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Abstract. O-GlcNAcylation is a post-translational modification (PTM) that
involves the covalent bonding of an N-acetylglucosamine (GlcNAc) molecule
to serine or threonine amino acid residues in nuclear and cytoplasmic
proteins. PTMs dysregulation has been implicated in a wide range of diseases,
including cancer, metabolic syndromes, and neurodegenerative disorders.
Precise mapping of O-GIcNAc sites is essential for advancing both
fundamental understanding and the development of targeted therapeutics.
However, their detection remains challenging, which has motivated the
development of computational tools to predict these sites with greater
accuracy. In this study, we used Protein Language Models (PLMs) to address
the challenge of predicting protein residues that are O-GlcNAc modification
sites. To evaluate our method, we collected data from the O-GIlcNAc Atlas. Our
results indicate that our model outperformed competitors in all datasets
evaluated. We believe the approach presented here can benefit scientists
working on any subject where protein post-translational modifications play a
role.

Keywords: O-GlcNAcylation, Machine Learning, Protein Language Models,
Embeddings.

1. Introduction

Proteins are essential macromolecules that perform a vast array of biological functions,
ranging from enzymatic catalysis and structural support to signal transduction and
molecular transport [Morris et al. 2022]. Understanding protein behavior is crucial for
deciphering biological mechanisms at the molecular level and for advancing research in
fields such as biology, biotechnology, and medicine [Stollar and Smith 2020].

Among the mechanisms that regulate protein function, post-translational
modifications (PTMs) are chemical alterations that occur after protein synthesis, playing
a fundamental role in expanding the functional diversity of the proteome [Spoel 2018].
By modulating protein structure, localization, stability, and interactions, PTMs regulate
multiple aspects of cellular physiology. Dysregulation of PTMs has been implicated in a
wide range of diseases, including cancer [Singh et al. 2020], neurodegenerative
disorders [Stollar and Smith 2020], and metabolic syndromes [Yang et al. 2023],
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highlighting their essential role in maintaining cellular homeostasis. One example of a
post-translational modification is O-linked B-N-acetylglucosamine (O-GlcNAc).

O-GIcNAcylation involves the covalent bonding of an N-acetylglucosamine
(GIcNAc) molecule to serine or threonine amino acid residues in nuclear and
cytoplasmic proteins [Yang and Qian 2017]. Unlike other glycosylation forms that
produce extended glycan chains, O-GIcNAcylation resembles phosphorylation in
function, regulating critical cellular processes such as transcriptional control and signal
transduction [Yang et al. 2020; Yang and Qian 2017]. The modification is catalyzed by
O-GIcNAc transferase (OGT) and removed by O-GlcNAcase (OGA) (Figure 1), thereby
serving as a sensitive regulator of cellular status responses [Yang et al. 2020].
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Figure 1. Role of O-GIcNAc transferase (OGT) and O-GlcNAcase (OGA) enzymes in the
O-GicNAcylation process. Figure generated using ChimeraX [Meng et al. 2023].

Aberrant O-GlcNAcylation has been implicated in a spectrum of pathologies,
including diabetes mellitus, oncogenesis, and neurodegenerative diseases [Hart et al.
2007; Slawson and Hart 2011; Smet-Nocca et al. 2011]. For example, in Alzheimer’s
disease, O-GlcNAcylation at serine 400 of the Tau protein diminishes phosphorylation
at serine 404, disrupting the sequential phosphorylation cascade mediated by GSK3f3
and highlighting OGA inhibition as a promising therapeutic approach [Smet-Nocca et
al. 2011]. Furthermore, in metabolic disorders such as diabetes, O-GIcNAcylation of the
coactivator PGC-1a at serine 333 confers protection against ubiquitin-mediated
proteasomal degradation, suggesting novel intervention strategies [Ruan et al. 2012].

