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ABSTRACT

The human gut microbiome plays a vital role in shaping metabolism and im-
munity. To support research in this domain, AI systems must be able to rea-
son about general microbiome knowledge and provide analysis of individual mi-
crobiome measurements, for example, predicting disease status from a sample.
Current models are suboptimal: microbiome-specific models are inexpensive and
can classify individual samples, but are not designed for open-ended knowledge
tasks; frontier language models have scientific knowledge and few-shot classifica-
tion abilities, but are expensive to run. In our work, we address this discrepancy
by curating data to help inexpensive pretrained language models support both of
these capabilities. Starting with sample classification, we introduce a continued-
pretraining (CPT) dataset that combines information from sample metadata and
scientific literature. We show that while current language models can be adapted
for sample classification, training on our dataset improves performance. To evalu-
ate microbiome knowledge, we introduce an expert-authored benchmark of chal-
lenging questions that require critical assessment of scientific situations. Finally,
to support both sample classification and scientific knowledge, we curate a multi-
task finetuning data mixture using data derived from biological databases, pub-
lications, and sample-level classification. A 1.7B model trained on this mixture
outperforms few-shot frontier models by 7 percentage points on average on our
sample classification tasks and outperforms a 31B model by 10 points on one of
our two knowledge tasks. Our results illustrate the feasibility of curating data
that supports predicting biologically meaningful sample properties and scientific
knowledge for a complex scientific domain within a single, compact model.

1 INTRODUCTION

Foundation models have advanced biological sequence modeling (Hayes et al., 2025; Brixi et al.,
2026), but supporting research on complex biological systems requires connecting quantitative mea-
surements with existing scientific knowledge. The human microbiome, especially gut microbiota,
provides a compelling setting: communities of gut microbes contribute to nutrient metabolism and
modulate host immune responses (Sonnenburg et al., 2005; Caffrey et al., 2026, i.a.), and under-
standing these contributions at population scale requires linking quantitative community profiles to
microbial functions and host physiology (Consortium, 2019; Lloyd-Price et al., 2019).

Supporting microbiome research therefore calls for complementary capabilities: predicting sample-
level properties from community profiles, possessing knowledge about microbial and host biology,
and critically assessing scientific claims and experimental designs. Existing microbiome models
learn from community profiles and are commonly evaluated on classification tasks, including dis-
ease classification and identification of drug-treated samples (Pope et al., 2025; Zhang et al., 2026;
Treloar et al., 2026); these models are generally not designed for open-ended scientific question
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answering. Conversely, general-purpose language models (LMs) can support scientific reasoning
(Gemma et al., 2026; OpenAI, 2026), and can support classification through few-shot learning, but
frontier models are expensive to run, and weaker models underperform compared to task-specific
baselines. These complementary strengths and limitations motivate investigating whether we can
curate data to make up the difference: to train inexpensive models that can support both profile
classification and knowledge-intensive reasoning for microbiome research.

1. Scientific evidence 2. Generated data 3. Model training 4. Capabilities
Profiles

Taxon Abundance
Lactococcus 56.1%
Bifidobacterium 14.6%
Pseudomonas 10.1%
… …

Metadata
Age: 34
BMI: 22.1
Country: US

Literature

Bifidobacterium

Databases

KEGG NCBI

Taxa-Only Baseline

Lactococcus, Bifidobacterium, Pseudomonas, Lysinibacillus, …

MicrobeText
Format 1
Lactococcus(56.1%)
Bifidobacterium(14.6%)
Pseudomonas(10.1%)

Format 2
This sample
contains
Bifidobacterium
(14.6%)…

… More
formats

Synthetic document
Title: Microbiome profile
This sample contains…

Prediction examples Synthetic QA

Lactococcus(56.1%)
Bifidobacterium(14.6%)
Pseudomonas(10.1%)

Biome

Q: How is 16S rRNA data
processed?

A: Quality control, …

MicrobeTextSFT

Pretrained LM
Qwen3-1.7B

CPT

SFT

MicrobiomeLM

Predict sample properties

Biome
classification

Disease
classification

Answer scientific questions

MicrobeExpertQA Microbiome
Reasoning

Figure 1: Overview of our microbiome data-generation and model-training pipeline. 1.
Sample profiles, study metadata, literature, and biological databases provide scientific evidence.
2. Taxa-Only represents profiles as ranked taxon-name sequences. MicrobeText trans-
forms study data and literature-derived facts into diverse profile formats and synthetic documents.
MicrobeTextSFT mixes classification examples with synthetic question-answer pairs. 3. An
existing language model is adapted through continued pretraining (CPT) and supervised finetuning
(SFT). 4. Models are evaluated on sample-property prediction and scientific question answering.

In our work, we curate data to adapt pretrained language models to support prediction from mi-
crobiome profiles while having scientific microbiome knowledge (Figure 1). We begin with micro-
biome profile classification. Each sample is represented as an abundance profile, a text document
listing the microbes present in a community and their relative abundances—in other words, which
microbes there are and how common each is. Interpreting these profiles is central to microbiome
research: they reveal community diversity, help track changes following treatment, and identify
differences between healthy and diseased communities. This interpretation is challenging because
profiles are complex: in our datasets, each profile contains approximately 100 microbes on average,
drawn from approximately 15K distinct microbial types. Predicting properties such as disease status
or drug response therefore requires learning how microbial identities and abundances jointly relate
to these outcomes. However, these abundance tables can be formatted as text documents, making
them accessible to LM-processing, rather than requiring domain-specific models.

To help LMs process abundance profiles, we introduce MicrobeText, a continued-pretraining
(CPT) corpus that presents abundance profiles in diverse tabular formats and synthetic document
styles, enriched with sample metadata and literature-derived information. Using few-shot prompting
for frontier models and supervised finetuning for a smaller Qwen3-1.7B model, we establish that
general LMs can perform several microbiome classification tasks. However, we find that using
MicrobeText to continue-pretrain a Qwen3-1.7B model (MicrobiomeLM-base) improves
mean macro-F1 across seven classification tasks from 66.8 to 70.0 under single-task finetuning and
from 69.3 to 70.7 under multitask finetuning. Under both finetuning regimes, it achieves comparable
or higher mean macro-F1 than a domain-specific model on five of the seven tasks. Ablations further
show that the diverse tabular formats and synthetic documents are the main drivers of classification
performance.

Turning to microbiome knowledge, we note the lack of existing benchmarks measuring scientific
microbiome knowledge capability. As a result, we introduce MicrobeExpertQA (MEQA), an
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expert-authored benchmark of 50 long-form questions, each accompanied by a reference answer,
supporting references, and a question-specific weighted rubric. The questions draw on practical
research challenges, including compositional data interpretation, strain-level inference, experimental
design, and the assessment of causal evidence. The rubrics reward scientifically justified answers
and penalize predefined biological and methodological errors, allowing evaluation to account for
both relevant knowledge and misleading interpretations.

Finally, to support both prediction and scientific knowledge within a single, inexpensive model, we
construct a supervised finetuning (SFT) dataset, MicrobeTextSFT, which mixes classification
examples with synthetic question-answer pairs created using biological databases and publications
(Kanehisa & Goto, 2000). We use this dataset to train MicrobiomeLM-MT, a compact 1.7B,
multi-task model that improves over the unadapted Qwen3-1.7B instruction-tuned baseline by
25.1 points on MicrobeExpertQA and 14.2 points on Microbiome Reasoning, outperforming
Gemma-4-31B-it on the latter. These results demonstrate the feasibility of curating data to sup-
port quantitative prediction and scientific question answering within a single inexpensive language
model, with minimal task-dependent trade-offs relative to task-specific models.

Our contributions are as follows:

• We curate MicrobeText, a CPT dataset that combines textual microbiome profiles, sam-
ple metadata, and literature-derived information to improve pretrained LM’s microbiome
classification ability.

• We introduce evaluation resources including MicrobeExpertQA, an expert-authored
benchmark assessing microbiome knowledge, methodological reasoning, and critical ev-
idence assessment.

• We curate MicrobeTextSFT, a dataset mixing classification tasks, microbiome knowl-
edge, and synthetic scientific question-answer pairs. We use it to train a multitask model,
MicrobiomeLM-MT, and quantify the benefits of domain CPT and the trade-offs of sup-
porting both microbiome prediction and knowledge.1

2 CURATING MICROBIOME CLASSIFICATION CPT DATA

2.1 DATASET: MICROBETEXT

We now introduce MicrobeText, our continued-pretraining data, and study how it affects models’
classification performance.

