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AlphaGEM enables precise genome-scale
metabolic modelling by integrating protein
structure alignment with deep-learning-
based dark metabolism mining

Weishang Han 1,10, Luchi Xiao1,10, Haocheng Sun1,10, Guangming Xiang1,
Qianxi Jia1,2, Haoyu Wang 1,3,4, Boyang Ji 5, Cheng Zhang6,7,
Eduard J. Kerkhoven 8,9, Jens Nielsen 5,9 & Hongzhong Lu 1

Constructing high-quality genome-scale metabolic models (GEMs) for non-
model organisms remains challenging. To address this, we developed Alpha-
GEM, a versatile toolbox leveraging proteome-scale structural alignment,
protein language models (PLMSearch), and deep-learning-based predictions
for efficient genomic mining to generate GEMs ready for applications. Alpha-
GEM enhances homologous relationship identification compared to tradi-
tional sequence-based methods. Crucially, it employs an ensemble procedure
empowered by multiple deep learning toolboxes to effectively mine dark
metabolic functions encodedby nonhomologous proteins, thereby expanding
species-specific networks. We validated AlphaGEM across prokaryotes (Kleb-
siella pneumoniae, Bacillus subtilis), eukaryotes (Rhodosporidium toruloides,
Pichia pastoris), and complex mammals (Mus musculus, Cricetulus griseus),
achieving predictions comparable to manually curated models while out-
performing existing tools. Furthermore, we demonstrated its scalability by
automatically reconstructing high-fidelity GEMs for 332 distinct yeast species.
In summary, AlphaGEM enables precise, rapid GEM construction across
diverse domains, providing a solid foundation for universal functional analysis
of organisms having genome sequences available.

Genome-scale metabolic models (GEMs) are powerful computational
frameworks for characterizing cellular metabolism, enabling the pre-
diction of physiological responses under various genetic and envir-
onmental perturbations1–4. GEMs have diverse applications, such as

optimizing microbial strains for biochemical production in metabolic
engineering and identifying potential therapeutic targets in drug dis-
covery for precision medicine4–7. Furthermore, GEMs allow for the
investigation of metabolic interactions within microbial communities,
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providing insights into ecological dynamics and adaptive evolution8.
Integrating omics data with advanced algorithms further enhances the
predictive capabilities of GEMs, expanding their applications in per-
sonalized medicine and synthetic biology9–12.

Currently, the increasing accumulation of large-scale genomic
data from high-throughput sequencing experiments has created a
great demand for high-quality GEMs for computational analysis of
cellular metabolism13. Note that various GEMs for model organisms
that are widely used have been going through a combination of semi-
automated and manual curation over many years (i.e., yeast-GEM14,
iML151515, human-GEM16), where the quality of the model is improved
with each iteration. However, the labour-intensive approach used for
model organisms is not feasible for large numbers of newly sequenced
species. Meanwhile, the complexity and variety in metabolic networks
across species seriously hinder the reconstruction of high-quality,
organism-specific GEMs for many less characterized species17. There-
fore, the development of next-generation computational toolboxes
capable of producing ready-to-use GEMs is of great value for the
community.

Until now, several automated modelling tools, including
CarveMe18, ModelSEED10, gapseq19, merlin20, MetaDraft21, and
AuReMe22 have been developed to facilitate the reconstruction of
GEMs. However, these tools often produce models with suboptimal
quality and accuracy, requiring manual corrections before they are
ready for use23. CarveMe, for example, generatesmetabolicmodels for
the target organismbymanually building universal metabolic network
templates18. Although the metabolic models it generates have more
reactions without gene annotations and can be used directly for flux
balance analysis (FBA), those GEMs frequently have low specificity,
with high similarity between models from different species. Other
template-based tools, including MetaDraft and AuReMe, build models
from predefined templatemodels. These tools have the same issues as
CarveMe, and they perform poorly when annotating proteins that do
not have homologous proteins in the template model’s species, which
may not reflect species-specificmetabolic characteristics. ModelSEED,
merlin, and gapseq, on the other hand, begin with the genome, then
utilize various bioinformatics tools to annotate genes, potentially
improving the completeness of metabolic models. However, these
toolboxes may suffer from poor protein annotation, which, to some
extent, lowers the model quality23. Addressing these issues is highly
critical to promote the usability of GEMs by the wider scientific
community.

In this work, to increase the quality of GEMs and accurately char-
acterize the metabolic diversity of numerous newly sequenced species,
we create AlphaGEM, a versatile computational toolbox that integrates
protein homology inference and darkmetabolismmining to address the
bottleneck existing in current toolboxes for automated GEM recon-
struction. The performance of AlphaGEM is thoroughly assessed, and
multiple case studies are used to demonstrate its accuracy and effi-
ciency in creating GEMs for various organisms from simple bacterial
organisms to complex mammals. Overall, AlphaGEM enables high-
quality and high-throughput GEMs reconstruction through protein
structure alignment and deep learning, which will certainly accelerate
model-based simulation and analysis for a wide range of organisms.

Results
Overview of AlphaGEM framework
Recent advancements in deep learning offer unprecedented oppor-
tunities to determine gene and protein function with high resolution.
We introduce AlphaGEM, a versatile framework for reconstructing
high-quality GEMs for sequenced organisms through protein function
inference derived from protein 3D structure comparison and protein
language model prediction. Different from previous studies10,18, which
select mature universal models to rebuild GEMs for non-model
organisms, we utilize curated high-quality GEMs from model

organisms as references—employing iML151515 as the template model
for prokaryotes, Yeast914 for unicellular eukaryotes and fungi, and
Human116 for mammalian cells (Fig. 1). Within AlphaGEM’s initial
module, draft-GEMs could be generated in an automatedmanner from
the aforementioned reference models based on the inferred protein
homologous relationships between the model and non-model organ-
isms. Departing from conventional approaches that depend solely on
sequence similarity to establish homology, AlphaGEM implements two
complementary approaches: (1) analyzing genome-scale homologous
relationships by combining sequence similarity and protein structure
alignment when proteome-scale 3D structures are available, and (2)
leveraging protein-language-model-based approaches, i.e.,
PLMSearch24, to infer homologous relationships when proteome-scale
structures are unavailable (Fig. 1, “Methods”), both of which are
detailed in the following sections.

Although reference models were utilized to generate draft GEMs,
there still exist a number of species-specific metabolic reactions and
pathways in the target organisms. To enhance metabolic coverage, we
implemented a bottom-up strategy by annotating nonhomologous
proteins from target organisms. Traditional sequence-based annotation
tools often exhibit limited accuracy25, whereas recent advances in deep
learning have provided more robust and scalable solutions. Here, we
developed an ensemble pipeline with the aid of several advanced
computational tools, such as CLEAN26, DeepECtransformer27, and
eggNOG-mapper28, to annotate nonhomologous proteins encoding
metabolic proteins within the genomes from the input organisms
(Fig. 1), thereby expanding the scope of GEMs for non-model organisms.
Lastly, to address the potential gaps in metabolic networks resulting
from inaccuracies existing in genome sequencing or assembly, we per-
formed gap-filling with reference models as templates using iterative
gap-filling and evaluation17. Collectively, AlphaGEM seamlessly inte-
grates a suite of advanced modules to provide a reliable and effective
solution for modelling the metabolism of newly sequenced organisms.

Cross-species inference of homologous relationships by inte-
grating sequence and structure information with AlphaGEM
The quality of initial draft-GEMs critically depends on the reliable
annotation of protein homologous relationships between input and
reference proteins. Traditional approaches typically rely on sequence
alignment tools like HMMER29, blastp30, and OrthoFinder31. However,
using sequence alignment to establish protein homologous relation-
ships between distinct species is frequently insufficient, as certain
proteins with similar functions may not be identified due to limited
sequence similarity32,33. To address this limitation, we incorporated
proteome-scale structural alignment to refine the inference of homo-
logous relationships beyondwhat is possible with sequence alignment
alone (“Methods”, Supplementary Fig. 1a).