Precise mapping of O-GIcNAc sites is therefore essential for advancing both
fundamental understanding and the development of targeted therapeutics [Zhang et al.
2024]. Advances in high-throughput techniques, such as mass spectrometry proteomics,
have led to the identification of specific O-GlcNAcylation sites in proteins [Zhang et al.
2024; Seber and Braatz 2024]. However, their detection remains challenging, which has
motivated the development of computational tools to predict these sites with greater
accuracy [Khalid et al. 2024].



In recent years, Large language models (LLMs) have significantly advanced not
only the field of Natural Language Processing but also numerous other scientific
disciplines [Zhao et al. 2023]. An LLM is a machine learning model trained on immense
volumes of text data, allowing it to learn the intricate patterns, context, and relationships
inherent in human language. The key innovation enabling this is the Transformer
architecture, which captures contextual relationships between elements in a sequence
using attention mechanisms [Vaswani et al. 2017]. By training on massive text corpora,
models like BERT [Devlin et al. 2019], GPT [Radford et al. 2018; Radford et al. 2019;
Brown et al. 2020], and their successors learn to assign each element in a sequence a
vector representation, known as an embedding, which captures both semantic and
syntactic information. These embeddings serve as compact, information-rich inputs for
downstream models in a wide range of tasks.

This same idea has been extended to biological data, particularly protein
sequences, through the development of Protein Language Models (PLMs). In this
context, amino acid residues are treated analogously to words, and protein sequences are
modeled as sentences. These models are trained on massive databases containing
hundreds of millions of amino acid sequences, learning to generate embeddings that
capture structural, functional, and evolutionary signals from sequence alone.

Among the most prominent models in this domain is the Evolutionary Scale
Modeling (ESM) family, developed by Meta Al [Lin et al. 2023]. The ESM-2, the
second version of this family of models, was trained on the large protein sequence
database UniRef50 [Suzek et al. 2015] and produces residue-level embeddings that
capture rich biochemical and evolutionary context. These learned representations have
been successfully applied to various prediction tasks, including secondary structure
inference, contact map estimation, and the analysis of mutation effects.

A key strength of Protein Language Models is their ability to make accurate
predictions without relying on multiple sequence alignments (MSAs), which are often
computationally expensive and not always available. As noted by [Weissenow and Rost
2025], models like ESM learn the “language” of proteins, providing a general-purpose,
alignment-free framework for modeling protein behavior. Because of the depth of
information encoded in their embeddings, even simple classifiers, such as multi-layer
perceptrons (MLPs), can achieve competitive results, making this a practical and
scalable solution for many bioinformatics problems.

Several computational tools have been developed to predict O-GIcNAc
modification sites using a range of machine learning algorithms, including
DeepO-GIcNAc [Zhang et al. 2024], O-GIcNAcPRED-DL [Hu et al. 2023], and
LM-OGIcNAc-Site [Pokharel et al. 2023], the model by [Khalid et al. 2024], among
others. Early models primarily relied on manually curated features derived from the
protein sequence, including amino acid composition, sequence motifs, and
physicochemical properties. More recent approaches have incorporated position-specific
scoring matrices (PSSMs) or leveraged deep learning architectures to improve
prediction performance. However, many of these methods depend on multiple sequence
alignments (MSAs) or external structural annotations, which may hinder their scalability
and general applicability.



We note that the work of [Khalid et al. 2024] used ESM2 embeddings, however
their approach had two key limitations: they restricted their model to sequences between
500 and 800 residues, and they used a tokenization that encodes Serine and Threonine
as ‘G’ and all other amino acids as ‘N’, this approach significantly reduces the valuable
contextual information of the protein sequence. In [Pokharel et al. 2023] the authors
used embeddings from multiple protein language models: Ankh [Elnaggar et al. 2023],
ProtT5 [Heinzinger et al. 2024] and ESM2, having embeddings dimensions of 1536,
2560 and 1024, respectively, totalling an input entry of dimension 5120. These
embeddings were processed by three fully connected neural networks that together have
~2.9 million parameters. The use of such a large number of parameters can make the
model prone to overfitting, where it may memorize the training data rather than learning
generalizable patterns.

