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What is a Microbiome?

A Collection of microorganisms living 
in a community

Examples: 
Kitchen Sink, Soil, 

Human Gut Microbiome



What is the Human Gut Microbiome?

doi.org/10.3389/fmicb.2023.1098386

http://doi.org/10.3389/fmicb.2023.1098386


What is the Human Gut Microbiome?

Relevant for:

Immune System

Autoimmune Conditions (e.g. Inflammatory Bowel 
Disease)

Nervous System

doi.org/10.3389/fmicb.2023.1098386

http://doi.org/10.3389/fmicb.2023.1098386


How is Human Gut Microbiome Measured?

https://encyclopedia.pub/entry/56798

https://encyclopedia.pub/entry/56798


How is Human Gut Microbiome Measured?

https://www.jove.com/t/53939/efficient-nucleic-acid-extraction-16s-rrna-gene-sequencing-for

https://www.jove.com/t/53939/efficient-nucleic-acid-extraction-16s-rrna-gene-sequencing-for


Characteristics of Microbiome Data

High Dimensional

Sparse

Tabular/ 
Unordered

After sequencing, data is 
presented in a SAMPLE x 

TAXA format

Taxa

S
am

pl
es

t1  t2     . …    tm

s 1  
s 2 

   
    

 …
.  

   
  s

n

Ab
un

da
nc

e 
co

un
ts

eij



Characteristics of Microbiome Data

High Dimensional

Sparse

Tabular/ 
Unordered

Single-Cell RNAseq
After sequencing, data is 
presented in a CELL x 

GENE format
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Previous Work in Single Cell Transcriptomics



What is a Foundation Model?

Self-supervised training, Downstream Task evaluation

Scalability is essential

Various models exist in different tasks: Language and omics



Previous Foundation Model work in Metagenomics



Doubts…

https://www.researchsquare.com/article/rs-8912605/v1*
* preprint, currently under review.

https://www.researchsquare.com/article/rs-8912605/v1


Doubts…



Investigative Goals

Is predictive signal in microbiome data 
fundamentally limited?

Do complex models meaningfully outperform 
strong baselines?



Data we use: HMC

Human Microbiome Compendium (HMC):

● Collection of ~450 human gut microbiome studies

● After pre-processing: ~120K samples

● 16S sequencing, uniform data processing pipeline

● Resolved to genus level only (~1500 taxa after filtering)

● Varying metadata, by study (most studies include at least geographic location)

Assessment of performance - use metadata for prediction tasks

➢ e.g. predict the geographic region (continent) the sample came from





Data we use: Human Microbiome Compendium

~120k 
samples

PRJNA436359

…
~450 

Studies

PRJNA436359

PRJNA436359

Bacteria.Pseudomonadota
.Alphaproteobacteria…

Bacteria.Bacillota.B
acilli…

Bacteria.Bacillota
.Cloistridia…

…

16 0 0 …

0 0 2 …

…



Data we use: Human Microbiome Compendium

Bacteria.Pseudomonadota
.Alphaproteobacteria…

Bacteria.Bacillota.B
acilli…

Bacteria.Bacillota
.Cloistridia…

…

16 0 0 …

0 0 2 …

…

~120k 
samples

Resolved To Genus Level16S Sequencing with Uniform Pipeline



Experiment 1: Masked Autoencoder 
Architecture



Experiment 1: Components

1. Architecture

2. Evaluation

3. Results



Architecture



Architecture in Detail
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scGPT-style architecture
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Architecture in Detail
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Architecture in Detail

Taxa
Embedding

Stores each taxa as a d-dimensional vector

Currently: lookup table

L × (1 → D)



Architecture in Detail

Maps abundance values to D-dimensional 
vector.

Data Normalization: Quantile Binning

Abundance
Embedding 

(MLP)

L × (1 → D)



Architecture in Detail
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Architecture in Detail
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Self-Supervised Pretraining Loss Functions

<cls> Bacteria.Pseudomonadota.Al
phaproteobacteria…

Bacteria.Bacillota.
Bacilli…

…

10 <mask> …

Masking with bottleneck 
representation: Masked Value 

Decoder with bottleneck at <cls> 
token

Masked Value Decoder: Some 
taxa abundance values are 

masked, and reconstruct missing 
abundance values.



Architecture in Detail
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Architecture in Detail
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Finetuning Procedure

Taxa
Embedding

<CLS> Taxon1 Taxon2 …

60 50 …

Abundance
Embedding 

(MLP)

Classification/
Regression Head

×N

Transformer 
Encoder Layers Loss

+

Contextualized <CLS>

From Pretraining
Can be MLP, 

Random Forest, 
etc.