To curate continued-pretraining data that improves models’ microbiome classification ability, we
start from existing collections of abundance profiles. One collection is the Atlas dataset (Treloar
et al., 2026), which contains 485K abundance profiles from the MGnify platform (Richardson et al.,
2023), which aggregates microbiome data from sources like the European Nucleotide Archive. The
second is the GMrepo database (Liu et al., 2026), which contains 60.2K additional samples ag-
gregated from studies focusing microbiome-human disease interactions. We hold out 26.7K high-
quality GMrepo samples for SFT and evaluation (Sec. 2.2), which leaves us with 33.6K high-quality
samples for continued-pretraining. Each sample is an abundance profile with a list of the microbe’s
full taxonomic lineages and its relative abundance in the sample. Prior methods train from scratch on
this data, so these collections are not designed with continued-pretraining in mind. To address this
gap, we curate a dataset that (1) embeds abundance profiles into diverse contexts and (2) augments
samples with linguistic information from scientific sources.

Diverse Contexts. Recent work on continued pretraining emphasizes that when teaching language
models new information, it is important to incorporate that information into diverse contexts (Han
et al., 2026; Lin et al., 2026). We incorporate diversity in two ways. First, for structural diversity,
we generate diversely formatted tables by constructing formatters that insert the taxa into formats
like Markdown tables, TSV files, and JSON objects. Second, we add diversity through the document
type the table is inserted into. We generate fifty diverse synthetic document types (e.g. Wikipedia

1All data, models, and evaluations will be released upon publication.
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Experimental data
Relative abundance of bacterial groups (%) Sample metadata

Sample Lactococcus Bifidobacterium Pseudomonas Other Site Status
S1 56.1 14.6 10.1 19.2 gut healthy
S2 0.1 0.2 0.4 99.3 gut healthy
S3 0.2 0.1 0.8 98.9 gut healthy Human gut

microbiome

Knowledge data

KEGG
Starch-digesting enzyme (α-amylase; K01176)
in some Bifidobacterium species

Starch Smaller pieces

PubMed
Venkataraman et al., 2016

In 20 healthy young adults, resistant starch
increased the relative abundance of some
members of this genus.

(a) Data types

Classification

health status
Profile S3

Target

healthy

Knowledge task

Methodological reasoning Biological knowledge

Q: Does S1's 14.6%
Bifidobacterium
give a cell count?

A: No. It is a relative
proportion.

Q: Can diet change
Bifidobacterium
relative abundance?

A: Yes. Resistant starch
can increase it.

(b) Task types

Figure 2: Microbiome data and task types. (a) Microbial names connect abundance profiles
to structured biological annotations and scientific literature. (b) Classification tasks infer sam-
ple attributes from abundance profiles, while knowledge tasks assess biological understanding and
methodological reasoning through scientific question answering.

articles, Reddit thread forums, advertisements, legal document excerpts, etc.), and prompt a lan-
guage model to rewrite the abundance profile into this document style (Prompts and examples in
Appendix A.1).

External Knowledge. Sources like abundance profiles, metabolic pathways, sample metadata, and
existing literature can intersect to improve language models’ microbiome prediction abilities and
knowledge. (See Figure 2(a) for an example.) As such, in addition to adding structural diversity,
we augment the abundance profiles with information from relevant scientific papers and sample
metadata.

We obtain sample metadata from the MGNify API, including background information such as the
title of the study that collected the sample and the location where the sample was taken (Richardson
et al., 2023). Metadata is sample-specific but lacks information specific to the sample’s microbes.
To capture this, we query the PubMed search API with the microbial taxa to obtain relevant ab-
stracts2, and we prompt an LLM (Gemma-4-31B-it) to extract microbe-related information from
the abstracts. We generate approximately 85K statements for 8K unique microbial genera from 90K
PubMed abstracts. This gives us about one-fifth as many statements as samples, so to avoid overfit-
ting to their surface forms, we randomly select 3-5 statements about bacteria found in the sample.
For the diversely formatted tables, we append this additional information after the table to encour-
age the model to produce relevant information based on the table, similar to how the models will be
evaluated. For the diverse synthetic documents, we incorporate this information into the synthetic
document prompts.

Finally, the number of tokens is still relatively small, so we perform data augmentation on the abun-
dance profiles themselves. We treat the profiles as probability distributions and sample from a
Dirichlet distribution with parameters equal to the abundance values (Details in Appendix A.3).
The end result is MicrobeText, which contains ∼2.3B tokens from diversifying the table struc-
tures (with each sample appearing five times) and ∼2.1B tokens from the synthetic documents (with
each sample appearing once).

2.2 EVALUATION

To evaluate the quality of MicrobeText, we CPT pretrained LMs and, treating them as micro-
biome sample representation models, evaluate them on classification tasks. Classification tasks re-
quire inferring a sample property from an abundance profile, such as predicting “healthy” disease
status for sample S3 in Figure 2b. We adopt classification tasks from prior work in addition to
proposing our own. From prior work, we use six tasks from the Compass benchmark that vary in
their number of training samples and difficulties (Treloar et al., 2026). These tasks include identify-

2We use abstracts because full texts are not always available.
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ing where in the human body or which stool-derived in vitro community (SIC) a microbiome sample
was collected from, whether a sample was treated with a drug and if so what kind, and the age and
birth mode of an infant a sample came from. (See Appendix C.1 for full descriptions).

The evaluation dataset that we introduce focuses on a task that is missing from these evaluations:
disease-type classification. Our task leverages a 26.7K-sample subset of GMrepo data (Liu et al.,
2026), with a train-test split of 25.9K/498/233. We clustered samples associated with diseases and
healthy controls into eight categories for models to choose among, and ensured that any test samples
from our pretraining data were omitted. Appendix C.2 provides more details and a breakdown of
the disease type classes.

2.3 EXPERIMENTAL SETUP

Prior work evaluates in a single-task training regime where a base model is finetuned separately on
each task (Treloar et al., 2026), so we also adopt this approach.

Models. We compare four models. First, to test if language models can be adapted for mi-
crobiome classification, we compare to representative domain-specific model from prior work—
Waypoint-170M, a 170 million-parameter model with a GPT-2 architecture trained on the Atlas
dataset (Treloar et al., 2026). We choose this model because, compared to other prior works, it is
larger in scale, has been trained on more samples, and performs well on the Compass evaluation task
suite. Next, we compare to LM baselines. To see whether MicrobeText helps over no CPT at
all, we finetune Qwen3-1.7B without CPT (No-CPT). To see whether the external knowledge and
diverse contexts provide helpful supervision, we CPT on data without them (Taxa-Only). Specif-
ically, we serialize abundance profiles using a strategy similar to (Treloar et al., 2026), converting
each profile into a comma-separated list of microbial taxa ordered by their z-score-transformed
abundance values. Finally, we compare these to MicrobiomeLM-base, a Qwen3-1.7B model
trained on MicrobeText. When training Taxa-Only and MicrobiomeLM-base, 90% of the
samples come from MicrobeText and the remaining 10% come from FineWeb-Edu to avoid
catastrophic forgetting of language ability (Penedo et al., 2024). Hyperparameters are in Ap-
pendix E.

Single-task Finetuning. After the CPT step, we evaluate our models by performing single-task
finetuning using the provided dataset splits. For the Qwenmodels, we perform finetuning by treating
classification as a question-answering task: we insert the profile to classify and a short task descrip-
tion into the user message, and put the label into the assistant message (other hyperparameters in
Appendix E). Waypoint-170M is trained differently: its vocabulary consists only of microbial
taxa, so following Treloar et al. (2026), we pool the final hidden states and then train a classification
head on them. This difference introduces an evaluation-time discrepancy: Qwen models have to
choose the labels out of all possible next tokens, while the Waypoint models do not. To ensure a
fair comparison, we evaluate the Qwen models using constrained decoding to force them to produce
a valid label. We report the macro-average F1 for each dataset over three independently seeded runs.

Few-shot LMs Next, we investigate how well current LMs can classify microbiome profiles
without parameter updates. To capture possible usage scenarios, we assess our base model,
Qwen3-1.7B (with reasoning), a medium-sized open-weight model, Gemma-4-31B-it (with
reasoning), and frontier proprietary LMs, GPT-5.6-Terra and GPT-6-Astra (reasoning =
medium). We use five-shot classification to balance performance, coverage and cost considerations.
(Additional analysis in Appendix D). Few-shot examples are chosen by finding the top 5 most simi-
lar training sample abundance profiles using Bray-Curtis dissimilarity (Bray & Curtis, 1957). In this
setting, models also choose among valid labels using constrained decoding.

