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INTRODUCTION: The human gut microbiome is a complex ecological
system crucial for host health. Dysbiosis—i.e., the imbalance of gut
microbial communities—is associated with a wide range of diseases,
including obesity, diabetes, inflammatory bowel disease (IBD),
Clostridioides difficile infection (CDI), irritable bowel syndrome (IBS),
and colorectal cancer (CRC). Therapeutic approaches, such as fecal
microbiota transplantation, dietary interventions, and probiotics, aim
to restore balance by reshaping community composition. However,
their outcomes remain inconsistent and unpredictable, in part owing to
our limited understanding of the metabolic and ecological interactions
that govern microbiome dynamics. The latter has also prevented the
development of robust biomarkers to distinguish health from disease.

RATIONALE: Previous studies have suggested that health and dysbiosis
may represent alternative community states but have not provided a
mechanistic justification. Most efforts to define dysbiosis aim to
identify bacterial taxa or functions that may differ between healthy
and diseased communities or assume that reduced diversity is a
universal hallmark of disease. However, such signatures vary across
conditions and cohorts and fail to capture the ecological principles
that shape disease states. To provide a more mechanistic understand-
ing of gut microbial dynamics in health and disease, we developed a
metabolically explicit model in which bacterial interactions arise
naturally from competition for shared resources and cross-feeding.

RESULTS: The model reproduces key macroecological patterns and
captures the functional redundancy characteristic of real gut
microbiomes. Moreover, our model revealed the emergence of two
distinct ecological states (healthy and dysbiotic states) whose o and f
diversities, dominance indices, and numbers of functions and excreted
metabolites closely resembled those observed in real microbiomes.
The healthy state was dominated by competitive interactions, whereas
the dysbiotic state was shaped by tightly connected cross-feeding
consortia. We also developed the ecological network balance index
(ENBI), a metric that measures the relative contribution of positive
versus negative interactions and reliably separates healthy from
dysbiotic states. Calculating the ENBI for the model and metagenomic
data for IBD, IBS, CDI, and CRC showed that, in all cases, diseased
microbiomes exhibited higher ENBI values. Our metric also correlated
with disease stage. These results proved robust across subsampling,
geography, taxonomic levels, and profiling methods.

CONCLUSION: Unlike diversity-based metrics, which vary across
diseases and cohorts, the ENBI consistently distinguishes healthy
from diseased states and even tracks disease progression, offering a
path toward robust, noninvasive early warning indicators of disease.
The ENBI also provides mechanistic insights: Our results show that
dysbiosis is associated with a shift in the community interaction
network, with positive interactions increasingly dominating over
negative ones. Our framework is both general and extensible, and
thus it can be adapted to incorporate additional biological features
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Consortia of gut bacterial cells on villus tips (projections from intestinal
mucosa). Gut bacterial cells are shown in assorted colors, and the villus tips are
brown. The color highlights the contrasting size of the bacteria and the barren-
appearing cliffs of intestinal cells and chasms. Our model and metric reveal that
positive interactions dominate in diseased gut microbiomes, whereas negative
interactions dominate in healthy ones. We track disease emergence and progression
monitoring this ecological balance. [Image credit: X. Zhang; edits: A. J. Roldan]

for the study of specific gut phenomena and be readily applied to
other microbiomes (from the vaginal and oral to plant and soil
ecosystems), or it can be used for the study and prediction of
potential outcomes in therapeutic interventions. By linking
microbial ecology with clinical research, our framework advances
precision medicine and supports the development of more personal-
ized strategies to maintain or restore gut health. [
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and disease
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Imbalances in the human gut microbiome, or dysbioses, are
associated with multiple diseases but remain poorly
understood. Existing biomarkers of dysbiosis fail to capture the
ecological mechanisms that differentiate healthy from diseased
microbiomes. We have developed a metric, the ecological
network balance index (ENBI), that quantifies the balance
between positive and negative microbial interactions. This
metric was inspired by the phenomenology observed in a model
for gut microbiome dynamics that we introduce in this work,
which revealed alternative stable states with distinct emergent
microbial communities: a healthy state dominated by negative
interactions and a dysbiotic state dominated by positive
interactions. The ENBI robustly differentiates these states in
both simulated and empirical datasets spanning multiple
diseases and correlates with disease progression in conditions
such as colorectal cancer, which underscores its potential as a
diagnostic tool.

The human gut microbiome is a dynamic and complex system, com-
prising assemblages of diverse microorganisms, that plays a crucial
role in maintaining health through its interactions with the host
and environment (I-4). Innovations in DNA sequencing techniques
over the past two decades have improved our ability to quantify mi-
crobiome composition and functional capabilities (5-7). These studies
have shown that imbalances in the gut microbiome, or dysbioses,
associate with several diseases, including obesity, diabetes, inflam-
matory bowel disease (IBD), Clostridioides difficile infection (CDI),
irritable bowel syndrome (IBS), colorectal cancer (CRC), liver dis-
ease, pancreatic disorders, psoriatic arthritis, and celiac disease
1, 2, 5, 8-13). Treatments, such as fecal microbiota transplantation
(FMT), diet-based interventions, and probiotics (14-16), aim to re-
store microbial balance and reverse dysbiosis by altering community
composition; however, these treatments show highly variable and
unpredictable success rates. One reason for this unpredictability is
the limited understanding of the mechanisms underlying gut micro-
biome dynamics and structure. Specifically, the metabolic and eco-
logical interactions among microorganisms are poorly understood
(1, 17, 18). This knowledge gap has hindered the identification of mi-
crobiome biomarkers that correlate with—and accurately differentiate —
health and disease. Our work seeks to address both of these fundamental
challenges.
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The search for a universal indicator of dysbiosis

Dysbiosis is a broad concept that encompasses various compositional
and functional attributes across diseases, and it is not unambiguously
characterized (10). Early efforts focused on identifying single bacte-
rial species or functions whose altered levels correlate with a particu-
lar disease (8, 10, 19, 20). However, dysbiosis typically affects multiple
species and functions and can only be captured by systemic, whole-
community approaches (13, 21, 22). A common claim across studies
and conditions is that disease correlates with reduced microbial
diversity, which is often suggested as a universal marker of dysbiosis
(5,11, 12, 23-25). We reexamined empirical data from several diseases
and found a more nuanced pattern (Fig. 1), in line with recent studies
(10, 13, 21, 26). Specifically, although IBD and CDI (Fig. 1, A and B)
consistently show reduced microbial diversity compared with healthy
microbiomes (13, 27, 28), conditions such as IBS and CRC (Fig. 1, C
and D) show a range of microbial diversity and were less clear-cut
(13, 29, 30). Therefore, the question remains as to whether there are
conserved mechanisms driving dysbiosis, which would enable the
identification of robust disease indicators.

The dichotomy between health and disease has fueled the hypoth-
esis that dysbiosis emerges from shifts between alternative stable
states—that is, between distinct taxonomic or functional configura-
tions of the gut microbiome (31-37). However, this idea remains under
debate owing to the varied methodologies used to define and measure
such states; the context-dependent nature of the microbiome; and the
challenges of controlling multiple external factors, such as diet, medi-
cation, and lifestyle (5, 8, 38). All these factors influence gut composi-
tion and function, which complicates the identification of stable states
and consistent disease markers.

Theoretical models, nonetheless, allow us to fine-tune definitions and
environmental factors (18, 38-41). For example, models have identified
microbial taxa capable of inhibiting C. difficile (CD), a prediction sub-
sequently validated experimentally to confirm that the identified taxa
indeed conferred CD colonization resistance (42). In another example,
machine learning models have systematically tested competing hy-
potheses regarding the success of FMT (43). Despite these advances,
few models designed to study gut microbiome dynamics predict or
generate alternative stable states, which limits our understanding of
their emergence and fundamental properties (39, 44). To address this
gap, we introduce a mathematical model specifically designed to ex-
plore the ecological dynamics of the gut microbiome and mechanisms
underlying its emerging collective states [Fig. 2A and materials and
methods (45)].

A model for the dynamics of the gut microbiome

Our consumer-resource model describes bacterial and nutrient dynam-
ics and incorporates the possibility of cross-feeding as new metabolites
are produced by different bacterial strains (see materials and meth-
ods). Nutrients are introduced at a rate & (representing host diet); new
bacterial species immigrate at a rate U; and bacteria, nutrients, and
metabolites are removed at a dilution rate d, which determines intes-
tinal transit time.

