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Abstract

Polysaccharide utilization loci (PULS) are genomic regions involved in the uptake and degra-
dation of complex carbohydrates by bacteria. Despite the important role of gut microbial
carbohydrate metabolism in host—microbe interactions and overall human health, experimen-
tally validated PUL annotations remain limited, prompting the development of computational
prediction methods. In this study, we investigated supervised machine learning approaches
for PUL prediction and explored the impact of dataset construction, feature representation,
model architecture, and taxonomic bias. Several models were evaluated on a set of 958 ex-
perimentally verified PULs from 288 genomes: the Conditional Random Fields-based model
GECCO, the genomic language models GeneCAT and Bacformer, and the protein language
model ESMC. We addressed the incomplete nature of experimental annotations by identifying
1225 uncertain genomic regions, termed cryptic PULs, using a rule-based prediction tool and
homology-based searches, and excluding them from the negative class during training. Masking
cryptic PULs substantially improved performance across the board. The effect of incorporating
Carbohydrate-active enzyme annotations to the feature representation used by GECCO and
GeneCAT was also assessed, providing modest performance gains for GeneCAT and a small
decrease for GECCO. Overall, models based on domain-based genome representations outper-
formed approaches based on protein sequences or protein language model embeddings. The
Transformer-based GeneCAT model showed the strongest results after finetuning (AUPRC
0.55 for experimental PULSs, 0.64 for cryptic, 0.70 for both), and outperformed ESMC and
Bacformer in a zero-shot setting, (0.44 vs 0.18 and 0.17, respectively). Models trained exclu-
sively on Bacteroidetes generalized poorly to other phyla, while the reverse setting yielded
substantially better performance. Finally, our models predict novel putative PULs in diverse
gut bacteria that currently lack experimental annotations, showing that machine learning can
be an effective guiding tool for biological discovery.
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1 Introduction

This bachelor’s thesis was written during an internship at the Zeller research group, located at
the Leiden University Medical Center (LUMC), under supervision of Georg Zeller and Raymund
Hackett. The project was initiated at the Leiden Institute of Advanced Computer Science (LIACS)
supervised by Fons Verbeek.

This introduction starts with the main problem statement and provides the motivation for this
study. Following that, the main research question and its sub-questions are formulated and the
section concludes with a global overview of the thesis.

1.1 Problem Statement and Motivation

The human gut microbiome is a complex ecosystem that plays an important role in overall health
and a variety of diseases. Bacteria in the gut normally form a symbiotic relationship with the human
host, with some species feeding on nutrients that cannot be broken down in the human digestive
tract. Bacterial carbohydrate metabolism in the gut is an important factor in the functional profile of
the microbiome. The metabolism of carbohydrates by gut microbes produces beneficial metabolites
that may contribute to overall gut health | : ]. On the other hand, microbes can also
digest host-glycans, compromising the integrity of the gut mucus barrier, often observed in diseases
such as colorectal cancer and inflammatory bowel disease [ , |.

Carbohydrate-active enzymes (CAZymes) enable microbes to modify and digest complex polysaccha-
rides | ]. Genes coding for or related to CAZYme activity often co-localize into genomic regions
where they follow specific organizational structures, forming polysaccharide utilization loci (PULs)
[ , ]. PULSs were first characterized in bacteria of the Gram-negative Bacteroidetes
phylum, many of which are abundant in the human gut. Although comprehensive study of PULs
has been mainly aimed at this phylum, CAZyme-rich gene clusters with functional similarities to
PULSs have been observed in other bacterial phyla, primarily in Gram-positive Firmicutes where
they are referred to as Gram-positive PULs (gpPULs) | , : ).

Our understanding of microbiomes has greatly advanced with next generation sequencing, allowing
for thorough and accurate taxonomic profiling using a plethora of computational methods. While
information on microbial abundances on a species or strain level can provide many insights into
the microbiome, functional profiling allows for a better understanding of the overall biological
activity | ]. Accurately identifying PULSs in bacterial genomes could contribute to functional
microbiome profiling efforts, by adding functional information on bacterial carbohydrate metabolism
and providing a foundation for identifying possible metabolic mechanisms underlying microbial
signatures. Current methods for PUL identification are inherently limited to bacteria from the
Bacteroidetes phylum, taking a rule-based approach defined around the canonical PUL structure.
These methods (from PULDB and PULpy) rely on identifying a sequential pair of susC and
susD gene homologs, coding for proteins involved in binding and transporting polysaccharides
into the bacterial cell, then extending the PUL if any CAZymes are found within a predefined
context window | , ]. While this structure is ubiquitous and highly conserved
in Bacteroidetes, PULs from other phyla can be a lot more diverse. For example, gpPULs do not
contain a susC-homolog, instead employing different transport mechanisms | |. This limits



these methods to bacteria from a single phylum, and reduces their potential for discovering novel
PULs and PUL structures.

Machine learning (ML) methods have increasingly been applied to problems in microbial genomics,
where supervised learning is commonly used to predict functional properties from sequences and
sequence-derived features, such as protein domain composition | |. ML methods have been
applied to predicting protein functions from amino-acid sequences | ], predicting antimicrobial
resistance from whole-genome sequencing data | | and for accurately predicting biosynthetic
gene clusters from bacterial genomes | |. Despite the growing success of ML in microbial
genomics, the application of supervised learning to PUL prediction remains unexplored, even though
such an approach may provide a more flexible and generalizable alternative to existing rule-based
methods. Supervised models can learn patterns directly from annotated genomic regions and infer
whether a region is likely to represent a PUL based on genomic and functional characteristics,
instead of relying on predefined rules. This could allow models to find PULs that deviate from the
canonical susC-susD organization observed in Bacteroidetes, which could improve generalization
across taxa and potentially support identifying promising novel PUL architectures.

1.2 Research Questions

The main goal of this project is to explore and evaluate the application of supervised learning
approaches to the prediction of PULs. This constitutes the main research question:

Main RQ: How effective are machine learning techniques for predicting polysaccharide
utilization loci?

Since the absence of PUL annotations does not necessarily imply lack of CAZyme activity, careful
definition of negatives is critical for the success of the classification task. Therefore, the initial
challenge in this project relates to setting up a clear and effective strategy to build a dataset for
binary classification with realistic negatives. This leads to the first sub-question:

RQ1: How can a binary classification dataset be constructed despite the incomplete
nature of experimental PUL annotations?

Additionally, feature engineering and selection are important aspects in supervised learning, espe-
cially when dealing with genomic data, which are inherently structured as long strings of letters.
Models can learn from the DNA sequences, from translated protein sequences (in the case of
protein language models) or from any other meaningful and consistent genome annotations. Among
others, this study evaluates two models that use Pfam protein domain annotations as their feature
representation. For these models, we wish to explore whether the inclusion of CAZy annotations
in the feature set would enhance performance, as these are directly relevant to carbohydrate
metabolism. This can be formulated as the second sub-question:

RQ2: Does the inclusion of CAZy annotations as features improve performance for
models which utilize domain annotations?

Model complexity is also an important aspect to explore, with paradigms shifting towards the use
of large foundation models and transfer learning. This raises the question of whether increased
model complexity contributes to better performance on this task. Additionally, given the large



diversity of genome representations used for ML, we wish to evaluate which representation works
best for PUL prediction. Formulated as the third sub-question:

RQ3: How do models with different architectures and genome representations compare
in the context of PUL prediction?

Finally, as both experimental data and existing prediction methods are heavily biased towards
Bacteroidetes, we wish to evaluate whether supervised learning could overcome this limitation.
An effective model should be able to generalize properly to other phyla of bacteria, to allow for
accurate predictions on a much wider range of taxa. This is formulated as the final sub-question:

RQ4: Given that experimental work is mostly focused on Bacteroidetes, can models
generalize to other phyla?

1.3 Thesis Overview

This thesis is divided into five main chapters. Section 2 discusses the relevant theoretical background
and related work, making a distinction between the biological and computational background.
Section 3 specifies the datasets, software and hardware used for this project, followed up by Section 4,
that describes the implementation of all methods for the dataset construction, model training,
evaluation and interpretation. Then, the results are outlined and thoroughly discussed in Section 5,
and the thesis is concluded by Section 6, in which the research questions are answered, and the
study’s limitations and suggestions for future work are discussed.



2 Background & Related Work

This section is dedicated to providing the background knowledge necessary for the following sections.
It is divided into two subsections: the first is a short literature review on the biological background
and existing PUL prediction methods. The second relates to the computational background and
provides an overview of important machine and deep learning concepts, alongside the models used
in this research.

2.1 Biological Background

In this subsection we first introduce microbial carbohydrate metabolism, focusing on carbohydrate
active enzymes (CAZymes), followed by an overview of polysaccharide utilization loci (PULs). We
conclude with an outline of current computational methods for predicting PULs using genomic
sequences.

2.1.1 Microbial Carbohydrate Metabolism

Complex carbohydrates are abundant in the biosphere and serve as energy sources for many
microbial communities. This family of molecules is comprised of oligo- and polysaccharides, which
are built out of monosaccharide subunits in a variety of configurations. Due to the complexity
of these molecules, microbes require a vast arsenal of enzymes to metabolize them, so called
Carbohydrate-Active enZymes, referred to as CAZymes. In the 1990s, Bernard Henrissat initiated
a protein sequence-based CAZyme classification system | |, which had been developed into the
CAZy database | |. The database covers five CAZyme classes, each containing numerous
different families. The largest class is of Glycoside Hydrolases (GHs), which catalyze hydrolysis and
glycosidic bond rearrangement. The other classes include Glycosyl Transferases, Polysaccharide
Lyases, Carbohydrate Esterases, Carbohydrate-Binding Modules, and Auxiliary Activity enzymes.

While fibers are abundant in the human diet, the human genome contains a very limited number of

CAZymes that allow us to only digest starch, sucrose and lactose | |. In contrast, human
gut microbiota can effectively utilize a large diversity of dietary fibers, with some bacterial genomes
encoding for more than 300 CAZymes (B. ovatus and B. intenstinalis) [ |. The metabolic

capacity of the gut microbiome plays an important role in the host’s health. For example, the
fermentation of carbohydrates by gut bacteria produces metabolites such as short-chain fatty acids,
contributing to the epithelial barrier integrity and overall gut health | |. However, many
gut microbes encode for CAZymes that can degrade host-derived polysaccharides. This is most
concerning when these CAZymes target mucins, glycans that support the lining of the intestinal
epithelium | |. When dietary fibers are scarce, bacteria can switch to digesting mucus,
potentially compromising the integrity of the gut mucus barrier, which has been correlated with
diseases such as colorectal cancer and inflammatory bowel disease | , , ).