Classical Baselines. Prior work has found that classical machine learning approaches perform
competitively with neural-based ones on microbiome tasks. As such, we implement and evaluate
logistic regression, random forest, and XGBoost (Chen & Guestrin, 2016) models (hyperparameters
in Appendix E).
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Table 1: Macro-F1 results on classification tasks. The models within a point of the best score are
bolded. Datasets where our models are competitive or improve compared to Waypoint-170M are
in italics. Numbers in parentheses are the standard deviations of three runs. Multi-task Training
discussed in Sec. 3. Takeaway: LM-based models perform comparably or better than domain-
specific baselines for most classification tasks.

Biome Gut SIC Drug/Not Drug Class Infant Age Birth Mode Disease Clf

Classical ML Baselines
Logistic Regression 79.6 89.7 63.2 16.1 71.8 68.4 48.9
Random Forest 62.2 84.7 78.3 17.0 69.5 68.8 44.4
XGBoost 80.8 94.9 86.5 19.5 75.8 72.1 65.0

LMs (5-shot)
Qwen3-1.7B 7.0 79.2 32.1 0.9 9.3 30.7 13.6
Gemma-4-31B-it 67.5 70.6 77.4 12.2 59.4 63.4 17.3
GPT-5.6-Terra 57.1 86.0 75.8 17.2 54.4 64.5 51.3
GPT-6-Astra 73.4 89.7 77.5 18.2 63.5 71.8 52.2

Single-task Training
Waypoint-170M 95.1 (1.2) 93.4 (0.3) 80.0 (2.0) 15.9 (1.8) 71.9 (1.5) 73.8 (1.5) 66.5 (1.6)
No-CPT 70.2 (3.7) 95.5 (0.3) 82.4 (1.3) 17.2 (3.9) 73.3 (3.8) 67.3 (3.5) 61.9 (4.0)
Taxa-Only CPT 86.2 (1.0) 93.3 (2.7) 82.0 (0.3) 16.9 (1.2) 66.7 (4.4) 63.5 (5.5) 61.5 (3.2)
MicrobiomeLM-base 85.7 (1.6) 95.1 (1.9) 85.0 (1.1) 17.9 (1.7) 72.1 (5.0) 67.9 (2.1) 66.7 (2.1)

Multi-task Training
No-CPT-MT 85.0 94.7 84.2 19.0 72.3 71.3 58.1
MicrobiomeLM-MT 82.7 96.0 85.6 19.7 77.0 73.8 60.4

2.4 RESULTS

Table 1 shows the main results. We summarize the takeaways below.

Out-of-the-box LMs can be tuned to perform microbiome tasks. While the domain-specific
Waypoint-170M model is successful on many tasks, No-CPT performs competitively in four of
seven tasks (e.g., Drug/Not, Drug-class, Infant Age, and SIC). And compared to the logistic regres-
sion and random forest baselines, it performs the same or better in six of seven tasks. Regarding the
few-shot LMs, Gemma-4-31B-it and GPT-5.6-Terra both achieve non-trivial performance
while Qwen3-1.7B fails. GPT-6-Astra outperforms logistic regression and random forest on
four of seven tasks, and even Waypoint-170M in the Drug Class task.

Training with MicrobeText helps. Even though No-CPT can be finetuned to perform well
on some benchmarks, performing CPT on microbiome data helps shore up the gaps. While both
Taxa-Only and MicrobeText can help, MicrobeText helps more overall, particularly on
Infant Age, Birth Mode, and our new disease classification task. Overall, MicrobiomeLM-base
is competitive or better than the No-CPT model in six of the seven tasks, and competitive or better
than Waypoint-170M in five.

Ablations. We investigate which features of our MicrobeText data drive the benefits we see
over the No-CPT and Taxa-Only models. In three tasks, MicrobiomeLM-base clearly
outperforms the No-CPT model, and in four MicrobiomeLM-base clearly outperforms the
Taxa-Only model. We explore why by removing segments of the MicrobeText data and re-
running CPT. First, we remove the synthetic documents to ablate the effect of including additional
document structures (- synth docs). Then, we remove the external knowledge from the literature
(- external). The results are in Table 2. On average, removing the synthetic documents causes a
two-point drop, while removing the literature-based facts causes a further 0.8-point drop. The drop
is most prominent in the Biome Gut and Disease Classification tasks. These tasks require predict-
ing labels that are likely readily available in literature and sample metadata. However, when we
remove literature facts, disease classification performance drops the most, suggesting that literature
information helps associate diseases with microbiome samples.
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Table 2: Ablation results on individual representation learning tasks. Average scores on representa-
tion learning tasks illustrate that removing synthetic documents and the literature-derived facts from
the curated MicrobeText data hurts performance.
CPT Data Biome Gut SIC Drug/Not Drug Class Infant Age Birth Mode Disease Clf Avg

No-CPT 70.2 (3.7) 95.5 (0.3) 82.4 (1.3) 17.2 (3.9) 73.3 (3.8) 67.3 (3.5) 61.9 (4.0) 66.8
Taxa-Only 86.2 (1.0) 93.3 (2.7) 82.0 (0.3) 16.9 (1.2) 66.7 (4.4) 63.5 (5.5) 61.5 (3.2) 67.2
MicrobeText 85.7 (1.6) 95.1 (1.9) 85.0 (1.1) 17.9 (1.7) 72.1 (5.0) 67.9 (2.1) 66.7 (2.1) 70.0

(- synth docs) 78.8 (1.0) 94.2 (1.5) 84.3 (1.0) 17.3 (3.3) 70.6 (0.8) 68.2 (2.1) 63.5 (2.5) 68.1
(- external) 79.4 (1.5) 94.3 (0.7) 84.3 (1.8) 16.1 (2.8) 70.8 (4.0) 69.9 (1.9) 56.1 (1.3) 67.3

Success of Simple Baselines. While our language model-based solutions are competitive with or
better than Waypoint-170M, simpler models can yield competitive solutions on many classifica-
tion tasks. In particular, we find that XGBoost outperforms many LM-based approaches. Others
have noted XGBoost’s relative strength in these tasks (Mu et al., 2026; Blekhman, 2026) and at-
tribute this success to these methods’ ability to handle sparsity and provide regularization for train-
ing on smaller datasets along with and ceilings on what can be predicted from profiles alone. While
the XGBoost baselines are competitive for the single-task setting, they do not offer the flexibility of
language models. If a task requires integrating language and microbiome samples, classical methods
are not an option, and we can instead rely on methods like our multi-task models.

3 CURATING MULTI-TASK SFT DATA

Base models that can perform classification tasks alone are not sufficient to support microbiome
research. Models must also have knowledge of the microbiome and the ability to reason about sci-
entific processes (for examples of knowledge tasks, see Figure 2b). Unlike Waypoint-170M or
other dedicated microbiome-based encoders, LMs can elegantly handle multitask scenarios due to
their tokenization strategies and world knowledge. While the number of tasks we have available to
train on in the microbiome domain is small compared to the number of tasks explored in frontier
language SFT settings (Lambert et al., 2025), we use those that we have to train a proof-of-concept
multi-task microbiome model by curating and finetuning on MicrobeTextSFT, a mix of micro-
biome classification and microbiome knowledge tasks.

3.1 DATASET: MICROBETEXTSFT

We curate MicrobeTextSFT by mixing data to support microbiome classification and knowledge
together. To support classification, we combine the training splits of the Compass tasks along with
our Disease Type classification task. To support microbiome knowledge, we construct a synthetic
corpus of question–answer pairs that require microbiome expertise to answer. We generate these
pairs by combining knowledge from existing biological databases, including KEGG (Kanehisa &
Goto, 2000), with information from PubMed publications and disease associations. We link database
entries to relevant literature and disease context, then prompt a language model with this combined
information to generate scientific questions and corresponding answers. Additionally, using a list
of key concepts and microbiology ideas, we find abstracts that discuss these concepts and use them
as seeds for generating ∼37K difficult microbiome questions. While small models have limited
microbiome knowledge, larger models have more, so we distill answers to these questions from
Gemma-4-31B-it. We also explore training on abstracts from PubMed publications but find that
this does not provide much benefit, so we do not include them. Finally, we mix in 2K training
samples used by (Lu et al., 2026), and 10K training samples from Tulu-v3 (Lambert et al., 2025) to
encourage learning and preserving instruction-following formatting.

3.2 MULTI-TASK EVALUATION

To evaluate classification ability, we use the Compass and Disease Classification tasks; however, we
perform no additional single-task finetuning. To assess microbiome knowledge, prior work is more
limited. Traditional medical knowledge benchmarks contain few samples relevant to the human mi-
crobiome (See Appendix C.5). One exception is Lu et al. (2026), which curates the Microbiome
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Reasoning benchmark (MR) from the Microbiota-drug interaction and disease phenotype interrela-
tion database (MDPID) (Yin et al., 2025). In addition to using this benchmark, we also curate our
own.

