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The statistical physics view of microbial ecosystems often invokes random unstructured interactions, con-
sistent with bacterial coexistence in very high-dimensional niche spaces. While this approach successfully
reproduces broad community-level statistics, its central assumption of high-dimensional coexistence remains
untested due to a lack of direct empirical estimates. Here we evaluate this assumption by inferring the effective
niche dimensionality directly from abundance profile data using a joint species distribution model, a nonlinear
low-rank matrix factorization approach. The inferred niche dimensionality, ηD, tracks ecological expectations: It
correlates significantly with the dimensionality of the metabolic environment across paired 16S-metabolomics
datasets, supporting the abundance-only inference. Applying this framework across nearly 200 human gut micro-
biome studies, we find that the inferred dimensionality is consistently low (median ηD ≈ 4), markedly lower than
median ηD ≈ 13 predicted by diversity-matched disordered consumer-resource models, directly contradicting the
high-dimensional assumption underlying current theoretical models. Low dimensionality was associated with
stronger interspecies competition and reduced biodiversity, consistent with the long-standing macroecological
predictions. Consumer-resource simulations reproduced these empirical relationships only when extrinsic re-
source availability trade-offs were imposed, with species-intrinsic metabolic trade-offs contributing an additional
reduction in the effective dimensionality. Together, our results challenge the high-dimensional assumption
underlying current physics-based descriptions of microbiomes and identify low-dimensional coexistence as an
essential feature of host associated microbiomes.

DOI: 10.1103/rtht-q5dr

I. INTRODUCTION

Host-associated microbiomes are large, complex ecosys-
tems comprising thousands of interacting taxa drawn from
multiple kingdoms of life [1,2]. Despite extensive empiri-
cal and theoretical attention, the basic rules governing their
assembly, stability, and function remain unsettled. A founda-
tional and unresolved question is the effective dimensionality
of these communities, that is, the number of independent
ecological axes required to describe their coexistence.

Different theoretical traditions answer the questions of or-
ganization of complex systems such as microbiomes from
varied perspectives. Statistical physics has long served as
a productive lens for modeling complex biological systems
including neural networks [3], bird flocks [4], and pro-
tein sequences [5]. It typically treats macroscopic order as
emerging from a large collection of randomly interacting de-
grees of freedom. The high-dimensional perspective deeply
influences modern theoretical ecology as well. Much like
spin-glass models in other areas of biophysics, most statis-
tical physics models of microbial communities treat them
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as disordered systems using generalized Lotka-Volterra or
consumer-resource models with random, unstructured inter-
actions [6–15].

The macroscopic predictions of disordered, high-
dimensional models (species abundance distributions,
diversity-stability relations, and occupancy patterns) can often
reproduce patterns observed in real microbiomes [8–12].
However, these are indirect tests: Macroscopic statistics
can be reproduced by multiple models with very different
interaction mechanisms. Notably, the central assumption
of high dimensionality of coexistence itself has never been
directly tested from empirical data.

We seek to infer a dimensionality of microbiomes that is
biologically meaningful rather than a statistical compression
of the data. Hutchinson’s multidimensional niche theory [16]
provides the natural framework. In Hutchinson’s theory, a
species’ niche is the multidimensional set of environmental
conditions that supports its persistence, and coexistence is
promoted when species occupy distinct regions (niches) of
this space, thereby minimizing niche overlap (interspecies
competition) [17,18]. Although Hutchinson’s original formu-
lation of niches was qualitative [19], over the past several
decades ecologists have converted the niche framework into
a quantitative science, developing formal mathematical struc-
tures and empirical methods for estimating niche breadth and
niche volume directly from observational data [18–22].
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A central quantitative parameter in this framework is niche
dimensionality (ηD from here onward), defined as the num-
ber of effective environmental axes governing community
composition [23–25]. In macroecology, higher ηD reduces
competition and facilitates biodiversity, while lower ηD con-
strains it [17,25–28]. Empirical studies additionally link ηD

to community stability, invasibility, and evolutionary diver-
sification [23,29–38]. Niche dimensionality is therefore a
biologically meaningful observable tied to specific predictions
about competition, diversity, and stability. Quantifying it di-
rectly from data turns those predictions into empirical tests.

Unfortunately, estimating niche dimensionality is not al-
ways straightforward because directly cataloging all relevant
environmental axes is often experimentally infeasible. Micro-
bial species’ responses to environmental variables are highly
heterogeneous, and the relevant biochemical variables are typ-
ically correlated with one another, only partially measured,
or entirely unknown. In other areas of theoretical ecology,
this issue is resolved through inference of effective dimen-
sionality from observed community structure, for example,
food-web interaction matrices [39–42], pairwise competition
networks [43], or trait-environment data [44].

Phenotyping bacterial taxa comprising microbial ecosys-
tems is challenging. Consequently, community structures such
as interaction matrices are often unavailable for microbial
ecosystems. In contrast, community composition data (rel-
ative abundances of taxa) is relatively easy to obtain. We
therefore developed a computational approach to infer ηD

from community composition itself.
We used the joint species distribution modeling (JSDMs)

from ecology. JSDMs jointly model species occurrences
against measured environmental variables or, when such mea-
surements are unavailable, against latent variables acting
as effective stand-ins for the environment [45–48]. Specifi-
cally, we use a nonlinear latent-variable JSDM that we and
others have derived directly from the mechanistic consumer–
resource model [49–51]. In this model, the abundance profile
is explained as a nonlinear low-rank matrix factorization, in
which sample-specific latent factors play the role of effective
resources and species-specific loadings the role of consumer
preferences [Eq. (1)]. Latent-variable factorizations of this
form have direct counterparts in other areas of the physics of
complex biological systems, where high-dimensional obser-
vations often lie on low-dimensional manifolds parameterized
by a small number of unobserved variables [52–54], for ex-
ample, in models of neural population activity [55,56] and in
latent-variable models of protein sequence ensembles [57].

We apply this approach to study several microbial ecosys-
tems across different degrees of taxonomic resolution. In
paired 16S rRNA–metabolomics data [58], ηD tracked the
dimensionality of the metabolic environment, suggesting that
abundance data encode niche structure. Applied to ∼105

samples spanning nearly 200 gut microbiome studies [59],
inferred ηD was consistently very low (median ηD = 4), well
below the high-dimensional regime predicted by current mi-
crobiome theory under random, full-rank interactions. This
central finding motivates rethinking microbial coexistence
in terms of structured rather than unstructured interactions,
in contrast to the assumptions underlying current theoret-
ical models. Across studies, reduced ηD was associated
with higher metabolic niche overlap (competition) and lower

biodiversity, consistent with the long-standing macroecolog-
ical prediction that lower-dimensional niche spaces enforce
stronger competition and constrain coexistence [32–34,60].
Consumer-resource simulations recapitulated these empiri-
cal patterns only when correlations among nutrient inflows
(such as those induced by host diet) were imposed, with
species-intrinsic metabolic trade-offs providing a smaller
additional reduction in the effective degrees of freedom.
Additionally, dimensionality was reduced in stressed or diet-
simplified microbiomes and broadly covaried with ecological
stress markers [61,62]. Together, these results indicate that
microbial ecosystems are low dimensional, challenging the
high-dimensional assumptions of current theoretical models.