To validate the reliability of the homologous relationships
obtained through the above procedures, we evaluated the perfor-
mance of AlphaGEM in the inference of homologous relationships
using proteomes from two representative fungal species, Candida
albicans and Saccharomyces cerevisiae, the latter of which was set as
the reference organism. At first glance, we observed that protein pairs
exhibiting high sequence similarity generally align with those showing
high structural similarity (Fig. 2a). However, a non-negligible fraction
of protein pairs with high structural similarity have relatively low
sequence similarity (Fig. 2b). Therefore, focusing on GEMs, we com-
pared the homologous groups of metabolic proteins inferred by dif-
ferent steps encompassed within AlphaGEM: (1) OrthoFinder based
grouping, (2) US-align based filtering, and (3) Foldseek-based expan-
sion (“Methods”, Fig. 2c). Compared with the first step, the US-align-
based structural clustering approach could successfully decrease false
homologs from 63 to 46 and improve the accuracy from 94.91% to
95.82% (Supplementary Fig. 2f). This shows that structure-based
comparison can help to identify additional homologous
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relationships as some of the homologous pairs are more conserved in
protein 3D structure than in protein sequence (Fig. 2d, e). Importantly,
it is found that sequence-based homologous protein pairs with high
percent identity (identity) but low TM-score could have distinct
metabolic functions (Fig. 2f, g), showcasing the necessity of filtering
out low-quality orthologous protein relationships using structural
alignment. Overall, our whole pipeline encompassing the above three
steps identifiedmore homologous pairs (an increase of 9.01%) than the
sequence-based clustering approach due to the extra Foldseek-based
structure comparison at the proteome scale. Moreover, the increased
number of homologous pairs resulted in an increase in accuracy, from
94.91% up to 95.36% (Fig. 2c).

Notably, for more distantly related species and complex organ-
isms such as mammals, increasing the threshold used in protein
structure alignment based on Foldseek could improve accuracy in

identifying protein homologous relationships, while still keeping a
large number of homologous pairs between two organisms (“Meth-
ods”, Supplementary Fig. 2e and Supplementary Table 1), thus the
structure-based protein function inference can serve as a better
approach than the sequence-based procedure in refining the protein
homologous relationships between two chosen species.

Protein language model accelerates the inference of homo-
logous relationships between proteins across species without
protein structure comparison
To ensure the broad applicability of AlphaGEM under limited com-
putational resources, particularly for large-scale analyses involving
hundreds of species, we developed a novel procedure for inferring
homologous relationships with the aid of PLMSearch24 (“Methods”,
Fig. 1a, Supplementary Fig. 1b, and Supplementary Note 1). This

Fig. 1 | Framework used by AlphaGEM for constructing high-quality GEMs for
non-model organisms. With model organisms’ high-quality GEMs as references,
AlphaGEM integrates biological sequence and protein structural information to
identify homologous relationships via combined sequence/structure alignment (or
PLMSearchwhen structure is unavailable). This homologous information drives the
construction of a draft GEM. Subsequently, nonhomologous proteins undergo
functional annotation, scoring, and filtering using multiple deep learning (DL)

tools, and are integrated into the draft GEM. Finally, the above outputs are com-
bined to obtain ready-to-use GEMs for specific organisms (a). Typical applications
of AlphaGEM. For example, AlphaGEMenables optimization of low-quality GEMs or
de novo reconstruction of GEMs for non-model organisms. GEMs generated by
AlphaGEM could be used to perform systematic, quantitative, and predictive ana-
lyses of cellular metabolism, mine enzyme functions, and probe the interaction of
distinct strains within a community (b).
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Structure alignment

PLMSearch

TM-score = 0.7830    Identity = 31.37% TM-score = 0.6128    Identity = 22.71%

TM-score = 0.2149    Identity = 45.71% TM-score = 0.3725    Identity = 76.90%

Cytochrome b 
mRNA maturase

Ubiquinol-cytochrome
c oxidoreductase

Identity:

OrthoFinder

True homologs False homologs
Homologs without KOC. albicans versus S. cerevisiae

Fig. 2 | AlphaGEM enhances the inference of protein homologous relationships
between C. albicans and S. cerevisiae by combining sequence alignment and
structure alignment. Distribution plots of sequence identity from sequence
alignment and TM-scores from structural alignment (a). Distribution of TM-scores
for gene pairs with high (≥ 70%) and low (≤ 30%) sequence identity (b). Accuracy in
inference of protein homology using three procedures: the alignment based on
sequence blast, the alignment integrating both sequence and structural

information and the alignment based on PLMSearch. Here, the homologous rela-
tionships annotated by KEGG Orthology (KO) groups were used as the reference
(c). Protein pairs with low sequence identity (OrthoFinder non-clustered) but high
structural similarity (TM-score > 0.6) could still have the same catalytic functions
(d, e). Protein pairs with high sequence identity but low structural similarity (TM-
score <0.4) show divergent functions (f, g). Source data are provided as a Source
Data file.
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alternative strategy mainly uses protein language models to detect
homologous protein pairs without relying on structural data. TakingC.
albicans as an example (Fig. 2c and Supplementary Fig. 3a), this
strategy achieved accuracy comparable to the above integrative
approach, accounting for both sequence and structure similarity
(93.92% vs. 95.36%) while identifying additional homologous pairs
(14.61%) missed by the latter.

To improve the reliability of the new strategy, we introduced a
post-filtering step after the PLMSearch-based inference of homo-
logous relationships, in which the sequence coverage (> 0.6 in C.
albicans and >0.7 inmouse) and identity (> 30% in C. albicans vs. >45%
in mouse) acquired with blastp30 were used to refine the output of
PLMSearch (“Methods”, Supplementary Fig. 1b) to balance sensitivity
and specificity (Supplementary Fig. 3) in identifying homologs. For
instance, excessively stringent identity thresholds (> 50% in C. albi-
cans) led to a sharp decline in valid homologous pairs, while overly
lenient thresholds increased false positives (FP). What’s more, we
found that a few homologous relationships missed by PLMSearch can
be recoveredwith the classical bidirectional best hits (BBHs) identified
through global BLAST alignment. Notably, species-specific parameter
setting was critical; for example, the sequence divergence in mam-
malian genomes (e.g.,M.musculus) required higher identity thresholds
to be consistent with structural alignment outcomes (Supplementary
Fig. 3b). Taken together, alternative inference of homologous rela-
tionships using PLMSearch could be resource-efficient for high-
throughput GEM reconstruction, whereas structure-based methods
remain preferable for precision-focused tasks when computational
resources permit.

Improved annotation for nonhomologous proteins using an
ensemble pipeline
Accurately annotating nonhomologous proteins in the input organism
is an important step in identifying species-specificmetabolic pathways
in order to refine GEMs. Traditional approaches, such as eggNOG-
mapper, are extensively used for annotating unknown proteins, but
suffer from poor precision26. Relying on breakthroughs in deep
learning, several methods have shown much better prediction per-
formance than traditional approaches27. However, using a single pro-
cedure for protein function prediction frequently generates unreliable
results, which may lower the quality of the species-specific GEMs. To
address this, AlphaGEM incorporates an ensemble pipeline integrating
CLEAN, DeepECtransformer, eggNOG-mapper, and PLMSearch for
comprehensive protein annotation to identify potential catalytic
enzymes (Fig. 3a, “Methods”). To ensure robustness, we allocated
weight scores to annotation results based on each tool’s reliability and
specificity. Tools with high sensitivity but low accuracy were given a
lower weight score, whereas those with higher specificity received a
higher weight score. For instance, PLMSearch, while effective in iden-
tifying correct homologous relationships between two organisms,
might introduce an elevated false-positive rate when used for protein
function annotation, resulting in lower F1-scores (Fig. 3b, c). Thus, a
lower weight score was assigned to the output of PLMSearch when
annotating the protein function with our ensemble pipeline. The sum
of weight scores calculated from those four methods was used to rank
the annotation results for each enzyme. We evaluated the annotation
results using UniProt reference datasets for C. albicans and Schizo-
saccharomyces pombe, whichhave beenmanually curated andpartially
experimentally validated. Accuracy analysis of protein function anno-
tations revealed that the F1-scores of our ensemble pipeline (0.379,
0.709) for two yeast species were both higher than those of individual
tools (Fig. 3b, c): CLEAN (0.326, 0.654), DeepECtransformer (0.189,
0.423), PLMSearch (0.097, 0.105), and eggNOG-mapper (0.094, 0.137).
It demonstrates that our integrative pipeline could improve the
enzyme function prediction in both F1-score and precision when
compared to any single procedure, demonstrating the reliability of our

pipeline. Subsequent evaluation shows that the annotation F1-score
increasedwith the number of integrated tools (Fig. 3d, e). Note that the
selected optimal threshold in total weight score used in AlphaGEM
could be adjusted to enhance the annotation performance of non-
homologous proteins according to the input organisms (Fig. 3f, g).

