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Abstract

The accurate reconstruction of genome-scale metabolic models (GEMs) for uncultur-
able species poses challenges due to the incomplete and fragmented genetic informa-
tion typical of metagenome-assembled genomes (MAGs). While existing tools leverage
sequence homology from single genomes, this study introduces pan-Draft, a pan-reac-
tome-based approach exploiting recurrent genetic evidence to determine the solid
core structure of species-level GEMs. By comparing MAGs clustered at the species-
level, pan-Draft addresses the issues due to the incompleteness and contamination

of individual genomes, providing high-quality draft models and an accessory reactions
catalog supporting the gapfilling step. This approach will improve our comprehension
of metabolic functions of uncultured species.

Keywords: Genome-scale metabolic model, Metagenome-assembled genome,
Metagenomics, Species-level models, Metabolic network gapfilling, Human gut
microbiome

Background

The automatic generation of genome-scale metabolic models (GEMs) for uncultured
species is a powerful approach for exploring microbially mediated processes. Through
GEM application, recent studies have solved many open questions that were previously
impossible to tackle. For instance, they disclosed microbial dynamics based on amino
acid auxotrophies in a complex microbiome [1], identified disease-specific marker mol-
ecules in the human gut [2], and proposed ecological roles and industrial applications
of species that cannot be isolated [3—5]. The approach adopted for GEM reconstruc-
tion by some of the most successful tools, such as CarveMe, gapseq, RAVEN, Merlin,
AuReMe, and ModelSEED, is based on sequence homology search and the definition of
gene-protein-reaction rules [6—11]. This strategy defines an organism’s reactome, delin-
eating the non-redundant set of metabolic reactions governing cellular processes [12].
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Unfortunately, while significant strides in automated de novo reconstruction of meta-
bolic models from metagenome-assembled genomes (MAGs) have been made, inher-
ent limitations have also been faced. Challenges stem from the complex nature of the
explored microbiota, encompassing diverse species with varying metabolic capabilities.
Additionally, the absence of comprehensive information on gene functions and regula-
tory systems, coupled with the difficulty of inferring metabolic networks from incom-
plete genome sequences, further complicates the process [3, 13, 14]. This latter issue is of
particular concern when dealing with MAGs, which are inherently prone to incomplete-
ness and contamination. Biases affecting the quality of a MAG derive from limits in the
assembly and binning procedures, which often cause the generation of metagenome col-
lections with many low-quality features [15]. Consequently, developing a precise GEM
reconstruction strategy from MAGs requires innovative frameworks that go beyond the
annotation of single genomes and can take advantage of additional contextual informa-
tion. Examples of relevant modeling approaches include gapfilling methods that limit
the reaction universe based on taxonomic information and topology-based gapfilling
methods that leverage high-order network properties to train machine learning models
and resolve non-trivial inconsistencies [16, 17]. By drawing relevant information from
taxonomically or topologically related organisms, gaps arising from MAG incomplete-
ness can be resolved.

Neglecting the relevance of MAG completeness level in GEM reconstruction may
result in erroneous prediction of metabolic capabilities. For instance, misinterpreting
an artifactual deficit of functions as a genuine biological signal could occur when con-
sidering modules in the “nucleotide metabolism” and “biosynthesis of other secondary
metabolites” domains, which have been found to be most affected by genome incom-
pleteness [18]. In general, GEMs derived from low-quality MAGs have limited ability in
representing reliable metabolic capabilities [19]. Additionally, although there is a positive
correlation between MAG completeness and the structural integrity of MAG-derived
metabolic models [6], highly complete MAGs may fail to capture core genes [20]. As a
consequence, there is a pressing need for novel reconstruction approaches that consider
biases induced by the technical limitations of the metagenomic approach.

A common way around MAG incompleteness relies on mapping the taxa under inves-
tigation to the closest high-quality genome [19, 21]. For instance, a nucleotide similarity
search on databases may allow the retrieval of genomes associated to the same species-
level genome bin (SGB), which is a collection of sequences binned together based on
their similarity and assumed to represent an individual microbial species. However, since
a large fraction of the species living in the natural environment are yet to be isolated,
many SGBs include only metagenomic sequences [22, 23]. As a result, for these species
similarity search can, at best, identify MAGs of high quality according to MIMAG stand-
ards [24]. Thus, in these cases the retrieved best MAGs within a SGB remain susceptible
to incompleteness, thereby limiting the interpretability in related analysis.

In recent years, multiple efforts have tried to organize extensive MAG collections
summarizing species-level variability across diverse microbiomes [25-28]. To this end,
closely related taxa can be separated by applying a 95% average nucleotide identity
(ANTI) threshold, as the discriminatory boundary for species-level genome clustering
[29]. Previous studies have exploited these collections to improve the quality of GEMs
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derived from individual MAGs. Specifically, inter-species or -strain reactome analyses
were performed adopting a genomic comparison approach to derive refined strain-
level models starting from a reference [30, 31]. Multiple examples show the successful
implementation of this homology gene-driven approach on prokaryotes and eukaryotes
of biotechnological and medical interest [30-32]. For example, a model of the oppor-
tunistic human fungal pathogen Aspergillus fumigatus was developed from 252 iso-
lates and MAGs to understand the metabolic background of infection versatility [33].
Unfortunately, the application of this approach is hardly scalable to large datasets due
to the need for complete reference genomes and extended manual curation. Recently,
new tools were developed to use microbial genomes in order to reconstruct species-level
pan-models independently from manual curation [34, 35], such as the “createPanMod-
els” software from the Microbiome Modeling Toolbox 2.0, which is capable of recon-
structing pan-models at different taxonomic levels. Unfortunately, this tool is limited
to the strains present in the AGORA collection, which have complete whole-genome
sequences [36]. A second software, MIGRENE Toolbox, uses a reference-based model
approach starting from a generalized gut microbial model to create a reaction profile
for each species. Based on gene presence/absence and using the generalized models as
a baseline, MIGRENE is able to reconstruct species-level GEMs starting from microbial
pan-genomes [35]. The application of these tools is however challenging when applied in
contexts other than the human gut microbiome.

