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Highlights 
Computational modeling is an important 
tool to better understand the complex 
behavior and nonintuitive feedback loops 
in gene regulatory networks. However, 
specialized modeling terminology is often 
a barrier to communication. Here, we 
present a glossary for biologists of terms 
associated with modeling gene regulatory 
networks, such as Boolean networks,
Petri nets, or differential equations.

Models can capture complex network 
behavior, such as cooperativity in the 
binding of proteins, bistability, where the 
Biological processes are complex. Their behavior cannot be understood from the 
sum of their parts. Modeling, which allows for articulating hypotheses as equa-
tions and rules, has become indispensable for studying biological complexities. 
When written as computer code, mathematical models can be evaluated to test 
multiple potential outcomes. Modeling is useful for identifying essential system 
components and revealing new interactions. However, implementing models in 
biological research requires a solid understanding of computational and mathe-
matical vocabulary, which typically requires formal training. Furthermore, commu-
nication barriers often hinder collaborations with computational modelers. To 
address this, we present an annotat ed glossary of terms associated with model-
ing gene regulatory networks. Aimed at biologists, we explain common computa-
tional modeling terms and frameworks using examples from published studies.
1 Weill Institute for Cell and Molecular 
Biology, Cornell University, It haca, NY
14853, USA
2 School of Integrative Plant Sciences, 
Cornell University, Ithaca, NY 14853,
USA
3 Department of Plant Developmental 
Biology, Max Planck Institute for Plant 
Breeding Research, Cologne 50829,
Germany

5 Polyploidy Integration and Innovation 
In stitute
6 Present affiliation: Albrecht Daniel Thaer 
Institute for Agricultural and Horticultural

4 Cluster of Excellence on Plant Sciences 
(CEPLAS), Max Planck Institute for Plant 
Breeding Re search, Cologne, Germany

network behaves like an on/off swit ch,
and hysteresis, in which the history of
the system influences the outcome.

Likewise, models can be formulated to 
take into account the stochasticity or 
probabilistic nature of molecular interac-
tions.

Finally, simulation of reaction–diffusion 
models can generate patterns de novo 
(e.g., of cell types or pigments).
Computational modeling and simulation
Traditionally, biologists have used hand-drawn cartoon models to represent biological processes. 
Such models have been highly effective for describing how systems operate in a simple manner. 
However, as our understanding of biological systems has become more complex, traditional 
hand-drawn models are usually no longer sufficient. With a better understanding of biology, it is 
increasingly clear that feedback loops and regulatory interactions among bi ological systemcompo-
nents give rise to complex, system-level emergent behaviors that cannot be predicted from their
individual components [1]. Identifying these behaviors and understanding how exactly they change 
under altered conditions can often be difficult (and sometimes impossible) if based solely on exper-
imental observation or intuitive reasoning. In such cases, modeling provides a rigorous platform not 
only to test whether a proposed mechanism explains the observed data but also to systematically 
explore how the system responds to perturbations. Importantly, modeling often exposes gaps in
our understanding of the behavior of the system in ways that may not be apparent from experi-
ments or schematic representations alone [2]. Modeling has long been used in ecology and evolu-
tion; however, it has more recently been adopted across other major areas of biology, including, 
but not limited to, physiology, molecular, cellular, and developmental biology [3–7]. 

In practice, biologists perform experiments to understand how a given system functions. Such 
experiments typically involve altering the system components in a controlled manner. Then, on 
the basis of the data, biologists use creativity, intuition, and domain-specific  knowledge  to
develop hypotheses about how the system may operate. To test and refine the hypotheses,
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biologists formalize them into models. Such models are either expressed as logical rules or, more 
precisely, as mathematical formulations using equations [8]. In simple cases, the equations in 
mathematical models can be solved analytically to derive the formulas that describe the proper-
ties or behaviors of a system. These models are also commonly executed as computer codes, 
which facilitate the analysis by allowing researchers to carefully (and rapidly) test whether specific 
interactions or assumptions in the models are accurate. Due to the inherent complexities of bio-
logical systems, mathematical models frequently involve several interacting components and 
nonlinear relationships, which can change depending on the state or behavior of the compo-
nents. Most of the time, such models cannot be solved analytically. In such cases, researchers
choose to implement themodel equations into computer code and then execute the code to gen-
erate outcomes that capture how the system behaves according to the defined rules and condi-
tions of the model [9]. The specific process of executing a model using computer code, wherein 
the model itself generates the behavior of a system in accordance with its specific rules, is referred
to as ‘simulation’.

Simulations help to test how well a model mimics the behavior of a biological system. Simulations 
provide researchers with the opportunity to tweak the values of the components and observe the 
model behavior in silico. Through these simulations, researchers can systematically assess a 
range of possible outcomes based on how the system components interact. Biologists generally 
hope that the model behavior closely mimics that of the real system, implying that the underlying
hypotheses are accurate. Nevertheless, these models often prove to be more useful when they
fail to replicate the behavior of the actual system, given that this prompts the biologists to gather
additional data, reconsider basic model assumptions, and/or change their hypotheses [10]. This 
iterative process greatly helps to crystallize our understanding of the real system. After several 
rounds of revision, when the model satisfactorily represents the system, biologists use the refined 
model to make additional predictions about the system and the n test these predictions experi-
mentally. Unfortunately, these intermediary models are rarely published, which deprives the com-
munity of learning about the model formulation process itself.

Computational modeling integrates biological concepts with techniques and principles from 
computer science, mathematics, and physics [11]. As a result of the massive increase in compu-
tational power over the past few decades, computational modeling has been extensively used to
simulate complex phenomena in physics and engineering [3]. Given the interdisciplinary nature of 
computational modeling, the lack of a shared vocabulary that is required to effectively communi-
cate across disciplines remains a primary hurdle. Therefore, in this article, we provide a glossary of 
the basic terminologies and concepts in computational modeling, written by biologists for biolo-
gists. This glossary is part one of a two-part series. The first part focuses on frameworks and 
terms associated with modeling gene regulatory networks. The second part will focus on terms 
associated with modeling the biophysical properties of biological structures. We hope this glos-
sary will help promote collab oration between biologists, computer scientists, and mathemati-
cians. Although this glossary is not exhaustive, care has been taken to introduce what we
believe are the most common and essential terms.

Gene regulatory networks
Gene regulatory networks (GRNs) describe complex interactions among genes, transcription fac-
tors (TFs), and other regulatory elements that influence gene expression. GRNs involve genes, 
gene products (RNAs, proteins), and their regulatory relationships, where genes encoding tran-
scription factors are integral to the structure and function of GRNs [12]. Generally, transcription 
factors regulate the expression of multiple genes, including the genes that encode other tran-
scription factors. GRNs frequently contain network motifs that are often associated with specific
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functions; for instance, positive feedback loops are associated with the generation of multiple 
possible stable states, whereas negative feedback loops are associated with oscillatory behav-
iors. The presence of specific network motifs may also confer robustness, defined in this context
as the ability of GRNs to maintain their function despite internal and external perturbations.

