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A B S T R A C T

Cas proteins (CRISPR-associated protein) are the core components of the CRISPR-Cas system, playing critical 
roles in defending against foreign DNA and RNA invasions. Identifying Cas proteins can provide deeper insights 
into the immune mechanisms of the CRISPR-Cas system and help uncover the functional mechanisms of Cas 
proteins. In this study, we developed a computational tool named CasPro-ESM2, which combines the Pre-trained 
Protein Language Model ESM-2, multi-scale convolutional neural networks, and evolutionary information from 
protein sequences to identify Cas proteins. Experimental results demonstrate that CasPro-ESM2 outperforms 
existing models in Cas protein identification, achieving the highest values in metrics such as ACC, SP, SN, and 
MCC on two different datasets. Furthermore, we deployed this tool on a web server to enable direct access for 
users (http://www.bioai-lab.com/CasProESM-2).

1. Introduction

The CRISPR-Cas system (Clustered Regularly Interspaced Short 
Palindromic Repeats and its associated Cas proteins) is an RNA-guided 
immune mechanism developed by bacteria and archaea to defend 
against the invasion of exogenous DNA and RNA [1]. This system 
comprises short repetitive sequences in DNA (CRISPR sequences) and 
functionally diverse Cas proteins. Spacer sequences within the CRISPR 
loci store genetic fragments of previously invading viruses or plasmids, 
enabling the host to rapidly respond to similar invasions in the future by 
leveraging this “memory.” Utilizing this stored information, the CRISPR- 
Cas system precisely identifies and eliminates foreign genes, thus 
maintaining genomic stability within the cell [2].

The core of the CRISPR-Cas system is the Cas proteins, which 
perform diverse functions required to recognize and degrade foreign 
DNA or RNA. The immune process of the CRISPR-Cas system is generally 

divided into three stages: adaptation, expression, and interference [3]. 
In the adaptation stage, Cas proteins recognize exogenous DNA and 
integrate its fragments into CRISPR sequences. Subsequently, these se
quences are transcribed into crRNA (CRISPR RNA) and form complexes 
with Cas proteins. Finally, during the interference stage, the crRNA 
collaborates with Cas proteins to specifically target and cleave foreign 
genes [4,5]. As shown in Fig. 1, the CRISPR-Cas system is primarily 
classified into Class 1 and Class 2 based on the composition and function 
of effector proteins. The key distinction between these two classes lies in 
whether the effector function is carried out by a multi-protein complex 
or a single protein [6]. Further research has led to a more detailed 
subdivision of these two classes into multiple subtypes. Class 1 CRISPR- 
Cas systems include Type I, Type III, Type IV, and the recently identified 
Type VII, whereas Class 2 CRISPR-Cas systems consist of Type II, Type V, 
and Type VI [7]. Class 1 CRISPR-Cas systems are the most prevalent in 
nature, requiring multiple Cas proteins to work together, forming a 
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complex multi-protein effector complex to carry out CRISPR immune 
functions. For example, Cas8/Cas10 is responsible for target DNA 
binding and interference, while Cas3, a hallmark Cas protein of Class 1, 
functions as an exonuclease that degrades invading DNA. Cas7 provides 
structural support within the CRISPR complex and plays a role in crRNA 
processing and target interference. Additionally, Cas5 and Cas6 
contribute to the assembly of the CRISPR complex and are involved in 
crRNA processing, ensuring the system's stable operation. During the 
CRISPR adaptation stage, Cas1 and Cas2 mediate the insertion of new 
spacer sequences, while Cas4 is involved in the preprocessing of these 
spacers. In contrast, Class 2 CRISPR-Cas systems are widely used in gene 
editing and detection applications due to their simpler structure, which 
requires only a single Cas protein and its corresponding RNA [8]. Cas 
proteins exhibit significant diversity, with each protein possessing 
unique characteristics and evolutionary origins. Since the Cas proteins 
in Class 2 can independently perform all effector functions, they are 
widely used in gene editing and molecular detection, for example, Cas9, 
one of the most well-known Cas proteins, is a nuclease extensively uti
lized in gene editing, achieving precise DNA cleavage by recognizing 
specific PAM (Protospacer Adjacent Motif) sequences [9]. Cas12, in 
addition to cleaving double-stranded DNA, demonstrates the ability to 
cleave non-targeted single-stranded DNA, showcasing its potential in 
molecular diagnostics [10]. Cas13 primarily targets RNA and has gained 
wide application in virus detection in recent years, including for COVID- 
19 testing [11]. As research progresses, CRISPR-Cas system technologies 
have found broad applications in gene editing, gene regulation, and 
pathogen detection. For instance, Cas9 is used not only for gene 
correction in human hereditary diseases but also for editing crops like 
rice and wheat to enhance yield and disease resistance [12,13]. Simi
larly, Cas12 has achieved groundbreaking results in plant gene editing. 
Cas13, due to its RNA-targeting specificity, is widely employed in virus 
detection, covering SARS-CoV-2 as well as early detection of other in
fectious diseases [14].

