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Abstract 

Background  Lactylation is a newly discovered type of post-translational modification, primarily occurring on lysine 
(K) residues of both histones and non-histones to exert diverse effects on target proteins. Research has shown 
that lysine lactylation (Kla) modification is ubiquitous in different cells and participates in the determination of cell 
function and fate, as well as in the initiation and progression of various diseases. Precise identification of Kla sites 
is fundamental for elucidating their biological functions and uncovering their application potential.

Results  Here, we proposed a novel human Kla site predictor (named PBertKla) through curating a reliable bench-
mark dataset with proper sample length and sequence identity threshold to train a protein large language model 
with optimal hyperparameters. Extensive experimental results consistently demonstrated that our model possessed 
robust human Kla site prediction ability, achieving an AUC (area under receiver operating characteristic curve) value 
of over 0.880 on the independent validation data. Feature visualization analysis further validated the effectiveness 
of in feature learning and representation from Kla sequences. Moreover, we benchmarked PBertKla against other 
cutting-edge models on an independent testing dataset from different sources, highlighting its superiority 
and transferability.

Conclusions  All results indicated that PBertKla excelled as an automatic predictor of human Kla sites, and it would 
advance the investigation of lactylation modifications and their significance in health and disease.
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Background
Protein post-translational modifications (PTMs) refer to 
the enzyme-catalyzed covalent modification of amino 
acid residues after protein synthesis. PTMs do not alter 
the original amino acid sequence but regulate the physic-
ochemical properties, structure, and stability of the pro-
teins, thereby diversifying their functions [1]. At present, 
a wide variety of PTMs have been identified and well-
studied, including phosphorylation, acetylation, ubiqui-
tination, methylation, and glycosylation [2–4]. Different 
PTMs regulate various physiological and biochemical 
processes, influencing growth, development, and disease 
progression [5–7].

Lysine lactylation (Kla), as a novel type of PTM [8], is 
catalyzed by lactyltransferases (e.g., HAT p300) [9] and 
delactylases (e.g., class I histone deacetylases, HDAC1-
3) [10] in the lactate metabolism process. It dynamically 
regulates cellular metabolism, cell signaling, neuronal 
excitation, immune homeostasis, and the maintenance 
of cardiovascular and cerebrovascular functions. Studies 
have shown that Kla is closely associated with metabolic 
disease [11], neurodegenerative diseases [12], cardiovas-
cular diseases [13], and cancers [14–17], exhibiting func-
tional heterogeneity. In many cancers, Kla demonstrates 
tumor-promoting properties. For instance, Zhou et  al. 
[18] found that upregulated histone Kla levels enhance 
liver metastasis of colorectal cancer. Conversely, Kla can 
also exert tumor-suppressive effects. Longhitano et  al. 
[19] reported that lactate increases the levels of lactate-
induced histone H3K18la modification, significantly 
reducing the proliferation and migration of uveal mela-
noma cells.

Therefore, accurately identifying Kla sites is crucial for 
understanding their biological functions and unraveling 
the mechanism of Kla in various diseases. Liquid chro-
matography–mass spectrometry (LC–MS/MS) is a pow-
erful technique for high-throughput and high-precision 
identification of Kla sites. However, its application is 
constrained by high sequencing costs and time con-
sumption. To fill this gap, a series of computational mod-
els have been developed [20]. For example, Jiang et  al. 
[21] proposed an ensemble deep learning (DL) model, 
FSL-Kla, to identify Kla sites, achieving an AUC value 
of 0.889. Additionally, Lv et  al. [22] first leveraged LC–
MS/MS generated global lactylome profile to construct 
an attention-based Kla site prediction tool, DeepKla, 
which achieved an AUC value of 0.972 on independent 
datasets, demonstrating robustness and transferability. 
Based on the same dataset, Guan et  al. [23] developed 
DeepKlapred to identify Kla sites in rice via multi-view 
feature fusion. Similarly, tools such as Auto-Kla [24] and 
A/EBFF-Kla [25] were developed based on recently pub-
lished Kla profiles to accurately predict human Kla sites. 

Despite significant progress in Kla site identification, cur-
rent models still have room for improvement in general-
izability and accuracy.