In this work, we leverage the power of PLMs embeddings to address the
challenge of predicting protein residues that are sites of O-GlcNAc modification. Using
as input the embeddings from the smallest model of the ESM2 family, which have
dimension 320, we achieve a strong performance in predicting O-GIcNAc sites across
various eukaryotic species. Our model uses only ~5.8 thousand parameters and the only
restriction is that the input protein sequences must have a maximum length of 1022
residues.

2. Materials and methods

Figure 2 presents an overview of the methodology adopted in this work. Initially, we
collected and balanced the dataset, separating it into training (80%), testing (10%), and
validation (10%) sets. We then built a neural network model, evaluated it, and finally
compared it with similar methods. Details of the procedures adopted will be presented
in the following sections.
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Figure 2. Method overview.



2.1 Data collection

We collected 14,869 O-GIcNAc sites (positive entries) from the O-GIcNAc Atlas [Hou
et al. 2025]. The other 14,869 entries were randomly selected from other serine or

threonine residues in the sequences of the positive entries to serve as negative controls
(for a final dataset of n=29,738).

O-GIcNAc Atlas is a curated database of experimentally verified O-GIcNAc
sites. The database, last updated on December 17, 2024, contains over 8,000 proteins,
including more than 4,000 human proteins. It is divided into unambiguously identified
sites and ambiguously identified O-GlcNAc sites, comprising 37,551 and 12,629 sites,
respectively. We chose the unambiguously identified sites as our dataset to ensure data
reliability and minimize the inclusion of potential false positives.

The database originally consisted of 37,098 entries, each one corresponding to
an experimentally observed O-GlcNAc modification site on a serine or threonine residue
within a protein. Each entry had a UniProt Accession [The UniProt Consortium 2023]
or an MSU ID. The origin of the MSU ID, even after consulting the database's
associated publication, could not be ascertained. To ensure data quality and traceability,
only entries with a UniProt Accession were kept.

The curation process involved verifying whether the reported O-GIcNAc
position in each entry corresponded to a serine or threonine residue in the associated
UniProt sequence. Entries were excluded due to missing UniProt accession numbers
(5,256), non-numerical O-GlcNAc positions (47), positions exceeding the protein length
(104), positions not corresponding to serine or threonine (3,659), and mismatches
between the expected and actual residue at the indicated position (995). After this
filtering, 30,696 valid entries remained.

Given the length limitation of 1,022 amino acids of the ESM2 model [Lin et al.
2023], proteins exceeding this length were excluded, leaving 14,869 entries in the
database. Subsequently, for each protein sequence in the database, the experimentally
identified O-GIcNAc sites were designated as positive examples. Other serine or
threonine residues present in the sequences were designated as negative examples. This
labeling revealed an imbalance, as only 4.7% of serine/threonine residues were
identified as O-GIcNAc sites, resulting in a database with 14,869 positive examples and
301,794 negative examples. To address this imbalance, a random subset of 14,869
negative entries was selected. We kept the same number of positive and negative
examples for each species, whenever possible. Thus, the final dataset consisted of
29,738 entries, having an equal number of positive and negative examples. This dataset
was randomly partitioned into training, validation, and test datasets, with sizes of 80%,
10%, and 10%, respectively. The balance between positive and negative samples for
each species was preserved in all datasets, whenever possible.

2.2 Model construction

We built a neural network model to predict O-GIcNAc sites using ESM2 embeddings.
The ESM2 embeddings are high-dimensional vector representations of protein
sequences generated by the Evolutionary Scale Modeling 2 model [Lin et al. 2023], a
family of large protein language models built upon the Transformer architecture. These



models are trained on the large unannotated protein sequence database UniRef50 [Suzek
et al. 2015] using a masked language modeling objective, that is, the model learns to
predict masked amino acids based on the other amino acids of the sequence. The
resulting embeddings, available per amino acid, are information-rich encodings of the
protein, including structure and function. For this study, we selected the smallest model
of the ESM2 family to avoid overfitting, since the larger models have embeddings of
larger dimensions. This model has 8 million parameters distributed along six layers. For
each amino acid of a protein sequence, this model creates a 320-dimensional
representation. These representations will be used as the input for our model.