Despite significant advancements in understanding the functionality 
of Cas proteins, the diversity and functional mechanisms of the Cas 
family still require further exploration. Identifying and classifying 
different types of Cas proteins is critical for advancing novel CRISPR-Cas 
system applications and developing more precise and efficient gene- 
editing tools. Traditional methods for identifying Cas proteins primar
ily rely on sequence alignment-based technologies, such as BLAST and 
HMMER [15,16]. These tools depend heavily on known sequence da
tabases, identifying Cas proteins by detecting similar sequences or 
conserved regions. For instance, HMMCAS [17] is a tool that identifies 
Cas proteins based on the HMMER method. While these methods 
perform well in identifying Cas proteins closely related to known se
quences, their efficacy declines when dealing with distantly related Cas 
proteins, especially in poorly studied bacteria and archaea. This limi
tation arises due to the lack of sequences in existing databases resem
bling these Cas proteins, making it challenging to capture their 

functional characteristics [1].
Given the reliance of sequence homology-based methods on the 

quality and breadth of existing databases, recent years have seen the 
emergence of computational methods leveraging machine learning to 
identify Cas proteins [18]. CASPredict [19], developed by the Yang 
team, uses support vector machines (SVMs) with optimal dipeptide 
composition as features for predicting Cas proteins [19]. CRISPRCas
Stack [20], developed by the Zhang team, employs features such as 
sequence information and position-specific scoring matrix (PSSM) data, 
combined with the sequential forward search (SFS) method to select 
features for identifying Cas proteins. Currently, most Cas protein iden
tification methods, apart from sequence homology-based approaches, 
rely on traditional machine learning techniques. However, the applica
tion of deep learning in recent years has revolutionized bioinformatics 
due to its superior performance in handling complex nonlinear data. 
Tasks like protein structure prediction, functional annotation, and 
sequence classification have benefited significantly from deep learning. 
For instance, convolutional neural networks (CNNs) and long short-term 
memory (LSTM) models have been applied to protein family classifica
tion and sequence pattern detection. These approaches automatically 
learn sequence features, overcoming the limitations of traditional 
methods that rely on manually designed features. For example, Zhou's 
team used CNNs for protein structure prediction [21], while Alakus's 
team applied LSTM models to predict protein-protein interactions [22].

Moreover, the success of large language models (LLMs) in natural 
language processing (NLP) has inspired researchers to introduce them 
into bioinformatics, particularly in protein sequence analysis [23,24]. 
Models such as BERT and GPT, based on the Transformer architecture, 
were initially developed for NLP tasks. Their powerful context- 
processing and sequence dependency capabilities make them well- 
suited for analyzing biological sequences [25]. In recent years, special
ized LLMs for protein sequences, such as the ESM (Evolutionary Scale 
Modeling) series, have emerged. These models learn from millions of 
protein sequences, capturing evolutionary and functional features. ESM- 
1b, ESM-2, and similar models [26–28], based on the Transformer ar
chitecture, process large volumes of protein sequence data using deep 
neural networks, demonstrating exceptional capabilities in protein 
function prediction. Their advantage lies in the ability to uncover im
plicit sequence patterns and features through self-supervised learning 
without requiring labeled data. Compared to traditional machine 
learning models, these methods effectively handle vast amounts of 
sequence information and achieve higher accuracy when analyzing 
distantly related homologs.

Building on the rapid development of deep learning technologies and 
LLMs, we propose a new method for identifying Cas proteins. This 
method combines the powerful sequence representation capabilities of 
the ESM-2 protein language model with functional information derived 
from PSSM-based AATP features (Amino Acid Type Profile) [29]. Using 
a deep learning framework, the method identifies Cas proteins by 

Fig. 1. Classification of CRISPR-Cas systems and related Cas proteins.
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capturing deep sequence characteristics that traditional methods 
struggle to detect. Experimental results demonstrate that the ESM-2- 
based model achieves superior accuracy and sensitivity, especially 
when analyzing distantly related homologs, providing new directions 
for developing more precise and efficient tools for CRISPR-Cas system 
applications.

2. Methods and materials

2.1. Dataset

In this study, we utilized two high-quality datasets to train and 
evaluate our Cas protein classification model. These datasets were 
derived from CRISPRCasStack [20] and CASPredict [19], respectively. 
Both datasets were constructed based on the UniProt database.

For the CRISPRCasStack dataset, a total of 209 Cas protein sequences 
were collected. The negative dataset was composed of manually curated 
non-Cas proteins. To ensure that sequence similarity was below 70 % 
and to exclude sequences containing non-standard amino acids, the CD- 
HIT tool was applied with a 70 % similarity threshold for clustering. The 
final dataset consisted of 150 positive and 150 negative samples for the 
training set and 59 positive and 59 negative samples for the test set.

For the CASPredict dataset, an initial collection of 293 Cas protein 
sequences was extracted from the UniProt database. These sequences 
were manually inspected to remove those containing ambiguous resi
dues (e.g., “X,” “B,” “Z”). To reduce sequence redundancy, CD-HIT was 
used with a 30 % similarity threshold, resulting in 155 Cas protein se
quences retained as positive samples. The negative samples were care
fully selected from manually reviewed non-Cas proteins in the UniProt 
database. CD-HIT was subsequently applied to remove sequences with 
homology >40 % in the initial negative dataset, ensuring sequence 
similarity below 40 % and matching the length distributions. The final 
dataset included 155 positive (Cas proteins) and 155 negative (non-Cas 
proteins) samples for the training set, with an additional 64 positive and 
64 negative samples for the test set. For these two different datasets, we 
mainly use Dataset1 to determine our model hyperparameters and use 
both Dataset1 and Dataset2 to evaluate our model under different 
training conditions. Table 1 shows the information of the two datasets in 
detail.