We introduce MicrobeExpertQA, an expert-curated benchmark of 50 questions for evaluating
microbiome knowledge and scientific reasoning through long-form question answering. Questions
were written by expert microbiologists, drawing on practical challenges encountered in microbiome
research and insights from relevant scientific and methodological literature. The questions empha-
size research problems that require models to connect biological knowledge with data interpreta-
tion, experimental design, and critical assessment of evidence, instead of simply recalling isolated
facts. Topics include compositional data analysis, strain-level inference, microbial ecology, causal
and functional validation, and microbiome-based interventions. For example, questions ask mod-
els to distinguish relative from absolute abundance, recognize when an assay lacks the resolution
needed to support a claim, and identify critical experiments required to move from association to-
ward causal evidence. Each question is accompanied by a detailed answer, supporting references,
and a fine-grained, question-specific weighted rubric. Positive-weight criteria specify essential con-
cepts, appropriate methodological choices, and relevant limitations, whereas negative-weight criteria
penalize predefined scientific and methodological errors. This design targets not only the inclu-
sion of relevant information but also the avoidance of misleading interpretations and unsupported
conclusions. We show what microbiome domains the benchmark covers in Appendix F. We use
Gemma-4-31B-it as a judge to evaluate generated responses against these rubrics. (An example
and judge prompt are in Appendix C.3.)

3.3 MULTI-TASK EXPERIMENTAL SETUP

We use Qwen3-1.7B and MicrobiomeLM-base as base models for multi-task training, training
both on MicrobeTextSFT to obtain No-CPT-MT and MicrobiomeLM-MT respectively. Mix-
ing the task data is not trivial—different tasks have different numbers of samples. Knowledge tasks
also require much longer generations than classification tasks: the training data for knowledge tasks
has 18.8M tokens, while the classification tasks ranged from 14K–406K tokens. To address this im-
balance, we sample training samples with weights inversely proportional to the task’s total number
of tokens, and add extra weight to difficult classification tasks. For more details, see Appendix E.
Finally, for comparisons to untuned LMs for knowledge tasks, no in-context examples are used.

3.4 MULTI-TASK RESULTS

Table 3: Knowledge results. MEQA is
MicrobeExpertQA, and MR is Mi-
crobiome reasoning. Multi-task mod-
els trained on MicrobeTextSFT si-
multaneously can perform classifica-
tion and knowledge tasks.

MEQA MR

Qwen3-1.7B 7.12 57.0
Gemma-4-31B-it 51.2 61.8
GPT-5.6-Terra 72.3 73.4
GPT-6-Astra 71.8 77.4

No-CPT-MT 32.2 71.2
MicrobiomeLM-MT 33.2 71.6

The multi-task classification results are in Table 1 and
knowledge results are in Table 3. On classification tasks,
our multi-task models perform better than their single-
task counterparts on some tasks (such as Drug class and
Birth Mode), and worse on others (like Biome Gut and
Disease classification). Improvements likely occur due
to cross-dataset interactions—e.g., learning to distinguish
which drug a sample was treated with likely helps distin-
guish those that were treated from those that were not—
a phenomenon observed in prior multi-task learning set-
tings (Ramsundar et al., 2015; Ruder, 2017). Finally, the
gap between the No-CPT-MT and MicrobiomeLM-MT
is visible in some datasets like infant age or birth mode,
but largely disappears compared to the single-task setting,
suggesting that training on a sufficient number of samples
in the multi-task setting lessens the need for dedicated, domain-specific continued pretraining.

In addition to helping with some microbiome classification tasks, the multi-task models also im-
prove over untrained models in accessing microbiome knowledge. Compared to the untrained
Qwen3-1.7B model, the multi-task models improve by 25–26 points on the scientific questions
in MicrobeExpertQA and 14 points on the knowledge-based microbiome reasoning questions.
We do not expect MicrobeText to provide much of a benefit in the knowledge elicitation setting,
as most of the training data is dedicated to improving microbiome sample representations, but the
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fact that it performs approximately as well as the No-CPT-MT model indicates that it hasn’t lost
its linguistic ability during CPT. Compared to open-weight and frontier models, our 1.7B multi-task
models underperform the GPT models on both tasks, but in the Microbiome Reasoning task, our
model outperforms the Gemma-4-31B-it model.

4 DISCUSSION

Value of Microbiome Data. Our results suggest that while current LMs can address the needs of
microbiome research, training with additional domain-specific data is broadly helpful. For classi-
fication tasks, first training on MicrobeText usually provides a consistent improvement, though
the boost shrinks during multi-task training due to the larger dataset size. This multi-task training
is also helpful—we don’t observe a significant trade-off between single-task and multi-task per-
formance on classification tasks. In fact, performance is higher across all but two tasks. These
improvements provide evidence that frontier models’ sub-optimal classification task performance
can likely be overcome using datasets like the ones we present. Finally, on the knowledge tasks,
MicrobeTextSFT can improve question-answering performance over the base models and larger
open-weight models, but there is still room for improvement compared to the frontier models.

Clinical Applications. The tasks we study are only a starting point for multi-task microbiome
modeling. For example, an important direction for future work is integrating longitudinal micro-
biome sampling with richer clinical data. Repeated microbiome measurements can be linked to
longitudinal electronic medical record data, including medications, laboratory values, procedures,
disease activity, and outcomes. Such datasets could allow models to move beyond static sample-
level classification and instead learn clinically meaningful within-patient trajectories over time. Ulti-
mately, this may enable models not only to predict disease states and trajectories, but also to identify
microbiome-directed interventions that could alter those trajectories.

5 RELATED WORK

Microbiome models. Our work fits into a broader set of microbiome profile works such as MGM,
BiomeGPT, and Waypoint. Some train smaller models on more limited dataset, e.g., 1M parameter
models on fewer than 20K samples (Pope et al., 2025; Medearis et al., 2026), while others train larger
models, ∼8M parameters for MGM on ∼260K samples, and up to 170M parameters on ∼485K
samples for Waypoint (Zhang et al., 2026; Treloar et al., 2026). Because these are microbiome-
specific encoders, they tokenize abundance tables in different ways: usually each taxa gets its own
token and abundance information is conveyed through order or additional abundance-specific tokens.
In our work, we use pretrained LM’s tokenizers without alteration. Despite these not being designed
for microbiome tasks, we are still able to see comparable performance to prior work.

Integrating biological measurements with language. Much work in biological modeling, par-
ticularly for sequence data, trains domain-specific models, such as Evo 2 for DNA and ESM3 for
proteins (Brixi et al., 2026; Hayes et al., 2025). Prior microbiome works we have discussed do sim-
ilarly for microbiome community profiles. On the other extreme, some works focus predominantly
on linguistic biological knowledge, training on biomedical literature for tasks like question answer-
ing (Luo et al., 2022; Bolton et al., 2024). In our work we argue for training models that can do both
in the microbiome setting, as language models can treat both microbiome profiles and microbiome
knowledge as text. In this way, our work aligns with Cell2Sentence wroks Levine et al. (2024);
Rizvi et al. (2025), which train and finetune LMs to represent and reason over gene expression data;
however, our setting is more data-limited with 100Ks of samples versus 10Ms, requiring additional
augmentation. Another avenue toward integrating biological measurements with language involves
using domain-specific sequence encoders as multi-modal inputs as done with audio or vision inputs
for language models, rather than training unified models (Fallahpour et al., 2025; 2026). And a final
approach is to delegate handling biological inputs and scientific knowledge to tools rather than pro-
cessing them parametrically (Jin et al., 2024; Roohani et al., 2025). Closest to ours, Eubiota trains
models to agentically reason and call tools that are relevant to microbiome queries (Lu et al., 2026);
however these models are not trained on microbiome samples themselves.
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6 CONCLUSION

Microbiome tasks are heterogeneous, but many inputs rely on language. Therefore, language models
should form the underlying architectures for operating on microbiome data. In this work, we show
that current language models can be adapted to perform well on microbiome classification tasks, and
that additional continual pretraining on augmented microbiome data and training multi-task mod-
els can improve over domain-specific models. While they produce effective representations, these
same models can also serve as sources of microbiome knowledge—answering factual questions and
critiquing scientific workflows—and we introduce evaluations to study both aspects. The future of
microbiome research lies in integrating various microbiome data sources into models, and the work
we present here is a first step.