In this study, we introduced a novel tool, PBertKla, 
based on a protein large language model for precise iden-
tification of human Kla sites. We first curated a reliable 
human Kla site benchmark dataset with appropriate sam-
ple length and similarity threshold. Furthermore, we fine-
tuned ProteinBERT, a deep language model pretrained on 
large-scale protein sequences and Gene Ontology (GO) 
annotation knowledges [26], on our Kla site dataset using 
optimal hyperparameter to build PBertKla. Comprehen-
sive experimental results demonstrated that PBertKla 
achieved consistently high predictive performance (AUC 
value exceeding 0.880) across both training and inde-
pendent validation data. Feature visualization analysis 
confirmed the effectiveness of PBertKla’s large-model 
strategy for Kla site identification. To further validate its 
performance, we compared PBertKla with other state-of-
the-art models, highlighting its superiority across inde-
pendent validation datasets from diverse sources. We 
believe that PBertKla will facilitate the overcoming of 
obstacles in identifying Kla sites, thereby advancing the 
in-depth exploration of its pivotal role in cellular func-
tion regulation.

Results
Curation of human Kla benchmark dataset
Given that the bias of amino acids specific to their posi-
tions relative to Kla site, it was of considerable impor-
tance to select an appropriate window size for flanking 
sequences around Kla sites and to characterize Kla sam-
ples well. On the other hand, an unsuitable sequence 
similarity threshold of CD-HIT would compromise both 
sample distribution and model performance by either 
failing to eliminate redundant sequences (high threshold) 
or reducing sequence diversity (low threshold). To create 
a reliable and practical benchmark dataset and a strong 
predictive model for effectively identifying human Kla 
sites, it required determining the proper sample length 
and sequence similarity of human Kla peptide samples, 
which was implemented based on a preliminary analysis 
of their impact on prediction performance.

This thorough analysis experiment involved grid search 
over sample length ranging from 33 to 59 (with an incre-
ment of 2 amino acids) and sequence similarity thresh-
old ranging from 30 to 70% (with a 10% increment). We 
analyzed the predictive performance of each dataset with 
specific sample length and sequence similarity using Pro-
teinBERT model with default parameters. The prediction 
AUC values obtained on independent validation datasets 
were summarized in Fig. 1 and Additional file 1: Table S1. 
AUC values of all datasets fluctuated between 0.765 and 
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0.822, indicating a marginal difference of approximately 
6%. Thereinto, datasets with sample length of 45 yielded 
AUCs ranging from 0.787 to 0.822, and AUCs of datasets 
with 30% sequence similarity ranged from 0.765 to 0.822. 
Although the precise reasons for this variability remain 
unclear, it is evident that ill-suited data resulted in less 
stable model performance. To optimize computation effi-
ciency and facilitate comparison, the dataset with sample 
length of 45 and 30% sequence similarity, including 9640 
Kla and non-Kla peptide samples and demonstrating 
superior performance over all other datasets, was thus 
determined as the human Kla benchmark dataset used 
for all subsequent analyses in this study, unless otherwise 
specified.

To intuitively examine the amino acid preferences 
around lactylated sites, we utilized Two-Sample-Logo 
[27] to generate sequence maps of fragments surround-
ing both Kla and non-Kla sites, thereby comparing the 
amino acid distributions between positive and negative 
samples. The analysis focused on 45-residue fragments 
centered on Kla sites (positions − 22 to + 22 relative 
to the central lysine). As shown in Fig.  1D, the analysis 
revealed an enrichment of lysine (K) and alanine (A) in 
both the upstream and downstream regions of lactyla-
tion sites, while glycine (G) exhibited a downstream-spe-
cific preference. These findings indicate specific amino 
acid preferences around lactylation sites, supporting the 

interpretation of these regions as contextually meaning-
ful (“semantic”) sequences.

Determination of PBertKla predictor
In view of parameter tuning, especially the learning rate 
and batch size hyperparameters, in DL models is critical 
for achieving efficient convergence, stable training, and 
well generalization performance [28]. Generally, to bal-
ance training speed and model accuracy, hyperparam-
eter fine-tuning could be effectively conducted by grid 
search. Here, to improve the predictive performance of 
the pretrained protein language model for human lysine 
lactylation (Kla) site identification, we first conducted 
systematic hyperparameter optimization through a grid 
search evaluating 36 combinations of learning rates (six 
values) and batch sizes (six values). Furthermore, to 
systematically evaluate the impact of sequence length 
parameter on Kla identification task, we performed a 
comprehensive analysis by varying sequence length and 
assessing model’s predictive capability on the validation 
data. The specific search space of three parameters was 
enumerated in Additional file 1: Table S2. The Acc, MCC, 
and AUC evaluation metrics were employed to deter-
mine the optimal parameter settings.