II. RESULTS

We first introduce a latent variable JSDM [45–48] to infer
ηD from relative abundance data. JSDMs operationalize niche
theory empirically by relating species coexistence to environ-
mental variables. When direct environmental measurements
are unavailable, as in microbial ecosystems, latent-variable
JSDMs replace these with latent variables that act as effective
stand-ins for the environment.

We find that the inferred dimensionality mirrors environ-
mental complexity and is consistent with macroecological
expectations linking dimensionality, competition, and di-
versity. Next, we identify the mechanistic origins of low
dimensionality using consumer-resource simulations with in-
trinsic (metabolic) and extrinsic (environmental) trade-offs.
Finally, we find that host diet and health systematically mod-
ulate microbial niche dimensionality.

Before turning to the analysis, a note on terminology.
Defining “species” in bacteria is intrinsically challenging
[63]: The combination of horizontal gene transfer and asexual
reproduction make the boundaries of bacterial species difficult
to identify [64]. Consequently, the diverse microbial ecology
datasets analyzed here operationalize taxa at different resolu-
tions, ranging from amplicon sequence variants (ASVs) [65]
that identify all unique sequences, to operational taxonomic
units (OTUs) [66] clustered at fixed sequence-identity thresh-
olds, to coarser genus-level groupings. Throughout this text,
we use “taxon” as a unifying shorthand across these different
definitions [67].

A. Latent variable JSDM quantifies niche dimensionality

To estimate microbial niche dimensionality from rela-
tive abundance data, we employ a latent-variable JSDM
formulated as a nonlinear low-rank factorization [49–51]
(see Appendix A):

xso = 1

�s
exp

(
K∑

k=1

zsk θko

)
, (1)

where xso is the relative abundance of taxon o in sample s
(�s is the normalization factor), zsk are sample-specific latent
embeddings representing ecosystem-specific environmental
variables, and θko are species-specific loadings represent-
ing traits that couple to those variables. Notably, we and
others have previously shown that this particular form of
the JSDM can be mathematically derived from the mech-
anistic consumer-resource model, in which zsk specifically
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correspond to time averages of effective nutrient concentra-
tions and θko to consumer preferences [49–51].

Niche dimensionality ηD in this formulation is defined as
the characteristic decay scale of reconstruction error with in-
creasing latent dimension K (Appendix A). Conceptually, ηD

does not enumerate specific environmental variables govern-
ing community composition but rather the number of effective
dimensions that capture the dominant ecological constraints.
Our approach extends to compositional data the inferential
paradigm previously applied to food webs and competition
networks [42,43].

We first assessed whether the abundance-inferred latent
space corresponds to niche dimensions. Specifically, the
JSDM identifies zsk as ecosystem-specific environmental vari-
ables and θko as species-specific traits that couple to those
variables. If the inferred latent space recovers true niche axes,
then (i) species loadings θko should predict species-specific
traits, and (ii) ecosystem embeddings zsk should predict envi-
ronmental measurements, even though both are inferred from
relative abundance data alone.

Given that the metabolism of small molecules plays a
dominant role in determining microbial community struc-
ture [8,11,68,69], we used metabolic phenotypes to support
the ecological realism of our low-dimensional representa-
tion: metabolite-utilization profiles and enzyme content as
species traits and measured metabolite concentrations as
environmental variables. We used several paired 16S rRNA–
metabolomics datasets [58] that simultaneously characterized
community abundance and the metabolic environment for sev-
eral samples.

To test prediction (i), we mapped bacterial taxa to ap-
proximately 7000 genome-scale gut microbial metabolic
models [70] and inferred metabolite usage propensities rmo

via flux balance analysis (FBA) [71,72], where m ∈ [1, 846]
indexes specific metabolites. We set rmo = 1 if organism
o can use metabolite m for growth and zero otherwise
(Appendixes B and C). We and others have previously shown
that while FBA may not accurately capture the quantitative
growth rates of taxa on specific metabolites, it can reason-
ably assess the binary question whether a taxon can use
a particular metabolite for growth [72]. We fit logistic re-
gression models predicting rmo from θko and analogously
predicted genome-annotated enzyme content from θko as a
robustness check. To test prediction (ii), we fit linear regres-
sion models predicting measured metabolite concentrations
directly from zsk . The latent features θko and zsk are in-
ferred from relative abundance data alone, while the validation
targets rmo and measured metabolite concentrations come
from independent sources (FBA on genome-scale metabolic
models, and mass spectrometry, respectively). Given these
independent measurements, a predictive ability for both tests
provides evidence that the latent representation carries a bio-
logical signal about the ecosystem as well as the species. In
all analyses, models using our inferred embeddings consis-
tently outperformed shuffled controls [Figs. 1(c) and 1(d) and
Fig. 7], further supporting that abundance-based latent factors
may capture biologically meaningful microbe-environment
couplings.

Having established that the ecosystem embeddings zsk

predict measured metabolite concentrations [Fig. 1(d)], we

FIG. 1. Latent-variable approach to estimate niche dimensional-
ity ηD. (a) Nonlinear low-rank factorization of relative abundances;
zsk are ecosystem-specific latent embeddings representing environ-
mental variables (effective “resources” in the consumer-resource
interpretation) and θko are species-specific loadings representing
traits (“preferences”). (b) ηD is extracted as the characteristic decay
scale of the reconstruction error vs K curve. (c) Species loadings θko

predict imputed metabolite-utilization profiles (histogram of differ-
ence in log-likelihood vs shuffled). (d) Ecosystem embeddings zsk

predict measured metabolite concentrations (histogram of difference
in Pearson R2 vs shuffled).

asked whether individual niche axes could be assigned a
concrete biological identity. Using the paired 16S-
metabolomics data of He et al. [73], we ordered the inferred
niche axes by the abundance variance they capture (via
singular value decomposition) and, for each axis, used sparse
regression to predict host projections on niche axes from
measured metabolite concentrations (Appendix E, Fig. 8).
Metabolite concentrations alone explained ∼50% of the
host-to-host variance along the leading axes, with explanatory
power falling off sharply beyond the first few dimensions
[Fig. 8(a)]. The metabolites that shaped the dominant niche
axes were dominated by short-chain fatty acids (acetate,
butyrate) and amino acids [Fig. 8(b)], i.e., the shared products
of microbial cross-feeding. The leading niche axes therefore
appear to correspond, at least in part, to a small number of
biologically coherent metabolites rather than being purely
abstract statistical constructs.

The JSDM-based factorization we use is essential for
recovering this niche-dimensionality signal. Linear dimen-
sionality reduction methods such as singular value decom-
position (SVD) applied to log-transformed abundances, a
common practice in microbiome analysis, failed to recover
environmental dimensionality (Fig. 5). This is consistent with
our prior work showing that multinomial-likelihood factor-
ization is more robust to sequencing noise than SVD-type
alternatives [50].