AI USE STATEMENT

In this work, we used generative AI tools to help generate synthetic datasets, for writing code, for
suggesting experimental methods and parameters, for help formatting tables, and for finding relevant
work during literature review. For generating synthetic datasets, we used Claude Sonnet 4.8 to gener-
ate table formatting functions and to generate the list of synthetic document types. These were man-
ually verified. The synthetic documents in MicrobeText were generated using Qwen3-1.7B,
and the synthetic question-answer pairs in our microbiome knowledge SFT dataset were generated
using Gemma-4-31B-it. These are large in number, so they were manually spot-checked rather
than exhaustively verified. For writing code, we used Claude Opus 4.8 and 5 and Claude Sonnet
4.8 to write pieces of code such as training configurations, new experimental conditions, and scripts
for coordinating launching experiments. Claude products also wrote code for converting experiment
results into LaTeX tables. All code was manually verified. For suggesting experimental methods
and parameters, we used Claude Sonnet and Opus 4.8 to help debug issues with training hyperpa-
rameters. Generative AI tools were not used in the writing of the submission (all em-dashes are our
own), or for independently proposing, implementing, and running experiments. Nor were they used
to interpret results or design the research methodology. The authors take full responsibility for the
final content and claims of this work.

ETHICS STATEMENT

When working with microbiome data, it is important to protect the identities of any human subjects
involved. None of the data we use comes from clinical sources that we collect—it is all from
publicly available sources as collected by agencies like the European Nucleotide Archive. One
ethical concern could be that, by pooling the data, we make it more accessible; however, the two
sources of our data, Treloar et al. (2026) and Liu et al. (2026), already release microbiome data in
aggregated form. Finally, and most importantly, all of the data we use is de-identified with no way to
tie back to a particular human subject, and the subject metadata available is too coarse to identify an
individual—for example country, age, sex, and disease status. Additionally, it is important to note
that while our models provides predictions about properties like disease class, the models here are
research prototypes and should not be used for patient diagnosis.

REPRODUCIBILITY STATEMENT

In order to ensure the reproducibility of our work, we take care to describe our methods in de-
tail. The prompts we use for data curation and evaluation are included in the appendix, as are
model training hyperparameters and more details about curation decisions. The code we use
for data curation, model CPT and SFT, evaluation are also all available at the following link
along with sample scripts for running them: https://anonymous.4open.science/r/
microbiome-iclr2027-submission-013D. We plan on releasing all data, models, and
code upon acceptance.
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A CURATING MICROBETEXT CPT DATASET

A.1 STRUCTURAL DIVERSITY.

We add structural diversity by inserting taxa into diversely formatted tables. We use Claude Code
Sonnet to generate 42 table formatters that fall into three categories: lists of taxa, tables that include
taxa and abundance values, and bucketed lists, which group taxa by abundance without including
the abundances. Examples are in Table 4.

Table 4: Sample categories and examples of diverse table formats.

Category Count Example

List 9 Lactococcus > Bifidobacterium > Pseudomonas . . .

Table 19
1. Lactococus: 56.1%
2. Bifidobacterium: 14.6%
3. Pseudomonas: 10.1% . . .

Buckets 14
Most Abundant: Lactococcus. Mod-
erately abundant: Bifidobacterium and
Pseudomonas . . .

Additionally, we add topical diversity by inserting the tables into one of 50 document types, gener-
ated by Claude Sonnet and manually verified. These cover formats such as Wikipedia-style entries,
blog posts, social media threads, legal documents, among others. We prompt Qwen3-1.7B to in-
corporate the abundance table information into documents of those types. We choose Qwen3-1.7B
for efficiency reasons, as we generated documents for all Atlas training samples. The prompt is be-
low:
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Synthetic Documents Prompt

Write a document that includes the information from the following microbiome abundance table:

{table}

Your document must include all bacteria and the bacteria should be in the same order as the ones in the table .

Here is some additional information that you can draw upon when creating your document:
Sample information:
{sample info}

Relevant Publication(s) :
{publication info}

Some additional bacteria facts :
{bacteria facts}

Finally , your document must be formatted in a particular style :
{format instructions}

REMEMBER:
− Your document must include all the bacteria and the bacteria should be in the same order as the ones in the table .
− Your document should be self contained. (e.g. don’t mention ”the table” without reproducing it or its contents. Don’t use vague or
referential terms like ” this study” without describing it first ) .
− Do not use markdown in your answer.
− Do not add any additional bacteria names.
− Do not provide any commentary commentary about the prompt or instructions.

And here is an example:

Example Synthetic Document (Style: Obituary)

In the intricate tapestry of the human microbiome, each bacterial species weaves its unique thread into the fabric of health and disease.
This obituary honors the presence of these microorganisms, which, in their abundance, reflect the dynamic interplay between the host and the
environment. The microbiome, a complex ecosystem that thrives on the skin’s surface, is a testament to the resilience and adaptability of life
, particularly in the context of the human body’s most intimate and vital organ − the skin.

The top quartile of the microbiome, rich in species like Staphylococcus and Bacteroidetes, reflects a robust and diverse community that plays
a crucial role in maintaining the skin ’s barrier function and immune response. These bacteria, often the first to colonize the skin, form a
protective layer that shields the body from pathogens and environmental stressors. Their presence is a sign of a well−balanced microbiome,
one that supports the host’s health and resilience.

As we move down the list, the second quartile includes a mix of bacteria that contribute to the skin ’s metabolic processes and immune
modulation. From the opportunistic pathogens like Burkholderiaceae to the beneficial microbes such as Lactobacillus, each species adds a
unique dimension to the microbiome’s functionality. These bacteria not only help in the synthesis of essential compounds but also in the
regulation of the immune system, ensuring a harmonious relationship between the host and its microbial inhabitants.

The third quartile , with its diverse array of microorganisms, includes both beneficial and potential pathogenic species. Bacteria like
Veillonella and Streptococcus, while often associated with health, can also contribute to the development of chronic conditions if their
balance is disrupted. The bottom quartile, though less abundant, is equally important, with species such as Deinococcus and Solirubrobacter
playing roles in the skin ’s defense against environmental stressors and pathogens.

In the context of the human body, the microbiome is a living entity , constantly adapting to the host’s needs and the environment’s
challenges. The presence of these bacteria, in their respective abundances, underscores the importance of maintaining a balanced and healthy
microbiome. Whether through proper oral hygiene, a diet rich in fiber, or the use of targeted therapies, the health of the microbiome is a
reflection of the health of the host.

This obituary is not just a tribute to the bacteria, but a recognition of their vital role in the human body. Each species, in its unique
way, contributes to the intricate web of life that sustains the skin and, by extension, the entire human organism. As we honor their
presence, we also recognize the importance of preserving and nurturing this delicate balance, ensuring that the microbiome continues to thrive
and support the health of the host.

A.2 EXTERNAL KNOWLEDGE.

The external knowledge we use when curating MicrobeText comes from two sources: sam-
ple metadata and scientific literature. When curating data from scientific literature, we query the
PubMed search API with the bacteria names to obtain abstracts3 from papers that are relevant to
the bacteria in our samples (Sayers et al., 2025). The abstracts often focus on the overall scientific
contribution rather than information about bacteria, so we extract factual information related to the
bacteria by querying Gemma-4-31B-it. The data from GMrepo, which has disease labels, was
collected first and is less numerous (33,569 samples). Because it was collected first, we search for
bacteria + disease + microbiome and extract information one abstract at a time. For

3We use abstracts because full texts are not always available.
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the Atlas-based samples, we batch the abstracts into groups of five before extracting the bacteria-
specific statements. The prompt we use is below:

Scientific Literature Extraction Prompt

Summarize or extract a fact about the bacteria {bacteria} from the following scientific paper abstract.

Formatting instructions :
− your response should be a single sentence
− your response should be concise
− your response should not use markdown

{abstract}

A.3 AUGMENTING ABUNDANCE TABLES.

Compared with other continued pretraining settings, the number of tokens is relatively small, so we
augment the abundance tables themselves. We have no method to ensure the biological plausibility
of novel abundance table compositions, so rather than generating them wholesale, we add noise
to their relative abundance values to avoid models memorizing specific abundance values when
they’re present. Because the relative abundances have to be non-negative and add up to 1, we treat
the problem of noising their values as sampling a probability distribution similar to the categorical
distribution over the taxa in the samples. To do so, we sample from a Dirichlet distribution whose
parameters are the existing relative abundances of the sample, a⃗: a⃗′ ∼ Dirichlet(γ a⃗ + α). Doing
so naively overly sharpens the distribution, so we use pseudocounts and a scale factor to flatten it.
We heuristically determine that γ = 500 and α = 250 provide a good distribution, and sample
the noised relative abundances, a⃗′. Each atlas sample gives us five diverse table samples and one
synthetic document sample because generating documents is expensive. This data augmentation
results in a dataset of 4.5 billion tokens.