‘We also aim to capture the role that metabolic pathways play in shap-
ing gut communities (46-50). Thus, in our model, each bacterial lin-
eage is characterized by the set of metabolic transformations that it
can perform, defined by the network of possible conversions between
nutrients and metabolites, along with the metabolic preferences spe-
cific to the bacterial strain. Although, for simplicity, only catabolic
reactions are explicitly modeled, we use a trade-off function to assign
a cost to the set of available pathways; this cost arises from the energy
allocated to constructive metabolism and therefore effectively imple-
ments anabolism. Thus, our model captures both the energy gain and
enzymatic cost for each metabolic reaction.

To model the metabolic conversion of a substance S, into another
substance Sp, we monitor (i) the free energy (Eqp > 0) released during

890

9707 ‘97 A1eniqa, uo AJISIOATU() SIoFINY 18 S10°00UdI0s' mMm//:sd)Iy WOIf papeo[umo(]


mailto:mamunoz@%C3%A2%C2%80%C2%8Bonsager.%C3%A2%C2%80%C2%8Bugr.%C3%A2%C2%80%C2%8Bes
mailto:mamunoz@%C3%A2%C2%80%C2%8Bonsager.%C3%A2%C2%80%C2%8Bugr.%C3%A2%C2%80%C2%8Bes
mailto:juan.%C3%A2%C2%80%C2%8Bbonachela@%C3%A2%C2%80%C2%8Brutgers.%C3%A2%C2%80%C2%8Bedu

RESEARCH ARTICLES

at sufficiently coarse-grained resolutions for
both our model and observed data.

Alternative states in the gut microbiome
model may reflect health and disease

The dynamics of our simulated gut microbiome
community suggest two qualitatively distinct
classes of states (Fig. 2B): one characterized by
the rapid turnover of many bacterial lineages
and another where only a few lineages dominate
with quasi-stationary abundances (45). We la-
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beled these two classes of states as healthy and
dysbiotic, respectively, for reasons that will
become apparent in comparison with real data.
Notably, these alternative states emerge consis-
tently across a wide range of parameter values,
which indicates that they result from the mech-
anisms encoded in the model rather than spe-
cific parameterizations (figs. S3 to S6).
Existing community-level theoretical mod-
els, such as the generalized Lotka-Volterra
(gLV) (56, 57) and consumer-resource models with
random interactions (58, 59), report dynamics
reminiscent of either one of our two states
(often referred to as “chaotic fluctuations” and

Mérs Ki'm Barar;douzi Zeiler

Fig. 1. o diversity in healthy and unhealthy individuals. (A to D) Comparison of the Shannon index [see
materials and methods (45)] obtained using existing metagenomic analyses from healthy individuals (blue) versus
individuals affected by a specific disease (red): (A) IBD, using data from Yarur et al., Ning et al., and the Human
Microbiome Project (84-86). (B) CDI, using data from Berkell et al., Crobach et al., and Ferretti et al. (87-89). (C)
IBS, using data from Mars et al., Kim et al., and Barandouzi et al. (90-92). (D) CRC, using data from Zeller et al.,
Yachida et al., and Vogtmann et al. (30,93-95). A significant decrease in diversity is evident for IBD and CDI but not
for IBS or CRC (statistical significance calculated with two-sided Mann-Whitney U test; ns, not significant).

the process and (ii) the enzymatic cost (Cyp > 0), reflecting the number
and complexity of enzymes involved. Each bacterial lineage 7 is defined
by a unique pathway matrix Pi (random binary matrix with the meta-
bolic routes available to that bacterial lineage) and a coefficient y; that
controls the fraction of free energy used for biomass growth. Finally,
we used a bottom-up approach to parameterize the model, by which
we assigned biologically plausible values to the parameters instead of
relying on data fitting exercises. A detailed description of the model
is included in the materials and methods, including the definition of
species, nutrients, metabolites, the implementation of bacteria-specific
metabolic preferences, species immigration, pathways, trade-off func-
tion, and chosen parameterization.

Our model successfully reproduced well-known macroecological
patterns of the gut microbiome that are observed empirically across
multiple systems. In particular, the 95% confidence interval obtained
across replicates of the model captures the distributions of species
abundance mean and fluctuations, Taylor’s law (i.e., the relationship
between mean and variance), species prevalence (the distribution
of the fraction of samples in which a species is present), and the de-
pendence of prevalence on mean abundance (fig. S1) (51, 52). Ad-
ditionally, fig. S2 shows that our model replicates the functional
redundancy observed in the gut microbiome, where multiple taxo-
nomic compositions encode the same metabolic functions (53). In
our framework, functions are represented by metabolites grouped
into coarse-grained energy levels (45). These broader functional cat-
egories are akin to Clusters of Orthologous Groups of proteins (COG)
or Kyoto Encyclopedia of Genes and Genomes (KEGG) classifications
for empirical data (54, 55). Functional redundancy becomes apparent
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“stable fixed points”). However, these models
do not capture multistability between the dif-
ferent states. Explicitly incorporating meta-
bolic pathways and letting the structure of the
community emerge from the dynamic interac-
tions allowed our model to capture diverse al-
ternative states and the dynamic transitions
between them.

Compared with the healthy state, the dysbi-
otic state in our model exhibited a significant
reduction in « diversity (measured by the Shannon
index; richness or number of lineages; Simpson’s
index; and Pileou’s evenness) (Fig. 2, C and D, and fig. S7A), the num-
ber of enzymes (total enzymatic cost of all active pathways), the num-
ber of secreted metabolites (substances with nonzero concentrations),
and an increase in dominance (relative abundance of most abundant
bacteria) (45). These findings indicated that the microbial community
in the dysbiotic state operates with greater efficiency compared with
the community in the healthy state because fewer bacterial lineages
and metabolic pathways are required to form consortia able to convert
a larger proportion of the available energy into microbial biomass
(fig. S8).

Given the dichotomy between these two distinct states, we also
measured these biomarkers in healthy individuals and patients with
IBD. The resulting pattern mirrors our model predictions (Fig. 2E and
fig. S7B), supporting our labeling of the two alternative states of the
model as healthy and dysbiotic. The parallelism of model states with
real healthy and dysbiotic states is reinforced by the observation that
in the model and in IBD, the shift toward dysbiosis involves the loss
of specific metabolic pathways, resulting in a disruption of functional
capacity (that is, some functions may be impaired or entirely lost, whereas
others become overrepresented; Fig. 2, F and G) (60). Furthermore,
for our model, as well as for a range of diseases, § diversity across healthy
states was significantly lower than for dysbiotic states (fig. S9), which
indicates that healthy microbiomes are more similar to each other than
the similarity shown by dysbiotic communities.

The patterns mentioned above, however, are subtle or inconsistent
across diseases (see, for example, p diversity for CRC in fig. S12D or
the number of enzymes, diversity of secreted metabolites, richness,
dominance, Simpson’s index, and evenness for IBS and CRC in figs. S10
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compared with lineages in healthy states
(fig. S11C), which explains the increased per-
sistence (fig. S12A) and dominance (fig. S7A)
observed in dysbiosis. Examples of bacteria
for which an increased presence has been
reported to correlate with real diseases in-
clude Bacteroides fragilis or Escherichia coli
in IBD and Fusobacterium nucleatum and
Solobacterium moorei in CRC (30, 62).
Moreover, the model offers mechanistic
insight into how transitions between states
occur. Transitions to dysbiosis are typically
triggered by metabolically compatible bac-
terial consortia that form a tightly connected
metabolic loop or short chain, efficiently
metabolizing resources with minimal path-
way overlap (fig. S13) and allowing them to
rapidly dominate the community. By con-
trast, recovery from a dysbiotic state requires
the establishment of bacterial taxa that
can disrupt the metabolic loop or chain of
the dominant consortium and establish
new pathway interdependence among them-
selves, thus leading to a collective reorga-
nization of the community structure. These
dynamics suggest a possible mechanism
for the existence of disease-associated taxa
observed across experiments (10, 21) and may
help explain why FMT or multistrain probi-
otic interventions can be effective (14, 16).