2.1.2 Polysaccharide Utilization Loci

In order to efficiently metabolize complex carbohydrates, many bacterial genomes show an organi-
zation of CAZyme-encoding and related genes into cohesive genomic regions. These loci often also
include transport proteins, carbohydrate-binding proteins and transcriptional regulators that col-



lectively enable microbes to detect, bind, transport and degrade polysaccharides. This organization
is most commonly found in Gram-negative bacteria of the Bacteroidetes phylum. These bacteria
possess a periplasmic space between their inner and outer cellular membranes, that required the
evolution of specialized systems for polysaccharide uptake and degradation [BGB21, GTD17].
The term polysaccharide utilization loci (PULs) was first introduced in 2006 to describe these gene
clusters, initially characterized in the abundant human gut symbiont Bacteroides thetaiotaomicron
[BMGO6]. Since then, PULs have been extensively studied in other members of the Bacteroidetes
phylum, where they appear particularly frequently in the Bacteroides genus [BGB21, GTD17].

The starch utilization system (Sus) of Bacteroides thetaiotaomicron is the most well-studied PUL. It
is an operon consisting of eight genes, encoding for three glycoside hydrolases (SusA, SusB, SusG),
a TonB dependent transporter (susC), three starch-binding outer membrane lipoproteins (susD,
SusE, SusF) and a regulator protein (SusR) (see Figure 1). Extracellular starch is initially bound by
the outer membrane proteins encoded by susD, SusE and SusF, while the SusG-encoded CAZyme
performs partial hydrolysis at the cell surface. The resulting oligosaccharides are transported
through the susC-encoded transporter into the periplasm. Afterwards, the glycoside hydrolase
CAZymes encoded by SusA and SusB degrade them into smaller sugars, mono- or disaccharides,
that can be utilized by the bacterium. SusR regulates the expression of the operon, by responding to
the presence of maltose in the periplasm. All gut-residing Bacteroidetes have some form of Sus-like
systems that are used to target a wide variety of polysaccharides, with some species dedicating up
to 18% of their genomes to PULs [FCIC16, MLCT11].

The Sus operon formed the basis for formulating a canonical architecture that is commonly shared
across PULs in Bacteroidetes. Canonical PULs follow a fairly regular structure, starting with a
sequential pair of susC and susD homologs, followed by one or more CAZymes, depending on the
complexity of the substrates [ TD " 17]. CAZymes of the GH family are the most common, but
some PULs have also been found to contain enzymes such as proteases or sulfatases. The latter is
important for marine bacteria feeding on highly sulfated algae polysaccharides and also for utilizing
host glycans such as mucins by gut bacteria [GTD 17, LBB22].

Although PULs were originally defined in Bacteroidetes by the presence of tandem susC-susD
homologs and CAZymes, similar gene clusters have also been identified in bacteria of other
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Figure 1: Overview of the starch utilization system (Sus) genes in Bacteroides thetaiotaomicron
(adapted from [FCI10]).



phyla. In several species, including Gram-negative Proteobacteria associated with plant biomass
degradation, clusters containing genes encoding for TonB-dependent transporters (TonB-Dependent
Transporters) and CAZymes have been observed without the addition of a susD homolog or any
connected regulatory systems. These clusters nevertheless show coordinated carbohydrate utilization
functions and have been described as carbohydrate utilization loci-containing TonB-Dependent
Transporter [ |. Furthermore, carbohydrate utilization systems resembling PULs have
also been identified in Gram-positive Firmicutes bacteria, despite their fundamentally different
cell membrane structure | , ]. For example, the gut-abundant Gram-positive
Roseburia intestinalis is capable of competing with the PUL-enriched Bacteroides ovatus for plant
cell wall polysaccharides such as f-Mannans | ]. These so-called Gram-positive PULSs
(gpPULs) do not follow the canonical Bacteroidetes PUL structure, but still typically contain
CAZymes, carbohydrate transport systems and transcriptional regulators. gpPULs do not encode
for TonB-Dependent Transporters and thus do not contain susC-homologs, due to the lack of
an outer-membrane structure in Gram-positive bacteria. Instead, gpPULs can make use of three
different transport mechanisms: either ATP-binding cassette (ABC) transporters, carbohydrate
phosphotransferase system transporters or major facilitator superfamily transporters | ].

The existence of alternative PUL architectures across bacterial phyla shows that PULs are more
structurally and functionally diverse than canonical susC-susD-based Bacteroidetes PULs | ].
For this reason, the term had been expanded to include gpPULs and other similar gene clusters
that lack the susC-susD structure. This project embraces this broader definition.

2.1.3 Computational Identification of PULs

Experimentally identifying and verifying the presence of PULs is a complex and labor-intensive
process. Experiments typically involve a combination of (meta)genomic, transcriptomic and bio-
chemical analyses of individual CAZymes | ]. As a result, a number of computational
methods have been developed to automatically predict PULs from purely genomic data.

In 2015, Terrapon et al. presented a computational approach to predict PULs in Bacteroidetes
species, as part of the PULDB database | |. The method follows a rule-based strategy
centered around the canonical susC-susD architecture. First, tandem pairs of susC' and susD
homologs are identified across the genome. Next, the surrounding genomic region is iteratively
extended if neighboring genes encode CAZymes or if additional susC or susD homologs are located.
The resulting regions are annotated as predicted PULs and integrated into the PULDB database,
which contains predictions from 67 Bacteroidetes genomes | |. One important limitation is
that the original PULDB prediction procedure is not fully reproducible, as several implementation
details and manual curation steps were not publicly documented. Additionally, the absence of a
publicly available software implementation limits the method’s practical utility beyond the set of
predicted PULs deposited in PULDB | ].

Another prediction tool called PULpy was introduced in a pre-print from 2018 by Steward et al., as
an attempt to reverse-engineer the PULDB prediction method and produce a publicly available tool
that can be used on new genomes | ]. Predictions involve first locating susC-susD pairs
and then utilizing a sliding window of five genes in both the upstream and downstream directions to
search for any CAZyme-encoding genes within that window, while limiting the intergenic distance
to 500 basepairs. If at least one CAZyme is found within this genomic context, then the window is



extended by five genes again and the process is repeated until no more CAZymes are identified, or
the intergenic distance exceeds 500 basepairs | ]-

As part of the dbCAN2 database, the Python-based tool CGC-Finder was introduced in 2018 to
find CAZyme-containing Gene Cluster (CGC). This term was coined by the involved researchers
to describe physically linked gene clusters that encode at least one CAZyme, one transporter,
one transcriptional regulator, and one signaling transduction protein | , ]. While
this tool does not rely on finding a tandem susC-susD pair, and is therefore not limited to the
Bacteroidetes phylum, the authors emphasize that the way CGCs are defined is inherently different
than PULs in literature. Hence, a large-scale comparison of CGCs with literature-derived PULs is
not performed. Moreover, the method still relies on (albeit user-defined) rules, limiting its ability
to capture the complexity and structural diversity that characterize PULs.

In conclusion, all previously developed prediction methods for PULs and related clusters such as
CGCs rely on a rule-based approach. In the case of PULDB and PULpy, the rules are intrinsically
limited to Bacteroidetes, meaning that these tools are not capable of predicting PULs in other
bacterial phyla. These limitations necessitate the exploration of more flexible and generalizable
computational approaches for PUL prediction.

2.2 Computational background

This section focuses on the use of machine learning within the field of genomics. We first introduce
this topic, and further discuss the use of Transformer-based models and transfer learning paradigms.
Then, we narrow the scope to genomic language models and afterwards provide an overview of the
specific models selected for this project.

2.2.1 Machine Learning in Genomics

Machine learning (ML) is a field in AT and data science centered around developing algorithms that
learn patterns from data or experience, and then using them to make inferences on new unseen
data. ML algorithms are roughly divided into supervised learning, where models learn from labeled
data with a ground truth, and unsupervised learning, where patterns are extracted from data
without the use of labels. A related paradigm is self-supervised learning, where labels are generated
from the input data itself. In this setting, models are trained on tasks such as predicting missing or
masked parts of the input from context, in order to learn useful representations from large amounts
of unlabeled data. This research project is concerned with using supervised learning for binary
classification, a task where the model learns to classify instances into two different classes based on
labeled examples.

Deep learning is a sub-field of ML concerned with the application of artificial neural networks. These
models consist of interconnected layers of computational units called neurons. Unlike classical ML
methods, which often rely on manually engineered features, deep learning models can learn complex
features directly from raw input data. The network can build increasingly abstract representations
as each layer computes a non-linear transformation of the previous layer’s output. Training a
neural network involves optimizing the weights of these transformations across layers, most often
using backpropagation. Building on this foundation, a plethora of different deep learning model
architectures have been developed over the years, often engineered for specific types of tasks. Deep



learning models have achieved unparalleled performance in fields such as computer vision and
speech processing, but also in drug discovery and genomics | ).

With vast improvements in next generation sequencing methods and overall computational capabili-
ties, ML and deep learning approaches are becoming common in many biological fields. Specifically
in genomics and genetics, where datasets can be very large and complex, ML is highly applicable
[ 11 |. Models are often trained on DNA sequences and/or any other features that can
be derived from them for the general task of genome annotation, which involves labeling DNA
segments in the genome with a corresponding function, such as gene functions, regulatory elements
and more | ]. In microbial genomics, supervised learning had been previously applied in
predicting functional information from amino-acid sequences, for predicting antimicrobial resistance
from full genome sequences of bacteria, and for accurately predicting biosynthetic gene clusters
from bacterial genomes | , , |. Deep learning is also becoming prominent in
microbiome research, as highlighted in a 2025 review by Pryzmus et al. | |. Deep learning is
capable of automating and improving aspects such as the detection and quantification of functional
genomic elements in metagenomes and has also been applied for predicting biosynthetic gene
clusters | : ).

2.2.2 Transformers and Transfer Learning

The introduction of the Transformer architecture in 2017 revolutionized the field of natural language
processing and ushered in the current era of Al. Transformers are neural networks that employ
attention mechanisms, allowing them to very effectively capture relations and dependencies between
individual tokens in sequences | ]. Unlike previous sequence models, Transformers are
capable of capturing long-range interactions while remaining computationally efficient, making
them particularly effective for learning representations in extremely large datasets. Although
originally gaining the spotlight in natural language processing, Transformers can be applied to a
much wider range of domains, including genomics | ]

Due to the sheer size and computational complexity of the training process, Transformer-based
language models are hardly ever trained for specific tasks. Instead, they are pretrained on vast
generalized datasets in a self-supervised manner, to learn general purpose representations from
as much (unlabeled) data as possible. Such a pretrained model, also referred to as a foundation
model, can be finetuned further for a more particular application, adapting these representations
to a specific task using a much smaller labeled dataset | |. The process of finetuning large
pretrained models, called transfer learning, is becoming an increasingly common paradigm in ML.

It is important to distinguish between encoder and decoder architectures. Encoder models are
trained to learn contextual representations of input sequences, called embeddings. These models are
therefore primarily used for tasks such as classification or regression. Decoder models, in contrast,
are trained to generate sequences by predicting the next token given the preceding context. This
distinction influences how foundation models are applied in practice. In many cases, foundation
models are used in a zero-shot setting, where they are applied to a previously unseen task without
any task-specific training. For generative models, this involves performing some tasks directly
through prompting, where instructions are provided as part of the input | ]. In other cases,
this is frequently done by extracting the model’s learned representations and using them to train
a simpler model for a specific task. It is also possible to finetune foundation models on a labeled



dataset for a particular task. This is the most computationally expensive form of transfer learning,
since it requires the model to re-optimize its weights to a particular task. However, it often also
results in better performance, by allowing the model’s learned representations to become specialized
for that particular task | ].

