytoplankton and
zooplankton.

Integration of prior knowledge on trophic networks for infer-
ence of BNs requires a formal characterization of their translation in
terms of BN influence graphs. To our knowledge, this link has never
been addressed so far.

2.51 | From ecological networks to BN
influence graphs

Trophic networks are directed graphs whose nodes are species and
an edge from i to j means that i can be a predator of j and may
feed on it. Moreover, the predation interaction may be qualified as
non-sufficient, meaning that the prey alone is not sufficient to ensure
the survival of the predator. For example, in the trophic network of
Figure 1a, the species A cannot survive alone on species E, whereas
it may survive alone on species T.

For each species, the BN defines a function that determines its
next state, either present (true) or absent (false) depending on the
current presence of all the other species. As defined in Section 2.3,
the influence graph of a BN summarizes the effects of varying the
presence state of individual species on the evaluation of the Boolean
functions.

Given an ecological network, one can then translate the ecologi-
cal interactions into potential influences between Boolean variables
and Boolean functions. Let us denote by G the potential influence
graph of a BN corresponding to the ecological network. Essentially,
if i is a predator for j, then we can deduce that:

e f, can depend positively on j, that is, there is positive influence
from jto i (j S € @) inits influence graph. This reflects that i may
feed on j.

e f;can depend negatively on i, that is, there may be a negative influ-
ence from i to j (i :»j € @) in its influence graph. This reflects that
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j can become absent because of i. More precisely, there may be a
configuration where both i and j are present, which would then lead

to j going extinct, while if i had not been there, it may survive.

In general, we allow positive self-loops on each species (i i»i € Q)
independently to the presence of self-loops in the ecological network.
This is notably necessary if the species i cannot shift from absent to
present in the community, even in the presence of a prey j. In terms
of Boolean function, this situation corresponds to the case whenever
fi(i = 1,j = 1) = 1 (i sustains thanks to j)and f,(i=0,j=1) = 0(i can-
not appear again even if j is present). There, f; depends positively on
i as the sole increase of i is sufficient to increase f;.

The above rules enable to translate a trophic network into a BN
influence graph ¢, which can then be used to specify the inference
problem: find a BN f using at most these influences (G(f) C ¢) and
that is able to reproduce the observed transitions as close as possi-
ble. Figure 4 gives the translation of the WLW Prior as a BN influ-
ence graph.

It must be stressed that the obtained prior influence graph de-
limits the set of candidate BNs: a candidate BN must employ at most
the influences of the prior influence graph. In particular, it may em-
ploy fewer influences while being able to reproduce the observed
dynamics.

The non-sufficiency constraints can also be integrated as con-
straints on the Boolean function themselves. Indeed, if the prior
knowledge indicates that species i cannot survive alone on species
j, we impose that the Boolean function of i cannot be true on con-

figurations where all species except i and j are in state O.

E O+

Nl
C 5

FIGURE 4 Influence graph corresponding to the WLW Prior
(Figure 1a). Blue edges have an undetermined sign.

B~ Methods n Ecology and Evolution
2.5.2 | From BNs to ecological networks

The Boolean functions of the BN may involve both trophic and
competitions between species. The influence graph of a BN cap-
tures the signed causal relationships between the species and their
Boolean activation functions. From these signed digraphs, we draw
the corresponding ecological network as follows: There is an in-
teraction from i to j in the ecological network if either f; depends
positively on j (j ;i € G(f); ‘presence of j can promote the presence
of i’) or f; depends negatively on i (i >j e G(f); ‘presence of i can
reduce the presence of j'). Thus, these rules capture both trophic
and non-trophic relations, and do not permit distinguishing between
them. Such a distinction would necessitate further inspection of the
Boolean function themselves.

For instance, from the inspection of Boolean functions, one
can distinguish sufficient from insufficient relations: An ecologi-
cal interaction from species i to j is marked as sufficient (plain line
in Figures 1 and 4) whenever it is sufficient that i and j are 1 in
a state to satisfy the Boolean function associated with i, that is
fi(i=1,j=1) = 1. If the condition is not sufficient, we mark the in-
teraction as insufficient (dashed line).

