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Abstract

Post-translational modifications (PTMs) are pivotal in modulating protein function and cellular pro-
cesses. However, experimental identification of PTM sites remains costly and labor-intensive. Recent
advances in artificial intelligence (AI) have empowered accurate and scalable in silico PTM site pre-
diction from large-scale proteomic data. In this review, we provide a comprehensive and up-to-date
overview of Al-driven PTM site prediction across more than ten PTM classes, covering single-PTM
site prediction, multiple-PTM site prediction, inter-site crosstalk prediction, and functional prediction
of modification sites. We systematically analyze and compare key Al frameworks, from conventional
machine learning to deep learning, and summarize representative tools. We also identify key chal-
lenges and propose future directions for improvement. To foster application and ongoing progress, we
provide practical guidelines for method selection and have established a dedicated website, which
serves as a community benchmarking resource for the development of PTM site prediction tools. This
website will be regularly updated with emerging prediction tools. By integrating comprehensive
literature analysis with a dynamic online resource, we aim to provide a robust cornerstone for under-
standing current capabilities and guiding the future development of PTM site prediction tools, thereby
promoting the integration of Al into practical biomedical research applications.

Keywords: post-translational modification; artificial intelligence; machine learning; deep learning;
proteomics
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1. Introduction

Proteins are the cornerstone of cellular function, driving nearly all cellular activities. Post-
translational modification (PTM) refers to the addition of functional groups to specific amino acid
residues within a protein, which can alter protein structure, stability, and interactions, expanding
the functional proteome beyond the information encoded by the genetic sequence [1]. The earliest
discovery of PTM dates back to 1906, when Levene and Alsberg identified phosphate in the protein
vitellin [2]. In 1932, phosphoserine was identified in vitellin, followed by the successive discovery of
various distinct PTMs, including methylation, acetylation, and ubiquitination [3-5]. Over the decades,
great progress has been made in unraveling the regulatory roles and functional implications of PTMs,
guiding the exploration of protein regulation and cellular function at the molecular level.

PTMs can act as dynamic regulatory switches that maintain cellular homeostasis, influencing di-
verse biological processes such as signal transduction, gene regulation, and protein degradation [1,6,7].
They play a critical role in both health and disease and are increasingly recognized as valuable
biomarkers and therapeutic targets. Traditional methods for PTM identification, such as enzyme-
linked immunosorbent assay (ELISA) and Western blot (WB), rely on modification-specific antibodies
and are limited by low sensitivity and poor coverage of unknown modification sites [8]. In contrast,
MS enables high sensitivity and high throughput identification of multiple PTM types in a single
experiment, supporting comprehensive characterization of large-scale PTM landscapes [9,10]. MS is
the gold standard for PTM identification and a primary source for PTM databases. However, MS-based
approaches remain time-consuming and costly. To overcome these limitations, statistical methods were
developed to predict PTM sites based on sequence similarity and conserved motifs [11]. Although
these approaches marked important advances, their limited adaptability and scalability restrict perfor-
mance across diverse proteomic contexts, highlighting the continued need for rapid, cost-effective,
and scalable PTM identification strategies.

Artificial intelligence (Al) has emerged as a powerful approach for PIM site prediction by learn-
ing complex patterns from large-scale datasets and enabling flexible prediction of PTM sites beyond
conventional computational methods. Al-driven PTM site prediction has advanced rapidly, with
continuous breakthroughs enhancing its accuracy and expanding its applications. Early machine
learning-based tools, such as Musite, employed support vector machines (S§VMs) to predict phospho-
rylation sites, demonstrating the feasibility of PTM site prediction beyond simple local sequence simi-
larities [12]. The introduction of deep learning marked a major advance, with MusiteDeep leveraging
convolutional neural networks (CNNSs) to significantly improve prediction accuracy and efficiency [13].
More recently, transformer-based models, exemplified by TransPhos, enabled context-aware modeling
of long-range sequence dependencies, further enhancing PTM site prediction performance [14]. In
parallel, multi-label predictors such as iPTM-mLys expanded the scope of PTM prediction by enabling
simultaneous identification of multiple modification types at the same site [15]. Such Al models have
progressively refined PTM site prediction, facilitating robust large-scale proteomic analyses.

In this review, we summarize the recent advances in Al-driven PTM research with a focus on the
commonly studied PTM types. We place special emphasis on the use of Al for PTM site prediction,
including single- and multiple-PTM site predictions, and we review the use of Al in PTM crosstalk and
functional prediction. We also discuss the current challenges in PTM site predictions, propose future
improvements, and provide a method selection guideline to facilitate appropriate tool application. In
addition, we have developed an interactive website! to track and update research articles on Al-based
PTM site prediction models.

We aim to provide a comprehensive resource for researchers and facilitate the utilization of Al
technologies in PTM research to support the development of more effective and targeted therapeutic
strategies.

1 Companion website: https:/ /cerulean-melomakarona-91047f.netlify.app /. For brevity, its contents are not reiterated below.
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2. Overview of Post-Translational Modifications
2.1. Types of Post-Translational Modifications

PTMs are often reversible, enzyme-mediated modifications of proteins, although irreversible and
non-enzymatic modifications also occur naturally. More than 650 PTM types have been identified
so far [16]. Phosphorylation [17], acetylation [18], methylation [19], glycosylation [20], ubiquitina-
tion [21], SUMOylation [22], succinylation [23], and crotonylation [24] are frequently studied PTMs
due to their critical roles in cellular regulation (Figure 1). In addition, emerging PTMs such as lactyla-
tion [25], malonylation [26], and neddylation [27] are increasingly recognized as important regulators
of cellular functions.
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Figure 1. Schematic illustration of eight common types of PTMs. a. Phosphorylation. ATP serves as the
phosphate donor, and its phosphate group is transferred to serine, threonine, and tyrosine residues on the target
peptide, mediated by kinases. b. Acetylation. The acetyl group (CH3CO-) from acetyl-CoA is transferred to
lysine residues or the N-termini of the peptides, mediated by KATs and NATSs, respectively. c. Methylation.
Methyl groups (CHj3-) from the donor SAM are transferred to lysine or arginine residues, mediated by protein
methyltransferases. Lysine residues can be mono-, di-, or tri-methylated, while arginine residues undergo mono-
or di-methylation. d. Glycosylation. Glycans are attached to asparagine (N-linked) or serine/threonine (O-
linked) residues, mediated by glycosyltransferases. e. Ubiquitination. A 76-amino acid protein, ubiquitin, is
attached to lysine residues of a substrate protein via its C-terminal glycine, sequentially catalyzed by the ubiquitin-
activating enzyme (E1), the ubiquitin-conjugating enzyme (E2), and the ubiquitin ligase (E3). f. SUMOylation.
A SUMO protein is attached to the lysine residues of the substrate protein under the catalysis of the SUMO-
activating enzyme (E1), the SUMO-conjugating enzyme (E2), and the SUMO ligase (E3). g.Succinylation. The
succinyl group (-CO-CH,-CH,-CO-) from succinyl-CoA is transferred to lysine residues, regulated by SIRT
proteins. h.Crotonylation. The crotonyl group (CH3-CH=CH-CO-) from crotonyl-CoA is transferred to lysine
residues, mediated by KCTs. PTM, post-translational modification; ATP, adenosine triphosphate; KAT, lysine
acetyltransferase; NAT, N-terminal acetyltransferase; SAM, S-adenosylmethionine; SUMO, small ubiquitin-
related modifier; SIRT, silent information regulator; KCT, lysine crotonyltransferase. This figure was created
with BioRender.

