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Abstract: Yeasts, particularly Saccharomyces cerevisiae, are widely used eukaryotic organisms with relatively clear
cellular structures and metabolic networks, and their cellular processes exhibit a certain degree of conservation among
eukaryotes. These organisms play a crucial role in research with synthetic biology and systems biology as well.
However, due to the complexity of their metabolic networks and the variability of cellular activities, study and design
of pathways for yeasts still present considerable challenges. To address these issues, researchers have developed
genome-scale models, which are mathematical framework that integrates genomic, biochemical, and physiological data
to simulate cellular processes and predict the relationship between genotype and phenotype, which are further used to
simulate cellular functions and predict cell behaviors under different conditions, providing a systematic approach for

understanding and engineering biological systems. This review introduces methods for building and analyzing genome-
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scale models of yeasts, including traditional metabolic models and their derived multi-constraint and multi-process
models. It also traces the development of yeast models over time. Furthermore, this article discusses recent applications
of yeast models in areas such as designing yeasts as cell factories for producing valuable compounds, studying
microbial physiology, optimizing cultivation conditions, and simulating microbial community interactions. These
models also provide insights into identifying potential metabolic engineering targets for optimizing cellular functions.
Despite the advantages of the genome-scale models, their development and application are still limited in several
aspects, such as incomplete data on metabolic pathways, limited focus on secondary metabolism, and high barriers to
use, particularly for users without programming backgrounds. This review proposes several strategies to address these
challenges. To enhance the development of traditional models, it is crucial to incorporate more comprehensive datasets,
with a particular emphasis on secondary metabolism and metabolic dark matters. Additionally, improving the
accessibility of models requires the development of user-friendly platforms, the provision of clear and standardized

tutorials. These strategies can lower barriers for users, and promote applications of the genome-scale models.

Genome-scale model
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2009 b — iMM904 :
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2012 f Ye‘tlstS : ,"NIFR.lJS iLC915 SpoMBEL1693/BB§14
2013 f Yeast7 < ‘r’e:slé :‘T(}QT? : i0D907 iINX804
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2015 F iSce926 ! |
2016 F : i‘r'i,:li4 iMT1026 E iDHE14 iCT646
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2018 | : iYLI6AT IMT1026 V3.0
2019 F Yeast8 : thio-GEM iSM996
2020 f : l pomGEM
2021 F 1——1 || Rt IFOO880 FUL909
2022 F §WS902 redLips : iYali21
2023 !
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i i
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[P A R T 2003—2024 4 FR G BF CR ) DR AR BF CE D (1 GEM R R iR §7 Sk MUIEL TR S A Z MK R, LEFOREBEY

TRK R, MES RIS LR A A7 AR A2 1 2 0

Fig.1 Development of yeast GEMs

[The figure shows the development of GEMs from 2003 to 2024 for S. cerevisiae (black) and other yeasts (colored). The arrows and lines indicate the

relationships between different GEMs, where solid lines indicate direct inheritance, and dashed lines signify omissions of intermediate models

between connections.]
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Table 1 Summary of consensus models developed for S. cerevisiae

ii SR gg B EE tetE i i;

Yeastl 1857 1168 832 B RILRARRY, G — AR R R 2 e = SE R T IE I AR R VB BE 2008 [53]
FAK
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I BHIE RN L
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R 5 5 R
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Xof e PR R B R AT KBRS &, al Sl N OB BT B LA AN, [R] DR RE UL 2019 [34]

TENG IR I B RWES) , 2 4% 2024 [57]
SR T HER SR

Note: This table summarizes the iterative updates of consensus genome-scale metabolic models for S. cerevisiae, from Yeastl to Yeast9. It

provides detailed records of the number of reactions, metabolites, and genes in each version. It also highlights key improvements and existing

challenges in each iteration.
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Fig.2 Applications of the genome-scale models
(The figure shows the applications of the genome-scale models in guiding cell factory design to enhance the yield of target products, assisting in the
exploration of cellular physiological traits under different environments, optimizing cell culture conditions such as medium composition and

temperature, and simulating metabolic exchanges and interactions within co-cultured microbial communities.)
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