2.2.3 Genomic Language Models

In recent years, Transformer-based deep learning models have been gaining traction in the life
sciences. Biological sequence-based language models such as DNA language models or protein
language models (pLMs) are pre-trained on tremendous amounts of nucleotide or amino-acid
sequences with the goal of learning semantic relationships. This renders them capable of analyzing

and presumably "understanding” biological sequences | |. Generative models such as regLM
and ESM-3 can be used to design novel biological sequences, promising immense potential in fields
such as drug discovery | , ]. Many other biological language models, based on

encoder architectures, are used to extract informative embeddings from biological sequences rather
than generate new sequences. Since the objective of this thesis is binary classification rather than
sequence generation, encoder-based models are of primary interest. Some examples include the DNA
language models DNABERT and DNABERT-2 | : |, and ESM Cambrian | ],
the pLM evaluated in this thesis.

Genomic language models (gL.Ms) add an additional layer of complexity to the aforementioned
models. Instead of training on short context windows of nucleotide or protein sequences, these
models learn to place genes within a broader genomic context. The inputs for gLMs can take
the form of very long DNA sequences (up to 1 million base-pairs for Evo 2 | |), or more
frequently a sequence of genes. In the second case, the way in which genes are represented can
vary between models. Since glLMs are capable of producing dense contextual representations of
genes within a full genome, such models are well suited for predicting and characterizing larger
interconnected genomic regions such as PULs.

2.2.4 Selected Models

This thesis compares four different models for the task of PUL prediction: GECCO, GeneCAT,
ESM Cambrian, and Bacformer. These models differ in size, architecture, feature representations,
and the way contextual information is incorporated (see Table 1).

GECCO (Gene Cluster prediction with Conditional Random Fields) is a machine learning-based
method originally developed in the Zeller group by Larralde et al. for identifying Biosynthetic Gene
Clusters (BGC’s) in genomic data. The method is based on conditional random fields (CRFs),
discriminative graphical models that are often used for sequence segmentation and allow for easy
model introspection. GECCO can be trained on a sequence of protein coding genes with protein
domain annotations and incorporates local genomic context by modeling dependencies between
neighboring genes | ].

GeneCAT is an encoder-based gLM currently under development within the Zeller group. The model
represents genomes in a manner similar to GECCOQO’s: ordered sequences of genes annotated with
functional domains. It was pretrained on a large collection of high-quality prokaryotic genomes from
the ProGenomes3 database using self-supervised learning with a masked multi-label classification



objective. The model looks at windows of genes and captures genomic context using the attention
mechanism. Serving as a foundation model, GeneCAT can be finetuned to specific tasks such as
PUL prediction (see Supplementary Figure 1).

ESM Cambrian (ESMC) is a pLM that produces embeddings for individual protein sequences,
released by EvolutionaryScale in 2024 and described in a 2026 pre-print | , |. The
model was pretrained on sequences from UniRef, MGnify, and the Joint Genome Institute (JGI),
using a masked language modeling objective, with the goal of producing protein-level embeddings
that reflect the biology of proteins. These embeddings are typically aggregated at the gene level
and used as input features for downstream prediction tasks. While ESMC can model relationships
between individual amino-acids in a protein sequence, it does not capture any broader genomic
context.

Bacformer is a gLM (or ”contextualized pLM”) that utilizes precomputed embeddings from pLMs,
such as ESMC, as its input vocabulary. Instead of directly encoding raw sequences or domain
annotations, each gene is represented by the average embedding of its corresponding protein
sequence. Bacformer was pretrained on 1.3 million bacterial genomes represented as an ordered
sequence of proteins, using a masked language modeling objective. Instead of having to predict
exact embeddings, the model learned to predict protein families of masked proteins, based on
genomic context. The model can process complete genomes, which presumably allows it to capture
genome-wide organizational and evolutionary patterns [ ].

Table 1: Summary of models used in this thesis and their properties, including model architecture,
input representation, pretraining data, model scale, and genomic context modeling.

Characteristic GECCO GeneCAT ESM-C Bacformer
Publication Pre-print 2021  Unpublished Pre-print 2026  Pre-print 2025
[ ] [ ] [ ]
Architecture Conditional Transformer Transformer Transformer
Random Fields
Input representation Ordered Ordered Amino-acid Ordered
sequences of sequences of sequences sequences of
genes with genes with pLM
domain domain embeddings
annotations annotations
Pretraining data — ProGenomes3  UniRef MGnify v2.0
MGnify SPIRE
JGI NCBI RefSeq
GenBank
Model scale — 60M params 600M params 300M params

Genomic context

Local (CRF)

Gene window
attention

None

Genome-wide
attention
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3 Material & Methods

3.1 Data
All of the data obtained for this project was taken from open-access databases. First, PUL
annotations were obtained through the databases PULDB | | and dbCAN-PUL | ]

Next, nucleotide sequences were downloaded from the NCBI Nucleotide database.

3.1.1 PULDB

The Polysaccharide Utilization Loci database (PULDB) was launched in 2015, containing PULSs
predicted from genome sequences using a rule-based method, alongside some PULs previously
reported in literature | |. PULDB was expanded in 2018 to include more literature-derived
PUL data, but the database remains limited to PULs from the Bacteroidetes phylum | ].
The exact methods and criteria used by the authors to curate these literature-derived PULs are
not stated, besides the mention of ”a continuous literature survey”.

Due to the lack of a download or external API interface in PULDB, we ran a custom web-scraping
script using the Python package Beautiful Soup 4 (version 4.14.3) in February 2026. We extracted
genomic coordinates and NCBI sequence identifiers for all PULs in the database and filtered the
results to only include literature-derived PULs.

3.1.2 dbCAN-PUL

dbCAN-PUL is an online database for literature-derived PULs, which is connected to the dbCAN3
server, a service used for automated CAZyme annotation | , ]. In contrast to
PULDB, dbCAN-PUL contains PULs across various bacterial phyla. PULs in this database were
manually curated from the literature under the condition that experimental methods were used to
determine that at least one gene from the PUL is involved in carbohydrate utilization. The database
provides information on the PUL sequence, genomic coordinates, PUL substrate, experimental
characterization methods and the associated NCBI taxonomy identifier.

The latest version of dbCAN-PUL was downloaded in February 2026, and genomic coordinates and
sequence identifiers were extracted from all PUL annotations from the Excel sheet with the most
recent upload date (dbCAN-PUL_Feb-2025.x1sx, uploaded 27-06-2025).

3.1.3 NCBI Nucleotide

The NCBI nucleotide database is a publicly available collection of genome, gene, and transcript
sequences from sources such as GenBank, RefSeq, and PDB. The NCBI sequence identifiers obtained
from PULDB and dbCAN-PUL (Sections 3.1.2 & 3.1.1) were used to retrieve the corresponding
nucleotide sequences via Entrez (Section 3.2.1). For each PUL, the full contig/genome containing
the locus was downloaded. Sequences were retrieved in both Fasta and GenBank formats, and were
used downstream for preprocessing.
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3.2 Software

This section describes the software tools and packages used for this project. Tools are presented
roughly in the order in which they were applied. For each tool, we report the version used and any
specific adaptations or deviations from default settings. The specific ways in which these tools were
used in this project are described in Section 4.

3.2.1 NCBI Entrez & Biopython

Entrez is a database retrieval system developed and maintained by the National Center for Biotech-
nology Information (NCBI). It allows for querying sequence data, genomic mapping information,
3D structure data, PubMed and more. Entrez was used in this project to query the NCBI Nu-
cleotide database, through the interface provided by the Biopython python package (version 1.86).
Specifically, the Entrez.efetch method was used to retrieve nucleotide records in batch.

3.2.2 BLAST

BLASTn is generally used to identify regions of nucleotide similarity between query sequences and
a reference database. The algorithm performs local alignments by identifying ”words” (short exact
matches) and then extending these into high-scoring alignments | |. During this project,
BLASTn was used for various purposes, both in a remote and local setting (see section 4). We used
the Biopython NCBIWWW module for remote BLASTn searches against the nt database, and the
BLAST+ binaries (version 2.17.0) for searches against locally stored sequences.

3.2.3 Cblaster

Chblaster is a tool used for identifying homologous gene clusters in local or remote databases
[ |. The search algorithm works by first querying protein sequences against a reference
database using either remote NCBI databases with BLASTp, or a local genome database with
DIAMOND. Hits are filtered using specific hit quality thresholds and grouped by subject protein,
genomic scaffold and organism. Clusters are identified if subjects are sufficiently close (pre-specified
intergenic distance) and if the formed clusters contain a pre-specified minimum number of genes.
For this project, we used Cblaster (version 1.4) with a local DIAMOND database created using the
Cblaster makedb module (see section 4).

3.2.4 OrthoANI

OrthoANI (Average Nucleotide Identity by Orthology), is an algorithm used to compute average
nucleotide identity between genomic sequences | |. This algorithm was developed to
account for ANT calculations being non symmetrical, by using the concept of orthology. To calculate
the orthoANTI score between two genomes, the following steps are taken: (i) both sequences are first
fragmented into 1020-bp long fragments, (ii) followed by reciprocal BLASTn searches between all
fragments to identify orthologous pairs, (iii) after which the average nucleotide identity values are
calculated for all reciprocal BLASTn hits. By only taking orthologous fragment pairs into account,
the algorithm results in identical reciprocal ANI values and also runs faster than original ANI
implementations | |. To calculate pairwise ANI scores for all genomes in the dataset we
used PyOrthoANTI (version 0.7.0), the Python implementation of the OrthoANTI algorithm | ].
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3.2.5 PULpy

PULpy is a rule-based PUL prediction pipeline, based on the methodology presented by the
prediction tool used in PULDB | , |. PULpy was released in 2018 as a Snakemake
pipeline and the predictions showed significant overlap with the predictions in PULDB.

The latest version of PULpy was downloaded from the GitHub repository | |. The tool did
not run immediately and some adaptations were made to the code. First, the Snakefile and all files
in the scripts directory contained mismatching indentations (spaces and tabs), so all tabs were
replaced by spaces. An additional custom script was written to automate running PULpy, including
all necessary preparations that are provided in the repository documentation. Finally, additional
snakemake and perl dependencies were added to the environment definition at envs/PULpy.yaml.

3.2.6 GTDB & GTDB-Tk

The Genome Taxonomy Database (GTDB) is a standardized genome phylogeny based microbial
taxonomy | ]. GTDB-Tk is a software toolkit for the classification of new genomes within
the GTDB framework [ |. The classification algorithm is based on placing the query genome
in the GTDB reference tree and computing its Average Nucleotide Identity (ANI) with reference
genomes. For this project, GTDB-tk (version 2.6.1, with GTDB release 226) was used to generate
taxonomic annotations of all genomes in the dataset.