B. Estimated dimensionality reflects environmental complexity
and follows the niche dimensionality hypothesis

Given the prominent role of metabolism in organiz-
ing microbial communities [8], we hypothesized that ηD

inferred from taxon abundances alone should mirror the
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FIG. 2. Niche dimensionality captures environmental complexity and macroecological expectations. (a) ηD estimated from relative
abundances correlates with the dimensionality of the metabolic environment. (b) ηD correlates negatively with metabolic niche overlap
(competition). (c) ηD correlates positively with α diversity (Shannon index).

complexity of the metabolic environment. Indeed, in a large
collection of paired human gut 16S rRNA–metabolomics
datasets [58], ηD correlated significantly with the dimen-
sionality of the metabolite concentration space [Spearman
r = 0.57, p = 4.8×10−3; Fig. 2(a)], where environmental
dimensionality was quantified by singular value decomposi-
tion (Appendix B). Notably, this correlation was significant
regardless of the methodology used to compute dimen-
sionality (Fig. 6). These two dimensionalities are derived
from completely independent measurements: 16S rRNA
gene sequencing (taxonomic abundances) and mass spec-
trometry (chemical concentrations). A statistically significant
relationship across such distinct and noisy modalities is
consistent with the inferred abundance-based axes tracking
low-dimensional variation in the metabolic environment of the
microbiomes.

Having established that ηD tracks environmental complex-
ity, we applied the framework to ∼105 samples spanning
nearly 200 gut microbiome studies [59]. A critical con-
cern when comparing dimensionalities across heterogeneous
datasets is whether observed variations are driven by biolog-
ical differences or by technical artifacts, such as variations in
sequencing depth and number of samples. To mitigate these
effects, we implemented a procedure where we standardized
both the number of samples per study and the sequencing
depth per sample across all datasets (Appendix B).

With these controls in place, ηD estimates (median 4.0,
coefficient of variation 0.23) were very low and varied
significantly across the datasets. We next tested whether
the inferred ηD behaved as expected from macroecologi-
cal theory. Since niche dimensionality limits niche overlap,
lower ηD should coincide with stronger competition and
reduced biodiversity [17,23,25–28]. Indeed, across these
studies, metabolic niche overlap (imputed via FBA; Ap-
pendixes C and B) correlated negatively with ηD [Spearman
r = −0.48, p = 3.1×10−11; Fig. 2(b)]. Conversely, ηD cor-
related positively with α diversity [Spearman r = 0.73,
p = 1.8×10−29; Fig. 2(c)]. The negative association be-
tween ηD and niche overlap remained statistically significant
even after controlling for α diversity [partial Spearman
r = −0.26, p = 6.8×10−4; Fig. 3], further suggesting that
the inferred niche dimensionality is not merely a statistical
artifact but an ecologically meaningful characterization of the
community.

C. trade-offs explain low dimensionality of microbiomes

What is the null expectation for the niche dimensionality
of complex microbial communities? Conventional statistical-
physics treatments simulate disordered consumer-resource
communities tuned to reproduce diversity metrics, often treat-
ing reproduction of these metrics as sufficient. We adopted
this approach as our baseline and asked whether such models
recover the empirical ηD. We selected 50 random microbiome
studies from the ∼200 datasets in the Microbiomap collec-
tion [59]. The diversity metrics of this subset were statistically
indistinguishable from the larger collection (Appendix G 5).
We performed Markov chain Monte Carlo sampling in model
hyperparameters (e.g., magnitude of the consumer prefer-
ence matrix, outflow rates) to match empirical mean α

diversity (Shannon and richness) and β diversity (average
pairwise Jensen-Shannon divergence). While the simulated
microbiomes reproduced diversity metrics with an average
error of less than 10%, their median niche dimensionality
was ηD = 13.2 [11.7, 14.9] (brackets show 25th and 75th
percentiles), significantly higher than the range observed in
real microbiomes (median ηD = 4.0 [3.2, 4.6]) [Fig. 3(b)].
This indicates that real microbiomes are substantially lower
dimensional than the disordered picture, in direct tension
with the central assumption in many theoretical studies of
microbiomes.

How do we explain the low dimensionality of real mi-
crobiomes? The niche dimensionality hypothesis posits that
trade-offs enable high diversity in low-dimensional niche
spaces [32–34,60]. In microbiomes, trade-offs may arise
from intrinsic constraints, including genomic streamlining
(bias toward gene loss) [74] or physiological limitations
(restricted capacity to express multiple metabolic path-
ways) [75]. Following previous work [76–79], we modeled
intrinsic metabolic trade-offs by limiting the ability of species
to excel at utilizing multiple resources towards growth
(Appendix G). In simulations tuned to reproduce empirical
diversity metrics, intrinsic trade-offs enabled species to co-
exist in lower-dimensional niches while preserving richness
[Fig. 3(b)] (median ηD = 9.5 [6.4, 13.4]). However, simu-
lated niche dimensionalities remained significantly higher
than those inferred from real microbiomes.

A second, often overlooked class of trade-offs relevant
to gut microbiomes are extrinsic ones imposed by the
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FIG. 3. Trade-offs generate low dimensionality and empirical covariation. (a) Consumer-resource model (CRM) schematic and simulation
strategy. (b) Box plot of ηD across data and models: The Microbiomap collection [59], shuffled data, baseline models reproducing diversity
metrics, models with intrinsic metabolic trade-offs, models with extrinsic environmental trade-offs, and models with both trade-offs, respec-
tively (brackets represent 25th–75th percentiles). [(c)–(e)] Only the combined-trade-off model recapitulates observed correlations between ηD

and (c) environmental complexity, (d) metabolic niche overlap, and (e) α diversity.

environment, such as host diet. Humans consume nutrients
in the form of food groups (e.g., starches, meats, and fruits)
under roughly constant total calorie intake, so greater con-
sumption of one group reduces intake of others [80,81]. This
covariation generates correlations among metabolite concen-
trations that limit microbial access to independent nutrient
axes. In the context of classical niche theory, correlated envi-
ronments reduce the dimensionality of species niche overlap
(see Appendix H). To that end, we investigated the effects
of environmental trade-offs by simulating consumer-resource
models (CRMs) in which nutrients were supplied as corre-
lated “food groups” [Appendix G, Fig. 3(a)]. Analogous to
the intrinsic metabolic trade-offs, the relative abundances of
individual food groups were constrained to a simplex, repre-
senting a constant total nutrient intake. Incorporating extrinsic
environmental trade-offs markedly reduced the inferred di-
mensionality (median ηD = 6.2 [4.9, 8.1]). Combining both
intrinsic and extrinsic trade-offs further lowered ηD (median
ηD = 5.8 [4.7, 7.0]). Crucially, only models with both trade-
offs reproduced the full empirical pattern set: ηD increased
with environmental dimensionality, decreased with metabolic
niche overlap, and increased with α diversity [Figs. 3(c)–3(e)].
The positive coupling between environmental complexity and
ηD emerged only when environmental trade-offs were present.