Typically, GRNs are inferred by first compiling experimental data from bulk RNA-Seq, single-cell 
RNA-Seq, ChIP-Se q, and protein–protein interaction experiments, among other methodologies
[13–17]. The information is then used to infer a GRN as an interaction graph, which is a simple 
graph ical format for representing complex regulatory relationships among network components
[18]. In GRN interaction graphs, genes and their products are represented as nodes, and their 
regulatory relationships, such as activation or repression, are represented as edges (Figure 1). 
Briefly, an edge indicates the existence of a regulatory interaction. The edges are usually directed
TrendsTrends inin PlantPlant ScienceScience 

Figure 1. Schematic diagram representing the GRN underlying abaxial (top)–adaxial (bottom) identity
establishment in arabidopsis leaves. In this network, the nodes represent either proteins, microRNAs, and/o
hormones. Proteins are represented by oval shapes, hormones by triangles, and microRNAs using hexagons. Colors
represent expression domains, with dark green representing components expressed on the adaxial side, light green fo
the abaxial side, blue for the meristematic region, purple for the whole primordium, and gray for unknown domains. Solid
lines (edges) represent experimentally validated interactions, whereas dashed lines denote hypothetical interactions
Arrows represent p ositive regulations, blunt-end lines denote negative regulation, and gray lines with a circle at the end
show unknown interactions. This figure is reproduced from Figure 3 in Yuste et a l. [20] under the Creative Commons
Attribution 4.0 International License (CC BY 4.0). GRN: gene regulatory network.
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from a regulatory component to its target component, and the type of edge denotes whether the
interaction is activatory (arrowheads) or inhibitory (blunt ends) (Figure 1). Both analytical and com-
putational models can be constructed based on interaction graphs, simulations of which can help 
us understand how genetic cascades function and predict how the network responds to pertur-
bations [21]. Simple GRNs involve a small subset of transcription factors and their targets. By 
contrast, more complex GRNs often resemble ‘hairballs’, characterized by numerous genes 
involving multiple levels of control, feedback loops, and crosstalk among pathways [22]. GRNs 
help infer how the transcription of target genes is either upregulated or downregulated in 
response to specific cues. Modeling GRNs can help predict key compo nents in specific path-
ways and phenotypic responses. As an example, Yuste et al. [20] constructed a GRN to explain 
how the distinct identities of the top (adaxial) and bottom (abaxial) surfaces of l eaves in
Arabidopsis thaliana (henceforth arabidopsis) are established and maintained (Figure 1) [20]. 
This network is composed of multiple genes, microRNAs, and hormones that crossregulate 
each other. On the basis of this GRN, the authors were able to eliminate components that exhibit 
nonessential interactions and narrow down to six core network nodes (KAN1, YAB1, REV, AS1-
AS2, ARF3, and miR165/166) and 22 potential interactions that are essential for maintaining
abaxial–adaxial polarity [20].

An important aspect of GRNs is their dynamic nature, where the state of the genes and their prod-
ucts can change over time. For modeling GRNs, the expression levels of genes or the concentra-
tions of proteins are treated as quantities that can change depending on exactly how they are 
regulated. Accordingly, GRNs can be modeled using approaches that capture these dynamics. 
The choice of the modeling approach usually depends on the required level of precision, the avail-
ability of experimental data, the complexity of the network, and the software preferences of the
modeler. In the following sections, we describe some commonly used approaches to model
GRNs, with specific examples.

Boolean networks 
In Boolean network models, the system components (for instance, genes) are represented as 
nodes that can assume one of two states: Active (True/1/ON) or Inactive (False/0/OFF). Interac-
tions among the nodes, represented as edges, are described using logical (Boolean) operators:
NOT (¬), AND (∧), and OR (∨) [23]. By convention, Boolean operators are evaluated in a defined 
order: NOT is evaluated first, followed by AND, and then OR, unless the use of parentheses over-
rides the order. For example, let us assume a GRN with three transcription factors regulating a 
gene (node). Here, A and C are activating transcription factors, whereas B is a repressor. The tar-
get gene is activated if A is ON, or if B is OFF and C is ON. In this situation, the regulatory rule 
determining the node state is expressed as the Boolean expression A ∨ ¬B ∧ C. To evaluate 
the expression A ∨ ¬B ∧ C, ¬B is evaluated first; then, AND (∧) combines ¬B with C, and finally 
OR (∨) integrates the results with A. Conversely, if the relationship was (A ∨ ¬B) ∧ C, then the 
OR (∨) o peration between A and ¬B is evaluated first, and the result is then combined with C
using AND (∧), leading to a different logical outcome. These operators allow the model to capture
the combined effects of multiple regulators (using the AND, NOT, and OR operators). Because
Boolean networks are simple to design and interpret, they are widely used for modeling GRNs
underlying animal development [24], plant developm ent [25], agi ng [26], oncogenic pathwa ys
[27,28], among other processes.

Synchronous Boolean models assume that all node values are updated simultaneously at each 
discrete time step. An update is an event where the state of each node is recalculated based 
on its Boolean regulatory rule and the state of its regulators. Since all nodes are updated at the
same time, the sequence (or order) in which individual nodes are updated is irrelevant to the
588 Trends in Plant Science, May 2026, Vol. 31, No. 5
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resulting network state. By eliminating any dependence on the order of updates, the model 
ensures that once the initial state of each node and the regulatory rules are specified, the network 
behavior becomes fully predictable. Therefore, by design, synchron ous Boolean models are
deterministic, where a given set of initial conditions always produces the same sequence of net-
work states over time [29]. As the model evolves following the updates, the network state may 
converge to a steady state or attractor, which is a stable configuration of node values which either
remains unchanged over time (fixed points) or exhibits sustained oscillations (limit cycles) [30]. 

In standard Boolean networks, the state of each node is defined using precise regulatory rules 
(such as the Boolean expressions discussed earlier). These rules describe how multiple regula-
tors determine a node’s state; for instance, whether two transcription factors are both required 
to activate a gene (AND), versus whether either one is sufficient (OR). Evaluating these rules 
gives us the updated state of the node. In practice, however, defi ning these regulatory logical
rules requires very detailed mechanistic knowledge, which is rarely available for large GRNs
inferred from high-throughput datasets [31]. As an alternative, a more flexible, commonly used 
approach is to use threshold-based Boolean networks (TBNs) [32]. In TBNs, gene regulation is 
modeled by combining the effects of multiple regulators, rather than using logical expressions. 
Briefly, each regulator (activator or repressor) is assigned a weight that reflects how strongly it 
influences a target node. The combined regulatory effect is calculated by adding the weighted 
inputs together, which circumvents the need to specify all possible combinations of regulator
states. If the combined influence crosses a predetermined numeric threshold, the node is
updated; otherwise, the node remains in the same state [32]. 

As an example, a TBN was used to model the GRN underlying induced systemic resistance (ISR)-
triggered defense response in arabidopsis (Figure 2) [35]. The model was constructed to under-
stand the regulatory interactions of key defense-related genes such as PR1, WRKY, and PDF1.2. 
The activation state of each node (gene) depends on input from other nodes, which are modeled 
using Boolean operators. For examp le, PDF1.2 can be activated by ERF1, MYC2, WRKY33,
and/orWRKY54 and repressed by LOX2 and/orWRKY70 (Figure 2). The nodes in Boolean net-
works can also activate or repress themselves (self-activation). For instance, the gene PR1 is 
self-activated, whereas WRKY33 exhibits a self-repression loop (Figure 2), wherein the prior 
activation state of these genes acts as a positive and negative regulatory input for the subse-
quent network update for PR1 and WRKY33, respectively.