IBD

(2]

Pathway fraction

1500 A

1000 A

500 -

Healthy IBD

Fig. 2. Gut microbiome model and the spontaneous emergence of alternative stable states. (A) Schematic

representation of the model. The gut microbiome is conceptualized as living in a chemostat-like environment that
includes both bacterial species and substances. Metabolic pathways linking any two substances, S, and S, are
characterized by their enzymatic cost, C,, and the energy obtained from the conversion, Eqg. Each bacterial species can
use specific pathways depending on its pathway matrix, P, which determines the metabolic routes available to that
species. The model considers only catabolic pathways, where Eq3 > 0. (B) Biomass (cells) over time for a realization of
the model, illustrating the emergence of dysbiotic and healthy states. (C) For the model simulation in (B), « diversity
(top), number of enzymes (middle), and number of substances (bottom) over time. Dark gray represents rolling average,
and light gray represents the actual values. (D) Comparison, for the same metrics in (C), of healthy and dysbiotic states in
the model. (E) Corresponding metrics using existing data for healthy individuals and IBD patients. (F) Coarse-grained
pathway fraction over time for a healthy (left) and dysbiotic (right) state in the model; colors represent different
(coarse-grained) functions. (G) Similar plot for healthy versus IBD patients, where colors represent (coarse-grained)
functions, and shades represent the various pathways belonging to the given function. All P values show two-sided

Mann-Whitney U tests. Further details are provided in the materials and methods (45).

and S7). Beyond this lack of consistency, these metrics merely reflect
the shift from one state to the other and do not explain the mecha-
nisms underlying the transitions, nor can they be used as early warn-
ing indicators.

Thus, in the search for a more mechanistic characterization of these
shifts in the model, we analyzed the pathway structure for healthy and
dysbiotic states (fig. S11). We observed that dysbiotic states contained
self-sufficient consortia with minimal pathway overlap—i.e., consisting

Science 26 FEBRUARY 2026

Community interactions are disrupted
in dysbiotic states and disease
Microbial communities are structured not
only by environmental conditions but also
by ecological interactions, including com-
petition, cooperation, and cross-feeding
(63, 64). Experiments with synthetic com-
munities show that competition often domi-
nates, yet cooperative behaviors such as
cross-feeding can arise under certain con-
straints and promote coexistence (65-67).
Natural communities typically show both
interaction types, and their dominance in the
community dynamics may shift depending
on environmental context (68, 69). Beyond
pairwise interactions, recent studies have underscored the role of higher-
order effects and ecological feedbacks in community dynamics (70, 71).
Together, these findings underscore the importance of explicitly mod-
eling ecological interactions to understand the emergent behaviors
of microbial ecosystems.

In our model, bacterial interactions emerge from competition for
shared resources and cross-feeding. Community dynamics ultimately
determine which substances (and, indirectly, which interactions) persist
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in the system. Therefore, our model enables a shift of focus from broad
measures of species and functional diversity to the emergent, dynamic
ecological network of effective interactions that collectively shape the
resulting community (39, 72).

There is currently no consensus on whether competition or coopera-
tion dominates gut microbiota dynamics. Although some empirical
studies suggest that competitive interactions dominate owing to their
role in promoting stability (I8, 63, 73), others emphasize the critical
role of cross-feeding interactions in maintaining a healthy microbial
community (74-77). The relative contributions of these interactions to
gut microbiota function in health and disease remain unclear.

To quantify contributions of competition and cross-feeding, we
used a net interaction metric p, defined as the difference between the
total cross-feeding and competitive interactions within the community,
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Ground truth interaction network
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normalized by the sum of all interaction strengths [see eq. S10 (45)].
Because this metric is normalized, the information that it provides
remains independent of community size and diversity.

Our analysis reveals that the healthy state in the model is charac-
terized by a negative net interaction, whereas the dysbiotic state is
characterized by a positive net interaction (Fig. 3A), which we use to
identify the two states in the model (45). This behavior is robust across
different values of the parameters of the model (fig. S4). Moreover,
fig. S12B shows that the duration of a state correlates with the strength
of the interactions: More positive interactions are associated with
longer-lasting dysbiotic states (similarly with negative interactions
and healthy states). A more detailed view of these interactions reveals
that dysbiotic states are characterized by a decrease in competition
and an increase in cross-feeding (more specifically, commensalism and
mutualism) compared with the healthy state (fig. S14,).

On the basis of these observations, we hypothesize
that in IBD and potentially in other diseases, the gut
microbiome shifts toward greater positive inter-
actions compared with the dynamics observed in
healthy controls. The net interaction, which focuses
on the properties of the underlying interaction net-
work, captures this transition. On the other hand,
coarser metrics such as o diversity indices (e.g., the
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Shannon index) are broadly distributed for any given
value of p (fig. S15), which may explain why diversity
fails to consistently distinguish healthy from dis-
eased states across conditions.

To test our hypothesis, we used an algorithm for
empirical coabundance networks to infer effective
interaction networks (45, 78) and calculated the as-
sociated net interaction metric, pinferred, fOr available
real-world cross-sectional data and our model-
generated data. The latter allowed us to validate the
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The inferred net interaction pinferreq for different simu-
lated communities captures the qualitative behavior of
the actual underlying interaction network (Fig. 3, A
and B): First, simulated communities from dysbiotic
states show a higher pipferrea compared with those
from healthy states; second, communities in dysbi-
otic states with higher true p values show higher
values of pinferreq- Figure S1I6A shows that the infer-
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ence method remains robust across different sub-
sampling strategies. Building on this validation, we
further applied this methodology across different
diseases (IBD, CDI, IBS, and CRC). In all cases, there
was a significant increase in pipferrea cOmpared with
their respective healthy control groups (fig. S16, B to
E). The qualitative results remained consistent across

CRC-4

0.00 +

Healthy

Healthy  IBD IBS

Fig. 3. The ENBI discerns healthy from pathological communities and correlates with disease
progression. (A) Net interaction, p, calculated from the actual interaction network in the model for healthy
and dysbiotic states separately (left side of the dashed line) and different consecutive configurations of
unhealthy states (right side). For the latter, configurations were grouped and ordered in four sets (i.e.,
quartiles) from smaller to larger p. (B) ENBI calculated for model data, showing that this indicator
captures the same qualitative behavior as the net interaction. (C) ENBI for healthy and CRC patients (left
side of dashed line) showing that the latter have a positive ENBI, which suggests a more positively
interacting microbial community compared with healthy patients; the ENBI increases with disease
progression (right side), supporting our hypothesis of a progressive shift toward network structures with
more positive interactions. (D) ENBI for IBD, IBS, and CDI also show that diseased states tend to show more
positive interactions than their respective controls. See ENBI definition in eq. S12. Effect sizes (Cliff's delta)
and P values (two-sided Mann-Whitney U test) were calculated as described in the materials and

methods (45).
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Healthy DI

additional network inference methods, including a
method designed for cross-sectional data (79) (fig.
S17) and another specifically developed for longitu-
dinal data (80) (fig. S18).

We can use the healthy or control case as a base-
line for each dataset and compute the difference be-
tween the pinferrea Values of the dysbiotic and control
inferred networks, which we called the ecological net-
work balance index (ENBI) (eq. S12). This index is
negative when the community exhibits dynamics with
more negative interactions than the control (ENBI < 0)
and positive when the community shows more positive
interactions than the control (ENBI > 0).

Across all diseases analyzed as well as in our model,
the dysbiotic state consistently exhibited a signifi-
cantly positive ENBI value, reflecting a shift toward
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more positively interacting communities relative to the controls (Fig. 3,
B to D). In the case of CRC, for which long-term data on disease progres-
sion are available, we further observed a progressive increase in ENBI
as the disease advances, indicating a strengthening of positive interac-
tions in the community over time (fig. S16B and Fig. 3D). Notably, this
shift in ENBI is robust across a wide range of methodological and bio-
logical contexts. We observed consistent ENBI patterns across different
geographic regions and, by extension, dietary backgrounds (fig. S19);
across distinct taxonomic profiling pipelines (fig. S20); and across taxo-
nomic resolutions, from the species to family level (fig. S21). Moreover,
ENBI values remained similar for two independent healthy cohorts
(fig. S22) as well as in a mild dietary intervention study involving a
barley-rich diet versus a controlled diet (fig. S23). Together, these results
support the robustness of the ENBI and reinforce its potential as a
general indicator of disease-associated dysbiosis.

Discussion

Whether substantial changes in the gut microbiome cause or result from
the onset of disease remains debated. In this work, we examined the
ecological dynamics and community-level effects shaping the gut mi-
crobiome in health and disease. We developed the ENBI to quantify the
dominant interaction dynamics, which offered insights into the struc-
ture of microbial communities and underlying mechanisms involved.
Unlike traditional metrics (e.g., the Shannon index), the ENBI reveals
areproducible pattern across diseases and methodologies, highlighting
a microbial shift toward more positively interacting communities in
dysbiotic states compared with healthy controls.