3.2.7 Prodigal & Pyrodigal

Prodigal (PROkaryotic DYnamic programming Gene-finding ALgorithm) is a gene prediction tool
for prokaryotic genomic sequences. Prodigal works by identifying start and stop codons throughout
the sequence, and then computing scores for each pair of codons using dynamic programming
[ |. Tt is used frequently in bioinformatics pipelines that require gene-calling, and was found
to be one of the best performing ORF finders | |-

Pyrodigal is a Python module that provides bindings to Prodigal | ]. We used Pyrodigal
(version 3.4.0) as part the of data preprocessing (see section 4.1.3).

3.2.8 Hidden Markov Models: Pfam, dbCAN, PyYHMMER

Genomic features of interest were annotated with profile Hidden Markov Models (pHMMs). pHMMs
are used to model protein sequence families and are seen as the standard method for annotating
protein domains. Annotations were generated using the Python bindings of the HMMER. package,
PyHMMER (version 0.12.0) | ]. Two sets of pHMMs were used: Pfam HMMs (version 37.1,
[ |) for functional protein domain annotations and dbCAN HMMs (version 14) for CAZy
annotations.

3.2.9 UMAP

UMAP (Uniform Manifold Approximation and Projection) | ] was used as a dimensionality
reduction technique to visualize gene embeddings generated by GeneCAT, ESMC and Bacformer,
using the umap-learn Python package (version 0.5.12) and hyperparameters distance=euclidean,
n_neighbors=12. Other settings were kept as defaults.
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3.2.10 Machine Learning Models

GECCO was trained with default settings, except for the hyperparameter select, which was set
to 0.5, to only select most informative 50% of features from the training data using a contingency
test. The python implementation gecco-tool[train] was used (version 0.10.3) | ].

GeneCAT version 0.0.7 (unpublished) was finetuned with the hyperparameter --middle-focus,
making the model only predict on the middle gene in the context-window during training. To ensure
the training data is seen sufficiently by the model we set the maximum number of epochs to 30. In
the zero-shot setting, we extracted gene embeddings from the models

model _gene multilabel pfam cazy april _goycr91w_v0O and

model _gene multilabel untied april sriqcx3c_vO0 located on the LUMC Shark HPC cluster.

We used the Huggingface implementation of ESMC, called ESM++ large (600M parameter), to
generate embeddings for the protein sequences encoded by each gene. (Huggingface commit hash
94b8ccf, | ]). Specifically, protein embeddings were saved from the output of the Bacformer
function protein seqs_to_bacformer_inputs.

Bacformer Large (300M parameters) was used, with the initial (and at the time of writing also
latest) release of the corresponding Python package (Huggingface commit hash 589fda4). Since
Bacformer was trained on sequences with a maximum of 6000 proteins, it resulted in issues when
generating embeddings of longer genomes. To alleviate this, a sliding window approach was taken
with a window size of 3000 and a stride of 2000, and embeddings of overlapping regions were
averaged. Additionally, the workaround from the Bacformer GitHub issue 33 was used to properly
initialize rotary embeddings buffers, preventing the model from outputting NaN values during
inference.

A logistic regression classifier was utilized to classify embeddings in a zero-shot setting (for
GeneCAT, ESMC and Bacformer). We used the implementation in the LogisticRegression class
from the scikit-learn Python package (version 1.8.0) | |, with the liblinear solver and a
maximum of 10000 iterations. All embeddings were normalized using L.2-norms before training.
The hyperparameters 11 _ratio (either 0 or 1) and C (1, 10 or 500) were optimized using a 3-fold
cross-validation gridsearch with AUPRC as the scoring metric.

3.3 Hardware

The majority of the work was performed on the SHARK High-Performance Computing cluster,
provided by the LUMC. The cluster runs on Linux Rocky 8, with the Slurm workload manager
(version 20.11).

For language model training and inference, compute nodes gpuOl and gpu02 were used, both
running on the Nvidia GPU TITAN Xp (3840/12Gb).
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4 Implementation

4.1 Dataset Construction

This section outlines all steps taken in the dataset construction process, including dataset curation,
preprocessing, cryptic PUL identification, and train-test splits. A graphical overview is provided in
Figure 2.

1. Dataset Curation 4. Train-test splits

i : i : [ 5 folds: CV Grouped by ] :
: : o Genus i
E [ BLAST short contigs i i i i
: ¥ - :
E [ OrthoANI deduplication J E Lo i
! g : | |
' [ GTDB-tk annotations ] i ! . . ;! :
¥ . 3. Identifying cryptic PULs .[ 2 folds: Bacteroidetes vs J .
i { Strict Cblaster search ] : i Liberal Cblaster ][ PULpy J E i non-Bacteroidetes i
i . il | I
E [ Experimental PULs ]—r | [ Cryptic PULs I : :_— :

Figure 2: Graphical overview of steps taken during dataset construction. First, a dataset of literature-
derived PULs was curated and then preprocessed for model training. Then, cryptic PULs were
identified and the data was split in 5-fold cross-validation and two Bacteroidetes-based splits.

4.1.1 Dataset Curation

This project started with curating a robust and exhaustive dataset, containing known experimental
PULs in their genomic context, across different bacterial taxa. All literature-derived PUL annotations
were obtained from dbCAN-PUL and PULDB, and the corresponding sequences were downloaded
from NCBI nucleotide (Section 3.1).

Due to inconsistencies in the databases, certain PULs had to be handled manually (see Supplemen-
tary Table 1). One genome with PUL annotations was downloaded separately from JGI. Another
two PULSs spanned over two contigs from a larger whole-genome shotgun sequencing project. Using
BLAST on NCBI, we identified these PULSs in the full genome of the specific organism. However, the
PULs in both contigs, while initially appearing to be connected, mapped to separate subsequences
in the full genome. These were then manually added to the dataset as two separate PULs. Three
genomes from PULDB had to be removed, as we could not find their sequence identifiers in any
publicly available database, and the data was not shared by the authors of the original papers.
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Three other contigs from the database had unknown sequence identifiers, but were successfully
found by consulting the relevant publication | | After these steps, the annotations from
dbCAN and PULDB were combined, and overlapping PULs sharing the same parent sequence were
merged.

During data exploration it was observed that the dataset contained numerous extremely short
contigs containing mainly or exclusively the associated PUL. We defined ”truncated sequences” as
sequences shorter than 100kbp, which encompassed 94 sequences and 98 corresponding PULs. Since
we are evaluating models that rely on genomic context, a large number of very short sequences
would create operational challenges and potentially biased results. To avoid removing these PULs,
we used BLAST with the MegaBlast setting and default parameters to map all PULs from truncated
sequences to full genomes or larger contigs. BLAST results were filtered to remove any self-hits
and based on identity percentage (p-iden > 99.5%) and the longest hit with the longest subject
sequence was selected.

To further strengthen the quality of the dataset we performed an all-versus-all OrthoANI scan using
PyOrthoANT to remove duplicate or overly similar genomes | , |. OrthoANT was
selected over other ANI methods due to its faster run-time and robustness to gene rearrangements
common in bacterial genomes. A cutoff of 99% identity was selected for deduplication and 98
genomes were deduplicated in the following way: for every identical (or highly-similar) pair, the
longer sequence was selected and all PUL annotations from the shorter sequence were re-mapped
using a local BLAST search with de-megablast mode, a minimal percent_identity of 99% and a
minimal query coverage of 90%. 19 PULs could not be re-mapped with these filters and were
consequently dropped from the dataset.

Finally, to further improve data annotation given the patchy nature of experimental data, highly
homologous PULs were identified across all contigs in the dataset using Cblaster | ].
The search was done using the following strict filters: -min eval 1.0e-9 -min identity 70
-min_coverage 75 --gap_size 5000 --min hits 2 --unique 2. All hits were filtered based on
the number of genes from the query that were also in the hit, requiring a minimum of 70% of the
genes to be present. With this search, 376 new homologous PULs were identified and added to the
dataset.

4.1.2 Identification of Cryptic PULs

In the context of this project, we define the term ”cryptic PULs” to refer to any gene clusters
that possibly constitute a PUL, without having a literature-derived annotation. The presence
of such cryptic PULSs in our data presents a substantial challenge for this task, possibly causing
several problems. In testing, genes in cryptic PUL regions will likely be classified as positives,
and due to the lack of an annotation be thus evaluated as false positives, making the model
seem worse than it might be. In training, conflicting annotations of similar PULs, where one is
experimentally annotated and the other is cryptic, can mislead optimization attempts and thus
also limit performance.

In order to reduce this uncertainty we first leveraged the only existing and openly available prediction
tool for PULs, PULpy | |. However, due to its rule-based nature, the tool is limited to
only annotating Bacteroidetes PULs. To account for the lack of predictions in non-Bacteroidetes
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species we used a homology-based approach, utilizing Cblaster with liberal filtering parameters
[ |. The default filtering parameters were kept for this search, only changing the following
--min hits 2 --unique 2. A threshold of 55% of genes being present in the hit was used, to
enforce the two gene minimum, but also include any hits of two genes from longer query PULs.
This method identified an additional 68 cryptic PULs.

4.1.3 Data Preprocessing

After curating a robust dataset of genomic sequences with literature-derived PUL annotations, the
data was preprocessed in two main steps. First, gene calling was performed using Pyrodigal to
generate standardized gene annotations for each contig and all protein-coding (CDS) genes were
selected | ]. This produced both a gene coordinate table and translated amino acid sequences
for all predicted coding regions. Second, genomic features of interest were annotated using Hidden
Markov Models (HMMs) through the PyHMMER package. All predicted proteins were searched
against the Pfam and dbCAN databases using profile HMM alignment. Pfam contains curated protein
domain families representing broadly conserved structural and functional motifs across proteins,
while dbCAN provides HMM profiles specifically designed for the identification of carbohydrate-
active enzymes (CAZymes) based on the CAZy classification system | , ]. Domain
hits were filtered based on statistical significance thresholds (p < le—9). This resulted in two
separate feature sets: one containing only Pfam domain annotations, and one combining Pfam and
CAZyme annotations derived from dbCAN.

4.1.4 Train/Test Split

To minimize phylogenetic bias and prevent data leakage between training and test sets, a taxo-
nomically stratified 5-fold cross-validation split was constructed. Contigs were first taxonomically
annotated using GTDB-Tk version 226 | , |, after which contigs were grouped
at the genus level. All contigs originating from the same genus were assigned to the same fold,
preventing closely related genomic contexts from appearing in both training and evaluation data.
The data was stratified to preserve the relative distribution of positive and negative labels across
folds.

