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Introduction
Genome-scale models (GSMs) are comprehensive computational 

representations of an organism’s metabolic network that integrates 
genomic, biochemical, and physiological information into a single 
mathematical framework. GSMs have become indispensable tools 
in systems biology because they enable researchers to investigate 
metabolism at the systems level rather than focusing on individual 
genes or isolated biochemical pathways [1, 2]. By incorporating all 
known metabolic reactions within an organism, GSMs provide a holistic 
view of cellular metabolism and allow researchers to simulate metabolic 
behaviour under different environmental and genetic conditions. GSMs 
have been also applied across multiple research domains, from cells 
and tissues to whole body systems, to investigate disease mechanisms, 
identify potential therapeutic targets, support biomarker discovery, and 
advance precision medicine [3–5].

Over the past two decades, the applications of GSMs have expanded 
considerably beyond microbial metabolism they are now widely 
used across diverse biological systems. Although several review 

articles have discussed specific aspects of genome-scale modelling, 
few have systematically classified studies according to the nature of 
their contribution.  Therefore, there is limited literature providing a 
comprehensive review of how GSMs have evolved across different 
stages of development and their expanding application. The aim of this 
scoping review is to provide researchers with a comprehensive overview 
of research efforts that have been conducted into the continuous 
development and functionality of genome-scale models in biology, 
biotechnology, and other field of study. Earlier published studies have 
tended to focus on specific GSM updates rather than examining distinct 
categories such as new, refined, reconstructed, and application of GSMs. 
This review aims to expand the scope of earlier efforts. Which will also 
serve as a useful historical record of documenting evolution of genome-
scale models across various organisms and field of study.

Methods
A systematic literature search was conducted using the PubMed 

database with the following search term “genome-scale model”[tiab] 
OR “genome-scale metabolic model”[tiab], for publication till 31 
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December 2025. The search URL was https://pubmed.ncbi.nlm.nih.
gov/?term=”genome-scale+model”[tiab]OR+”genome-scale+metabolic
+model”[tiab]&filter=dates.1000/1/1-2025/12/31. Following this initial 
search the retrieved articles were screened using three inclusion criteria; 
namely, (a) English-language publications, (b) full-text availability, and 
(c) primary research articles.  

Results and Discussion
A total of 1079 articles were initially identified through a PubMed search. 

After exclusions, 923 studies were included for this review (Figure 1). 
These 923 studies were themed (Table 1) into (a) Reconstructed GSMs 
(n = 41), (b) New GSMs (n = 290), (c) Refined GSMs (n = 77) and, (d) 
Usage of GSMs (n = 515). Due to the large number of included studies, 
representative references were cited with the remaining references listed 
as Supplementary materials.

Figure 1: PRISMA Diagram of literature search and study selection 
process.

Main Theme Sub-Theme

Number of 
Articles with 
Representative 
Reference

1.	 Reconstructed 
GSMs

1.1.	  M-model to  
ME-model 35 [1, 6–8]

1.2.	  New automated 
pipelines 6 [9–11]

2.	 New GSMs

2.1.	  Prokaryotic GSMs  179 [11–13]

2.2.	  Eukaryotic GSMs 98 [5, 14]

2.3.	  Human GSMs 
(global and tissue-
specific)

13 [3, 15]

3.	 Refined GSMs

3.1.	  Correction of Gaps 26 [11, 16]

3.2.	 Additions of 
pathways 30  [7, 14, 17]

3.3.	  Improved gene 
annotations 21  [9, 10]

4.	 Usage of 
GSMs

4.1.	  Biotechnology 
and Industrial 
Applications

202  [18]

4.2.	  Medical Applications 112 [12, 19–21]

4.3.	  Other Applications 201 [22–24]

Table 1: Theming of 923 Included Studies.

Theme 1.1. Reconstructed Genome-scale Models: M-model to ME-
model. M-models primarily focus on predicting metabolic fluxes using 
constraint-based modelling techniques such as Flux Balance Analysis. 
They have also been widely used to predict growth rates, identifying 
genes, simulate gene knockouts, and optimise engineering strategies [1, 
6, 8]. However, M-models only represent metabolic reaction and lack 
the ability to account for the cellular resources required to synthesise 
enzymes or regulate gene expression. Additionally, M-models cannot 
accurately represent the metabolic costs associated with transcription, 
translation, protein synthesis, and enzyme assembly [6, 8]. To overcome 
limitations, Metabolism and expression models (ME-models) were 
developed to extend M-models’ capabilities by incorporating the 
processes of transcription, translation, protein assembly, and enzyme 
synthesis into the metabolic network. This advancement reflects 
a shift from modelling metabolic reactions alone to representing 
the broader biological process that influence cellular metabolism. 
Consequently, ME-models provide a more comprehensive framework 
for understanding genotype-phenotype relationships and predicting 
cellular behaviour under different environmental conditions. However, 
despite its advantages, ME-models required extensive biochemical and 
kinetic information, making them more difficult to construct, curate, and 
compute than M-models [6, 7].