As a more flexible alternative to previous studies, the current work introduces pan-
Drafft, a novel tool integrated into the gapseq pipeline for the automated reconstruction
of species-level GEMs (pan-GEMs). The proposed method leverages the redundancy
present in large MAG collections to mitigate the lack of genetic information frequently
associated with single MAGs. Specifically, through pan-reactome analysis the frequency
of non-redundant metabolic reactions encoded in the genomes of a SGB can be quan-
tified, thereby effectively characterizing the whole enzymatic capacity of a group of
sequences. Importantly, this approach operates independently of reference metabolic
models or genomes, making it applicable to species clusters for which prior metabolic
knowledge is either limited or completely absent. Cross-comparison of draft models
belonging to the same taxon facilitates the reconstruction of a network representative
of the majority of the metabolic variability within the cluster. Additionally, this approach
enhances the gapfilling curation step by summarizing species-level metabolic diversity
into a catalog of accessory reactions.

Results

Implementation of pan-Draft and dataset structure

The pan-Draft module is integrated within gapseq, a bioinformatics pipeline designed for
the automated de novo reconstruction of ready-to-use GEMs. Given a genomic sequence,
the pipeline uses two modules (i.e., find and find-transport) to perform a sequence similar-
ity search against databases collecting gene-protein-reaction annotation rules and a third
module (i.e., draft) to reconstruct a preliminary metabolic network [6]. By processing the
output of the find, draft, and find-transport commands, pan-Draft aims to reconstruct high-
quality draft metabolic models from several incomplete MAGs having a potentially com-
plementary gene content through a comparative pan-reactome analysis. Briefly, a network
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analysis is performed using a minimum reaction frequency (MRF) threshold to generate a
species-level draft model. Simultaneously, reaction weights, used in the gapfilling step, are
defined depending on respective reaction frequencies (further details in the Methods sec-
tion). The method is applicable to any set of prokaryotic genomes, whether they include
isolates or MAGs only. However, its primary relevance is conceived for situations where
standard genome-centric metagenomics struggles to accurately recover high-quality MAGs
for any species of interest. The computational cost of pan-Draft is limited to a few minutes,
making it easily applicable to pre-existing GEM collections (Additional file 1: Fig. S1). Nev-
ertheless, the reconstruction of large GEM catalogs remains a demanding process, which
can limit the use of this method on personal computers for sequence collections including
hundreds of MAGs (Additional file 1: Table S1).

In order to identify the target studies that can benefit from species-level model integra-
tion methods and to validate the approach, two among the largest available MAG datasets
deriving from highly different environments were used. The first is the Unified Human Gas-
trointestinal Genome catalog (UHGG v.2.0.1), which collects 289,232 genomes clustered
into 4744 SGBs. The UHGG dataset represents a host-associated microbial domain popu-
lating either a strictly anaerobic or microaerobic environment [25]. The second dataset, the
Ocean Microbiomics Database (OMD, v 1.1), collects 34,815 genomes clustered into 8308
SGBs [26]. This collection, in comparison to the former, includes a more complex and less
explored microbiome spanning a wider spectrum of environmental conditions and ecologi-
cal heterogeneity. Despite this variability, the majority of its metagenomes (approximately
58%) were sampled from the epipelagic zone, reflecting microbiomes adapted to aerobic
conditions. With the goal of exploiting the redundancy of multiple MAGs, we counted the
number of SGBs with a minimum of 30 associated MAGs clustered at 95% ANI in either
dataset, resulting in 450 and 135 SGBs, respectively. Notably, the majority of these SGBs
lack an isolated representative (see columns 5—6 in Table 1), highlighting both the gap exist-
ing between cultured and uncultured microorganisms and the exploitable genomic redun-
dancy for uncultured taxa. Specifically, 375 and 126 SGBs had no isolated representative in
the UHGG and the OMD catalogs (Table 1).

The SGBs having at least one available reference genome allowed us to validate the
pan-GEM reconstruction method. To do this, the databases underwent filtering to select
non-redundant genomes on the basis of a 99.9% ANI and to exclude those originating
simultaneously from the same species and sample [25]. Afterwards, SGBs with a mini-
mum of 30 MAGs, at least one reference genome in the OMD, and at least ten reference
genomes in the UHGG (Fig. 1) were further selected. The filtering resulted in 75 SGBs
including 62,034 MAGs and 4311 reference genomes for the UHGG database, and nine
SGBs having 472 MAGs and 16 references for the OMD catalog (Additional file 2: Table S1
and Table S2). Both datasets included only MAGs with a completeness level above 50% and
contamination below 5%.

Role of genome completeness in model reconstruction: the foundation for a “pan”
perspective

To define a baseline for pan-GEM reconstruction, we first analyzed the relationship
between MAG completeness and draft GEM quality in the two datasets. The selected
MAGs covered a wide spectrum of completeness in both environments, ranging from
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Table 1 Summary of the OMD and UHGG catalog characteristics. A minimum of one and ten
isolate/s were used to filter SGBs with (w/) reference genome/s in the OMD and UHGG catalogs,

respectively. In each cell is reported the number of SGBs and the corresponding number of

associated genomes. The set of SGBs used in this work is highlighted by an asterisk

Dataset Total genomes Total SGBs

w/ non-redundant w/o

w/o reference

sequences, reference genomes, and best
and reference genomes MAG completeness
genome/s level <90%
UHGG 289,232 4744 >30 MAGs  75% 375 28
66345 56782 3065
>20 MAGs 75 496 41
66345 59695 3373
>10 MAGs 78 802 76
66453 63847 3832
OMD 34,815 8308 >30 MAGs 9% 126 59
488 6395 3089
>20 MAGs 14 249 116
611 9317 4456
>10 MAGs 25 611 296
777 14181 6909
- i N— ] +
UHGG - A. Almeida et al. 2021 Open Reading
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Fig. 1 Flowchart showing the dataset filtering steps and the pan-Draft workflow. Set of filtering criteria
implemented on the UHGG and OMD dataset to select SGBs with non-redundant genomic information for
pan-Draft validation. A minimum threshold of 30 MAGs was imposed to reconstruct a set of draft models
through gapseq. pan-Draft is integrated within the reconstruction pipeline by processing the draft models
and the genetic evidence of reactions. The information used for each genome of a SGB to generate the
pan-GEM is highlighted by the red box

50 to 100%. The maximal completeness of MAGs for individual SGBs lacking cultured
representatives also showed significant variability. In several cases, these MAGs did not
reach 90% of completeness (Fig. 2a, b). Specifically, OMD had 59 SGBs (0.7% of the total)
with maximal MAG completeness levels below 90%, whereas UHGG had 28 (0.6% of
the total—Table 1). Traditional de novo draft GEM reconstruction is expected to yield

highly gapped models in these cases. To assess the extent of these gaps, we computed the
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correlation between the MAG completeness level and the quality of the reconstructed
GEMs. The latter was quantified by comparing the presence and absence of reactions
shared between GEMs reconstructed from individual MAGs (MAG-GEMs) and GEMs
of reference genomes (iso-GEMs). This similarity was expressed as the Matthews cor-
relation coefficient (MCC). By fitting a generalized additive model to the data (Fig. 2c,
d) a strong and statistically significant positive correlation emerged (Spearman correla-
tion, rho=0.78, P-value<2.2e — 16) between the genome completeness and the MCC,
confirming the need of a method to overcome current completeness limits. Interest-
ingly, significant variability in this relationship was also identified across bacterial phyla
(Fig. 2c, Additional File 1: Fig. S2).