At the protein level, PTMs regulate conformational dynamics, subcellular localization, and
protein—protein interactions, thereby coordinating key cellular processes such as cell cycle progression,
metabolism, and apoptosis. Dysregulated PTMs contribute to numerous diseases. For example, tau
hyperphosphorylation promotes protein aggregation in Alzheimer’s disease [28], while lactylation
of ABCF1 at Lys430 has been reported to drive hepatocellular carcinoma progression [29]. These

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.


https://doi.org/10.20944/preprints202603.2316.v1
http://creativecommons.org/licenses/by/4.0/

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 31 March 2026

d0i:10.20944/preprints202603.2316.v1

40f28

findings highlight the importance of accurate, site-specific PTM identification for elucidating molecular
mechanisms and advancing early diagnosis and precision medicine.

2.2. PTM Databases

PTM databases typically serve as the basis for training PTM site prediction models. Based on the
gathered literature, we summarize several commonly used databases, including UniProt, the Protein
Data Bank, PhosphoSitePlus, Phospho.ELM, and dbPTM. Table 1 summarizes their key features.
These databases provide important information on protein sequence and structure, and on PTM types

and sites.
Table 1. Six commonly used PTM databases.
Database Official Website Year Data Sources Data Scope Entry Number Annotations
Experimental data, dProte_m functtlon,
4 ) literature ) omains, variants,
UniProt uniprot.org 2005 . Protein sequences 574,627 PTMs, subcellular
computational A
redictions localization,
P biological pathway
Polymer sequences,
structural domains,
PDB resb.org 1971 Experimental data Protein 3D structures 249,018 subcellular
localization, protein
function
. Experimental data, . Topology, function,
PSP phosphosite.org 2008 literature Multiple PTMs 606,322 biological pathway
Phospho.ELM phospho.elm.eu.org 2010 Exper}mental data, Ph0§phorylat10r1 12574 Interactlpn, domains,
literature sites in eukaryotes kinases
Experimental data Interaction, function,
dbPTM dbPTM 2006 P i ’ Multiple PTMs 2,845,259 biological pathway,
iterature di .
isease association
Variants, domains,
interaction, function,
. . . subcellular
CPLM cplm.biocuckoo.cn 2011 Literature, public MUIt.IPIe PTMS on 592,606 localization,
databases lysine residues . .
biological pathway,
physicochemical
property
PTM, post-translational modification; PDB, Protein Data Bank; PSP, PhosphoSitePlus; CPLM, Compendium of Protein Lysine
Modifications.

2.2.1. UniProt

UniProt provides comprehensive, high-quality, and easily accessible data on protein sequences,
structure, and genomic information. As of February 2026, it contains 574,627 sequence entries in
UniProtKB/Swiss-Prot, the central knowledge base of UniProt. As a protein database with extensive
content and rich annotation, UniProt is recognized by the scientific community and designated as
the Global Core Biodata Resource [30]. Among the PTM site prediction models mentioned in this
review, UniProt is widely selected as the reference database. Its official website is available online at
https:/ /www.uniprot.org/.

2.2.2. Protein Data Bank

Protein Data Bank (PDB) is the oldest database among the five mentioned, having operated
consecutively for 54 years with a specialization in providing three-dimensional protein structural data.
Since its establishment, PDB has improved in both capacity and accuracy. Its structural information is
largely validated by experimental methods, typically macromolecular X-ray crystallography [31]. As
of November 2025, it houses > 240,000 biostructures [32]. It allows users to view the overall protein
structure and related information and to zoom in to explore specific regions, ligands, and residues in
detail [33], offering substantial value for educators and researchers worldwide. The official website of
the Protein Data Bank is https://www.rcsb.org/.

2.2.3. PhosphoSitePlus

PhosphoSitePlus (PSP) is a large database covering a wide range of PTM types, including phos-
phorylation, acetylation, methylation, and other modifications. Version 6.8.2 contains information on
59,791 proteins and 606,322 PTMs of multiple types. Among these sites, over 90% are validated via

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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high-throughput MS/MS methods [34]. PSP also provides information on genetic variants associated
with polymorphisms and disease pathogenicity [35]. The data can be obtained from its official website:
https:/ /www.phosphosite.org/.

2.2.4. Phospho.ELM

Since its inception in 2004, Phospho.ELM has served as a comprehensive database providing
phosphorylation sites on serine, threonine, tyrosine, and other residues based on the primary liter-
ature [36]. This database contains phosphorylation information for eukaryotes, encompassing data
obtained from both in vivo and in vitro studies. The current version, also its ninth version (version
9), was updated in 2010. According to the latest available statistics, Phospho.ELM contains 42,574
non-redundant phosphorylation residues of various types and provides more than 11,000 protein
sequences containing these PTM sites. A conservation score is available to estimate reliability, and
structural information is implemented in this version [37]. It is a free database available through:
http:/ /phospho.elm.eu.org/.

2.2.5. dbPTM

As a comprehensive, interactive, and user-friendly database with a special focus on cancer pro-
teomics, dbPTM provides 2,845,259 PTM site records, most of which are experimentally validated
and supported by research articles. The 2025 version of dbPTM integrates data from multiple sources,
including GPS6.0, Phospho.ELM, PhosphoSitePlus, UniProtKB, and the PDB. Additionally, it incorpo-
rates phosphoproteomic data from 13 cancer types to reveal kinase activity in cancer [38]. The website
of dbPTM can be accessed at https:/ /awi.cuhk.edu.cn/dbPTM/.

2.2.6. Compendium of Protein Lysine Modifications

Positively charged lysine residues are among the most important amino acid residues that undergo
modification. The Compendium of Protein Lysine Modifications (CPLM) offers various types of PTM
information with a special focus on lysine sites [39]. Since its initial establishment in 2011, it has been
updated across versions CPLA 1.0, CPLM 2.0, and PLMD 3.0. Currently, the fourth version, released in
2017, is available. As of February 2025, it holds 592,606 modifications spanning 29 PLM categories in
219 species. Additionally, it provides researchers with access to annotations and references for further
investigation. The official website of CPLM can be accessed at https://cplm.biocuckoo.cn/.

3. Framework for AI-Based PTM Site Prediction Tools

The workflow is illustrated in Figure 2. In practice, end-users supply an input amino acid se-
quence, which a pre-trained AI model processes to generate predictions of potential PTM sites. Model
training begins with the collection of benchmark datasets, consisting of protein sequences with val-
idated modification sites, wherein each residue is labeled as either positive (modified) or negative
(unmodified). To enhance predictive accuracy, raw sequence data are often supplemented with struc-
tural features. The integrated sequence and structural information are then encoded into numerical
feature vectors (embeddings) that capture diverse characteristics of each residue (Table 2) [40-43].
These embeddings serve as inputs for training classification models, encompassing both conventional
machine learning algorithms and advanced deep learning architectures.

Conventional machine learning algorithms primarily include linear models (e.g., penalized
logistic regression, PLR) [44], tree-based models (e.g., random forest, RF) [45], kernel-based methods
(e.g., SVM) [46], and probabilistic frameworks (e.g., Bayesian network) [47]. While these methods
show considerable promise in PTM site prediction, their reliance on manually designed features may
introduce intrinsic bias. Deep learning architectures leverage multi-layered neural networks, including
multi-layer perceptrons (MLPs) [48], CNNs [49], recurrent neural networks (RNNs) [50], graph neural
networks (GNNSs) [51], and emerging transformer-based models [52]. These models automatically
learn feature representations from raw data through successive layers of abstraction, which gives them

© 2026 by the author(s). Distributed under a Creative Commons CC BY license.
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an advantage over conventional machine learning methods in processing large-scale, high-dimensional
data with minimal manual intervention.

After training, the model can analyze novel protein sequences, assigning a probability score or
categorical label to each residue to indicate its predicted propensity for PTM.

Maodification Sites
.GLMKWENVFKFLESEAVA..

Input Sequence
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Protein Sequence Protein Structure
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Figure 2. Schematic of an Al-based PTM site prediction workflow. Users provide an amino acid sequence as
input to the trained PTM site prediction tool, which outputs predicted modification sites. Model training involves
data collection (protein sequence and structural information), embedding of sequence and structural features,
and model learning using conventional machine learning (a-d) and deep learning (e-i) architectures. a. Linear
model (penalized logistic regression). b. Probabilistic model (Bayesian network). c. Tree-based model (random
forest). d. Kernel-based model (support vector machine). e. Multi-layer perceptron. f. Convolutional neural
network. g. Recurrent neural network. h. Graph neural network. i. Transformer. Al, artificial intelligence; PTM,
post-translational modification. This figure was created with BioRender.