Specifically, our model indicates that diseased states are associated
with a shift in microbial interaction networks, by which overall posi-
tive interactions (commensalism and mutualism) increasingly domi-
nate over negative interactions (competition). This relative increase
reflects a global shift in the balance of microbial interactions within
the community, which does not contradict previous studies describing
reductions in specific cross-feeding interactions (76, 77). Furthermore,
in line with these previous studies, we also observe an increased meta-
bolic self-sufficiency in dysbiosis: In the model, microbial communities
in dysbiotic states are dominated by self-sufficient consortia composed
of bacterial lineages that efficiently exploit available resources. These
consortia can outcompete other species, potentially depleting key me-
tabolites and altering or even eliminating functions important for host
health. This exclusion often, but not always, leads to reduced « diversity,
which explains why some diseases exhibit a loss of diversity whereas
others do not.

Moreover, for colorectal cancer, for which data on disease progression
are available, the ENBI correlates with disease advancement. If this
trend holds across other diseases, the finding carries important clinical
implications, particularly because our metric can be quantified nonin-
vasively from stool metagenomic data. Therefore, monitoring the ENBI
of a patient can help devise early warning indicators for disease onset
and monitor progression, which is especially important for conditions
such as CRC for which early detection is key to the success of the treat-
ment and improvement of survival rates (81). Nonetheless, despite the
broad applicability of the ENBI, the index by itself does not identify the
specific disease causing dysbiosis. Thus, to maximize its diagnostic po-
tential, the ENBI must be combined with other diagnostic tools for
precise disease identification (81).

Our model follows a metabolically explicit approach, but, unlike
genome-scale metabolic models and kinetic models (39), which require
detailed genome annotations and well-defined objective functions with
extensive parameter fitting, our simpler model focuses on essential
ecological and metabolic principles and a biologically plausible param-
eterization. Our bottom-up approach thus has the potential to unveil
the mechanistic underpinnings of gut microbiome emergent proper-
ties, such as diversity, multistability, and metabolic organization (40).
For example, our model provides an explanation for the Anna Karenina
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principle (AKP)—the observation that the microbiomes of healthy in-
dividuals are seemingly similar to each other, but dysbiotic communi-
ties are all distinct (fig. S9). Healthy states in our model show similar
functional composition, which constrains the communities to exhibit
a certain degree of similarity, even though the taxa performing those
functions may differ. By contrast, changes in the interaction network
structure occurring in dysbiotic states partially or totally disrupt some
of those functions in a nondeterministic manner that leads to more
variable outcomes, with disease data pointing to potential disease-
specific disruptions (10). Finally, the subtle behavior for j diversity
observed in the model, and the lack of consistency observed in our
analysis of p diversity across diseases, agree with the lack of generality
of the AKP in empirical data, as proposed in the past (82).

Because the model captures ecological interactions in a broad and
general way, it can be readily adaptable to other microbiomes, from
other tissues (e.g., the vaginal or oral microbiomes) to plant or soil mi-
crobiomes. It can also easily expand to incorporate therapeutic inter-
ventions, such as probiotics or fecal transplantation. Nonetheless,
there are limitations to be considered when using our framework. In the
effort to isolate the core ecological mechanisms underlying the emer-
gence of alternative community states, we deliberately excluded several
processes that are known to influence gut microbiota composition. These
include spatial structure, immune regulation, oxygen gradients, and
explicit interactions with the host, currently represented in this work
solely through resource input and dilution. Additionally, the model
simplifies key aspects of microbial physiology; for example, it repre-
sents anabolic reactions indirectly (as opposed to explicitly) and uses
areduced parameterization for energy use and enzymatic costs. Other
ecological factors, such as bacteriophage dynamics and chemical an-
tagonism between bacteria (e.g., bacteriocin production), are also omitted.
Expanding the model to incorporate a more realistic representation of
these aspects is an important avenue for future work. Furthermore, our
approach to analyzing empirical data relies on inferred ecological in-
teractions, which intrinsically depend on data quality and quantity and
come with inherent assumptions and challenges (e.g., a positive interac-
tion may reflect either mutualism or coblooming owing to environmen-
tal change) (38, 83). Other limitations are inherent to the heterogeneity
of the methods used across studies. For example, cross-disease com-
parisons could provide valuable insights into microbiome dynamics
for different conditions but are currently hindered by variability in
sampling and different taxonomic profiling methods used across studies.
Such methodological differences directly affect the inference of the eco-
logical interaction network, which makes quantitative comparisons across
diseases difficult. For that reason, we focused on identifying qualitative
trends rather than absolute numerical differences. Addressing these
challenges will require a multidisciplinary effort to integrate empirical
studies and clinical data with theoretical approaches such as ours.
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Materials and Methods

Measures

a-Diversity: measured using the Shannon Index, defined as

Shannon Index = — Z b; Inb; (S1)
i
where b; represents the relative abundance (biomass) of type i in the model, or the
relative abundance (proportion of counts) of species i in the metagenomic data.

Richness: measured using the number of distinct bacterial types in the model, or

taxonomic entities in the real-world data.

Dominance: measured as the relative abundance of the most abundant bacterial type

(model) or taxonomic entity (real-world data).

Simpson Index: defined as
Simpson =1 — z b? (52)
i
where b; represents the relative abundance of bacterial type i (model) or species i

(metagenomic data).

Pielou’s evenness: calculated as the Shannon index divided by the logarithm of richness:

Pieloy = Shannon Index (s3)
elou = In(Richness)




p-diversity: measured using the Bray-Curtis (BC) dissimilarity index between two

samples, a and d, defined as:

_ 2%;min (b4, b?)
¥ (b +bf)

BCuq=1 (S4)

where b{* and bid represent, for samples a and d, the relative abundance of type i (model)
or species i (metagenomic data). A value of BC, 4 = 0 indicates identical community

compositions, while BC, 4 = 1 indicates completely distinct communities.

Number of Enzymes: In real data, we calculated the number of enzymes as the sum of
enzymes with non-zero abundance in the sample. In the model, because enzymes are
present through the enzymatic cost of a pathway, we calculated a proxy for the number

of enzymes, the total enzymatic cost in the sample:

Total Enzymatic Cost = Z P(iﬁ Cap (S5)
iaf

where P(flﬁ represents the pathway matrix of bacterial type i and C,p the associated cost

stemming from enzyme production.

Number of Metabolites: Calculated as the sum of non-zero metabolites

Number of Metabolites = Z 0 (S,) (S6)
[24

where 6(x) is the Heaviside function (i.e. @(x) = 1 if x > 0, and @(x) = 0 otherwise)

and S, is the density of metabolite «, both in the model and metabolomic data.



Pathway fraction: In real data, the pathway fraction is computed as the relative

abundance of each metabolic pathway. In the model, we define it as:

Y. Pl CopB;
Pathway Fraction ap = L ap Zab (S7)
Zlaﬁ CaﬁB

This formulation incorporates both the enzymatic cost and the biomass of the species
expressing each pathway, providing a proxy for the functional signal that would be

obtained from pathway abundance profiles in metagenomic data.

Cross-feeding: calculated as

cij z 8r (S2)7;(Sp)BiB; (S8)

aBés

which captures all the cross-feeding interactions from type i to type j, mediated by all

c{;- considers all instances where species i

possible metabolic pathways. Specifically,
consumes substance S, to generate substance Sg, which is then consumed by species j
to produce any byproduct Sg. Each interaction is weighted by the corresponding species

abundances (B; and B;) and consumption factor 3, the latter given by the Monod function

r(S) = rmax The matrix composed of all c is always positive and non-symmetric.

Competition: calculated as

;= Z PLy Plsti(Sa)1i(Sa)BiB; (S9)

aBs



which captures the competition between types i and j arising from their shared
preference for the same substance S,. Each competitive interaction is weighted by the
corresponding species abundances and consumption functions. The matrix composed

using all ¢;; is always positive and symmetric.

Net interaction: defined as

Bz (e — i)

 Yiss (e ¥ )

(S10)
where the terms c{;— and ¢;; represent, respectively, the elements of the cross-feeding and
competition matrices above.