Conceptually, these two types of trade-offs play distinct
but complementary roles. Environmental (extrinsic) trade-offs
are conceptually transparent: Correlations among resource
availabilities literally shrink the number of independent eco-
logical axes, directly reducing the effective dimensionality
of the niche space. In contrast, a classical result in ecol-

ogy demonstrates that intrinsic trade-offs among species’
resource preferences are required to maintain species diversity
within low-dimensional niches [60]. In our framework, intrin-
sic trade-offs therefore make coexistence in low-dimensional
niche spaces possible at all, while extrinsic trade-offs explain
why those niche spaces are low dimensional in the first place.
Mathematically, both trade-offs reduce the effective rank of
the species-environment coupling matrix: Intrinsic trade-offs
constrain species preferences to a low-dimensional simplex,
while extrinsic trade-offs introduce correlations among the en-
vironmental axes themselves. Importantly, this unified picture
is fully consistent with both the classical niche dimensionality
hypothesis and our empirical observations: Even with in-
trinsic trade-offs enabling coexistence, lower dimensionality
remains strongly associated with lower observed biodiversity
[Fig. 2(c)].

D. Host diet and health modulate microbial
niche dimensionality

Because niche dimensionality reflects the complexity of
the microbial environment, we hypothesized that host-level
factors such as diet and health [82] should systematically
influence ηD.

To directly test dietary effects on niche dimensionality
(Appendix B), we analyzed longitudinal microbiome data
from mice fed either a high-fat, high-sugar (HFHS) diet
or a low-fat, plant-polysaccharide (LFPP) diet [83]. The
HFHS diet provides a narrow set of rapidly digestible nu-
trients, whereas the LFPP diet supplies a diverse pool of
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FIG. 4. Niche dimensionality tracks diet complexity and health.
(a) Longitudinal mouse microbiomes: Higher ηD under LFPP (di-
verse) vs HFHS (narrow) diets; human infants: higher ηD with
complementary foods vs formula-only. (b) Higher ηD in healthy vs
inflammatory bowel disease or colorectal cancer. (c) ηD correlates
negatively with niche breadth (generalists’ prevalence). (d) ηD corre-
lates positively with predicted total microbial load.

fermentable polysaccharides that yield a chemically rich
oligosaccharide environment. Consistent with this difference
in nutrient complexity, LFPP-fed mice exhibited significantly
higher ηD (Carmody [83], Mann-Whitney U test p value:
5.8×10−35) than HFHS-fed mice [Fig. 4(a)]. Controlled hu-
man dietary studies show similar effects: Animal-based diets
reduce metabolomic complexity, whereas plant-rich diets ex-
pand it [83,84]. In agreement, cross-sectional analysis of
human infant microbiomes [73] [Fig. 4(a)] revealed that in-
fants consuming complementary plant-based foods in addition
to formula had higher ηD than infants fed exclusively on
formula (He [73], Mann-Whitney U test p value: 7.3×10−79).
Together, these results indicate that dietary complexity is as-
sociated with an increase in the dimensionality of microbial
niche space.

Health status showed similar modulation. Across cross-
sectional studies of inflammatory bowel disease [85,86] and
colorectal cancer [87,88], healthy controls consistently ex-
hibited higher ηD than patients [Fig. 4(b)] (Mann-Whitney
U test p values, Jacobs [85]: 1.1×10−99; Franzosa [86]:
1.1×10−99 in both cases; Sinha [87]: 1.1×10−99; Kim [88]:
1.2×10−34 for control versus adenoma and 7.3×10−78 for
control versus carcinoma). More broadly, dimensionality co-
varied with indicators of stress: It correlated negatively with
niche breadth (mean number of resources consumed by bac-
teria) [61] [Spearman r = −0.59, p = 2.4×10−17; Fig. 4(c)]
and positively with total microbial load [62], estimated using
a recently developed machine learning model [89] [Spearman
r = 0.23, p = 2.3×10−3; Fig. 4(d)] (Appendixes C and B).
Together, these analyses identify reduced ηD as a quantitative
signature of stressed or diet-simplified microbiomes and sug-
gest that host-level factors systematically shape the effective
ecological complexity experienced by gut communities.

III. DISCUSSION

A central challenge in ecology is to explain the ori-
gins of biodiversity. Within niche theory, two contrasting
coexistence regimes are often invoked [90,91]: ordered coex-
istence maintained in low-dimensional niche spaces [32,60]
and coexistence emerging from very high-dimensional in-
teractions [92,93]. The former predicts a direct link among
dimensionality, competition, and biodiversity, the so-called
niche dimensionality hypothesis [32–34], while the latter has
dominated physicists’ view of microbiomes [6–15].

Here we set out to empirically test the assumption of high-
dimensional coexistence in microbial ecosystems. We used
the niche dimensionality ηD as our metric and developed a
nonlinear low-rank latent-variable approach to infer it directly
from relative abundance data. The inferred ηD was consis-
tent with long-standing ecological expectations: It tracked the
dimensionality of the metabolic environment and correlated
negatively with metabolic niche overlap and positively with
α diversity. Across ∼200 gut microbiome studies, ηD was
consistently low (median ≈4), well below the value ηD ≈ 13
predicted by diversity-matched disordered consumer-resource
models. This contradicts the high-dimensional assumption un-
derlying current theoretical models of microbiomes [6–15].
Consumer-resource simulations recapitulated the empirical
low dimensionality and its full pattern of couplings only when
both intrinsic metabolic trade-offs and extrinsic environmen-
tal trade-offs (correlated nutrient supplies, as imposed by host
diet) were imposed.

Although intrinsic and extrinsic trade-offs together reduced
the simulated ηD from 13.2 to 5.8, a small residual gap re-
mained relative to empirical microbiomes (median ηD ≈ 4),
suggesting that additional mechanisms further compress the
effective dimensionality. Metabolic cross-feeding and syntro-
phy couple the production of secondary metabolites to the
consumption of primary resources, generating highly corre-
lated nutrient pools [68,94–96]. Phylogenetic conservation of
traits [97] may potentially reduce the effective dimension-
ality of competition. Coupled abiotic variables such as pH
and temperature [98] introduce further correlations across
environmental axes. Finally, gut microbiomes experience dy-
namic feast-famine cycles [99] driven by episodic nutrient
intake [100]; out-of-steady-state phenomena, correlated cell
death during famine, and synchronized growth during nutri-
ent pulses [95,101] can also act as temporal bottlenecks that
further collapse the effective dimensionality. Disentangling
these contributions empirically is a natural direction for future
work.

Our findings challenge a broad class of models that
has dominated theoretical microbial ecology. Many current
frameworks [8,11–15] reproduce community-level statistics
by drawing interactions or consumer preferences independent
and identically distributed from a fixed distribution, effec-
tively assuming extremely high-dimensional niches [90,91].
Consistent with this, our randomly initialized consumer-
resource models captured species abundance distributions
but failed to reproduce the low ηD observed empirically.
Future theoretical descriptions must therefore explicitly in-
corporate dimensionality constraints, low-rank or correlated
structure in resource supplies for consumer-resource models,
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and low-rank interaction matrices for generalized Lotka-
Volterra systems [27–29,90,91]. Notably, empirical analyses
in plants [43] and microbes [102] likewise reveal structured
competition matrices, suggesting that dimensional constraints
on coexistence represent a general ecological principle rather
than a microbial peculiarity.

