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ABSTRACT

Leveraging the vast genetic diversity within microbiomes offers unparalleled in-
sights into complex phenotypes, yet the task of accurately predicting and un-
derstanding such traits from genomic data remains challenging. We propose a
framework taking advantage of existing large models for gene vectorization to
predict habitat specificity from entire microbial genome sequences. Based on our
model, we develop attribution techniques to elucidate gene interaction effects that
drive microbial adaptation to diverse environments. We train and validate our
approach on a large dataset of high quality microbiome genomes from different
habitats. We not only demonstrate solid predictive performance, but also how
sequence-level information of entire genomes allows us to identify gene associa-
tions underlying complex phenotypes. Our attribution recovers known important
interaction networks and proposes new candidates for experimental follow up.

1 INTRODUCTION AND RELATED WORK

Machine learning (ML) on genetic data. Determining how gene-gene interactions influence certain
traits, health, and disease has been a longstanding challenge for biologists and medical researchers
(Gilbert-Diamond & Moore, 2011; Wan et al., 2010). Modern high-throughput sequencing techniques
such as massive parallel methods (Ronaghi et al., 1996; Nyren et al., 1993; Nayfach et al., 2021) or
single cell RNA sequencing (Hwang et al., 2018; Jovic et al., 2022) together with recent developments
in transformer-based models (Vaswani et al., 2017), which nowadays operate on sequences lengths up
to 100,000 (Avsec et al., 2021) or even 1 million (Nguyen et al., 2023) base pairs, allow for modeling
highly complex sequence diversity spanning large sections of the genome.

Within this paradigm, Jumper et al. (2021) achieved state of the art in protein folding predictions,
Avsec et al. (2021) identified enhancer-promoter interactions with unprecedented accuracy, and Li
et al. (2023); Avsec et al. (2021) demonstrate promising results on gene regulatory network inference.
The potential impact on human health has also inspired large-scale concerted industry efforts into
building large transformer models that can perform multiple relevant tasks at once. For instance,
in a sequence of papers (Rives et al., 2019; Rao et al., 2020; 2021; Meier et al., 2021; Hsu et al.,
2022; Lin et al., 2022; 2023), a collection of models was released – dubbed Evolutionary Scale
Modeling (ESM) – that perform tasks from protein design (beyond natural proteins) and (inverse)
protein folding to variant-, function-, and property-prediction. Consens et al. (2023); Choi & Lee
(2023) provide detailed overviews of recent deep-learning (in particular transformer) based models
for the genome and what they are capable of.

Importance of the microbiome. Bacteria and archaea are often heavily underrepresented in deep
learning models trained on genetic data (Zhou et al., 2023; Dalla-Torre et al., 2023). While modeling
human genetic diversity has many direct implications for human health (Sapoval et al., 2022; Clapp
et al., 2017), developing models that incorporate the vast genetic diversity across the microbial tree of
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Figure 1: A conceptual overview of our data preprocessing pipeline. Each sample stands for an entire
genome covered by individual contigs. We identify all genes within each contig (using Prodigal)
and embed the corresponding protein sequences with a protein large language model (ESM-2) into
a demb -dimensional vector space. A single `input example' is then represented by a(nj � demb )-
dimensional tensor.life may lead to similar bene�ts, such as the development of novel microbiome therapeutics, inferring
the health bene�ts of microbe-produced metabolites, and predicting the evolution of antibiotic
resistance (Hernández Medina et al., 2022). Unlike the relatively static nature of the human genome,
the microbiome is highly dynamic, adapting to environmental changes and interactions with its host
or environment (Lloyd-Price et al., 2017; Ducarmon et al., 2023). The plasticity of the microbiome
could be harnessed to treat disease more easily via microbiome interventions versus gene- or immuno-
therapy (Schupack et al., 2022; Ratiner et al., 2023).

While some work, such as ESM (Lin et al., 2023) and LookingGlass (Hoarfrost et al., 2022), have
included a large degree of known microbial diversity, such models are limited to single genes or short
DNA sequences of 100 to 200 base pairs (Hoarfrost et al., 2022). Moreover, microbial genes are
often arranged in operons that are co-regulated and often form protein complexes (Cao et al., 2019).
Modeling large segments of the genome can thus incorporate more genotypic complexity than models
trained on short DNA sequences (Wei et al., 2024; Nguyen et al., 2023; Cheifet, 2019).

Predicting phenotype from genotype is quite challenging in the context of the microbiome. First, the
majority of microbial genome assemblies are not complete (Parks et al., 2022; Chklovski et al., 2023),
and instead comprise 10's to 1000's of genome fragments (contigs). Even among individual genomes
belonging to the same species, genomes can differ substantially in genomic content and arrangement
(Rouli et al., 2015; Lapierre & Gogarten, 2009); thus, the ordering of contigs usually cannot be
inferred from closely related, completely assembled genomes. Second, microbial genome databases
under-represent microbial diversity, especially microbes that are rare in well-studied environments or
microbes only found in understudied environments (Brewster et al., 2019; Pavlopoulos et al., 2023).
Third, cellular functioning of most microbial genes and non-coding elements is unknown, which
has lead to initiatives to uncover this “microbial dark matter” (Hoarfrost et al., 2022; Pavlopoulos
et al., 2023); however, much work is still needed. This work is especially challenging, given that
many microbes cannot be cultivated (Almeida et al., 2021), and genetic tools only exist for a small
subset of cultivatable microbes (Marsh et al., 2023). Fourth, microbial phenotypes are often dif�cult
to measure, given the challenge to isolate and measure the traits of individual strains. Complex
phenotypes, such as microbial habitat may involve a number of factors, including many cellular
processes produced by a multitude of genes and regulatory elements.

We provide an in-depth overview of existing `genotype to phenotype' methods with a comparison of
the different characteristics of existing models in Appendix D.

2 METHODOLOGY

Microbiome data. Various peculiarities arise from the prevailing sequencing technology Ghurye
et al. (2016) used for large scale microbial DNA sequencing screens as collected by ProGenomes
(Mende et al., 2016; 2019; Fullam et al., 2023). For example, instead of obtaining entire genomes,
one typically only reconstructs so-called `contigs', i.e., contiguous consensus regions of DNA that
have been recovered from the short sequenced snippets. While different chromosomes are expected
to produce different contigs, even circular, single-chromosome genomes may lead to multiple contigs.
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