Furthermore, our pipeline facilitates the discovery of “dark
metabolism” in non-model organisms (Supplementary Note 2). A
notable example is the Rhodosporidium toruloides protein M7XU53
(RHTO_06802). While it lacks a definitive reaction annotation in Uni-
Prot and is absent in current manually curated GEMs34, AlphaGEM
robustly identified it as a salicylate 1-monooxygenase (EC 1.14.13.1).
This reaction involves the oxidative decarboxylation of salicylate,
consuming one molecule of NADH and O2 to yield catechol, CO2, and
H2O. This assignment is supported by high structural similarity to the
known protein NHG1_PSEPU (US-align TM-score = 0.84). Given that R.
toruloides is experimentally known to utilize various aromatic com-
pounds, this prediction represents a biologically consistent discovery
supported by genomic context, rather than a database-driven FP35,36.
However, the functional assignments reported here should be con-
sidered computational predictions warranting experimental valida-
tion, rather than confirmed biochemical activities.

Comprehensive evaluation of AlphaGEM in generating ready-to-
use GEMs
To systematically evaluate the performance of AlphaGEM in generat-
ing ready-to-useGEMs, we first constructedGEMs forC. albicans and S.
pombe, two widely used model yeast species. We assessed the pre-
diction capabilities of these models for predicting carbon source uti-
lization and essential genes, respectively.

In order to probe how each step within the AlphaGEM framework
influences model output, we built models for C. albicans and S. pombe
using homologous pairs generated at different stages: (1) OrthoFinder-
based orthology mapping, (2) US-align structural filtering, and (3)
Foldseek-based structural expansion (“Methods”). Our analysis
revealed that US-align structural filtering could reduce the coverage of
proteins in the GEMs of C. albicans and S. pombe. The subsequent
Foldseek-based structural expansion partially recovered the coverage
of proteins. Crucially, while US-align filtering minimally affected the
counts of metabolic reactions in two GEMs, the Foldseek-based
structural expansion enhanced metabolic reaction coverage. Finally,
our ensemble pipeline enabled high-throughput protein function
prediction, through which additional genes, reactions, and metabo-
lites could be merged into GEMs (Supplementary Figs. 4a, b and 5c).
Beyond merely expanding network coverage, the ablation study
(“Methods”) demonstrated that these structure-guided functional
annotations are biologically critical; incorporating the structural
alignment module improved the model’s accuracy in predicting
metabolic capabilities, such as carbon source utilization, indicating
that the structurally-informed models are more complete and more
accurate (Supplementary Fig. 5).

Using this integrated framework, the final GEMs for two yeast
species were generated and benchmarked against both manually
curated models37,38 and those reconstructed using the automated tool
CarveFungi39. Our models demonstrated increased coverage at the
reaction and metabolite levels and gene coverage comparable to
manually curatedmodels (Fig. 4a–c). By further comparison, we found
that C. albicans GEMs reconstructed by AlphaGEM performed well in
predicting the single-carbon-source utilization (accuracy = 78.26%)
and essential genes (accuracy = 79.90%) (Fig. 4d), yielding perfor-
mance comparable to that of a manually curated model37 (97.44 and
73.04%, respectively). When systematically benchmarked against Car-
veFungi, AlphaGEM also exhibited a substantial advantage; the
CarveFungi-generated model for C. albicans only achieved accuracies
of 27.27% for carbon source utilization and 62.18% for gene essentiality
prediction. Notably, AlphaGEM outperforms the manually
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reconstructed models in essential gene prediction. By contrast, both
AlphaGEMandCarveFungi exhibited lower accuracy than themanually
curated model in predicting carbon source utilization for C. albicans,
highlighting a persistent bottleneck for automated tools in the
absence of iterative manual refinement. Such discrepancies are

particularly pronounced in opportunistic pathogens like C. albicans,
where host-driven genomic plasticity leads to two primary modeling
artifacts: false-positive over-annotations arising from expanded para-
logous gene families with ambiguous functions40, and false-negative
omissions of highly divergent enzymes that elude traditional

Performance in nonhomolog annotation

C. albicans S. pombe

C. albicans

C. albicans

S. pombe

S. pombe

Multi-method ensemble enhancement in annotation Multi-method ensemble enhancement in annotation

Threshold-tuned annotation behavior Threshold-tuned annotation behavior

b c

d e

f g

+eggNOG

+CLEAN
+DeepECtransformer

+PLMSearch +eggNOG
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e
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Fig. 3 | Systematic annotation of nonhomologous proteins in AlphaGEM.
AlphaGEM executes parallel functional annotation using CLEAN (EC numbers),
DeepECtransformer (EC numbers), PLMSearch-based function search (Rhea reac-
tions), and eggNOG-mapper (KO). All annotations are mapped to Rhea reactions,
and each protein-reaction pair receives a cumulative confidence score based on
tool-specific weights: CLEAN (0.2), DeepECtransformer (0.2), PLMSearch (0.1), and
eggNOG-mapper (0.3). Pairs with score ≥0.4 are retained; their gene-protein-

reaction (GPR) rules are reconstructed and integrated into the draft GEM (a). Per-
formance of individual annotation tools and the ensemble method was compared
for C. albicans (b) and S. pombe (c). Profiles of annotation performance when
incrementally adding tools into the ensemble method for the nonhomologous
protein annotation in C. albicans (d) and S. pombe (e). Effects of filtering score on
performance of nonhomologous protein annotation in C. albicans (f) and S. pombe
(g). Source data are provided as a Source Data file.
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sequence-based detection41. Specifically, we discovered that the GEMs
built by AlphaGEM could predict the phenotypes of C. albicans using
xylitol and D-glucosamine without introducing additional false-
positive predictions. The enzymes implicated in the major pathways
for these two carbon sources were structurally recognized as proteins
homologous to Saccharomyces cerevisiae enzymes (D-glucosamine
6-phosphotransferase and xylitol transporter), but no homologous
proteins were discovered using sequence-based clustering (Fig. 2d).
This demonstrates that our strategy could, to some extent, enhance

the reliability of GEMs by refining the protein function annotation
inferred solely by sequence-based analysis. Similarly, theGEMsbuilt by
AlphaGEM for S. pombe also achieved comparable accuracy in pre-
dicting carbon source utilization and essential genes (90.00%, 71.93%)
compared tomanually curated counterparts (95.24%, 69.89%) (Fig. 4e)
and to the CarveFungi model (81.82%, 64.82%). Although CarveFungi
showed a slightly higher F1-score for essential gene prediction in S.
pombe (53.5% vs. 47.2%), this metric is biased by its severely limited
gene representation (362 genes versus 858 genes in AlphaGEM;

a b c

d e

AlphaGEM Manually

F1-score

F1-score F1-score

F1-score

Essential genes Essential genes

Carbon sources Carbon sources

CarveFungi

f

F1-score

F1-score

Essential genes

Carbon sources

Fig. 4 | Quality assessment of GEMs for three unicellular eukaryotes recon-
structed by AlphaGEM. Comparison of the number of genes (a), reactions (b),
metabolites (c) among GEMs of C. albicans, S. pombe, and P. pastoris from manual
curation, AlphaGEM, andCarveFungi. Comparison of accuracy in predicting carbon

source utilization and essential genes by different GEMs from manual curation,
AlphaGEM, and CarveFungi for C. albicans (d), S. pombe (e), and P. pastoris (f).
Source data are provided as a Source Data file.
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Fig. 4a). While manually curated models benefit from iterative manual
curation in carbon source utilization predictions by comparing these
predictions with experimental datasets, AlphaGEM demonstrates
comparable performance in generating high-quality GEMs for down-
stream applications.

Furthermore, to demonstrate the generalizability of AlphaGEM
beyond the initial optimization species, we constructed GEMs for R.
toruloides and P. pastoris using the same established parameters.
Similarly, we evaluated the prediction performance of these two
models. The results showed that thesemodels achieved high accuracy
in the prediction of carbon source utilization and gene essenti-
ality (Fig. 4f and Supplementary Fig. 6a, b), comparable to the per-
formance observed in our primary test species. Notably, due to the
lack of reliable experimental data for carbon source utilization in R.
toruloides, only gene essentiality prediction was performed for this
species. The successful cross-species prediction underscores that
AlphaGEM provides a robust and unbiased framework for the auto-
mated reconstruction of high-quality GEMs for diverse yeast species.

AlphaGEM enhances the reconstruction of high-quality GEMs
for both bacteria and mammals
To further demonstrate AlphaGEM’s performance across diverse
organisms, we constructed GEMs for bacteria and mammals (Fig. 1a),
respectively, and compared themwithmodels generated by one of the
state-of-the-art toolboxes and with manually curated counterparts.