Powerful analytical tools such as dynamic mean-field
theory [103,104] have illuminated the typical dynamics of dis-
ordered consumer-resource systems by mapping an N-species
community onto an effective single-species description. This
approach is well suited to species-level quantities but does not
directly address collective community-level properties such
as niche dimensionality, which depend on how coexistence
is organized across correlated environmental axes shared by
species. Extending such methods to capture collective struc-
ture, as has recently been done in neuroscience [105], is an
open and important theoretical direction.

These findings also motivate experimental tests. Tar-
geted measurement of metabolic trade-offs in environmentally
relevant taxa, characterization of correlated environmental
variables in host-associated environments, and identifica-
tion of structured competition matrices in defined synthetic
communities [43,102] would directly probe the dimensional
constraints we identify here.

More broadly, the low dimensionality we observe in mi-
crobial communities is part of an emerging pattern across
high-dimensional biophysics. Efforts to coarse-grain mi-
crobial community composition, whether by linking it to
aggregate functions [106–108] or by capturing its fluctuations
through a small number of dominant modes [109,110], re-
flect a growing recognition that ecological complexity often
collapses onto a few effective axes. Comparable dimensional
compression has been documented across biological scales,
from correlated neural population activity to low-dimensional
protein mutational landscapes [54,55]. Notably, our own work
has shown that the consumer-resource model can be recast as
a latent-variable system [50,51], suggesting that low dimen-
sionality may represent a unifying organizational principle of
complex biological systems [53].

In summary, the assumption that microbial coexistence
is governed by effectively infinite, independent ecological
axes is not borne out empirically. Both observations and
mechanistic simulations indicate that microbial communities
are organized along a small number of effective dimen-
sions, shaped by intrinsic metabolic trade-offs and extrinsic
environmental correlations. By inferring niche dimensional-
ity directly from abundance data, our framework provides
a quantitative bridge between statistical-physics models of
microbiomes and the long-standing traditions of niche theory
in macroecology.
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APPENDIX A: JOINT SPECIES DISTRIBUTION MODEL

Traditional JSDMs model species abundances as functions
of measured environmental covariates [45–48], capturing
the portion of ecological variation explained by known or
measured factors. In contrast, their latent-variable exten-
sions [48–51] invoke unobserved environmental axes that
capture shared, unmeasured, or unknown environmental in-
fluences shaping community composition.

Here we use a latent variable JSDM that can be derived
from the consumer-resource model [49–51]. Specifically, the
relative abundance of taxa are modeled as a nonlinear low-
rank matrix factorization:

xso = 1

�s
exp

(∑
k

zskθko

)
, (A1)

where xso is the relative abundance of taxon o in sample s,
zsk are sample-specific latent embeddings (latent “resources”),
and θko are species-specific latent embeddings (latent prefer-
ences).

1. Fitting the model to data

We consider that we have measured abundances nso of
species o ∈ [1, O] in samples s ∈ [1, S]. We assume that the
total read count N = ∑

o nso is constant across all samples.
The multinomial likelihood of the data nnn given the model
parameters zzz and θθθ is given by

p(nnn|zzz, θθθ ) =
∏

s

N!∏
o nso!

∏
o

1

�s
exp

(
−

∑
k

zskθko

)
. (A2)

The log-likelihood L (up to an additive and a multiplicative
constant) is given by

L =
∑

qso log xso, (A3)

where qso = nso/N are the observed relative abundances. We
obtain the latent embeddings using a maximum likelihood
approach. The gradients are given by

∂L
∂zsk

=
∑

o

(qso − xso)θko, (A4)

∂L
∂θko

=
∑

k

(qso − xso)zsk . (A5)

We fit the model to the data using simple gradient descent.
The learning procedure is stopped when the sum of the
magnitudes of the relative gradients falls below a threshold,
|∂L/∂z|

|z| + |∂L/∂θ |
|θ | � 10−2.

2. Estimating niche dimensionality

Niche dimensionality was calculated based on the rate of
decrease of the Kullback-Leibler (KL) divergence between
data and fit (error function for the gradient descent) with
increasing dimension of the latent space (K). To capture the
rate of decrease, KL divergence for K = 1 to 5 was fit with an
exponential function:

KL(k) = A exp (−k/ηD). (A6)
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FIG. 5. PCA-based dimensionality does not recover environ-
mental dimensionality. (a) JSDM-based ηD correlates strongly
with environmental dimensionality (computed from metabolomics
data); Spearman R = 0.57, p = 4.8×10−3. (b) PCA-based dimen-
sionality, computed as the participation ratio of PCA eigenvalues
on log-transformed abundances, shows no significant correlation;
R = 0.04, p = 8.7×10−1.

The coefficient ηD in the exponent was defined to be the
niche dimensionality. The fit to the exponential function was
performed by log-transforming the KL divergences and using
linear regression based on L2-norm.

3. Comparison with linear dimensionality reduction

We tested whether linear dimensionality reduction can
also recover environmental dimensionality from micro-
biome relative abundance data. We estimated a PCA-based
dimensionality ηPCA

D using the PCA eigenvalues on log-
transformed abundances following the same procedure as
used to estimate environmental dimensionality and compared
both estimates against environmental dimensionality com-
puted from matching mass-spectrometry metabolomics. The
JSDM-based ηD correlates strongly with environmental di-
mensionality [Fig. 5(a), Spearman R = 0.57, p = 4.8×10−3].
The PCA-based estimate does not [Fig. 5(b), R = 0.04, p =
8.7×10−1]. The choice of dimensionality-reduction method
therefore materially affects whether the inferred dimensional-
ity recovers the underlying environmental structure.

APPENDIX B: DATA CURATION

1. The Microbiomap collection

Microbiomap is a large collection of human microbiome
datasets, processed uniformly across ∼400 different datasets
comprising ∼1.7×105 independent samples [59]. Individual
datasets had varying samples (ranging from ∼10 to ∼1000),
very different number of bacterial ASVs, and total read count.
To reduce potential biases related to sample size, number
of bacteria, and read counts, we randomly subsampled all
datasets to 5000 reads 10 times to create 10 variants. To
eliminate the bias arising from varying number of samples,
we subsampled all datasets to 100 samples (we only included
datasets with more than 100 samples). This process was also
repeated 10 times. Therefore, there were 100 total replicates
for each project. To minimize technical noise in abundance
measurements [111], we only included bacteria whose av-
erage relative abundance across samples was >0.1%. After
this filtering, only the datasets with >70 ASVs were used for
further analysis.

The total load for each sample [Fig. 4(d)] was estimated
using a recent machine learning method [89]. The total load
for a dataset was reported as the average across samples.

2. Paired 16S-metabolomics data

We used a large curated collection of paired 16S mi-
crobiome composition and metabolomics datasets [58] to
investigate the relationship between metabolomics and niche
dimensionality. Metabolomics data were log-transformed and
z scored to standardize different metabolites. Metabolomics
datasets often have many zeros. To avoid taking logarithms of
zeros, in every dataset, we offset all metabolite measurements
by the 10th percentile of the nonzero abundance prior to log-
transformation.