B CURATING MICROBIOME SCIENTIFIC REASONING SFT DATASET

We observe that an untuned Qwen3-1.7B model does not have much knowledge of microbiome
scientific reasoning, so we design an SFT dataset to address this knowledge gap. Our SFT dataset
is based on synthetic questions from PubMed Central publication abstracts. We use the NCBI
Entrez Programming Utilities pmc bulk fetch tool to search the PubMed Central Open Ac-
cess subset for papers related to the microbiome from 1990 until July 2026. Using the keyword
"microbiome", we are able to find 472,301 relevant full texts (for Biotechnology Information ,
US). We encode the paper abstracts using Qwen3-Embedding-0.6B and store them in a faiss in-
dex with L2 normalization Douze et al. (2024). Then, we generate a list of 69 microbiome-related
concepts and query against this index for the top 300 abstracts for each concept. Next, we prompt
Gemma-4-31B-it to generate microbiome-related questions conditioned on each abstract. Fi-
nally, while Qwen3-1.7B does not have much microbiome knowledge, Gemma-4-31B-it has
more, so we distill the answers to these questions from Gemma-4-31B-it. At the end of this
process, we end up with 37,235 question-answer pairs, using 36,735 for training and 500 for testing.
The prompts for generating questions and answers are below:
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SFT Question Generation Prompt

You are provided with the abstract of a scientific paper. Your task is to use the abstract as a jumping off point to generate expert−level
question−answer pairs for the microbiome domain. Your questions should focused on practical methodologies and realistic decisions that
microbiome scientists have to make when preparing their experiments and interpreting their results . Your questions should be complex. They
should propose case studies and ask for critiques or interpretations . They should propose interpretations of experimental results , and ask
questions about the correctness of those interpretations .
The basic structure of each question should be:

1. Introduce a scenario based on the abstract
2. Come up with a plausible conclusion that can be drawn from the abstract
3. Ask to evaluate either validity of the assumptions made, the quality of the analysis, etc. in an open−ended way.

Here’s an example template that you can use for one question. (The others should be different .)
A collaborator performed [method] using [data] with dependent variable [y ]. Because [complication], they [made the following corrections
based on their knowledge and assumptions about the problem]. They want to report these as causal evidence. Evaluate the validity of this
analysis and describe what would make the evidence credible.

Your should generate ˜3 questions in the following format:

Question: <question 1>
Answer: <answer 1>
−−−
Question: <question 2>
Answer: <answer 2>
...

Notes:
− The question−answer pairs are going to be fed to a computer system independently. This means that they should not refer to each other in
any way. They should not words like ”abstract ”, ”paper”, ”authors”, etc. because the system will have no idea that they were based on a
paper abstract
− The answers should be ˜a paragraph each. Aim for a few sentences.
− You should not use any additional markdown format other than separating the questions with ”−−−”
− the abstract should be used as inspiration for the questions−−−you can ask about practical methodological decisions that the authors had to
make, focus on alternative scenarios with different interpretations , or use the information in the abstract to propose a case study.
− Do NOT include factoid−style questions − the questions should represent realistic challenges that arise when conducting microbiome
research. They should be difficult.

Here’s the title and abstract to use for inspiration :

Title : { title }
Abstract: {abstract}

And here is the prompt for generating answers:

SFT Answer Generation Prompt

Answer the following question in detail . Keep in mind the following guidelines when generating the answer. You don’t have to follow them
exactly, but when appropriate you should cover everything they require:
1. **Check the prior .** Does the result contradict well−established biology (e.g ., known dominant taxa in a well−studied population, known
physiology)? A surprising result should raise suspicion of artifact before it is accepted as discovery.
2. ** Interrogate the measurement before the biology.** Ask what the assay actually measures (DNA presence != viability; a spectral match !=
confirmed identity ; gene annotation != enzymatic activity ; relative abundance != absolute abundance != load).
3. **Look for confounding and directionality .** Could a third variable ( diet , medication, collection site , batch, disease severity , transit
time) explain both the ”exposure” and the ”outcome”? Could causation run backward?
4. **Distinguish correlation , association, and causal/mechanistic evidence.** What would it take to move from one to the next ( isolation and
culture, gnotobiotic /germ−free reconstitution, knockout/complementation, transfer experiments, randomized intervention)?
5. **Ask what would falsify the claim**, and whether that test was actually run.
6. **Propose the fix **, not just the critique : the right assay, the right control , the right statistical model, the right validation cohort.
Here’s the question:

{question}

C EVALUATION DETAILS

Table 5 summarizes the tasks we study.

C.1 COMPASS TASKS:

Specific datasets from Compass that we use:

• Biome Gut: Requires classifying what part of the human gut a sample came from. This
is a multi-prediction task, where models make either one or two predictions: one for a
more general location (an 11-way classification task) and one for a more specific location
(a 12-way classification task). All samples have a general location, and some also have a
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Table 5: The tasks we study. In addition to evaluating using tasks from prior work, Compass (Treloar
et al., 2026), and (Lu et al., 2026), we introduce two new microbiome evaluation datasets.

Evaluation Type Source Dataset Name Size (Train/Val/Test)

Classification Treloar et al. (2026)

Gut Biome 6880 / 864 / 823
SIC 2725 / 340 / 329

Drug/Not Drug 3168 / 396 / 396
Drug Class 1425 / 182 / 171
Infant Age 1625 / 203 / 203
Birth Mode 1625 / 203 / 203

Ours Disease Type Classification 25935 / 498 / 233

Knowledge Lu et al. (2026) Microbiome Reasoning 2000 / 548 / 548
Ours MicrobeExpertQA - / - / 50

more specific one. Following Treloar et al. (2026), we provide the gold number of labels at
evaluation time. For autoregressive classification, we provide all 132 possible combinations
of the possible labels for constrained decoding.

• Stool-derived In-vitro Community (SIC): Requires classifying which stool derived in-vitro
community a sample originates from (12-way classification task).

• Drug/Not Drug: Requires classifying whether a sample was treated with a drug or not
(binary classification).

• Drug Class: Requires classifying the ATC drug class that a sample was treated with (14-
way classification).

• Infant Age: Requires classifying the age of an infant when the sample was taken (6-way
classification).

• Birth Mode: Requires classifying whether an infant was born via vaginal birth or C-section
(binary classification).

The prompts we use for evaluation are below. For few-shot contexts, the few shot examples are
inserted before the test profile.

Biome Gut

Given the following abundance table for a sample, identify the environment that the sample came from. Here are the options for the different
environments. Not all labels will use all hierarchy levels , but you should be as detailed as you can be:

|−− Ceca
|−− Fecal
|−− Large intestine
| |−− Fecal
| |−− Sigmoid colon
| |−− Cecum
|−− Oral
| |−− Saliva
| |−− Throat
| |−− Supragingival plaque
| |−− tongue dorsum
| |−− Subgingival plaque
| |−− buccal mucosa
|−− Intestine
|−− Stomach
| |−− Rumen
|−− Midgut
|−− Digestive tube
| |−− Cecum
|−− Hindgut
| |−− Rectum
|−− Oral cavity
| |−− Buccal mucosa
|−− Foregut

|−− Rumen

Here is the abundance table:
{profile}
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SIC

Given the following abundance table for a microbiome sample, identify the stool derived in−vitro community that the sample is most likely to
come from. The options are given below:

|−− SIC0 heme
|−− SIC0
|−− SIC5
|−− SIC4
|−− SIC8
|−− SIC7
|−− SIC6
|−− SIC3
|−− SIC2
|−− SIC1
|−− SICMD
|−− SICcip

Here is the abundance table:
{profile}

Drug / Not

Given the following abundance table for a microbiome sample, identify if the sample is likely to come from environment that was treated with
a drug (control=talse) or a control environment that was not treated with a drug (control=true) .
The two possible labels are:
|−− False
|−− True

Here is the abundance table:
{profile}

Drug Class

Given the following abundance table for a microbiome sample, identify the ATC class of the drug that the sample was treated with.
The possible classes are:
|−− L
|−− J
|−− P
|−− G
|−− A
|−− M
|−− H
|−− D
|−− N
|−− V
|−− S
|−− C
|−− R
|−− B

Here is the abundance table:
{profile}

Infant Age

Given the following abundance table for a microbiome sample that was taken from an inf, child, or mother. Classify which age bucket the child
falls into . The possible labels are:

|−− 3Y
|−− 5Y
|−− M
|−− 4M
|−− 12M
|−− B

Where B = New Born (1 week), 4M = 4 months, 12M = 12 months, 3Y = 3 years, and 5Y = 5 years, M = sample from Child’s mother.