Briefly, using a synchronous TBN model where the rules were derived from experimental data, the 
authors were able to simulate the dynamics of the defense response by repeatedly updating the 
state of each gene based on the regulatory inputs. The authors tracked the evolution of the sys-
tem across all possible states and identified stable attractors (states that are resistant to small 
perturbations in the system) that corresponded to the observed temporal gene expression pat-
terns during the defense response. Notably, the Boolean trajectory (sequence of states as the 
network evolves) remained intact despite single or double mutations, and three simultaneous 
mutations were required to disrupt the system dynamics predicted by the model. The Boolean
model thus helped the authors investigate the ability of the GRN underlying the plant defense
response to maintain its gene expression states despite perturbations to its regulatory structure.

Petri nets 
Petri nets (also known as place/transition (PT) nets) model GRNs using two types of nodes, 
namely places and transitions , and can also incorporate the order and timing of interactions
[36].  Whereas  places represent genes/proteins, transitions represent events/interactions. The 
directions of events are represented by directed arcs, which connect an input place to a transition
Trends in Plant Science, May 2026, Vol. 31, No. 5 589
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Figure 2. A GRN underlying induced systemic resistance response in arabidopsis, modeled using Boolean 
networks. The nodes (circles) represent key defense related genes. The edges (arrows) represent regulation; blue arrows 
represent activation and yellow arrows represent repression. Each of the eight nodes (numbering denoted within circles) 
has an associated threshold, whose values are 2, 0, 0, 2, -2, 0 , -1, and -2, respectively. These values represent the
threshold input required for a given gene to activate (switch from OFF to ON state). This figure is modified from Figure 6 in 
Timmermann et al. [35] under the Creative Commons Attribution 4.0 International License (CC BY 4.0). GRN: gene
regulatory network.
or a transition to an output place [37]. The state/units of a place, which can be gene expression or 
protein levels, are marked by tokens. For instance, if gene A is more highly expressed than gene 
B, the place representing gene A will contain more tokens. Petri nets use a bipartite graphical 
notati on, meaning that the directed arcs only connect places to transitions, not places to places
or transitions to transitions. The arcs can be weighted as well; an arcwith a weightw can transfer
w tokens [37]. For a transition to be enabled, the input place must have the required number of 
tokens that matches the arc weight. Compared with Boolean networks, Petr i nets can computa-
tionally incorporate more complex interactions, including the order and timing of interactions [38]. 

Petri nets have been used, for instance, to model bone remodeling [39]. This process requires 
balanced activity of osteoclasts (cells that break down old bone tissue) and osteoblasts (cells 
that generate new bone tissue). Whereas binding of the signaling molecule RANKL to the recep-
tor RANK activates the osteoclasts, binding to the competing receptor OPG prevents this
590 Trends in Plant Science, May 2026, Vol. 31, No. 5
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activation [19]. In the molecular network part of the model, the places represent different biomol-
ecules: XO and XL represent the amounts of OPG and RANKL, respectively (Figure 3 circles). The 
arcs represent interactions; for instance, when OPG and RANKL interact via transitions k1, they 
form the OPG–RANKL complex ( XOL). Likewise, for the cellular network part, the places represent
bone cells (Figure 3). The tokens denote the number of osteoblast precursors (NOBP), active oste-
oblasts (NAOB), osteoclast precursors (NOCP), and active osteoclasts (NAOC). The transitions 
denote either the synthesis rates (α), the strength of interactions (β), or the degradation rates 
(γ). By simulating the model, the authors determined how altering the synthesis or degradation 
rates affects the equilibrium between osteoclast and osteoblast activities. For instance, increasing 
OPG degradation rates reduced the inhibitory effect on RANKL, promoting osteoclast activity,
whereas increasing OPG synthesis promoted osteoblast activity to favor bone tissue formation.
Overall, through simulations of the Petri net model, the authors identified key regulatory events
TrendsTrends inin PlantPlant ScienceScience

Figure 3. A Petri net framework for the molecular and cellular network involved in bone remodeling. The box on
the top represents the molecular network, whereas the bottom box represents the cellular network. Circles represent places
lines represent the transitions, and arrows represent the arcs. The entire framework involves eight places (state variables) and
four chemical reaction constants or transitions (k1 to k4). In the network, ak3 represents the product of the concentration o
RANK (constant denoted ‘a’) and the rate constant k3. The molecular network involves two synthesis rates (pO and pL
and two degradation rates (dO and dL) for OPG (O) and RANKL (L). The cellular network includes four synthesis rates
(α1–α4), four degradation rates (γ1–γ4), and two interaction factors (β2 and β3). This figure is adapted from Figure 3 in L
et al. [19] under the Creative Commons Attribution 2.0 Generic License (CC BY 2.0).
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that influence osteoblast and osteoclast activities and identified equilibrium states in the OPG–
RANK–RANKL pathway.

Differential equations 
The defining feature of differential equation models  is  that  they  can  describe  the  continuous
change of system components over time using mathematical functions. Although other modeling 
frameworks, such as Boolean networks or Petri nets, can also capture nonlinear behavior, differ-
ential equation models allow complex nonlinear interactions to be represented directly using rate 
equations, which describe how the concentration of system components changes over time. Dif-
ferential equation models use either ordinary differential equations (ODEs) or partial differential 
equations (PDEs). Whereas ODEs captu re how system components change with respect to a
single dimension (e.g., time), PDEs account for multiple dimensions, such as time and space.
In this glossary, we will focus on ODEs.

In ODEs, the concentrations of the mRNAs and proteins are conceptualized as ‘pools’,  with
inputs and outputs at every time step [40]. As the components interact, ODEs profile the rate 
of change in the pools using parameters and variables (defined in the next section). The net 
change in a pool is described as a differential/rate equation that adds the inputs (production, 
given by transcription or translation) and subtracts the outputs (degradation). The general form 
of a system of ODEs is 
dxi 
dt 

f i x, t , i 1, ,n, 

where n represents the number of components, t represents time, the vector x =  (x1(t), x2(t),
x3(t), … , xn(t)) typically represents the concentration of the components at time t, and the
functions fi are defined based on known information, such as the strength of interactions or
other specifics.

Differential equation models are ideal for instances where the researcher specifically wants to 
quantitatively test hypotheses against experimental data collected over time, such as transcrip-
tion, translation, and degradation rates [41]. In other words, these models allow for a more accu-
rate representation of system dynamics over time. However, differential equations ideally require 
precise experimental data to obtain the rate constant(s) required for modeling, which is only fea-
sible for relatively small or well-characterized networks.

Caluwé et al . [39] used ODEs to model the GRN of the arabidopsis circadian clock (Figure 4 [39]). 
This regulatory network confers 24-h rhythmic activity to multiple processes that regulate plant 
development. The GRN involves clock transcription factors, namely dawn active (CCA1 and 
LHY), morning active (PRR9 and PRR7), late afternoon to evening active (PRR5 and TOC1),
and dusk active (ELF4 and LUX) (Figure 4A). To simplify the model, genes sharing similarity in 
expression and regulatory patterns were grouped into pairs. For instance, CCA1 and LHY were 
grouped because they are active during dawn, and both transcription factors repress the
evening-expressed genes ELF4 and LUX. This approach reduced the number of differential
equations and rate constants required for modeling.