Evaluation Pipeline



6 Microbiome Tasks

Multiclass 
Classification

Evaluation: 
Macro-F1

● Location
● Supplement 

Taken

Regression

Evaluation: R2

● Age
● BMI

Binary 
Classification

Evaluation: 
AUROC

● Human Diet
● Sex



7 Evaluation Strategies
Random Forest MLP

Using Raw Data 1 2

Zero-shot Embeddings 3 4

Finetuned Base Model 5 6

Transformer Architecture, 
No Pretraining

7

Use Pretraining

Rationale
1. Compare to classical baselines
2. Determine best way to use model
3. Determine benefit of pretraining



Experiment 1: Results



Regression Results

Performance with Raw Data Dominates
Random Forest outperforms MLP



Binary Classification Results

Performance with Raw Data Dominates
Random Forest outperforms MLP



Multiclass Classification Results

Mixed Results



Performance on Location Task Driven by Low Prediction Diversity

Suggests model overfitting to majority class instead of true prediction

Location Confusion Matrix, RF on Raw Location Confusion Matrix, Randomly Initialized Transformers



Why does Random Forest work so well for 
Microbiome Data?

● Limited Sample Size
● Sparsity
● Biological Signal Problem

○ due to measurement error, uncertainty in classification
○ The Bayes Error is too high!

https://blekhman.substack.com/p/ai-keeps-failing-at-microbiome-prediction

https://blekhman.substack.com/p/ai-keeps-failing-at-microbiome-prediction


Observation: Clustering of Taxa Embeddings

Is there anything we can do?



Pre-transformer embeddings store independent 

Taking the weights of the taxa embedding layer for UMAP shows 
related taxa clustering despite it not being an explicit objective

Taxa
Embedding



Considering All Taxa…

Taxa
Embedding

Why?



Only Prevalent Taxa are updated

Hypothesis: 
1. Rare Taxa do not appear in training enough to update weights.



Part 1: Conclusion

1. Foundation Models show some predictive power, but struggle to 
outperform classical baselines.

2. Data Signal is Inherently Limited.

3. Data Sparsity causes many weights to be not updated during pretraining.



Experiment 2: Graph Neural Network for 
Taxa Embeddings



https://www.azolifesciences.com/article/What-is-Molecular-Phylogenetics.aspx



Loss
+

Taxa
Embedding 

(GAT)

L × (1 → D)



Architecture in Detail

Taxa
Embedding





Architecture in Detail
Taxa

Embedding

Graph Attention Network 
(GAT) for embeddings



Why?

Justification: Rare taxa initialized with embedding of more common neighbour

Desired Effect: Inductive Bias that phylogenetically close species should be 
represented similarly



Evidence of this strategy working for Similar Tasks

https://www.nature.com/articles/s41579-026-01303-0

https://www.nature.com/articles/s41579-026-01303-0


Experiment 2: Results



Mixed Performance gains



Mixed Performance gains

Anomaly due to 
majority class 

prediction rather than 
true generalization



Part 2: Conclusion

1. GNN offers Limited Benefits

Potential explanations:
● Taxa should not necessarily cluster in embedding space
● Taxa clustering was driven by confounding factors, e.g. primer choice

2. Alternatively, incorporating phylogeny may require an alternate strategy
e.g. Evo2



Experiment 3: Centre Log Ratio



What is the Centre-Log-Ratio Transform?

(10, 1000, 100, 1, 10000)

(1, 3, 2, 0, 4)

(-1, 1, 0, -2, +2)

log()

centre



What is the Centre-Log-Ratio Transform?



Justification: Sometimes found to increase model performance

Desired Effect: Standard Preprocessing step for compositional data (know 
ratios only, not absolute amounts)

Why?



Why?

Justification: 
Sometimes found to 

increase model 
performance



This Modification is on Data, not Model
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This Modification is on Data, not Model

Taxa

S
am

pl
es

t1  t2     . …    tm

s 1  
s 2 

   
    

 …
.  

   
  s

n

Ab
un

da
nc

e 
co

un
ts

eij



Experiment 3: Results



Consistent Performance Gains



Part 3: Conclusion

1. Using a CLR ratio transform, instead of Binning as is done in scGPT, 
improves performance

2. Performance is similar to classical baselines

3. This suggests a bottleneck with the representation, not the model 
capacity.

4. These results are consistent with literature



Challenges and Limitations



Heterogeneity Between Studies



Sources of Heterogeneity Between Studies

DNA Extraction Method

Biological Variation

Primer Choice
It is an active area of 

research.

It is difficult to disentangle 
these variables.



Scaling

Infeasible to generate 
scale of data required

Scaling is limited by 
wet-lab work

Success will depend on Multimodal Integration to expand dataset size



“Unknowns”

https://link.springer.com/article/10.1186/s12915-019-0667-z/figures/1

More accurate microbiome profiling would improve computational analysis

https://link.springer.com/article/10.1186/s12915-019-0667-z/figures/1


Performance Saturation Suggests Data-Limited Regime

● Multiple model classes converge to similar performance (RF, 
MLP, Transformer)

● Increasing model capacity / finetuning does not yield 
consistent gains

● Strong baselines (tree-based) match or outperform deep 
models



Findings / Takeaway
We are likely near the Bayes error of this dataset

Next Steps:
Add signal: better measurements or multimodality