Here is the abundance table:
{profile}
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Table 6: Disease categories for our disease classification task.
Disease Category Train Val Test Diseases

Cancers / Neoplasms 4057 75 29 Breast Neoplasms, Colorectal Neoplasms, Prostatic Neo-
plasms

Gastrointestinal Disorders 5880 104 59 Colitis, Ulcerative, Crohn Disease, Diarrhea, Gastroenteritis,
Inflammatory Bowel Diseases, Irritable Bowel Syndrome

Genetic Disorders 522 13 9 Cystic Fibrosis
Healthy 5864 122 10 Health
Infectious Diseases 2582 51 19 COVID-19, HIV Infections
Kidney Disorders 1185 21 19 Kidney Failure, Chronic, Renal Insufficiency, Chronic
Metabolic Disorders 3188 69 49 Diabetes Mellitus, Type 1, Diabetes Mellitus, Type 2, Diabetes,

Gestational, Non-alcoholic Fatty Liver Disease, Osteoporosis,
Postmenopausal

Neurological Disorders 2657 43 39 Alzheimer Disease, Autism Spectrum Disorder, Multiple Scle-
rosis, Parkinson Disease

Birth Mode

Given the following abundance table for a microbiome sample that was taken from an infant, child, or mother. Classify whether the child was
born via C−section or Vaginal birth :

|−− C−section
|−− Vaginal

Here is the abundance table:
{profile}

C.2 DISEASE TYPE CLASSIFICATION.

Our disease type classification task dataset uses samples from GMrepo (Liu et al., 2026) as the
basis for our disease classification task. GMrepo is a curated database of abundance profiles and
disease phenotypes, containing 118,965 samples from 1172 projects. We filtered these samples to
remove those labeled as low-quality, bringing us to 68,723 samples, with 250 unique disease labels.
The data is very long-tailed, with most diseases being associated with fewer than 100 samples, and
approximately 45% of the samples are Healthy controls. If we predict the disease labels directly,
it would be difficult to obtain enough signal to distinguish between models, so we sort the data
into coarser labels—grouping common diseases (with >400 samples) into eight high-level disease
categories and subsampling the healthy controls. We choose diseases with >400 samples, and group
them into eight high-level disease categories (See Table 6 for the constituent labels and their counts).
We find five test samples that overlap with MicrobeText and remove them from MicrobeText.

The generation prompt is below:

Disease Classification

Given the following taxonomic profile of the abundance of certain bacteria in a human gut sample, predict what category of disease the
human has or say ”Healthy” if there is no disease.

Taxonomic Profile (genus):
{profile}

Here are the possible disease types to choose from:
− Cancers / Neoplasms
− Gastrointestinal Disorders
− Genetic / Congenital Disorders
− Healthy
− Infectious Diseases
− Kidney Disorders
− Metabolic / Endocrine Disorders
− Neurological / Neurodegenerative Disorders
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C.3 MICROBEEXPERTQA EXAMPLE AND JUDGE PROMPT

Below is an example from MicrobeExpertQA and the prompt we use to judge the answers. At
evaluation time, the models are provided only with the question.

MicrobeExpertQA Sample Question and Rubric

Differential abundance from compositional amplicon data

In a longitudinal antibiotic −perturbation study, our 16S data show that the relative abundance of Bacteroides fragilis rose from 5% to 25%
after a 5−day course of oral vancomycin. A colleague concludes that the antibiotic promoted B. fragilis growth. Is that interpretation
justified , and how would you determine what actually happened?

Rubric:
− Recommends rarefying to even depth as the sole/primary normalization without acknowledging its information loss or the ongoing
methodological debate. (−3.0)
− Recommends or applies standard parametric/nonparametric tests (e.g., t−test, Wilcoxon) directly on relative abundances or proportions
without addressing compositionality.(−8.0)
− Explicitly states that amplicon data are compositional (constrained to a constant sum) and that this constraint invalidates naive
correlation /abundance inference (e.g., induces spurious negative associations). (10.0)
− Recommends a compositionally−aware differential abundance method (e.g., ANCOM−BC, ALDEx2) or an explicit centered−log−ratio (CLR)
transformation prior to testing. (8.0)
− States that the false discovery rate must be controlled across the many taxa tested (e.g., Benjamini−Hochberg). (5.0)
− Includes prevalence/abundance filtering of rare features and/or explicit handling of the zero− inflation / sparsity problem as preprocessing.
(4.0)
− Notes that DA results are method−dependent and that agreement across multiple methods (or a sensitivity analysis) increases confidence.
(3.0)

The prompt we use to evaluate the generated answers is below:

MicrobeExpertQA Evaluation Prompt

You are evaluating whether a model response correctly addresses a user’s query in a microbiome context. You are provied with the model
responses, a rubric item, and a sample answer (that satisfies the rubric item if its score is positive or omits the error if the rubric item
is negative). Your job is to determine the extent to which the rubric item is * satisfied * or *not satisfied *.

# Query
{query}

# Sample Response
{sample response}

# Model Response
{model response}

# Rubric Item
{rubric item}

# Instructions
Evaluate whether the model’s response covers the error described in the rubric item. We only care about recall − it is fine if the model
response identifies additional points not mentioned in the rubric .
Note: you should be strict with your scoring. A response should achieve a perfect score only if it includes everything in the rubric item.
For example, consider the following :
(Part of a) Response: ”### Step 1: Isolation and Cultivation (The ”Bottleneck” Step)
* **Strategy:** Use **culturomics**. This involves high−throughput anaerobic culturing using a wide array of media, varying incubation
conditions (pH, temperature), and utilizing ”co−culture” techniques (growing the target species alongside known helper strains that provide
essential growth factors) .”

Rubric Item: [Possible points: 6] Notes that the organism must first be cultured/ isolated (or a representative isolate obtained) given it is
currently uncultured, and that this is a nontrivial , rate− limiting step (culturomics).

Here, the score should be 5. This is because while the part of the response mentions that the organism must be isolated and cultured, and
that it is non− trivial , it does not mention that this step is rate− limiting .

Your final response should be formatted as JSON object with two fields:
− ”explanation”: a string explaining your reasoning
− ”score”: the number of points the model’s response should obtain for this rubric item.

Return just the JSON object in markdown format. Do not include any other text.

C.4 MICROBIOME REASONING

The prompt we use for microbiome reasoning evaluation is below.
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Microbiome Reasoning Evaluation Prompt

SYSTEM MESSAGE:
You are a helpful and precise assistant for answering microbiome−related questions. The last line of your answer should be a single letter
corresponding to the correct answer choice on its own line.

USER MESSAGE:
{question}

C.5 MICROBIOME QUESTIONS IN MEDICAL BENCHMARKS.

While in this work, the datasets that we are interested in dealt with scientific microbiome knowl-
edge, there are additional, more general medical benchmarks as well. We conduct some preliminary
analysis and determine that most modern medical benchmarks do not contain microbiome-related
samples of sufficient number, difficulty, or diversity. We analyze HealthBench, HealthBench Pro-
fessional, MedXpertQA, and Bixbench (Arora et al., 2025; Hicks et al., 2026; Zuo et al., 2025;
Mitchener et al., 2025) and prompt Gemma-4-31B-it to filter samples from these datasets that
require knowledge of the human microbiome. In HealthBench Professional, three samples pass the
filter, 41 in MedXpertQA, and 7 in BixBench. HealthBench has the most with 72, though most are
about general problems with the digestive system rather than specific to the microbiome.

D FEW-SHOT EXPERIMENT ANALYSIS

We analyze how different numbers of in-context examples affect our few-shot microbiome classifi-
cation LM results. We test four models on 0, 5, 10, and 20 shots, with the results in Figure 3. In
general, we find that five in-context examples lead to a reasonable balance of performance, coverage,
and cost. For most tasks, the largest jump in performance comes from shifting from zero examples
to five, and the improvements after that are relatively small. Only in the Drug/Not Drug task for
Qwen3-1.7B does using five in-context examples hurt. In terms of coverage, if we increase the
number of in-context examples to 10, we observe context-length issues: namely, Qwen3-1.7B
evaluated 10-shot on Biome Gut has some examples that exceed the context length, and context
length also becomes an issue for Disease classification at 20 in-context examples. Finally, in terms
of cost, running gpt-5-astra on all evaluations costs ∼170 USD, so five in-context examples provide
a reasonable performance/cost ratio.
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Figure 3: Few-shot classification results. 10-shot and 20-shot results are missing for some open
model tasks due to them exceeding the context length. These results are missing for GPT-6-Astra
for cost reasons. We choose to report five-shot results in the main text as they provide a reasonable
trade-off between performance, coverage, and cost.
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E HYPERPARAMETERS

CPT Hyperparameters:

• Hyperparamters were found by sweeping learning rates (5e-4, 1e-4, 5e-5, 1e-5, 5e-6) and
observing validation loss.

