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Abstract

We present a foundational transformer model for gut microbiome analysis, using self-
supervised learning to extract universal principles of microbial community assembly from
unlabeled data. Treating microbial communities analogously to languages, our model
learns representations enabling reliable cross-study generalization and automated biological
discovery. Pretrained on 18,480 samples, our model achieves state-of-the-art performance
on multiple downstream tasks, generalizes effectively to independent cohorts with significant
distribution shifts, and highlights novel taxa associated with inflammatory bowel disease
(IBD). This work exemplifies how foundational AI models can transform scientific domains
by learning generalizable patterns that traditional methods miss, opening new avenues for
hypothesis generation and understanding in microbiome science.

1 Introduction

Foundational models have revolutionized scientific domains by learning generalizable repre-
sentations from vast unlabeled datasets [14, 4, 2]. The human microbiome presents an ideal
testbed: high-dimensional, context-dependent data where traditional methods fail to generalize
across studies, limiting clinical translation. Prior approaches using static embeddings [15]
ignore the context-dependent interactions between microbes that determine community function.
We develop a foundational transformer model for microbiome analysis, viewing microbiome
community interactions through a “language” analogy, where taxa interactions define meaning:
just as transformers learn statistical dependencies among tokens, our model learns co-occurrence
and compositional dependencies among taxa, though we do not claim they follow a formally
defined syntax. This foundational model enables new modes of inquiry: automated hypoth-
esis generation, zero-shot transfer across populations, and discovery of community assembly
principles by learning an approximate, statistical “grammar” from unlabeled abundance data.
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2 Related Work

Transformers have modeled protein sequences, structure and DNA [5, 1, 7], but classical
microbiome methods relied on static embeddings [15] that ignore contextual interactions. Prior
work applied deep learning approaches [11], but did not fully exploit recent NLP advances and the
transformer [16] architecture. Our work fills this gap by creating a foundational transformer for
microbial communities, enabling cross-study generalization and automated biological discovery.

3 Methods

Our transformer uses five encoder blocks with 200-dimensional representations, pretrained
via ELECTRA [3] on 18,480 American Gut Project (AGP) 16S samples [10]. Samples are
relative-abundance normalized and log-transformed; cross-cohort harmonization uses a shared
taxa vocabulary from [15]. The ELECTRA pretraining uses a 15% masking rate, training a
generator to predict masked taxa and a discriminator to distinguish authentic from generated
taxa. The pretrained discriminator serves as our foundational representation engine, with
task-specific heads fine-tuned while keeping encoders frozen. We employ ensemble methods for
robust cross-study generalization.

4 Results

We compare against seven different representation-learning baseline methods based on GLoVe
embeddings [12, 15] or deep autoencoders [11]. We also train random forest (RF) classifiers on the
raw taxa abundance features as a non-representation-learning baseline. Our foundational model
matches or exceeds all representation-learning baselines on AGP IBD and diet classification tasks.
Interestingly, the pure RF exceeds all other methods in terms of within-domain performance
but then fails to generalize out-of-domain reliably.

To test out-of-domain generalization, we include experiments where we train our method and
baselines only on AGP IBD data, then test on two independent IBD datasets: from [6] and [9)].
We match or exceed all baselines, particularly on [6] data, where we achieve an AUC of 0.805,
as compared to 0.578 for the best equivalently trained baseline. This underlines our method’s
greater capability to extract generalized, cross-population patterns of microbial community
organization. Its embeddings also show 20+ percentage points higher phylogenetic clustering
purity than static embeddings [15], and show stronger correlations with KEGG metabolic
pathways [8]. Feature ablation-based attribution [17] identifies both known IBD biomarkers (e.g.,
Parabacteroides) and new associations (Allisonella, Methanosphaera) validated across cohorts,
demonstrating automated biological discovery capabilities.

5 Discussion and Future Directions

This work shows how foundational models accelerate scientific discovery by extracting universal
principles from unlabeled data. Our approach enables automated hypothesis generation through
feature attribution and zero-shot transfer across populations—addressing fundamental limitations
where microbiome models often fail on new cohorts.

By treating microbial communities as a “language,” we use the foundational model NLP
paradigm to open new research avenues: standardized representations for cross-study compar-
isons, automated biomarker discovery, and learned understanding of community dynamics. The
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RF’s in-domain advantage but out-of-domain failure suggests it learns study-specific correlations;
the transformer’s attention mechanism instead captures community-level, multi-taxon interaction
patterns that generalize across populations. Future directions include scaling to diverse body
sites, using shotgun metagenomic data, and developing multimodal microbiome models. As
foundational models transform domains from protein folding [1] to drug discovery [13], we
envision similar methods for microbiome science, enabling the transition from descriptive studies
to predictive understanding of microbial communities in human health.

Data and code: https: //do%. org/10. 5061/ dryad. tb2rbp08p
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