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Community context reshapes microbial 
proteomes and reduces functional overlap
 

Sarah Moraïs    1,2,3, Michael Mazor1,2,3, Itai Amit1,2,3, Philip Gerth4, 
Anke Trautwein-Schult    4, Sandra Maaß    4, Ido Grinshpan1,2,3, 
Yehonatan Shelly    1,2,3, Liron Levin5, Dörte Becher4 & Itzhak Mizrahi    1,2,3 

Microbial coexistence in complex communities requires mechanisms that 
minimize competition and optimize resource use. However, the mechanisms 
by which these ecological strategies are executed remain poorly 
understood. Here we show that bacteria modulate protein abundance in 
response to specific community members, reducing functional redundancy 
and promoting metabolic complementarity. Using synthetic gut-derived 
consortia exposed to distinct carbon sources, we systematically profiled 
proteomic responses of individual species across isolate, pairwise and 
4-member communities. We found that biotic interactions, rather than 
abiotic conditions, were the dominant drivers of proteomic variation. These 
interactions led to reproducible, partner-specific expression shifts that 
significantly reduced functional overlap and were frequently associated 
with increased community productivity. Together, these findings highlight 
gene expression as a means by which microbes implement ecological 
strategies in community contexts. Through this regulatory plasticity, 
microbes dynamically reshape their realized niche through protein 
abundance modulation, enabling them to partition metabolic space and 
stabilize community structure.

Microbial communities are integral components of all ecosystems on 
Earth, playing crucial roles in nutrient cycling, energy flow and over-
all ecosystem functionality1–3. Similar to most organisms in nature, 
microbes live in complex multispecies communities and are subject 
to ecological forces that shape their structure and dynamics. Across 
ecosystems, organisms that coexist in such communities often partition 
ecological niches to reduce direct competition, giving rise to trophic 
interaction networks built on functional complementarity4,5. Microbes 
are no exception, exhibiting clear preferences for specific nutrients, 
and well-documented specialization for distinct carbon sources often 
resulting in cross-feeding interactions6,7. Indeed, complex interde-
pendencies among microbial species have been widely observed8,9, 

enhancing survival under stress, improving resource utilization, and 
contributing to ecosystem resilience10–12. While cooperative behav-
iours such as metabolic exchange13 and quorum sensing14 have been 
described, the prevailing view is that competition remains a dominant 
force shaping microbial communities across diverse environments15. 
However, this view is complicated by several inherent features of 
microbes. One such feature is their remarkable metabolic flexibility, 
which allows them to exploit alternative resources and occupy dynamic 
niches, often by utilizing metabolites excreted by other species16. This 
capacity may also provide a resolution to longstanding ecological 
puzzles such as the paradox of the plankton, by enabling species to 
coexist despite apparent overlap in resource use17. These characteristics 
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Results
Comparing the impact of biotic and abiotic factors on protein 
abundance
In our experimental setup, we aimed to investigate the influence of 
both abiotic and biotic factors on protein abundance and biomass 
production across a set of bacterial strains. We selected two distinct 
carbon sources as abiotic factors: fructose and ground wheat straw 
(a complex plant fibre). These carbon sources were also selected as 
they differ in chemical complexity (simple and complex polysac-
charides) to create diverse community structures while maintaining 
the same initial bacterial diversity (Fig. 1). In addition, we examined 
the effect of biotic factors by culturing each bacterium either as an 
isolate or within communities of varying richness (1, 2 or 4 species). 
This approach allowed us to explore how differences in environmental 
conditions, community composition and richness influence bacte-
rial interactions, protein abundance and biomass production. Given 
that a substantial portion of cellular energy is allocated to protein 
production, and that bacteria tightly regulate this process to optimize 
efficiency21–23, we used proteomics to profile protein abundance. This 
approach offers a realistic view of the proteins actually produced and 
enables quantitative estimates, providing insights that transcriptomic 
methods alone often fail to capture. To ensure high-resolution prot-
eomic profiling of all consortium members within the detectable limit 
per sample24, we assembled synthetic minimal consortia, comprising 
a limited number of bacterial species (up to 4 per consortium). We 
selected a diverse array of bacteria with varying phylogenetic back-
grounds and functional traits25, aiming to emulate gut ecosystems 
(human or rumen) and represent the typical trophic layers found in 
such environments26. The synthetic consortia approach is also advan-
tageous for its capacity to conduct comprehensive investigations 
into molecular, proteomic and microscopic dimensions, owing to the 
controlled number of bacteria incorporated. In the first consortium, 
we assembled all pairwise combinations and the full 4-member com-
munity comprising metabolically distinct human gut-associated spe-
cies. Eubacterium hallii is a versatile anaerobe that ferments glucose 

challenge overly simplistic models of microbial interaction and under-
score the need for a deeper understanding of the ecological principles 
that govern microbial coexistence. By elucidating the mechanisms that 
promote stability, structure and coexistence in microbial communities, 
we can better harness their ecological potential and develop strategies 
to predict, design and control microbial systems.

Another inherent feature of microbes is their capacity for rapid 
sensing and adaptation. In natural environments, microbes predomi-
nantly exist as single cells and must continually monitor and respond 
to fluctuations in their surroundings. To this end, they have evolved 
intricate sensing and regulatory systems that allow them to swiftly 
alter their behaviour through dynamic changes in gene expression18. 
Modulation of gene expression in response to abiotic factors, such as 
temperature, pH or nutrient availability, is a well-established micro-
bial strategy for environmental adaptation. A classical example is 
the lactose operon, in which gene expression is tightly regulated by 
the presence or absence of specific metabolites, enabling efficient 
carbon utilization under appropriate conditions19. While extensive 
research has examined how microbes respond to abiotic stimuli, much 
less is known about how they adjust gene expression in response to 
their biotic environment, particularly the presence of other microbial 
species. This is especially relevant in the context of niche theory; in 
classical ecology, the realized niche represents the actual conditions 
and resources an organism utilizes in the presence of competitors and 
environmental constraints, distinguished from the fundamental niche, 
which encompasses the full range of conditions it could theoretically 
exploit in the absence of such limitations20. In microbial systems, this 
concept can be mechanistically grounded in protein abundance: the 
realized niche reflects the subset of an organism’s genetic potential 
that is actively expressed in response to current abiotic and biotic 
conditions. Thus, protein abundance profiles provide a direct molecu-
lar readout of the realized niche, as it is shaped by interactions and 
environmental inputs. We hypothesized that microbial regulatory 
plasticity may play a role in mediating ecological interactions, poten-
tially enabling microbes to reduce direct competition, expand into 
new metabolic niches, or exploit cross-feeding opportunities created 
by neighbouring species. This led us to ask: do microbes alter protein 
abundance in response to specific community members? And are these 
responses species-specific, or do they follow generalizable patterns 
across taxa and environments? Answering these questions is essen-
tial for understanding how gene regulation contributes to microbial 
coexistence, niche partitioning and the formation of trophic networks 
in complex ecosystems.

