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Driving biological insight from genome-scale and
multiscale to whole-cell modeling
Yuhang Li1,2,3, Jens Nielsen4,5, Feiran Li6 and Yu Chen1,2,7

Mathematical modeling is a powerful tool for gaining insights
into diverse cellular processes and for guiding rational design
of biological systems. A growing trend from genome-scale and
multiscale to whole-cell models has emerged and these large-
scale models serve as valuable knowledge platforms for the
reconstruction of cellular systems across diverse biological
scales, ultimately enabling comprehensive understanding of
cellular systems. Here, we briefly summarize the primary
principles of these models and highlight how they drive bio-
logical insights. Additionally, we discuss the respective ad-
vantages of them and outline potential opportunities
represented by data and algorithms for advancing this
paradigm.
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Introduction
Mathematical models employing diverse algorithms and

covering different aspects of cell biology are pivotal for

elucidating cellular complexity (Figure 1a). For

example, these include network analysis for gene regu-

latory network [1], stochastic simulation for gene

expression [2], differential equations for signal trans-

duction [3], and flux balance analysis (FBA) for meta-

bolism [4]. Each of these models consists of numerous

molecular interactions and associated parameters. While

the specifics differ, systematically incorporating, evalu-

ating, and analyzing heterogeneous knowledge from

public databases and the literature remains unstan-

dardized and manual, thus leading to a labor-intensive

and time-consuming task.

Over the past two decades, a growing trend from

genome-scale and multiscale to whole-cell models

(WCMs; hereafter collectively termed as large-scale

models) has highlighted the role of these models as

integrative knowledge platforms for systematically

reconstructing, evaluating, and simulating organism-

specific cellular systems. The genome-scale metabolic

model (GEM) of Haemophilus influenzae was the earliest

effort which described the metabolic genotype

containing 488 metabolic reactions operating on 343

metabolites [5]. GEMs use FBA to predict cellular

phenotype (metabolic fluxes of each reaction) from the

genotype under specific genetic and environmental

perturbations (Figure 1b) [6]. Later, considering the

sparse solution space of GEMs, multi-constraint models,

which combine with thermodynamic and enzyme con-

straints, have been developed [7,8]. Meanwhile, another

direction for extending GEMs is to incorporate other

cellular processes and thus lead to multiprocess models,

e.g., metabolism and gene expression models (ME-

models; Figure 1c) [9]. Together, multi-constraint

models and multiprocess models are now often

referred to as multiscale models [10]. Ultimately,

accumulated knowledge and the ambition to predict all

cellular states drive the development of WCMs with a

highly hybrid mathematical framework, including
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deterministic equations, stochastic simulations, and

FBA (Figure 1d) [11—15].

The key value of large-scale models lies in their

ability to provide a systematic perspective to explore

underlying mechanisms across diverse cellular pro-

cesses. These increasingly developing models can be

applied independently or in conjunction with other

experimental data, supporting hypothesis generation

and systems-level insights into multiple disciplines.

Previous studies have thoroughly reviewed the prin-

ciples of the aforementioned models and their appli-

cations in aiding rational design in metabolic

engineering and biomedicine [16—18]. In this review,

we introduce the basic principles of large-scale models

from genome-scale and multiscale to WCMs and

highlight their roles in generating novel insights into

diverse biological systems. Note that there are other

valuable analysis methods for these models, such as

kinetic metabolic modeling [19] and network-based

approaches [20], which are not discussed in

this review.

Genome-scale metabolic modeling
Reconstruction of a GEM starts from collecting a large

set of enzyme-catalytic biochemical reactions, which has

been greatly facilitated by public databases and

automated tools [21]. Following the law of mass con-

servation, a linear programming problem, so called FBA,

could be formed using stoichiometric information of

modeling reactions. The mathematical formalism is

defined as follows:

max : Z (1)

Z = cT v (2)

S·v = 0 (3)

lb < v < ub (4)

where Z is the objective function, v is the reaction flux

vector, cT v is the combination of target reaction fluxes, and

S·v = 0 enforces mass conservation by coupling the stoi-

chiometric matrix S with the reaction flux vector v, lb, and

ub are lower bound and upper bound of v, respectively.