Finally, we may notice that the influence graph G(f) of the BN
always includes more edges than the ecological network deduced
with the above rules. Many cyclic influence graphs correspond to
acyclic ecological networks. This is particularly the case for trophic
interactions: predation relationships are typically reflected as both
a positive edge from the prey to the predator and a negative edge
from the predator to the prey.

Table 1 provides a summary of the main variables used in this
paper.

3 | RESULTS

We present the results of the inference of BNs from the observed
transitions of the protist system and the different levels of prior
knowledge on the trophic network between the six species, and for
the planktonic ecosystem from time-series data. In each case study,
inferences have been run on a regular desktop computer (Intel Xeon
3.3Ghz with 64GB of RAM), and took between seconds to a couple
of minutes depending on the cases.

3.1 | Protist case study

3.1.1 | Inference of Boolean models of protist
systems from zero knowledge

We inferred BNs that can reproduce at least the observed transi-
tions of the protist system, without a priori on the ecological net-
work, except that the latter must be acyclic. Therefore, any possible
interaction is considered as soon as no species is directly or indi-
rectly a prey of itself.
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Term

Boolean network theory
BN

f

G(f)

i j

Protist case study

A

B
p
B
C
T

WLW Prior

GeA Prior

Neutral model
ZKM1, ZKM2, ZKM3
GeA best fit

PAULEVE and GAUCHEREL

Description

Boolean network
BN instance (Boolean map between binary vector of dimension n)
Influence graph of BN f

Variables denoting species indexes in a BN

Amoeba proteus

Blepharisma japonicum

Paramecium caudatum

Euplotes patella

Colpidium striatum

Tetrahymena pyriformis

a priori network from Law et al. (2000)

a priori network from de Goér de Herve et al. (2022)

Sparsest BN reproducing input transitions

Zero Knowledge Models minimizing deviation from input transition

BN from GeA prior having minimal deviation from input transitions

TABLE 1 Summary of main variables
and technical terms used in this paper.

Plankton case study

Bact Bacteria

Nit Nitrate

Proto Protozoan
PicoP Picoplankton
NanoP Nanoplankton
MicroP Microplankton

MicroZ Microzooplankton

MesoZ Mesozooplankton

We inferred the sparsest (neutral) model, which in our case was
unique. It shows the minimal interactions that are needed to be able
to reproduce (at least) the observations (Figure 5). It depicts trophic
interactions already close to the WLW prior trophic network, with
the notable addition of the predictions of T by B, C and P. The transi-
tion graph of the Neutral model (Figure 6) contains all the observed
transitions with the same observed steady states, together with 81
additional transitions (deviation).

ZKM1/ZKM2/ZKM3 are alternative inferred models that min-
imize deviation while reproducing the observations and having an
acyclic ecological network (Figure 5). Their dynamics include the ob-
served transitions and 18 unobserved transitions (Figure 6). It is the
minimum achievable with acyclic ecological interactions, observed
transitions and steady states. The ZKM models differ only by the
interactions between B, P and E. In particular, ZKM1 and ZKM2 in-
volve predation of B by P, while ZKM3 needs the reverse. Compared
to WLW Prior and Neutral, ZKM3 (and ZKM2) involve the predation
of E by B and P. Considering each species size and their ecology,
ZKM3 is the most realistic, as all interactions are compatible with a

decreasing size from predators to prey.

Hence, even without a priori knowledge on the trophic inter-
actions, the transitions and steady states are sufficient to identify

plausible and sparse trophic networks by means of BN inference.

3.1.2 | Inference with expert knowledge from
WLW Prior

The second inference was performed by constraining the ecological
network to be contained within the WLW Prior (Figure 5), including
indicated non-sufficiency of interactions. We ignored constraints
related to the sufficiency of trophic interactions to maintain a spe-
cies in order to consider more candidate models.