2.2. Workflow architecture of CasPro-ESM2

To accurately identify Cas proteins, we designed a new web-based 
tool—CasPro-ESM2. The model's construction and protein analysis 
workflow are illustrated in Fig. 2. As shown in Fig. 2A, the raw amino 
acid sequence of the protein to be analyzed enters the model and flows 
through two distinct channels to extract the embedded information. One 
channel extracts features based on the AATP (Amino Acid Type Profile) 
derived from the Position-Specific Scoring Matrix (PSSM). The other 
channel processes information using the ESM-2 MSCNN Extractor 
module. These two refined feature sets are subsequently fused, forming 
the foundation for predicting Cas proteins. Fig. 2B depicts the ESM-2 
MSCNN Extractor module, which uses multi-scale convolutional neu
ral networks to process the information obtained after the protein 
sequence is input into the ESM-2 model. After designing the prediction 
model, we integrated a visualization module to evaluate which com
ponents of the CasPro-ESM2 model contribute to Cas protein predictions 

and to validate the interpretability of our model, as illustrated in Fig. 2C. 
Finally, the CasPro-ESM2 model was deployed on a server, creating an 
online tool for Cas protein identification. This tool enables users to 
perform protein sequence predictions conveniently through the web 
interface.

2.3. ESM-2 MSCNN extractor

In recent years, a significant breakthrough in natural language pro
cessing (NLP) has been the development and application of large lan
guage models (LLMs). In 2017, Vaswani et al. introduced the 
Transformer model, which became the cornerstone of LLMs [30]. The 
self-attention mechanism in the Transformer architecture eliminates the 
sequential processing limitations of recurrent neural networks (RNNs), 
allowing parallel sequence processing and excelling at capturing long- 
range dependencies [31]. This innovation greatly improved the effi
ciency and performance of models in handling textual data, laying the 
foundation for large-scale pre-trained language models. Subsequently, 
numerous pre-trained models based on the Transformer architecture 
emerged. In 2018, OpenAI introduced GPT (Generative Pretrained 
Transformer) [32], which used the encoder portion of the Transformer 
for pre-training and was applied to various downstream generative tasks 
such as text generation, translation, and summarization. In 2019, Google 
introduced BERT (Bidirectional Encoder Representations from Trans
formers) [33], a bidirectional Transformer-based model that achieved 
remarkable performance in multiple NLP tasks, further propelling the 
development of LLMs.

In bioinformatics, protein sequences share structural similarities 
with textual data, making language model-based representation 
methods directly applicable to protein sequences. Pre-trained models 
can learn semantic information from large-scale protein sequences, 
generating rich protein embeddings. Notable examples include the ESM 
(Evolutionary Scale Modeling) series and ProteinBERT [34]. These 
embeddings effectively capture both local and global features of amino 
acids, enabling downstream tasks like classification and functional 
prediction. To efficiently identify Cas proteins, this study adopted the 
flexible and accurate ESM-2 [35] LLM to generate embeddings for pro
tein sequences, combining these with multi-scale convolutional neural 
networks (MSCNNs) for further information extraction and learning. 
ESM-2, developed under Meta AI's deep learning framework, is a type of 
protein language model. As a pre-trained Transformer model trained on 
extensive protein sequence data, ESM-2 employs unsupervised learning 
to capture contextual dependencies among amino acids, extracting se
mantic features from protein sequences. Unlike traditional sequence 
alignment methods, ESM-2 does not rely on evolutionary information 
but infers structural and functional insights directly from the sequence 
itself. ESM-2 builds upon its predecessors, ESM-1 (2019) and ESM-1b 
(2020) [26], offering a better balance between performance and 
computational efficiency. It excels at handling longer sequences and 
more complex tasks, demonstrating superior performance across 
different applications. Compared to traditional multiple sequence 
alignment (MSA)-based protein feature extraction methods [36], ESM-2 
exhibits stronger generalization capabilities and higher computational 
efficiency.

MSCNNs [37], a variant of convolutional neural networks (CNNs), 
use filters of different scales to capture multi-level feature information 
from input data. By accommodating a diverse range of receptive fields, 
MSCNNs excel at identifying feature patterns across varying scales. This 
capability makes MSCNNs particularly effective for processing long- 
sequence data, image analysis, and complex biological data that 
require simultaneous recognition of both local and global patterns. The 
ESM-2 model adeptly captures long-range relationships between amino 
acids. By combining MSCNNs with ESM-2, we further investigate the 
important patterns within the high-dimensional features provided by 
ESM-2, refining the information from global to granular details. Spe
cifically, protein sequences encoded by ESM-2 produce 320-dimensional 

Table 1 
Datasets used in this study.