Selection of species pan-reactome

Generating species-level metabolic models could require combining draft GEMs recon-
structed from contaminated MAGs. Consequently, a strategy is needed to exclude
exogenous reactions from the pool of endogenous SGB-specific enzymes. Moreover,
correctly predicted reactions (i.e., those actually belonging to a species pan-reactome)
that are present only within small sub-populations should be preferentially filtered out
to generate a draft representative of a species metabolism. To achieve this, we defined a
MREF threshold necessary to discriminate whether a reaction should be directly included

in the draft model or not and empirically determined its optimal value. Specifically, the
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draft pan-GEM for each species was reconstructed by selecting all available MAGs and
varying the MRF parameter from 0 to 100%. The pan-GEM quality was once again quan-
tified by comparing the model reaction set with the species reactome gold standard.

Results highlighted a certain degree of variability in optimal MRF thresholds between
the UHGG and OMD datasets and across SGBs (Fig. 3a, b). Nevertheless, in both cases,
a threshold above 20% tends to underestimate the size of the SGB reactome, as indicated
by the steep decrease in MCC for MRF thresholds between 20 and 100% in all the spe-
cies. Below that value, the MCC curves flatten, arguably due to the simultaneous effect
of contaminant reactions and reactions associated with accessory metabolism present
at different frequencies in the species sub-populations. As a trade-off, the optimal MRF
value was thus obtained by averaging the MCC across all the species in any of the two
datasets and selecting the threshold maximizing this metric. The optimal MRF threshold
was thus equal to 6% for both the UHGG and the OMD catalogs (Fig. 3a, b). Overall,
these results suggest that a threshold within the range of 5-10% allows the reconstruc-
tion of solid pan-GEM:s for SGBs across different and distant taxonomic groups.

Further validation of the identified optimal threshold was performed by testing MRFs
ranging from 0 to 100% on MAG subsamples of variable size. Specifically, MAGs were
randomly sampled to form batches of n=2, 5, 10, 15, 30, 60, 100, and 1000 genomes,
iterating ten times for each SGB, and the obtained MCCs were averaged over the itera-
tions for a robust characterization. The results confirmed that the optimal MRF lies
between 5 and 10% for batches including tens to one thousand MAGs and suggested that
it roughly approaches 1/n with a decreasing batch size below 15 MAGs (Fig. 3c). This
was in part expected given that, with few MAGs, unique differences between genomes
become proportionally more frequent and, at the same time, contaminant and accessory
reactions get less distinguishable based on their frequency. With n MAGs, these reac-
tions typically have a frequency of 1/# and the mean optimal MREF lies just below this
value, essentially including all the reactions in at least one MAG-GEM (Fig. 3c). As a
result, most pan-GEMs reconstructed from fewer than 10 MAGs incorporate the union
of all reactions in the associated MAG-GEMs. In contrast, when the number of available
MAGs is 15 or above, a low MRF threshold is essential to filter out (rarer) contaminant
reactions and retain accessory ones.

Such a transition can be further appreciated when observing the effect of five dif-
ferent MRF thresholds on the quality of pan-GEMs reconstructed with an increasing
number of MAGs (Fig. 3d). The results clearly show a drastic model improvement using
few MAGs (2-5) as compared to a single MAG, with the MCC nearing its maximum
at 30 MAGs and showing marginal improvements using larger batches. In the extreme
case of employing a 0% threshold—i.e., including all the reactions present in any avail-
able MAG—the performance is the best achievable one at low MAG numbers, whereas
it yields a MCC drop of 0.02£0.02 using 30 MAGs and 0.17 £0.06 using 1000 MAGs.
Thus, while this permissive approach can be safely used when having genome sequences
from isolated microorganisms [34, 36], it would lead to a false positive increase of
65.78 £41.11 and 424.73 + 147.63 reactions with 30 and 1000 MAGs, respectively.

In the following analyses, a 6% MRF threshold was set as standard to reconstruct the
species-level GEMs. Based on the hypothesis that the contaminating genetic material
present in a MAG is not redundant across the species, this threshold provides a high
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Fig. 3 Minimum reaction frequency threshold definition for draft pan-GEM reconstruction. Quality of the
models generated at the species level with a selected MRF ranging from 0 to 100%. The gray and dark vertical
dashed lines highlight the MRF maximizing the MCC for each SGB and across all the species, respectively. The
black solid line depicts the average MCC across species in the UHGG (a) and the OMD (b) dataset. Boxplots
show the relationship between the optimal MRF and the number of MAGs used to reconstruct the draft
pan-GEM (c), as well as the effect of varying MRF on the quality of the pan-GEMs (d). Both boxplots show the
distribution across all analyzed SGBs. The results are the median (c) and average (d) of 10 iterations per SGB
with a random selection of the initial MAGs. The colors in ¢ show the median number of MAGs in each SGB
corresponding to the selected MRF threshold, computed as the number of MAGs in the subset times the MRF

level of confidence to exclude contaminating reactions when dealing with lowly contam-
inated (estimated level < 5%) MAGs.

Properties of species-level metabolic models
Having established an optimal pan-reactome selection criterion, we set out to character-
ize the generated pan-GEMs. On average, they possessed 3.1+2.1% more metabolites
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The most represented functional super-groups of metabolic reactions pertained to
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and 4.0 +2.7% more reactions than their counterparts obtained from reference genomes

(Fig. 4a—b). Thus, as also visible in Fig. 3, they largely reflected the corresponding iso-

GEMs in terms of metabolic network components. In contrast, MAG-based GEMs of

origin contained up to 64% fewer metabolites and 75% fewer reactions.

biosynthesis and degradation (Fig. 4d). In particular, core metabolism had numerous

reactions for the biosynthesis of lipids, nucleotides, secondary metabolites, and cofac-

tors and for the degradation of carbohydrates (Additional file 1

Fig. 4 Structural and metabolic features of pan-GEMs. The upper boxplots summarize the ratios of the

number of metabolites (a), the number of reactions (b), and the number of reactions with associated genetic
information (c) in MAG-GEMs and pan-GEMs, relative to the corresponding median values of iso-GEMs. Red

dots indicate the statistics for the pan-GEMs reconstructed with all the MAGs of an SGB, either in the UHGG

(red boxes) or OMD dataset (light blue boxes). The lower boxplot shows the functional classification of

reactions grouped into pan-reactome categories by MetaCyc pathways ontology (d). Core, shell, and cloud

consist of all reactions with a frequency higher than 95%, between 5 and 95%, and below 5%, respectively, in

all the GEMs of any SGB
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acid biosynthesis and degradation were highly represented pathways. Most of these bio-
molecules are involved in primary metabolism and have been previously linked with
core genome functions by pan-genome analysis [37]. Shell and cloud reactions generally
followed the same trends of core reactions, with some exceptions where cloud reactions
were over-represented as compared to the core: biosynthesis of storage compounds and
polyamines and degradation of fatty acids and lipids, aromatic compounds, and amino

acids.