It resulted that no model using exclusively those pre-determined
ecological interactions can reproduce all the observed transitions
and steady states. The reason lies in the fact that, in the trophic
network, T is not related to C and P. However, from the observa-
tions, T can survive alone in steady state, but in the presence of
C or P, T goes extinct. Indeed, the following transitions are given
(Figure 1b):
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WLW Prior Neutral (deviation: 81)
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FIGURE 5 Prior and inferred ecological interaction networks. Unless specified, the edge direction is towards the lower; there are no
edges with default direction overlapped by a directed edge. Dashed-dotted edges represent predation that is not sufficient for the predator

to survive only with this prey. Bacteria are not displayed.

e« CT=C
e CPT—CP
e« PTP

It is therefore impossible to explain these above transitions without

introducing additional interactions, thus horizontal predations or com-
petitions. Note that this was captured by the Neutral and ZKM models.

3.1.3 | Extended WLW Prior

de Goér de Herve et al. (2022) proposed an extended trophic net-
work, coupled with potential competition, reproduced as ‘GeA Prior’

in Figure 5. The GeA Prior network contains a cycle between species
C and T to indicate potential competition or preference relations. As
we explicitly imposed that admissible models have an acyclic eco-
logical network, at most one direction can be employed in solution
Boolean networks.

From this extended ecological network, we automatically identi-
fied one (unique) model, minimizing its deviation from observations.
This model, whose trophic network is shown in Figure 5 as ‘GoA best
fit’, introduces 34 unobserved transitions (Figure 6). It is the best
fit model while using only the interactions listed in the GeA Prior.
Its deviation is greater than that of the ZKM models. Compared to
ZKM3, the model misses numerous interactions involving E, and the
predation of P by B. Moreover, the predation of E is sufficient for A
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FIGURE 6 Transition graphs of inferred models. Transitions in black plain lines are observations and are shared by all the models; in
magenta are the 18 additional transitions of the ZKM3 and GoA models; in (dashed) teal are 16 additional transitions of the GoA model.
Transitions of the Neutral, which include GoA transitions, are provided in Figure S1.

to sustain in ZKM models, while it is declared as insufficient in the
GoA best fit model.

This model shows a trophic network rather close to the WLW
prior, except for the species T, which is here predated by P and C,
which enables reproducing the observed transitions related to the
extinction of T in their presence. Hence, again, the absence of such
trophic interactions made the inference of a compatible model using

only WLW prior impossible.

3.1.4 | Plankton ecosystem case study

In this case study with eight variables, the observations (Figure 2)
specify only a fraction of the dynamics (in total, the existence of
trajectories between seven time steps). Hence, one can expect nu-
merous diverse candidate models, despite a rather constrained prior
knowledge. From the prior influence graph (Figure 7a), we identified
2400 different minimal influence graphs: no pair of these influence
graphs has inclusion relationships, but any solution Boolean network
has influence graphs which include at least one of those 2400.

Figure 7 shows the intersection and union between these influ-
ence graphs and the corresponding ecological networks.

4 | DISCUSSION
4.1 | Protist case study

The WLW Prior, and Neutral and GeA model present interactions
more or less vertical, in terms of ecology and body sizes, leaving
more or less room to the non-trophic (e.g. competition and other
horizontal) interactions. Furthermore, some models obtained with-
out a priori on the ecological network appear unrealistic (ZKM1
and ZKM2) as they infer ‘reverse predations’ (smaller preys possibly

eating larger predators). In aquatic ecology, the size of the mouth
of a predator is a typical constraint for the size of the prey. The
reverse situation might happen in the case that prey adults some-
times feed on predator juveniles (Choh et al., 2012). Here, we often
observed that the reverse role of the E species, which is not so
surprising considering only its body size comparable to the P spe-
cies (Warren et al., 2006; Weatherby et al., 1998). For this reason,
this might be experimentally verified. We also observed here that
T and E species often appear to be discriminant (ZKMs) and should
be studied.