Niche dimensionality for the microbiome was computed
as described in the main text. The dimensionality of the
metabolic environment was computed by performing singular
value decomposition on the log-transformed metabolomics
data and fitting an exponential decay to the singular value
spectrum. To avoid artifacts related to sample size, we sub-
sampled each dataset to 50 samples (or 70% of the sample
size if the sample size was lower than 50). Each dataset was
subsampled randomly to the value determined by the above
procedure 100 times. The quantities of interest (niche dimen-
sionality and environmental complexity) for each dataset was
then calculated as the mean of that across the 100 replicates.

The taxonomic resolution varied across studies: ASV-
level for DADA2-processed 16S studies, species-level for
kraken+bracken-processed shotgun studies, and genus-level
for one legacy OTU study (Sinha 2016), all unified under the
GTDB taxonomic reference.

3. Other studies

Other studies analyzed in this work included mouse lon-
gitudinal microbiomes [83] and infant microbiomes [73], and
both were reported at the taxonomic resolution of OTUs.

a. Robustness of the dimensionality correlation

To ensure that the observed correlation between the niche
dimensionality and the dimensionality of the metabolic en-
vironment (Spearman r = 0.57, p = 4.7×10−3) was not an
artifact of the chosen fitting cutoffs or the specific metric used,
we performed two robustness checks.

First, we varied the maximum number of latent com-
ponents (K) used to fit the exponential decay of the KL
divergence. The correlation between the two dimensionali-
ties remained consistently strong and statistically significant
across a wide range of cutoffs: K = 4 (r = 0.50, p = 0.016),
K = 6 (r = 0.67, p = 4.1×10−4), K = 7 (r = 0.69, p =
2.7×10−4), K = 8 (r = 0.66, p = 6.4×10−4), K = 9 (r =
0.65, p = 7.3×10−4), and K = 10 (r = 0.66, p = 5.5×10−4)
[Fig. 6(a)].

Second, we tested whether alternative dimensionality met-
rics could recover the same qualitative relationship without
relying on an exponential decay fit. To do so, we calcu-
lated the participation ratio (PR) and the Shannon entropy
directly from the list of KL divergences obtained when fitting
the JSDM with an increasing number of latent dimensions.
We then correlated these metrics with the PR and Shannon
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FIG. 6. Robustness of the microbiome-metabolome dimensionality correlation. (a) Scatter plot of environmental dimensionality versus
niche dimensionality computed across different fitting cutoffs (K). (b) Correlation between the participation ratio of the metabolomics singular
values and the participation ratio of the JSDM KL divergences. (c) Correlation between the Shannon entropy of the metabolomics singular
values and the Shannon entropy of the JSDM KL divergences.

entropy computed from the singular values of the correspond-
ing metabolomics data. Notably, we found strong, statistically
significant correlations between the two domains using both
PR [Spearman r = 0.67, p = 5.4×10−4; Fig. 6(b)] and Shan-
non entropy [Spearman r = 0.68, p = 3.5×10−4; Fig. 6(c)].
This confirms that the observed coupling between microbial
and environmental complexity is a robust biological feature of
the data, independent of the specific mathematical formulation
or cutoffs used to quantify dimensionality.

b. Predicting metabolomics using learned ecosystem embeddings

Each dataset was subsampled 20 times wherein each time
50 random samples (or 70% of the total number of samples if
the total number of samples was less than 50) were selected.
This dataset was fit with the latent variable JSDM with K =
10 latent variables. The following procedure was performed
on this learned set of latent variables and a shuffled set where
the shuffling was performed for each latent variable sepa-
rately. This preserved the distribution of each latent variable
across samples. The latent variables were then split into train-
ing and testing sets with a ratio of 80% and 20% respectively.
A linear model was trained on the training set to fit to the
corresponding metabolite concentrations. The performance of
latent variable predicting the metabolite concentrations was
quantified as the difference in out of sample Pearson R2 of
the top 10% of best predicted metabolites. The Pearson R2 for
the same metabolites predicted by the shuffled latent variables
with their own linear model served as the null model.

4. Host health and diet

The datasets studying host health and diet were processed
as follows. To eliminate sample size effect, each group in a
study was randomly subsampled to 20 samples. Niche dimen-
sionality was calculated on this smaller dataset of 20 samples
and the process was repeated 300 times. The infant milk
study [73] and the murine microbiome diet study [83] were a
mix of longitudinal and cross-sectional data. This was handled
in infant milk study by grouping samples from a subject and
replacing it with its mean, effectively making the dataset cross
sectional. In the murine diet study, niche dimensionality was
determined for the longitudinal microbiome data for each
mouse separately.

APPENDIX C: EVALUATING NICHE OVERLAP
USING FLUX BALANCE ANALYSIS

1. Obtaining the metabolite preference matrix

Microbial species survival in the gut largely depends on
the ability of species to metabolize available nutrients for
growth [8,69]. To approximate the metabolic niches of gut
bacteria, we analyzed thousands of manually and computa-
tionally curated genome-scale metabolic models [70] using
FBA [71]. Although FBA does not yield quantitative prefer-
ence parameters, it reliably predicts whether a species can use
a particular resource [72].

To that end, we identified resources as annotated exchange
reactions. In any particular model (representing a bacterial
species and often a specific bacterial strain), we first allowed
all exchange reactions to have an influx of a fixed amount
and maximized the growth rate (biomass production). We
then individually increased the upper limit of influx for each
exchange reaction and calculated maximum growth rate. The
nutrients that were able to increase the growth rate were
deemed to be those that the model could use for growth. All
calculations were performed anaerobically (setting influx of
molecular oxygen to zero). We did not differentiate between
resources that contributed carbon, nitrogen, sulfur, etc. At the
end of the calculation, we obtained a binary matrix that repre-
sented predicted abilities (presence or absence) of individual
models to use individual metabolite resources.

2. Mapping flux balance analysis models to taxa

For every subsampled dataset (see above), we aimed to
match the ASVs to the ∼7000 genome scale metabolic mod-
els. To do so, we used taxonomy in a hierarchical manner. For
every ASV, we matched the closest fine-grained taxonomic
label to that of the genome scale models. We only allow map-
ping to the class level. Any mapping at a broader taxonomic
resolution was discarded. This way, each ASV was potentially
mapped to multiple metabolic models (corresponding to mul-
tiple consumer and preference vectors). For calculating the
niche overlap and mean number of resources consumed, we
randomly chose one of these vectors.

3. Niche overlap calculation

Niche overlap in the consumer-resource model was calcu-
lated as follows. Each organism (consumer) was represented
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as a binary vector of resource preferences. For an average
k-tuple of organisms k ∈ [2, 6], we first estimated the number
of resources consumed by all k organisms by first randomly
drawing k organisms from the ecosystem and then averaging
over multiple draws. The upper limit of k = 6 was chosen
due to computational constraints arising from combinatorial
nature of this calculation.