Table 2. Feature extraction methods in PTM site prediction.

Feature Extraction Method Feature Type Description
Represents each amino acid as a 20-dimensional binary vector with “1”
One-hot encoding Sequence-based assigned to the position of the corresponding amino acid and “0” to the
rest.
; Represents a protein sequence by the frequency of each of the 20 amino
AAC Sequence-based acids and encodes the information into a 20-dimensional vector.
CKSAAP Sequence-based Calculates the frequency' of amino acid pairs sepe.\rated by a distance K
and represents each pair frequency as an entry in the feature vector.
AAlndex Physicochemical Property-based Involves a set of indices that qgantlfy physchhemlcal and biochemical
properties of amino acids.
. ; | Transforms protein sequences into numerical vectors by incorporating
PseAAC Physicochemical Property-based both the properties of amino acids and the sequence order of the protein.
Calculates the surface area of a protein accessible to solvent molecules to
ASA Structure-based

reflect protein folding, stability, and interactions with other molecules.
Represents a protein sequence of length L as an Lx20 matrix, with each
PSSM Evolution-based row indicating position-specific substitution scores for the 20 amino acids
occurring at the corresponding position.

PTM, post-translational modification; AAC, amino acid composition; CKSAAP, composition of k-spaced amino acid pairs;
AAlndex, amino acid index; PseAAC, pseudo amino acid composition; ASA, accessible surface area; PSSM, position-specific
scoring matrix-based transformation.

Distributed under a Creative Commons CC BY license.
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4. Single-PTM Site Prediction

Single-PTM site prediction focuses on identifying specific modification types at individual
residues within a given sequence. By integrating diverse features with Al-based frameworks, these
tools have significantly advanced the discovery of PTM sites. This section highlights methodological
developments and representative tools.

To provide more comprehensive insights, we established a website that curates information
including databases, sample sizes, model architectures, and performance metrics across a broader
range of tools (Figure 3). This website is a PTM site prediction tool library that enables users to
search and filter tools based on multiple criteria, and to visually compare their performance across
multiple evaluation metrics using radar charts. By integrating prediction tools for a wide range
of PTMs, the website serves not only as a comprehensive resource for exploration but also enables
systematic performance comparisons that support the development of new tools. In addition, we have
summarized the advantages and limitations of representative Al-based PTM site prediction tools in
Supplementary Table S1 to help researchers better understand the methodological trade-offs among
existing approaches. This table complements the website, offering a more direct reference for method
comparison across different PTM types.

& PTM site Prediction Tool Library a # tome 8 cocmentaton 8 batasources 8 comactus ()

Comprehensive Dashboard for PTM Site Prediction Tools

Comparative analysis of performance and features of post-translationa
modification site prediction tools

[& Performance Visual zation: Visual @ Dataset Query: Detailed tool W Multi-dimensional Filtering: Flter & Multiingual Support: Switch
comparison of performance datasets and parameter tools by PTM type, amino aci d between Chinase and English
metrics across different prediction information and other criteria interfaces
tools

% SUMOylation & Glycosylation 4 Other PTMs

b. [[—1 CNN-Meth_Evaluation Strategy:Independent test [__| RMSxAI DeepGpgs [___] MePred-RF_Output:K methylation sites
ACC
10

F1

MCC

AUC

Figure 3. Website interface and performance visualization of the PTM site prediction tool library. The
comprehensive dashboard allows users to compare PTM site prediction tools through performance visualization,
dataset queries, and multidimensional filtering. It provides access to prediction tools for diverse PTM types,
including phosphorylation, acetylation, methylation, glycosylation, ubiquitination, SUMOylation, succinylation,
crotonylation, and other novel and uncommon PTMs. a. Interface of the website. b. Example radar chart for
visualizing the performance comparison of selected tools. PTM, post-translational modification.
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4.1. Phosphorylation Site Prediction

Phosphorylation site prediction tools have evolved over time from simple sequence-based ap-
proaches to increasingly complex models. The first application of Al in this field dates back to 1999,
when Blom et al. developed NetPhos, an artificial neural network (ANN)-based tool trained on
sequence and tertiary structure information to predict serine, threonine, and tyrosine phosphorylation
sites [53]. NetPhos laid the foundation for computational prediction of phosphorylation sites. However,
its lack of kinase-specific modeling limits the biological interpretability of kinase-substrate interactions.
To address this limitation, NetPhosK [54], introduced in 2004, employs a kinase-specific neural network
trained on protein kinase A (PKA) phosphorylation datasets, marking an important advancement
toward more biologically relevant predictions.

Subsequent studies have continuously improved in phosphorylation site prediction by optimizing
algorithms, applying diverse feature representations, and implementing various strategies. Musit-
eDeep [13] is the first deep learning-based approach for phosphorylation site prediction. It employs
a multi-layer CNN with an attention mechanism to automatically learn complex sequence patterns,
achieving substantially higher area under the receiver operating characteristic curve (AUC) and mean
precision than Musite. DeepPhos [55] also uses CNNs to extract hierarchical sequence features. Unlike
MusiteDeep, it leverages densely connected CNN blocks to enhance information flow and to integrate
different levels of extracted representations. DeepPhos reportedly outperformed MusiteDeep in both
general and kinase-specific phosphorylation site prediction. TransPhos [14] integrates transformer and
CNN architectures. The transformer effectively captures long-range dependencies in protein sequences,
while the CNN extracts rich, high-dimensional representations. This combination enables more ac-
curate prediction of phosphorylation sites, resulting in reported superior performance compared to
many previous models. However, prediction accuracy for tyrosine sites remains relatively lower due
to the limited availability of Y-specific training data. Transfer learning from better-represented site
types may help improve Y-site prediction.

More recently, PhosHSGN [56], designed based on CNNs and GNNs, enhances prediction by
combining sequential and spatial information. This compensates for the limitation of convolutional
structures, whose receptive fields are typically restricted to local windows, and enables the incorpora-
tion of global protein features and the interplay with other PTMs, achieving an accuracy of 91.71%.
Continuing this trend toward multi-modal and advanced feature integration, CaLMPhosKAN [57]
introduced a novel fusion approach for general phosphorylation site prediction. It combines codon-
aware embeddings (from a codon adaptation language model) with traditional amino acid-aware
embeddings, processed via a wavelet-based Kolmogorov-Arnold Network (KAN). This codon-level
information captures subtle sequence biases and evolutionary signals often missed by amino-acid-only
models, leading to improved predictive accuracy over prior sequence-based tools, particularly in
handling noisy or imbalanced datasets.

Recent work has also explored advances in kinase-specific prediction, represented by DCPPS [58].
DCPPS uses the Dynamic Embedding Encoding (DEE) to dynamically capture both semantic and
positional information, producing more discriminative features than static embeddings. It further
integrates a Cross-Representation Interaction Unit (CRIU) that leverages multi-head cross-attention
to effectively combine local and global features for better modeling of kinase-substrate specificity.
These designs enable DCPPS to achieve higher predictive performance and scalability, especially on
imbalanced kinase-specific datasets.

4.2. Acetylation Site Prediction

One of the earliest Al-based acetylation site prediction tools is NetAcet [59], which was developed
using an ANN architecture. In 2010, an ensemble SVM-based algorithm was introduced in Ensem-
blePail [60], outperforming single SVM classifiers. Eight years later, DeepAce [61] was reported as
the first deep learning-based acetylation site predictor. It is built on CNNs and deep neural networks
(DNN’s) and trained on multi-species datasets to support both general and species-specific predictions.
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However, its precision on human and mouse datasets is lower due to data imbalance, and it remains
susceptible to overfitting when applied to small datasets.