Our explorations also confirm that one single interaction may
drastically change the computed dynamics, but not necessarily the
deviation to observations, as in the ZKM models. Similarly, we note
here the importance of what could be called the ‘interaction status’,
namely the ability to sustain the predator species (plain edges) or not
(dotted edges), and the fact that some prey may be preferred or not
(among several) by a predator species is crucial (e.g., ZKM2, species
A). It might be carefully verified experimentally, as it may change
the fate of the community by systematically removing a species
before another one (and so forth) (de Goér de Herve et al., 2022;
Fukami, 2015). For this reason, too, the model deviation itself should
not be regarded as the single discriminant criterion of inference, as
expert knowledge (on species behaviour) may sharply change the in-
ferred network, too. And one (carefully selected) transition would be
sufficient to refute an inferred model, which is reassuring.

All the models we infer are able, by design, to mimic all the ob-
served transitions, including the steady states. The minimum num-
ber of additional transitions, we qualified as deviation, depends on
the a priori on the network structure. One can observe in Section 3
(and in Figure S1) that most of the additional transitions form so-
called diamonds of transitions. For example, starting from BEPT, the
observations only relate transitions from BEPT to BEP to BP, and
BPT to BP. The ZKM3 model adds the transition from BEPT to BPT.
In qualitative dynamics, these diamonds typically reflect concurrent
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(a) Prior influence graph
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(b) Intersection of all solutions
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(c) Union of minimal solutions
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FIGURE 7 (a) Prior influence graph used to constrain the Boolean network inference, (b) intersection of the influence graphs computed
from all solution models, (c) union of the influence graphs of the 2400 minimal models. Edge thickness indicates frequency. The edges of the
intersection (b) have the highest frequency and are present in all the models. The second row displays the ecological networks derived from

the corresponding influence graphs.

events: From BEPT, species E and T eventually disappear. If these
events are independent of each other, they can disappear in any
order, generating diamond-shaped transitions. As the asynchronous
dynamics of BNs do not capture features related to speed or prior-
ity, one can indeed expect that there is not enough information to
enforce a specific ordering in species disappearance. The only pos-
sibility of having more controlled transitions, that is having a more
complex causal structure to explain that a transition is possible but
not another from the same state. Thus, the importance of the prior
ecological network, which, by denying direct interactions (those not
referenced in the prior network), prevents deriving aberrant causal

relations to fit as much as possible with the data.

4.2 | Planktonic ecosystem case study

Overall, the union of inferred networks reveals interesting and ex-
pected interactions between species (Figure 7c). The most frequent
interactions (in bold) are often correct, yet with a few anomalies dis-
cussed below. Nitrates are dissolved molecules that are consumed
by autotroph species only (i.e. all types of phytoplanktons). Hence,
MicrZ and Proto, as heterotroph species, cannot ingest such inor-
ganic molecules, and these bold interactions are wrongly inferred.
The self-loops on some variables, meaning that those species can
survive alone (on the bacterial resource only), should concern only
basal and autotroph species and, thus, are inappropriate for hetero-
troph species such as Proto, MicrZ and MesoZ. Finally, MicrZ can

indeed eat NanoP, as many other interactions suggested by this
network.

Remarks are relatively similar for the intersection (and minimal)
network (Figure 7b), with a few heterotroph species sometimes eat-
ing inorganic molecules (MicrZ and Proto), and zooplankton, which
would starve on bacterial resource only (MicrZ and MesoZ). As a
conclusion for this more realistic inference test, our method was
able to infer the most relevant species interactions, considering the
few constraints that we have chosen (Figure 7a). It would have been
possible to infer a more precise network with a larger set of con-
straints on interactions (e.g. between autotroph and/or heterotroph
species), but this would have required a more extended knowledge
of the system. Conversely, it would have been much more efficient
to increase the number of observed states (at stations), that is to
refine the pathways used for training the inference model, for better
constraining the trophic network inferred.