As for bacterial modeling, we comprehensively assessed the
quality ofmodels generated by CarveMe18, ModelSEED10, gapseq19, and
AlphaGEM. K. pneumoniae is a ubiquitous human pathogen that can
cause pneumonia, bloodstream infections, urinary tract infections,
and other life-threatening infections. We generated GEMs for K.
pneumoniae with these tools, respectively, and the models were
compared to an experimentally validated model, iYL122842. The effi-
cacy of these generated models for predicting carbon-source utiliza-
tion was compared to experimental datasets. AlphaGEM achieved a
prediction accuracy of 75.32%, comparable to the manually curated
model iYL1228 (81.8%) (Fig. 5a). In contrast, themodels constructed by
CarveMe, ModelSEED, and gapseq exhibited poor performance
(Fig. 5a). Specifically, the CarveMe model yielded a low overall pre-
diction accuracy of 45.45%. The model generated by ModelSEED
inherently lacked exchange reactions for unutilized carbon sources,
identifying only 8 utilizable ones; even after supplementing all corre-
sponding exchange reactions, its accuracy remained poor at 41.56%.
Furthermore, gapseq exhibited poor specificity (16.67%), indicating
that reactions and pathways added by gapseq were associated with
excessive FP, leading to poor substrate utilization specificity and
functional deficiencies. In terms of model content, the AlphaGEM-
constructed model annotated more genes (1588) compared to gapseq
(1260) and iYL1228 (1228) (Fig. 5c). This expanded coverage is biolo-
gically consistent with genome size variations: the K. pneumoniae
genome has 5728 genes, whereas the Escherichia coli genome consists
of 4401 genes, and the E. coli model iML1515 has 1515 annotated
metabolic genes. The lowernumberofgenes annotatedbygapseqmay
be due to its less accurate gene function annotation method, as evi-
denced by the fact that gapseq identified 63 reactions during gap
filling, while AlphaGEM only required 2 reactions to fill gaps, which
suggests that the model constructed by gapseq suffers from insuffi-
cient gene annotation, resulting in more reactions required for gap
filling. However, the AlphaGEM model contained fewer reactions
(3068) and metabolites (2475) than the gapseq model (3207 reactions
and 2577 metabolites), likely due to gapseq’s tendency to incorporate
entire pathways from databases such as MetaCyc, and the model
constructed by gapseq exhibited an excessive number of genes cor-
responding to each reaction and an overabundance of reactions
encoded by each gene, which results in the phenomenon of having
fewer genes but more reactions (Supplementary Fig. 7a, b). This often

introduces redundant reactions and metabolites, resulting in poor
phenotype prediction, consistent with the phenomenon that gapseq-
based GEM has a low specificity in predicting carbon source utilization
(Fig. 5a).We further constructedGEMs forB. subtilis as the second case
study and benchmarked it against models generated by gapseq and
manual curation43. As GEMs for this species have not been extensively
benchmarked for single carbon source utilization, we validated model
performance in essential gene predictions. AlphaGEM demonstrated
prediction accuracy higher than gapseq, CarveMe, and ModelSEED
(AlphaGEM=85.52%, gapseq = 79.35%, CarveMe= 83.09%, Model-
SEED = 77.24%), though it still slightly lagged behind the manually
curated GEM (accuracy = 89.26%) (Fig. 5b). Beyond predictive cap-
abilities, the quality of models generated by AlphaGEM was evaluated
using the MEMOTE44 suite, demonstrating that these models are of
high quality, consistent with their respective reference models (Sup-
plementary Table 2). Furthermore, regarding computational effi-
ciency, althoughAlphaGEMrequiresmore running time (excluding the
protein 3D structure prediction) than ModelSEED and CarveMe, it
operates faster than gapseq (Supplementary Table 3). This moderate
time trade-off is well-justified by its reliability, thus achieving a balance
between computational efficiency and predictive accuracy. Together,
these results indicate that AlphaGEM could generate GEMs compar-
able to manually curated ones and, to some extent, outperforms the
existing toolboxes in bacterial modelling.

For mammals, after increasing the threshold for homologous
relationship identification, we used the latest Human1 as the reference
model to build GEMs forM. musculus and C. griseus, respectively, then
compared the models’ performance with previously published ones.
AlphaGEM achieved comparable essential gene prediction accuracy
compared to the existing M. musculus GEM—Mouse145 (model by
AlphaGEM: F1-score = 4.32%, Matthews Correlation Coefficient
(MCC) = 0.0 184, accuracy = 91.10%; Mouse1: F1-score = 4.71%, MCC=
−0.0016, accuracy = 88.62%) (Fig. 5d). AlphaGEM’s multi-scale protein
annotation approach, leveraging structural data for homology-based
annotation, resulted in 488more annotated genes thanMouse1 (Fig. 5f
and Supplementary Fig. 2e) while the numbers of reactions and
metabolites from the two types of models were comparable. To eval-
uate the accuracy of our annotations, we used multiple deep-learning-
based annotation tools tomine the function of proteins corresponding
to the uniquegenes fromeachmodel.We applied ahigher threshold to
filter these proteins, and those annotated with reactions after filtering
were considered reliable metabolic proteins, while others were con-
sidered unreliable metabolic proteins. We found that, among the dif-
ferential genes in Mouse1, 9.4% encoded reliable metabolic proteins,
while 64.5% of the genes in the GEM constructed by AlphaGEM enco-
ded proteins considered reliable metabolic proteins (Supplementary
Fig. 8a, b). Here, if we select only the genes encoding reliable proteins
as the target GEM’s genes, the number of genes in the constructed
model (3103) will be similar to that of Human1 (2887), which further
supports the validity of our approach. For models constructed for C.
griseus, AlphaGEM demonstrated accuracy and specificity in essential
gene prediction comparable to those of a manually curated model
(accuracy 85.32% compared to 88.56%, specificity 98.52% compared to
99.29%). However, due to the limited number of essential genes
identified through our approach, the F1-score performance was lower
(10.43% compared to 21.09%) (Fig. 5e). For higher mammals, the
complexity and abundance of intracellular pathways, coupled with
relaxed flux constraints, can lead to essential reactions appearing as
non-essential for growth, whereas the fact that some metabolic reac-
tions are not being uncovered in the model would result in the
opposite outcome. Adding additional constraints, such as tran-
scriptomic data and enzymatic constraints, could improve prediction
accuracy, further enhancing its usability for complex organisms46.
Overall, these findings initially demonstrate that AlphaGEM could be
leveraged to generate functional, comprehensive GEMs for mammals.
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AlphaGEM accelerates the generation of GEMs at a large scale
The advancement of high-throughput sequencing technology has led
to a large amount of genomic information from non-model organisms.
Traditional procedures for generating GEMs for these non-model
organisms often undergo multiple rounds of iterative upgrades, and
require considerable time and resources47. In this aspect, AlphaGEM
could enable high-throughput reconstruction of GEMs to bridge the
gaps between cellular phenotypes and genotypes at a large scale. To
confirm this, we leveraged AlphaGEM to reconstruct GEMs in an
automated manner for 332 sequenced yeast species48,49, which were
previously modeled using manually curated GEMs50. By clustering the
models using t-SNE based on their reaction content (Fig. 6a), we found
that models from AlphaGEM exhibited distinct clustering patterns, in
which the corresponding yeast species from the same order displayed
comparable aggregation with manually curated ones, thus, to some
extent, reflecting species classification based on phylogenetic
analysis48,49,51. Statistical validation using the Kruskal–Wallis test
strongly supports this observation, confirming significant clustering
structure in AlphaGEM-generated models (x: P value = 1.00 × 10−23, y: P

value = 3.29 × 10−56, z: P value = 4.46 × 10−37) and those in manually
created models (x: P value = 8.53 × 10−45, y: P value = 7.94 × 10−53, z: P
value = 1.30× 10−17). This phylogenetic clustering was further quanti-
tatively supported by a higher Silhouette score for AlphaGEM (0.138)
compared to the manually curated models (0.103). Furthermore,
models constructed by AlphaGEM exhibited greater hamming dis-
tances between reaction profiles compared to manually curated ones,
indicating GEMs built by AlphaGEM could reflect species-specific
metabolic differentiation (Fig. 6b).

We compared structural characteristics between AlphaGEM-
generated and manually curated models. Linear correlations existed
(R² > 0.45) between two types of models in the numbers of genes and
metabolites (Supplementary Fig. 9a, b). While the number of reactions
showed a comparatively weak correlation (R² = 0.35), AlphaGEM could
identify more reactions for most yeast species (Supplementary Fig. 9c
and f). These findings indicate that the models reconstructed by
AlphaGEM could be comparable to manually curated counterparts.
Further analysis of GEMs across 332 yeast species demonstrated
remarkably similar core reaction sets (AlphaGEM: 1944 vs. manual:
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utilization by different GEMs frommanual curation, CarveMe, ModelSEED, gapseq,
and AlphaGEM for K. pneumoniae (a). Comparison of accuracy in essential gene
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2083) (Fig. 6c), confirming AlphaGEM’s accuracy in identifying con-
served yeast metabolic functions. Notably, AlphaGEM annotatedmore
accessory reactions (3628 vs. 2376) (Fig. 6c), consistent with its
enhanced species-specific metabolic differentiation observed earlier.
This expanded accessory repertoire showcases AlphaGEM’s potential
to uncover broader metabolic pathway diversity across distinct
species.