To address these questions, we employed a systematic, bottom-up 
approach to investigate microbial interaction dynamics in controlled 
communities exposed to two distinct carbon source environments. 
We examined a set of bacterial species as single isolates under each 
abiotic condition and progressively assembled more complex com-
munities, including pairwise combinations and 4-member consortia. 
This experimental design enabled us to precisely track changes in the 
proteomic profiles of each species in response to either carbon source 
identity or the presence of microbial counterparts. Our results reveal 
a general pattern: in the presence of other microbes, species consist-
ently alter their proteomic profiles in a partner-dependent manner. 
These expression changes are closely associated with a reduction in 
functional overlap within the community. Moreover, our data show that 
biotic interactions are the dominant explanatory variable in protein 
abundance variance and, in many cases, are also linked to increased 
productivity. Together, these findings reinforce the view that microbes 
in nature predominantly exist and operate within complex interactive 
communities, where regulatory flexibility may help minimize com-
petition. By uncovering reproducible patterns of protein abundance 
modulation driven by community context, our study reveals funda-
mental principles that govern microbial coexistence and functional 
organization in diverse ecosystems.

Impact of biotic and abiotic factors on microbial decision-making

Abiotic
factors

Biotic
factors PairwiseIsolate 4-bacteria

community
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Microbial 
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Analyses of microbial communities
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individual species 
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Fig. 1 | Experimental setup for examining the impact of biotic and abiotic 
factors on microbial gene expression and community productivity. To 
disentangle the effects of biotic (columns) and abiotic (rows) factors, we analysed 
protein expression profiles and growth of individual isolates, their pairwise 
combinations, and two distinct 4-member communities. These were cultivated 
in two contrasting carbon source environments, plant fibre and fructose media, 
representing abiotic variation. This design enabled a systematic assessment 
of how community composition (biotic) and nutrient environment (abiotic) 
influence microbial proteomes and overall community productivity, as measured 
by species-specific cell counts and protein expression (bottom).
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and lactate into butyrate and hydrogen, and can utilize glycerol to 
produce 1,3-propanediol27. Roseburia intestinalis degrades hemicel-
lulose and starch, producing butyrate as a terminal metabolite, and 
is frequently associated with dietary fibre metabolism28. Marvinbry-
antia formatexigens specializes in degrading amorphous cellulose 
and produces formate and acetate as fermentation end products29. 
Faecalibacterium prausnitzii is a prominent butyrate producer with 
proposed anti-inflammatory effects30. In the second consortium, we 
constructed all pairwise and full combinations of 4 representative 
bovine rumen species. Prevotella ruminicola is a dominant hemicel-
lulolytic and peptide-utilizing fermenter that breaks down xylans 
and starches, generating succinate and propionate31. Butyrivibrio 
fibrisolvens hydrolyses hemicellulose and pectin, producing butyrate 
and lactate32. Megasphaera elsdenii is a lactate- and sugar-utilizing 
bacterium that plays a key role in stabilizing ruminal fermentation 
by converting lactate to propionate and butyrate33. E. hallii was 
also included in this consortium due to its cross-system metabolic 

relevance and ability to integrate fermentation intermediates into 
butyrate synthesis.

The assembled communities were analysed across both abiotic 
and biotic dimensions. Carbon source conditions were used to assess 
abiotic effects, while comparisons to single-species isolates allowed  
us to evaluate biotic influences on protein expression and cell  
abundance (Fig. 1).

Proteome profile is modulated by both environment and 
microbial composition
Initially, we examined both the growth and proteome expression 
of individual bacteria when cultured on the two different carbon 
sources (abiotic change). While growth was largely unaffected by the 
change in carbon source in most cases (Extended Data Fig. 1), pro-
teome expression showed a strong response to this change (Fig. 2). 
Principal-component analyses (PCA) of protein abundance of each 
bacterial species exhibited discrete and individual response to carbon 
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Fig. 2 | Proteome expression is modulated by the environment. a, Seven 
bacteria were cultivated as isolates on both fructose or fibre as carbon source  
(3 biological replicates). b–h, PCA of the overall proteomes for each of the 
indicated bacteria (LFQ values), colour coded by the carbon source (blue for 
fructose and green for fibre); shapes indicate cytosolic or secreted proteins 

(pellets or supernatant fractions). Clustering analysis of expressed proteins 
according to the carbon source was performed using ANOSIM (two-sided) with 
10,000 randomizations of the data, and the resulting R and P value corrected 
using the FDR Benjamini–Hochberg method are indicated.
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changes (analysis of similarities (ANOSIM) 0.3389 < R < 1, P = 0.1). Clus-
tering was primarily driven by the first principal component (PC1), 
which accounted for 33–59% of the variance in protein abundance 
across individual microbes. Such changes in protein expression upon 
varying media composition are consistent with previous reports in 
individual cultures34–37.