4.3 | Inference methodology

We demonstrated here an interactive method for generating hy-
potheses on underlying mechanisms driving ecological systems by
means of inference of qualitative models. Automatically inferring
(without or with little expert knowledge) ecological interaction net-
works becomes today mandatory in many observed ecosystems
(Milns et al., 2010; Pocock et al., 2021). Our qualitative and possi-
bilistic method (i.e. asynchronously exploring all possible transitions)
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appears here capable of identifying several interaction networks
responsible for observed dynamics, among which some are mini-
malist and display low deviations between dynamical observations
and computations. In this study, we showed a complementary and
parsimonious approach, which requires no quantitative data and lit-
tle expert knowledge about the system studied (Gaucherel, Fayolle,
et al., 2024; Gaucherel & Pommereau, 2019; Paulevé et al., 2020).
This enables one to efficiently test several interaction networks ful-
filling the observed dynamics and derive candidate models that can
then serve as a basis to derive more fine-grained and quantitative
models.

Without specific prior knowledge of the trophic network, our
approach automatically suggests the simplest explanation for the
observations, that is using the least trophic interactions or least tran-
sitions as possible. This can constitute a first working hypothesis on
the underlying ecological model, without the need for quantification.
The inferred trophic interaction may then be validated or refuted,
possibly by additional experiments and observations. This new ex-
pert knowledge can then be integrated, and a new inference process
will return new models satisfying these additional constraints, in an
iterative procedure (Auclair et al., 2017; Baldan et al., 2018). Our in-
ference framework can also conclude the absence of models satisfy-
ing both desired dynamical and structural properties. This typically
indicates that prior knowledge or qualitative interpretation of the
data must be revised to obtain a comprehensive logical explanation

of the system dynamics.

4.4 | Theoretical guarantees, applicability, and
limitations of the approach

441 | Advantages and limitations of Boolean
modelling

Boolean networks have a long and successful history of applications
in systems biology, notably for modelling gene expression dynamics
at the cellular level (Collombet et al., 2017; Montagud et al., 2022;
Thomas, 1973; Zaiiudo et al., 2021). As for ecological systems, the
abundance of species (the expression of genes in cellular modelling)
is, by nature, quantitative. Nevertheless, qualitative modelling is a
common practice to tackle such complex systems, and provides sev-
eral advantages.

The prime and foremost reason for Boolean modelling adoption
in systems biology is their easier parametrization compared with
quantitative models such as ordinary differential equations. Boolean
networks require few parameters, and those parameters are of dis-
crete and finite nature. This makes the modelling (automatic, as pro-
posed in this paper, or manual) much more tractable and robust to
noise in observations.

Another direct benefit is the ability to encompass many com-
ponents, often of highly different natures: In the literature in sys-

tems biology, Boolean models are composed of several dozen up to a

few hundreds of genes and/or molecules (Abou-Jaoudé et al., 2015;
Montagud et al., 2022).

By nature, Boolean networks are qualitative, making them little
practical to reason on quantitative features of the modelled sys-
tems. Because a species is either absent or present, this enforces a
drastic coarse-graining of the system dynamics, which, depending
on the application, may become irrelevant. In many cases, Boolean
networks, and thus interaction networks here, can be seen as a
‘backbone’ model, which integrates interactions between species
that drive the overall dynamics (Gaucherel, Cosme, et al., 2024). A
concrete example in systems biology is the modelling of gene and
signalling networks, where Boolean networks are able to predict the
effect of gene mutations (forcing a gene to be silenced or, on the
contrary, to be activated) (Flobak et al., 2015; Zafudo et al., 2021).
Boolean models can then be refined into quantitative models by in-
tegrating kinetics and finer description of species states (Fages &
Soliman, 2008; Paulevé et al., 2020; Pratapa et al., 2020). In par-
ticular, any system component usually can be ‘unfolded’ (or folded)
into a finer interaction network of its own components (Gaucherel,
Fayolle, et al., 2024).