Species-level metabolic models show improved network structure
To assess the extent of improvement in the quality of a pan-GEM compared to the

individual GEMs of the same species, a second set of model reconstructions was gen-
erated. MAGs were divided into five sets based on equally spaced intervals over their
completeness range and, for each SGB, 30 MAGs were randomly sampled for 10 times
within every available completeness interval. Those MAG sets were then used for MAG-
GEM and pan-GEM reconstruction while recording model quality statistics for each set
(Fig. 5). In this way, multiple pan-GEMs were generated for every SGB, each time simu-
lating the discovery of a different MAG set in a predefined completeness interval. As
a result, the variability in model quality was found to be highly dependent on genome
completeness levels. More specifically, the variability of the MCC calculated for GEMs
obtained considering all the species under investigation tends to decrease as complete-
ness increases (Fig. 5a). This was partially expected since pathway inference and gap-
filling are susceptible to the specific combination of genes identified in an individual
MAG. Conversely, the quality of pan-GEMs generated iteratively using 30 random
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MAGs associated with the same SGB of the same cluster of completeness had a strongly
reduced variability and an enhanced structure. The MCC had a steadily increasing value,
with the maximum associated with the MAGs belonging to the best cluster (90-100%
completeness). Most notably, the highest improvement during pan-GEM generation
was obtained with highly incomplete genomes. Therefore, the improvement rate was
inversely dependent on the completeness of the MAGs utilized. Interestingly, the qual-
ity of pan-GEMs was comparable with that of the corresponding iso-GEMs, even when
starting from low-quality MAGs with completeness levels between 50 and 60% (Fig. 5b).
This observation held true for 74 SGBs, but not for Escherichia coli, which was processed
independently because the average quality of its iso-GEMs was predicted to be lower
compared to the iso-GEMs of the other species (see Additional file 1: 2.4 Linking Escher-
ichia coli genomic variability to model quality: insights from pan-reactome content [38,
39]). Specifically, the pan-GEMs showed a slight overestimation of the reaction content
of individual iso-GEMs. This overestimation was attributed to the species’ wide genetic
variability and the large number of available isolates (Additional file 1: Fig. S4). Despite
this difference, the result for all species clearly highlights the potential of the proposed
approach to generate highly accurate species-level GEMs from fragmented MAGs with a
low completeness level (Fig. 5b, Additional file 1: Fig. S5).

At a finer scale, similar patterns can be observed across the 75 SGBs having at least 30
MAGs per completeness interval (Fig. 5b, Additional file 1: Fig. $6). The results showed
that the vast majority of pan-GEMs exhibited larger model quality improvements at
lower MAG completeness, thus suggesting that pan-Draft is suitable across taxonomic
groups. Certain species, such as those belonging to the genus Ruminococcus, Streptococ-
cus, and Faecalibacillus, demonstrated a pronounced progressive gradient of improve-
ment rate across the various completeness levels. Moreover, all the species showed
positive improvement for highly complete MAGs, which despite being minor are worth
considering. Overall, these results highlight the improvement brought by pan-GEMs as
compared to the models obtained from the most complete MAGs, i.e., those that would
be most likely selected in a typical metagenome modeling study.

Species-level metabolic models show higher performance in predicting fermentation
by-products

Next, we sought to test whether the obtained pan-GEMs could more accurately repro-
duce fermentation capabilities of gut microbial species compared to traditional MAG-
and iso-GEMs. The fermentative potential for a given compound was defined as the
capacity of a species to secrete that compound over a pre-defined flux threshold nor-
malized over its growth rate (details in the “Methods” section). To assess this, a com-
parative analysis of the predictive accuracy of in silico simulations was conducted for
eight common anaerobic fermentation products using metabolic model reconstruc-
tions for 41 different species of the UHGG catalog (Fig. 6). Validation was performed
on selected organisms having: (i) at least a set of pan-GEMs among the 75 SGBs previ-
ously reconstructed, (ii) fermentation products experimentally described in literature or
in the NJC19 dataset (Additional File 2: Table S3) [40]. The selected metabolites include
common anaerobic fermentation end-products, such as acetate, butyrate, lactate, and
ethanol. The evaluation involved quantifying the percentage of correctly and incorrectly
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estimated end-products based on the total number of predictions performed for all the
models of a species (Additional File 2: Table S5). Specifically, the confusion matrix per
SGB was determined by summing up all the predictions belonging to the same category
(e.g. true positive (TP), true negative (TN), false positive (FP), or false negative (FN)).
Afterwards, the average percentage of TP and TN metabolites across species was esti-
mated through the normalization of the confusion matrix of each SGB by the total num-
ber of tests in that group (i.e.,=num. GEMs * num. tested compounds; Additional file 2:
Table S6). Also in this case, to investigate the influence of the MAG completeness level
on the prediction performance, the species-level models were divided into five sets with
increasing source MAG quality. According to the minimize-total-flux (MTF) analysis
and flux variability analysis (FVA), the pan-GEMs consistently outperformed the GEMs
of individual MAGs with completeness levels between 50 and 90% (Fig. 6a, b). In com-
parison to high-quality MAG-GEMs (i.e. completeness levels > 90%), the number of cor-
rect positive predictions by pan-GEMs showed a small decline, but the values remained
comparable to those of iso-GEMs. A more detailed analysis revealed that models of
highly incomplete MAGs (completeness level between 50 and 60%) exhibited a high rate
of FP (Additional File 1: Fig. S7), whereas corresponding pan-GEMs tended to reduce
the number of scattered FPand consolidate the correct predictions. Indeed, the vari-
ability of predictions is reduced because a high percentage of pan-GEMs converge to
the same by-product. Statistically significant differences in MCC were observed for all
MTF and FVA simulations (paired ¢-test, P<0.05—Additional File 2: Table S4). On the
contrary, the differences were not significant for iso-GEMs compared to the other two
groups of models sourced by genomes with completeness above 90%.