Theme 1.2. Reconstructed Genome-scale Models: New automated 
pipelines. Traditionally, genome-scale models were constructed through 
extensive manual curation, requiring researchers to integrate genomic 
information, biochemical databases, metabolic reactions, and literature 
evidence into a single computational network. Although manually 
created models generally produce the highest quality reconstructions, 
they require substantial expertise and are both labour intensive and time 
consuming. The development of automated reconstruction tools such 
as ModelSEED, RAVEN, KBase, and other reconstruction pipelines 
has addressed these challenges [9–11].  These tools automate much 
of the reconstruction process by integrating genome annotation with 
curated metabolic database to rapidly generate draft models. As a result, 
reconstruction has become faster, more reproducible, and scalable, 
enabling researchers to develop GSMs for newly sequenced organism 
in a fraction of time required.

Theme 2.1. New Genome-scale Models: Prokaryotic Genome-
scale Models. Prokaryotic organisms have played a fundamental role 
in the development of genome-scale models. Prokaryotes have been the 
focus of genome-scale model development because of their relatively 
simple cellular organisation and well-annotated genome [11]. Compared 
with more complex organisms, bacterial genomes are generally easier 
to annotate, allowing the researcher to construct much more accurate 
metabolic models. The abundance of experimental and genomic data 
has enabled the construction of high-quality prokaryotic GSMs, which 
have been widely applied to investigate microbial metabolism, identify 
essential genes, and even support antimicrobial drug discovery [12, 13]. 

Theme 2.2. New Genome-scale Models: Eukaryotic Genome-scale 
Models. The successful construction of microbial GSMs provided the 
foundation for extension genome-scale models to eukaryotic organisms. 
Unlike prokaryotes, eukaryotes possess greater biological complexity, 
including multiple intracellular organelles, compartmentalised metabolic 
pathways, larger genomes, and additional regulatory mechanisms. 
These characteristics make the construction of GSMs considerably 
more challenging [5, 14]. Despite these challenges, advances in genome 
sequencing, computational modelling and genome annotation have 
enable the development of GSMs for fungi, plants, algae, parasites, and 
animals. Overall, the development of eukaryotic GSMs demonstrates 
the increasing capability of GSMs to represent biologically complex 
systems. 

https://pubmed.ncbi.nlm.nih.gov/?term=%22genome-scale+model%22%5btiab%5dOR+%22genome-scale+metabolic+model%22%5btiab%5d&filter=dates.1000/1/1-2025/12/31
https://pubmed.ncbi.nlm.nih.gov/?term=%22genome-scale+model%22%5btiab%5dOR+%22genome-scale+metabolic+model%22%5btiab%5d&filter=dates.1000/1/1-2025/12/31
https://pubmed.ncbi.nlm.nih.gov/?term=%22genome-scale+model%22%5btiab%5dOR+%22genome-scale+metabolic+model%22%5btiab%5d&filter=dates.1000/1/1-2025/12/31
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Theme 2.3. New Genome-scale Models: Human Genome-scale 
Models. Human genome-scale models represent one of the most 
significant advances in systems biology, as they provide a comprehensive 
framework for studying human metabolism under both healthy and 
disease conditions. Unlike microbial GSMs which typically describe 
the metabolism of a single cell type, human GSMs must account for 
the metabolic diversity of multiple organs and tissues through the body 
[3, 15]. Overall, human GSMs have shown growing contribution to 
precision medicine and specific metabolic research.

Theme 3.1. Refined GSMs: Correction of Gaps. As genome-
scale models evolve, they undergo continuous refinement to address 
incomplete metabolic networks, incorrect reaction placements, or 
inconsistencies in gene-protein-reaction associations. These gaps can 
prevent the model from accurately simulating cellular metabolism.  
Gap-filling strategies address this limitation by incorporating reaction 
from curated metabolic databases [11, 16]. Consequently, gap correction 
has become an essential component of model refinement as it improves 
model completeness and enhances the ability of metabolic predictions. 
This allows GSM to generate more biologically accurate simulations.