The human Kla site prediction performance of differ-
ent parameters on the validation data was demonstrated 
in Fig.  2. For different learning rates and batch sizes, 

Fig. 1  The determination of optimal sample length and sequence similarity threshold for defining human Kla benchmark datasets. A The line 
chart showing each AUC value of each dataset with specific sample length and sequence similarity, in which x axis is sample length, different 
colored lines correspond to different sequence similarity thresholds. B–C Two violin plots visualizing the AUC values of datasets generated based 
on different sequence similarity thresholds of CD-HIT (corresponding to different colors) and different sample lengths (corresponding to different 
colors), respectively. D Sequence characteristics of Kla and non-Kla sites in the training data
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the values of Acc, MCC, and AUC metrics (as shown 
in Fig.  2A–C) were 70.3 ~ 78.8%, 0.407 ~ 0.576, and 
0.789 ~ 0.874, respectively. The optimization of these two 
hyperparameters would achieve about 9% increase in Acc 
and AUC, as well as an ~ 17% improvement in MCC. As 
illustrated in Fig.  2D, there was a gradual decline trend 
in model’s performance with the batch size increasing 

from 4 to 128. Referring to Fig. 2E, we observed an obvi-
ous positive trend in both Acc and MCC as well as AUC 
with learning rate less than 0.005, and a downward trend 
with learning rate more than 0.005. Regarding sequence 
length (Fig. 2F), analysis results revealed that Acc, MCC, 
and AUC all improved as sequence lengths approach-
ing 256, but began to decline for sequences longer than 

Fig. 2  The parameter optimization of the pretrained protein language model for accurately predicting human Kla sites. A–C The heatmap 
of learning rate (x-axis) and batch size (y-axis) optimization in terms of Acc, MCC, and AUC metrics, respectively. Brighter yellow blocks correspond 
to higher metric values in the heatmap. D–F representing the performance of different learning rates, batch sizes, and sequence length. Yellow, 
green, and red lines indicate Acc, MCC, and AUC metrics. G ROC (receiver operating characteristic) curve and H PRC (precision-recall) curve plotting 
the overall prediction performance of PBertKla with the optimal parameter setting on the validation data (green line) and independent validation 
data (red line), respectively



Page 5 of 13Lai et al. BMC Biology           (2025) 23:95 	

256. Finally, the optimal learning rate, batch size, and 
sequence length were set to 0.0005, 4, and 256, respec-
tively, corresponding to the model with the highest AUC 
value of 0.883. Through the above exploration and analy-
sis, the best parameter configuration was determined 
to construct PBertKla model for identifying human 
Kla sites. On the independent validation data, PBert-
Kla achieved a prediction accuracy of 80.3%, sensitiv-
ity of 78.7%, specificity of 82.0%, and MCC, AUC, and 
AUPRC values of 0.607, 0.884, and 0.866, respectively 
(Fig. 2G–H).

Feature visualization analysis of PBertKla training process
To intuitively illustrate the feature learning process on 
human Kla sequence samples and investigate the clas-
sification ability of PBertKla, we further visualized the 
gradually changing feature maps of the training dataset 
in a 2-dimensional (2D) space using Uniform Manifold 
Approximation and Projection (UMAP) [29]. Figure  3 
shows the sample distribution in each feature space dur-
ing the training process of PBertKla, in which each point 
represented each sample, Kla sites were labeled with red 
color while non-Kla sites with blue color.

As seen from Fig. 3A, all samples were mixed, indicat-
ing that model could not distinguish human Kla from 
non-Kla samples based on the original features generated 
from embedding layer. When mapping the data to the 
low-dimensional space on the basis of the output features 

of six transformer-like blocks, these two types of samples 
become more dispersed (Fig.  3B–G). After merging all 
local and global representations through a concatenation 
layer, a relatively obvious boundary appeared between 
Kla and non-Kla samples, with Kla samples predomi-
nantly distributed on the right and non-Kla samples on 
the left (Fig.  3H). This suggested that the key features 
determining PBertKla’s classification performance were 
likely encoded in this layer, highlighting the effectiveness 
of hybrid DL architectures. Overall, these feature visu-
alization observations further illustrated the capacity of 
PBertKla model in capturing potential information for 
the identification of human Kla sites.