Finally, a comparison against GEMs from the MIGRENE collection was performed to
determine whether pan-GEMs reached state-of-the-art performances. This test involved
pan-GEMs from 36 SGBs with species names matching those in the MIGRENE collec-
tion and assessing the same fermentation products as before (Additional File 2: Table S3).
pan-GEMs demonstrated superior performance, showing consistently more correct
positive and negative predictions for both FVA and MTF analysis (Additional File 1: Fig.
S8c). Specifically, pan-GEMs appeared to predict well the secretion of small molecules
such as acetate, butyrate, and ethanol but showed low sensitivity for succinate, propion-
ate, and lactate (Additional File 1: Fig. S8b). In contrast, MIGRENE’s models estimated
more TPs for these latter metabolites but produced numerous erroneous estimations for
hydrogen and butyrate (Additional File 1: Fig. S8a). Although pan-Draft showed lower
sensitivity for a subset of by-products in FVA, the net MCC improvement was 0.20 and
0.18 for FVA and MTFE, respectively. Overall, these results highlight the capacity of pan-
Draft to enhance the prediction accuracy of the main fermentation products of repre-
sentative bacteria of the human gut microbiome during anaerobic growth.

Discussion

To date, cultured microbial species represent only a small fraction of global microbial
diversity, as demonstrated by an extensive comparison of 3170 metagenomes with the
NCBI collection of known reference genomes (RefSeq release 93; 151,730 isolates) [27].
Here, on average only ~ 14.6% of reads per sample could be aligned to the references [27].
Thus, in silico metabolic network analysis of most microbial species, just like genomic
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analysis, has to rely on MAGs, with the associated risks of potentially missing relevant
functional components. For this reason, the present study introduced pan-Draft, a new
tool that integrates an automatic genome-scale model reconstruction pipeline and pro-
vides a framework to obtain a holistic perspective on both the potential and variability of
unculturable species metabolism. The novelty of pan-Draft lies in the combination of a
homology-based approach, predicting the metabolic potential of a genome, with a pan-
reactome analysis assessing which reactions are common constituents of the metabo-
lism of a taxon. Other software motivated by similar rationales, such as the MIGRENE
toolbox, are currently in development [35]. Compared to this tool, which implements
a species pan-genome-based reconstruction approach, pan-Draft leverages a pan-reac-
tome approach that preserves the gene scores obtained through homology search and
allows a more informed gapfilling of a species’ reaction set. Moreover, pan-Draft does
not require context-specific reference models or an extended gene catalog and leverages
gene-protein-reaction annotation rules of multiple datasets (i.e., MetaCyc [41], KEGG
[42], and ModelSEED [43]). This allows an easier application of metabolic network
reconstructions outside the scope of highly studied environments such as the human gut
microbiome.

To evaluate the models generated with pan-Draft, large publicly available databases
were screened to identify SGBs containing both MAGs and high-quality reference
genomes from species grown in pure culture. The structural quality of the species-level
models was assessed by comparing obtained species-level reactomes with the reac-
tion set from reference genomes. The results suggest that pan-Draft generates accurate
network reconstructions by filling gaps in a species’ metabolic functions encoded in a
single genome. For example, it has been observed that ribosomal protein genes could
be missing in more than 20-40% of near-complete MAGs [44]. Therefore, while these
essential genes are often absent, others may share a similar fate in MAGs, thus highlight-
ing the importance of pan-reactome-based reconstructions. Nevertheless, one of the
most interesting aspects of GEMs lies in theirpotential to accurately predict a species’
functional role in the environment, such as providing insights into secreted compounds
and the consequent microbial ecosystem dynamics. Therefore, the functional quality of
pan-GEMs was evaluated here by considering the production of common fermentation
metabolites across MAGs with various completeness levels.

The crucial need for redundant metagenomic collections

The validation of pan-Draft on distantly related species demonstrated that the model
reconstruction method is solid with respect to the microbial phylogenetic origin. Using
the suggested MRF threshold, a pan-GEM can be reconstructed for any species of inter-
est. However, the potential of pan-Draft grows along with the level of MAG incom-
pleteness (Fig. 5a), thus the tool is especially relevant for uncultivated species difficult
to characterize with standard shotgun-based metagenomic approaches. Challenges in
obtaining high-quality MAGs stem from various factors, such as the microbiota complex
structure, the high strain heterogeneity, and the abundance of target species relative to
the overall community [20, 45]. In the chosen databases, a considerable number of spe-
cies potentially affected by these issues was found. Specifically, the maximum complete-
ness level of MAGs never exceeds 90% in 28 frequently retrieved species in the UHGG
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database (e.g. members of the genera Angelakisella), and in 59 of the OMD catalog
(Fig. 2a, b). Despite having only about 1/8th of the genomes present in the UHGG, the
OMD dataset hosts a greater number of species suitable for significant model enhance-
ment using pan-Draft. This suggests that complex and under-investigated microbiomes,
such as those of ocean or soil, are the most interesting targets for the pan-Draft usage.
Moreover, this study demonstrated that the application of pan-Draft could be extended
to all the 375 and 126 frequently retrieved SGBs present in UHGG and OMD catalogs
that are represented by highly complete MAGs. This extension is justified by the consist-
ent improvement in pan-GEM quality observed for both low-quality and high-quality
MAGs (>90% completeness, Fig. 5). In addition, this work confirmed the previously
detected positive correlation between the genome completeness and the GEM struc-
tural quality (Fig. 2c, d). This correlation, initially observed using only the representative
MAG of 127 SGBs, highlighted how the GEMs of MAGs with completeness between
90 and 100% register quantifiable improvements [6]. Further supporting evidence comes
from a previous comparison of MAGs and isolated genomes of E. coli from the same
community [20]. This verified that on average, despite the high completeness (~95%),
MAGs correctly captured only 77% of the core genes and 50% of the variable genes
within the population. Moreover, analyzing the GTDB database to understand how
genome completeness influences KEGG metabolic pathway fullness, a variation from 70
to 100% in completeness level was found to correspond with a constant increase in mod-
ule fullness (15+10%) [18]. In summary, focusing on retrieving a species’ highest qual-
ity MAG from publicly available databases, as well as adopting methods for expanding
MAG annotation [46], helps to minimize issues in GEM reconstruction; however, it does
not guarantee to capture the complete functional signal of a species. To overcome this
limit, a more comprehensive set of genes can be independently recovered in different
MAGs, thus pan-Draft can be an essential aid for not-yet-cultured microbes.