Several recent models incorporate advanced deep learning innovations. MSTL-Kace [62], devel-
oped in 2023, represents a notable advancement by introducing a pre-trained BERT model to generate
high-level embeddings. In addition, it employs a two-stage fine-tuning strategy to address limited
training data. The model is first fine-tuned on species with larger datasets and subsequently adapted
to species with smaller sample sizes. This strategy resulted in substantial performance gains compared
with previous models such as DNNAce.

SIPSC-Kac [63], introduced in 2024, covers six prokaryotic species. It integrates AlphaFold-
predicted structural information and a swarm intelligence algorithm for feature selection, enabling
improved predictive performance, particularly under class imbalance in prokaryotic datasets. Despite
these advances, SIPSC-Kac is trained on prokaryotes, limiting applicability to eukaryotic proteins.
Another notable tool, TransPTM [64], integrates ProtT5 language model embeddings with GNNs for
feature extraction and classification. Notably, it explores acetylation in non-histone proteins, helping to
expand available benchmark datasets. DeepCBA [65] employs a hybrid framework combining CNN
and Bi-LSTM architectures to capture both local and long-range sequence patterns, together with an
attention mechanism to enhance feature weighting. Protein sequences are encoded as tripeptide word
vectors generated using the word2vec skip-gram model, improving discriminative capacity. These
architectural innovations led to an accuracy of 80.51% and an AUC of 87.36% on independent test sets,
indicating strong performance relative to existing predictors.

In 2025, MDDeep-Ace [66] was developed as a multi-species acetylation predictor. It combines
CNN-LSTM with the Kullback-Leibler (KL) divergence-based dynamic domain adaptation to address
data scarcity in low-sample species, achieving an average AUC of 0.790 and robust cross-species
performance.

4.3. Methylation Site Prediction

Protein methylation site prediction has advanced significantly with the progress of Al algorithms,
each employing distinct strategies to enhance accuracy and applicability.

Early tools rely on conventional machine learning algorithms. MePred-RF [67] is an RF-based
predictor that identifies arginine and lysine methylation sites from sequence information. It integrates
six sequence-based feature descriptors and applies the maximal relevance-maximal distance (MRMD)
feature selection technique to capture discriminative information effectively. Met-predictor [68], based
on SVM, takes a step further by integrating protein tertiary structure information. Notably, Met-
predictor also enables prediction of different methylation types (i.e., mono-, di-, and tri-methylation),
enabling more precise biological interpretations and downstream analyses.

The emergence of deep learning-based tools marked a major leap. For example, DeepRMethyl-
Site [69] combines CNNs for hierarchical local features and LSTMs for long-range dependencies. This
ensemble model achieved improved results with an AUC of 0.82. CNNArginineMe [70] uses pure
CNNs. However, by constructing a larger training dataset and applying an early stop strategy to
avoid overfitting, it achieved a higher AUC (0.87) than DeepRMethylSite. A key limitation lies in its
reliance on one-hot encoding and fixed-window convolution, which restricts the capture of long-range
dependencies. This makes independent protein-level testing particularly important. Another predictor,
DeepGpgs [71], combines ResNet and LSTM. DeepGpgs introduces two key innovations: a fused Gaus-
sian prior layer for extracting locus information and a gated multi-head attention layer for capturing
global sequence context. DeepGpgs not only outperformed other methods in arginine methylation
site prediction but also performed strongly in predicting phosphorylation sites, demonstrating strong
scalability. A notable recent shift emphasizes interpretability. RMSxAI [72], developed in 2024, ap-
plies explainable AI (XAI) techniques to trace model decisions, which enables researchers to better
assess and refine predictions. DeepTESite [73] is a recent advanced framework for predicting arginine
methylation sites. It integrates a transformer architecture with novel symmetric positional encodings,
inspired by the symmetry of arginine methylation. This biologically grounded approach enhances
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predictive performance by providing richer, context-aware representations, achieving a competitive
accuracy of 0.81.

4.4. Glycosylation Site Prediction

In early computational glycosylation research, NetOglyc [74] pioneered O-linked site prediction
using ANNSs. It achieved solid performance and laid the groundwork for the field. Building on the
early studies, later tools advanced with better algorithms and feature processing. GlycoMine [75]
employs RF with minimum redundancy-maximum relevance (mnRMR) and information gain (IG)-
based feature selection method to identify the most informative features. GlycoMine can predict N-,
C-, and O-linked sites and attained an AUC > 0.98 for N- and O-linked glycosylation, outperforming
NetNGlyc. Notably, GlycoMine is explicitly developed for the human proteome. Extending it to other
organisms typically requires retraining on organism-specific datasets.

SPRINT-Gly [76] improves prediction accuracy by leveraging a larger training dataset. It was
trained on the largest N- and O-linked glycosylation site dataset available at the time, which integrated
multiple sources with sequence and predicted structural data. This resulted in substantially improved
Matthews correlation coefficient (MCC) scores compared to previous methods, reflecting greater
robustness.

Deep learning marked further progress. DeepNGlyPred [77] combines sequence, structural, and
evolutionary features for human N-linked prediction. Based on this foundation, LMNglyPred [78]
advances feature extraction by incorporating embeddings derived from the ProtT5 and achieves
outstanding predictive performance. More innovative architectures include DOGpred [79], which
employs a 1D-CNN and an attention-based bidirectional GRU (Bi-GRU) network to process spatial
and temporal features, respectively. This combination provides the model with superior predictive
performance with an AUC of 0.939. A recent work by Hong et al. [80] further advanced O-glycosylation
site prediction. They developed a predictor that captures spatial information via local environmental
features, combined with sparse recurrent neural networks (SRNN) for sequential modeling and inter-
pretability. By better accounting for spatial context and key influencing factors, this method achieved a
reported 1.4-fold F1 score improvement over prior models. For C-linked sites, DeepCSEmbed-C [81]
adopts a dual-branch deep learning architecture: an Inception branch processes word embeddings,
while a fully connected neural network (FNN) branch handles ProtT5 and evolutionary-scale mod-
eling (ESM) embeddings. DeepCSEmbed-C further applies recursive feature elimination (RFE) and
particle swarm optimization (PSO) for effective feature selection, delivering high accuracy (0.952) for
glycosylation site prediction.

4.5. Ubiquitination Site Prediction

Al-based ubiquitination site prediction emerged in the late 2000s, with several tools establishing
a foundational framework. One of the earliest tools, UbPred [82], uses an RF classifier trained on
experimentally verified sites, achieving an AUC of 0.8. Around the same time, CKSAAP_UDbSite [83],
which employs SVM with composition of k-spaced amino acid pairs (CKSAAP), binary encoding (BE),
amino acid index (AAindex), and aggregation propensity features, achieved 1.4% higher accuracy than
UbPred. Both tools, however, were not optimized for human-specific prediction, highlighting the need
for human-specific predictors.

ESA-UbiSite [84] focuses on human-specific prediction. It combines SVM with an evolutionary
screening algorithm (ESA) to incrementally identify effective negative samples from non-validated
sites, addressing the common issue of unreliable negatives in PTM datasets. UbiSitePred [85], also
based on SVM, improves prediction accuracy by applying the least absolute shrinkage and selection
operator (LASSO) for feature selection to eliminate redundancy. UbiSitePred achieved a very high AUC
score (reported up to 0.9998) in five-fold cross-validation. However, cross-validation on potentially
redundant benchmarks can overestimate true predictive power, leading to such exceptionally high
performance. Rigorous evaluation on strictly independent test sets is therefore critical to confirm
real-world generalization.
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The advent of deep learning has further revolutionized the field. DeepUbi [86], the first deep
learning-based predictor, integrates CNNs with 31 physicochemical properties and sequence features.
DeepUbi outperformed earlier machine learning-based tools, including UbiPred and CKSAAP_UbSite,
demonstrating the advanced capability of deep learning algorithms. Another deep learning-based
tool, Caps-Ubi [87], utilizes capsule networks to capture complex amino acid interactions. Capsule
networks offer benefits over CNNs by internally modeling hierarchical relationships, resulting in a
2.36% higher accuracy for Caps-Ubi compared to DeepUbi.