For downstream classification tasks utilizing protein language models, three
primary strategies are commonly employed: full fine-tuning coupled with a
classification head, parameter-efficient fine-tuning (PEFT) coupled with a classification
head, or simply using the pre-trained language model as a fixed feature extractor by
freezing its parameters and training only a classification head. The last approach is
undoubtedly the simpler and quicker way of dealing with protein embeddings while
yielding strong results, commonly surpassing the other methods [Sledzieski et al. 2024].
This balance between performance and computational efficiency justified our selection
of this method.

Our model consists of a fully connected neural network, with an input layer of
320 neurons, a hidden layer of 18 neurons, and an output layer of one neuron. The first
layer dimension was defined by the dimension of the input, the ESM2 embeddings, and
the last layer dimension was determined by the nature of the expected output, a single
number between 0 and 1, that can be interpreted as the confidence of the model that this
particular residue is an O-GIcNAc site. The hidden layer size was chosen to be the
geometric mean of the input size and output size, a simple way to select an intermediate
size between these two values.

The model was implemented in PyTorch with a training batch size of 32. The
Adam optimizer was used with a learning rate of 10~ for 25 epochs, 10 for the next 25
epochs, and 107 for the final 25 epochs, for a total of 75 epochs. Binary Cross Entropy
Loss was employed. To discourage overfitting, dropout with a rate of 0.5 was applied on
the hidden layer. While the training and validation losses appeared to stabilize in later
epochs, the model parameters from epoch 47, corresponding to the lowest validation
loss, were chosen as the final model. The model performance was assessed by the
accuracy, precision, recall, and F1-score.

3. Results and discussion

The model proposed in this study achieved an accuracy of ~76% in O-GIlcNAc site
prediction tests (Table 1). Additionally, the model demonstrated the capability for
generalization, as evidenced by only a minor reduction in evaluation metrics (Table 1)
when applied to unseen data, specifically the testing and validation datasets. These
metrics indicate the model's ability to identify O-GlcNAc sites, including novel sites that
have not been experimentally validated yet.

Table 1. Prediction results

Accuracy Precision Recall F1-score




Training 78.82% 80.46% 76.11% 78.23%
Validation 76.91% 77.41% 76.01% 76.70%
Testing 76.06% 77.66% 73.17% 75.35%

Among the five most represented species in the database: human (60%), mouse
(25.2%), rat (4.1%), yeast (3.7%), and wheat (3.1%), we found that a larger number of
database entries corresponds to a higher accuracy on the testing dataset (Figure 3). This
finding is consistent with the principles of machine learning, where model performance
is expected to improve with the use of more training data.
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Figure 3. Accuracy of the model in the test dataset, expressed as a percentage, for the
species with the most entries.

For a more detailed analysis, we selected the five species with the highest
number of entries in our database (Figure 4). We observed a higher number of predicted
new O-GIcNAc sites in rat and mouse species. We hypothesize this due to the close
phylogenetic proximity between these species, facilitating the transfer of O-GlcNAc
sites knowledge within the model. Conversely, the smallest number of predicted
discoveries was for wheat and yeast, which aligns with the fact that plant entries
comprise no more than 6% and fungal entries no more than 4% of the total entries in the
database.
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Figure 4. Percentage of Predicted Discoveries by Species and Probability Level.

We also generated lists of putative new O-GIcNAc sites using various probability
cutoffs derived from our model. Specifically, we identified 69,798 new entries with a
probability of 0.5 or higher, 4,551 entries with a probability of 0.9 or higher, 1,661
entries with a probability of 0.95 or higher, and 122 entries with a probability of 0.99 or
higher. These lists can be found in the supplementary material. In Figure 5
experimentally verified and predicted O-GIcNAc sites are shown on the structure of
three proteins selected as examples.