Relevant parameters for species-level model reconstructions

To correctly infer inter-species metabolic interactions using in silico microbial commu-
nity simulations, it is essential that the individual building blocks (i.e., the single GEMs)
accurately predict the species’ requirement and the production of metabolites. The reli-
ability of these predictions depends on whether the reconstruction and curation (e.g.
gapfilling) of the model correctly capture the species metabolism [13].

In this study, pan-Draft was proven to successfully enhance both the structural qual-
ity and prediction accuracy of GEMs reconstructed at the species level, illustrating the
applicability of the tool across diverse prokaryotic taxa. The structural enhancement of
pan-GEMs was observed even when using as few as 2 MAGs, demonstrating the appli-
cability of the approach to species encountered in a relatively limited number of samples
in the environmental microbiota of interest. An example of a broadly relevant dataset
including 536 potential targets (SGBs with no reference genomes) is the Genomes from
Earth’s Microbiomes catalog [27]. However, there are also examples specific to certain
contexts, like Limnochordia DTUO010, a species not yet isolated found in the Biogas
Microbiome database over 30 times and believed to play a significant metabolic role in
the process [28, 47]. Moreover, while pan-Draft has been introduced for reconstruct-

ing species-level models, in principle its applicability may not be limited to low-rank
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taxonomy. For instance, it could be extended to the genus level by properly curating the
selection of input MAGs. Moreover, it is worth noting that the use of a subset of avail-
able MAGs was done only for test purposes, while for an accurate representation of a
species’ reactome, all available MAGs should be considered. Another important param-
eter impacting the quality and structure of the resulting species-level models are MRF
thresholds other than 6%, which is the suggested default value. This study highlighted a
certain degree of variability across the optimal MRF of distinct species, thus indicating
that adjusting the threshold within a few percentage points might enhance the recon-
struction performance in different datasets. However, determining an optimal MRF
value for non-isolated species could pose significant challenges due to the lack of a refer-
ence reaction set.

This study also benchmarked the ability of pan-GEMs to accurately predict how a
species converts nutrients present in a medium into biomass and by-products. Previ-
ous studies have already adopted this validation approach to assess the predictive perfor-
mance of GEMs [6]. The identification test of anaerobic fermentation metabolites in up
to 20 pan-GEMs demonstrated significant improvements (Fig. 6). Notably, pan-GEMs
exhibited reduced margin for erroneous prediction as compared to GEMs from MAGs
with the same completeness level. This observation suggests that the pan-Draft module
effectively enhances the structure and the predictive capacity of metabolic models com-
pared to the single-MAG approach.

Limitations and outlook of the approach

pan-Draft suffers from the loss of strain-level resolution when reconstructing the meta-
bolic network of a SGB. If the frequency of genomes associated with a specific strain
is low within the MAGs collection, reconstructing the species-level draft model is
likely to shade the metabolic capacity of that strain. Indeed, MAG reconstructed from
metagenomic samples likely consists of chimeric sequences of multiple strains [48]. To
date, state-of-the-art tools are capable of predicting the number of strains in a microbial
community or the set of single nucleotide polymorphisms, but they still face challenges
in disentangling their genome sequence [49, 50]. Phasing and assembly of strain haplo-
types are possible only by integrating long and short reads approaches [51, 52]. There-
fore, considering the high complexity of the environmental microbial guilds, it is likely
that MAGs in large metagenomic databases, such as those used in this study, represent
mixed-strain species. To enhance the resolution of pan-Draft models, the approach
could exploit single amplified genomes (SAGs) or very long high-quality reads [52].
Recent studies implementing single-cell sequencing of human gut microbiome samples
have demonstrated that SAGs can reliably retrieve the genomic information of individ-
ual strains [53]. Moreover, SAGs manifest the ideal characteristics for a pan-reactome
analysis at a low taxonomic level. They are usually generated in high numbers, share low
contamination levels, and are highly fragmented (i.e., their completeness rarely exceeds
50%) [53].

Moreover, future developments of pan-Draft could also consider integrating multi-
ple omics, such as metatranscriptomic, into the modeling approach. Genome-centric
metatranscriptomics has been shown to contribute to moving from the simple predic-
tion of the functional potential towards the estimation of the actual functional activity
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[14]. In this context, integrating metatranscriptomic data on top of refined pan-GEMs
can buffer the strain homogenization effect and other potential issues derived from the
integration of erroneous reactions due to contamination. Finally, future studies should
explore the impact of contamination on the quality of species-level models, specifically
testing its influence on the MRF threshold.

Conclusions

Given the high economic and time costs associated with the isolation of microbial spe-
cies and for generating complete and uncontaminated genomes, traditional metagen-
omic approaches are expected to dominate microbial community analysis for the
foreseeable future [54, 55]. This dominance will result in extensive MAG collections
containing multiple versions of species’ genomes. In this context, we introduced pan-
Draft, a tool capable of enhancing our capacity to investigate the metabolism of elusive
minorities in microbial communities using scattered genetic information. The primary
goal of pan-Draft is to generate metabolic models that faithfully represent a species’
potential by addressing challenges associated with binning issues affecting individual
MAGs, thereby preventing the loss of relevant parts of the metabolic network. The
results of this work indicate that pan-GEMs can serve as an improved building block for
larger ecosystem-scale models. Furthermore, the tool provides a foundation for versa-
tile pan-reactome analysis at different taxonomic levels and its logic lends itself to being
generalized to other GEM reconstruction tools. Therefore, as more metagenomes from
understudied environments become available through standardized and centralized
resources, the usage of the presented tool is expected to become particularly relevant in
the coming years.