To investigate whether (1) microbes alter their proteomes in 
response to other community members, (2) such responses are spe-
cific to particular counterparts, and (3) generalizable patterns underlie 
these changes, we analysed all assembled 2-species and 4-species 
consortia, examining proteome expression across both biotic and 
abiotic dimensions. Specifically, each consortium was grown under 
two distinct carbon sources, fructose and fibre, to assess abiotic effects, 
and compared to corresponding single-species cultures to evaluate 
biotic influences (Fig. 1). To address limitations in proteomic depth 
and coverage inherent to complex communities, we generated mixed 
isolate controls for the 4-species consortia. These mixes reflected 
the observed community structure (Extended Data Fig. 2) and were 

analysed alongside the grown consortia to enable direct comparison of 
proteomic profiles (Fig. 3a, Extended Data Fig. 3, Supplementary Table 1 
and Methods). To ensure robust and comparable measurements, we 
included only those microbes with higher than 5% of the relative abun-
dance and with at least 400 proteins detected per genome across 
all tested conditions. Six of the seven tested species met these cri-
teria and were retained for further analysis. These species yielded 
sufficiently rich proteomic data to assess their responses to com-
munity environments compared to growth in isolation. This setup 
allowed us to compare the proteome of each species in isolation versus 
within a consortium and in the cases of M. elsdenii and F. prausnitzii, 
on both carbon source conditions (Fig. 3). Across all comparisons, we 
observed significant changes in protein expression for each species 
when grown in isolation compared to when grown in consortia (Fig. 3b), 
whereas growth differences alone were not necessarily statistically 
significant (Extended Data Fig. 4). Moreover, here the majority of the 
variance in response to biotic conditions was reflected on PC1 axes 
with 37–67% of the variance per microbe. The clear clustering of all 
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Fig. 3 | Microbial proteomes are actively reshaped in response to community 
context. a, Schematic representation of the experimental design. Four-species 
consortia were assembled by mixing equal ratios (1:1) of each species and grown 
for 24 h on either plant fibre or fructose media (3 biological replicates). For each 
species, proteome and community composition were determined. Relative 
species-specific proteome abundances (NSAF values) were then used to generate 
mixed-isolate controls by proportionally combining the proteomes of the same 
strains grown individually. These mixed-isolate controls were analysed in the 
same way as the self-assembled communities, allowing direct comparison of 
species-specific expression profiles while avoiding the depth and coverage 

limitations typically associated with complex community proteomics. b–i, PCA 
of total proteomes for each indicated species (LFQ values) under the two carbon 
source conditions, comparing self-assembled consortia (blue) with mixed-
isolate controls (grey); shapes indicate cytosolic or secreted proteins (pellet or 
supernatant fractions). Clustering by culture type was assessed using ANOSIM 
(two-sided) with 10,000 permutations; R and P values corrected using the FDR 
Benjamini–Hochberg method are shown. These analyses reveal that proteomes 
are modulated by community context, with species-specific expression patterns 
emerging only in live, self-assembled consortia.
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biological replicates for each biotic condition further emphasizes 
that the proteomic response is highly constrained and reproducible 
(most P < 0.01; Fig. 3b). Taken together, these findings indicate that 
microbes respond in a consistent and reproducible manner to the same 
community composition.

Bacteria respond in a specific manner to specific counterparts
Following the consistent protein expression patterns observed in 
individual populations in response to the same community compo-
sition, we further examined how specific and distinguishable these 
responses are to different microbial counterparts. We found that for 
each bacterium, distinct and reproducible patterns of proteomic 
shifts emerged across replicates when paired with different partners in 
co-cultures (Fig. 4 and Extended Data Fig. 5), suggesting that bacteria 
respond in a specific manner to specific counterparts. In most cases, 
these pairwise interaction patterns were distinct from those observed 
when the same microbes were grown either in larger consortia or in 
isolation (Fig. 4 and Extended Data Fig. 5). Intriguingly, while some 
bacteria, such as F. prausnitzii grown on fructose (Fig. 4d), exhibited 
clear and distinct proteomic profiles depending on the partner or 
community context, others showed more generalized responses. For 
instance, F. prausnitzii grown on fibre displayed similar expression 

patterns across different pairwise combinations, which clustered 
more closely together compared with those observed in the 4-member 
consortia (Fig. 4e).

Furthermore, in the case of E. hallii grown on fibre, we could com-
pare its proteomics changes across 6 different pairwise consortia, 
and all exhibited significantly distinct patterns, further emphasizing 
the profound responses of the proteomes to microbial community 
changes (Extended Data Fig. 6). To investigate these proteomic changes 
at the Kyoto Encyclopedia of Genes and Genomes (KEGG) Orthol-
ogy (KO) level, we categorized each KO within a consortium as either 
unchanged or modulated, and examined their distribution across the 
global metabolic map (KEGG map1100). We found that both unchanged 
and modulated KOs were broadly distributed across the metabolic 
landscape, with no single pathway consistently enriched in either 
category (Extended Data Fig. 7). This widespread distribution high-
lights that proteomic shifts are not restricted to specific functions, but 
rather reflect a broad, dynamic adjustment of the bacterial proteome in 
response to changes in environmental conditions or community com-
position. The fact that we did not identify any consistent or recurring 
patterns of pathway modulation across the various communities we 
analysed suggests that each microbial species adopts a distinct strategy 
for proteome modulation in response to different community contexts.
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Fig. 4 | Species-level proteomic responses are shaped by community context. 
a, Species-level proteomics were analysed for individual species, 3 different pairs 
and the consortia of 4 bacterial species. b–i, PCA of the overall cytosolic proteins 
(secreted proteins PCA are available in Supplementary Fig. 5) for each of the 
indicated bacteria (LFQ values) and carbon source in the communities described 
in a (3 biological replicates) (with corresponding colour coding). Clustering 

analysis of expressed proteins according to the type of culture was performed 
using ANOSIM with 10,000 randomizations of the data, and the resulting R and 
P value corrected using the FDR Benjamini–Hochberg method are indicated. 
The total biomass produced in these contexts by each bacterium is available in 
Supplementary Fig. 4.
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Functional overlap is reduced in microbial communities
We have examined the specific effects that individual microbial coun-
terparts have on the protein abundance of single-species popula-
tions. We have also determined that proteomic changes in response 
to community composition and carbon source occur across diverse 
metabolic functions rather than being confined to particular path-
ways. We next asked whether the observed modulation in genome 
expression within community contexts corresponded to a decrease 
in functional overlap between community members. To assess the 
later hypothesis, we annotated the expressed genes in each culture 
using KO terms and compared the modulated genes across three 
levels of KEGG classification (L1, broad functional categories; L2, sub-
categories; and L3, specific pathways) as well as at the individual KO 