Tools focusing on enzyme-specific aspects have also emerged. GPS-Uber [88] combines PLR,
DNN, and CNN. Notably, it utilizes transfer learning from general ubiquitination sites to predict
E3-specific lysine ubiquitination sites, offering enhanced insights into enzyme-substrate interactions.

4.6. SUMOylation Site Prediction

Various computational tools have been developed over the years to predict SUMOylation sites.
Early SUMOylation predictors, such as SUMOhydro (2012) [89], represent an advancement over
the mere identification of consensus motifs in earlier studies. SUMOhydro incorporates amino acid
hydrophobicity into its binary encoding scheme and utilizes an SVM for classification, outperforming
traditional statistical approaches. In 2014, GPS-SUMO [90] was introduced based on the PSO algorithm.
Notably, the input data of GPS-SUMO include SUMOylation sites and SUMO-interaction motifs (SIMs).
This expands its predictive scope and provides valuable insights into the mechanisms of SUMOylation.
Since then, the prediction of protein SUMOylation sites has progressed substantially, moving from
conventional machine learning models to advanced deep learning approaches.

Representative machine learning-based tools include SUMOgo [91] and SUMO-Forest [92].
SUMOgo [91] is an RF-based predictor. It integrates sequence features and predicted secondary
structure, using a library for SVM (LIBSVM) and mRMR feature selection methods to evaluate feature
importance. This design allows the model to optimize prediction accuracy and reduce overfitting
based on the ranking. SUMO-Forest [92] employs a cascade forest architecture and adopts genetic
algorithm-based weighting to address class imbalance. As a result, it achieves an impressive AUC of
98.38% on a heavily imbalanced dataset (positive: negative = 1:13).

In recent years, deep learning approaches have dominated the field. In 2023 and 2024, Salman
Khan et al. consecutively developed two deep learning-based tools: Deep-SUMO [93] and PSSM-
Sumo [94]. Deep-SUMO [93] utilizes a multilayer DNN with half-sphere exposure (HSE)-based features
and principal component analysis (PCA)-based feature selection, achieving an average accuracy of
96.47% in a 10-fold cross-validation. PSSM-Sumo [94] builds on and improves upon Deep-SUMO by
applying PsePSSM and sequential forward selection using an SVM (SFS-SVM) for feature identification.
This results in superior performance on the same validation dataset with an accuracy of 98.71%. Despite
strong performance, Deep-SUMO and PSSM-Sumo are not fully end-to-end. This increases dependence
on feature-generation steps and raises the computational burden for proteome-wide applications. GPS-
SUMO 2.0 [95], an updated version of GPS-SUMO, integrates transformer, DNN, and PLR architectures.
It adopts a two-stage training process involving pre-training on large-scale protein data and transfer
learning on SUMOylation-specific datasets, significantly enhancing prediction performance. SUMO-
LMNet [96] is a new deep learning-based predictor specifically designed for the identification of
SUMO1 and SUMO2 modification sites. It employs a CNN-based lossless mapping network to capture
local and global sequence dependencies, and adopts combined heatmap feature analysis (CHFA)to
improve model interpretability. These advances demonstrate the growing role of deep learning in
improving the predictive performance for SUMOylation, paving the way for more effective tools.

4.7. Succinylation Site Prediction

As a relatively novel focus of PTM site prediction, the potential of succinylation-related studies
is gradually being discovered and explored. The earliest model for succinylation site prediction,
iSuc-PseAAC [97], was published in 2015. Constructed upon the conventional machine learning model
SVM, it reached an accuracy of 79.94%. PSuccE [98], published in 2018, further adopted an ensemble
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SVM strategy, improving accuracy by 9.20% compared with iSuc-PseAAC. One year later, CNN-
SuccSite [99] introduced a CNN-based deep learning architecture. It outperformed earlier machine
learning models and marked a shift toward deep learning approaches in this field.

Since 2020, Al-based succinylation prediction has expanded rapidly, marked by the release of
several high-performing tools. One example is HybridSucc [100], which combines DNN and PLR
for modeling ten types of features to improve prediction accuracy. Notably, HybridSucc performs
particularly well in human-specific predictions, demonstrating its potential utility in studying human
diseases. Deep-KSucc [101] and pSuc-EDBAM [102] were published in 2022, both adapting the CNN-
based architecture for prediction tasks. Notably, Deep-KSucc has a parallel structure that combines
a dense CNN with ordered-neuron long short-term memory, while pSuc-EDBAM was developed
based on ensemble dense blocks. pSuc-FFSEA [103] is another model proposed by the same authors as
pSuc-EDBAM. It is the first to use a broad learning system (BLS) within a stacking ensemble framework.
This design leads to high robustness and accuracy, with an AUC of 0.85.

In 2023, Ahmed et al. introduced CBL_BLC [104], a pioneering hybrid architecture that integrates
a CNN+Bi-LSTM (CBL) and a Bi-LSTM+CNN (BLC). The features from both branches are concatenated
and processed through two densely connected layers, enabling the capture of both local and long-
range dependencies. CBiLSuccSite [105] refined this by combining CNN and Bi-LSTM with word
embedding techniques. Unlike CBL_BLC, which relies on one-hot encoding, CBiLSuccSite leverages
word embeddings to automatically extract features from raw input data. This enables the model to
more effectively capture intricate dependencies within protein sequences and improves its predictive
accuracy to 76%, surpassing that of CBL_BLC. A limitation of CBiLSuccSite is its sequence-only design,
which may inadequately capture spatial dependencies that influence succinylation. To address this
limitation, iSucc-SnCNs [106] integrats ProtGPT2-based protein language model embeddings with
a deep capsule network to process structural and evolutionary representations. This combination
enhanced contextual and structural feature extraction, resulting in a 92.92% accuracy and a 0.96 AUC
on independent test sets.

4.8. Crotonylation Site Prediction

Crotonylation site prediction has emerged as a developing field in recent years. The earliest
study dates back to 2016, when Huang and Zeng proposed CrotPred, a crotonylation predictor based
on a discrete hidden Markov model [107]. In leave-one-out cross-validation, CrotPred achieved an
accuracy of 0.7823, marking an impressive early attempt in crotonylation site prediction. In 2017,
CKSAAP_CrotSite [108] introduced CKSAAP features within an SVM framework, and achieved an
accuracy of 98.11%, far surpassing previous tools. Nevertheless, such high performance may reflect
overfitting to the training data, as its generalization to independent datasets remains insufficiently
validated.

A transition toward deep learning began with Deep-Kcr [109], which is built on a CNN archi-
tecture. It integrates sequence, physicochemical, and numerical space features, and uses information
gain for feature selection to eliminate redundant features. Deep-Kcr demonstrated excellent predic-
tion performance, surpassing former models such as CKSAAP_CrotSite. DeepCap-Kcr [110] further
incorporated CNN, LSTM, and capsule layers to capture hierarchical features more effectively. In
independent tests, it outperformed Deep-Kcr, highlighting the advantages of capsule-based modeling.

More recent advances emphasize the integration of more advanced architectures. ILYCROsite [111]
combines fuzzy clustering-means (FCM) clustering with generalized regression neural network
(GRNN) for undersampling to handle imbalanced datasets. This enhances both predictive performance
and generalization ability. LMCrot [112] incorporates ProtT5-derived window-level embeddings.
These embeddings are fine-tuned via a residual convolutional Bi-LSTM layer and processed by two
parallel architectures: a CNN module for capturing sequence features, and a DNN module for repre-
senting physicochemical properties. This multi-branch ensemble design yields improved predictive
performance compared with single-representation models. In 2025, DeepMM-Kcr [113] was introduced
as a cutting-edge deep learning model for lysine crotonylation site prediction. Its key innovation is the
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fusion of transformer-based natural language processing features and traditional hand-crafted features
through a multi-head self-attention mechanism. This approach enhances performance by dynamically
prioritizing complementary features. On an independent test set, DeepMM-Kcr achieved an AUC of
0.931.