Theme 3.2. Refined GSMs: Addition of New Pathways. Refinement 
of GSMs frequently involves the incorporation of newly identified 
metabolic reactions, transport processes, and biochemical pathways as 
knowledge of cellular metabolism expands. These additions improve 
the completeness of metabolic reconstructions which enables the 
models to better represent organism-specific metabolic capacities [14, 
17]. The integration of new pathways not only improves metabolic 
flux predictions but also enables GSMs to capture organism specific 
metabolic capabilities more accurately [7]. Therefore, these refinements 
broaden the applicability of GSMs.

Theme 3.3. Refined GSMs: Improved Gene Annotation. Genome-
scale models rely on accurate gene-protein-reaction or GPR associations 
to link genes with metabolic reactions [9, 10]. Furthermore, improved 
gene annotation strengthens the biological reliability of GSMs by 
reducing annotation errors and enhancing enzyme assignments. As 
genome annotation technologies continues to advance, accurate GPR 
association will remain fundamental to producing high quality and 
predictive metabolic models.

Theme 4.1. Usage of GSMs: Biotechnology and Industrial 
Application. Genome-scale models are extensively applied in 
biotechnology and industrial research to optimise microbial metabolism 
and improve the valuable products [18]. Constraint-based analyses, such 
as Flux Balance Analysis or FBA enables the identification of gene targets 
and pathway modification. Therefore, GSMs have become valuable tools 
for supporting sustainable and cost-effective biotechnological processes.

Theme 4.2. Usage of GSMs: Medical Applications. The applications 
of GSMs in the medical field are growing, particularly for investigating 
disease-associated metabolic alterations and identifying potential 
therapeutic targets. A major advantage of GSMs is their ability to 
integrate multi-omics datasets, including transcriptomic, proteomic, 
and metabolomic data, enabling a systems-level understanding of 
disease metabolism [20, 21]. In cancer research, GSMs have been used 
to identify tumour-specific metabolic vulnerabilities and metabolic 
dependencies, supporting the discovery of selective therapeutic targets 
while reducing the potential for off-targets effects in healthy tissues 
[20, 25]. In infectious disease research, pathogen-specific GSMs have 
been applied to predict essential genes and metabolic reactions that 
can serve as potential antimicrobial drug targets, providing a rational 

framework for antibiotic development [12, 19]. Collectively these 
studies demonstrate GSMs provides a versatile platform by applying 
it to metabolic disorders, including obesity and type 2 diabetes, where 
human gut microbiome and tissue-specific metabolic models have been 
used to identify altered metabolic pathways, predict disease-associated 
metabolic changes and discover potential biomarker for disease 
diagnosis and treatment [4, 21].

Theme 4.3. Usage of GSMs: Other Applications. Genome-scale 
models have demonstrated across a wide range of application beyond 
biotechnology and medicine. In environmental research, GSMs 
have been used to investigate microbial community metabolism, 
biogeochemical cycling and ecosystem functions by integrating meta 
transcriptomic data to characterise metabolic interaction within complex 
microbial communities [24]. In agriculture, GSMs have been applied to 
study plant metabolism, crop responses to environmental stress and host-
microbe interactions. Context specific metabolic models have provided 
insights into plant adaptation to drought stress and other environmental 
conditions, supporting crop improvement and sustainable practices 
[22]. Beyond these field, GSMs have also been applied in comparative 
and translational biology to investigate metabolism across different 
animal models, facilitating cross-species comparisons and improving 
the understanding of conserved metabolic pathways [23]. These diverse 
applications highlight the growing importance of GSMs as versatile 
computational tools for address complex biological question across 
multiple scientific disciplines.

Future Considerations. Future research should focus on integrating 
artificial intelligence and machine learning with genome-scale modelling 
to improve automated reconstruction, gap filling, and model refinement 
[26, 27]. Greater integration of multi-omics datasets is also expected 
to improve the biological relevance and predictive accuracy of GSMs. 
As sequencing technologies and computational methods continue 
to advance, genome-scale models are likely to play an increasingly 
important role in systems biology, metabolic engineering, and precision 
medicine [28–30].

Conclusion
This scoping review provides a comprehensive overview of the 

development and advancement of genome-scale models (GSMs) from 
2002 to 2025. Analysis of 923 primary research articles identified from 
four major themes: reconstructed, new, refined, and usage of genome-
scale models. These findings show the rapid evolutions of genome 
scale modelling from basic metabolic reconstructions to computational 
platforms capable of investigating complex biological systems across 
diverse organisms.

Supplementary Materials
Supplementary materials can be downloaded from https://bit.ly/GSM_

SR.
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