Performance of manual feature engineering on human Kla 
representation
For comparison, this section delved into the exploration 
of Kla sample representation with manual feature engi-
neering. As reported by literature [30], the fusion scheme 
of seven classical feature encodings could characterize 
different types of PTM sites well. These comprehensive 
features would be taken into consideration to represent 
human Kla sites. Specifically, we extracted the sequence 
information of our human Kla benchmark dataset using 
position weight amino acid composition (PWAAC), 
amino acid relative position composition (AARPC), com-
position of k-space amino acid pairs (CKSAAP), com-
position of physical and chemical properties (CPCP), 

Fig. 3  The UMAP-based visualization of human Kla and non-Kla site sample distribution in 2D feature space. A The original feature map for input 
sequences originating from embedding transformation, B–G the feature maps originating from six transformer-like blocks, H the feature map 
originating from the integration of all blocks. Red and blue dots denoting human Kla and non-Kla site samples, respectively
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encoding based on grouped weight (EBGW), composi-
tion, transition and distribution (CTD), and cone fea-
ture space (CFS) feature descriptors. Meanwhile, a 
simple end-to-end manner was adopted to integrate 
these features for multi-information fusion. As a result, 
3080-dimensional feature vectors were produced for 
encoding Kla and non-Kla peptide samples. In this work, 
we applied both the base (“_L1”) and stacking (“_L2”) 
modes of PyTorch and fastai v1 neural network (NN) 
models to distinguish human Kla from non-Kla sites.

These models were learned on the training dataset and 
were assessed using the independent validation dataset. 
Performance evaluation results were presented in Fig.  4 
and Additional file 1: Table S3. Based on the seven hand-
crafted features, NN models could identify human Kla 
sites with Acc of 72.0 ~ 79.6%, MCC of 0.445 ~ 0.595, and 
AUC of 0.808 ~ 0.882. As illustrated in Fig. 4, the stack-
ing NN models performed better than base NN models, 
the Acc, MCC, and AUC values of NeuralNetFastAI_L2 
(green) were higher than that of NeuralNetFastAI_L1 

(yellow), and the same phenomenon was observed 
between NeuralNetTorch_L2 (red) and NeuralNetTorch_
L1 (blue). The PyTorch models were more effective than 
fastai v1 models in identifying human Kla sites, and Neu-
ralNetTorch_L2 performed the best and achieved the 
highest accuracy, MCC, and AUC of 79.6%, 0.595, and 
0.882, respectively. Overall, the multi-view feature fusion 
strategy for distinguishing human Kla sites from non-
Kla sites achieved maximum values of 79.6% Acc, 0.595 
MCC, and 0.882 AUC, which underperformed compared 
to PBertKla’s results of 80.3% Acc, 0.607 MCC, and 0.884 
AUC (as shown in Fig.  4A–B). All analysis results indi-
cated that this protein language model incorporating 
local and global representations constituted an effective 
approach for capturing Kla site-specific information.

Comparison of PBertKla with existing methods
For further assessing the effectiveness of our pro-
posed PBertKla, we conducted a comparative analysis 
against state-of-the-art Kla prediction methods. Due to 

Fig. 4  Performance evaluation of handcrafted features for representing human Kla sites based on neural network models. A The Acc, MCC, 
and AUC metrics, as well as B ROC and C PRC curves of the four neural network algorithms and our proposed PBertKla method (in red color)
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challenges in accessing or implementing FSL-Kla and 
A/EBFF-Kla, our comparison was limited to DeepKla 
[22], Auto-Kla [24], and DeepKlapred [23]. To ensure 
equitable comparison of algorithmic performance 
characteristics, the adoption of standardized training 
and validation protocols across all models on the same 
curated benchmark datasets was methodologically 
imperative. Thus, we learned DeepKla, AutoKla, and 
DeepKlapred models on our human Kla training data to 
predict the independent data. Independent validation 
results (Fig.  5 and Additional file  1: Table  S4) showed 
that the human Kla site prediction accuracy, MCC, 
and AUC values of DeepKla were 76.1%, 0.533, and 
0.853, those of AutoKla and DeepKlapred were 72.5%, 
0.486, 0.837 and 70.9%, 0.417, 0.767. PBertKla demon-
strated consistent superiority over DeepKla, AutoKla, 
and DeepKlapred models across most evaluation met-
rics, achieving relative improvements of approximately 
4–9% in accuracy, 7–19% in MCC, 3–12% in AUC, and 
2–11% in AUPRC, respectively (as depicted in Fig. 5A, 
C–D). Overall, our introduced PBertKla demonstrated 

an outstanding performance than other tools in pre-
dicting human Kla sites.