level. We then calculated the expected functional overlap (calculated 
as the combined functions of two single-species cultures or mixed 
isolates without considering genomic potential) with the observed 
overlap in pairwise communities or full consortia. Strikingly, in the 
vast majority of cases (83%), we observed a significant reduction 
in functional overlap (Fig. 5a,b, Extended Data Figs. 8 and 9, and 
Supplementary Figs. 1 and 2). This observation led us to hypothesize 
that the reduction in functional redundancy, potentially reflect-
ing niche differentiation and reduced interspecies competition, 
may contribute to increased productivity (Fig. 5c). In this context, 
individual microbes may lower their protein production burden (a 
major energy cost38) while benefiting from metabolites or resources 
made available by neighbouring species. To test the potential link 
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Fig. 5 | Functional overlap reduction in microbial communities is coupled 
with enhanced productivity. a, Schematic illustration of functional redundancy 
and the calculation method used for percent KO overlap reduction (genomic 
potential not considered). b, Scatterplot showing the relationship between 
percent KO overlap reduction (y axis, NSAF presence/absence) and community 
productivity (x axis). Communities exhibiting reduced functional redundancy 
alongside increased productivity are highlighted in green; odds ratio (OR) = 9.75; 
Wald test one-sided P = 0.038. Each dot represents the mean of 3 biological 

replicates. c, Conceptual schematic illustrating that reduced functional overlap 
in microbial communities is associated with enhanced productivity. d, Left: bar 
plot displaying the proportion of variance in KO expression (NSAF presence/
absence) explained by bacterial species, environmental conditions and 
microbial community composition. Right: linear regression model depicting the 
contribution of each factor to KO variance. Statistical significance was assessed 
using ANOVA.
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between functional specialization and productivity gain, we quanti-
fied community productivity by comparing observed cell numbers 
with those expected from a theoretical additive model based on 
monoculture performance (see Methods). We found a statistically 
significant association between reduced functional overlap and 
increased community productivity (odds ratio (OR) = 9.75; Wald test 
one-sided P = 0.038; Fig. 5b). Of note, we did not detect a linear or 
monotonic (rank-based) relationship between functional overlap and 
productivity across the examined range, suggesting that additional 
interacting factors probably contribute to the observed producti
vity gains. These observations warrant further investigation into  
the mechanisms governing this relationship.

To better understand the general drivers of protein abundance 
reduction, we constructed a linear model to quantify the contribu-
tions of species identity, carbon source (abiotic factor) and microbial 
composition (biotic factor) to the observed variance in the number of 
expressed KOs. The model revealed that 24% of the variance between 
predicted and observed KO counts could be attributed to species iden-
tity, consistent with intrinsic regulatory differences across microbes. 
Biotic interactions, defined as the presence and identity of other com-
munity members, explained an additional 19% of the variance, while 
the abiotic factor (carbon source) contributed only 1.5%. Notably, 
the correlation between community composition and the number of 
expressed KOs was strong (R = 0.67), indicating a consistent directional 
trend towards protein abundance reduction that is primarily driven by 
biotic interactions when species identity is not considered. The full 
model explained 45.2% of the total variance when accounting for main 
effects and their interactions (Fig. 5d and Supplementary Fig. 3), and its 
explanatory power increased to 74.8% when biotic–abiotic interaction 
terms were included. These findings highlight that microbial interac-
tions exert a strong, directional and reproducible influence on protein 
abundance, favouring a reduction in expressed functions in response 
to community context. This pattern is most clearly illustrated in a 
principal component analysis of the proteomes from the M. elsdenii 
and F. prausnitzii pair (Extended Data Fig. 10), where the two factors 
are distinctly separated: the majority of variance is captured along the 
first principal component, which reflects biotic interactions, while the 
second component accounts for more modest variance associated 
with abiotic factors. This serves as a striking example of how both 

biotic and abiotic forces shape microbial protein abundance in an 
integrated manner.

Finally, we examined reoccurring functions that were expected to 
overlap and were always reduced by at least one member of the com-
munity (reduced overlap) and recurring functions that were expected 
as overlapping but were always maintained by each member of the 
community (maintained overlap). We examined the corresponding 
KEGG modules (Supplementary Table 2) and observed that functions 
consistently reduced across the consortia were predominantly associ-
ated with pathways related to adaptation, specialization and second-
ary metabolism, processes often specific to particular organisms or 
environmental conditions. In contrast, functions that were consistently 
retained corresponded to core metabolic pathways critical for survival, 
including fundamental processes required for energy production  
and biomass precursor synthesis. These core pathways represent 
primary metabolism, which is essential for organismal viability and 
cannot be bypassed. Meanwhile, pathways involved in cofactor and 
vitamin biosynthesis, although essential for normal enzyme activity,  
were in some cases reduced or no longer expressed, reflecting their 
conditional essentiality depending on the organism’s capacity to  
scavenge or import these compounds from the environment.

Discussion
Here we devised a stepwise experimental approach using synthetic 
microbial communities with distinct phylogenetic backgrounds to 
mimic gut environments, aiming to investigate how both biotic and 
abiotic factors influence microbial protein expression and produc-
tivity. Our results demonstrate that biotic context exerts a dominant 
influence: across species and conditions, variation in community 
composition explained significantly more of the proteomic response 
than changes in carbon source. This partner-specific modulation of 
protein abundance suggests that microbes respond not only to envi-
ronmental conditions but also to the identity of coexisting species. 
These biotic-driven responses were almost consistently accompa-
nied by a reduction in functional overlap (Fig. 6). While core metabolic 
pathways were maintained, accessory and specialized functions were 
downregulated, leading to reduced proteomic overlap across species. 
These changes were associated with community productivity benefits, 
implying that microbes may optimize energy allocation in community 
by minimizing costly, redundant expression (Fig. 6). Nevertheless, the 
absence of a monotonic relationship between reductions in functional 
redundancy during microbial species coexistence and productivity 
indicates that this association warrants further examination across 
broader datasets, environmental contexts and controlled experiments. 
Although we did not directly measure competition or coexistence, 
our results support the hypothesis that regulatory plasticity reduces 
functional overlap, potentially facilitating niche partitioning and 
cross-feeding. From an ecological perspective, microbes appear to 
modulate their realized niche, the subset of their fundamental meta
bolic potential that is expressed in a given context, in response to 
community composition. This capacity to dynamically adjust protein 
abundance in relation to specific partners enables functional flexibility 
and may underlie key principles of microbial coexistence. Importantly, 
we observed that this flexibility is not uniform across species. For exam-
ple, on fibre E. hallii exhibited marked, partner-specific changes in 
protein expression, consistent with its known metabolic versatility27. 
In contrast, F. prausnitzii showed more stable expression profiles, pos-
sibly reflecting a more constrained ecological role. Such contrasts 
suggest that some microbes, particularly generalists, may flexibly 
reshape their functional roles depending on their partners, whereas 
specialists may retain fixed functional inputs and outputs. Over time, 
such patterns of division of labour may contribute to the emergence 
of auxotrophies in microbial ecosystems as a long-term consequence 
of functional redundancy reduction, whereby microbes evolve to rely 
on coexisting species for essential metabolites to persist and thrive39,40.