The proteins with the highest absolute number of predicted new O-GIcNAc sites,
under a probability cutoff of 0.9, were the NUP58 for both human and mouse, with 41
and 40 newly identified post-translational modification sites, respectively. This protein,
also known as Nucleoporin 58, is a component of the nuclear pore complex (NPC) and
has a molecular mass of 58 kDa. All the molecules that enter or exit the nucleus must
either diffuse through or be actively transported by the NPC [Hartono et al. 2019].

Among the proteins with the highest relative number of predicted O-GlcNAc
sites, under a probability cutoff of 0.9, there is the Gamma-synuclein for mouse and rat,
where at least half of their serine/threonine residues were identified as new O-GIcNAc
sites. The normal cellular function of Gamma-synunclein remains unknown. Yet, it is
known that it is predominantly located in the peripheral nervous system and retina
[George 2001], it is a marker for breast cancer progression [Bruening et al. 2000], and
changes in its expression in the retina of Alzheimer’s patients have been observed
[George 2001].
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Figure 5. Left: PDB Structure 1XQ8 of Human Micelle-Bound Alpha-Synuclein.
Center: PDB Structure 7CK6 of Human Protein Translocase of Mitochondria.
Right: PDB Structure 3CI9 of Human HSBP1. In all protein structures, serine and
threonine residues are colored accordingly: experimentally verified sites of
0O-GlcNAc are pink, predicted by our model are colored blue, and others are
colored green.

3.1 Comparison to other tools

We compared our model with other available prediction tools using our testing dataset.
It is crucial to note that no entries in the testing dataset were used for training or
validation of our model, although they could have been used for these purposes in other
models.

During our evaluation, YinOYang [Gupta 2001], DeepO-GIcNAc [Zhang et al.
2024] and LM-OGIcNAc-Site [Pokharel et al. 2023] servers were all inaccessible or
unresponsive, while [Khalid et al. 2024] does not provide a server or other means of
accessing their model. Consequently, O-GIcNAcPRED-DL [Hu et al. 2024] was the
only available model for direct comparison. Since O-GlcNAcPRED-DL only accepts
human or mouse sequences, we manually submitted the sequences of these organisms
present in our testing dataset through their web server (https://oglcnac.org/pred_dl/).

Our model showed superior performance in both cases (Table 2). For human
sequences, our model achieved an accuracy of 76.97%, compared to 67.78% for the
O-GIcNACPRED-DL model. Similarly, for mouse sequences, our model achieved an
accuracy of 76.49%, while their model achieved an accuracy of 68.28%. We highlight
that our model was trained not only for human and mouse sequences, but also for
several other species.

Table 2. Comparison to other tools



Human Mouse
Model
Accuracy Precision Recall Accuracy Precision Recall
This study. 76.97% 75.98% 73.12% 76.49% 73.68% 77.78%
O-GIcNAcP 67.78% 62.75% 73.86% 68.28% 63.14% 78.17%
RED-DL

4. Conclusion

In this study, we presented a deep learning model for predicting O-GIcNAc sites, a
crucial post-translational modification involved in fundamental aspects of cellular
biology. We compared it with available models built for the same purpose and obtained
superior results, demonstrating improved accuracy in identifying these sites (accuracy of
~T7%, compared to ~68% obtained by our competitor). Additionally, our model was
built upon the embeddings of a protein language model, which, through training on
extensive sequence data, can implicitly encode evolutionary information in a
high-dimensional vector representation of protein residues. These information-rich
representations allow downstream lightweight models to be strong, impactful tools. We
believe this approach can benefit scientists working on any subject where protein
post-translational modifications play a role. In future work, we intend to develop
user-friendly web interfaces for predicting O-GIlcNAc sites in proteins. It is important to
emphasize that while the results presented here require experimental validation, they
represent a promising alternative for in silico detection of O-GlcNAc sites. Additionally,
they may have the potential to advance many areas of molecular biology and
biomedicine, including the understanding of important diseases.
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