The ODE model consisted of nine differential equations that represented the temporal change s in
mRNA and protein levels of the gene pairs [39]. Each equation modeled these changes by incor-
porating the transcriptional and translational rates as inputs, while also accounting for the degra-
dation rates (Figure 4B). These factors collectively determined the rate of change in the 
concentrations of the modeled gene pairs. For example, the ODE for the CCA1/LHY gene pair 
included the light-induced transcription rates, the regulatory inhibition by PRR9/PRR7 and
592 Trends in Plant Science, May 2026, Vol. 31, No. 5
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Figure 4. Modeling of the arabidopsis circadian clock dynamics using ODEs. (A) Schematic of the GRN underlying 
the arabidopsis circadian clock. The arrow indicates activation, whereas lines ending with bars represent inhibition/ 
repression. (B) The panel shows four of the nine differential equations in the original publication, which were used for
modeling the mRNA and protein level dynamics of the clock genes [39]. Equations (1) and (2) model the rate of change of 
CCA1/LHY1 mRNA ([CL]m) and protein ([CL]p) levels, respectively, whereas equations (3) and (4) model the rate of change 
of PRR9/PRR7 mRNA ([P97]m)  and  protein  ([P97]p) levels, respectively. To model [CL] mRNA levels, equation 
(1) incorporates the baseline transcription of [CL]  (v1), light-induced transcription (v1L) and activation by P (PIF3, PIL1) while 
accounting for the inhibition by P97 and P51. It also accounts for [CL] mRNA degradation at different rates under light (k1L) 
and dark (k1D). Equation (2) models the protein levels of [CL] by incorporating the baseline (p1) and light-induced 
translation (p1L) while subtracting the degradation of [CL] at a constant rate (d1). Similarly, equation (3) models [P97] 
mRNA levels by incorporating the light-dependent transcription (v2L), baseline transcription (v2A), transcription induced by 
CCA1/LHY1 (v2B) and inhibition by P51 and EL, while subtracting the degradation o f [P97] at the rate (k2). Equation
(4) models [P97] net protein levels by subtracting the degradation of [P97] under light (d2L) and dark (d2D) from the
baseline translation of [P97] at rate (p2). Additional equations for the remaining interactions in the model can be found in
the original publication [39]. Panel (A) is adapted from Figure 1 in Caluwé et al. [39] under the Creative Commons 
Attribution 4.0 International License (CC BY 4.0). GRN: gene regulatory network; ODEs: ordinary differential equations.
PRR5/TOC1 gene pairs, and mRNA degradation constants in b oth light and dark conditions
(Figure 4B). The model showed that the 24-h rhythmicity is achieved through tightly regulated 
feedback between morning and evening genes, resulting in persistent oscillations. Moreover,
Trends in Plant Science, May 2026, Vol. 31, No. 5 593
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the model helped reveal that these oscillations, driven by genes being activated or repressed 
at specific phases of the light/dark cycle, together with the red undancy in the clock genes, are
critical for ensuring the robustness of the circadian clock.

In many instances, the amount of quantitative data that can be extracted from a biological system 
can be limited, but its qualitative behavior can still be related to simple ODE models. Indeed, sim-
ple ODE models are very often used to study the qualitative dynamics of simplified GRNs [42]. 

Variables, parameters and parameter optimization
Variables are the quantities of a model whose values can change over time. The way in which var-
iable values change depends on the specific model rules or equations. The initial values of the var-
iables are referred to as initi al conditions. Mathematical models that cannot be solved analytically
can be simulated numerically, which ultimately provides the evolution of the model variables over
time [43]. In GRNs, variables typically represent either gene expression levels or the abundance of 
proteins. For instance, variables correspond to the active/inactive status of the nodes in the Bool-
ean network, the number of tokens in places for Petri nets, and the gene expression levels for dif-
ferential equations. In the rate equations (1) and (2) in Figure 4B, the mRNA concentration ([CL]m) 
and protein concentration ([CL]p)  of  CCA1/LHY are variables becaus e their net quantities are sub-
ject to change over time.

A parameter, by contrast, is an assigned value, i.e., usually fixed for a given simulation run [44].  To  
investigate the dynamics of a model, it is useful to study how the model behaves for different sets 
of parameters across the parameter space. In Boolean networks, parameters represent logical 
operators that define how the nodes interact. For Petri nets, parameters represent the transitions 
that determ ine how the tokensmove between places. For differential equations, parameters cor-
respond to rate constants in the equations. Referring to the ODEs used to represent the dynam-
ics of circadian clock components (Figure 4B), the transcription rates (v1, v1L, v2L, v2A, v2B), 
translation rates (p1, p1L, p2), and degradation rates (k1L, k1D, d1, k2, d2D, d2L) are parameters 
because they are rate constants that are fixed. Whether a value is a variable or a parameter
needs to be determined when conceptualizing a model.

Parameter optimization is the process of identifying a set of parameter values such that the model
best represents the data [45,46]. Ideally, all parameter values could be derived from experimental 
data. In practice, parameter values are often unknown. Thus, researchers need to infer parameter 
values so that the model best imitates the real system. A typical parameter optimization process 
involves the following steps: 

1. Simulating the computational model with a hypothesized set of parameter values. 
2. Assessing the discrepancies between model simulation outcomes and experimental data

(i.e., model fitness).
3. Altering the parameters to test whether the new values improve model fitness.
4. Repeating steps 1–3 to obtain the optimal set of parameter values.

After optimization, it is important to experimentally test whether the values are biologically rele-
vant. It is also worth exploring a wide range of all possible parameter values (the param eter
space) by conducting parameter sensitivity analysis [47]. For this, the model can be simulated 
using a wide range of parameter values to assess the potential outcomes. Although, for some 
parameters, a wide range of values may fit the data, for other parameters, only a narrow range 
of values fits the data. Parameters with narrow ranges of values that fit the data are likely to be
more important because they reveal critical values, which may be biologically significant.
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Hill equations 
Typically, simple enzyme–substrate reactions follow Michaelis–Menten kinetics, where the reac-
tion rate increases at low substrate concentrations and the reaction saturates at higher substrate 
concentrations. By contrast, allosteric enzymes with multiple binding sites show a sigmoidal 
response; a s the substrate concentration increases, the reaction proceeds slowly and then
becomes increasingly rapid before reaching saturation [48]. The behavior of allosteric enzymes 
is modeled using Hill equations, which were originally formulated by Archib ald Hill in 1910 to
model the interactions between hemoglobin and oxygen [49]. Fundamentally, Hill equations rely 
on the following three important parameters: 1) the maximum reaction rate (such as the maximum 
gene expression or protein activity level, denoted by , 2) the half-saturation constant (K)  or  
the threshold concentration of the ligand (molecules binding to proteins) at which the response
reaches half of its maximum value, and 3) the Hill coefficient (n), which is an intrinsic property of
the protein (Figure 5A,B) [51]. The Hill coefficient serves as a measure of cooperativity (defined 
in the next section), which is an important aspect of Hill equations.