Under this steady state framework, GEM gives a flux dis-

tribution in the network that is associated with the objec-

tive function, typically maximum flux toward biomass,

through multiple algorithm variants, such as parsimonious

FBA, and flux variability analysis [6]. However, the flux

distribution is not unique as several different flux distri-

butions may be associated with the objective function and

flux variability analysis can be used to identify the vari-

ability of fluxes in the network.

Figure 1

Overview of modeling processes and principles from genome-scale and multiscale to whole-cell modeling. (a). Major biochemical processes
and components in a cell, modified from Reference [13]. Modeling processes are multiple colored by modeling types. For instance, metabolism rect-
angles are colored by red, blue, and pink, indicating that this process is contained in all three types of large-scale models. (b), (c), and (d) describe the
mathematical principles of genome-scale metabolic model, multiscale model, and whole-cell model, respectively, with corresponding colored rectangles.
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GEMs can be applied to modeling individual cells,

populations, or integrated with multi-omics data,

thereby supporting systems-level insights into multiple

disciplines (Figure 2a—c). The primary use of GEMs is

to understand trade-offs within metabolism, such as

secondary metabolism and growth [22], and redox trade-

offs under methanotrophic and autotrophic conditions

[23]. An increasing number of available GEMs and

development of automated reconstruction tools enable

investigation of intricate metabolic interactions in

multicellular systems [21], such as human—microbe

interactions [24], animal—microbe interactions [25],

and plant—microbe interactions [26]. Combining with

multi-omics datasets, including transcriptomics [27],

proteomics [28], and single-cell transcriptomics [29],

GEMs support further in-depth understanding. In

particular, when combining with perturbed tran-

scriptome datasets, GEM iCEL1314 has been used to

calculate condition-specific fluxes, revealing systems-

level design principles of metabolic rewiring in Caeno-

rhabditis elegans, called the compensation-repression

model [27].

Multiscale modeling
Generally, reconstructing a multiscale model begins

with a base GEM and integrates additional constraints or

processes. For multi-constraint models, e.g., enzyme-

constrained models (ecModels), the fundamental prin-

ciple is to account for the limited catalytic capacity and

abundance of enzymes. This is achieved by imposing

constraints on reaction fluxes based on the measured or

estimated turnover numbers (kcat) of enzymes and their

abundance [30,31]. The mathematical formalism can be

represented as an extension of the base GEM

(Eqs. (1)—(4)),

Figure 2

Applications in generating biological insights from genome-scale and multiscale to whole-cell modeling. Illustrative examples are described as
follows: (a) Potato-GEM has been used to explore the mechanisms of growth-defense trade-offs [22]; (b) APOLLO, 247,092 microbiome models for
different body site, age groups, and host health statuses, supporting future investigation of host–microbe interactions [24]; (c) The compensation-
repression model is revealed through GEM and transcriptome dataset. Each nodes indicates subsystem function and each edge indicates the upre-
gulation or downregulation of target node genes in response to perturbations of source node genes [27]; (d) Enzyme-constrained model was used to
explore proteome allocation strategy heterogeneity across pathways account for more than half of the E. coli proteome during exponential growth [33];
(e) PRESTO was proposed to evaluate turn over numbers by simultaneous consideration of condition-specific proteomics and physiological datasets
[37]; (f) Multiscale models revealing division of metabolic labor of mother and son cells during sporulation and trade-off between bacterial DNA and
plasmid [39,40]; (g) WCM enables cross-evaluation of heterogenous datasets, such as RNA polymerase efficiency [13]; (h) Machine learning surrogate
training on WCM simulations enables evaluation of gene essentiality and design of a minimal genome [45]; (i) Random simulations of WCMs revealing
single-cell heterogeneity [43]. GEM, genome-scale metabolic model; WCMs, whole-cell models.
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v ≤ kcat·E (5)

where kcat is the turnover number of the enzyme, E is the

abundance of the corresponding catalytic enzyme. For

multiprocess models, the stoichiometric matrix S· v is

expanded to include reactions and components in various

cellular processes. These models explicitly couple meta-

bolic fluxes to the energetic and metabolic demands of

other cellular processes while constraining metabolic fluxes

with the availability of the corresponding enzymes syn-

thesized by other processes, requiring a self-consistent

allocation of resources among multiple cellular processes

[9]. As an illustrative example, the extended mathematical

formalism is presented as follows,

∑
vpro syn;i ≤ krib·Erib (6)