Methods

Reference genome and metagenome databases

The datasets used to benchmark the approach include the updated version of the Uni-
fied Human Gastrointestinal Genome catalog (UHGG v.2.0.1), accessible at http://ftp.
ebi.ac.uk/pub/databases/metagenomics/mgnify_genomes/, and the Ocean Microbiom-
ics Database (OMD, v 1.1), available at https://microbiomics.io/ocean/ [25, 26]. These
datasets represent two of the most recent and complete representations of the human
gut and ocean microbiome, both published in 2022. Additionally, both datasets include
MAGs from various biosamples and reference genomes from isolated microbes. Where
possible, their curators clustered reference genomes and MAGs belonging to the same
species based on 95% ANL. In order to reduce the redundancy of genomes associated
with identical samples being processed in multiple studies, preliminary filtering was
applied to the dataset (see Almeida et al., 2021 for details) [25]. More specifically, MAGs
were initially filtered based on the study and the sample ID. Additionally, we de-repli-
cated conspecific genomes, employing a stringent 99.9% ANI threshold. This procedure
was executed using dRep (v.3.4.5) with specific options, namely “-pa 0.999 —SkipSecond-
ary” [56]. The original taxonomic classification based on GTDB-Tk annotation (v0.3.1
for UHGG and v.1.0.2 for OMD) and MAG quality assessment based on CheckM
(v.1.0.11 for UHGG and v.1.0.13 for OMD) were kept unchanged [57, 58]. The taxonomic
classification includes suffixes added according to the GTDB nomenclature to indicate
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groups of species that, while not appearing monophyletic in the GTDB reference tree,
have other evidence suggesting they might actually be monophyletic, as well as groups
whose placement tends to change or be unstable between different releases of the data-
base. Estimation of MAG completeness and contamination through CheckM is possible
even without matched reference genomes as this tool uses a broad set of lineage-specific
marker genes obtained through the reconstruction of a reference genome tree.

To quantify the number of species that could potentially benefit from the application
of the pan-Draft module, the datasets were filtered to select species without any match-
ing reference genome and with a minimum of 30 MAGs. On the contrary, to assess
the quality of models reconstructed for single MAGs and at the species level, species-
specific reference reaction collections were generated by selecting species represented
by genomes derived from isolated cultures. The datasets were filtered according to the
number of available reference genomes in the two environments. For the OMD data-
set, species were included in the analyses if they had at least one reference genome.
In contrast, for species in the human gut microbiome, a minimum of 10 genomes was
required. Again, a minimum number of 30 MAGs per species was required for SGBs to
be selected in both datasets.

Generation of the genome-based metabolic model collection

The GEMs of the analyzed genomes were reconstructed using gapseq (v.1.2, sequence
DB md5: bf8ba98) [6]. Briefly, the reconstruction process follows these steps: (i) predic-
tion of proteins encoded in the query genome using pyrodigal (v.2.2.0) [59]; (ii) predic-
tion of metabolic and transport pathways by gapseq through a similarity search between
open reading frames (ORFs) and a database of reference sequences; (iii) reconstruction
of a draft metabolic network based on the identified genes; (iv) prediction of a growth
medium for the organism based on the metabolic capabilities inferred by the draft
model; (v) evaluation of whether gaps in the model's incomplete metabolic pathways
can be filled to enable biomass production using flux balance analysis and the predicted
growth medium.

The generation of growth medium for model gapfilling was performed using the pre-
diction module (./gapseq medium), which uses logical expressions for the presence
and absence of specific pathways and reactions to select compounds to be added to
the medium [1]. Oxygen availability was excluded from the predicted media for MAGs
belonging to the UHGG dataset (-c: “cpd00007:0”) since species colonizing the lumen of
the human gut are adapted to extremely low concentrations of oxygen [60].

pan-Draft metabolic model reconstruction approach
The source code has been integrated into gapseq and is accessible at https://github.com/
jotech/gapseq through the wrapper script./gapseq. The added module for the recon-
struction of pan-Draft models can be invoked with the following call./gapseq pan. Fig-
ure 1 provides an overview of how the pan-Draft module integrates within the gapseq
pipeline.

For the reconstruction of species-level GEMs, the draft models (in.RDS format) of
all the MAGs belonging to the same species are combined. The aim of this step is to
assess which reactions share higher frequency among the models in order to identify the
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centralmetabolism of a species and exclude the rarest functions. Specifically, reaction
presence and absence in/from each of the models are summarized in a binary matrix. It
is important to notice that multiple copies of a gene generate a unique identifier in the
GEMs, therefore the encoded reaction is counted one single time per model. Metab-
olite names are standardized, giving preference to compounds annotated as cytoplas-
mic (“-c0”) over the unspecified ones. Simultaneously, reactions are filtered based on
the MRF threshold identifying their minimum necessary occurrence frequency in the
genome pool—for details on the MRF selection, refer to the “Methods” section below.
The reaction IDs are used to extract the reaction information, including the reaction
formula and compartment, from the first model having that ID in the genome dataset.
Consistency between models generated with the same gapseq version guarantees that
ModelSEED entries are associated with standardized parameters [43]. The set of selected
reactions are then used to build the pan-GEM from scratch.

Subsequently, the reaction-to-gene associations (i.e., rxnXgenes.RDS) and the reac-
tion weights (i.e., rxn Weights.RDS) information of preliminary draft models are merged
into summary tables, which are used in the following gapfilling steps. The representa-
tive entry of each reaction is selected by identifying the one with the lower weight score
assigned by previous runs of the draft module. The same entry ID is used to retrieve
the reaction-to-gene information. Based on the hypothesis that the reaction frequency
within the MAG pool can be used to tune the original weight, this is updated by com-
puting the median of all the corresponding weights of that reaction across draft models.
Missing values due to failure to detect a reaction in a fraction of the MAG pool, possi-
bly due to MAG contamination or strain-specific differences, are taken into account by
normalizing the number of total weights used to compute the median. Specifically, the
maximum weight associated with a reaction (i.e., 100) is added a number of times equal
to the number of draft models in the MAG pool that lack genomic sequences retrieving
blast hits for that reaction. Additionally, pan-Draft requires the pathways tables (i.e., all-
Pathways.tbl) generated with the find module. These tables are summarized in a revised
pathway table listing the complete pathways detected in the query draft network with a
frequency exceeding the MRE.

In the present study, models generated from MAGs belonging to the same species,
determined based on an ANI higher than 95%, were utilized as input for pan-Draft.
Moreover, to be included in the pan-GEM, reactions had to have a MRF higher than 6%.