To evaluate the robustness and generalization ability 
of a model, independent testing datasets were usually 
utilized to confirm the prediction performance. Con-
sequently, we established another independent testing 
dataset covering 2488 human Kla peptides derived from 
OSCC (oral squamous cell carcinoma) and NA (nor-
mal adjacent) tissues for further assessing the predictive 
capability of the above tools. As expected, the superior 
performance of PBertKla was sustained into the testing 
phase, and an apparent discrepancy in Kla identification 
accuracy presented in Fig. 5B. The PBertKla (in red color) 
accurately identified 2164 Kla sites, achieving the highest 
Acc value of 90.6% (2255/2488). Meanwhile, DeepKla (in 
green color), AutoKla (in yellow color), and DeepKlapred 
(in purple color) underperformed with accuracy of 79.1% 
(1968/2488), 65.5% (1608/2455), and 86.5% (2151/2488), 
respectively. All consistent results highlighted the PBert-
Kla’s excellent prediction capability and robust transfer-
ability, and further affirmed the architectural superiority 

Fig. 5  Performance comparison between PBertKla and existing tools in identifying human Kla sites. A, C–D The prediction Acc, MCC, and AUC 
metrics, as well as ROC and PRC curves of PBertKla (in red color), DeepKla (in green color), AutoKla (in yellow color), and DeepKlapred (in purple 
color) on the independent validation dataset. B The human Kla site identification accuracy of each tool on the independent testing dataset
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of the pretrained protein large language model in pre-
dicting human Kla sites.

Discussion
Lysine lactylation (Kla), an important type of protein 
PTMs, plays a key regulatory role in cellular metabolism, 
inflammatory response, and the onset and progression of 
various diseases. More and more researches pay atten-
tion to explore the application potential of Kla modifica-
tions as biomarkers for disease prognosis [31], therapy 
[32], drug-effect monitoring [33], and so on. However, 
the accurate identification of lactylated proteins and 
exact localization of lactylated amino acid residues are 
essential for revealing the molecular mechanisms and 
functional diversity of Kla modifications. Currently, aside 
from time-consuming and labor-intensive experimental 
methods, only a handful of computational tools are avail-
able for the convenient and rapid detection of human Kla 
sites.

Given the current scarcity of effective models for auto-
matically identifying human Kla sites, we proposed a 
novel human Kla site prediction approach in this work. 
A reliable benchmark dataset is essential for developing 
an efficient and stable classifier, serving as the founda-
tion that significantly enhances the overall performance 
of the model. Therefore, we firstly conducted a prelimi-
nary analysis to determine the optimal and representative 
human Kla benchmark dataset with appropriate sample 
length of 45 and sequence identity of 30%. Secondly, we 
employed a pretrained protein language model to learn 
from the above-mentioned human Kla peptide sequence 
data, resulting in the development of the PBertKla model 
for identifying human Kla sites. This model enabled the 
capture of both local (character level) and global (whole 
sequence level) representations of human Kla peptides by 
incorporating the classic BERT and Transformer mod-
ules. It exhibited impressive and robust prediction per-
formance on both independent validation and testing 
datasets, achieving accuracies of about 80.3% and 90.6%, 
respectively. Moreover, the comparative experiment find-
ings demonstrated that PBertKla exceeded the perfor-
mance of current Kla predictors in identifying human Kla 
sites. Owning to the limitation of data and calculation, 
the potential for our proposed method to identify Kla 
sites in other species remains unexplored in this research.

Furthermore, the following aspects on automatically 
predicting human Kla site warrant further investiga-
tion. First, with the growing popularity of MS/LC–MS 
technology and the significantly increasing focus on lac-
tylation, there is a rapid expansion of human lactylation 
data. To fully leverage these and information, a broad 
range of data from databases and published literature can 
be systematically collected in the future to construct a 

more comprehensive and standardized dataset of human 
lactylation sites. Second, to date, no research has thor-
oughly examined the effectiveness of different traditional 
machine learning (ML) algorithms and conventional 
feature engineering based on amino acid sequences in 
distinguishing human lactylation from non-lactylation 
sites. The potential of ML-based human Kla site predic-
tors merit additional exploration. Third, it would be ben-
eficial to investigate the development of multi-scale deep 
protein language learning models for the interpretable 
prediction of Kla sites. This model should incorporate 
protein structural data, evolutionary conservation infor-
mation, and other relevant features into advanced deep 
learning approaches [34, 35], such as the recently pub-
lished ESM3 model [36]. By integrating these diverse data 
sources, the model would provide a more comprehensive 
understanding of the biological context and improve the 
accuracy and interpretability of Kla site prediction. Lastly, 
to enhance accessibility for researchers in this field, we 
propose developing an advanced online platform. This 
platform would offer tools for data exploration, facilitate 
easy downloads, and provide human (or even potentially 
across various species) lactylation modification predic-
tion services while also supporting comprehensive analy-
sis of prediction results from different models.