Isolate  Community

Community
functional

redundancy

Microbial decision-
making

Biotic background

Microbial 
productivity

Fig. 6 | Schematic model of the findings revealed in our study. Our data provide 
molecular evidence that microbes actively modulate their realized niches in 
response to community composition, reducing functional overlap as a potential 
mechanism for niche partitioning (microbial decision-making), while enhancing 
community productivity. Altogether, these findings demonstrate a selective 
advantage for proteome-level plasticity and point to generalizable molecular 
mechanisms that support microbial coexistence.
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The observed reduction in functional overlap also aligns with 
known energetic constraints: overexpression of unnecessary genes 
can reduce productivity38,41,42, and protein synthesis is tightly regulated 
under nutrient-limited conditions38,41,43. Our findings extend these 
principles to community settings, demonstrating that microbes adjust 
their protein expression not only in response to abiotic constraints 
but also to the presence and identity of their neighbours, effectively 
engaging in context-dependent ‘decision making’ that enhances their 
metabolic efficiency. This supports emerging frameworks of collective 
metabolism, where microbial communities self-organize into coopera-
tive configurations by distributing metabolic functions, as predicted by 
resource allocation models44 and computationally formalized in recent 
metabolic frameworks45. In summary, our study provides experimental 
evidence that microbial communities exhibit consistent patterns of 
functional streamlining via partner-dependent protein abundance. 
This reduction in functional overlap probably contributes to com-
munity stability by enabling division of labour, niche partitioning and 
energetic efficiency46–48. These principles can help guide future efforts 
to understand, predict and engineer microbial ecosystems across vari-
ous applications, including health, agriculture and the environment.

Methods
Bacterial cultures
The bacterial strains P. ruminicola ATCC 19189, M. elsdenii DSM 20460, 
B. fibrisolvens DSM 3071, E. hallii DSM 3353, R. intestinalis DSM 14610,  
M. formatexigens DSM 14469 and F. prausnitzii DSM 17677 were obtained 
from ATCC and DSMZ. Strains were cultivated as single cultures, in 
pairwise cultures and in full consortia which were combined by spe-
cies typically found in the bovine rumen (P. ruminicola, M. elsdenii,  
B. fibrisolvens, E. hallii) and in the human gut (E. hallii, R. intestinalis, 
M. formatexigens, F. prausnitzii). Bacteria were grown anaerobically in 
Hungate tubes containing yeast casitone fatty acids (YCFA) medium49, 
supplemented with 0.5% wheat straw fibre (collected at the Agricultural 
Research Organization, Volcani Center, Israel) or 0.5% fructose as car-
bon sources for 24 h at 37 °C. To ensure bacterial community stability, 
the cultures were transferred to fresh media every 24 h over a span of 
5 transfers. Each of the selected species is capable of growing on both 
media independently but cannot grow on media that is depleted of 
a carbon source. Chemicals were ordered from Sigma-Aldrich. The 
cultivation media were filter sterilized and degassed overnight in an 
anaerobic chamber (COY Lab) with a gas composition of 75% nitro-
gen, 20% carbon dioxide and 5% hydrogen. A volume of 3 ml of YCFA 
media (2×) was injected into anaerobic Hungate tubes pre-autoclaved 
with 3 ml 0.5% fructose or fibre in deuterium-depleted water using a 
0.22 µm filter (Merck Millipore). Single, pairwise and full consortia 
cultures were obtained by inoculation of 100 µl of overnight cultures 
of the respective bacteria diluted in sterile saline solution to optical 
density (OD) 0.3. Biological triplicate cultures were performed for each 
experiment. To distinguish true biological reductions in functional 
redundancy from potential quantification artefacts, our experimental 
design included a dedicated control that mirrors the consortia but lacks 
biological interactions. Specifically, we generated mixed isolates by 
physically mixing protein extracts of the single species consortia based 
on summed normalized spectral abundance factor (NSAF) percent-
ages (Supplementary Table 3) observed in the naturally assembled 
consortium. This produces an artificial community in which all species 
contribute their monoculture proteomes at the correct ratios. Because 
both the mixed isolates and the true consortia contain the full comple-
ment of species, KO identification and quantification depend solely 
on expression differences, allowing us to isolate biological effects of 
co-culturing from technical or compositional biases.

Quantitative PCR
Quantitative PCR served to determine the copy number of each bacte-
rial strain in all cultures. The pellets of 1 ml cultures were obtained by 

centrifugation for 5 min at 4,000 g, and the genomic DNA was extracted 
by resuspending the pellets in 100 µl Tris-EDTA buffer, boiling them for 
15 min at 95 °C and incubating them on ice for 15 min. The samples were 
then centrifuged for 5 min at 10,000 g. A volume of 2 μl of the superna-
tants (10-fold dilution) was used in a 10 μl reaction mix containing 5 μl 
absolute blue SYBR green master mix (Thermo Scientific) and 0.5 μl of 
each primer (at 10 mM).

Standard curves suitable for the quantification of each strain’s 
16S rRNA gene were generated by amplifying serial 10-fold dilutions of 
quantified gel-extracted PCR products, obtained by amplification of 
each fragment (primers in Supplementary Table 4), and were calculated 
using the Rotorgene 6000 series software (Qiagen). Real-time PCR was 
performed in a 10 μl reaction mixture.