Inferred net interaction: defined as

_ Yizj (0 —wp)

Pinferred = —
Yizj (0f; + wj)

(S11)

where w;; represent the positive (w{rj) or negative (w;;) weights between types (in the
model) or species (metagenomic data) i and j in the inferred interaction network. See

section "Inferring the interaction network" below for details.
Ecological Network Balance Index (ENBI): caculated as

ENBI = pi?]ferred - Median(pil;:ferred) (512)

where pierred are the unhealthy (dysbiotic, pir.oq) and healthy (healthy, pi:. . .4)

inferred net interactions for the different cases analyzed (diseases and model).



e p-value: We assessed statistical significance using the Mann-Whitney U test (two-sided).

e  Effectsize: We quantified the effect size of pairwise comparisons using Cliff’s delta, a non-
parametric measure that captures the degree of overlap between two distributions. It is

defined as:

Number of times(x; > y;) — Number of times(x; < y;
5= (x: yj)mn (xi <) (S13)

where x; € X and y; € Y are observations from two groups of sizes m and n, respectively.
The numerator counts the number of times a value from group X is greater than or less
than a value from group Y. A value of § = +1 indicates complete separation between the

distributions (i.e., all x; > y; orall x; < y;), while § = 0 corresponds to complete overlap.

Effect sizes can be interpreted as follows: (i) negligible for |6| < 0.15; (ii) small for 0.15 <
|| < 0.33; (iii) medium for 0.33 < |6]| < 0.47; and (iv) large for |6| = 0.47. See (97) for

further details.

Definition of healthy and dysbiotic states

To classify states beyond a simple visual inspection of the temporal dynamics (e.g. Fig. 2B), we
define the healthy state as the configuration of the system in which the net interaction among
present bacteria is negative (p < 0). Conversely, the dysbiotic state is characterized by a positive

net interaction among bacteria in the system (p > 0).

We examined multiple alternative definitions based on other biomarkers, including combinations

of the Shannon index, richness, and the number of substances or metabolites, among others.



However, the criterion above proved to be the definition most in agreement with the

classification of states obtained through visual inspection.

Inferring the interaction network

Inferring interaction networks from abundance correlations is a long-standing challenge, with
well-known caveats discussed extensively in the literature (38, 80, 98, 99). To address these
limitations and improve robustness, we employed three complementary approaches that move
beyond purely correlational metrics: two suitable for cross-sectional datasets (i.e., data from
different subjects) and another one specifically devised for longitudinal datasets (i.e., data
collected over multiple time points from the same subject). All three algorithms operate on

relative abundance data.

e  Method 1. FlashWeave: This algorithm infers interaction networks from cross-sectional
data using co-abundance networks. These networks are built on the principle that
bacterial species with positively correlated abundances likely exhibit positive interactions,
while negatively correlated abundances suggest negative interactions. Importantly, the
algorithm goes beyond simple correlation by incorporating ways to filter out indirect

interactions mediated by other species, and distill direct ones. See (78) for further details.

As output, this algorithm generates a single undirected interaction network for a given
set of samples. To obtain statistical insights, we used bootstrapping (or subsampling) on
each dataset. The latter involves generating multiple subsamples from the full dataset
and inferring the interaction network for each subsample. For instance, Fig. S16 shows

the inferred net interaction, pPjnferred, fOr 500 bootstrapped subsamples across all



datasets, including both model outputs and various disease datasets, using fixed fractions
of the total sample set. Additionally, Fig. 3 displays the results for a specific subset
obtained with a fraction of 0.8. Across all cases, we consistently observed that the net
interaction of the inferred network is higher in diseased (dysbiotic) states compared to

control (healthy) states for both real datasets and the model, respectively.

For the datasets corresponding to different diseases (IBD, IBS, CDI, CRC), we used the
sensitive and non-heterogeneous options of FlashWeave in conjunction with its default
parameters (78). For the data generated with the model, where the number of samples
exceeds one thousand, we applied the heterogeneous option, recommended for large

datasets in the original publication.

Method 2. BEEM-Static: This algorithm, which we used as an additional validation of the
results obtained with method 1, infers ecological interactions from cross-sectional data
by estimating the parameters of a generalized Lotka-Volterra (gLV) model. BEEM-Static
explicitly models species interactions by assuming that microbiome communities are at
or near equilibrium. Specifically, the method employs an expectation-maximization
algorithm to iteratively estimate both species’ biomasses and interaction strengths,
filtering out samples that violate the equilibrium assumptions. Notably, this approach
enables the inference of directed interaction networks and has been shown to
outperform standard correlation-based methods in capturing both the presence and

directionality of microbial interactions.



The algorithm includes various tweaking parameters, which are detailed in the original
publication (79). In our implementation, we adhered to the default settings with two
exceptions: we increased the maximum number of iterations within the model to 50 and
applied preprocessing steps to our datasets. Specifically, we used from the datasets only
bacterial taxa that were present in at least 30% of the samples and had a mean relative
abundance greater than 10™%, as the algorithm did not seem to work otherwise. As with
Method 1, we used bootstrapping to assess statistical significance. Fig.S17 presents the
results of our subsampling approach. Consistent with the findings from Method 1, the
figure shows that the net interaction of the inferred network is systematically higher in
diseased (dysbiotic) states compared to control (healthy) states in both real datasets and

model-generated data.

Method 3. LIMITS: This algorithm leverages a discrete-time Lotka-Volterra model to infer
undirected interaction networks from longitudinal data. The algorithm includes three key
tweaking parameters: the number of species considered for network inference and two
parameters specific to the algorithm (the error threshold and the bagging—or bootstrap
aggregation—determining the number of internal iterations performed). While the
inference process is relatively straightforward, we refer the reader to the original

publication for a detailed explanation (80).

For each subject we selected, among subjects with at least 20 temporal samples, a
predefined number of species and infer the interaction network across various error
thresholds from 1 to 5 (ranges employed in the original publication). We used the

algorithm over a large number of iterations (10°) (real data) and 5 - 10* (model data) to



ensure robustness, although we noticed that the iteration count did not significantly
affect the results. The final network was constructed by first merging the outputs of all
iterations at each error threshold and then averaging across all error thresholds. In our
implementation, we extended the original algorithm by computing results using both the
median and the mean or average. As shown in Fig. S18, the overall patterns remain
consistent, with the mean yielding slightly more stable estimates and reduced variability

across replicates.

Model building

We model the gut microbiome as living in a chemostat-like environment, a common simplifying
assumption (in reality, food intake and substance excretion occurs in a discrete, rather than
continuous, manner). We model the ecological dynamics of the system using consumer-resource
equations, also considering metabolic preferences. Specifically, we consider a number N(t) of
bacterial lineages (e.g., species, strains, or another suitable taxonomical group) with abundances
B;(t), where i identifies the bacterial lineage. Additionally, we include a maximum number of
possible resources (or substances, as we use indistinguishably the two terms here) R, with
concentrations S,, where a indicates the type of substance. Substances are introduced into the
system at an inflow rate h, and may also be generated as byproducts of bacterial metabolism.
New bacterial lineages are introduced at a certain rate U with a small initial relative abundance
of 10™%, as long as their invasion fitness —initial per-capita growth rate of the invader in the
environment created by the existing bacterial lineages— is positive. If the invasion fitness is

negative and the initial biomass of the invading bacteria is sufficiently small, the new bacterial



lineage is declared extinct in the next temporal step without affecting the system. Therefore, only

viable invader lineages contribute to the dynamics of the system.

We explicitly incorporate metabolic pathways into the model by representing all possible routes
between any two distinct substances. To describe the metabolic pathway that converts a

substance S, into another substance Sg, we introduce two key quantities:

* Theenergy Eqp = E; — Eg, or benefit, derived from the route, where E, and Ej; are the
energies associated with substances a and 8, respectively. This E,p reflects the free
energy released during the reaction, energy that we assume is fully available for growth.
Nonetheless, this assumption could be relaxed by incorporating a conversion constant to

account for partial energy utilization.

e The enzymatic cost, Cyp, required to complete the pathway, which accounts for the

number and complexity of the enzymes involved.

For simplicity, we explicitly focus on catabolic reactions, i.e. those in which the free energy of the
reaction is positive, and account for anabolic processes indirectly only (see below). In particular,
we assume that all metabolic routes where E,g > 0 (i.e. catabolism) are possible, and that the
energy obtained and the enzymatic cost needed for the route are the same (see below for details
on how this is implemented in the model via the trade-offs). Nonetheless, the framework is
versatile and can accommodate more complex and realistic metabolic structures through

parameter adjustments.