Vmax ) 

Cooperativity 
Cooperativity is a phenomenon in which the event of one ligand binding to a protein influences 
the affinity or likelihood of additional ligand-binding events [52].  Hill  coefficient values below 1 
indicate negative cooperativity, which means that the binding of a ligand reduces the affinity of 
subsequent ligand-binding events. Hill coefficient values equal to 1 indicate no cooperativity, 
whereas values greater than 1 indicate that a ligand-binding event promotes the binding of 
subsequent ligands (positive cooperativity). For example, the H ill coefficient of hemoglobin, an
allosteric protein, is usually above 2.8 (positive cooperativity), indicating that the binding of oxygen
increases the binding affinity of subsequent oxygen molecules [49,52]. In the context of GRNs, 
where TFs regulate gene expression, cooperativity may occur from physical interactions among 
TFs, such as the formation of homodimers, heterodimers, or higher -order complexes, or
from multiple TFs binding cooperatively to nearby DNA-binding sites [57]. In the case of positive 
cooperative interactions among TFs, where TF binding increases promoter occupancy, a small 
increase in TF concentration can lead to a large increase in gene expression, resulting in a sigmoi-
dal transcriptional response. Hill equations are commonly used to quantitatively model such
sigmoidal relationships between the concentration of TFs and the expression of target genes
[58,59]. 

In the following example, Wychowski et al. [50] investigated the activity of arabidopsis 
starch branching enzyme 2.2 (BE2.2) in vitro. Briefly, the BE2.2 enzyme acts on its substrates, 
namely starch polymers amylose and amylopectin, to introduce glycosidic branching points dur-
ing starch biosynthesis [50]. At low substrate concentrations, the authors observed a slow 
increase in BE2.2 activity. However, the enzyme activity increased steeply with an increase i n
substrate concentration over a narrow range before reaching saturation, resulting in a sigmoidal
curve (Figure 5C,D). This sigmoidal activity profile of BE2.2 is a characteristic of positive 
cooperativity, where BE2.2 activity increases disproportionately over a narrow range of substrate
concentrations.

Through structural analysis, the authors showed that BE2.2 remains monomeric in the absence 
of substrate. This indicates that cooperativity arises from the conformational changes occurring in 
individual BE2.2 enzyme molecules as addit ional substrates bind, rather than from interactions
among the enzyme molecules [50]. In other words, at low substrate (amylose or amylopectin) 
concentrations, most enzyme molecules exhibit low activity. As substrate concentration 
increases, enzymatic interactions with branched substrates shift the enzyme population toward
higher activity conformations, leading to a rapid increase in reaction rates. The authors then
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Figure 5. Modeling cooperativity in ligand binding and enzymatic activity using Hill equations. (A) The standard Hill 
equation represents an activator with varying Hill coefficients (n). (B) The Hill function represents a repressor with varying Hill 
coefficients (n). (C–D) Substrate-dependent activity of starch branching enzyme 2.2 (BE2.2). The specific activity (%) of BE2.2 
enzyme in vitro is shown as a function of the concentration of (C) amylose and (D) amylopectin. The points represent the 
specific activity of BE2.2 measured at each substrate concentration, and the solid lines show the Hill equation curves
obtained by adjusting the equation parameters to closely fit the measured activity values. Panels (C) and (D) are adapted
from Figure 6 in Wychowski et al. [50] with permission from Elsevier. BE2.2: branching enzyme 2.2.
used a Hill equation to describe how enzyme activity changes as a function of substrate concen-
tration and derived Hill coefficients of approximately 2.8 for amylose and 3.4 for amylopectin. The 
values, being greater than 1, indicate strong positive cooperativity. Overall, the use of the Hill
equation helped the authors quantitatively describe the nonlinear increase in the activity of
BE2.2 with increasing substrate concentration.
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Bistable switch 
In dynamical systems, a ‘stable’ state is a steady equilibrium configuration, i.e., maintained by the 
underlying regulatory interactions, such that the system is inclined to return to that state after
minor perturbations [42,60]. This is why stable states are also referred to as ‘attractors’. By con-
trast, an ‘unstable’ state lacks such restoring or self-maintaining regulation; small perturbations
tend to drive the system toward a different, usually stable, state.

Fundamentally, a bistable system can rest in two steady equilibrium states. A bistable network 
can exhibit two mutually exclusive, stable states under the same input signal. The system can 
switch between a ‘low’ or a ‘high’ state (bistable switch), analogous to a light switch being
‘OFF’ or ‘ON’ [61]. A computational model representing a bistable network will have two stable 
states or attractors [62], separated by an unstable state (i.e., a state from which the system is 
repelled). When the input stimulus exceed s a threshold, the system switches to the other stable
state [63]. Sometimes, the system tends to remain in the new state even after the stimulus is 
removed due to the phenomenon of ‘hysteresis’ (described in the next section).

Bistable switches are usually created through network motifs involving positive feedback loops
[42,64] (Figure 6A). In some cases, mutual inhibition or double-negative feedback loops can 
also generate bistability, as it is mathematically equivalent to positive feedback loo ps (because
two concatenated negative interactions are equivalent to a positive interaction) [65] (Figure 6A). 
A network of such feedback loops helps to confer robustness, which is a critical aspect of pro-
cesses such as cell cycle progression and differentiation [66]. Alternatively, the initial conditions 
determine to which attractor the network converges, or whether a switch can occur at all under 
a given input. For example, if a bistable network initiates with a high concentration of an important 
regulatory component, the system may tend to converge to the ON attractor, whereas a low initial 
concentration may favor convergence to the OFF attractor. Moreover, bistability can only occur 
within a specific range of parameter values, outside of which the system can either have a single
steady state or exhibit oscillatory behavior between states. Thus, when modeling bistable sys-
tems, it is necessary to perform parameter sensitivity analysis as described before.

An example of a bistable network is the regulation of mammalian cell cycle progression [33]. 
During the cell cycle, Rata et al. [33] showed the existence of two distinct stable equilibrium 
states: the interphase state and the mitotic state, or M-phase (Figure 6B,C) [33].  The  switch
between the states is dependent on the input signal cyclin B (CycB) levels, the activity of cyclin-
dependent kinase 1 (Cdk1), and the activity of protein phosphatase 2A (PP2A) (Figure 6B). 
When CycB levels are insufficient, high PP2A activity prevents the activation of Cdk1, thus main-
taining the cell in the interphase state. As CycB levels increase beyond the threshold, CycB binds 
to and activates Cdk1, which triggers the s witch from interphase to mitosis. The CycB–Cdk1
complex also reinforces Cdk1 activation via a positive feedback loop (Figure 6C). Thus, depend-
ing on the CycB levels, the cell can either remain in interphase (low Cdk1 activity) or commit to 
mitosis (high Cdk 1 activity). The bistability ensures that the cell is robustly committed to a specific
state.