Microbes that represented less than 5% of the relative abundance 
were excluded from the analyses, as they consistently had fewer than 
400 detected proteins per genome across all tested conditions. Hence, 
individual microbial proteomes were included in subsequent analyses 
only when a minimum of 400 proteins were detected per bacterium, 
ensuring reliable proteomic measurements and enabling comparable 
analyses. The productivity of microbial communities was calculated 
as the ratio of total microbial abundance measured by qPCR in consor-
tia to the mean microbial abundance of each isolate in monocultures 
(productivity = microbial abundance of consortia /  ̄x  microbial abun-
dance of isolates).

Proteomic samples preparation
To improve proteomic coverage, cell pellets and supernatants were 
processed separately for all cultivation types (single, pairwise and 
consortia). The cell pellet and supernatant from a 5 ml culture were 
collected and fractionated via centrifugation (5,000 g, 10 min, 4 °C) 
and stored at −80 °C until further preparation. All cell pellets were 
resuspended in 100 µl lysis buffer (8 M urea/2 M thiourea) and cells 
were disrupted using ultrasonication in a microtube holder with a 
BR-30 probe (Bandelin) for 5 cycles (1 min each at full amplitude). After 
centrifugation (15,000 g, 30 min, 4 °C), protein concentrations were 
determined using the Bradford assay50.

For single cultures, 4-species consortia and mixed isolates. 
Protein cell extract (20 µg) was mixed with 5× reducing Laemmli 
buffer (250 mM Tris-HCl pH 6.8, 50% glycerol, 10% SDS, 37.5 µl ml−1 
ß-mercaptoethanol) and incubated at 95 °C for 5 min before loading 
onto precast gels for electrophoretic separation. Electrophoretic 
separation was performed via SDS–PAGE with 4–20% Criterion TGX 
Precast Midi Protein Gel (BIO-RAD) for 5–15 min at 25 V, followed by 
35–45 min at 180 V. If the sample volume had exceeded 35 µl, the sample 
was divided into two loading pockets.

After Coomassie staining, each lane was processed as previously 
described51. Briefly, each gel lane was cut into 10 pieces and further 
into small 2 × 2 mm cubes. If a sample had been split into two lanes, gel 
pieces were pooled before digestion. The gel pieces were destained at 
least two times in 700 µl washing solution (200 mM ammonium bicar-
bonate (ABC), 30% acetonitrile (ACN)) for 15 min at 37 °C (900 r.p.m.) 
before being dehydrated with 500 µl ACN and dried completely. For 
protein digestion, 120 µl of trypsin solution (2 µg ml−1, Promega) was 
added and excess trypsin solution was removed after a short incuba-
tion. Digestion was performed in a Thermomixer (Eppendorf) at 37 °C 
for 14 h at 1,000 r.p.m. Peptides were eluted in 80 µl ASTM type 1 water 
in a sonication bath for 15 min (Sonorex Super RK 102 H, Bandelin), 
dried and resuspended in 10 µl solvent A (0.1% acetic acid in ASTM 
type 1 water) containing 1× Biognosys iRT standard (Biognosys) before 
storage at −20 °C.

Protein cell extracts of pairwise cultivation pellets were pro-
cessed using S-Trap micro spin columns (Protifi), followed by basic pH 
reversed-phase fractionation according to manufacturer instructions,  
with some modifications. Briefly, 20 µg of protein was mixed with  
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2× SDS lysis buffer (10% SDS, 100 mM triethylammonium bicarbonate 
(TEAB) pH 7.55) incubated in the ultrasonication bath before reduction 
(100 mM in 50 mM TEAB; 10 min, 95 °C) and alkylation (50 mM TEAB for 
30 min at 20 °C in the dark) were performed. Samples were acidified 
and diluted in S-Trap binding buffer (90% methanol, 100 mM TEAB 
pH 7.1). Sample mixtures were applied to the S-Trap column, washed 
twice and digested with 25 µl of 1:25 trypsin solution (prepared from 
1:10 trypsin stock in 50 mM TEAB) for 3 h at 47 °C. Peptides were eluted 
in three steps with: 40 µl 50 mM TEAB, 40 µl 0.1% acetic acid and 35 µl 
60% ACN in 0.1% acetic acid before eluates were pooled and dried 
completely. Peptides were eluted subsequently with 300 μl of elution 
solutions with an increasing ACN gradient in 0.1% triethylamine solu-
tion. Fractions were collected separately, pooled orthogonally, dried 
in a vacuum centrifuge and resuspended in 20 µl solvent A containing 
0.1× Biognosys iRT standard before storage at −20 °C.

Supernatant fractions of single cultures, 4-species consortia 
and mixed-isolates consortia were enriched with StrataClean beads51 
(Agilent). Briefly, pre-hydrolysed StrataClean beads were mixed with 
200 µl–1 ml of sample supernatant and incubated overnight at 4 °C 
(Multi-Rotator PTR-35, Grant-Bio). After centrifugation (10,000 g, 
45 min, 4 °C), the StrataClean bead pellets were washed in 1 ml ASTM 
type 1 water, dried in a vacuum centrifuge, resuspended in 30 µl 2× 
reducing Laemmli sample buffer and incubated (10 min, 98 °C) before 
loading onto precast gels for electrophoretic separation. Afterwards, 
the samples were in-gel digested as described above and resuspended 
in 10 µl solvent A containing 1× Biognosys iRT standard before storage 
at −20 °C. The gel pieces of the pairwise consortia supernatants were 
destained as described above before additional reduction (100 µl 10 mM 
dithiothreitol in 25 mM ABC for 1 h at 56 °C) and alkylation (100 µl 55 mM 
iodoacetamide for 45 min at 20 °C in the dark) was performed. The sam-
ples were processed as described above and resuspended in 11 µl solvent 
A containing 0.1× Biognosys iRT standard before storage at −20 °C.

LC–MS/MS measurement and data analysis. Peptides were sepa-
rated on different LC systems equipped with in-house packed 20 cm 
reversed-phase columns (100 µm inner diameter, 360 µm outer diam-
eter) filled with ReproSil-Pur 120 C18-AQ resin (3 µm particle size, 
Dr Maisch) and injected into different Orbitrap-based mass spectrom-
eters (Thermo Fisher). All instruments and settings used are listed in 
Supplementary Table 5. Databases included predicted open reading 
frames (ORFs) (using Prokka52) of the respective bacteria inoculated 
in the samples, common laboratory contaminants and the wheat fibre 
used as one carbon source in this study. One database contained pre-
dicted ORFs of species typically found in consortium 1 (P. ruminicola, 
M. elsdenii, B. fibrisolvens, E. hallii) and another of species typical of 
consortium 2 (E. hallii, R. intestinalis, M. formatexigens, F. prausnitzii). 
Databases were filtered for sequence duplicates using seqkit53 and 
concatenated to reverse entries for each protein. Applied databases 
were deposited in PRIDE (see Data availability statement).