Training data Testing data

Dataset 1
Negative Positive Negative Positive
150 150 59 59

Dataset 2
Negative Positive Negative Positive
155 155 64 64
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Fig. 2. (A) Overall Structure of the CasPro-ESM2 Model. This module consists of AATP and the ESM-2 MSCNN components, which extract high-efficiency features 
from protein sequences. These features are combined into high-dimensional feature representations that enable the accurate identification of Cas proteins. (B) Details 
of the ESM-2 MSCNN Extractor Module. The features derived from the ESM-2 model, based on a six-layer BERT architecture, undergo pooling, flattening, and other 
processes. These operations enhance the model's ability to perceive multi-scale information within protein sequences. (C) Model Interpretability Analysis UMAP 
(Uniform Manifold Approximation and Projection) dimensionality reduction is used to visualize extracted features. Combined with attention mechanism heatmaps, 
this approach highlights the importance of specific amino acids in identifying Cas proteins, thereby enhancing the interpretability of the model. (D) Web Server 
Architecture Based on CasPro-ESM2. The application workflow of the CasPro-ESM2 model on the web server includes functionalities such as protein sequence 
prediction and dataset downloads, providing a convenient platform for researchers to utilize the model.
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feature vectors, which are then processed through convolutional oper
ations in MSCNNs. The MSCNN module uses three different kernel sizes 
to capture multi-level sequence information, ultimately producing 256- 
dimensional feature vectors. These features capture not only the local 
information of amino acids within the sequence but also the global 
structural characteristics, providing rich inputs for downstream multi- 
scale convolutional neural networks. This combination of ESM-2 and 
MSCNNs allows for more robust and nuanced analysis of protein se
quences, offering a significant advantage in identifying Cas proteins 
with high accuracy and precision.

2.4. AATP features

Position-Specific Scoring Matrix (PSSM) is a matrix representing the 
evolutionary information of protein sequences [38]. It describes the 
probability of each amino acid appearing at different positions in a 
protein sequence, calculated through alignments with a set of similar 
protein sequences. PSSM captures the conservation and evolutionary 
information of different positions within the sequence [39]. Various 
feature representations can be derived from PSSM through different 
computational methods, such as AATP, Pse-PSSM, CTDT, and Tri-gram- 
PSSM. In this study, we utilized AATP [29] features as auxiliary features 
to assist CasPro-ESM2 in learning more diverse information. The core 
concept of AATP lies in analyzing and summarizing the values within the 
PSSM matrix to extract preference information of different types of 
amino acids in the sequence. By statistically capturing the tendency of 
specific amino acids to appear, AATP reduces data redundancy while 
retaining critical sequence information related to amino acid prefer
ences. Furthermore, the calculation of AATP enables the transformation 
of the high-dimensional PSSM matrix into a fixed-length vector, thereby 
improving computational efficiency and making it suitable for large- 
scale protein data analysis. Previous experimental comparisons have 
also demonstrated [20] that, for the representation of Cas protein se
quences, the AATP representation method based on PSSM is more 
effective.

The calculation of AATP features consists of two main feature vec
tors: Amino Acid Composition (AAC) [40] and Transition Probability 
Composition (TPC) [41], specifically as follows: 

(1) AAC describes the average propensity of each amino acid across 
the entire protein sequence. It can be calculated as the mean 
value of each column in the PSSM.

xj =

(
1
L

)
∑L

i=1
Pi,j, forj = 1, 2,…,20 (1) 

where L represents the length of the protein, and Pi,j denotes the score in 
the PSSM matrix at position i corresponding to the j amino acid. These 
20 values constitute a 20-dimensional vector C = (x1, x2,…, x20)

T , 
which represents the AAC feature. 

(2) TPC (Transition Probability Composition) reflects the probability 
of one amino acid transitioning to another within the sequence, 
resulting in a 400-dimensional vector. The specific calculation 
method is as follows:

Xi,j =

(
∑L− 1

k=1

(
Pk,i ×Pk+1,j

)
)

÷

(
∑20

j=1

∑L− 1

k=1

(
Pk,j ×Pk+1,j

)
)

, for1 ≤ i, j ≤ 20

(2) 

where Pk,i and Pk+1,j represent the scores of the i amino acid at position k 
and the j amino acid at position k + 1 in the PSSM, respectively.

Finally, the AATP features are formed by combining the two com
ponents described above, resulting in a total of 20 (AAC) + 400 (TPC) =
420-dimensional features for each protein sequence.

2.5. Performance evaluation

To evaluate the performance of our model on Cas protein datasets, 
we adopted the same four evaluation metrics used in previous studies: 
ACC (Accuracy), SP (Specificity), SN (Sensitivity), and MCC (Matthews 
Correlation Coefficient). These metrics are calculated based on the 
values of True Positive (TP), True Negative (TN), False Positive (FP), and 
False Negative (FN) [24,42,43]. The specific calculation formulas are as 
follows: 

SN =
TP

TP + FN
(3) 

SP =
TN

TP + FN
(4) 

ACC =
TP + TN

TP + FP + TN + FN
(5) 

MCC =
(TP × TN) − (FP × FN)

̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅̅
(TP + FP)(TP + FN)(TN + FP)(TN + FN)

√ (6) 

Among these four evaluation metrics, ACC, SP, and SN have values 
ranging from 0 to 1, representing the proportion of correctly predicted 
samples among all samples, the model's ability to identify negative 
samples, and the model's ability to identify positive samples, respec
tively. Higher values for these three metrics indicate better performance 
in the aspects they measure. MCC is a comprehensive metric that can 
better evaluate the classification performance of the model in cases of 
imbalanced datasets. MCC values range from − 1 to 1, where 1 indicates 
perfect classification, 0 indicates random predictions, and − 1 indicates 
completely incorrect classification.