Hysteresis 
In bistable systems exhibiting hysteresis, the switch between states depends not only on the 
input signal but also on the system’s history. Here, history refers to the sequence of events lead-
ing up to the current state. This dependence on history creates a form of ‘memory’, which is an
emergent property of the network dynamics [67]. History dependence also creates a delay; the 
state change lags behind the input signal based on how the system has changed (and therefore
how the variables have changed) previously [68]. Mathematical models such as Bouc–Wen and
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Figure 6. Bistability in gene regulatory networks and application of the Gillespie algorithm. (A) Examples of GRNs 
exhibiting bistability. These GRNs show different network motifs, harboring positive feedback loops. (B–C) Mammalian cell 
cycle progression involves a bistable network exhibiting hysteresis. (B) Interaction scheme of CycB, Cdk1, and PP2A, 
which consists of different coupled positive feedback loops, causing the bistable behavior of cell cycle regulation. (C) The 
plot shows a signal-response curve for the cell cycle state (interphase or M-phase). The y-axis shows the substrate phos-
phorylation levels, whereas the x-axis shows the CycB input levels. At low CycB levels, PP2A keeps the substrates dephos-
phorylated and maintains the cells in interphase (blue line). An increase in CycB activates Cdk1, which phosphorylates the 
substrates, causing the system to switch to M-phase (red line). Conversely, when the cell is in the M-phase, reducing 
CycB levels will eventually cause the system to switch to interphase (blue line). The dashed line (gray) represents unstable 
solutions of the ODEs computed numerically; the left and right ends of the dashed line represent the CycB thresholds 
required for the exit and entry switches, respectively. Note how the CycB levels required to enter M-phase are higher than 
those required to exit M-phase and enter interphase. (D) Illustration for the modified Gillespie algorithm. The diagram 
shows how delays in a reaction (transcription/translation) are incorporated in simulations, using the Gillespie algorithm. The
black line shows the reaction timeline. The black arcs indicate the random time intervals (Δti-1 and Δti) between reaction
events. The thick, dashed line at the top indicates a scheduled delay in the reaction, which sets the reaction to occur at a
future time point (td). The dashed arc shows that the scheduled delay in the reaction proceeds to its completion, which
emphasizes how the delay is incorporated into the simulation. Panels (B–C) are adapted from Figure 1 in Rata et a l. [33] 
under the Creative Commons Attribution 4.0 International License (CC BY 4.0). Panel (D) is reproduced from Figure 3 in 
Bratsun et al. [34] under the Copyright (2005) National Academy of Sciences, USA, with permission from Proceedings of 
the National Academy of Sciences. Cdk1: cyclin-dependent kinase 1; CycB: cyclin B; GRNs: gene regulatory networks;
ODEs: ordinary differential equations; PP2A: protein phosphatase 2A.
Novak–Tyson can be used to computationally simulate hysteresis [69,70]. Such models use non-
linear equations to simulate how the dynamics of genes and/or proteins in a network respond to
past and present levels of input signals.

Usually, for hysteresis, the signal required to activate the components is higher than that required 
for deactivation. The system can remain in the activated/ON state even in the absence of input. In
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the example of Rata et al. [33], the CycB level required for Cdk1 activation is much high er than the
level required for deactivation (Figure 6B,C) [33]. As a result, once the CycB level crosses the acti-
vation threshold, the cell enters and remains in the mitosis state (high Cdk1 activity) even when 
the CycB levels drop. Hysteresis is also driven by the feedback loop between Cdk1 and PP2A; 
when Cdk1 becomes active, it inhibits PP2A, which would otherwise deactivate Cdk1 targets. 
This inhibition ensures that the system does not immediately revert to interphase when CycB 
levels drop. The cell switches to interphase only when the CycB levels are critically low. The
‘memory’ effect of hysteresis is associated with the fact that the levels of CycB required for
phase transition depend on the previous state of the system (mitosis or interphase) (Figure 6B, 
C). The authors used nonlinear ODEs to model the concentrations of CycB, Cdk1, and PP2A 
over time (variables), while including several experimentally identified pa rameters such as the
CycB–Cdk1 activation strength and the inhibition strength of Cdk1 on PP2A.

Stochastic models 
Biological systems exhibit inherent stochasticity (randomness/fluctuations) at both the molecular
and cellular levels [71]. Stochasticity in GRNs can arise from either intrinsic or extrinsic factors, or 
both, which, in turn, influence the expression of genes and cellular functions. Intrinsic factors 
include fluctuations at the transcriptional level. Often, these fluctuations are driven by probabilistic 
events. For example, the transcriptional bursts of lowly expressed genes are based on the likeli-
hood of a transcription factor and/or RNA polymerase binding to a specific gene promoter and/or
chromatin dynamics [72]. Conversely, for highly expressed genes, such minor fluctuations gener-
ally tend to average out and have relatively smaller effects.

Extrinsic factors, by contrast, originate from influences at the cellular level, which can stochas-
tically alter the expression of several genes simultaneously. For example, unequal partitioning of 
cellular components between daughter cells during asymmetric cell division c an cause variabil-
ity in gene expression patterns between the daughter cells [73]. These stochastic fluctuations 
play an important role in ensuring robustness in growth and development. In plants, for 
instance, stochastic variability in cell growth rates not only leads to robust shape and size of 
plant lateral organs but also helps in precise spatial patterning of cell types, which is crucial
for organ functionality [71]. 

To make accurate predictions, computational modeling approaches may need to incorporate 
stochasticity. We have previously discussed how modeling formalisms such as Boolean net-
works, Petri nets, and ODEs are useful for modeling GRNs in a simplified way. Of note, stochastic 
versions of these modeling frameworks, such as probabilistic Boolean networks, stochastic Petri 
nets, and stochastic differential equations (SDEs), do exist. Although the standard versions 
assume that the behavior of the system is deterministic—where a given set of parameters with
a specific set of initial conditions will always produce the same outcome—the stochastic versions
incorporate probabilistic behavior. In the following sections, we will discuss some examples of
stochastic modeling approaches.

Gillespie algorith m
The Gillespie algorithm is a stochastic simulation algorithm used to model biochemical reaction 
systems. In this framework, the number of reactant molecules changes through discrete reaction 
events that occur randomly but in a well-defined, rule-based manner. Rather than following a 
fixed (deterministic) trajectory, the timing and sequence of reaction events are determined prob-
abilistically by reaction propensities, which are derived from defined rate constants and the cur-
rent number of reactant molecules [74]. This approach is particularly useful for modeling 
systems with a low concentration of reactants, where small changes in concentration can
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produce significant fluctuations. Typically, the concentration of transcription factors, mRNA, and 
proteins is limited in GRNs. Computational models based on the Gillespie algorithm are useful for 
simulating changes in the limited pool of these biomolecules, based on how they are produced 
and interact in a stochastic manner over time. Briefly, assuming a well-mixed system, the algo-
rithm repeatedly determines which reaction occurs and the time at which the reaction occurs in 
a probabilistic manner. The likelihood of each reaction and its timing are determined by the reac-
tion rate and the current number of biomolecules. Following the occurrence of a reaction, the
number of reactant biomolecules is updated, and the process is repeated [74]. In this way, the 
algorithm generates stochastic reaction trajectories over time, thereby providing a reali stic esti-
mation of how the number of biomolecules changes over time.

For example, Bratsun et al. [34] used the Gillespie algorithm to simulate how stochastic delays 
in transcription and translation cause oscillations in gene expression [34]. Such oscillations are 
commonly seen in the circadian clocks of arabidopsis and Drosophila melanogaster.  The
authors modeled a simple one-gene GRN with  a  negative  feedback  loop,  where  a  gene
encodes a repressor that inhibits its own expression. Deterministic models predicted a stable 
behavior of the system. However, using the Gillespie algorithm, the aut hors were able to incor-
porate both transcriptional and translational delays (Figure 6D), along with the stochastic fluc-
tuations in the model. This approach helped in predicting that stochastic delays can cause 
oscillations and introduce noise in gene r egulation, which the deterministic models failed to
capture.