For NSAF quantifications used to prepare the mixed isolates, the 
MS *.raw files were searched against the sample-specific databases 
using Mascot54 (v.2.7.0.1) with the following parameters: precursor 
mass tolerance ±10 ppm; fragment mass tolerance ±0.5 Da; tryptic 
digestion with up to two missed cleavages; searching monoisotopic 
mass values only; only consider charge states 2+, 3+ and 4+; variable 
modification: methionine oxidation (+16 Da), fixed modification (pair-
wise cultures only): cysteine carbamidomethylation (+57 Da). Result-
ing *.dat files were loaded into Scaffold55 (v.5.0.1) with the databases 
used for Mascot searches, and an additional X!Tandem56 (v.2017.2.1.2) 
search was performed with default settings. Peptide identifications 
were accepted if they could be established at greater than 95.0% prob-
ability by the ‘peptide prophet’ algorithm57 with Scaffold delta-mass 
correction. Protein identifications were accepted if they could be 
established at greater than 99.0% probability and contained at least  
2 identified unique peptides. Protein probabilities were assigned by the 

‘protein prophet’ algorithm57. Proteins that contained shared peptides 
and could not be differentiated based on MS/MS analysis alone were 
grouped to satisfy the principles of parsimony.

For label-free quantification (LFQ), MS *.raw files were analysed 
using FragPipe (v.23.0)58 by searching against the databases described 
above. Search parameters of MSFragger (v.4.3)59,60 were set as follows: 
precursor mass tolerance −20 to 20 PPM; fragment mass tolerance 
0.2 Da; stricttypsin digestion (cuts KR) with maximal two missed cleav-
ages; maximum of three variable modifications including oxidation 
M (+15.9949) and N-terminal acetylation (+42.0106); and fixed modi-
fication cysteine carbamidomethylation (+57.02146) for the pairwise 
cultivation samples. Peptide-spectrum matches (PSMs), peptides 
and proteins were validated and filtered at 1% false-discovery rate 
(FDR) using MSBooster61 and Percolator62 in tandem with Philoso-
pher (v.5.1.1)63. Protein abundances were quantified using IonQuant 
(v.1.11.11)64 based on MaxLFQ values (minimum two ions per protein, 1% 
FDR for match-between-runs, utilizing only unique peptides for protein 
quantification based on a strict peptide-protein uniqueness setting, no 
normalization across runs). For functional overlap analysis, MaxLFQ 
values were based on unique and shared peptides. All MaxLFQ values 
were median normalized on the basis of iRT signals65 and resulting LFQ 
values were log2 transformed.

In general, a protein was only considered as identified if at 
least two unique peptides were identified. All proteins identified 
and quantified, together with their quantitative values, numbers 
of unique peptides and unique spectral counts are provided in the 
Supplementary Tables 6 and 7. Across species, we identified on aver-
age more than 1,000 proteins per genome, and ~1,600 proteins per run 
(Supplementary Fig. 4). This corresponds to ~40% genome coverage—
approximately 70% of the expressed and mass-spectrometry-accessible 
proteome—and is well within the range of accepted high-quality bacte-
rial proteomics workflows66.

PCA and principal coordinates analysis (PCoA)
PCA was performed using LFQ values of all genes from either superna-
tant (secreted proteins) or pellet fractions (cytosolic proteins); if the 
two carbon sources were plotted on the same plot together with the two 
fractions, the effect of the fractions was corrected using the ‘Combat’ 
function of the ‘sva’ R package67. Missing values were imputed on the 
basis of the probabilistic minimum method (MinProb function in the 
LCMD package68). PCoA was performed using presence/absence data 
of identified proteins from both the supernatant and pellet fractions. 
The analysis was conducted with the phyloseq R package69 to assess 
overall proteomic variation across different species, carbon sources 
and community compositions. Dissimilarity matrices were calculated 
using either Bray–Curtis or Jaccard indexes (PCA or PCoA, respectively). 
Clustering patterns were visualized on both PCA and PCoA plots, the 
statistical significance of group separation was evaluated using ANO-
SIM as implemented in the vegan R package70 with 10,000 permuta-
tions, and P values were corrected using FDR Benjamini–Hochberg 
correction. Plots were generated using the ggplot2 R package71.

Functional redundancy analysis
Proteomic profiles for each bacterial strain were annotated using the 
KEGG database72. Identified proteins per genome, quantified with at 
least two unique peptides and assignable to a single species and in at 
least one fraction (cytosolic or secreted proteins), were mapped to 
KO identifiers and further classified into functional pathways across 
KEGG BRITE levels 1 (broad functional categories), 2 (subcategories) 
and 3 (specific metabolic pathways). In this presence/absence analyses 
performed for functional redundancy interpretation, all peptides, 
including shared peptides, were used, and protein identification was 
performed by Mascot in combination with X!Tandem searches. Only 
KOs associated with KEGG pathway map01100 (metabolic pathways)  
were considered. Heat maps were generated using the pheatmap  
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R package. Functional overlap was calculated as the relative difference 
between the number of distinct KOs observed in a community and  
the total number of distinct KOs expected based on the sum of those 
identified in the corresponding monocultures, using the formula:

FunctionalOverlap (%) =

(ObservedOverlapcommunity − ExpectedOverlapmonocultures)

÷ObservedOverlapcommunity × 100

(1)

To investigate functional overlap within the microbial consortia, 
we focused on recurring KOs that were expected to be shared among 
community members. We categorized these functions into two groups: 
those that were consistently reduced, meaning they were expected 
to overlap but were absent or lost in at least one community member 
(reduced overlap), and those that were consistently maintained, mean-
ing they were expected to overlap and were present in every member 
of the community (maintained overlap). Recurring functions were 
defined as KOs found in at least 10 different bacterial communities. 
To characterize the metabolic pathways associated with these KOs, 
we mapped each KO to its corresponding KEGG modules by querying 
the KEGG REST API73.