∑
vrna syn;i ≤ krnap·Ernap (7)

where vpro syn;i is the protein synthesis rate, vrna syn;i is

the RNA synthesis rate, and
∑

is the sum of synthesis

rates. Similar to equation (5), krib and krnap are the

translation and transcription efficiency, respectively. Erib

and Ernap are the ribosome and RNA polymerase abun-

dance, respectively. With expanded knowledge and pa-

rameters, multiscale models obtain not only a reduced

solution space of the metabolic fluxes [8,30], i.e. the

flux variability is significantly reduced, but additional

allocation strategy of proteome and ribosome [9], hence

are sometimes referred to as resource allocation

models [32].

Multiscale models have been developed to understand

cellular functions beyond metabolism either indepen-

dently or in combination with other constraints and

processes (Figure 2d—f). With sufficient coverage of

mechanistic information (e.g., enzyme kinetics,

macromolecular complexation stoichiometry),

ecModels and ME-models are capable of calculating

condition-specific resource allocation strategies in

model organisms, such as Escherichia coli [33], Saccha-

romyces cerevisiae [34], and Arabidopsis thaliana [35].

Additionally, integrating other mechanistic constraints,

such as predictive thermodynamics [36], corrected

enzyme kinetics [37], and multiple stresses (including

temperature, pH, and oxygen) [38], extends the ca-

pacity of multiscale modeling frameworks and enables

evaluation of their critical influence on cellular phys-

iology. Incorporating additional cellular processes has

further enhanced our understanding of subcellular

structure functions, such as spore differentiation [39]

and plasmid system [40]. A representative example is

that E. coli ME-models were constructed for wild-type

and mutant strains to simulate differences in extra-

cellular electron transfer pathways, which helped

illustrate a potentially widespread new type of anaer-

obic energy metabolism [41].

Whole-cell model
WCMs often incorporate a wealth of mechanistic

knowledge from heterogeneous sources. Differences in

the complexity and our knowledge of modeled organ-

isms have led to distinct mathematical frameworks, yet

these approaches converge on a shared objective of

capturing the temporal dynamics of concentrations of

molecules at the single-cell level, and in some cases,

their spatial organization [11—15]. Details of their

formulation and modeling frameworks have been sum-

marized previously [17], hence we only present the

simplified equation of RNA, protein, and metabolite

from Reference [13] as follows:

dr

dt
= vsyn;r −

(
ln 2

tr;1=2

+
ln 2

τ

)

r (8)

dp

dt
= vsyn;p −

(
ln 2

tp;1=2

+
ln 2

τ

)

p (9)

dm

dt
=
∑

Sv =
∑

S·kcat·E·
m

Km + m
(10)

where dr
dt

,
dp
dt

, and dm
dt

are the net rates of concentration

change of RNA, protein, and metabolite, respectively. For

RNA (Eq. (8)), vsyn;r is the simplified synthesis rate, tr;1=2 is

the half life of each RNA, τ is the doubling time, r is the

concentration of each RNA. For protein (Eq. (9)), the

formulism is similar to RNA, expect for the synthesis rate of

protein vsyn;p and the half life of protein tp;1=2. For metab-

olite (Eq. (10)), S is the stoichiometry matrix in the FBA

framework, kcat is enzyme turnover number, E is the

enzyme copy number, m is the concentration of metabolite,

and Km is Michaelis constant. In this ordinary differential

equation (ODE)-based framework, WCM comprises

thousands of coupled differential equations and simulates a

full cell cycle with substantial numerical integration. As a

result, it captures the dynamic evolution of all molecular

concentrations over time and thus provides the most fine-

grained information.

So far, WCMs have been mainly serving as cross-

evaluation platforms to understand the function of all

molecular entities (Figure 2g—i). In particular, E. coli

WCM has been used to vet large datasets from disparate

sources, revealing that the measured efficiencies of

RNA polymerases and ribosomes were insufficient to

support observed cell-doubling times [13]. A subse-

quent update of the E. coli WCM, incorporating 788

polycistronic operons and 1231 transcription units,

enabled the discovery of new principles of operon

function [42]. Furthermore, single-cell level and com-

munity-level simulations of E. coli WCMs enabled the

identification of key genes contributing to antibiotic

resistance underscoring the potential of WCMs in un-

derstanding cellular heterogeneity [43]. Interestingly,

4 Whole Cell Model 2026
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WCMs have been leveraged for identifying gene es-

sentiality. The earlier effort, Mycoplasma genitalium WCM,

predicted a bacterium with the smallest genome in silico

[44]. More recently, combining E. coli WCM with a

machine learning surrogate allowed prediction of a

reduced genome with only 737 genes while preserving

division capacity [45].