4.4.2 | Exhaustiveness of logic-based search for
Boolean networks

The model inference methodology we present in this paper relies
on logic-based search of Boolean networks satisfying given dy-
namical and structural properties. We used the BoNEsis software
(Chevalier, Boyenval, et al., 2024), which employs logic program-
ming and Boolean satisfiability technologies to accomplish this
search. The main principle is that the model inference is encoded
as a Boolean equation, which integrates both the desired dynami-
cal and structural properties, and where variables correspond to
the Boolean function to identify. Then, a solution to the Boolean
equation corresponds to a Boolean network that is guaranteed to
satisfy the specification (Chevalier et al., 2019). As mentioned in
Section 2.4, BoNEsis relies on Answer-Set Programming and cLiNGO
solver. The solving algorithms allow performing an exhaustive
reasoning on solutions. Therefore, if no solutions are returned, it
means that the problem has no solution, that is there is no model
satisfying the input specification. An opposite (and usual) case is
whenever there is a very large number of solutions, preventing
their exhaustive enumeration. In such cases, logic programming
and cLiNGo allow identifying the minimal models, which are usually
much fewer, as well as obtaining the intersection and union over
all models. Note that computing union and intersection networks
can be done without an exhaustive enumeration, and is usually
very efficient (Figure 7).

In the presented case studies, we exploited this exhaustive rea-
soning capability to extract minimal models, that is models that are
included in any other solution models, and thus include necessary

interactions to be able to reproduce observed behaviour.
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4.4.3 | Impact of the nature and number of
constraints on minimal models

With BoNEsis, the set of candidate Boolean networks is primarily
delimited by a given prior influence graph: Any Boolean network
whose influence graph is contained in it will be considered as a
potential solution. Then, provided additional constraints, either
related to the dynamics (e.g. existence of specific steady states
or transitions), or to the model structure (e.g., acyclicity of the
tropic network, presence or absence of a specific direct regula-
tion), shrink the admissible solutions. As mentioned in the previ-
ous paragraph, ASP enables one to efficiently browse the minimal
models, here minimal influence graphs: an influence graph of a
Boolean network is minimal if no other Boolean network has an
influence graph being a strict subgraph of the former. Thus, one
minimal model can be seen as representative of a large set of solu-
tions, those including at least the influences of the minimal model.
As showcased in the applications, there can be several distinct
minimal models. Moreover, while the total number of solutions
necessarily decreases when the number of dynamical or structural
constraints increases, the number of minimal models is usually not

monotone with the addition of constraints.

(a) influence graph of synthetic model
a

(b)impact of varying number of input steady states

min models size overlap (/12) spurious trans missing trans

0 16  4-7 0-7 16-80 0
1 2 8 7-8 16-24 0
2 1 8 8 16 0

S vty anbvoin.

We illustrate this observation and how the number of con-
straints can impact the number of minimal models using synthetic
models generated randomly. We built four models on the basis
of five variables, resulting in the one in Figure 8 and the three
others depicted in the online Supporting Information (Paulevé &
Gaucherel, 2025), with similar behaviours. Such synthetic exam-
ples only show specific instances of the effect of constraints on
the number of (minimal) models and their capability to recapitulate
interactions and dynamics of the ground truth model, which are all
heavily case-dependent.

The asynchronous dynamics of the synthetic model contains
two steady states and 64 transitions. Its influence graph contains
12 direct interactions. Starting from the complete (cyclic) graph,
we studied how the number of minimal models varies when in-
creasing the number of steady states or transitions constraints.
For the impact of steady states (Figure 8b), we performed the
inference of minimal models with specifying zero, one (randomly
selected), and the two steady states, and the 64 asynchronous
transitions. For the impact of transitions (Figure 8c), we performed
the inference by progressively specifying more and more transi-
tions (randomly ordered), while always imposing the two steady

states. One can observe that the number of minimal models can

(c) impact of varying number of input transitions

min models size overlap (/12) spurious trans missing trans

0 256 4 0-4 4-48 12-52

4 48 4 1-4 12-44 12-36

8 240 6-8 2-6 8-43 8-28
12 60 6-7 2-6 12-43 8-24
16 15 6-7 3-6 24-39 8-20
20 5 67 4-6 24-31 8-12
24 5 67 4-6 24-31 8-12
28 6 79 5-7 20-36 4-10
32 18 8-12 5-8 16-39 0-9
36 12 8-13 5-8 16-41 0-7
40 8 8-14 5-8 16-43 0-3
44 8 8-14 5-8 16-43 0-3
48 2 8-10 7-8 16-23 0-1
52 2 810 7-8 16-23 0-1
56 2 8-10 7-8 16-23 0-1
60 1 8 8 16 0
64 1 8 8 16 0