Due to the sparsity of the resource preference matrix, the
average overlap between k species decreases with increasing
k. The null expectation for this decrease for a given spar-
sity ρ of the consumer preference matrix and the number of
resources M is simply Mρk . For each k, we computed the
competition as the ratio of the estimated overlap to the null
expectation. The total niche overlap was defined as the sum
over all values of k.

The same procedure was followed for niche overlap cal-
culation in microbiomap with only the null model being
calculated differently. The null model for microbiomap was
simply the niche overlap calculation performed from a random
set of bacteria selected to have a similar consumer preference
matrix sparsity.

a. Niche breadth

In any given dataset, the niche breadth [Fig. 4(c)] was esti-
mated as the mean number of resources consumed by bacteria
(after mapping bacteria to resources, see above). As above,
only bacteria with mean abundance >0.1% were included in
the analysis.

b. Predicting species-preferences using learned taxon loadings

For each replicate of a dataset, the latent variable JSDM
was trained with 20 latent variables. The species loadings
θko learned from this procedure was used as a regressor in
a logistic regression model to predict the average consumer
preference matrix constructed using the mapping to FBA
models described above. Specifically, we fit the utilization
profiles for 846 distinct metabolites. The plot is a histogram
of the difference in the log-likelihood of the model fit of all
resources across all taxa used the learnt θ and corresponding
shuffled θ .

APPENDIX D: PREDICTING GENOME-ANNOTATED
ENZYME CONTENT

To ensure our results were not artifacts of the assumptions
inherent to FBA, we performed a complementary analysis us-
ing genome-annotated enzyme content. Instead of simulating
metabolic fluxes, we constructed a binary matrix indicating
the presence or absence of specific metabolic enzymes for
each bacterial taxon based on genomic annotations.

Using the same logistic regression approach applied to
the FBA preferences (Appendix C), we tested whether the
inferred species loadings θko could predict this enzyme gene
content. In total, this complementary analysis evaluated the
presence or absence of 7780 individual metabolic genes. As
with the FBA-derived preferences, the JSDM embeddings
significantly outperformed shuffled controls in predicting the
presence of metabolic enzymes (Fig. 7), demonstrating that
the latent space captures real biological structure independent
of FBA-specific simulation parameters.

FIG. 7. Species loadings predict genome-annotated enzyme con-
tent. Histogram of the difference in log-likelihood of the logistic
regression model predicting enzyme presence or absence using the
learned species loadings (θko) versus shuffled controls.

APPENDIX E: IDENTIFYING METABOLITES
THAT SHAPE NICHE AXES

To provide an explicit biological interpretation of the
learned latent dimensions [Fig. 1(d)], we utilized the paired
16S-metabolomics dataset from He et al. [73]. In Fig. 8, we
show the results for the study group of infants consuming
complementary plant-based foods in addition to formula. The
dataset was preprocessed by taking the natural logarithm of
metabolite concentrations after offsetting zeros to 10% of the
minimum nonzero concentration. To ensure robustness, we
performed the analysis across 100 random subsamples of the
data, drawing 70% samples per iteration.

In each iteration, we inferred the ecosystem embeddings
(zsk) and species loadings (θko) with K = 10 latent dimen-
sions. We reoriented and ordered the learned latent dimen-
sions by performing SVD on the reconstructed exponent ma-
trix (zθ ), yielding axes ordered by the variance they capture.

We then applied L1-regularized (Lasso) regression to pre-
dict each resulting latent dimension from the measured
metabolite concentrations. A binary search mechanism was
employed to find the optimal regularization penalty (α) that
selected approximately a target of 10 nonzero metabolic fea-
tures, enforcing sparsity for biological interpretability. The
predictive performance along each axis was quantified by
calculating the mean Pearson R2 across the 100 iterations.
As demonstrated in Fig. 8(a), the leading niche axes that
capture the most variance are also those that are best predicted
by specific metabolite concentrations. Furthermore, by eval-
uating the specific Lasso coefficients on the top dimensions
[Fig. 8(b)], we can isolate the nonzero predictors, identifying
metabolites such as short-chain fatty acids (e.g., acetate and
butyrate) and amino acids as the principal biochemical drivers
defining these microbial niche spaces.

APPENDIX F: ALTERNATIVE METRICS TO COMPUTE
NICHE DIMENSIONALITY

To further validate our approach to compute niche dimen-
sionality (Fig. 1), we compared estimated ηD to other standard
metrics to infer matrix dimensionality. Specifically, we chose
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FIG. 8. Identifying specific metabolic drivers of the niche space. (a) Predictive performance (mean Pearson R2) of sparse Lasso regression
models predicting individual niche axes from measured metabolites. Niche dimensions (x axis) are ordered by the amount of variance they
capture in the niche space (via SVD). Error bars represent the standard error of the mean across 100 random subsamples of the data. (b)
Scatterplot of the Lasso regression coefficients of the metabolites for the first two dominant niche dimensions. Metabolites selected by the
sparse regression (having nonzero coefficients) are highlighted in red and labeled, explicitly identifying the specific biological variables that
define these primary niche axes.

participation ratio [112] and spectrum entropy [113]. The
first step in determining these two metrics for any matrix is
computing the singular value decomposition to obtain singu-
lar values {λi}. The PR and spectrum entropy (SE) are then
defined as

PR =
(∑

i λi
)2∑

j λ
2
j

, (F1)

SE = −
∑

i

λi∑
j λ j

log
λi∑
j λ j

. (F2)

We compute the two metrics by first performing latent vari-
able inference with a large latent dimension (K = 20) and
then performing singular value decomposition on the matrix
M = Z×
.

Both these metrics were corrected by a null model. Cor-
rected metrics correlated very strongly with our estimate of
the niche dimensionality (with a Spearman R of 0.76 and
0.88, respectively, Fig. 9). Null model correction was done
as follows. The metric of choice is calculated for the regular
relative abundance data and for the relative abundance data

shuffled such that the relative abundance of each taxon is shuf-
fled across samples after which each sample is renormalized
to sum up to 1. The null-model-corrected metric is then the
difference between the two.

APPENDIX G: CONSUMER-RESOURCE
MODEL SIMULATIONS

1. Solving the CRM as a convex optimization problem

The consumer resource model simulations were performed
as convex optimization problems similar to the community
simulator package by Marsland et al. [114].

We first start with the equations describing the CRM:

1

no

dno

dt
= μo(t ) =

K∑
k=1

rk (t )θko − δ, (G1)

drk

dt
= Jk − rk (t )

∑
o

no(t )θko − rk (t )

τ
. (G2)

The convex optimization problem to determine community
composition is stated as follows. We want to minimize the

FIG. 9. Participation ratio and spectrum entropy correlate strongly with estimated ηD.
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Kullback-Leibler divergence between Jk/δ and rk given by

KL(J̃/δ, r̃) =
∑

k

Jk

δ
ln

(
Jk

δrk

)
− (Jk − rk ), (G3)

subject to the constraint that μo(t ) � 0. The consumer popula-
tions are the Lagrange multipliers that impose the constraints.