In addition, extending studies beyond human data 
should be performed to analyze lactylation in different 
species, which could reveal conserved mechanisms and 
broaden our understanding of its evolutionary signifi-
cance. It would be meaningful to investigate the cross-
talk between lactylation and other modifications (e.g., 
phosphorylation) to uncover potential synergistic or 
antagonistic effects on protein function and gain a more 
comprehensive understanding of protein regulation.

Conclusions
In this study, we developed PBertKla, a novel deep learn-
ing-based predictor for accurately identifying human 
lysine lactylation (Kla) sites. By curating a reliable bench-
mark dataset and leveraging a pretrained protein lan-
guage model, PBertKla effectively captures both local 
and global sequence representations through BERT and 
Transformer modules. Our model demonstrated out-
standing predictive performance, achieving AUC and 
AUPRC values of 0.884 and 0.866, respectively, on the 
independent validation data. Comparative analyses fur-
ther confirmed its superior accuracy, robustness, and 
generalization ability over existing Kla site predictors. 
The source code of PBertKla is publicly available to offer 
a powerful approach for advancing lactylation research 
and its potential implications in disease mechanisms and 
therapeutic strategies.
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The development of PBertKla provides a useful com-
putational tool to complement experimental strategies 
for lactylation site detection, facilitating further explo-
ration of lactylation modifications in health and disease. 
Despite its strong performance, there remain areas for 
future improvement. Expanding the dataset with newly 
identified lactylation sites, incorporating structural and 
evolutionary information, and exploring multi-scale deep 
learning architectures could further enhance predictive 
power. Additionally, integrating Kla prediction tools into 
a user-friendly online platform would improve accessibil-
ity for researchers, enabling broader applications across 
multiple species and fostering deeper insights into the 
biological significance of lactylation.

Methods
Benchmark dataset
The primary raw data of this work was collected from 
the literature [37], including 9275 Kla sites 2437 proteins 
identified by LC–MS/MS experiments on 110 tumor 
and adjacent liver samples from 52 hepatitis B virus-
related hepatocellular carcinoma (HCC) patients. The 
sequences of all human proteins were downloaded from 
the Uniprot (Universal Protein Resource) database [38]. 
According to the location information of Kla sites and the 
corresponding annotated protein sequences, we obtained 
the positive samples, namely Kla peptides with length of 
2n+ 1 and lactylated lysine residue located at the center. 
The Kla sites with less than n upstream or downstream 
residues were not taken into consideration in this work. 
Similarly, the negative samples, with center of normal 
lysine residue, were extracted from all proteins without 
Kla sites. Then, the CD-HIT, a widely used bioinformat-
ics program for clustering and comparing large number 
of protein or nucleic acid sequences at different sequence 
identity levels [39, 40], was utilized to remove redundant 
sequences and avoid model overfitting. As most proteins 
do not undergo lactylation modification, a considerable 
number of negative samples were obtained. To balance 
the positive and negative samples, the equal amount of 
nonredundant negative samples was randomly selected 
out to be non-Kla dataset.

To build a reliable and practical benchmark data-
set of human Kla site, we conducted a preliminary 
analysis for determining the optimal sample length 
and the optimal sequence identity threshold of CD-
HIT. As a result, the dataset with sample length of 45 
and sequence identity of 30% was selected as the final 
benchmark dataset, consisting of 4820 Kla and 4820 
non-Kla sequence samples. Notably, this study divided 
the human Kla benchmark dataset into a training sub-
set for learning the prediction models, comprising 3856 
positives and 3856 negatives, and a validation subset 

for independently testing the prediction performance, 
containing 964 positives and 964 negatives (Table  1). 
This strategy guarantees a consistent and compara-
tive evaluation of the models’ effectiveness. For further 
validating the human Kla identification ability of mod-
els, a smaller LC–MS/MS experiment dataset, includ-
ing 2488 Kla sites from oral squamous cell carcinoma 
(OSCC) tissues and normal adjacent tissues (NATs) 
[41], was preprocessed to be independent testing data.