To validate the functional quality of the models, we performed
substrate utilization predictions using the newly reconstructed GEMs
and compared themwith experimentally verified phenotypes (Fig. 6d).
It shows that the GEMs built by AlphaGEM achieved comparable

accuracy compared with manually constructed ones (Cohen’s
dz = −0.231254). Notably, AlphaGEM models exhibited higher specifi-
city (P value < 0.001), albeit with lower sensitivity and F1-score (P
value < 0.001). However, because the manually constructed GEMs
were explicitly refined using experimental data, they still exhibited
higher accuracy for certain specific predictions.

Lastly, AlphaGEM’s capability in uncovering dark metabolism was
explored. Here, reactions uniquely annotated by AlphaGEM in each
species were mapped onto metabolic pathways. We found that the
novel reactions identified by AlphaGEM were primarily distributed in
pathways related to secondary metabolism, microbial metabolism in

AlphaGEMManually

AlphaGEM Manually

d

Distances between models

H
am

m
in

g 
di

st
an

ce

Sc
or

e

b

f

a

AlphaGEM Manually

Accessory

Core

R
ea

ct
io

n 
co

un
ts

Number of new reactionsec

AlphaGEM Manually

AlphaGEM Manually

1.0

Fig. 6 | AlphaGEMaccelerateshigh-throughputmodelling for 332distinct yeast
species. The t-SNE clustering analysis of yeast species based on reaction presence
in the manually curated GEMs and GEMs built by AlphaGEM, with different colors
representing different orders (a). Comparison of Hamming distances between 332
yeast-species-specific GEMs constructed by AlphaGEM andmanually curatedGEMs
(two-sided paired t-test; unadjusted) (b). Distribution of pan-, core-, and accessory-
reactions across 332 yeast species (c). Validation in prediction of substrate utili-
zation using GEMs constructed by AlphaGEM and themanually curatedGEMs (two-
sided paired t-test; Bonferroni-adjusted) (d). Main subpathways with newly added

reactions that occurred only in GEMs generated by AlphaGEM compared to
manually curated GEMs (e). Heatmap of pathway completeness between GEMs
constructed by AlphaGEM and the manually curated GEMs, focusing on pathways
with the largest mean inter-order differences. Color intensity indicates complete-
ness values (red: 1.0; blue: 0) (f). Box plots show themedian (center line), upper and
lower quartiles (box limits), and 1.5× interquartile range (whiskers). Outliers are
plotted as individual points. For all correlations and comparisons, n = 332 distinct
yeast species were analyzed. Statistical details are provided in Supplementary
Note 4. Source data are provided as a Source Data file.
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diverse environments, and cofactor biosynthesis (Fig. 6e). This dis-
tribution pattern demonstrates AlphaGEM’s potential to elucidate
untapped metabolic capabilities within secondary metabolic path-
ways. Furthermore, we evaluated the potential of AlphaGEM for
uncovering gaps in metabolic pathways by analyzing pathway com-
pleteness. We then evaluated pathway completeness to pinpoint gaps
in metabolic networks, concentrating on those pathways showing the
largest inter-order differences between GEMs built by AlphaGEM and
manually curated ones (Fig. 6f). In these pathways, AlphaGEM exhib-
ited greater variability across orders, demonstrating its capacity to
uncover dark metabolism in a order-specific manner by tailoring
reaction sets to each lineage rather than applying a one-size-fits-all
approach.

Discussion
In this work, we present AlphaGEM, an integrated toolbox for auto-
mated, high-throughput construction of genome-scale computational
models for target organisms, uniquely addressing the critical gap in
high-quality modelling of numerous newly sequenced species52,53. Our
tool fundamentally differs from existing methods (e.g., gapseq19) by
achieving two breakthrough capabilities: (1) high-throughput genera-
tion of eukaryotic GEMs with quality approaching manually curated
benchmarks and (2) extension to prokaryotic modelling with perfor-
mance comparable to or superior to state-of-the-art tools. This dual
advantage stems from our integration of protein structural alignment
and deep learning-based protein function inference, enabling precise
detection of distant homologies widely present in understudied
organisms. Importantly, we developed an ensemble algorithm that
could expand metabolic network coverage for target organisms
through the in-depth annotation of non-homologous proteins using
multiple recent deep learning models. To demonstrate these cap-
abilities, we systematically assess the performance of AlphaGEM in
reconstruction of GEMs across diverse domains, including fungi (332
different yeast species), prokaryotes (e.g., K. pneumoniae), and mam-
malian cells (e.g., M. musculus), demonstrating AlphaGEM’s excellent
capability for large-scale,multi-speciesmetabolic characterization and
revealing its potential for uncovering dark metabolism in less char-
acterized organisms through enhanced annotation of non-canonical
enzymatic functions.

Unlike gapseq and CarveMe, which rely on a universal model as a
template to generate GEMs for target species, our toolbox integrates
the existing high-quality GEMs from reference organisms (i.e., S. cere-
visiae, E. coli, Homo sapiens) alongside the universal reaction pool to
mine the genome-level metabolic activities as comprehensively as
possible. A key distinction of our approach lies in leveraging the evo-
lutionary principle that protein structure is more conserved than
protein sequence54. By employing structural alignment, AlphaGEM
achieves high specificity in identifying distant homologies often
overlooked by traditional sequence-based methods. Consequently,
our pipeline could efficiently build a high-quality backbone of the
reaction network for non-model organisms. Meanwhile, a compre-
hensive universal reaction pool was leveraged to annotate the
remaining non-homologous proteins based on our ensemble pipeline,
which effectively enlarges the scope of GEMs to cover more species-
specific metabolic reactions. As a result, AlphaGEM exhibits highly
versatile capabilities, capable of reconstructing both prokaryotic and
eukaryotic GEMs and overcoming the domain-specific limitations of
tools like gapseq19 (prokaryote-oriented) and CarveFungi39 (fungus-
specific).

Although our strategy offers a robust framework for developing
high-quality GEMs for non-model organisms, several challenges still
remain. Firstly, generating all protein structures for one species
requires substantial computational resources, which may lower the
efficiency of our pipeline as a whole. Additionally, using protein-
language-model-based approaches, i.e., PLMSearch, could identify

homologous relationships on a large scale, but, to some extent, com-
promise accuracy at the same time. Moreover, the predictive accuracy
of deep learning models employed in our study could directly influ-
ence AlphaGEM’s effectiveness, as training datasets used in different
deep learning models often contain inconsistencies, resulting in
potential errors in assigning key reactions to specific proteins. Fur-
thermore, while AlphaGEM successfully inherits subcellular compart-
ment annotations from reference models, we excluded automated
compartment prediction for novel reactions identified via our
ensemble method due to the inadequate performance of current
protein localization tools55,56. Similarly, given the limitations in anno-
tating transporter locations, extracellular transporters are compre-
hensively sourced from reference models and the Rhea database,
whereas intracellular transporters remain strictly dependent on
reference models. The relatively limited performance on mammalian
data reflects a systemic bottleneck in eukaryotic modeling, where
functional redundancy and the discrepancy between generic models
and tissue-specific biological contexts inherently constrain predictive
sensitivity. Future advances in the development of advanced compu-
tational tools, the integration of multi-omics data11, and high-quality
datasets will be critical to address these limitations, thus further
helping to enhance the overall performance of AlphaGEM. Addition-
ally, future integration of other high-quality reaction databases, such
as MetaCyc57, could further improve the annotation capability for
target species-specific reactions, thus further helping to enhance the
overall performance of AlphaGEM.

In conclusion, AlphaGEM enables automated, high-quality meta-
bolic modelling across diverse species. It paves the way for efficient,
scalable, and holistic analysis of newly sequenced organisms, dee-
pening our understanding of metabolic diversity in microbial and
higher-order organisms on Earth and driving transformative progress
in biological research.

Methods
Inference of homologous relationships
In this study, two methods were employed to infer protein homo-
logous relationships between target and reference species as the initial
step in reconstructing draft GEMs for target organisms.