Given the historical bias towards PULs in the Bacteroidetes phylum, we constructed two additional
splits grouped by Bacteroidetes and non-Bacteroidetes phyla. The goal is to evaluate if our models
are capable of generalizing across phyla, especially given the fact that the Bacteroidetes phylum is
overrepresented in the dataset. Additionally, as existing PUL prediction methods work exclusively
on Bacteroidetes, this evaluation would allow us to investigate whether learned representations
remain informative outside this phylum. In the first setting, models were trained exclusively on
sequences originating from the Bacteroidetes phylum and evaluated on non-Bacteroidetes, and the
inverse configuration was used in the second setting.
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4.2 Model Training and Evaluation

This section outlines all steps taken in training and evaluating the models for PUL prediction. A
graphical overview is provided in Figure 3.
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Figure 3: Overview of model training and evaluation process.

4.2.1 Model Implementations

In total, four different base models were compared: (1) GECCO, (2) GeneCAT, (3) the pLM ESM
Cambrian and (4) the gLM Bacformer. GECCO was trained using the Python implementation
with specific details discussed in section 3.2.10. ESMC and Bacformer were only used in a zero-shot
setting, by extracting embeddings for every gene and using a logistic regression classifier to predict
PUL genes based on these embeddings. GeneCAT was evaluated both in a zero-shot setting and
with end-to-end finetuning. Additionally, we finetuned an untrained GeneCAT model with randomly
initialized weights, to explore whether pretraining is beneficial for this task.

As both GECCO and GeneCAT rely on a sequence of genes with functional domain annotations,
both were trained on either only Pfam annotations or a combination of Pfam and CAZy annotations.
In order to include CAZy annotations in the vocabulary of GeneCAT), it was pretrained again with
CAZy domains as part of the pretraining dataset. Moreover, for all models except for GECCO,
we explored masking cryptic PULs in training, to ensure the models do not fit to a dataset where
such regions are explicitly stated as negatives. In zero-shot settings, cryptic PUL genes were kept
in the context window when extracting embeddings and later removed from the training data
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for downstream logistic regression. For finetuning GeneCAT, the genes were kept in the context
window, but were assigned the special label UNKNOWN, ensuring their logits and loss were masked
during finetuning, so that no backpropagation occurs. In total, this results in a combination of 15
different models (see supplementary table 4 for an overview).

4.2.2 Evaluations

As stated above, all models were evaluated using 5-fold cross-validation and two additional Bac-
teroidetes-based splits. All genes present in the previously identified cryptic PULs that did not
overlap with experimental annotations were excluded from these evaluations, to produce a more
robust set of negative examples. The models were also separately evaluated on all exclusively cryptic
PULSs, excluding experimentally annotated PULs from the dataset, and on both cryptic PULs and
experimental PULs.

Models were compared using Precision-Recall (PR) curves and Receiver operating characteristic
(ROC) curves. A PR~curve shows how precision and recall values vary based on the choice of
probability thresholds, calculated from binary labels at a given threshold using equations 1 and
2 respectively. Generally, for high cutoffs, precision is high and recall is low, and for low cutoffs
precision is low and recall is high. A ROC-curve shows the true positive rate (TPR), which is the
same as recall, against the false positive rate (FPR) at different thresholds. These metrics are
calculated using equations 2 and 3 respectively.

TP

FP
P
TP + FP

® LY PR =5y ©

R=TPR =15 wy
The area under the PR-curve (AUPRC) and the area under the ROC-curve (AUROC) both serve
as performance metrics that can be computed from raw model probabilities. The AUPRC can be
approximated with discrete thresholds using the average precision (AP) score. This is calculated as
a weighted average of the precisions at each threshold, using the recall increase from the previous
threshold as weight (see equation 4). Due to the highly imbalanced nature of the dataset, AUPRC
was selected as a performance metric over AUROC. This is because the FPR is directly biased
by a large number of true negatives (TN). When evaluating models on imbalanced datasets, the
ROC-curve, and by extension the AUC, can therefore be misleading with regards to classification
performance | ).

AUPRC = /0 1 P(R)A(R) ~ > P, (R, — Ry_1) (4)

In order to generate predictions of full PULs rather than only PUL-genes, an optimal probability
threshold per model was selected using a held-out validation set of 10% during training, and
calculating the threshold at which the maximal Matthews Correlation Coefficient is achieved. Then
genes were clustered together using a simple heuristic: any directly adjacent genes with probability
above the threshold were joined together to form a PUL, regardless of the intergenic distance. For
GECCO, the built-in cluster predictions were used instead.
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4.2.3 Interpretation

The results were further interpreted primarily through visualization, using the methods outlined in
this section. To further explore the structure of learned representations, dimensionality reduction
was performed on gene embeddings generated by GeneCAT, ESMC, and Bacformer. Uniform
Manifold Approximation and Projection (UMAP) was used to project gene embeddings from every
model (520, 960 and 960 dimensions, respectively) into a two-dimensional space for visualization and
to observe any clustering patterns | ]. In addition, the functional composition of predicted
PULSs was analyzed by computing the proportion of predicted PULSs containing susC/susD homologs
and carbohydrate-active enzymes (CAZymes). For GECCO, due to its inherent interpretability,
feature importance was investigated by extracting model weights from the trained model state file.
Finally, high-confidence predictions from GECCO and GeneCAT were visualized together with
genomic annotations extracted from GenBank files and CAZyme annotations that were generated
during preprocessing.
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5 Results & Discussion

This section presents and discusses the results of this study in the context of the research questions
defined in Section 1.2. We first examine the dataset and evaluate the impact of masking cryptic
PULs during training. Subsequently, we investigate the effect of different feature representations
and compare the performance of all evaluated models. We then assess the ability of these models
to generalize beyond the Bacteroidetes phylum. Finally, we present several previously unannotated
putative PULs identified by the models and discuss their biological relevance.

5.1 Data Exploration

The PUL annotation data for this project was obtained from the databases dbCAN-PUL and
PULDB. To curate a high-quality dataset for this task, we first replaced truncated sequenced with
longer contigs identified through a BLAST search, in order to ensure sequences are sufficiently
long for methods incorporating genomic context. Subsequently, we deduplicated all contigs based
on pairwise OrthoANI scores and then we used Cblaster to identify highly homologous PULSs
across genomes and added them to the annotations. After this procedure, the dataset contained
958 unique PULSs in 288 contigs. Figure 4a shows the distribution of PUL origin, being either
from dbCAN-PUL, PULDB, or from the strict Cblaster search. It is notable that many PULSs
that were found by Cblaster already had entries in the databases, but also a large number of new
highly homologous PULs were found. The aforementioned historical bias in PUL research towards
Bacteroidetes is also reflected in the dataset, with the Bacteroidota phylum (the GTDB equivalent
of Bacteroidetes), accounting for nearly 69% of the dataset (see Supplementary Figure 3).

Figure 4b shows the length distribution of PULSs, represented by the number of genes they contain.
We note some very short PULs, consisting of only two or three genes, and very large PULs with
more than 50 genes. The median PUL length is eight genes, and the mean is approximately eleven,
meaning the data is skewed towards longer PULs. The longest PULs in the dataset belong to the gut
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(a) Overlap in PUL origin, showing PULs from (b) Length distribution of all PULSs in the dataset,
dbCAN-PUL, PULDB and Cblaster. quantified by the number of genes PULs span.

Figure 4: Overview of obtained dataset, showing PUL origin and PUL length distributions.
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microbes Bacteroides thetaiotaomicron and Bacteroides xylanisolvens and to Gilvimarinus chinensis,
a marine agar-hydrolyzing microbe [GTD 17, Y TZ"22]. We further observe that literature-derived
annotations are more permissive in terms of which genes are included in a PUL. PULDB often
combines multiple co-localized PULs with the same substrate into a single literature-derived
PUL. One example is Literature-Derived PUL 4 in Bacteroides xylanisolvens, where one PUL
encompasses two susC-susD pairs located on separate strands with a distance of 2.000 base-pairs
(see Supplementary Figure 2).

After preprocessing, a total of 532.674 protein-coding genes were called by Pyrodigal, with 11.691
annotated as belonging to PULs (2.19% of all genes). Due to this extreme imbalance, we use
AUPRC as the main performance metric in the following sections.

5.2 Masking Cryptic PULs in Training

To address the issue of missing annotations and uncertain negatives, we identified a set of 1225
cryptic PULs by utilizing an existing rule-based and Bacteroidetes-specific prediction tool (PULpy)
and a homology-based search using Cblaster with liberal parameters, referred to as liberal Cbhlaster.
Most of the cryptic PULs were identified by PULpy, with a small fraction also identified by the
liberal Cblaster search (see Figure 5a). Therefore, the overall set of cryptic PULs is predominantly
from Bacteroidetes and follows the rules set in PULpy. Figure 5b shows the length distributions of
PULs from experimental annotations, compared to distributions of PULs identified by PULpy and
the liberal and strict Cblaster searches. It seems that PULpy predicts more short PULs, compared
to the other methods. This is possibly due to PULpy enforcing a maximal intergenic distance of 500
base-pairs, while the distance between some genes in many of the literature-derived PULs can be
much larger [SARW I8, AZY 21, TLD"18]. The PULSs identified by the liberal and strict Cblaster
searches show similar lengths distributions, with the liberal Cblaster predicting slightly shorter
PULs, due to the difference in filtering parameters.

Overlap of Experimental and Cryptic PULs
PUL length distribution in identified clusters

PULpY (n=1689)

e

w

=]
L

EEE Experimental
I PULpy

3 Liberal Cblaster
I Strict Cblaster

e

N

w
L

Liberal Cblaster (n=559)

68

Proportion of identified clusters
o o e
[
[=] w [=]
! | !

=4

o

=]
L

o

=]

=)
|

‘g a P ,‘9 o

&1 “ g

S M
PUL length in genes
Experimental + Strict Cblaster (n=1109)

(b) Experimental and Cryptic PUL length

(a) Overlap between PULs identified by PULpy, a distributions, quantified by number of genes.

liberal Cblaster search and experimental PULs.

Figure 5: Overview of experimental and cryptic PULs, showing PUL overlap, and length distribu-
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To determine whether the presence of cryptic PULs in the dataset affects model performance, we
trained our models on a dataset where cryptic PULs are masked, and compared them to models
trained on the full dataset in which cryptic PUL genes are labeled as negatives. The models were
evaluated on three sets of positives: one with only literature-derived (experimental) PULs, one with
only cryptic PULs and one containing both. The negatives were kept constant across all evaluations,
as genes belonging to neither experimental nor cryptic PULs. Model predictions from the 5-fold
cross-validation were combined and evaluated as one test-set. For all models, masking cryptic PULs
in training resulted in better performance on both experimental and cryptic PULs (see Figure 6).
Even though the models were only trained on experimental PULs, masking cryptic PULs resulted
in a greater performance increase when testing on cryptic PULs alone, compared to experimental
PULs. This increase is most drastic for the end-to-end finetuned GeneCAT model, which without
masking, in contrast to other models, performed substantially worse on cryptic PULs is than on
experimental PULs.