The protein large language model
In this work, we mainly made full use of ProteinBERT, a 
deep language model specifically designed for proteins 
[26, 42], to learn on Kla and non-Kla sequence data 
for automatically and accurately predicting Kla sites 
(Fig.  6). In this section, we would briefly describe the 
proposal of PBertKla, including the pretraining process 
on a huge number of protein sequences and relevant 
annotation knowledge, the critical fine-tuning process 
on human Kla benchmark dataset, as well as the archi-
tecture and methodology.

Encoding of protein/peptide sequence and annotation
During pretraining and fine-tuning, protein and pep-
tide sequences were encoded using 26 distinct inte-
ger tokens to represent 20 standard amino acids, 
selenocysteine (U), an undefined amino acid (X), 
another amino acid (OTHER), and three special tokens 
(START, END, PAD). Thereinto, START and END 
tokens marked the beginning and end of each sequence, 
while PAD token was used to extend shorter sequences 
to match the minibatch length. START and END tokens 
also aided in modeling proteins longer than the chosen 
length by selecting a random subsequence, excluding at 
least one end. The absence of the START or END token 
indicated that only part of the sequence was provided. 
Meanwhile, GO annotations were encoded as a binary 
vector of 8943 elements, with zeros everywhere except 
for entries corresponding to the protein’s GO terms. In 
scenarios of lacking GO annotation data, such as dur-
ing fine-tuning or evaluation on human Kla bench-
marks, it was set as a zero vector.

Table 1  The benchmark dataset of human lysine lactylation site

Dataset Sample type Sample number

Training data (80%) Positive 3856

Negative 3856

Independent data (20%) Positive 964

Negative 964
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The learning of PBertKla on human Kla benchmark dataset
To learn comprehensive protein representations, Pro-
teinBERT [26], a DL framework modeled after the Bidi-
rectional Encoder Representations from Transformers 
(BERT) architecture [43], was pretrained on approxi-
mately 106  M UniRef90 protein amino acid sequences 
along with their associated GO annotations. We directly 
obtained the pretrained protein language model frame-
work, implemented in TensorFlow’s Keras [44]. The Pro-
teinBERT framework was subsequently fine-tuned on our 
curated human Kla benchmark dataset to learn PBertKla.

The fine-tuning protocol of PBertKla involved three 
stages: in the initial phase, all layers of the pretrained 
model were kept frozen, with training restricted solely 
to a newly incorporated fully connected layer for a maxi-
mum of 40 epochs. Subsequently, all layers were unfro-
zen, and the model underwent further training for up to 
an additional 40 epochs. In the final step, the model was 
trained for one last epoch using a larger sequence length 
(setting to 1024). In addition, hyperparameter optimi-
zation was conducted on the learning rate, batch size, 
and sequence length (i.e., the number of tokens encod-
ing the input sequences), the search space of which was 
enumerated in Additional file 1: Table S2. We trained the 
model across different parameter settings and assessed 
its performance on the validation data. The best-per-
forming parameter configuration was selected to final-
ize the human Kla prediction model, namely PBertKla. 

It should be noted that throughout the fine-tuning and 
performance evaluation phases, no GO annotation data 
was utilized, namely the GO-annotation input remained 
a fixed all-zero vector. The entire procedure described 
above was executed on a NVIDIA RTX 3090 GPU.

Framework overview of PBertKla
Referring to the pretrained protein large language model 
(ProteinBERT) [26], when fine-tuning on the Kla bench-
mark dataset, the model receives two types of input 
information: (1) peptide sequences, represented as amino 
acid token sequences, (2) GO annotations, encoded as 
fixed-size all-zero vectors (as lack of GO annotation 
data). Architecturally, it features two quasi-parallel sub-
networks: one dedicated to local representations and the 
other to global representations (Fig. 6). The local repre-
sentations are three-dimensional tensors with the shape 
B× L× dlocal , where B represents the batch size, L is 
the sequence length within a mini-batch, and dlocal is the 
number of channels for the local representations (set-
ting to 128). The global representations are two-dimen-
sional tensors of shape B× dglobal (setting to 512). In 
the model’s initial layers, an embedding layer with dlocal 
output features transforms input sequences into a local-
representation 3D tensor. This embedding layer is applied 
uniformly across each position. Meanwhile, a fully con-
nected layer with dglobal output features converts input 
annotations into a global-representation 2D tensor.

Fig. 6  Schematic diagram of the proposed PBertKla method for identifying human Kla sites
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The model’s core architecture comprises six trans-
former-inspired blocks designed to process the local 
and global representations generated by the initial lay-
ers. Each block refines the local representations using 1D 
convolutional layers, which integrate both narrow and 
wide convolutional layers to capture contextual depend-
encies at varying scales—ranging from local to distant 
sequence positions. These convolutional operations are 
followed by a fully connected layer. Simultaneously, the 
global representations are updated through two fully 
connected layers within each block. Every hidden layer 
in the model, including both fully connected and con-
volutional layers, employs GELU (Gaussian Error Linear 
Unit) as the activation function.