Each bacterial species is characterized by its own specific metabolic pathways, represented by a
binary matrix Pt. In this matrix, Péﬁ = 1 indicates that bacterium i can metabolize S, into Sg,
while P(flﬁ = 0 indicates it cannot. These pathways are randomly assigned when the bacterium is
introduced into the system and remain fixed, therefore assuming no evolutionary adaptation
occurs. This immigration of bacteria with random pathways constitutes the only source of

stochasticity in the system.

To assign the pathways, a random number of pathways ranging between 1 and a specified
maximum is first drawn for each bacterial lineage. The maximum is chosen to be relatively small
to reduce computational overhead, but sufficiently large to not limit the introduction of viable
bacteria into the system. We conservatively set this maximum to 10 based on the observation
that, across all trade-off parameterizations considered, bacterial lineages with more than 8
pathways were unable to successfully invade and persist in the system. Then, the specific
pathways are selected randomly from all possible S, — Sg combinations, adhering to the
catabolic constraint Eqg > 0. This approach ensures a diverse yet computationally manageable
set of pathways for each bacterium, reflecting ecological variability while maintaining system

feasibility.

Model equations

The equations representing the model are as follows:

R
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where y; is the yield or conversion constant from energy to biomass for bacterium i; rl-rfc‘,ax

and
K; o are, respectively, the uptake rate and half-saturation constant for bacterium i feeding on
substance «; § is the outflow rate; and h, is the inflow rate for substance a. The values for all
parameters are fully described in Table S1. We assume growth parameters, r™* and K, to be the

same across all bacterial types and substances, and that only the most energetic substance has a

non-zero inflow rate (hy = h; h, = 0 for @ > 0). For convenience, we express the (unique)

energy associated with a substance a with different units, using the conversion e, = E, ——; we

colon

further define such energy as a fraction of a maximum energy, i.e. e, = ey (1 — a/R).

Finally, to ensure a balanced and realistic pathway structure within the system, a trade-off is
introduced, imposing disadvantages on bacteria with numerous and costly pathways. This trade-
off prevents unrealistic scenarios in which a single bacterial type that shows all pathways
ultimately dominates the community. The trade-off is implemented as a growth penalty

proportional to the number and cost of pathways utilized by the bacteria:

vy g| ) Ca Pl (516)
ap

where g is a decreasing function. For the latter, we have explored the following two families of

functions:

gx) = (S17)

1+c-xv



g(x) = be™¢* (518)

where b, c and v are three positive constants that help us vary the different trade-offs inside the

same family, and verify the robustness of the main results.

Simulation algorithm

We start our simulations with only one substance (the most energetic one, which is introduced
in the system at a non-vanishing rate) and only one bacterial lineage able to metabolize this
substance (and thus transform it into a random, different substance). From those initial

conditions, the simulations proceed according to the following algorithm:
0. Runthe ecological dynamics, given by Eqs. S14-S15 until the next invasion step.

1. At each step, eliminate species that have fallen below the extinction threshold (set to be

a fraction 10™* of the total biomass, that is, an abundance 107 Y; B;).

2. Introduce an invader, a bacterial lineage whose pathways are randomly selected (see

above).

3. Repeat until a selected ending time.

Influence of the trade-off

As shown in Fig. S3, the qualitative results of our model remain robust across different trade-off

functional forms and parameterizations. Nonetheless, as expected given the nature of the trade-



off (see above), certain parameterizations can lead to ill-defined systems in which either no

bacteria survive or only a single species dominates.

The trade-off primarily determines the total enzymatic cost allocated by each bacterial lineage
and how this cost is distributed—either across multiple low-cost pathways or concentrated in
fewer high-cost ones. Fig. S3F shows the distribution of total enzymatic cost per lineage across
different trade-offs. We can approximate the peak of this distribution and gain insight into its
width by considering the maximization of the per capita growth rate. First, we incorporate the

trade-off function y; in the definition of the growth rate (Eqs. S14 and S16):

R
. S .
Growth rate < g Z Cap Pagp Z—aP&ﬁeaB (S19)
@B a8 Ki,a + Sa

Mg

where egp = Eqp -

represents the energy of path S, — Sg in different units (see above).

colon

Maximizing this equation exactly is not possible, because it depends on all substances in the
system, which are in turn determined by the pathways of the existing bacterial community.
However, assuming that each substance reaches approximately similar concentrations, we can

simplify the expression to:
Growth rate « g(Ci)et (S20)

where CTi = Za,ﬁ Cap Poilﬁ represents the total enzymatic cost per bacterial type, and eTi =
253 Péﬁ eqp denotes the total energy a bacterial type i extracts from its pathways (up to a

proportionality constant to maintain units). Given our assumption that the energy and enzymatic



cost matrices are identical (or at least proportional), the optimal total enzymatic cost per type is

given by the value that maximizes:
Growth rate « g(C})Ct (S21)

Fig. S3F shows, for different versions of the trade-off, the right-hand side of this equation
alongside the distribution of total enzymatic cost per type. As shown in the figure, the peak of
this right-hand side coincides with the peak of the distribution, whose width results from the fact
that pathway configurations are assigned randomly and suboptimal pathways persist in the
system for some time. This width, however, is also influenced by the trade-off as, when the right-
hand side of Eq. S21 is flatter around its maximum, the resulting distribution is broader as
suboptimal pathway configurations are similarly efficient to the optimal one, thus allowing for

greater variability in enzymatic investment strategies.

In other words, if the maximum of Eq. S21 were significantly higher than the maximum energy
obtainable per pathway, only bacteria with the most energetically efficient pathway would
survive, leading to an ill-defined system. To obtain non-trivial communities, the trade-off function
and parameters must ensure that the peak of Eq. S21 remains below the most energetic pathway.
Moreover, the closer this maximum is to the mode of the distribution, the richer the microbial
community will be, as a greater number of functionally distinct yet competitive enzymatic

investment strategies can emerge.

An illustrative example of unrealistic functional form for the trade-off is the following (linear)

function:



1

g(ch) = a (522)

This function leads to a growth rate (Eq. S21 with no internal maximum, meaning that all types
with different pathway configurations are effectively neutral with respect to the cost—growth
trade-off. As a consequence, no configuration is favored, and the system lacks a selective
pressure toward particular strategies. Fig. S24 shows three realizations for a system with this
trade-off. We observe that, due to the lack of selection pressure, once the first bacterial types
colonize the system and occupy the available niches, the community composition becomes
effectively static. Given that real gut microbiomes exhibit temporal variability (100), this trade-

off is biologically implausible.

Model simulation details

We integrated numerically the model equations (514-S15) by using a multi-step variable-order
integration scheme available in Python (solve_ivp), in which we adapted the integration time
steps to prevent negative abundances. The parameters used for all simulations (unless otherwise
specified) can be found in Table S1. The enzymatic cost matrix, Cyp, is assumed to be identical to
the energy matrix, Ep, as differences are inherently accounted for through the non-linear trade-
off function (see Egs. S17 and S18). Unless otherwise specified, the simulations presented in the
main text used a trade-off function defined by Eq. S17 with parameters b =8,c =6, and v =

1.1.



Functional coarse-graining

In the model, coarse-graining is implemented by clustering substances with similar energy levels
into functional groups (see Fig. S2 for illustration). Let us consider the set of all substances S,
which, as explained in the Model Equations section, is ordered by energy level. For fine coarse-
graining, substances are grouped in sets of four, meaning that S;-S, are treated as a single
functional entity, Ss-Sg as another, and so on. An exception is made for S,, which is always
considered separately since it is the only substance directly introduced into the system. Once
substances are grouped, we consider all possible metabolic routes between these grouped
entities, resulting in ng; = 43 functional groups. For broad coarse-graining, a larger grouping size
of 10 is used, leading to a more aggregated representation of metabolic pathways. In this case,

the number of functional groups is reduced to ng; = 9.

In the IBD dataset, we annotated and grouped metabolic pathways according to the BioCyc
ontology classification (101). We assigned a different color to each functional group, with
individual pathways represented by different shades within their respective groups. In Fig. 2G,
these groups are ordered from bottom to top as follows: Carbohydrate Degradation (blue),
Amino Acid Biosynthesis (orange), Nucleoside and Nucleotide Degradation (light green),
Carbohydrate Biosynthesis (red), All Other Biosynthetic Pathways (yellow), All Other Pathways
(purple), Generation of Precursor Metabolites and Energy (dark green), Cofactor, Carrier, and
Vitamin Biosynthesis (brown), Fatty Acid and Lipid Biosynthesis (pink), Nucleoside and Nucleotide

Biosynthesis (light blue), Cell Structure Biosynthesis (black).