A linear regression model was implemented in R using the lm() 
function to assess the relationship between the total number of distinct 
KOs and explanatory variables such as bacterial species, environmental 
conditions and microbial community composition. The variance in  
KO expression attributable to each factor was evaluated using analysis 
of variance (ANOVA).

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

Data availability
The mass spectrometry proteomics data have been deposited in the 
ProteomeXchange Consortium via the PRIDE partner repository74 with 
the dataset identifiers PXD071838, PXD072222 and PXD073583. Source 
data are provided with this paper.
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Extended Data Fig. 1 | Growth of individual bacteria on the two selected 
carbon sources. The growth of each microbial species in fructose or fiber as 
carbon source (n=3 biological replicates) is indicated by their concentration 
as determined by qPCR using specific primers in copies/microliters. Statistical 

significance between conditions was assessed using a two-sided t-test 
performed on log10-transformed values, with the corresponding P values 
indicated in each panel.
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Extended Data Fig. 2 | Community structure of the assembled consortia. Bar plots depicting the microbial composition of each consortium, expressed as a 
percentage, as determined by qPCR using species-specific primers for each bacterial strain in 3 independent biological replicates.
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Extended Data Fig. 3 | Scatter plots of species-specific protein abundances, 
comparing the mixed isolates to the corresponding single-species cultures (A) 
or mixed isolates to the corresponding consortium (B). Each point represents 
a protein, with the x-axis showing the mean abundance (in 3 independent 
biological replicates) in the single-species cultures and the y-axis showing 
the mean abundance in the mixed isolates. Proteins present in both datasets 

are included, and the diagonal indicates perfect correlation. Across 15 out 
of 16 species, strong linear relationships are observed, Pearson correlation 
coefficients (two-sided) are given in Supplementary Table 1 and indicate that 
the proteomic profiles of individual species are largely preserved in the mixed 
isolates and more closely resemble those of the corresponding single-species 
cultures.

http://www.nature.com/naturemicrobiology


Nature Microbiology

Article https://doi.org/10.1038/s41564-026-02310-w

Extended Data Fig. 4 | Growth of bacteria as individuals or in varying community 
compositions. The growth of each microbial species (n=3 biological replicates) 
is indicated by its concentration as determined by qPCR using specific primers  

in copies/microliters. Statistical significance between conditions was assessed 
using a permutation test on the median, and the corresponding P values for 
two-sided permutation tests are indicated in each panel.
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Extended Data Fig. 5 | Species-level proteomic responses are shaped by 
community context. a. Species-level proteomics were analysed for individual 
species, three different pairs and the consortia of four bacterial species. b-i. PCA 
of the overall proteomes (secreted proteins) for each of the indicated bacteria 
(LFQ values) and carbon source in the communities described in A (three 

biological replicates) (with corresponding color coding). Clustering analysis 
of expressed proteins according to the type of culture was performed using 
the ANOSIM test (two-sided) with 10000 randomizations of the data and the 
resulting R and P values corrected using FDR Benjamini–Hochberg are indicated.
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Extended Data Fig. 6 | Distinct proteomic responses of E. hallii across pairwise 
communities on fiber. PCoA of the overall proteomes (LFQ values) for E. hallii 
with various bacterial partners (triplicate biological cultures are indicated by 

distinct color scheme). Clustering analysis of expressed proteins according to 
the type of culture was performed using the ANOSIM test (two-sided) with 10000 
randomizations of the data and the resulting R and P values are indicated.
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Extended Data Fig. 7 | Broad distribution of unchanged and modulated KO 
across metabolic pathways. KEGG metabolic pathway diagrams (map01100) 
for two different four-species consortia grown on either fructose or fiber. Each 
panel displays the KEGG pathway map generated using KEGG Mapper, with either 

unchanged or modulated KOs highlighted in red. The maps illustrate that that in 
all four consortia both unchanged and modulated KOs are broadly distributed 
across the metabolic landscape, with no repetitive patterns or consistent 
clustering or enrichment within specific sub-pathways.
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Extended Data Fig. 8 | Reduction in functional redundancy within four-species 
consortia compared to mixed isolates controls (LFQ presence-absence). 
Heatmaps of KOs within metabolic pathways (map01100) for two different 
four-species consortia grown on either fructose or fiber, alongside their 
corresponding mixed-isolate controls. Each heatmap represents the number of 

detected KOs per species in at least one of the three biological replicates (4 rows) 
and the total number of KOs detected across the entire consortium (bottom row). 
Comparisons reveal a marked reduction in functional redundancy within the 
grown consortia, as they exhibit fewer shared KOs than expected from the mixed 
isolates proteomic analyses. Chi-square test (two-sided) P values are indicated.
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Extended Data Fig. 9 | Reduction in functional redundancy within pairwises 
consortia compared to isolates (LFQ presence-absence). Heatmaps of KOs 
within metabolic pathways (map01100) for all pairwises consortia grown on 
either fructose or fiber, alongside their corresponding isolates. Each heatmap 
represents the number of detected KOs per species in at least one of the three 

biological replicates (2 rows) and the total number of KOs detected across the 
entire consortium (bottom row). Comparisons reveal a marked reduction in 
functional redundancy within the grown consortia, as they exhibit fewer shared 
KOs than expected from the mixed isolates proteomic analyses. Chi-square test 
(two-sided) P values are indicated.
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Extended Data Fig. 10 | Biotic factors drive the majority of proteomic  
variation in F. prausnitzii and M. elsdenii. PCoA for F. prausnitzii (a and c)  
and M. elsdenii (b and d), for the overall predicted proteomes (LFQ values) in 
grown consortia (in blue) or mixed isolates (in grey) for both carbon sources 
(represented by circles and triangles) in A and B, and for overall proteomes  
with various bacterial partners for both carbon sources (represented by circles 

and triangles) in C and D. In all panels, triplicate biological cultures are indicated 
by distinct color scheme and clustering analysis of expressed proteins according 
to the type of culture was performed using the ANOSIM test (two-sided) with 
10000 randomizations of the data and the resulting R and P values corrected 
using FDR Benjamini–Hochberg are indicated.
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