Homologs based on structural alignment
Initially, OrthoFinder (v3.0.1b1)31 was utilized to cluster proteins from
annotated genome assemblies, generating pairwise protein similarity
matrices. Then, protein structure alignment was conducted for each
protein pair using US-align (v20241108)58, yielding a structural simi-
larity score (TM-score). The results were filtered based on the TM-
score and the predicted protein structure quality score (pLDDT)59.
Protein pairs with a TM-score exceeding the threshold (default: 0.5),
coupledwith an alignment coverage ≥0.8, were classified as exhibiting
high structural similarity, while those with a pLDDT below the
threshold (default: 0.7) were excluded from structure alignment due
to low-quality structure predictions (Supplementary Fig. 2c). These
filtered protein pairs constituted the first protein homology set (Pro-
tein Homology Set One).

Foldseek (v9.427df8a)54 was employed to conduct a structure-
based homology search, expanding the collection of homologous
protein pairs. Homologous pairs identified through Foldseek-based
alignment were screened using the following criteria: a TM-score ≥0.7,
coverage ≥0.8, and probability = 1 (Supplementary Fig. 2a, b). Pairs
with a pLDDT below the default threshold of 0.7 were excluded due to
low-quality structurepredictions.Metabolic proteinswere categorized
into transporters and non-transporters, with transporters further fil-
tered using an identity threshold of 30%. To enhance the accuracy of
identification of structure-based homologs, homologous pairs were
clustered separately for each enzyme type. For clustering homologous
proteins from the reference species, the DBSCAN algorithm (default
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eps = 1) was applied60. Clusters were selected based on the highest
combined TM-score and coverage values, ensuring all pairs met the
establishedTM-scoreand coverage thresholds.This process generated
the second protein homology set, referred to as Protein Homology Set
Two. Finally, the two homology sets were combined to determine the
final protein homologous relationships.

Homologs based on PLMSearch
The embeddings of the target strain and the reference strain genomes
generated by a protein language model were integrated as input to
predict homologous relationships using PLMSearch (2024.05.08)24.
Based on a predefined SS-predictor threshold (default = 0.8), the
results were filtered by blastp with coverage ≥0.6 and identity ≥ 30%.
Subsequently, BBHs identified through global BLAST alignment per-
formed by diamond (v2.1.10)61 were added to the final set of homologs
(with identity ≥ 60%, coverage ≥0.5).

Strategy to solve the conflict between the results from sequence
and structure annotation
To robustly integrate sequence and structural data and resolve
potential metric conflicts, AlphaGEM employed a structure-first
prioritization logic. When sequence and structural similarity
diverged (e.g., high sequence identity but sub-threshold TM-score),
structural conservation was strictly prioritized, and such pairs were
excluded to prevent the inclusion of functionally divergent paralogs.
Notably, for the metabolic enzymes targeted in this study, our
structure-first prioritization rarely, if ever, results in the false exclusion
of genuine homologs that exhibit high sequence identity but pro-
nounced structural divergence—such as those with high conforma-
tional flexibility (Supplementary Fig. 2d). Empirical validation shows
that no correct homologs in our dataset occupied the high-identity/
low-TM-score quadrant. Ultimately, this filtering process represents a
strategic trade-off aimed at maximizing annotation precision while
maintaining a robust functional baseline for automated GEM recon-
struction. Conversely, in the remote homology zone where sequence
identity was negligible, stringent structural criteria (e.g., TM-score≥
0.7) were imposed to confidently infer functional homology solely
from structural evidence.

Furthermore, to account for the taxon-dependent differences in
evolutionary conservation across diverse taxa62–64, the structural
alignment thresholds applied during this screening process were
dynamically adjusted according to the target organism’s taxonomic
classification (Supplementary Table 1). This taxon-specific para-
meterization ensures a robust balance between sensitivity and speci-
ficity across varying evolutionary distances.

Homolog filtering using ProtTrans
Our algorithm identified several proteins with an unusually high
number of corresponding homologous proteins (i.e., > 6) from the
input organism (Supplementary Fig. 10b, c), which is biologically
implausible. To address these issues, ProtTrans (ProtT5-XL-UniRef50),
a protein language model65, was utilized to encode the pre-identified
homologous proteins. Principal Component Analysis (PCA) was then
applied for dimensionality reduction to refine these homologous
relationships (“Methods”, Supplementary Fig. 10a). This approach
effectively reduced thenumber of homologs for proteinswithmultiple
relationships to fewer than three, minimizing FP (Supplementary
Fig. 10b, c). This strategy to prune the number of homologous proteins
could be used as an optional step for building GEMs with our toolbox.
This approach proved critical for constructing the mouse GEM, suc-
cessfully differentiating functions between Cytochrome P450 26B1
and Cytochrome P450 26C1 (Supplementary Fig. 10e), thereby
enhancing essential protein prediction accuracy. The detailed method
is as follows:

For each protein (RP) executing a specific reaction in the refer-
ence model and its homologous proteins (P1, P2,…), they were
grouped together. If the group contains only one protein apart from
RP, this step was skipped. For the prediction groups, ProtTrans was
used to generate embeddings for the sequences of all proteins in the
group. PCA was then applied to reduce the dimensionality of these
embeddings to analyze the distances between different sequences.
The distance between the reduced PCA coordinates was defined as:

ri, j =

ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
pca1i � pca1j
� �2

+ pca2i � pca2j
� �2r

ð1Þ

r0 =minP2 P1, P2, ...½ � rRP, P
� �

ð2Þ

rt =μr0 ð3Þ

Where i and j represent different proteins within the group. The
minimum distance r0 to the reference protein RP was selected, and a
threshold rt was applied (default μ= 1:1). Homologous proteins with a
distance greater than this threshold were removed, and the remaining
group was considered the target homologous relationship.

Validation of homologous protein relationships
KO numbers were assigned to proteins based on homologous protein
relationships using data fromUniProt andKEGG66. Proteins sharing the
same KOnumber were designated true homologs; those with different
KOnumbersweredesignated false homologs. Accuracywas calculated
as the proportion of true homologs among all evaluated protein pairs
(true homologs/(true homologs + false homologs)).

Selection of high-quality reference models
The latest publishedmanually curated functionalGEMswere selected as
reference GEMs. For modelling eukaryotic single-cell organisms, the
metabolic model of S. cerevisiae, Yeast914, was chosen as the reference
model. Species with a closer phylogenetic relationship to S. cerevisiae
can use this model as a reference. For prokaryotic cells, the E. coli
model, iML151515, was selected as the referencemodel, and species with
a closer phylogenetic relationship to E. coli can also use it as a reference.
The latest published H. sapiens GEM, Human116, was selected as the
reference model for mammalian modelling. These reference models
have been updatedwithmetabolite and reaction IDs from the Rhea and
ChEBI databases, using mapping relationships from MetaNetX67 to
ensure compatibility when adding new reactions. AlphaGEM further
provides an interface for manual submission of custom reference
models, which must be processed using the supplied curation script
model_curation.py to align with framework requirements.

Draft model reconstruction for non-model organisms
The GEMs for target species were reconstructed based on the homo-
logous relationships derived from the reference models. First, reac-
tions lacking homologous proteins in the reference model were
removed according to the gene-protein-reaction (GPR) relationships.
Subsequently, the retained reactions were re-annotated through
homologous mapping to generate draft models. The proteins were
mapped to their encoding genes and added to the GEMs.

For isoenzyme-catalyzed reactions, the reaction was considered
to exist if at least one corresponding isoenzyme was present. The
reaction GPR was defined based on the isoenzymes present. For
reactions catalyzedby protein complexes, the reactionwas considered
tobepresent if over 80%of the complex’s proteinswere identified, and
the GPR for the reaction was reconstructed based on the complex. For
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transporters, an optional stricter filtering threshold was offered for
their identification.

Protein annotation through multiple computational tools
Proteins excluded from the homologous protein pairs were annotated
using an ensemble method. EggNOG-mapper (v2.1.12)28 was employed
to annotate proteins with KO numbers, CLEAN (v1.0.1)26, and Dee-
pECtransformer (v1.0)27 were used for EC number annotations, and
UniProt protein data were used to obtain corresponding Rhea IDs.
CLEAN annotations were filtered at a confidence threshold of 0.7
before downstream analysis. PLMSearch24 identified homologous
protein pairs and annotated target proteins with Rhea IDs by per-
forming homology searches against UniProt’s Rhea-annotated pro-
teins. The results were filtered using a threshold determined by SS-
predictor (default = 0.9) to obtain the final output. All annotation
results were standardized to Rhea IDs by rhea.rdf for consistent pro-
tein function annotation.