3. Results

3.1. Prediction performance of CasPro-ESM2

To ensure more robust evaluation, we applied a five-fold cross-vali
dation method on Training Dataset 1. The data was divided into five 
subsets, and the model was trained and validated on these subsets in 
turn. This approach allowed for a more comprehensive evaluation of the 
model's performance while reducing the risk of overfitting due to limited 
data. Specifically, the training set of each dataset was divided into five 
folds. For each fold of training, four folds were used as the training set, 
while the remaining fold was used as the validation set. The validation 
set was utilized to evaluate the results of the current training. Finally, 
the performance of the validation sets from all folds was aggregated and 
averaged to produce the final training results on the dataset. Subse
quently, the complete training data was used to train the model. The 
results are shown in Table 2.

3.2. Comparison with existing methods

Cas proteins are the core components of the CRISPR-Cas system, and 
numerous methods for Cas protein identification have been proposed. 
To fairly highlight the superiority of our approach, we conducted 
training on two separate datasets to avoid overlapping between training 
and testing sets across different datasets, which could lead to inaccurate 
evaluations. The detailed results are shown in Fig. 3. Fig. 3A presents the 
performance on the test set of Dataset 1, where the CasPro-ESM2 model 

Table 2 
Performance of the CasPro-ESM2 model on Dataset 1.

ACC SP SN MCC AUC

Cross-validation 0.9400 0.9071 0.9749 0.8829 0.9779
Independent test set 0.9576 0.9153 1.0000 0.9186 0.9736
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achieves optimal results across all evaluation metrics. Specifically, its 
specificity (SP) and Matthews correlation coefficient (MCC) outperform 
the CRISPRCasStack method by 3.49 % and 5.26 %, respectively. 
Notably, the model demonstrates an exceptional ability to recognize 
non-Cas proteins in Dataset 1, achieving a specificity of 100 %.

Similarly, as shown in Fig. 3B, the CasPro-ESM2 model also exhibits 
excellent performance on Dataset 2. Compared to the CASPredict model, 
it achieves improvements in accuracy (ACC), specificity (SP), sensitivity 
(SN), and MCC by 11.25 %, 5.42 %, 16.29 %, and 22.47 %, respectively. 
These results demonstrate that our model has a strong capability for 
predicting Cas proteins and performs well across different datasets, 
highlighting its robustness and generalization ability.

3.3. Evaluating model performance on imbalanced data

To evaluate the model's performance under imbalanced data distri
bution in real-world scenarios, we collected additional non-Cas protein 
samples to simulate naturally imbalanced samples. Since no established 
research indicates the precise ratio of Cas to non-Cas proteins in nature, 
we selected the archaeon Methanocaldococcus jannaschii, which contains 
a typical CRISPR-Cas system, as the research subject. By analyzing the 
genomic data of this archaeon, we calculated the proportion of Cas 
proteins in its proteome, providing a reference for estimating the ratio of 
Cas to non-Cas proteins in nature [44]. The genome of this archaeon has 
been extensively studied and annotated, and its CRISPR-Cas system is 
well-documented, making it a suitable model for calculating the pro
portion of Cas and non-Cas proteins. Specifically, we downloaded the 
complete genome data of Methanocaldococcus jannaschii from the NCBI 
Genome database, and calculated the ratio by counting the number of 
Cas proteins and the total number of proteins in the genome. The 
genome of Methanocaldococcus jannaschii consists of 1812 proteins, of 
which 21 are Cas-related proteins. Based on this data, we estimated the 
ratio of Cas to non-Cas proteins to be approximately 1:86.

Subsequently, we selected reviewed non-Cas protein entries from 
bacteria or archaea in the UniProt database. The search results from 
UniProt provide two types of data: UniProtKB/Swiss-Prot (Reviewed) 
and UniProtKB/TrEMBL (Unreviewed). The UniProtKB/Swiss-Prot 
(Reviewed) entries are manually curated, having undergone expert 
validation based on experimental data, literature, and bioinformatics 

analysis. These entries are of high quality, with detailed annotations on 
function, structure, interactions, and more. On the other hand, Uni
ProtKB/TrEMBL (Unreviewed) entries are automatically annotated, 
without human curation, and are of larger volume but relatively lower 
accuracy. To ensure the accuracy of this study, we applied the search 
condition “(taxonomy_id:2) OR (taxonomy_id:2157) NOT (keyword:cas) 
NOT (keyword:KW-1257)” for selecting non-Cas protein entries as 
negative controls. Here, ‘taxonomy_id:2’ and ‘taxonomy_id:2157’ refer 
to searches within bacteria and archaea, and ‘KW-1257’ represents 
CRISPR-Cas system-related entries. We then processed these entries 
following the same procedure as the original balanced dataset, removing 
sequences containing ambiguous residues (such as “X,” “B,” and “Z”). 
Afterward, we used the CD-HIT tool with a 30 % similarity threshold for 
clustering, ultimately constructing an imbalanced dataset with a 
positive-to-negative sample ratio of 1:86, as shown in Table 3.