Bayesian networks 
As the name suggests, Bayesian networks are based on Bayes’ theorem, a mathematical rule in 
which the probability of a hypothesis is updated when new data become available. Bayesian net-
works use this theorem to construct a model, wherein the probability of a variable being in a par-
ticular state depends on the state of the variables to which it is connected [75,76]. Bayesian 
networks can also integrate new data and update the predictions dynamically. GRNs modeled 
using Bayesian networks utilize this power of probabilistic reasoning to predict how the expres-
sion of a set of genes affects the expression of other connected genes.

In terms of the model structure, Bayesian networks are represented by directed acyclic 
graphs (DAGs) containing nodes and edges [77]. The nodes represent random variables, such 
as gene expression levels. The edges indicate regulatory relationships, such as the activation 
or repression of genes by transcription factors. Each node is associated with a conditional prob-
ability, where the likelihood of a gene being expressed depends on the state of the parent node/ 
regulator. The conditional probabilities are usually defined in a conditio nal probability table, which
lists all possible likelihoods of a node being in different states based on all possible combinations
of the states of its parent nodes. Bayes’ theorem comes into play based on the input of new data,
upon which the probabilities of all nodes are updated.

To identify new regulatory interactions among components of the arabidopsis circadian
clock GRN, Needham et al. [78] constructed a Bayesian network model. The model was initially 
built using the known relationships among core clock genes CCA1, LHY, TOC1,  and  GI,  and
the conditional probabilities were derived from microarray expression data (Figure 7A). Then, 
new genes (ELF3, ELF4,  and  PRRs) were iteratively added to the network based on ho w well
they fit the data and increased the predictive power of the network (Figure 7B,C). The Bayesian 
network model was tested according to its ability to predict the relationships among well-
characterized genes. Using the model, the authors were able to predict the interactions of the
circadian network with less well-characterized genes, such as the photosynthesis-related
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Figure 7. Illustrations of Bayesian network inference and the reaction–diffusion model. (A) The minimal Bayesian 
network model was created using the four core circadian clock genes. (B) The expanded network after additional clock-
related genes were iteratively added to the network. The nodes represent the genes (blue ovals), and the directed edges 
represent the hierarchy of dependencies (inferred regulatory interactions). The numbers in brackets represent the order in 
which the genes were added to the Bayesian network. (C) The table lists the genes, their corresponding Arabidopsis 
Genome Initiative (AGI) identifiers, and their corresponding oligonucleotide probe set used in microarray experiments to 
measure the expression levels. The genes are listed in the order in which they were added. (D) Typical interaction diagram 
of a reaction–diffusion model consisting of a self-organized two-component system with an activator A (gray circle) and an 
inhibitor B (orange circle). Gray and orange lines indicate activation and inhibition, respectively. (E) Initially, random
fluctuations in the concentration of molecules create waves of mixed wavelengths. Over time, a particular waveform of
characteristic wavelength (λ) becomes dominant and establishes the Turing pattern. (F) 1D Turing pattern (waves) and 2D

(Figure legend continued at the bottom of the next page.)
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GATA transcription factors, and to identify crosstalk points among light, circadian, and stress
signaling pathways.

Monte Carlo method
The Monte Carlo method is also a stochastic modeling method. This method uses a 
random sampling approach to explore the parameter space for simulating all possible behaviors 
of a complex system. In other words, to reflect the inherent stochasticity of a system, the method
allows us to randomly draw the parameter values from their respective probability distributions.
This random sampling is performed each time a new simulation is run [80]. Through this iterative 
approach, one can simulate multiple possible ways in which a system can behave.

The Monte Carlo method can be very useful for analyzing large-scale expression datasets (e.g., 
RNA-seq data from multiple samples). For example, Zhao et al. [81] used the Monte Carlo 
method to identify meaningful interactions among gene pairs from genome-wide RNA-seq
datasets across multiple cancer types [81]. Briefly, the Monte Carlo method of random sampling 
was performed with replacement to repeatedly draw subsets of 500 genes from the dataset, 
ensuring that each gene pair had ample opportunities to be included in the subsets. Within 
each of these subsets, the authors used statistical methods to infer the conditional dependencies 
between genes. By tracking how often a gene pair appeared together, the authors were able to 
assess which genes were more likely to interact or influence each other and the strength of their 
interactions. The Monte Carlo method helped manage the computational complexity associated 
with analyzing large-scale datasets by breaking them down into more manageable parts. More 
importantly, the rand om sampling approach helped avoid systematic errors that could arise if
the subsets were divided in a predetermined manner, allowing for a more unbiased approach
to identifying genetic interactions.

Reaction–diffusion model 
The reaction–diffusion model, also referred to as the Turing model, was originally proposed by 
Alan Turing to explain how stable, self-organizing patterns, such as stripes or spots, spontane-
ously form during development [82]. In reaction–diffusion systems, two processes occur simulta-
neously: reaction, in which mobile signaling molecules are produced or depleted through 
biochemical reactions, and diffusion, in which the molecules spread through the tissue. A typical 
reaction–diffusion model consists of two interacting species: an activator and an inhibit or. The
activator not only promotes its own synthesis but also promotes the synthesis of its correspond-
ing inhibitor. The inhibitor, by contrast, suppresses the synthesis of the activator [79]. Initially, the 
activator and inhibitor are evenly distributed across the tissue. However, small stochastic fluctu-
ations in their concentrations are amplified by the nonlinearity of the reactions and the diffusion of 
the activator and inhibitor. As the reaction approaches equilibrium, the activator and inhibitor con-
centrations result in the formation of stable, wavelike patterns with characteristic periodicity
(Figure 7D–F). 

An important feature of the Turing model is differential diffusion, in which the activator diffuses at a
slower rate than the inhibitor [79,83]. The slower diffusion of the activator causes localized regions 
with high activator concentrations because the rapidly diffusing inhibitor prevents the accumula-
tion of the activator in the surrounding regions. This creates repeating patterns (Turing patterns) in
which localized peaks of the activator are separated by larger regions of the inhibitor. The type of
Turing pattern (spots and stripes). The panels (A), (B), and (C) are adapted from Figure 3 in Needham et a l. [78] under the
Creative Commons Attribution 2.0 Generic License (CC BY 2.0). Panels (E) and (F) are adapted from Box 1 in Landge
et al. [79], with permission from Elsevier.
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the resulting pattern (e.g., spots or stripes) depends on the parameters, such as the reaction 
rates and the diffusion coefficients of the signaling molecules. Reaction–diffusion systems can 
be modeled using partial differential equations, which can account for the changes in the signaling
molecules over space and time. Computational simulations based on the Turingmodel have been
used to explain how pigment cells interact in zebrafish [84] and can computationally reproduce 
the complex patterns seen in seashells, pufferfish, and petals of monkeyflowers [83,85]. More-
over, the reaction–diffusion theory has also been used to model unpredictab le systems like inva-
sive species and diseases [86,87]. 

Conclusions 
We hope that this glossary will help readers become more familiar with computational 
modeling terminologies, which will assist in communicating and collaborating with modeling 
experts. To better understand the topics discussed in the manuscript and to motivate 
our readers to apply the mode ls in their own research, we have also provided a table sum-
marizing the properties of different models (Table 1) and a nonexhaustive list of resources
Table 1. A summary of the properties of the key modeling approaches discussed in the glossary, which includes the use cases of each framework and
their corresponding experimental data requirements

Modeling approach Aims and systems under study Data type Experimental data requirements

Logical Boolean 
netw orks

To identify stable expression and activity patterns of 
biomolecules. 
To predict how a combination of regulat ors leads to
discrete (ON/OFF) gene expression states.
Suitable for small/well-studied GRNs.