Challenges and perspectives
From genome-scale and multiscale to WCM, this para-

digm provides systematic understanding of cellular

systems at diverse scales. Below, we summarize key di-

rections regarding how these models enable biological

insights in recent years.

Application breadth is inversely proportional to model

complexity, largely due to knowledge gaps and the

degree of automation in model construction. As afore-

mentioned, GEMs have been applied to multicellular

systems across multiple disciplines; multiscale models

account for diverse cellular processes in many organisms;

whereas WCMs remain available only for a few organ-

isms, with few downstream applications. The reason for

the limited use of WCMs compared with the wide

application of GEMs is that the latter can be recon-

structed using gene-protein-reaction association [46],

and a variety of automated pipelines have made

community-level automated reconstruction possible by

virtue of this association [21]. In contrast, multiscale

models are constrained by quantitative knowledge gaps,

most notably the lack of enzyme kinetic parameters.

Consequently, parameter prediction tools [36,47] have

become essential components of automated recon-

struction pipelines. Though differences exist in vivo and

in vitro [48], alternative or effective parameters are

adopted to prioritize model availability [31,49]. Notably,

this pragmatic strategy has recently enabled the first

community-level automated reconstruction, curation,

and simulation of ME-models [50]. More recently, large

language models have been leveraged for automated

knowledge integration and curation, which enables the

generation of enzyme-constrained whole-body human

metabolic models and the simulation of inter-organ

metabolite exchanges under varying nutritional states

using a dynamic framework [51]. Despite higher

mechanistic resolution, WCMs are reconstructed in the

presence of substantial qualitative and quantitative

knowledge gaps. For instance, the well-annotated gene

fraction was low for E. coli WCM [13] and completely

organism-specific parameterization was difficult

[11,12,14,15]. Moreover, WCMs are further constrained

by the heavy computational burden associated with

large-scale numerical integration, which severely limits

scalability and downstream application [17,45].

Given that GEMs and multiscale models containing vast

stoichiometric and kinetic information are valuable for

establishing WCMs [11—15], we emphasize potential

opportunities for further advancing WCMs to overcome

two major limitations: knowledge gaps and computa-

tional constraints. From a mechanistic perspective, the

most essential ingredients for a WCM are biochemical

reaction equations and corresponding parameters, such

as Michaelis—Menten equations and kcat , which

describe complex molecular interactions qualitatively

and quantitatively. Except retrieving from public data-

bases directly, combining liquid chromatography-mass

spectrometry with high-throughput experimental tech-

nologies now enables rapid identification of unknown

molecular interactions in vivo and in vitro [52,53]. In

parallel, through artificial intelligence (AI)-assisted

methods, multiple computational tools have been

developed for macromolecular interaction prediction

[54], enzyme specificity prediction [55], and biochem-

ical reaction kinetic parameter prediction [56]. Beyond

biochemical knowledge gaps, physical factors regarding

how spatial location and mechanical force influence

cellular behaviors have been recently studied or

reviewed [57,58]. Considering the heavy computational

burden of large-scale simulations, neural operators (e.g.,

physics-informed neural network) are widely used to

learn solution operators of high-dimensional differential

equations, providing fast and generalizable surrogates

for traditional numerical solvers [59]. From an integra-

tive perspective, hybrid approaches that integrate AI

with mechanistic models, often referred to as gray-box

models [60], constitute a rising field that helps fill

knowledge gaps and reduce computational burden of

large-scale modeling [61]. Moreover, standard datasets

and competition, e.g., Virtual Cell Challenge [62], may

seem to be a great driving force for advancing WCM.

Overall, advances in both dry-lab and wet-lab technol-

ogies for filling knowledge gaps, together with auto-

mated reconstruction pipelines and pragmatic

simulation strategies, pave the way toward improving

model performance from genome-scale and multiscale

to WCM, thereby accelerating life sciences in the fore-

seeable future.
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