We trained the model using the imbalanced training set and then 
evaluated its robustness and generalization ability on the imbalanced 
test set. Keeping the model architecture unchanged, we adjusted the 
“weight” parameter in the cross-entropy loss function due to the severe 
class imbalance. Specifically, we set the “weights = [0.2, 86]” to ensure 
that the loss computation included a weight factor, making the model 
more sensitive to the minority class. The final test results of the model on 
the imbalanced dataset are shown in Table 4.

From the final results, we can observe that although the positive 
samples used for training accounted for only 1.15 % of the total data 
samples, our model was still able to effectively capture the character
istics of Cas protein samples. These results demonstrate that the pro
posed model can efficiently distinguish between Cas and non-Cas 
proteins even under severe class imbalance. This proves that the model 
not only performs well on balanced datasets for standard tasks but also 
maintains high performance when dealing with highly imbalanced real- 
world data, providing strong support for efficient prediction in practical 

Fig. 3. Comparison of CasPro-ESM2 with other models. (A) Radar chart comparing CasPro-ESM2 with three other models on the independent test set of Dataset 1. (B) 
Radar chart comparing CasPro-ESM2 with the CASPredict-SVM model on the independent test set of Dataset 2.

Table 3 
Imbalanced dataset samples.

Training data Testing data

Imbalanced dataset Negative Positive Negative Positive
12,900 150 5074 59
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applications.

3.4. Ablation study

To better understand the contribution of each module to the overall 
performance of the model, we designed a series of ablation experiments. 
Specifically, we started with the complete CasPro-ESM2 model and 
progressively removed individual components to observe the impact of 
these changes on model performance. The experimental design includes 
the following model variants: 

(1) AATP-only model: Using only AATP features while removing 
ESM-2 features and the multi-scale convolutional module.

(2) AATP+ESM-2 model: Retaining AATP and ESM-2 features but 
removing the multi-scale convolutional module.

(3) ESM-2+MSCNN model: Retaining ESM-2 features and the multi- 
scale convolutional module while removing AATP features.

By comparing the performance of these model variants, we aim to 
gain deeper insights into the role of each module in enhancing the 
overall performance of the CasPro-ESM2 model.

As shown in the Fig. 4, the complete CasPro-ESM2 model achieved 
the highest accuracy on the training set. On the independent test set, the 
complete model outperformed all ablation variants across all evaluation 
metrics, demonstrating significant superiority. Specifically, when the 
multi-scale convolutional module was removed, there was a noticeable 
drop in specificity and MCC, indicating the critical role of this module in 
capturing features across multiple scales. Similarly, removing the AATP 
features also led to a decline in MCC, highlighting the importance of 
AATP features in enhancing the classification accuracy of the model. 
These results underscore the significant contributions of both the multi- 
scale convolutional module and the AATP features to the model's per
formance. The complete CasPro-ESM2 model demonstrated strong ca
pabilities in feature extraction and complementarity, suggesting that 

retaining the full model architecture is essential for achieving optimal 
performance in practical applications.

3.5. Optimization of MSCNN window sizes

When extracting embedding information from the ESM-2 model, we 
designed the ESM-2 MSCNN Extractor module. This module applies a 
multi-scale convolutional neural network (MSCNN) to the output layer 
of the ESM-2 model to further extract information. The choice of win
dow size significantly affects feature extraction and model performance.

Smaller window sizes (e.g., 3, 5) are adept at capturing short-range 
local patterns or features, such as local amino acid sequence motifs. 
However, due to their limited scope, features extracted with smaller 
windows are more sensitive to noise in the input. In contrast, larger 
windows (e.g., 11, 13) are capable of capturing global patterns over a 
broader sequence range, making them suitable for identifying long- 
range features or motifs. However, larger windows increase computa
tional complexity and may lead to higher model complexity, particularly 
for longer sequences. Moderately-sized windows (e.g., 7, 9) strike a 
balance between capturing local and global information, enabling the 
extraction of medium-length patterns in sequences. To achieve optimal 
prediction performance, we experimented with different window com
binations. As illustrated in the Table 5, we compared the performance of 
four different window combinations on the training set of Dataset 1 
using five-fold cross-validation, with accuracy (ACC) as the evaluation 
metric. Based on these results, we determined that the MSCNN module 
in the ESM-2 MSCNN Extractor should use window sizes of 9, 11, and 13.

Besides the four window combinations listed above, we tested 
several other window size combinations to evaluate the feasibility of the 
[9,11,13] configuration. Specifically, we tested ten other commonly 

Table 4 
Model performance under imbalanced data distribution.

ACC SP SN MCC AUC

Imbalanced data 0.9686 0.9696 0.8814 0.4662 0.9874

Fig. 4. Ablation study results on Dataset 1.