FIGURE 8 Synthetic example for demonstrating the effect of the number of constraints on the number of inferred minimal models.
The synthetic Boolean network was randomly generated and has functions f,(x) = X, A =X, f,(X) = X, A X, f.(X) = X, A 71X,

fa() =X, v (xC A xd)fe(x) =X,V (xc A xd). Its influence graph is represented in (a). Its asynchronous dynamics possesses two steady states
and 64 transitions. (b) Effect of varying the number of steady states in the inference specification, while ensuring the 64 transitions. The
table reports the number of minimal models (influence graphs), their size range and overlap with ground truth (a), and number of spurious
and missing asynchronous transitions. (c) Effect of varying the number of transitions in the inference specification, while ensuring the two

steady states.
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both increase and decrease while adding more constraints, which
reflects the change of shape of the global solution space. As ex-
pected, the more constraints we specify, the closer the minimal
models are to the ground truth, both in terms of recall of the influ-
ence graph (overlap) and in terms of recall and precision of asyn-
chronous transitions. In that particular case, when specifying the
64 transitions, the minimal models are smaller than the ground
truth and generate spurious transitions. This is because we did not
specify that the set of transitions is complete and, thus, the infer-
ence considers any model that can reproduce at least the 64 tran-
sitions. Another remark is that the number of minimal solutions
is usually very small compared to the total number of solutions.
For instance, for the inference with the 64 transitions but with no
steady state constraints, there are 16 minimal models, whereas a

partial enumeration provided more than 628 million models.

444 | Scalability of logic-based model search

The case studies we tackled in this paper can be considered of
modest scale. All the computations have been performed in a few
seconds or minutes. The tool BoNEsis has been successfully applied
to infer models of cellular regulation networks comprising thou-
sands of genes (Chevalier, Becker, et al., 2024), showing a potential
large scalability. Technically, the scalability of our logic-based ap-
proach is tied to two factors: the size of the logic program to be
solved, and the solving itself (Chevalier et al., 2019). The source
of complexity in our approach is the potential exponential size of
the Boolean functions to identify: The Boolean function of a spe-
cies i can be of size exponential with the number of species that
influence it. In other words, the in-degree of the influence graph
is a crucial feature. Yet, Chevalier, Becker, et al. (2024) have been
able to address cases where genes can be influenced by hundreds
of other genes. In these cases, however, we have to manually cap
the complexity of the Boolean function to infer. The downside is
that some admissible models, although having complex functions,
will be excluded from the search. Having generated the logic pro-
gram, the search of solutions is then similar to the infamous SAT
(Boolean satisfiability) problem, which is NP-complete in general.
Nevertheless, modern solvers such as cLinGo are able to address
large problems, with several hundreds of thousands of variables.
This is however quite unpredictable: some problems with a few
hundreds of variables can be much harder to solve than some ex-

tremely large problem (Ganesh & Vardi, 2020).

445 | Pitfalls and limitations of Boolean network
inference

Whereas BoNEsis provides a language for specifying complex dy-
namical properties the Boolean networks must have, one of the
main pitfalls is the specification of the state of the species. In the
case studies of this paper, the observations were already ‘binarized’

(i.e. qualified (Gaucherel & Pommereau, 2019)). However, observa-
tions are often quantitative. It is then necessary to transform these
data into qualitative Boolean states, possibly with undetermined
values. Binarization can be achieved by devising thresholds, or em-
ploying a statistical model to classify quantitative states into either
absent, present or undetermined states (Magafa Lopez et al., 2024).
This step can be very sensitive, as it impacts the properties from
which the model is built.