Input: qualitative 
Output: 
qualitative

The precise regulatory logic, as in how positive and 
negative regulators influence the state of each node
needs to be known (or at least hypothesized).

Threshold-based 
Boolean netw orks

To describe the overall balance of activatory and 
inhibitory regulations that influence the network structure.
Suitable for large, complex GRNs.

Input: 
semi-quantitative 
Output: 
qualitative

The interactions that activate or inhibit each node. 
The strength of each interac tion.
Does not require precise logical rules or kinetic
parameters.

Petri nets To model GRNs where the main purpose is to capture 
the specific sequence and timing of the interactions. 
Suitable when the exact changes in the concentration of
biomolecules do not need to be tracked.

Input: qualitative 
or 
semiquantitative 
Output: 
qualitativ e or
semiquantitative

The interactions between components, including their 
type (e.g., binding event, activation, and/or degrada-
tion). 
The relative strength of the interactions and their fre-
quency.
Precise reaction rates are usually not required.

Ordinary differential 
equation (ODE)
models

To model GRNs with the aim of understanding the 
system dynamics over time. 
Suitable for small/well-characterized systems with
high-quality experimental data.

Input: 
quantitative 
Output: 
quantitative and
qualitative

Ideally, precise time series data to estimate the 
parameters (e.g., rate constants) that describe how 
the concen tration of biomolecules changes over time.
Detailed molecular mechanisms are helpful but not
required.

Stochastic models 
(e.g., Gillespie 
algorithm)

To model systems where randomness plays an 
important role (especially when the number of molecules 
is low) and/or chance events strongly affec t the system
behavior.
To describe events such as transcriptional bursts or
stochastic delays influencing gene expression.

Input: 
quantitative 
Output: 
quantitative

Ideally, estimates of reaction rates and approximate 
number of molecules. 
Does not require exact kinetic parameters, making
such models useful when they are difficult to obtain.

Bayesian networks To infer regulatory relationships in complex GRNs, 
particularly where the structure of the network is not well 
defined. 
To elucidate how signals transduce through the network
and new data changes regulatory predictions.

Input: 
quantitative 
Output: 
quantitative

Large and high-quality datasets (ideally collected 
across multiple time points or conditions) to reliably 
estimate the conditional probabilities. 
Detailed molecular mechanisms are not required, as
these models infer relationships from statistical
patterns in the data.

Reaction–diffusion 
models 

To simulate how simple molecules react and diffuse 
through space to form self-organizing patterns over time. 
To explain the pr inciples underlying the observed
patterns, even when detailed experimental data may not
be available.

Input: qualitative 
and quantitative 
Output :
quantitative

Approximate estimates of reaction rates, diffusion 
coefficients and initial concentration of reactant
molecules.
The resulting patterns, ideally, should be validated
experimentally.
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(Table 2). We also encourage our readers to reflect on our list of Outstanding question s.  Our
glossary does not aim to transform biologists into modeling experts. The assets that biolo-
gists possess are their deep knowledge about their system, their experimental expertise, 
and their valuable intuition about how the system can behave under different conditions. All 
these factors can be a good foundation for modeling. By describing the principles underlying
Table 2. A curated research and educational resource of each of the modeling frameworks and associated concepts are discusseda 

Topic Resource Type Difficulty Link References 

Boolean 
networ ks

BoolSi Python and 
comma nd line

Medium https://github.com/boolsi/boolsi [88] 

BooleSim Web browser 
or Python

Easy https://rumo.biologie.hu-berlin.de/boolesim/ [89] 

GINsim GUI Medium https://ginsim.github.io/ [90] 

Petri nets Petri Net Simulator Web browser Easy https://simulatoren-technik.ch/petrinet/index.html [91] 

Petri Net Toolbox MATLAB Medium https://www.pntool.ac.tuiasi.ro/ [92] 

Petri Net Tool Web browser Easy https://petri-net-tool.albertovalerio.com/ [93] 

Hill 
functi ons

Hill Function Interactive
Graph

Web browser Easy https://www.physiologyweb.com/calculators/ NA 

basicdrm R Medium–hard https://cran.r-universe.dev/basicdrm/doc/manual.html [94] 

hillfit Python Medium–hard https://github.com/himoto/hillfit [95] 

ODEs Circadian clock simulator Web browser Easy https://biomodels.bacpop.org/view/BIOMD0000000631/ [39] 

Computational 
methods course

Python Medium https://leibniz-iwt.github.io/comp_eng/intro.html [96] 

Bistable 
switch 

Mammalian cells XPPAUT Hard See “Estimation of the kinetic parameters of the model ”
section of Rata et al. [33]. 

[33] 

Interactive bistable
switch

Python Easy See Supplementary Information and Jupyter notebooks 
in Kadiyala et al. [42]. 

[42] 

Cell cycle switches Python and
XPPAUT

Medium–hard https://github.com/JanRombouts/dynamicswitches [97] 

Gillespie 
algorith m

Chemical master 
equation simulation

Python Medium https://www.rpgroup.caltech. 
edu/chann_cap/software/gillespie_simulation.html 

[98] 

biocircuits Python Medium https://biocircuits.github. 
io/technical_appendices/16a_gillespie.html 

[99] 

GillespieSSA R Medium https://cran.r-project. 
org/web/packages/GillespieSSA/index.html 

[100] 

Bayesian 
networ ks

pgmpy Python Medium https://pgmpy.org/ [101] 

bnlearn R Medium https://www.bnlearn.com [102] 

Monte Carlo 
meth ods

BioCMA-MCST Python Medium–hard https://benncs.github.io/BioCMA-MCST/index.html [103] 

monaco Python Medium https://pypi.org/project/monaco/ NA 

MonteCarlo R Medium https://cran.r-universe.dev/MonteCarlo/doc/manual.html [104] 

Conducting Monte Carlo 
simulations in R

R Easy–medium https://okanbulut.github.io/simulations_in_r/index.html [105] 

Reaction– 
diffusion 
syste ms

Reaction–diffusion 
Playground 

Web browser Easy https://jasonwebb.github.io/reaction-diffusion-playground/ [106] 

Reaction–diffusion 
Tutorial and Tool

Web browser Easy https://www.karlsims.com/rd.html [107] 

VisualPDE Web browser Easy–medium https://visualpde.com/ [108] 

a Note, the difficulty level rankings are subjective; the intention is to provide an estimate of how accessible the material is for readers who are new to the topic.
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Outstanding questions 
How can biologists best decide on the 
most appropriate modeling approac h
for their specific research question?

What type of experimental data is 
needed for different modeling 
frameworks (e.g., Boolean networks 
and P etri nets versus differential
equation-based models)?

To what extent can the quality of the 
data influence the prediction accuracy 
of a chosen modeling approach? In 
other words, which models are more 
tolerant of noisy or insufficient data, 
and which models require extensive 
experime ntal data, such as, high-
resolution quantitative time-series
datasets across multiple replicates?

When initiating a collaboration with a 
modeler, what minimum information 
does a biologist need to bring to the 
table? How flexibly can one adopt 
a lternative modeling approaches in
the absence of high-quality data?

How can we better support biologists 
in interpreting the model predictions 
different modeling approaches, we aim to help biologists communicate effectively with mod-
elers about which modeling approach is best suited to their research.
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