Table 5 
Performance comparison of different convolution window combinations in the 
MSCNN module of the ESM-2 MSCNN Extractor.

Convolution scales ACC

1 (3, 5, 7) 0.933
2 (5, 7, 9) 0.926
3 (7, 9, 11) 0.930
4 (9, 11, 13) 0.943
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used window size combinations and found that the [9,11,13] configu
ration achieved the best overall performance. The detailed results are 
available at CasPro-ESM2/Result/results.csv at main ⋅ ChaoruiYan019/ 
CasPro-ESM2 (github.com).

3.6. UMAP visualization analysis

As shown in Fig. 5, we performed UMAP dimensionality reduction 
and visualization on features extracted at different stages of the CasPro- 
ESM2 model. In the six subplots, orange represents the UMAP-space 
distribution of positive samples, while blue represents that of negative 
samples. Fig. 5A and D respectively display the distribution character
istics of AATP features before and after passing through a fully con
nected layer. Fig. 5B and E respectively show the distribution 
characteristics of ESM-2 features before and after MSCNN processing. 
Through pairwise comparisons, we can observe that after the initial 
learning by our designed modules, both AATP and ESM-2 features 
exhibit enhanced discriminative ability for separating positive and 
negative samples. This demonstrates the extraction capability of the 
AATP module and the learning and extraction capability of the ESM-2 
MSCNN Extractor module within the CasPro-ESM2 model. Fig. 5C pre
sents the UMAP visualization of the 300-dimensional features obtained 
by concatenating AATP and ESM-2 features processed by MSCNN. 
Fig. 5F shows the UMAP visualization of the final output layer, where 
positive and negative samples are almost entirely separated in the UMAP 
space. This fully validates the model's strong discriminative capability 
after multi-level feature extraction and fusion. Through UMAP visuali
zation of features from different layers, we can clearly observe the 
progressive enhancement in the model's ability to distinguish sample 
classes. This indicates the model's effectiveness in learning features at 

different levels and its capability to integrate features for improved 
classification performance.

3.7. Mapping attention weights to protein sequences

To demonstrate that our model identifies Cas proteins based on the 
biological information embedded in protein sequences, we visualized 
the attention mechanism within the ESM-2 MSCNN Extractor module. 
Specifically, we utilized the STREME [45] tool to identify motifs present 
in the Cas proteins from our dataset. Subsequently, we extracted 
attention values from the sixth BERT layer of the Transformer module 
within the ESM-2 MSCNN Extractor. These attention values correspond 
to each amino acid in a protein sequence, reflecting the importance 
assigned to each amino acid during model training. We visualized the 
attention values for amino acids corresponding to the motifs identified 
by the STREME tool. For sequences such as Q8F874, Q53VV5, Q2RW61, 
and Q2RY12, we plotted the attention values for amino acids in regions 
surrounding potential motifs, as shown in Fig. 6. In the Fig. 6, the left 
panel displays attention heatmaps, where the intensity of the color re
flects the magnitude of the attention values for individual amino acids. 
The right panel shows the motifs identified by the STREME tool. 
Notably, the regions enclosed within red boxes indicate the amino acids 
forming specific motifs. Within these regions, the amino acids exhibit 
significantly higher attention values compared to neighboring amino 
acids that do not form motifs. This observation provides indirect evi
dence that our model leverages biological information, such as motifs, to 
effectively identify Cas proteins.

Fig. 5. UMAP Dimensionality Reduction Visualization Analysis. (A) Visualization of AATP features after UMAP dimensionality reduction. (B) Visualization of ESM-2 
features after UMAP dimensionality reduction. (C) Visualization of concatenated 300-dimensional features (AATP and MSCNN-processed ESM-2 features) after 
UMAP dimensionality reduction. (D) Visualization of AATP features after passing through a fully connected layer and UMAP dimensionality reduction. (E) Visu
alization of ESM-2 features after MSCNN processing and UMAP dimensionality reduction. (F) Visualization of final output layer features after UMAP dimension
ality reduction.
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4. Webservers

To facilitate usage, we have deployed a web server for online 
implementation of the Cas protein identification model, which can be 
accessed via the provided website http://www.bioai-lab.com/Ca 
sProESM-2. For practical testing, we have also shared executable code 
on Google Colab, allowing users to directly reproduce the model from 
this manuscript online: https://drive.google.com/drive/folders/1 
NuEPezbY33iHP58d17lIb82T1lGXFiup?usp=drive_link. The website 
also includes a dataset download feature, allowing researchers to 
conveniently access the two datasets used in this study. For more in
formation, please visit GitHub: https://github.com/ChaoruiYan019/Cas 
Pro-ESM2.