In each block, the local and global representations 
interact exclusively through broadcast fully connected 
layers (from global to local) and global attention lay-
ers (from local to global). The broadcast layers are fully 
connected layers that convert the global representa-
tion’s dglobal features into the local representation’s dlocal 
features, then duplicate this representation across all L 
sequence positions.

When PBertKla was trained on labeled human Kla 
datasets, a new fully connected layer was added to its 
output, connected to the local representations. This 
involved concatenating all the local normalization lay-
ers (two per block) with the output sequence, which 
were then passed into the final fully connected layer. 
This layer included a dropout layer and a sigmoid acti-
vation function for binary classification labels. Overall, 
the innovative integration of local and global represen-
tations, combined with dual-input pretraining strategy, 
this robust framework would achieve efficient and stable 
learning outcome on Kla peptide sequences. By synergis-
tically integrating local residue-level patterns with global 
functional embeddings through a dual-modality pre-
training strategy, this architecture would achieve robust 
generalization capabilities, enabling efficient and stable 
learning on Kla peptide sequence prediction tasks.

Other deep learning models
To evaluate PBertKla, we also trained and tested several 
other DL models on our human Kla benchmark dataset. 
We firstly employed ProtBERT [45], another BERT-based 
large protein language model, to predict human Kla sites. 
Moreover, the research of Lv et al. [30] indicated that the 
feature engineering based on amino acid composition 
information, physicochemical property information, and 
spatial mapping information was effective to represent 
PTM sites. Therefore, we encoded human Kla and non-
Kla samples using the seven feature descriptors proposed 
by them, including PWAAC, AARPC, CKSAAP, CPCP, 
EBGW, CTD, and CFS. These features were then fused to 

feed into DL models to predict human Kla sites. Here, we 
utilized the program package provided by Lv et  al. [30] 
to perform the aforementioned feature extraction. The 
AutoGluon, an open source software with automated 
machine learning (AutoML) capabilities, was developed 
by Amazon team [46]. They provided the convenient 
and effective implementation for a series of ML and DL 
models, including PyTorch neural networks and fastai v1 
neural networks, which were employed in this work to 
classify human Kla sites.

Additionally, we evaluated three existing Kla prediction 
tools (including DeepKla, AutoKla, and DeepKlapred) 
to predict human Kla sites. All of these tools were devel-
oped based on deep learning (DL) architectures. The 
architecture of DeepKla consisted of four closely con-
nected subnetworks, including a word embedding layer, 
convolutional neural network (CNN), bidirectional gated 
recurrent units (BiGRU), and attention mechanism layer 
[22]. DeepKlapred integrated six biochemical/evolution-
ary sequence descriptors into a BiGRU-Transformer 
framework, with a cross-attention fusion mechanism 
dynamically bridging sequence embeddings and descrip-
tor features to capture their synergistic interactions [23]. 
The Auto-Kla model was mainly composed of adaptive 
embedding module, Transformer encoder module, and 
multi-layer perceptron classifier module [24]. Independ-
ent validation datasets were accordingly tested on them 
for performance comparison among all models.

Performance evaluation
The performance of each Kla prediction model is evalu-
ated using following common metrics, including accu-
racy (Acc), sensitivity (Sn), specificity (Sp), and Matthews 
correlation coefficient (MCC) [47–51]. The formulas for 
computing these metrics as follows:

where TP (true positive) and FP (false positive) are the 
numbers of sequences correctly and incorrectly pre-
dicted as Kla samples, respectively. TN (true negative) 
and FN (false negative) are the numbers of sequences 
correctly and incorrectly classified as non-Kla samples. 
ROC (receiver operating characteristic) curves and PR 
(precision-recall) curves are also employed to visually 
represent the overall predictive performance, and the 
areas under ROC curve (AUC) and PR curve (AUPRC) 
are further calculated to quantify performance. All indi-
cator values range from [0, 1], higher values indicating 
better prediction performance.

(1)

Accuracy = TP+TN
TP+TN+FP+FN

Sensitivity = TP
TP+FN

Specificity= TN
TN+FP

MCC= TP×TN−FP×FN√
(TP+FP)(TP+FN )(TN+FP)(TN+FN )
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