An interesting aspect revealed by this evaluation is that cryptic PULs appear to be easier to predict
than experimental PULs. One possible explanation relates to the fact that the majority of our
cryptic PULs were predicted by the rule-based PULpy, in which the rules are inherently based
on the patterns observed across Bacteroidetes PULs [TLD 18, SARWI18a]. If cryptic PULs are
not masked in training, instead receiving a negative label, then this becomes detrimental to any
optimization method: regions with similar patterns would be in some cases labeled as positives and
in others as negatives. Through masking, models likely learn the aforementioned patterns from
experimental annotations alone, which explains the improved performance. Finally, the performance
on a combined set of cryptic and experimental PULs is consistently the highest, because we keep
the set of negative examples constant across all evaluations, while the total number of true-positives
increases, inherently improving precision.

AUPRC per model evaluated on experimental and cryptic PULs

0.8

070 H Experimental

0.7 B Cryptic
mmm Both
771 Masked in training

AUPRC (Area Under Pecision-Recall Curve)

GeneCAT 0-Shot GeneCAT Finetuned ESM-C Bacformer
Model

Figure 6: AUPRC scores per model. For each model, solid bars (left) show training without masking
cryptic PULs and hatched bars (right) show training with masking. Bar color indicates the test set
used for evaluation: experimental PULs (green), cryptic PULs (purple), or both (gray).
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5.3 Comparing Feature Representations

Both GECCO and GeneCAT train on similar feature representations: genes with associated Pfam
protein domain annotations. However, since PULSs are enriched with CAZymes, we explored whether
the addition of CAZy annotations to the feature representation can improve model performance.
Initially, we determined how much information is added to the feature space by including CAZy
annotations. Figure 7a shows the number of genes in the dataset annotated by either Pfam, CAZy
or both. Most genes with CAZy annotations also have some Pfam annotation, but there is a small
subset of 1304 genes that only received CAZy annotations. Out of these genes, we find 199 (15.3%)
in literature-derived PULSs, a relatively large portion considering that only 2.19% of all genes in the
dataset belong to PULs. These genes contain 212 unique CAZyme families with various subfamilies
of the glycoside hyrolases GH5, GH43 and GH16 appearing most frequently.

Adding CAZy annotations indeed has a positive, albeit small effect on model performance for
GeneCAT, resulting in a slight increase of AUPRC (0.03). For GECCO on the other hand, adding
CAZy annotations to the features led to a very slight decrease in performance (see Figure 7b).
Given the fact that an overwhelming majority of CAZy domains are already captured by Pfam
annotations, the minimal effect of including them in the dataset is fairly reasonable. GeneCAT’s
improved performance may be a result of pretraining on a vocabulary that incorporates CAZy
annotations, improving its representation of genes related to carbohydrate metabolism. However,
this slight benefit may come at the expense of performance on other unrelated tasks, a trade-off we
did not investigate in this study. For subsequent comparisons, we use the models trained with the
feature set that resulted in the best performance: GECCO with Pfam features and GeneCAT with
both Pfam and CAZy features.
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Figure 7: Feature representation comparison, showing (a) overlap between Pfam and CAZy annota-
tions and (b) differences in performance for models trained on both representations.
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5.4 The Promise of Foundation Models

As foundation models become more common in computational biology, it is important to evaluate
whether added model complexity and extensive pretraining are beneficial for a given task. In this
study, we compared a baseline classical-ML model (GECCO, based on conditional random fields)
with the deep learning-based foundation models GeneCAT, ESMC and Bacformer. All foundation
models were evaluated in a zero-shot setting, using logistic regression to classify generated gene-
embeddings. We also performed end-to-end finetuning on GeneCAT, both with a pretrained and
an untrained model, to study the potential benefits gained by pretraining. Cryptic PULs were
masked in training for all models except for GECCO. Overall, the pretrained-finetuned GeneCAT
model performed the best, achieving the highest AUPRC-score on experimental PULs, followed
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up by the untrained-finetuned GeneCAT (AUPRC 0.55 and 0.48 respectively, see Figure 8a).
Interestingly, the untrained-finetuned GeneCAT shows slightly better precision at high recall values.
In accordance with this observation, the untrained-finetuned GeneCAT model also shows a slightly
better ROC-curve and AUROC score, meaning it has a better TPR (equivalently recall) at a low
FPR (see Figure 8b). Nevertheless, AUROC-scores should be interpreted with caution within this
context, due to the extreme class imbalance. Moreover, unlike other models, GECCO shows a dip
in precision at very low recall values, indicating that the model predicts many false-positives at
very high probability thresholds. These may constitute unannotated putative PULs predicted with
high confidence, which is further explored in section 5.6. ESMC and Bacformer both performed
the worst on this task, while being the largest of the evaluated models, by number of parameters
(600M and 300M, respectively).

The evaluations with cryptic PULs from section 5.2 were repeated on all models (see Figure 8c).
We note that GECCO performs slightly worse on cryptic PULs, while all other models show a
moderate if not substantial performance boost, which is likely caused by our treatment of cryptic
puls as negatives, since GECCO does not allow for masking. Another interesting point is that the
performance of the untrained-finetuned GeneCAT and the zero-shot GeneCAT models on cryptic
PULs is identical, while the pretrained-finetuned GeneCAT outperforms both. Since all evaluations
were done on a gene level, we visualized the lengths of predicted PULs in Figure 8d. Many predicted
PULs, especially the ones predicted by ESMC and Bacformer, were quite fragmented, resulting
in many single-gene PULs. GECCO mostly predicts PULs that are 5-6 genes long and does not
predict any clusters with less than three genes, due to the specific built-in way the model defines
clusters. Interestingly, the untrained-finetuned GeneCAT model predicts PULs of lengths that most
closely resemble the length distribution of experimental PULs, which are typically longer (also see
Figure 4b).

To better understand the benefits of pretraining, we visualized training loss and validation metrics
during finetuning for the pretrained and untrained GeneCAT models on the first cross-validation
fold (see Figure 9). The pretrained model converged in fewer epochs and reached high validation
performance more rapidly than the untrained model. Training loss exhibited fluctuations for both
models, but these were more pronounced for the untrained model. The improved training stability
and faster convergence indicate that pretraining is advantageous for this task. Nevertheless, as noted
above, the untrained-finetuned GeneCAT achieves competitive performance on both experimental
and cryptic PULs, suggesting that the combination of functional domain feature representations
and a Transformer architecture is well suited to this task even without extensive pretraining.

In order to further explore the differences between foundation models, two-dimensional UMAP
projections were calculated and visualized for each set of gene embeddings, shown in Figure 10.
For all GeneCAT models (Figures 10a, 10b, 10c) there are visible patterns of experimental and
cryptic PUL genes clustering to some degree. As expected, this is most pronounced with the
pretrained and finetuned model. Interestingly, genes from cryptic PULs cluster more closely than
genes from experimental PULs. This may be attributed to the majority of cryptic PULSs being
predicted by PULpy, which relies on susC-susD homologs and CAZymes. The UMAPs for ESMC
and Bacformer embeddings (Figures 10d & 10e) show more clusters overall, with more distinct
islands for Bacformer. However, PUL genes are not clustered in any meaningful way, which is
further corroborated by the subpar performance of these models (see Figure 8).
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Figure 9: Train and validation loss and other performance metrics (AUPRC, AUROC) during
finetuning the pretrained and untrained GeneCAT models, plotted over training epochs.
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One possible explanation for the relatively poor performance of ESMC and Bacformer is a mismatch
between their pretraining objectives and this task. PUL prediction relies on the identification of
specific functional structures. Investigations of the ESMC latent space by Candido et al. reveal that
information on protein function is best embedded in the middle layers of the model, whereas we (and
Bacformer) make use of the embeddings from the final layer | |. As a result, information
relevant for distinguishing PUL genes may not be sufficiently emphasized in the pretrained ESMC
embeddings to allow for zero-shot classification. Similarly, although Bacformer incorporates genomic
context, its embeddings are optimized for general genome-level structures rather than specifically
for identifying functional elements. As evident from the evaluations, these representations may
not be directly suitable for zero-shot PUL prediction. We hypothesized that these models might
be better at capturing more general taxonomic signatures, which we confirmed by re-coloring the
UMAP projections based on phylum. This revealed a better separation between phyla for ESMC,
and some distinct clusters for Bacformer (see Supplementary Figure 4). In contrast, Pfam and
CAZy domains convey functional information that is directly relevant to carbohydrate utilization,
from which GeneCAT inherently learns. While the UMAP projections of this model’s embeddings
do not show explicitly distinct clusters, genes associated with PULs tend to be closer to each other,
even in a zero-shot setting (Figure 10a).

5.5 Generalizing Beyond Bacteroidetes

Model generalization is an important aspect of ML, especially when data tends to be biased in
one way or another. Due to the historic experimental focus on Bacteroidetes in PUL research,
PULs that were characterized in Bacteroidetes are overrepresented in dbCAN-PUL and PULDB
(see Supplementary Figure 3a). For this reason, we explored how well models generalize beyond

Precision-Recall Curves for Bacteroidota generalization test (folds 5 and 6)

Trained on Bacteroidota, tested on other phyla

Trained on other phyla, tested on Bacteroidota

—— GeneCAT Untrained (AUC: 0.26)
—— GeneCAT Finetuned (AUC: 0.23)

1.0

GeneCAT 0-Shot (AUC: 0.16)
—— Bacformer (AUC: 0.12)
—— GECCO (AUC: 0.10)
—— ESM-C (AUC: 0.04)

0.8 1

0.6 1

Precision

0.4 4

0.2 4

0.0

Precision

1.0 A

0.8 1

0.6

0.4 4

0.2

0.0 1

—— GECCO (AUC: 0.52)
~—— GeneCAT Finetuned (AUC: 0.44)
—— GeneCAT Untrained (AUC: 0.43)
GeneCAT 0-Shot (AUC: 0.33)
—— ESM-C (AUC: 0.24)
—— Bacformer (AUC: 0.18)

T T
0.6 1.0

Recall

T
0.4

T T
0.4 0.6
Recall

Figure 11: Precision-Recall curves for all models for two specific train-test splits, in order to assess
model generalization across phyla. Models were either trained on only Bacteroidetes and tested on

all other phyla (left), or vice-versa (right).

28




this phylum. As mentioned in section 4, aside from the ordinary 5-fold cross-validation splits,
two additional Bacteroidetes vs non-Bacteroidetes train/test splits were created and models were
evaluated on experimental PULS using PR-curves and the associated AUPRC (see Figure 11). Models
trained on only Bacteroidetes PULs were overall less capable of generalizing to non- Bacteroidetes,
with the untrained-finetuned GeneCAT model achieving the best performance (AUPRC 0.26).
In contrast, models trained on PULs from non-Bacteroidetes could generalize to Bacteroidetes
fairly well, with GECCO achieving better performance compared to the 5-fold cross-validation
(AUPRC 0.52 vs 0.37). One possible explanation for this asymmetric generalization is that PULs
in Bacteroidetes have a much more conserved structure than PULs in other phyla, particularly
with respect to the canonical susC/susD pair. On the other hand, Gram-positive PULs (gpPULs)
require no mechanism to overcome the double membrane bilayer of Gram-negative species and
therefore lack susC homologs, instead using a variety of different transport mechanisms | ].
As a result, models trained exclusively on Bacteroidetes may learn to rely on a relatively narrow
set of highly predictive features that do not generalize well to other phyla, while models trained on
phylogenically more diverse non-Bacteroidetes data are also exposed to a more diverse set of PULs
and may therefore learn broader patterns that generalize better to Bacteroidetes.