2. Parameter selection

To explore the parameter space of the consumer resource
models, we first look at the set of equations satisfied at steady
state is given by

no

[∑
k

θkork − δ

]
= 0,

1

τ
(r′

k − rk ) −
∑

o

θkonork = 0, (G4)

where we have rewritten the inflow rate in terms of the dilu-
tion rate, Jk = r′

k/τ . r′
k is the steady-state value the resources

would take in the absence of consumers. We define θ̂ko =
θko/
, r̂′

k = r′
k/R, and r̂k = rk/R which are dimensionless

quantities,

no

[∑
k

θ̂kor̂k − δ


R

]
= 0,

r̂′
k − r̂k − 
τ

∑
o

θ̂konor̂k = 0. (G5)

We see that just two combinations of parameters, δ/(
R) and

τ , capture the entirety of the variation at steady state once r̂′

k

and θ̂ko are fixed. θ̂ko is chosen to be a uniform sparse matrix
with a density of 10% and r̂′

k is sampled from a uniform dis-
tribution. To simulate the variation between samples within a
dataset, we generate each sample’s inflow, r′

ks where s denotes
the sample index, from a Gaussian distribution centered at
r′

k with a variance of σ r′2
k . σ , 
, and δ/
 along with ρ,

which will be introduced in Appendix G 4, are parameters we
optimize with simulated annealing.

3. Implementing intrinsic metabolic trade-offs

For the simulations with intrinsic metabolic trade-
offs [76,77], we normalized the randomly sampled consumer
preference matrix, θ̂ , by the sum of each species’ preference
vector,

∑
k θ̂ko. As a result, the preference vectors for all

species summed up to 1. This matrix was then scaled by 


chosen by the simulated annealing procedure.

4. Implementing environmental trade-offs

We capture the systematic variation of environmental in-
fluence on samples by grouping the presence or absence of
resources. As an example, a typical person’s diet comprises
multiple food groups (starches, proteins, fiber, etc.). These
food groups have their own set of metabolites where some
of these metabolites are present in only one group and some
are shared by both groups.

FIG. 10. Niche dimensionality and correlations with consumer or resource simulations with 50 resources.
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FIG. 11. Violin plots of niche dimensionality versus number of food groups in the consumer or resource simulations.

In our simulations we enforce this structure by generating
scaling vectors that alters the magnitude of the resource inflow
rates across samples. These scaling vectors are generated as
random linear combinations of different masking vectors �mi,
which are binary vectors that denote the presence or absence
of a resource in a particular food group i. The scaling vector
of sample s, denoted by �ζs, is given by

�ζs = 1

ρ

Nm∑
i=1

αsi∑
j αs j

�mi, (G6)

where Nm is the total number of masking vectors, ρ is the
density of the masking vectors, �mi is the ith masking vector,
and αsi are the relative abundances of individual food groups
(
∑

i αsi = 1), which are sampled from a uniform distribution
for each sample and then normalized.

5. Simulation details

To investigate the role of metabolic and extrinsic trade-
offs, we randomly selected 50 datasets from the Microbiomap
collection [59]. The niche dimensionality, α diversity, species
richness, and β diversity of this subset was statistically indis-
tinguishable compared to the larger set, with p values of 0.26,
0.59, 0.51, and 0.26 respectively.

All the simulations in the main text started with 250 re-
sources, 700 consumers, and a consumer preference matrix
with 10% sparsity. The preferences values were uniformly
distributed between 0 and 
 (a hyperparameter of the model).
The mean resource inflow values were also sampled from a
uniform distribution from 0 to R (another hyperparameter)
which was set to R = 5. For the simulations with environmen-
tal trade-offs (see above), the masking vectors together were
sampled from a random sparse matrix with density ρ and the
α matrix was populated with random samples from a uniform
random distribution between 0 and 1.

Notably, the total number of resources did not affect our
overall conclusions. Model simulations with 50 resources also
reproduced low niche dimensionality distributions with trade-
offs and the observed empirical relationships between niche
dimensionality and community structure. Simulations with
50 resources without metabolic trade-offs can only support

at best 50 consumers. Therefore, we only performed these
calculations with metabolic trade-offs (Fig. 10).

We pooled the results from two to seven food groups. The
distribution of niche dimensionality remained largely consis-
tent above the seven food group threshold (Fig. 11).

APPENDIX H: RESOURCE COVARIATION
AND NICHE DIMENSIONALITY

In this section we will show how environmental covariation
reduces the dimensionality of niche overlaps. The calculation
follows classic treatment by MacArthur [17,25,26] that esti-
mates niche overlap as Gaussian overlap integrals. Assume
that there is a D-dimensional resource space in which the
niche of an organism is expressed a normal distribution,

Ci(r) = N (r; ri,�i )

= 1√
(2π )D|�i|

exp

(
−1

2
(r − ri )

T �−1
i (r − ri )

)
.

(H1)

Here Ci(r) is the population size (or growth rate) of organism
i if the niche variables take the value r.

Most standard niche overlap calculations assume that r are
uniformly distributed [17,25,26]. Here we explicitly account
for correlations in the environment. To that end, let S(r) =
N (r, rR,�R) denote the distribution over environmental vari-
ables, assumed to be a multivariate Gaussian distribution with
mean rR and a covariance matrix �R.

We define the competition between two species i and j to
be the overlap integral

χi j =
∫

Ci(r)Cj (r)S(r)dr. (H2)

To evaluate the integral, we shift the coordinate frame so
that the mean of the environmental variable distribution rR

is at the origin. We define means of the organism’s niche
preference distribution from this frame to be xi = ri − rR and
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x j = r j − rR, the pooled inverse covariance as �−1
P = �−1

i +
�−1

j + �−1
R , and the pooled mean μP = �P(�−1

i xi + �−1
j x j ).

The overlap integral can be expressed as

χi j = |�P|1/2√
(2π )2D|�i||� j ||�R|

× exp

(
−1

2

[
xT

i �−1
i xi + xT

j �
−1
j x j − μT

P�−1
P μP

])
.

(H3)

We now impose structure in the environment by assuming
that the resources are sampled from a lower-dimensional
space (of dimension k < D). To do so, we assume r =
Bu, where B is a D×k matrix whose columns form an
orthonormal basis. To work in the subspace we transform
distributions in the k-dimensional space of u. We have
uR = 0, �R = BT �RB, ui = BT (ri − rR), and �i = BT �iB.
The transformed k-dimensional Gaussian PDFs are given

by

Ci,k (u) = 1√
(2π )k|�i|

exp

(
−1

2
(u − ui )

T �−1
i (u − ui )

)
.

(H4)

With these definitions, the niche overlap in the lower-
dimensional space is given by

χi j,k = |�P|1/2√
(2π )2k|�i||� j ||�R|

× exp

(
−1

2

[
uT

i �−1
i ui + uT

j �
−1
j u j − μT

P�−1
P μP

])
,

(H5)

where �−1
P = �−1

i + �−1
j + �−1

R is the pooled inverse covari-

ance and μP = �P(�−1
i ui + �−1

j u j ) is the pooled mean.
A comparison of Eqs. (H3) and (H5) shows that restrict-

ing the environments to a lower dimension leads to overlap
matrices that are computed in a lower-dimensional space as
well [27,28,43,102].
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