Another regular pitfall of such inference method is its scalabil-
ity, as discussed in the previous paragraph. As the model inference
method aims at identifying models that formally fulfil all the input
constraints, such a model may not exist, or be very difficult to iden-
tify. In the case of absence of solution, one classical approach is to
relax some hard constraints into optimization objectives: find models
that satisfy as much dynamical properties as possible. When facing
instances where the search takes a very long time, one can also relax
some dynamical constraints and reduce the number of components
to enhance tractability. The opposite case is whenever the number
of solutions is very large, essentially due to an under-specified in-
ference problem. This situation is, however, much more practical to
handle: One can focus on minimal models, compute intersections, or
project solutions on a subset of components.

The case whenever there are too many solutions is one of the
main limitations of logic-based model inference, while also being an
indicator of a lack of observations to constrain the inference prob-
lem. Indeed, by design, the output models are guaranteed to possess
the specified dynamical properties. Thus, in the case that there are
a few solutions, it is guaranteed that the ‘true’ (i.e., searched for)
model is one of them. However, when facing too many solutions, one
has to enumerate only a subset of them (for example, the minimal
ones). Then, the ‘true’ model is not guaranteed to be in this subset of
solutions. A major breakthrough would be the capability to optimize
the predictive power of output solutions. In the current settings,
output models must be challenged by expert knowledge and further
observations in order to finely evaluate their relevance.

4.4.6 | Application to other case studies

In order to apply the BoNesis inference method efficiently to a
dataset, one needs to delineate the domain of candidate models
and to formalize a qualitative and dynamical interpretation of the
data. The domain of candidate models is typically specified using
a prior knowledge influence graph from which possible Boolean
networks will be derived. As illustrated in this manuscript, the
prior knowledge can reflect expert knowledge on possible and
impossible interactions between species. Data typically include
(partial) observations of species at different times and conditions.
In the case, these data are quantitative, a binarization must be
performed, as addressed in the previous subsection. Then, the
observations must be translated into dynamical properties that
a valid model has to possess: for example, existence of a trajec-
tory leading from one observation to another, stability of a given
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observation. Such constraints are expressed in BoNEsis by means
of a specific language (see https://bnediction.github.io/bonesis/
for documentations and examples). This modelling step is the
heart of the inference methodology, as it formally specifies which
models are considered admissible.

Then, BoNEsis provides different methods for accessing the solu-
tion space, for instance by enumerating solution Boolean networks,
or enumerating their influence graphs. By analysing the solutions, it
is usual to identify models that present features that are not desired,
according to expert knowledge, for instance. This can lead to refin-
ing the domain of candidate models, for example by denying some
aberrant interactions, or including additional constraints on the dy-
namics. The above steps must then be repeated with the revised
inference specification.

Future developments could provide additional features for ex-
pressing further constraints on the dynamics of Boolean networks,
as well as for analysing ensembles of inferred solutions. Besides
clustering admissible models, as performed by (Chevalier, Becker,
et al., 2024), one may deduce observations or experiments that
would allow discriminating a large set of models, and thus reduce

model uncertainty.

5 | CONCLUSIONS

The identification of species interaction networks at play in the field,
together with the inference of related dynamical models, is a major
challenge for the ecological community and further (Fukami, 2015;
Servan & Allesina, 2021). This discipline is on the way to developing
powerful inference, often based on frequentist and Bayesian models
(Milns et al., 2010; Pocock et al., 2021). Yet, they often require a
large amount of data and expert fine-tuning rarely available in ecol-
ogy and environmental sciences.

The qualitative modelling and inference approaches, such as the
one presented in this paper, bring the capability to generate models
compatible with both observations and prior expert knowledge. Due
to the discrete and coarse-grained abstraction, inference methods
are able to extract minimal models, and more specifically interac-
tions that must be present to reproduce the observed behaviours
(Paulevé et al., 2020). However, due to the coarse-graining imposed
by Boolean modelling, such models can be limited in the prediction
of certain quantitative features of ecological systems.

Therefore, a promising perspective would be to combine purely
qualitative approaches to delineate a first ensemble of candidate
models based on logical reasoning, before employing fine-grained
modelling approaches to incorporate more information related to
temporized time and species abundances.
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SUPPORTING INFORMATION
Additional supporting information can be found online in the
Supporting Information section at the end of this article.

Figure S1: Transition graphs of inferred models, including neutral.
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