4.9. Novel and Uncommon PTM Site Prediction

Advances in PTM site prediction are reflected not only in improved prediction accuracy but also
in the expansion of research scope to encompass newly discovered or less-studied PTMs, such as
lactylation, malonylation, and -hydroxybutyrylation.

Al-based predictors for lactylation have emerged only in the past few years, but advances
in Al-based frameworks have rapidly led to high-performance tools. As a pioneering tool, FSL-
Kla [114] integrates eight sequence-based and three structure-based features, and employs PCA to
mitigate overfitting, demonstrating strong performance on small lactylation datasets. DeepKla [115]
introduced a more sophisticated feature extraction pipeline by combining CNN, Bi-GRU, and attention
mechanisms. This enables more effective representation of contextual dependencies, contributing to
its superior performance (AUC: 0.9722). In 2024, Yang et al. introduced two advanced predictors,
ABFF-Kla and EBFF-Kla, representing a significant leap in modeling protein information [116]. A
key innovation of their design is the automatic extraction of features from the AlphaFold-predicted
protein structure, where ABFF-Kla utilizes attention-based feature fusion and EBFF-Kla employs
embedding-based fusion to capture important features.

Malsite-Deep is one of the representative predictors for malonylation sites [117]. It addresses class
imbalance using the under-sampling NearMiss-2 method, and a gated recurrent units layer is used to
select the optimal feature subset. A DNN then processes these features to make the final prediction.
As validated by 10-fold cross-validation and independent testing, this model achieves an AUC value
above 0.95.

Another notable tool is SLAM [118], introduced in 2024. SLAM is the first deep-learning predictor
specifically designed for lysine 3-hydroxybutyrylation. It employs a multi-track encoder that captures
both sequence- and structure-derived relationships. The sequence encoder is a hybrid encoder that
combines Bi-LSTM, CNN, and a pre-trained protein language model, while the structure encoder
leverages GNN. The fused representations are processed through an attention-based decoder and an
MLP classifier, enabling accurate prediction of B-hydroxybutyrylation sites. Additionally, a 2026 study
introduced BiGKbhb [119], which employs a Bi-GRU architecture based on BLOSUMS62 evolutionary
encoding to capture contextual information in protein sequences. This model demonstrated strong
predictive performance and cross-species transferability on both cross-validation and independent test
sets.

In addition to the models described above, other predictors for novel and uncommon PTMs
developed since 2021 are summarized on our website, covering modifications such as S-nitrosylation,
S-sulfenylation, and formylation that were not previously discussed. The broad range of target types
and the increasing diversity of available models underscore the growing potential of computational
PTM site prediction moving forward.

5. Multiple-PTM Site Prediction

The above tools focus on predicting a single type of PTM on specific sites of a protein. However,
in biological systems, proteins undergo multiple PTMs simultaneously, and these modifications can
influence each other to coordinate protein function. Advancements in multiple-PTM site prediction
have enabled the simultaneous prediction of different types of PTMs at the same time, providing a
more holistic view of the modification landscape.

One of the earliest Al-based tools for multiple-PTM site prediction, ModPred [120], is based on
the multiple binary classification (MBC) strategy. MBC involves decomposing a complex classification
problem into multiple binary classification tasks, each focusing on predicting one type of PTM [121].
ModPred predicts 23 types of PTMs, with each PTM type being predicted independently using
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separate logistic regression models. PTM-ssMP [122] follows a similar framework but employs SVM
classifiers and introduces a site-specific modification profile (ssMP) feature, which allows effective
extraction, encoding, and integration of local sequence context and proximal PTM information. As a
result, PTM-ssMP has demonstrated strong performance across various PTM types. MusiteDeep [123]
further advances this paradigm using deep learning. Each predictor within MusiteDeep integrates
MultiCNN and CapsNet architectures to generate confidence scores for PTM site predictions separately.
These scores are then averaged to provide the final prediction score. Notably, MusiteDeep provides
visualization of predicted PTM sites in protein three-dimensional structures, enabling spatial analysis
and potential crosstalk exploration.

While the MBC strategy can achieve high accuracy for individual PTM types, it inherently
disregards dependencies across PTM types because each classifier operates independently. This often
results in overestimated co-occurrence probabilities and limited ability to reflect biological modification
patterns. In addition, its separate evaluation across modifications complicates the assessment of
overall predictive performance. In contrast, multi-label classification (MLC) predicts multiple PTM
types simultaneously within a unified framework, where each modification is treated as a separate
label [121]. By learning shared representations across labels, MLC can capture statistical associations
and co-occurrence patterns among PTMs, thereby better reflecting the combinatorial nature of protein
regulation, although its performance may be affected by label imbalance and increased task complexity.

iPTM-mLys [15], introduced in 2016, is the first multi-label predictor designed to identify multiple
lysine PTM types, including acetylation, crotonylation, methylation, and succinylation. It uses an
ensemble of RF classifiers to predict both modification occurrence and PTM type, achieving an absolute-
true rate above 60%. Since iPTM-mLys, several advanced multi-label PTM site prediction tools have
emerged, each contributing unique methodologies to enhance prediction accuracy and applicability.
mLysPTMpred [124] was developed two years after iPTM-mLys. It employs a combination of SVM
classifiers with cost-sensitive learning via the different error costs (DEC) strategy to address class
imbalance. mLysPTMpred achieved an accuracy of 83.73% and an absolute-true rate above 80%,
representing a significant improvement. iMul-kSite [125] expands the prediction scope to include
glutarylation. It improves feature representation through sequence-coupling analysis and incremental
feature selection, demonstrating superior predictive performance with 92.83% accuracy, 93.36% aiming,
and 96.23% coverage in cross-validation. More recently, MIND-S [126] advances the field through deep
learning, integrating feedforward networks, LSTM, multi-head self-attention, and graph attention
layers to capture sequence and spatial features. The model shares parameters across PTM types
during training, enabling efficient batch prediction across multiple PTM types, including non-lysine
sites. Its use of integrated gradients further provides post-hoc interpretability by quantifying residue
contributions to predictions.

From an application perspective, the choice between MBC and MLC depends largely on re-
search objectives and data characteristics. MBC-based approaches can remain advantageous for
high-throughput screening, as independent classifiers can achieve strong predictive performance
and are often easier to implement when data availability varies across PTM types. In contrast, MLC
frameworks are often better suited for biological investigations that require joint modeling of PTM
dependencies, such as elucidating combinatorial regulation in disease contexts.

6. Extended Research

The continued advancement of Al-driven PTM site prediction tools has led to significant progress
in accurately identifying potential modification sites. However, predicting the presence of PTM
sites alone is often insufficient to fully understand the complex biological landscape of PTMs. The
biological impact of a PTM determined not only by a single modification event, but also by the
complex interactions among different PTM sites, known as PTM crosstalk [127]. Beyond crosstalk,
understanding the functional impact of individual PTM sites and how they alter protein functions in
cellular processes is also essential for unraveling regulatory networks and disease mechanisms.
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6.1. PTM Crosstalk Prediction

Unlike PTM site prediction, which identifies specific residues where modifications occur, PTM
crosstalk prediction focuses on relationships between PTM pairs and on structural and functional
correlations among multiple modification sites.