5. Discussion

In this study, we propose the CasPro-ESM2 model, which effectively 
distinguishes whether a given protein belongs to the Cas protein family. 
This model provides an efficient computational screening tool for 
CRISPR-related research, including CRISPR-based gene editing tool 
development, microbiology, evolutionary biology, and drug discovery 
[46] [47]. For instance, CasPro-ESM2 is primarily designed for large- 
scale Cas protein identification in extensive protein datasets, facili
tating the rapid screening of potential CRISPR-Cas system proteins from 
uncharacterized sequences. Traditionally, Cas protein identification has 
relied on experimental validation methods, which can be labor-intensive 
and time-consuming. However, through genomic data analysis, CasPro- 
ESM2 enables researchers to automatically identify candidate Cas pro
teins, reducing the workload of experimental screening and improving 
the efficiency of discovering new CRISPR-Cas systems. In microbial 
genome annotation, CasPro-ESM2 can be utilized to identify Cas pro
teins in newly sequenced microorganisms, enhancing the accuracy of 

genome functional annotation. Additionally, it aids microbiologists in 
screening and classifying Cas proteins, facilitating research on the 
evolutionary patterns of Cas proteins across different species. Further
more, CasPro-ESM2 has a significant impact in the field of drug dis
covery. Applications such as CRISPR-mediated gene editing, 
antimicrobial drug research, and Cas protein-based therapeutic strate
gies require specific Cas proteins [48]. The CasPro-ESM2 model accu
rately identifies these proteins, enabling researchers to efficiently screen 
experimentally suitable Cas proteins, thereby reducing experimental 
costs and improving research efficiency [49]. In antimicrobial drug 
development, CasPro-ESM2 can be used to identify Cas proteins within 
bacterial CRISPR immune systems, aiding in the study of their impact on 
antibiotic resistance mechanisms. For example, certain Cas proteins 
(such as Cas9 and Cas12a) have been found to regulate the expression of 
bacterial antibiotic resistance genes, influencing the evolution of resis
tant strains [50]. Through CasPro-ESM2, we can rapidly screen large- 
scale bacterial genome data to identify potential Cas proteins and vali
date their involvement in resistance regulation through experimental 
approaches, providing a theoretical foundation for the development of 
novel antimicrobial strategies. Additionally, in gene therapy research, 
different Cas proteins exhibit diverse behaviors across various cell types 
and genomic environments. CasPro-ESM2 can assist researchers in 
rapidly identifying potential Cas proteins from unannotated protein 
databases. For example, Cas13, due to its RNA target specificity, can be 
used for rapid disease diagnostics, enabling early treatment to save lives 
[51]. CasPro-ESM2 can predict which Cas proteins are more suitable for 
specific cellular or therapeutic environments, thereby accelerating the 
development of personalized gene-editing tools.

Experimental results on two independent datasets demonstrate that 
CasPro-ESM2 outperforms traditional sequence homology-based 
methods and machine learning-based identification approaches in 
terms of ACC, SP, SN, and MCC. Notably, it exhibits excellent 

Fig. 6. Visualization of the attention weights mapped to motif regions in the CasPro-ESM2 model.
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performance in detecting distantly related homologs, highlighting the 
effectiveness of deep learning-based feature extraction and sequence 
representation in capturing functional information that traditional 
methods often overlook. The model incorporates a multi-scale con
volutional neural network, leveraging convolutional kernels of varying 
sizes to capture both short-range and long-range sequence patterns, 
thereby enhancing the model's ability to understand Cas protein char
acteristics. Compared to traditional methods that rely solely on PSSM or 
handcrafted features, CasPro-ESM2 demonstrates superior performance 
in high-dimensional feature expression and structural information 
extraction. Additionally, the introduction of an attention mechanism 
enables the model to focus on key amino acid regions, providing inter
pretability support for Cas protein recognition and further enhancing 
result reliability. Moreover, experimental results indicate that CasPro- 
ESM2 maintains consistent performance across different datasets, 
reflecting its robustness.

However, our model still has some limitations. Specifically, while 
CasPro-ESM2 is highly effective in Cas protein classification, CRISPR- 
Cas systems can be categorized into various types and subtypes, and 
characterizing these system types and subtypes is equally important. 
Differences between CRISPR-Cas system types and subtypes signifi
cantly impact their adaptability and functionality in bacteria and 
archaea, as well as their potential applications in gene editing, 
biotechnology, and antiviral defense. However, CasPro-ESM2 is 
currently designed specifically for Cas protein identification and does 
not yet possess the functionality to classify CRISPR-Cas system types and 
subtypes.

6. Conclusion

In conclusion, this study proposes CasPro-ESM2, a deep learning- 
based model for Cas protein identification, which effectively integrates 
deep semantic features derived from ESM-2 with AATP features based 
on PSSM. By leveraging multi-scale convolutional neural networks and 
attention mechanisms, the model achieves superior performance in Cas 
protein identification across different datasets, outperforming tradi
tional sequence-based and machine learning-based approaches. The 
results demonstrate its robustness and effectiveness, making it a valu
able computational tool for CRISPR-related research, such as CRISPR 
gene editing tool development and drug discovery. Moreover, CasPro- 
ESM2 significantly reduces the workload of experimental validation 
and improves the efficiency of discovering new CRISPR-Cas systems. In 
the next phase of our research, the identification of different CRISPR-Cas 
system types and subtypes will also be a key focus. Moving forward, we 
plan to extend the CasPro-ESM2 framework by incorporating contextual 
information from neighboring Cas genes, aiming to develop a model 
capable of automatically classifying CRISPR-Cas system types and sub
types. This extension will provide a more comprehensive and precise 
tool for the panoramic analysis and application of CRISPR-Cas systems.
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