Due to the nature of GECCO, it offers a clear and easy method to inspect the weights assigned
to each feature. To support the explanation above, we inspected the weights the model assigned
to susC- and susD-associated Pfam domains, averaged across the 5-fold cross-validation and for
the two separate Bacteroidetes splits (see Figure 12 and Supplementary Table 3 for the specific
Pfam domains). We see that GECCO assigns higher weights to susD-associated features, compared
to susC-associated features, with a more pronounced difference when the model is trained on
non- Bacteroidetes PULs.

To further explore the above hypothesis, we looked at the number of predicted PULs in Bacteroidetes
that contained susC/susD homologs and CAZy domains, for predictions made by either models
in the 5-fold cross-validation and or models trained on non-Bacteroidetes PULs (see Figure 13).
A discernible trend is that models predict less PULs with susC- or susD-homologs when learning
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Figure 12: Weights assigned by GECCO to susC- and susD-associated Pfam domains when trained
in 5-fold cross-validation, compared to when trained on only Bacteroidetes or non- Bacteroidetes

PULs.
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Figure 13: Proportions of predicted PULs containing susC/susD homologs and predicted PUL
genes with CAZy domains, for predictions made by models trained in the 5-fold cross-validation
and models trained on non-Bacteroidetes.

only from non-Bacteroidetes PULs, which is logical given the absence of this specific structure
in other phyla. Still, a substantial number of such PULs are predicted, which could be explained
by these genes co-localizing with CAZymes, or by the fact that susD homologs are often present
in gpPULs. GECCO even predicts slightly more PULs with susC/susD homologs, likely due to
the aforementioned increased weight assigned to susD domains (see Figure 12). In contrast, the
number of predicted PUL genes containing CAZy domains remains more consistent across models,
indicating that models learn to predict (partially) based on CAZymes regardless of phylum.

5.6 Newly Predicted Putative PULs

One advantage of supervised learning is the potential to guide the discovery of new PULs, particularly
in bacteria where existing rule-based methods cannot be used, such as bacteria of the Gram-positive
Firmicutes phylum (also called Bacillota). This phylum is one of the most dominant of the human
gut microbiota and its members are critical in metabolizing various polysaccharides in the gut
[ , |. To further demonstrate this point, we investigated putative novel PULSs that
were predicted in Firmicutes genomes with high confidence. In this section we discuss hand-picked
examples of such putative PULs from Roseburia and Blautia species commonly found in the human
gut microbiome, a Clostridium species used for biotechnological applications. We also include one
predicted Bacteroides PUL that PULpy failed to identify.

Figure 14 shows a region predicted as a PUL by both GECCO and GeneCAT in the Roseburia
intestinalis L1-82 genome, an abundant human gut microbe | |. Previous research on the
R. intestinalis 1.1-82 strain experimentally identified two gpPULs that are involved in metabolizing
f-mannans, a type of hemicelluloses from plant cell walls, common in human diets | ]. In
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a different R. intestinalis strain (XB6B4), Sheridan et al. identified 33 gpPULs through manual
curation, and two PULs in the L1-82 strain, with homology to these XB6B4 PULs, are explicitly
discussed in the context of arabinoxylan, xylan and pectin utilization [OSMI " 16]. A more recent
paper on R. intestinalis presents numerous manually curated gpPULs in the genome of the L.1-82
strain, but provides no experimental verification [MMS25]. To our knowledge, the PUL predicted
by our models (Figure 14) was not among the gpPULs annotated by the aforementioned papers.
Nevertheless, we are confident in this prediction, given the co-localization of CAZymes, transporter-
encoding genes and a transcriptional regulator. The PUL contains ten CAZymes, out of which nine
with GH domains and one CE, and an AraC family transcriptional regulator, a known binder of
L-arabinose in E-coli [Sch00]. Further upstream, there are two ABC-transporter-encoding genes,
which the models exclude from the PUL. Nevertheless, given the co-localization with CAZymes and
gpPULs often containing ABC-transporters, it is likely that these genes are part of the putative
PUL [BGB21]. Based on Cayman annotations, the potential substrates for the CAZymes in this
PUL are gums, pectins, glycoproteins and hemicelluloses [DI<G20].

An additional putative PUL was predicted by GECCO in the Blautia parvula genome (see Figure
15). Bacteria of the Blautia genus are commonly found in mammalian gut microbiomes and are
highlighted for potential probiotic functions [N G 21]. For the species B. parvula (NBRC 113351
strain), only a single PUL-like cluster had been experimentally characterized and recorded in
dbCAN-PUL, implicated in degrading DFA-III, a cyclic fructo-disaccharide [YHI<"24]. The PUL
predicted by GECCO contains three CAZymes of the GH2_13 family, which encode S-mannosidases.
The CAZymes are preceded by three genes related to ABC-transporters, further supporting this
prediction. While one of the transporter-related genes is excluded from the predicted PUL, the
location and function of this gene provide a strong indication that it is part of the cluster. The
predicted cluster also contains an aldo/keto reductase, possibly involved in catalyzing a reaction
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Figure 14: Putative PUL predicted by GECCO and GeneCAT in the Roseburia intestinalis genome,
without known experimental annotations.
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Blautia parvula strain NBRC 113351 chromosome, complete genome. (NZ_CP084061)
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Figure 15: Putative PUL predicted by GECCO in the Blautia parvula genome, without known
experimental annotations.

with one of the downstream products. GECCO also includes one gene encoding for a protein of
unknown function as part of the prediction, which is likely not part of the cluster, as the intergenic
distance from the last CAZyme (~400bp) is larger than the distance with the preceding CAZymes
(~20bp).

Both GECCO and GeneCAT predicted a putative PUL in the Clostridium bijerinckii genome,
a bacterial species with bio-industrial applications. C. biyjerinckiz has been historically used for
producing acetone and butanol in a process called acetone-butanol-ethanol (ABE) fermentation and
is being explored for biofuel production, particularly bio-butanol from biomass | , ]. To
our knowledge, the only experimentally verified PUL in this species was found to be responsible for
sucrose utilization, consisting of a phosphotransferase system (PTS) transporter, a transcriptional
repressor, an ATP-dependent fructokinase and a sucrose hydrolase | |. The predicted PUL is
composed of six CAZymes, a sigma-I transcription factor, a BglG family transcription antiterminator
(regulatory protein) and a PTS transporter (see Figure 16). The prediction also encompasses an
incomplete transposase and a hypothetical protein, both very short and likely irrelevant to the
cluster’s function. The presence of a PTS transporter in the experimentally verified sucrose utilization
operon is also in agreement with this predicted PUL.

In some cases, our models picked up potential PULs in Bacteroidetes that were not predicted by
PULpy: a total of 150 by the finetuned GeneCAT model and 67 by GECCO, all with varying
confidence. We picked an example of a putative PUL from Bacteroides fragilis YCHA46, predicted by
both GECCO and GeneCAT (see Figure 17). The predicted PUL contains two putative sulfatases in
addition to susC/susD homologs and multiple CAZymes. Sulfatases in gut microbes are commonly
associated with mucin-degradation, since mucins often contain heavily sulfated oligosaccharide side
chains. It is therefore plausible that this cluster encodes for a mucin utilization locus (MUL), a
term coined in 2023 to describe co-localized genes involved in the use of mucin | |. Further
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supporting this hypothesis, the three identified CAZy domains (GH36, CBM32 ad GH29) are all
involved in mucin degradation, based on Cayman annotations [DIXG " 26]. Moreover, a similar PUL
was predicted in another B. fragilis strain (NCTC 9343; see Supplementary Figure 5).

Clostridium beijerinckii strain NCIMB 14988 chremosome, complete
genome. (NZ_CP010086)
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Figure 16: Putative PUL predicted by GECCO and GeneCAT in the Clostridium bijenrinckii
genome, without known experimental annotations.
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Figure 17: Putative PUL predicted by GECCO and GeneCAT in the Bacteroides fragilis genome,
without known experimental annotations and not predicted by PULpy.
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5.7 Software Implementation

The full data curation, preprocessing, and modeling pipeline was implemented as a series of
Python scripts with additonal shell scripts managing job submission on the LUMC SHARK HPC
cluster. Following the procedures described in Section 4 these scripts handle data collection, contig
extension, deduplication, Cblaster-based annotation, GTDB-tk taxonomic annotation, gene/feature
annotation, and the train-test splits. Model training is handled separately for each model using
the same cross-validation cluster tables, with scripts for training GECCO, finetuning GeneCAT,
extracting embeddings from GeneCAT, ESMC and Bacformer, and subsequently training logistic
regression models on the embeddings. Evaluation and visualization were wrapped in a shared

interface across all models.

The full pipeline, including a README describing environment set-up and the intended execution
order, is stored in a private GitHub repository. Access can be granted upon request.
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6 Conclusions & Outlook

6.1 Conclusions

During this research, the main goal was to explore whether supervised machine learning techniques
can be effectively leveraged for the prediction of polysaccharide utilization loci. This section aims
to answer the research questions formulated in section 1, starting with the sub-questions RQ1-4
and concluding with the main research question.

RQ1: How can a binary classification dataset be constructed despite the incomplete
nature of experimental PUL annotations?

2

To handle the absence of confident negatives in our data, we introduced the term ”cryptic PULs
to refer to regions that might constitute PULs but lack experimental validation. We identified
cryptic PULs by using the existing prediction method PULpy and an additional homology-based
search. Cryptic PULs were then masked in training and handled separately in evaluation, instead
of being naively labeled as negatives. Our results show that this is an effective strategy to improve
model performance on experimental PULs. For the pretrained and finetuned GeneCAT model, the
AUPRC increased substantially, from 0.42 to 0.55. Furthermore, performance on predicting cryptic
PULs increased even more, from 0.34 to 0.64, showing that even without directly learning from
cryptic PULs, models are capable of learning the patterns based on which the rules were set for
PULpy.

RQ2: Does the inclusion of CAZy annotations as features improve performance for
models which utilize domain annotations?

Initial exploration showed that while CAZy and Pfam annotations mainly overlap, there are 1304
genes with only CAZy annotations, with 15.3% of these genes being in PULs. For GeneCAT in
both the zero-shot setting and finetuning, including CAZy domains in the feature representation
slightly boosted performance, from 0.41 to 0.44 and 0.52 to 0.55, respectively. GECCO showed
a small decrease in performance, from 0.37 to 0.36. This indicates that while Pfam annotations
are mostly sufficiently informative on their own, the addition of CAZy annotations can slightly
improve model performance.

RQ3: How do models with different architectures and genome representations compare
in the context of PUL prediction?