To evaluate the accuracy of these computational tools, the stan-
dardized protein-to-reaction pairs were derived from the related Rhea
annotations recorded in UniProt database, serving as the benchmark
for evaluating protein–reaction pairs annotated by computational
tools. Accuracy was quantified using: (1) true positives (TP): protein-
reaction pairs annotated by the tool that were also present in the
database annotations; (2) FP: protein-reaction pairs annotated by the
tool that were not present in the database annotations; (3) false
negatives (FN): protein-reaction pairs present in the database anno-
tations that were not annotated by the tool. Thesemetrics (TP, FP, FN)
were then used to calculate precision, sensitivity, and F1-score. Nota-
bly, FP assessments exhibit inherent limitations due to incomplete
reaction annotations in UniProt68.

Guided by the aforementioned evaluations, and taking into
account the varying annotation performance and inherent limitations
of each individual tool, an ensemble weighting scheme was developed
to systematically integrate the preliminary results (Fig. 3a and Sup-
plementary Note 3). Within this scheme, distinct weight scores were
assigned to the annotations from each tool, and a cumulative weight
threshold was utilized to determine the final predictions. The specific
weight assignments and target threshold were initially optimized
based on annotation performance in S. pombe and C. albicans. To
confirm robustness and prevent overfitting, this weighting strategy
was rigorously validated by analyzing F1-score distributions across
independent fungal species, including R. toruloides and P. pastoris
(Supplementary Fig. 11a). Furthermore, the reliability of the selected
parameters was verified by Receiver Operating Characteristic curve
analyses, with the resulting Area Under the Curve values demonstrat-
ing consistent predictive capability across diverse taxa (Supplemen-
tary Fig. 11b). The selected parameters were further validated using B.
subtilis andM. musculus, leveraging their curated UniProt annotations
(Supplementary Fig. 11b). Notably, in the mammalian context, the
observed trade-off favoring high precision over recall inM.musculus is
justified, as it effectivelyminimizes false-positive annotations. Justified
by this empirical validation, the final weight scores were established
(EggNOG-mapper: 0.3, CLEAN: 0.2, DeepECtransformer: 0.2,
PLMSearch: 0.1) (Fig. 4c), and candidate annotations achieving a
cumulative weight score of ≥0.4 were ultimately selected as the final
integrated predictions.

Extension of GEMs using the Rhea database
To accelerate reaction integration, biochemical reactions fromRhea, a
standardized reaction-metabolite database, were retrieved. These
reactions were converted into a pool of ready-to-use cobra.Reaction
objects. All reaction and metabolite information was extracted from
the rhea.rdf file, including the mapping relationships with other data-
bases, reaction reversibility, metabolite composition, charge, and
ChEBI IDs69, to generate reaction classes that can be used with

COBRApy. During this integration phase, strict quality control mea-
sures were implemented: the mass and charge balance of the supple-
mentary reactions were explicitly verified to prevent the introduction
of new stoichiometrically unbalanced reactions (e.g., artificial gen-
eration of metabolites or ATP). Reactions were subsequently added to
the model based on prior Rhea ID annotations for genes. It should be
noted that while this integration pipeline successfully prevents
the integration-induced errors, the final reconstructed models may
still inherit pre-existing stoichiometric artifacts from their chosen
reference models.

Compartmentalization and subcellular annotation
Reactions and associated metabolites were assigned to specific sub-
cellular compartments based on the reference models. As explicit
subcellular localization is generally absent in the Rhea database, newly
integrated reactions from Rhea were assigned to the cytosol by
default. For transport reactions, extracellular transporters (mediating
exchange between the cytosol and the extracellular environment)
were identified and incorporated using both the referencemodels and
the Rhea database. Conversely, inter-compartmental transporters
(mediating exchange between intracellular organelles) were recon-
structed exclusively based on the reference models.

Subsystem annotation
In the AlphaGEM reconstructions, the assignment of subsystem
information was executed via a dual strategy. First, subsystem anno-
tations for a subset of reactions were directly inherited from the
selected reference models. Furthermore, for metabolic reactions
possessing KEGG66 annotations, the relevant subsystem categoriza-
tions were retrieved and integrated directly from the database.

Improving the quality of GEMs using gap-filling
As the final refinement step, AlphaGEM employed a sequence-based
gap-filling strategy to ensure both metabolic functionality and biolo-
gical relevance for the newly added reactions. Initial gap-filling was
performed using the gap-filling function cobra.flux_analysis.gapfill() in
COBRApy (v0.29.1)17. During the gap-filling process, the reference
model or the combined one, which merged the reference model and
the universal model together, could be selected depending on the
users’ demands. Gap-filling was optionally performed using either
minimal or complete growth media. At the same time, the objective
reactions (e.g., biomass production) and the biomass composition
were consistent with reference GEMs. To further refine and filter
potential gap reactions identified through gap-filling, AlphaGEM per-
formed tblastn (v2.16.0) searches against the genome of the target
organism using the proteins catalyzing these gap reactions.
Homology-based replacement was then applied: for hits with a bit
score > 200, the protein corresponding to the hit with the highest bit
score was used to replace the original homologous protein in the
reaction. If no qualifying hit (bit score > 200) was found, AlphaGEM
attempted to remove the reaction from the model, while ensuring the
integrity of the objective reaction. However, if removing a reaction
without sequence support would seriously weaken the model’s pre-
diction of cellular growth, it was retained as a purely algorithmic
necessity. In our tested cases, such reactions added purely as algo-
rithmic necessities ranged from 0 to 14 across species (e.g., only 0
reactions for C. albicans). As a result, out of the 3–19 total reactions
added, gap-filling further complemented GEMs by filling essential
pathway gaps (e.g., three reactions for C. albicans).

Hybrid strategy for cross-species model reconstruction
A hybrid reconstruction strategy was implemented by integrating the
above processes. To accommodate the metabolic diversity across
fungi, bacteria, and mammals, a hybrid reconstruction strategy was
implemented. Instead of relying solely on a single reference organism,
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a high-quality reference model was integrated with a comprehensive
pool of reactions identified through AI-based functional annotation.
For genes lacking direct homology to the reference, functional anno-
tations were supplemented by this reaction pool to ensure the capture
of species-specific metabolic pathways. To mitigate the limitations of
sequence-based ortholog inference across evolutionarily distant taxa,
a structure alignment-based strategy was employed. This approach
enabled the identification of distant homologous relationships,
allowing for the effective useofmanually curated referencebackbones
evenwhenphylogenetic proximity was limited. By combining a refined
reference backbone with a supplemental reaction pool, the pipeline
ensures robust and accurate metabolic reconstructions across diverse
taxonomic groups.

Essential gene prediction
To conduct gene essentiality analysis, the essential gene list from
published studies34,37,38,43,45,70,71 was used. To accurately reflect the
experimental conditions, the in silico medium was formulated based
on the standard M9 minimal medium. The base medium was sup-
plemented with additional non-carbon compounds to mirror the
specific experimental media described in the respective literature.
The lower bounds (maximum uptake rates) for the exchange reac-
tions of these supplementary compounds were set to −1000 mmol/
gDW·h to ensure they were not growth-limiting. In silico growth after
gene knockout was calculated as follows: (1) Each gene in the model
was iteratively knocked out using the model.genes.knock_out()
function. (2) Growth rates were simulated using FBA under identical
minimal glucose medium conditions. (3) A gene was classified as
computationally essential if the simulated growth rate was less
than 1 × 10⁻⁴ h⁻¹.

Predictions were compared against the experimental essenti-
ality datasets. To ensure the reliability of the comparison, only genes
present in both the experimental datasets and the metabolic model
were included in the evaluation. The results were categorized using a
confusion matrix as follows: (1) true positive (TP): experimental non-
essential/in silico non-essential; (2) true negative (TN): experimental
essential/in silico essential; (3) false negative (FN): experimental non-
essential/in silico essential; (4) FP: experimental essential/in silico
non-essential (essential genes with low in silico growth were calcu-
lated as negative). The specific statistics and details of the evaluated
datasets are summarized (Supplementary Table 4 and Supplemen-
tary Fig. 12).

Carbon source utilization prediction
To conduct carbon source utilization analysis, the phenotype data
from published studies37,38,42,45,72 were used. In silico growth with car-
bon source utilizationwas calculated as follows: (1) Themodelmedium
was set to the minimal growth medium with glucose replaced by
alternative carbon sources; that is, the lower bound for the exchange
reaction of the alternative carbon source was constrained to
−10mmol/gDW·h, while other environmental constraints were set to
simulate aerobic M9 minimal medium. (2) Growth rates were simu-
lated using FBA. (3) A carbon source was classified as non-utilization if
the simulated growth rate was less than 1 × 10⁻3 h−1.