Statistical analysis and model quality quantification

The preliminary characterization of the species-level models was performed using two
approaches. First, the number of reactions and metabolites in pan-GEMs was compared
to those of MAG- and iso-GEMs. Second, the distribution of the species pan-reactome
across functional groups was analyzed by categorizing reactions according to the first
two layers of the MetaCyc pathways ontology, available in the GitHub repository at dat/
meta_rea_pwy-gapseq.tbl. Subsequently, the quality of the reconstructed metabolic
models was assessed through pairwise network comparisons. The reactions encoded by
genes in the reference genomes were aggregated to define the full metabolic potential of
a microbial species. The resulting lists of reactions from this process will be referred to
as species-representative reactome gold standards. Simultaneously, we also defined the
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universe of available reactions to generate a bacterial model with gapseq. This was done
by parsing the "dbhit" column of the “-all-Reactions.tbl” table which identifies pathway
predictions in bacterial species mapping to the gapseq reaction database. The resulting
7333 reactions were filtered by selecting only those annotated as “approved” or “cor-
rected” in the./dat/seed_reactions_corrected.tsv table, available in the GitHub reposi-
tory. After filtration, 3760 reactions represented the reaction universe used by gapseq to
build bacterial GEM. This filtered list was then compared to the species-representative
reactome gold standards to define the negative reaction set of each SGB, which includes
biochemical transformation outside the metabolic boundaries of the species.

Subsequently, the reactomes of the MAGs were derived from their corresponding
GEMs and stored as a binary matrix indicating the presence or absence of reactions
in each model (rxn2mod.tsv). To assess accuracy, the MCC was computed by compar-
ing each column of the matrix with the reactome gold standard expressed in a consist-
ent binary form (Fig. 2¢, d). This same metric was applied to evaluate the quality of the
reconstructed pan-GEMs (Figs. 3 and 5), with the MCC formula defined according to
Eq. 1.

TN x TP — FN x FP
MCC = (1)
/(TP + FP)(TP + FN)(TN + FP)(TN + EN)

Additionally, a generalized additive model fitted to the data to highlight the cor-
relation between GEM quality and MAG completeness (Fig. 2c, d) This was imple-
mented using the “stat_smooth()” function from the “ggplot2” library, with parameters

method =“mgcv::gam” and formula=y ~ s(x, bs =“cs”) [61].

Definition of the minimum reaction frequency in the genome pool

The MRF is the minimum occurrence in the genome pool, expressed in percentage,
necessary for a reaction to be included in the pan-GEM. This frequency is calculated as
the ratio of the number of MAG-GEMs containing the reaction to the total number of
MAG-GEMs in that SGB. To determine the MRF necessary for a reaction to be included
in the draft metabolic network, the quality of draft pan-GEMs was evaluated across vari-
ous frequency thresholds. Comprehensive evaluations were carried out using thresholds
ranging from 0 to 100%, with 1 percentage point intervals. Quality evaluations involved
structural network comparisons of the reconstructed pan-GEMs with the corresponding
species reactome gold standard (Fig. 3). The optimal values for both datasets were deter-
mined by selecting the threshold that maximized the average MCC across all different
species. Based on the analyzed dataset the final recommended threshold was set at 6%.
Additionally, to validate whether the identified threshold is reliable using a varying num-
ber of genomes, each SGB was randomly sampled to form batches of 2, 5, 10, 15, 30, 60,
100, and 1000 MAGs, with each sampling process repeated ten times. The optimal MRF
for each SGB was determined by computing the median across iterations of the MRF
that maximizes the MCC in each batch. The minimum number of MAGs per SGB used
as a threshold to include the reaction in the pan-GEM was computed as the number of
MAGs in the batch multiplied by the MREF. The effect of varying MRF on the quality of
pan-GEMs was determined by averaging the MCC across the 10 iterations of each SGB.
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Quantify structural improvement of species-level models with respect to MAGs
completeness

MAGs from the UHGG database were categorized into groups based on five complete-
ness levels, each set at intervals of 10% points from 50% up to 100% (Fig. 5). Afterwards,
iteratively for 10 times, 30 MAGs of each species were randomly selected and used to
reconstruct pan-GEMs. The reconstructed draft models were gapfilled using a predicted
medium, and their quality was quantified by comparison to the species-representative
reactome gold standard. In this case, the full metabolic potential of the species was
determined as previously, but using the gapfilled version for GEMs derived from the ref-
erence genomes. The quality of the GEMs for reference genomes was assessed by com-
paring the individual reactomes with the species-representative reactome gold standard.

Validation of fermentation product predictions

To assess the potential of pan-Draft to predict bacterial metabolism compared to indi-
vidual metabolic models from single MAGs, we conducted anaerobic growth simulations
on selected species models to compare the predicted export with known fermentation
by-products (Additional File 2: Table S3). The method used is an adapted version of the
approach implemented by Zimmerman and colleagues [6]. Briefly, preliminary gapfill-
ing of the metabolic networks was performed using gapseq (v.1.2, sequence DB md5:
bf8ba98) with a complex growth medium whose composition is available in the GitHub
repository at dat/media/FT.csv. The same anaerobic medium was employed while per-
forming flux balance analysis (FBA) coupled with minimization of total flux (MTF) and
flux variability analysis (FVA) [62, 63]. All the simulations were performed in R (v.4.3.1)
using sybil (v.2.2.0) and CPLEX solver (v.22.11) [64—66]. The analysis encompassed eight
common anoxic fermentation products for a maximum of 40 different bacterial species
for each completeness level (Additional file 2: Table S3). Validation was performed on
species that met the following conditions: (i) it was possible to generate at least a set
of pan-GEMs for the organism, (ii) its fermentation products have been experimen-
tally described either in primary literature or in the NJC19 dataset [40]. Additionally, as
described above, models were divided into 5 subsets based on the completeness level of
the MAGs used to reconstruct them. Moreover, pan-Draft was benchmarked against the
GEMs from the MIGRENE collection (see Additional file 1).

To summarize the predictions for individual models of multiple MAGs within a spe-
cies, we considered metabolites with a positive outflow as actual by-products. Species
were considered metabolically capable of secreting a specific compound if positive
values were obtained when maximizing the export flux during FVA performed at the
maximum growth rate. We set a minimum threshold to include in the fermentation
end-product spectrum of the model only metabolites with normalized exchange fluxes
(measured in mmolxgDW 1) higher than le~*. Normalization was achieved by rescal-
ing the outflow of individual fermentation products by the predicted growth rate of the
respective organism. The performance of the models’ simulations was summarized at
the species level by computing the total number of correctly (TP and TN) and incor-
rectly (FP and FN) predicted by-products over the total number of predictions for the
species. This resulted in a measure of the percentage of models that correctly predict
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the generation of specific metabolites, divided according to the completeness level of the
original MAGs. The performances were further summarized by computing the mean
and standard deviation across species of simple metrics and the MCC. The degree of
improvement between species-level models and models derived from individual MAGs
was assessed with a paired z-test (R lib. stats, v.4.0.3). The test was implemented by com-
paring the MCC performance obtained by MAG-GEMs and the corresponding pan-
GEMs. This was repeated independently for the MTF and the FVA results and for each
MAG completeness level.
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