Datasets

For the analysis of diseases, we used the following datasets:

IBD: Metagenomic, enzymatic and metabolomic data were obtained from the

Inflammatory Bowel Disease Multi’omics Database (https://ibdmdb.org/).

IBS: Metagenomic and enzymatic data were obtained from (90). Metabolomic data

obtained from (102).

CDI: Metagenomic data obtained from (89).

CRC: Metagenomic, enzymatic, and metabolomic data were obtained from (94). In Fig. 3C
CRC-1,2,3,4 correspond to MP (multiple polypoid adenomas with low-grade dysplasia),

Stage-0 CRC, Stage-I,Il CRC, and Stage-IIl,IV CRC as obtained from (94).

F4 and M3 gut data: Metagenomic data corresponding to (103) was obtained from

https://github.com/twbattaglia/MicrobeDS.

Two independent healthy cohorts: 16S rRNA sequencing data obtained from (104).

Healthy data with different diets 16S rRNA sequencing data obtained from (105).

Model data: Temporal analyses and macroecological pattern assessments were based on
weekly sampled data from our simulations. For analyses comparing healthy and dysbiotic
states, we used 1000 samples per state (or the maximum number of samples available)
for each realization, with approximately 100 independent realizations included in the

analysis.



All datasets were obtained in pre-processed form, as curated by their original authors. We refer
the reader to the corresponding publications for detailed descriptions of pre-processing steps.

For our analyses, we only normalized count data to obtain relative abundances for each sample.



Table S1: Experimental values of the model parameters

Model parameter values

Symbol

emax

M

Vcolon

R

Definition

Energy to biomass conversion

Outflow rate

Inflow rate of most energetic substance

Half-saturation constant

Maximum uptake rate

Invasion rate

Maximum energy per resource

consumption

Molar mass of substances

Volume of the colon

Total number of substances

Value

1.05 x 10* cell/mol ATP

107 g/L

1070 g/(L cell h)
2 . . -1
5 invasions h

3 mol ATP/mol of S

100 g/mol
0.41L

30

References

(106)

(107)

(59, 108)

(109)

(109)

(110)
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Figure S1: Model reproduces well-established macroecological patterns of the gut microbiome without any

parameter fitting.(A-C) Macroecological patterns described in (51). (A) The Abundance Fluctuation Distribution

(AFD), which characterizes the distribution of a species’ abundances across samples. The solid black line represents

the expected distribution obtained by rescaling the log of relative abundance (subtracting the mean and dividing by

the standard deviation) when the relative abundance follows a gamma distribution. (B) The mean and variance of

species abundance distributions follow Taylor’s Law, with variance scaling as a power of the mean, specifically with

an exponent of 1.5 (black line). (C) The Mean Abundance Distribution (MAD), defined as the distribution of species’

mean abundance across samples, follows a lognormal distribution (black line). (D-F) Macroecological patterns

described in (52). (D) Distribution of species prevalence, defined as the fraction of samples in which a species is

present. (E) Relationship between species prevalence and mean abundance. (F) Rank distribution of mean

abundances.
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Figure S2: Model data reproduces functional redundancy. (A-C) Time-series (in years) of relative species abundance
(left), enzymatic cost fraction for all pathways (number of resulting functional groups, ng, = 435; middle left), for a
fine coarsening (ng; = 43; middle right), and for a broad coarsening (ns; = 9; right) across three different
realizations. (D) Transversal (across individuals) evaluation of the same metrics: biomass fraction at the species level
and enzymatic cost fraction under different coarsening schemes. Coarse-grained pathways exhibit functional

redundancy, meaning that taxonomically distinct species share similar functional profiles (53).
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Figure S3: Alternative stable states are robust against trade-off changes. For three different trade-off functions, g,
(left), g, (middle), and g5 (right), the following are shown: (A-E) Time-series (in years) of bacterial abundances (A),
Shannon index (B), enzymatic cost (C), number of substances (D), and net interaction (E). (F) The total enzymatic cost
per lineage (Cy) distribution shows a peak at the maximum of Crg,(Cr), suggesting an optimal enzymatic
investment strategy. The consistency of these patterns across different trade-off formulations and parameter choices

indicates the robustness of the alternative stable states.
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Figure S5: Alternative stable states are robust to parameter variations. Time-series (in years) of total biomass (top
row in each subpanel) and net interaction (bottom row in each subpanel) for different parameter settings in the
model. Each column represents a change from the original parameter values reported in Table S1. (A) Increased
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left to right, § = 0.4/24, h = 0.5, y = 103, 1,4, = 10711, K = 1075. (C) Increased values: from left to right,

emax =4 R =40, M =120, U = 4, extinction threshold =5 -10~*. (D) Decreased values: from left to right,



emax = 2, R =20, M = 80, U = 1, extinction threshold = 5 - 1075. In all cases, the model continues to exhibit both
healthy and dysbiotic states, demonstrating that the emergence of alternative stable states is qualitatively robust to

wide parameter changes.
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Figure S6: Robustness of alternative stable states and dysbiosis-related increase in net interaction against
parameter variations. Net interaction values for healthy and dysbiotic states across 10 independent simulations
under variations of model parameters. Each boxplot corresponds to a distinct parameter setting, modified from the
baseline values in Table S1. Higher values (A) § = 2.5/24; h = 10; y = 1.25 - 10, 1,,,,, = 107%; K = 1073 versus
lower values (B) 5§ = 0.4/24; h = 0.5; y = 10'3; 1,,,,,, = 1071%; K = 107>, Higher values (C) epq = 4; R = 40;
M = 120; U = 4; extinction threshold =5 - 10™* versus lower values (D) €0, = 2; R =20; M =80; U =1;
extinction threshold = 5 - 107>. In all cases, the model robustly generates two distinct ecological states, healthy and

dysbiotic, with consistently higher net interaction in the dysbiotic state.
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Figure S7: Diversity metrics in the model and real-world datasets. Comparison of four diversity metrics (richness,
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IBS (D), and CRC (E). Definitions and computation details for each metric are provided in Methods (45).
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values. dysbiotic states show higher average biomass while depleting more available energy in the system, indicating

a more efficient microbial community.
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Figure S9: The Anna Karenina Principle holds across different diseases, but not all, and in the model. Beta diversity
calculated with the Bray-Curtis dissimilarity of healthy and diseased states for (A) IBD, (B) IBS, (C) CDI, (D) CRC, as
well as for healthy and collapsed states in the model (E) and in the model with coarse-grained pathways (F) (see
Methods (45)). Except for CRC, all diseases and the model follow the Anna Karenina Principle, which means that
healthy communities are more similar to each other than dysbiotic ones. The presence of exceptions and the small
magnitude of the increases in dissimilarity do not allow for strong conclusions from this observation (see (82)). P-

values (two-sided Mann—Whitney U test) were calculated as described in Methods (45).



A 6000 P=1310* B P =0.11

4800 A
5500 A

4000

3200 A
4500 -

2400

Healthy IBS Healthy CRC

Number of Enzymes

C P=5.2107 D P=0.75
4.2 1
c 3.5 4
@]
c
& 3.6 1
n
n 3.0
2
©
o 3.0 1
8 2.5
=
2.4 1 20-
Healthy IBS Healthy CRC