• We train for 20,000 steps, with a batch size of 64 and a learning rate of 5e-5, 1000 warmup
steps to a constant learning rate, a sequence length of 2048, and weight decay of 0.01. We
train on 4 NVIDIA A100 GPUs.

SFT Hyperparameters:

• We found hyperparameters by sweeping learning rates (1e-4, 5e-5, 1e-4), batch sizes (16,
32, 64), and evaluation frequency (50, 100, 200) and observing val loss.

• Following (Treloar et al., 2026), we decide to stop training with early stopping on val loss
with a patience of 5, evaluating every 200 steps.

• Learning rate is 1e-5, 1000 warm-up steps, constant lr. 0.01 weight decay, gradient clipping
to 1.0. Batch size is 32. Loss on the user prompt is masked out.

Baseline Hyperparameters: We run hyperparameter sweeps for each of the classical machine
learning baselines using the validation sets. The selected hyperparameters are in Table 7.

Table 7: Hyperparameters for classical baselines.

Dataset Logistic Regression Random Forest XGBoost

Biome Gut (general) C: 0.01
max depth: 10
n estimators: 100

max depth: 4

Biome Gut (specific) C: 0.01
max depth: 10
n estimators: 100

max depth: 4

SIC C: 1
max depth: None
n estimators: 500

max depth: 4

Drug/Not Drug C: 0.01
max depth: 20
n estimators: 500

max depth: 8

Drug Class C: 0.01
max depth: 10
n estimators: 100

max depth: 4

Infant Age C: 0.01
max depth: 10
n estimators: 100

max depth: 4

Birth Mode C: 0.01
max depth: 20
n estimators: 500

max depth: 4

Disease Clf C: 0.01
max depth: None
n estimators: 500

max depth: 8

Multi-task models When determining mixing weights, we initially used raw per-task training
token counts to weight samples from each task. However, initial experiments led to overfitting on
the smaller datasets. Instead, we use temperature sampling with temperature = 0.5, doubling the
weight of Biome Gut and Disease Classification to try to avoid underfitting. Concretely, if a task
t has n tokens, each sample of the task is sampled in a particular batch with probability

(︁
1
n

)︁0.5
.

Of the two models we tune, Qwen3-1.7B has been instruction-tuned while the MicrobeText
model has not been. To alleviate differences between these two, we also mix in 10,000 samples of
tulu v3 data into the SFT training data (Lambert et al., 2025). These are underweighted relative to
their token count—they are longer than the classification tasks—and each one is sampled with the
average probability of the other tasks rather than inversely proportional its token count. The final
sample-level mixture weights are: Disease Classification: 38.3%, Biome Gut: 21.5%, Drug/Not
Drug: 8.4%, SIC: 7.1%, Infant Age: 5.8%, Drug Class: 5.6%, Microbiome Reasoning: 4.4%,
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Synthetic Scientific Reasoning SFT: 2.4%, Tulu3: 0.9%. Note that these are sample-level weights,
the knowledge-level datasets are longer, so contribute more to the loss when included. Using a
patience-based early stopping on average validation loss is not effective for our multi-task models.
The knowledge tasks require many steps to start to overfit due to how many tokens they have, so by
the time validation loss starts to plateau, the classification tasks are overfitting. To address this, we
choose a reasonable midpoint of training at 10K gradient steps.

F ANALYSIS OF MICROBEEXPERTQA

We designed MicrobeExpertQA to test if our model can support microbiome research in various
realistic scenarios. We report its coverage across five domains and examine failure cases to identify
where models struggle to apply their knowledge.

F.1 BENCHMARK COVERAGE

MicrobeExpertQA contains 50 expert-authored questions designed to cover five complementary
domains of microbiome research (Figure 4). Each question has a reference answer and a weighted
rubric, with 302 criteria in total: 249 rewards and 53 penalties.

• Methodology. Questions ask models to design sequencing, quantification, and statistical
workflows. These choices determine whether the model can come up with a correct analysis
pipeline that answers the biological question.

• Analysis. Questions ask models to interpret measurements and assess which conclusions
the evidence supports. This ability is essential for avoiding unsupported biological claims,
such as inferring absolute growth from an increase in relative abundance or treating pre-
dicted function as a direct measurement.

• Wet-lab design. Questions ask models to evaluate experiments and propose controls or per-
turbations that test a hypothesis. Establishing mechanisms requires distinguishing causal
effects from associations, so models must explain which experiments could support or fal-
sify a proposed biological explanation.

• Microbiome and host biology. Questions test knowledge of microbial physiology, ecol-
ogy, metabolism, and interactions with the host. This knowledge is needed to assess bio-
logical plausibility and connect community changes to functions.

• Clinical applications. Questions ask models to relate microbiome evidence to diagnos-
tic or treatment decisions. They test whether models can distinguish promising research
findings from evidence sufficient for patient care.

F.2 SCIENTIFIC FAILURE ANALYSIS

To characterize how models apply scientific knowledge, we review all model answers to identify 288
failure cases. A case is a specific scientific concern within an answer, and answers contain multiple
cases. Figure 5 groups the nine failure types into four families.

Methods (118 cases; 41.0%). Assay-resolution errors (71) and missing controls or validation (47)
concern whether the proposed procedure can establish the intended quantity or comparison. Models
may identify a relevant technique while overlooking what it measures or the controls required to
interpret its result.

Inference (80 cases; 27.8%). Unsupported causal claims (54), clinical overreach (16), and com-
positionality errors (10) extend observations beyond what the evidence supports. These cases in-
clude treating association as causation, a surrogate as evidence of clinical benefit, or a relative change
as an absolute one.

Facts and sources (72 cases; 25.0%). Scientific inaccuracies (57) and unsupported references
(15) involve incorrect biological or methodological assertions, or attribution of a result to a source
that does not establish it.
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Figure 4: Coverage of the 50 MicrobeExpertQA questions across five research domains.
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Task fit (18 cases; 6.2%). Incomplete answers (8) and irrelevant or incoherent responses (10)
leave a central part of the question unresolved.

Illustrative model responses. The four examples below illustrate how the failure types in Figure 5
arise in model answers.

Example 1: Methods/assay resolution

Question. The relative abundance of Bacteroides fragilis increases from 5% to 25% after vancomycin. The
question asks whether this establishes growth and how to determine the absolute change.
Model answer (excerpt). “Use fluorescent probes (e.g., SYBR Green) to count the total number of B.
fragilis cells per milliliter of sample.”
Scientific concern and required reasoning. The answer correctly rejects inferring growth from relative
abundance alone, but this proposed measurement does not identify the target species. SYBR Green is a
nonspecific nucleic-acid stain; bulk flow-cytometric counts alone cannot assign cells to B. fragilis (Singh
et al., 2019). Species-specific quantification requires an additional validated taxonomic identifier, such as
a species-specific probe, or a calibrated taxon-specific assay. Thus, recognizing compositionality does not
ensure that the proposed corrective experiment measures the intended quantity.

Example 2: Inference/clinical overreach

Question. A clinician asks about established indications and donor screening for fecal microbiota trans-
plantation (FMT), including a request from a patient with treatment-refractory ulcerative colitis (UC).
Model answer (excerpt). “While FMT is not a cure for all UC, it is an evidence-based intervention for
treatment-refractory patients. The evidence suggests it can induce remission in a subset of patients, but it
requires a rigorous donor profile to ensure the ‘seeding’ is successful.”
Scientific concern and required reasoning. Elsewhere the answer acknowledges weak and heterogeneous
evidence, yet its patient-facing recommendation and proposed treatment workflow do not restrict UC use
to a clinical trial. The 2024 AGA guideline suggests against conventional FMT for inflammatory bowel
disease outside clinical trials (Peery et al., 2024). A defensible answer must distinguish an investigational
UC intervention from guideline-supported use in selected patients with C. difficile infection. Treatment
refractoriness and donor screening alone do not establish a routine UC indication.

Example 3: Inference/compositionality

Question. A stool ITS2 study finds a higher Candida:Saccharomyces ratio in Crohn’s disease and proposes
a resident fungal-community claim and an antifungal intervention.
Model answer (excerpts). The answer states, “The ratio can rise four ways:” and includes the table entry
“Bacterial load ↓ (relative inflation of both)” as one such scenario.
Scientific concern and required reasoning. A shared denominator cannot by itself change the ratio of
two nonzero abundances. If pC = bCC/T and pS = bSS/T , where bC and bS are fixed taxon-specific
assay factors, then pC/pS = (bC/bS)(C/S). Inflating both fractions by changing T leaves their ratio un-
changed. Interactions with bacteria could alter the actual fungal abundances C or S, but that is a biological
change rather than a denominator-only effect. Zeros and changing assay biases require separate analysis.
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