Models that learn from genomes represented as a sequence of functional domain annotations
(GECCO and GeneCAT) outperformed models that learn from other genome representations on
this task (ESMC and Bacformer), with the Transformer-based GeneCAT models outperforming the
classical ML CRF-based GECCO. ESMC and Bacformer, which respectively represent genomes
as protein sequences and pLM embeddings, were less successful in predicting PULs in a zero-shot
setting (AUPRC 0.18, 0.17). The information captured by these representations is possibly too
broad to be useful for classifying PULs. Two-dimensional UMAP projections of gene embeddings
generated by Bacformer corroborate this by showing discernible patterns and clusters, but none that
correspond to experimental or cryptic PULs. Finally, the effect of pretraining is not as substantial
as expected when finetuning GeneCAT: the pretrained model showed an AUPRC of 0.55 on
experimental PULs, compared to 0.48 by the untrained model. However, the finetuned untrained
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GeneCAT only marginally outperforms the zero-shot GeneCAT model (AUPRC 0.48 vs. 0.44),
despite being more computationally intensive to train (see Supplementary Table 4).

RQ4: Given that experimental work is mostly focused on Bacteroidetes, can models
generalize to other phyla?

We evaluated the models’ generalization capabilities by training and testing on one additional data
partition, where models were trained on only Bacteroidetes PULs and tested on non-Bacteroidetes,
and vice-versa. When trained on only Bacteroidetes PULs, models predict PULs in non- Bacteroidetes
with much lower accuracy across the board. However, the converse does not hold. Most models were
capable of learning patterns from non-Bacteroidetes PULs and generalizing them to Bacteroidetes
fairly well. Interestingly, GECCO generalizes best in this setting. By inspecting the model weights
for every Pfam domain, we observed that GECCO assigns much higher weights to susD domains
when trained on non-Bacteroidetes, potentially because gpPULs can contain susD homologs but
no susC homologs. By Comparing the functional composition of predicted PULs in Bacteroidetes
from this data partitioning with the 5-fold cross-validation, we observed that all models except for
GECCO predict less PULs with susC/susD domains when trained on non-Bacteroidetes. We also
see that all models continue to rely on CAZymes to predict PULs, as these are consistently present
across predicted PULs in both settings.

Main RQ: How effective are machine learning techniques for predicting polysaccharide
utilization loci?

To conclude, the results show that ML is a viable approach for PUL prediction. Although none of the
evaluated models manage to achieve very high accuracies, this should be considered in the context
of limited training data and the incomplete nature of experimental annotations. Model performance
improved substantially after accounting for uncertain negatives in training, indicating the importance
of constructing a robust and complete dataset for training and evaluation. Among the evaluated
approaches, models learning from functional domain-based genome representations consistently
achieved the best performance, with the Transformer-based GeneCAT model outperforming the
evaluated classical machine learning method GECCO and the protein sequence-based foundation
models ESMC and Bacformer in a zero-shot setting. Finally, as several models identified putative
PULs in diverse Gram-positive bacteria that currently lack experimental annotations, we show that
ML is effective as a guiding tool for biological discovery and hypothesis generation.

6.2 Limitations

Despite the promising results presented in this thesis, several limitations should be considered.
First and foremost, despite our efforts to curate a robust dataset, the quality of the data and the
incomplete nature of experimental annotations still form the main limitations of this study. Even
though the best performing models were overall capable of predicting PULs and even identifying
novel putative PULs, predictive performance remained moderate, reaching at best an AUPRC score
of 0.55 on experimental PULs and 0.64 on cryptic PULs.

Additional limitations are related to the models we trained. In the comparisons with GeneCAT
and GECCO, we evaluated the models ESMC and Bacformer exclusively in a zero-shot setting.
While this provides insight into the applicability of the learned representations for this task, it
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does not fully represent the capabilities of these models, and end-to-end finetuning may result in
improved performance. On a similar note, all zero-shot evaluations were performed with logistic
regression on gene embeddings, while it is possible that more complex methods, such as support
vector machines or multilayer perceptrons, may be able to capture additional non-linear structures
in the embedding space and thereby improve performance.

Another general limitation of this study is that evaluation was performed primarily at the gene level.
Since PULs are gene clusters, gene-level performance does not necessarily translate to accurate
identification of complete clusters. Indeed, the results show that many models tended to produce
fragmented predictions, identifying only subsets of genes within known PULs.

Finally, while the applicability of ML for PUL prediction was explored and evaluated, we did
not produce a fully robust PUL annotation framework. We show that our models are capable of
identifying PUL-associated genes to a certain degree, but no dedicated pipeline was developed to
reconstruct and validate full-length PULSs from these predictions.

6.3 Future Work

Building upon the results and limitations of this thesis, several directions for future research can
be identified. First, finetuning Bacformer on PUL prediction datasets may improve performance
compared to the evaluated zero-shot approach, providing a better comparison with GeneCAT.
Similarly, a follow-up project could explore using non-linear classifiers such as multilayer perceptrons,
instead of only relying on logistic regression in a zero-shot setting. We could also test a variety
of other gl.Ms for this task and eventually develop this PUL prediction setting into a more
comprehensive benchmark for such models.

As we previously observed that GECCO predicted less fragmented PULs (Figure 8d), possibly
due to using a conditional random field (CRF), we could explore combining GeneCAT with a
CRF-based layer, to potentially improve cluster-level predictions and reduce fragmentation. To
properly test these additions, we should address the aforementioned limitation regarding gene-level
evaluation and extend our evaluation framework to the cluster level. For example, we could look
at the extent of overlap between experimental and predicted PULs, in a manner similar to the
”segment overlap” metric proposed in the GECCO pre-print | |.

More broadly, the application of explainable Al techniques may provide insight into the biological
motivations behind predictions and improve interpretability for Transformer-based models | ).
In addition, positive-unlabeled learning approaches could offer an alternative solution to the challenge
of accurately defining negative examples, by explicitly accounting for uncertainty in the negative
class | ]. Another approach to handle this issue is extending the set of cryptic PULs with
CAZyme-containing Gene Clusters (CGCs) found by the CGC-finder tool, which would help us
identify more cryptic PULs in non-Bacteroidetes | ]. With that, we could also explore
different training procedures regarding cryptic PULs, such as labeling them as positives.

Finally, we could apply these models to other gut bacteria with poorly characterized PULs, and
possibly even archaea, where PUL-like systems remain largely unexplored. This could allow us to
discover additional putative PULs and help guide future experimental validation efforts.
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A Supplementary Tables

Supplementary Table 1: Manual curation steps applied to resolve inconsistencies in PUL annotations

and genome identifiers across databases.

Action Database Description Accession / Identifier
Added dbCAN-  One PUL-containing genome was  Ga0139390_150
manually PUL downloaded separately from JGI
due to missing an entry in NCBI
nucleotide.
Split into dbCAN-  Two PULs spanning multiple ADWO01000021.1,
separate  PUL contigs were mapped to a complete ADWO01000020.1 — CP091800
PULs genome using BLAST. Although

initially appearing connected, they
corresponded to distinct loci in the
full genome and were split into two
PULs.

Removed PULDB  Entries were removed due to
missing sequence identifiers and
lack of availability in public
repositories or author-provided

data.
Identifier PULDB  Contigs with missing identifiers
recovery were recovered by cross-referencing
the original publication
{l ]) and replaced with

correct genome accessions.

SEQ15336-1, SEQ15336-2_ori,
Contig5_1.7083079

FG27DRAFT _unitig_0_quiver_dupTrim_7536
— NZ_JQNQO01000001

P164DRAFT _scf7180000000008_quiver

— JPOLO01000002

P164DRAFT _scf7180000000009_quiver

— JPOL01000003

Supplementary Table 2: Overview of raw data counts, showing the number of sequences and PULs
extracted from each database, before any additional curation and preprocessing steps.

Total dbCAN-PUL PULDB
Genomes/contigs 414 370 44
PULs 991 633 358
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Supplementary Table 3: Domain identifier and names of Pfam domains associated with susC- and
susD-like proteins.

Protein Pfam domain Domain name

susC PF00593 TonB dependent receptor-like, beta-barrel

susC PFO7715 TonB-dependent Receptor Plug Domain

susD PF07980 susD family

susD PF12741 Susd and RagB outer membrane lipoprotein
susD PF12771 Starch-binding associating with outer membrane
susD PF14322 Starch-binding associating with outer membrane

Supplementary Table 4: Performance and training duration of all tested model and feature com-
binations. Performance is evaluated using AUPRC and training duration is estimated per fold.
For zero-shot models, both embeddings generation and logistic regression training are taken into
account, but not pretraining.

Model (feature set, masking) AUPRC Training duration
GECCO (Pfam) 0.37 5-10 mins
GECCO (Pfam+CAZy) 0.36 5-10 mins
GeneCAT zero-shot (Pfam) 0.35 1.2-1.5h
GeneCAT zero-shot (Pfam+CAZy) 0.38 1.2-1.5h
GeneCAT zero-shot (Pfam, masked) 0.41 1.2-1.5h
GeneCAT zero-shot (Pfam+CAZy, masked) 0.44 1.2-1.5h
GeneCAT pretrained-finetuned (Pfam) 0.41 4.5-Th
GeneCAT pretrained-finetuned (Pfam+CAZy) 0.42 4.5-Th
GeneCAT pretrained-finetuned (Pfam, masked) 0.52 4.5-Th
GeneCAT pretrained-finetuned (Pfam+CAZy, masked) 0.55 4.5-Th
GeneCAT untrained-finetuned (Pfam+CAZy, masked)  0.48 4.5-7h
ESM Cambrian 0.15 2.5-3h
ESM Cambrian (masked) 0.18 2.5-3h
Bacformer 0.17 3-3.5h
Bacformer (masked) 0.19 3-3.5h
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B Supplementary Figures
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Supplementary Figure 1: Graphical overview of transfer learning with GeneCAT. Left: pre-training
with self-supervised learning. Right: Fine-tuning on a binary classification task.
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Supplementary Figure 2: Screenshot of Literature-Derived PUL 4 from PULDB.
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Supplementary Figure 3: Taxonomic distributions of literature-derived PULs in the dataset, based
on GTDB annotations.
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Supplementary Figure 4: UMAP projections of ESM Cambrian and Bacformer Large gene embed-
dings, colored by taxonomic rank. Taxa containing less than 5000 gene embeddings were grouped
together as ”Other”.
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Bacteroides fragilis NCTC 9343, complete genome. (CR626927)

putative sulfatase Similar
to Prevotella sp. RS2 ...
conserved hypothetical
protein Similar to Bactero...
possible alpha-galactosidase
C-terminus is simila...

CAZy family - -

genecat_finetuned_cazy_masked

conserved hypothetical
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putative outer membrane
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Experimental PULs «‘ |
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Supplementary Figure 5: Putative PUL predicted by GECCO and GeneCAT in the Bacteroides
fragilis NCTC 9343 genome, without known experimental annotations and not predicted by PULpy.
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