Computational studies have laid the foundation for understanding PTM crosstalk, revealing
spatial associations and co-evolution of related PTM pairs [128,129]. Based on these insights, Al-driven
tools such as PTM-X, PPICT, and DeepPCT have substantially improved PTM crosstalk modeling
and prediction. PTM-X [130] employs a naive Bayes classifier to integrate pairwise PTM features,
including sequence and structural distance, co-evolution, and co-localization in disordered regions,
thereby generating a prediction score for each PTM pair. Building on this foundation, PPICT [131], an
integrated deep-learning architecture, moves beyond sequence-level analysis by combining PPI graphs
with sequence, structural, and dynamic features, thereby improving the prediction of complex inter-
protein PTM crosstalk. DeepPCT [132], published in 2024, leverages AlphaFold2-predicted protein
structures to achieve high-accuracy PTM crosstalk prediction, effectively addressing the limitations
of structural information availability. Recently, Ou et al. [133] introduced ProXTalk, a dual-stream
framework based on protein large language models. ProXTalk consists of a semantic branch that
processes protein sequences and a geometric branch that models spatial relationships. The two
branches are integrated via a symmetric cross-attention mechanism. This strategy results in more
comprehensive and context-aware representations. On the Inter_3549 benchmark dataset, ProXTalk
outperformed PTM-X and PPICT with an AUC of 0.906.

PTM crosstalk prediction complements site prediction by elucidating how modifications interact
to regulate protein function, offering insights into their collective impact on cellular processes, and
clarifying protein functions in signaling pathways. This is particularly significant in diseases like cancer,
where aberrant PTM crosstalk disrupts cellular regulation. However, the extremely limited availability
of experimentally validated data has constrained the development of PTM crosstalk tools, with
widely used databases such as dbPTM currently containing only 491 PTM crosstalk pairs [38]. Future
directions should prioritize expanding experimental datasets through advanced mass spectrometry
(MS) techniques to generate validated crosstalk data. Advances in PTM crosstalk prediction may
deepen our understanding of PTM regulatory networks, with implications for identifying therapeutic
targets in diseases driven by dysregulated PTM crosstalk.

6.2. PTM Functional Prediction

Functional prediction assesses the regulatory effects of PTMs, particularly phosphorylation. This
is achieved by analyzing features such as evolutionary conservation, sequence/structural context, dy-
namics, and protein-protein interaction (PPI), with Al models assigning functional scores to prioritize
impactful phosphosites.

Ochoa et al. [134] pioneered this field by constructing a reference human phosphoproteome and
integrating 59 features into a phosphosite functional score using a gradient-boosting machine. This
framework generates a functional score that ranks phosphosites by regulatory significance. Building
on this, FuncPhos-SEQ [135] employs an integrated neural network model using input sequence and
PPI data. In FuncPhos-SEQ, CNNs extract kinase-specific motifs, while network embedding and
DNNSs capture PPI features. These features are then integrated to generate a functional probability
score for each phosphosite. FuncPhos-STR [136] extends this by incorporating AlphaFold-derived
structural and dynamics information to improve predictive accuracy. It achieved a best AUC of
0.855 and outperformed previously reported models. MMFuncPhos [137] further advances this field
through a multi-modal framework that integrates the protein language model ESM-2 with the graph
convolutional network. Importantly, this framework also enabled the development of EFuncType
through transfer learning. EFuncType represents the first method capable of predicting the directional
effect (upregulation or downregulation) of a phosphorylation event on enzyme activity, thereby
addressing a key gap in PTM functional annotation.
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Functional prediction, as exemplified by these models, complements site prediction by providing
a deeper understanding of PTM functions in biological processes. For instance, functional prediction
by FuncPhos-SEQ [135] has suggested NADK-548/50 as functional phosphosites, aiding subsequent
experimental validation, which revealed that ERK1/2 can phosphorylate NADK-548 /50 and activate
NADK activity. Such advances are valuable for applications such as biomarker discovery and drug
development, as they provide insights into key molecular mechanisms and help identify potential
therapeutic targets.

7. Challenges and Future Directions

The preceding discussion underscores the rapid expansion of research efforts on Al-based PTM
site prediction. Although significant progress has been made, persistent gaps and unresolved issues
necessitate deeper investigation. In this section, we outline these challenges and propose research
directions that may contribute to future improvements in the field (Figure 4).

Challenges and Future Directions

Data Availability Data Quality
O/? \L‘s e &
Lack of less- -_— \
studies PTMs
Expand PTM False discovery Quality control
databases
-) —
Lack of species- K
specific PTMs ol -)
| [
Predictied- Imbalanced Sampling
strut?lfrl:ilogata structure dataset strategies
Interpretability Reproducibility
Opaque Post-hoc Inaccessmle Openly shared
mechanisms explanation de

PTM Dynamics

O&;» 300 %'3\:"4";
Rk

Lack of context Dynamic multi-omics & Algorithm optimization
variability spatial proteomics modeling

Translational Applications

K o
9\ (Qf + - 3(
R, : s

In silico prediction High-throughput Drug discovery
screening platforms

Figure 4. Summary of the challenges and future research directions associated with Al-based PTM site
prediction. The diagram synthesizes current challenges in data availability and quality, interpretability, repro-
ducibility, and PTM dynamics, while also highlighting future directions for translational applications. Al, artificial
intelligence; PTM, post-translational modification; LIME, local interpretable model agnostic explanations; SHAP,
Shapley additive explanations; LRP, layer-wise relevance propagation. This figure was created with BioRender.
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7.1. Data Availability

One of the primary challenges in Al-assisted PTM site 852 prediction is the limited availability
of comprehensive datasets. 853 Although established databases such as UniProtKB/SwissProt, Phos-
phoSitePlus, and dbPTM provide valuable repositories of PTM annotations, they are heavily biased
toward well-characterized modifications and offer relatively sparse information for less-explored
PTMs [1]. Meanwhile, annotation depth in these resources remains predominantly concentrated
in model organisms such as humans, mice, and yeast, posing a significant barrier to cross-species
generalization [1]. To address these gaps, high-throughput experimental techniques, such as MS and
nanopore detection [138,139], hold promise for expanding PTM datasets by enabling more comprehen-
sive profiling of PTMs. These advances could expand the datasets needed to support the development
of more robust and generalizable Al prediction models.

Another limitation in PTM site prediction datasets is the limited availability of experimentally
determined structural data. PTMs are often influenced by the spatial structure of proteins. However,
traditional approaches for determining protein structure, such as X-ray crystallography and nuclear
magnetic resonance (NMR) spectroscopy, entail significant time and financial costs, resulting in
incomplete structural coverage across the proteome [140]. Therefore, many sequence-based models
overlook the structural context of PTM sites.

Recent advances in deep learning models such as AlphaFold have improved this situation by
enabling the prediction of protein structures with remarkable accuracy [141]. These models have
significantly expanded the availability of structural data for PTMs. However, integrating these
predicted structures into Al models presents notable challenges. Experimental validation studies
have demonstrated that predicted structural models are not uniformly reliable, particularly for multi-
domain proteins and intrinsically disordered regions, which are often enriched in PTM sites [142,143].
This may introduce bias during model training. Generating predicted structures at scale can also
impose substantial computational costs, especially for large proteomes. Therefore, fully leveraging this
promising resource requires specialized strategies for weighting and integrating structural information,
as well as scalable computational frameworks to support large-scale processing.

7.2. Data Quality

Experimental methods for detecting PTMs, such as MS, can introduce errors through false
discoveries [144]. This compromises the quality of the training data, increasing the risk of Al models
overfitting to noise and reducing their generalizability to unseen datasets. In this context, implementing
quality control (QC) measures is crucial. These include QC analysis in real time (QC-ART), which can
be used to monitor instrument performance or sample quality, and post-collection data validation
to eliminate low-quality data [145]. Al-assisted QC also shows considerable promise. Recently,
Gao et al. introduced iDIA-QC, an Al-driven tool for classifying data quality in data-independent
acquisition MS [146]. This approach offers greater sensitivity and precision compared to traditional
data-dependent acquisition in detecting faults in the MS, helping improve data reliability for training
Al-based PTM site prediction models.