Predictions of carbon source utilization were evaluated using a
confusionmatrix framework, with carbon source utilization defined as
positive and non-utilization defined as negative. True positive (TP) was
defined as experimental utilization/in silico utilization; TN as experi-
mental non-utilization/in silico non-utilization; false negative (FN) as
experimental utilization/in silico non-utilization; and FP as experi-
mental non-utilization/in silico utilization.

Metrics to assess the prediction performance of GEMs
To evaluatemodel performance, the followingmetricswere computed
based on the confusion matrix, consisting of TP, TN, FP, and FN.

MCC73: TheMCC, a balancedmeasure of classification quality, was
computed as:

MCC=
TP � TNð Þ � FP � FNð Þffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi

TP+ FPð Þ TP+FNð Þ TN+FPð Þ TN+FNð Þ
p ð4Þ

Sensitivity (Recall)74: Sensitivity, the ability to correctly identify
positive samples, was computed as:

Sensitivity =
TP

TP+FN
ð5Þ

Accuracy74: Accuracy, the proportion of correctly classified sam-
ples, was calculated as:

Accuracy =
TP+TN

TP+TN+FP+FN
ð6Þ

Specificity74: Specificity, the ability to correctly identify negative
samples, was computed as:

Specificity =
TN

TN+FP
ð7Þ

Precision74: Precision, the proportion of TP among predicted
positives, was calculated as:

Precision=
TP

TP+FP
ð8Þ

F1-Score74: The F1-score, the harmonic mean of precision and
sensitivity, was calculated as:

F1� score= 2 � Precision � Sensitivity
Precision + Sensitivity

ð9Þ

Ablating structural features for sequence-only alignment
For this ablation study, the results from OrthoFinder were directly
used as the final protein homologous relationships. All other steps in
the pipeline were kept unchanged. Then, the generated GEMs were
evaluated for carbon source utilization. Finally, these results were
compared with GEMs constructed using the standard AlphaGEM.

Construction of GEMs using other methods
GEMs were reconstructed starting from protein sequences retrieved
from UniProt. For prokaryotic species, including K. pneumoniae and B.
subtilis, models were constructed using CarveMe (v1.6.6)18, Mod-
elSEEDpy (v0.4.2)10 and gapseq (v1.4.0)19 under their respective default
configurations with minimal medium. For eukaryotic species, includ-
ing S. pombe, C. albicans, P. pastoris, and R. toruloides, GEMs were
constructed using CarveFungi (2024.03.21)39. To ensure reproduci-
bility and scalability, an automated reconstruction script was devel-
oped based on the official Tutorial-Model_reconstruction.ipynb
provided by the CarveFungi framework. All reconstructions were
performed using minimal medium settings to maintain consistency
across the benchmark. The benchmark was performed on a local
standard server (CPU: AMD Ryzen 9950x, GPU: NVIDIA GeForce
RTX 5080).

Construction of GEMs for 332 yeast species
We constructed GEMs for the annotated yeast genomes using Alpha-
GEM’s PLMSearch method under default parameters. Gap-filling was
performed using a minimal medium formulation. To evaluate the
metabolic capacity of each strain, substrate utilization was predicted
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across a panel of 23 distinct carbon and nitrogen sources for 232 spe-
cies with available phenotype data, following the procedure described
in the preceding section. The resulting models were analyzed directly
without modification. For dimensionality reduction, t-SNE (t-Dis-
tributed Stochastic Neighbor Embedding) was applied using the SciPy
library (v1.14.1)75. This cluster analysis was conducted based on reac-
tion presence/absence profiles.

Comparison of inter-order pathway completeness differences
Reactions from AlphaGEM-constructed GEMs and manually con-
structedGEMswereextracted andmapped toKEGG-definedpathways.
The pathway completeness for a single species is calculated as:

PathwayCompletenessspecies =
N ModelReactions \ Pathwayð Þ

N Pathwayð Þ ð10Þ

The order-level assessment is defined as:

PathwayCompletenessOrder =medianspecies2Order

PathwayCompletenessspecies
� � ð11Þ

Where N denotes the cardinality of the reaction set, and median is
computed over all valid species annotations in the target order.

Statistical analysis
All statistical tests were two-sided unless otherwise stated. Exact sample
sizes, test statistics, degrees of freedom, confidence intervals, effect
sizes and P values for the main statistical comparisons are reported in
Supplementary Note 4 and in the Source Data file. P values smaller than
the numerical precision of the statistical software were reported as P
value < 10−300. The statistical analyses were performed using Python
(v3.10.15) with the SciPy and Scikit-learn (v1.5.2) libraries.

Welch’s t-test for independent groups
For comparisons between two independent groups, Welch’s t-test was
used unless equal variance was explicitly assumed. The Welch’s t-test
statistic was calculated as:

t =
�X 1 � �X2

� �
ffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffiffi
s12
n1

+ s22
n2

� �r ð12Þ

where �X 1 and �X2 are the group means, s1
2 and s2

2 are the sample
variances, and n1 and n2 are the sample sizes. The degrees of freedom
were estimated using theWelch-Satterthwaite approximation. Hedges’
g was used as the effect size for independent-group comparisons.

Paired t-test for matched comparisons
For paired comparisons, paired two-sided t-tests were used when
measurements were matched by species, model pair or pairwise spe-
cies comparison. The paired t statistic was calculated from the vector
of paired differences:

t =
�d
sdffiffi
n

p
� � ð13Þ

where �d is the mean paired difference, sd is the standard deviation of
paired differences, and n is the number of paired observations.
Cohen’s dz was calculated as themeanpaired differencedivided by the
standarddeviation of paireddifferences.Meanpaireddifferenceswere
reported with 95% confidence intervals.

Pearson and Spearman correlation analyses
For correlation analyses, Pearson correlation tests were used to eval-
uate linear associations between paired model statistics. Pearson’s
correlation coefficient r was used as the test statistic and effect-size
estimate. The 95% confidence intervals for Pearson’s r were calculated
using Fisher’s z transformation. Spearman’s rank correlation was
additionally calculated as a non-parametric sensitivity analysis.

Kruskal–Wallis test
For comparisons across more than two orders in the t-SNE analyses,
Kruskal–Wallis tests were performed on each target t-SNE dimension
(x, y or z coordinates) across orders. The Kruskal–Wallis statisticHwas
calculated as:

H =
12

N N + 1ð Þð Þ

� �Xk
i

R2
i

ni

 !
� 3 N + 1ð Þ ð14Þ

whereN is the total number of samples, k is the number of orders, ni is
the number of species in the i-th order, and Ri is the sum of ranks for
the i-th order.

Multiple-comparison correction and statistical reporting
Where multiple primary tests were performed within the same figure
panel group, P values were adjusted using the Bonferroni method by
multiplying the raw P value by the number of primary comparisons and
capping the adjusted value at 1. Bonferroni correction was applied
across five carbon-source performance metrics in Fig. 6d, across two
panel-wise comparisons in Supplementary Fig. 7, and across six pri-
mary tests in Supplementary Fig. 9. No multiple-comparison adjust-
ment was applied to Fig. 6b because it involved a single planned
comparison.

Box plots show the median, upper and lower quartiles, and 1.5
times the interquartile range; outliers are plotted as individual points
where shown. Bar charts and box plots are accompanied by the
underlying numerical values in the Source Data file.

Reporting summary
Further information on research design is available in the Nature
Portfolio Reporting Summary linked to this article.

Data availability
Source data are provided with this paper. The source data underlying
themain andSupplementary Figures are provided as a SourceDatafile.
Additional data for model validation can be found in the Supplemen-
tary Information and Supplementary Tables. The processed analysis
data generated in this study, including figure-generation code, pro-
cessed data tables, statistical analysis outputs, model-comparison
results, species mapping files, reaction/module completeness tables,
and intermediate analysis outputs, have been deposited in the GitHub
repository https://github.com/HanWeishang/AlphaGEM-figures. The
reconstructed GEMs generated in this study have been deposited in
the GitHub repository https://github.com/HanWeishang/AlphaGEM-
GEMs-reconstructed. The software dependency data required to run
AlphaGEM have been deposited in Figshare under https://doi.org/10.
6084/m9.figshare.30630524. The data are available upon request
from the corresponding author. The yeast genome data used in this
study were sourced from the Y1000+ project48,49, and manually cura-
ted GEMs for 332 yeast species were obtained from https://github.
com/sysbiochalmers/yeast-species-gems.50 Genomic data for other
species were sourced from standard datasets in UniProt68, and the
protein function and homology data used for validationwere obtained
from UniProt and KEGG66 as well. Source data are provided with
this paper.
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Code availability
The source code forAlphaGEM is available onGitHub at https://github.
com/hongzhonglu/AlphaGEM. The analysis code is available on
GitHub at https://github.com/HanWeishang/AlphaGEM-figures.
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