Figure S10: Analyzed biomarkers are not consistently reduced across diseases. (A-B) Number of enzymes in Healthy
vs. IBS (A) and Healthy vs. CRC (B). (C-D) Shannon index of secreted metabolites in Healthy vs. IBS (C) and Healthy vs.
CRC (D). The inconsistencies observed across diseases indicate that these biomarkers alone are not reliable indicators

of dysbiosis. P-values (two-sided Mann—Whitney U test) were calculated as described in Methods (45).
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Figure S11: Pathway structure in healthy and dysbiotic states. (A) Pathway usage matrix showing the number of
bacterial lineages expressing each pathway (from substrate [row] to product [column]) at a representative snapshot
of the healthy (left) and dysbiotic (right) states. Pathways are color-coded by functional category, as defined in
Methods (45). (B) Relative biomass distribution for each pathway at the same snapshots as in panel A, for healthy
(left) and dysbiotic (right) states. The red dashed line separates the 1% most abundant lineages. (C) Normalized

average pathway abundance, focusing on the most abundant pathways among the top 1% most abundant bacterial



lineages in each realization. Pathways are color-coded by functional category, with the horizontal bar in the inset
showing the distribution of functional groups. The inset histograms depict the abundance of these top 1% bacterial
lineages as a function of their distance to the theoretical optimum (given by the maximum of Eq. S18), and show that
the most abundant lineages in the dysbiotic state are closer to the optimum than those in the healthy state (see red

bars).
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Figure S12: Duration of a state correlates with average metabolic efficiency and interaction structure. (A)
Relationship between the duration of a community state (healthy or dysbiotic) and the average distance to the
optimum of the enzymatic cost—growth trade-off across its bacterial lineages, weighted by their relative abundance
and duration. Each point represents the longest-lasting state for each simulation. Both healthy and dysbiotic states
show a negative correlation (Spearman correlation of -0.51 with p — value = 1.8 - 1075 and -0.31 with p — value =
0.013): communities composed of lineages closer to the theoretical optimum (i.e., more metabolically efficient) are
more ecologically stable. (B) Relationship between the duration of a state and its average net interaction. In healthy
states, longer durations correspond to more negative net interactions (i.e., stronger competition; Spearman

correlation of -0.4 with p — value = 0.001), whereas in dysbiotic states, longer durations are associated with more



positive net interactions (i.e., enhanced cross-feeding; Spearman correlation of 0.38 with p — value = 0.0016). Note
that these durations (in hours), although illustrative, cannot be immediately linked to real-world timescales, since

details influencing timing (e.g. initial state) differ from real-world situations.
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Figure S13: Representative example of transition between healthy and dysbiotic states. Snapshots from a single
realization illustrating a full transition cycle: from healthy to dysbiotic state and back. Each panel shows the relative

biomass of the most abundant bacterial lineages at different stages: (A) healthy state, (B) pre-dysbiotic (i.e.,



transition from healthy to dysbiotic), (C) dysbiotic state, (D) pre-healthy (i.e., transition from dysbiotic to healthy),
and (E) recovered healthy state. Colors represent lineages that dominate in healthy states (blue), dysbiotic states

(red), or lineages that increase during transitions (yellow). This figure illustrates how (stochastic) arrivals of specific

lineages and pathways can trigger or reverse dysbiosis.
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Figure S14: Interaction patterns in healthy and dysbiotic states in the model. (A) Total cross-feeding, cf = Y; j c;;,
and (B) total competition, c; =Y, j Cij, where c{; and c;; are computed using Eqs. 8 and S9, respectively, for healthy
and dysbiotic states. (C) Relative frequency of interaction lineages between bacterial pairs (i, ), classified by the
signs of C;; = c;;- —¢;; and its reciprocal Cj;. Frequencies are weighted by the absolute value |Cij| + |C]l| In
agreement with real data (64) our model shows that negative interactions are predominant. Besides, diseased states

in the model show an increase of positive interactions (specially mutualism) and decrease of competition.
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Figure S15: Diversity exhibits high variability across net interaction values. The mean and median of a-diversity for
a given value of the net interaction shows a negative correlation between the Shannon index and net interaction.
Diversity is, however, widely distributed, which suggests that diversity alone is not a reliable indicator of the
underlying interaction structure. For example, for the data in the figure, a value of a-diversity of 1.5 could be observed
for any network with net interaction in [—0.1,0.7]. Taken together, these results support the claim that a switch to a
dysbiotic state (i.e. to a network with more positive interactions) typically, but not always, correlates with a decrease

in diversity.
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Figure S16: The inferred net interaction is robust under bootstrapping. Inferred net interaction calculated for
different subsampling fractions of the original dataset for the model (A), CRC (B), IBD (C), IBS (D), and CDI (E). The
inferred net interaction reliably captures the qualitative trends of the true underlying net interaction, p, in the model
across all subsampled datasets. Healthy states consistently show lower inferred net interaction compared to diseased
(dysbiotic) states across all datasets. Additionally, for CRC, the inferred net interaction correlates with disease
progression, with more advanced disease stages displaying systematically higher inferred net interaction across all
subsampled sets. For clarity and better visualization, we opted not to include p-values and Cliff’s delta values in the
figure. However, all comparisons are statistically highly significant (based on 500 bootstrap-generated samples), with

medium to large effect sizes as measured by Cliff’s delta.
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Figure S17: Inferred net interaction using BEEM-Static. Inferred net interaction estimated with the BEEM-Static
algorithm (79) (see Methods (45)) for different subsampling fractions of the original dataset for the model (A), CRC
(B), 1BD (C), IBS (D), and CDI (E). Across all cases, dysbiotic states in the model and disease states in real datasets
show a consistently higher inferred net interaction, suggesting a shift toward more cooperative microbial
communities compared to healthy states and healthy controls, respectively. All results are highly statistically
significant (p-value calculated with two-sided Mann-Whitney U test; 500 bootstraping-generated samples) with

medium to large effect sizes (Cliff’s deltas).
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Figure S18: Inferred net interaction using LIMITS. Net interaction inferred using the LIMITS algorithm (80) for model
simulations (A, C) and the IBD dataset (B, D), using either the mean (average, top panels) or median (bottom panels)
to construct the interaction networks. Either choice does not affect the conclusion: in all cases dysbiotic (model) and
diseased (IBD) communities exhibit higher net interaction compared to their healthy counterparts. However, these
results should be interpreted with caution, as not all comparisons reach statistical significance, likely due to the
limited number of patients with at least 20 longitudinal samples. Effect sizes (Cliff’s delta) and p-values (two-sided

Mann-Whitney U test) were calculated as described in Methods (45).
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Figure S19: ENBI distinguishes healthy and diseased states across regions. ENBI computed for Clostridioides difficile

infection (CDI) patients and healthy controls from two sub-cohorts (USA (A) and India (B)) in the same dataset. In

both regions, CDI samples show higher ENBI, indicating consistent shifts toward more positive net interactions

regardless of geographic or dietary background. Effect sizes (8, Cliff’s delta) are large, indicating that the statistically

significant differences (p-value calculated via two-sidedMann-Whitney U test) likely reflect biologically meaningful

shifts.
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Figure S20: The ecological network balance index (ENBI) is robust across different taxonomic profiling
methodologies. ENBI calculated for different subsampling fractions of the original CRC datasets using two distinct
taxonomic profiling methodologies: MetaPhlAn2 (111) (A) and mOTUs (112) (B). In both cases, disease states
consistently show a positive ENBI value, indicating a shift toward more cooperative microbial communities compared
to controls. Furthermore, ENBI correlates with disease progression across all subsampled datasets, reinforcing its
robustness as a biomarker irrespective of the taxonomic profiling method used. All results are highly statistically

significant (500 bootstraping-generated samples).
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Figure S21: Robustness of the ENBI to taxonomic resolution. ENBI computed at different taxonomic levels—species,
genus, and family—for (A) IBD and (B) IBS datasets. In both cases, the ENBI robustly separates healthy and diseased
states across taxonomic resolutions, with the exception of IBD at the genus level which, despite being statistically
significant (p-value calculated via two-sided Mann-Whitney U test), shows smaller effect sizes (Cliff’s delta),

indicating a less meaningful signal.
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Figure S22: ENBI does not differentiate healthy cohorts. ENBI computed for two large Japanese healthy cohorts
(MORINAGA and NIBIOHN) from (104), using NIBIOHN as reference. Despite differences in geography, diet, and
microbiome composition, ENBI values remain comparable, supporting its robustness. While statistical tests yield
significant p-values (calculated via two-sided Mann-Whitney U test), the effect size (8, Cliff’s delta) is small,
suggesting that the significance likely reflects the large sample size (500 bootstrap samples per group) rather than a

biologically meaningful difference.
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Figure S23: ENBI is unaffected by mild dietary interventions. ENBI computed from a crossover dietary study in
healthy individuals (105), comparing a barley-rich versus a controlled diet, using the latter as a reference case. ENBI
values remain nearly identical, supporting its robustness to moderate diet shifts. As in the previous figure, while
statistical tests yield significant p-values (calculated via two-sided Mann-Whitney U test), the effect size (5, Cliff’s
delta) is small, suggesting that the significance likely reflects the large sample size (500 bootstrap samples per group)

rather than a biologically meaningful difference.
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Figure S24: Linear trade-offs yield biologically implausible dynamics. Three realizations of the model using a linear
trade-off function g(C;) = 1/Cr, which lacks an optimum for Eq. S21. In all cases, the system quickly becomes

trapped in a single community state and exhibits negligible temporal variability, which is biologically unrealistic (100).
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