Class imbalance remains a common problem, where non-PTM sites in training datasets outnumber
PTM sites [147]. This imbalance limits the ability of algorithms to capture the underlying data
distribution, thereby reducing the sensitivity of Al models in detecting true PTM sites [148]. Techniques
such as oversampling, undersampling, or cost-sensitive learning can be used to address this [149].
However, they require careful implementation to avoid introducing new biases, such as overfitting
caused by oversampling or loss of information through undersampling [149].

7.3. Interpretability

Interpretability includes two critical aspects, transparency and post-hoc explanation [150]. Trans-
parency describes the extent to which a model’s inner workings are understandable to humans. It
includes simulatability, decomposability, and algorithmic transparency [150]. Simple conventional
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machine learning models, such as decision trees, can be more transparent [151]. However, Al-based
PTM predictors today often rely on deep, multi-module models that remain largely opaque to end
users due to their complex architectures and non-linear computations, functioning as "black boxes".
This complicates the understanding of how specific features in the data contribute to the model’s
predictions, limiting their practical application in experimental and clinical settings. In such cases,
post-hoc explanation, which analyzes information from trained models, can provide insights into
how predictions are generated [150,151]. Common post-hoc approaches include local interpretable
model-agnostic explanations (LIME), anchors, Shapley additive explanations (SHAP), and layer-wise
relevance propagation (LRP) [151,152]. By providing a clearer understanding of how models arrive at
their decisions, these techniques can increase researchers’ confidence in the reliability of the model’s
output, thereby facilitating its use in biological discovery and validation. Future studies should
therefore consider incorporating advanced post-hoc explanation methods into PTM site prediction
models. Such a combination may not only help justify model decisions and build trust, but also assist
in identifying and correcting errors, improving models, and generating new insights [153].

7.4. Reproducibility

Reproducibility in Al-based PTM site prediction faces limitations due to a lack of open-source
code, which impedes researchers from independently verifying and building upon existing research
findings. While tools like MusiteDeep [13] are openly available, some others are accessible only as web
servers or appear to have become inaccessible at their original URLs (such as ModPred [120]). Such
limited accessibility can reduce standardization and comparability across studies. In the absence of
publicly available training code, researchers often rely on online web servers for benchmarking, which
can introduce inconsistencies due to differences in server versions, undocumented preprocessing steps,
or restricted access to model configurations and datasets. The TRIPOD+AI statement has emphasized
the importance of openness, encouraging researchers to report whether analytical code is publicly
available and where it can be accessed [154]. To ensure scientific integrity and advance Al-assisted
PTM site prediction, the field must emphasize adherence to standardized reporting guidelines and
advocate for open access to code and data.

7.5. PTM Dynamics

Another major limitation of current Al-based PTM site-predictors is their inability to capture
condition-dependent variability. For example, lysine ubiquitination levels can change in response to
DNA damage [155], acetylation has been linked to age-related inflammation [156], nd a ketogenic diet
has been found to influence lysine 3-hydroxybutyrylation [157]. However, such condition-dependent
modifications are rarely reflected in model predictions because many existing predictors still rely
primarily on protein sequences. These context-dependent factors can lead to discrepancies between
predicted outcomes and actual biological scenarios.

Addressing this limitation will require predictive frameworks that model dynamic cellular con-
texts. Future research should incorporate condition-aware features by expanding input modalities,
including single-cell multi-omics, spatial proteomics, and mechanistic modeling. Such integration
could systematically capture cell-to-cell heterogeneity, thereby improving biological realism in PTM
site prediction.

In this context, GNNs represent a particularly promising direction, as their architecture enables
explicit modeling of complex molecular interactions and spatial dependencies. By representing pro-
teins and cellular components as interconnected systems, GNN-based approaches are well-suited to
capture the dynamic regulatory networks underlying PTMs. Future GNN frameworks may integrate
multimodal information using heterogeneous graph attention mechanisms [158]. Furthermore, the
incorporation of GNN explanation methods, such as SubgraphX, could improve biological inter-
pretability, potentially helping researchers to trace how predicted PTM sites relate to specific signaling
pathways, disease states, or cellular perturbations [159].
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Ultimately, such developments may substantially improve the biological realism and contextual
accuracy of PTM site prediction across diverse physiological and pathological conditions.

7.6. Translational Applications

Beyond methodological advances, the ultimate value of Al-based PTM site prediction lies in its
translational impact. Recent studies have begun to bridge in silico prediction and translational research.
For example, GPS-Uber has been used to predict ubiquitination sites on cancer proteins, providing
candidates for experimental follow-up [88]. Similarly, DeepMVP [160] has been applied to predict
PTM-altering variants, identifying cancer-associated PTMs such as reduced inhibitory acetylation on
AKT1 and increased inhibitory phosphorylation on TP53, both offering mechanistic hypotheses with
potential therapeutic relevance. However, the number of experimentally validated examples remains
limited, and substantial efforts are required to translate computational predictions into translational
insights.

Looking forward, integrating Al-based PTM site prediction with high-throughput screening
platforms could further accelerate the drug discovery pipeline. For example, coupling PTM site
prediction with DNA-encoded library screening or fragment-based drug design may help prioritize
compounds that target PTM-regulated protein states [161]. Such approaches could yield novel thera-
peutics for diseases where PTM dysregulation is a hallmark, including cancers, metabolic disorders,
and neurodegeneration.

8. Method Selection Guideline

With the rapid expansion of Al-based tools for predicting PTM sites, selecting an appropriate
method requires careful consideration of study objectives, data availability, and model characteristics.
The following factors provide practical guidance for method selection across diverse PTM types.

8.1. Prediction Scope

Models trained on large datasets can be well suited for broad PTM site prediction across diverse
proteins. However, their performance may decline when applied to underrepresented protein families
or rare modification types. Researchers should therefore assess whether their target proteins and PTM
types fall within the training distribution represented by the selected method.

8.2. Model Architecture

Model architecture influences the biological patterns that a predictor can capture and should
therefore be selected to match the prediction task. CNN-based predictors are effective at identifying
local sequence features surrounding modification sites, whereas RNNs model sequential dependencies
along protein sequences [49,162]. Transformer-based models are well suited for capturing long-range
dependencies and global sequence context, enabling flexible representation of complex regulatory
relationships [163]. In addition, GNNs are well suited for modeling structural and relational infor-
mation [51]. Hybrid architectures that integrate multiple modeling strategies may further improve
biological representation, but typically impose additional computational demands.

8.3. Interpretability

For applications requiring mechanistic understanding, interpretability is a critical consideration.
Conventional machine learning models can offer more transparent decision rules. In contrast, deep
learning models usually function as black boxes, which may limit their utility in studies requiring
mechanistic explanation despite strong predictive performance.

8.4. Performance Evaluation

Reported performance metrics should be interpreted with caution, as they can vary substantially
depending on the specific composition of training and test sets. Cross-validation may yield optimistic
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estimates, particularly when redundancy exists between training and test samples, while independent
test sets generally offer a more reliable indicator of a model’s generalization ability.

9. Conclusions

This review highlights the growing role of Al in PTM site prediction and its potential to advance
research on protein function and regulation. In recent years, Al models, from traditional machine
learning to deep learning, have made substantial progress in predicting various types of PTM sites.
These advancements now extend beyond single-PTM site prediction to multiple-PTM site prediction,
PTM crosstalk prediction, and functional assessment of modifications. Despite these developments,
key challenges remain, including limitations in data availability and quality, model interpretability
and reproducibility, and an incomplete understanding of PTM dynamics. Improvements in dataset
scale and quality, algorithmic innovation, and model interpretability will be essential for enhancing
predictive accuracy and real-world applicability. To further promote practical implementation, we
provide a method selection guideline to help researchers choose appropriate tools based on prediction
scope, model architecture, interpretability, and evaluation strategy. This review supports both the
development of Al-based prediction tools and their effective application in PTM research, thereby
promoting deeper integration of Al into molecular biology and biomedical research.

Supplementary Materials: The following supporting information can be downloaded at the website of this paper
posted on Preprints.org, Table S1: A summary of the advantages and limitations of existing Al-based PTM site
prediction tools.
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