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Non-classical secreted proteins (NCSPs) are a class of proteins lacking signal peptides, secreted by Gram-positive 
bacteria through non-classical secretion pathways. With the increasing demand for highly secreted proteins 
in recent years, non-classical secretion pathways have received more attention due to their advantages over 
classical secretion pathways (Sec/Tat). However, because the mechanisms of non-classical secretion pathways 
are not yet clear, identifying NCSPs through biological experiments is expensive and time-consuming, making 
it imperative to develop computational methods to address this issue. Existing NCSP prediction methods mainly 
use traditional handcrafted features to represent proteins from sequence information, which limits the models’ 
ability to capture complex protein characteristics. In this study, we proposed a novel NCSP predictor, iNClassSec

ESM, which combined deep learning with traditional classifiers to enhance prediction performance. iNClassSec

ESM integrates an XGBoost model trained on comprehensive handcrafted features and a Deep Neural Network 
(DNN) trained on hidden layer embeddings from the protein language model (PLM) ESM3. The ESM3 is the 
recently proposed multimodal PLM and has not yet been fully explored in terms of protein representation. 
Therefore, we extracted hidden layer embeddings from ESM3 as inputs for multiple classifiers and deep 
learning networks, and compared them with existing PLMs. Benchmark experiments indicate that iNClassSec

ESM outperforms most of existing methods across multiple performance metrics and could serve as an effective 
tool for discovering potential NCSPs. Additionally, the ESM3 hidden layer embeddings, as an innovative protein 
representation method, show great potential for the application in broader protein-related classification tasks. 
The source code of iNClassSec-ESM and the ESM3 embeddings extraction script are publicly available at https://

github.com/AmamiyaHoshie/iNClassSec-ESM/.

1. Introduction

Protein secretion is indispensable for cellular communication in eu

karyotic organisms and plays a pivotal role in the vast majority of their 
physiological processes. Most eukaryotic secreted proteins are born with 
an amino-terminal signal peptide, termed a leader sequence, that di

rects them into the endoplasmic reticulum, where they mature and are 
transported to the plasma membrane through the Golgi apparatus [1]. 
Protein secretion by Gram-positive bacteria through such processes is 
commonly referred to as the classical secretion pathway, which is fur

ther divided into two systems, i.e., the general secretory (Sec) pathway 
[2] and the Twin-arginine translocation (Tat) pathway [3]. Recent stud

ies have found that certain secreted proteins can be released into the ex

ternal environment without the use of signal peptides, following a route 
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distinct from the classical secretion pathway. This alternative mecha

nism is known as the non-classical secretory pathway [4]. B.subtilis, as 
the most studied Gram-positive bacterium, has been extensively utilized 
as a microbial cell factory and holds a significant position in both clinical 
research and the food industry. In studies involving B.subtilis and other 
organisms [5,6], an increasing number of proteins have been discov

ered in experiments to be capable of having their secretion mediated by 
a non-classical pathway. These proteins are referred to as non-classical 
secreted proteins (NCSPs) [5,7]. Further studies have revealed that the 
expression of enzymes with significant roles, such as Pullulanase (EC 
3.2.1.41) and 1,4-𝛼-Glucan Branching Enzyme (GBE; EC 2.4.1.18), via 
the non-classical secretion pathway in B.subtilis results in a significant 
increase in both secretion rate and activity compared to secretion pro

cesses guided by signal peptides [8,9]. The underlying reason is that 
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each step in the classical secretion pathway requires the involvement of 
translocation components, a strategy that affects the efficiency of pro

tein secretion [10].

Benefiting from the significant role of the non-classical secretion 
pathway and the increasing demand for high-level protein secretion, re

searchers are dedicating efforts to identifying NCSPs in various microor

ganisms [5,7,11,12]. Given that the mechanisms of the non-classical 
secretion pathway remain unclear to date, the identification of NCSPs 
often requires fusing Sec- or Tat-dependent signal peptides and deleting 
Tat-related genes to block the Tat pathway. Additionally, researchers 
must ensure that secretion is not a consequence of cell lysis [10]. Such 
experimental procedures are cumbersome and resource-intensive. In 
conclusion, computational identification methods urgently need to be 
developed, characterized by speed and low cost, to efficiently and accu

rately identify NCSPs.

To date, several computational tools have been specifically designed 
to identify NCSPs based on their sequences. Bendtsen et al. [13] pro

posed SecretomeP, the first computational tool designed to identify 
NCSPs in mammals using sequence-based features. Shortly after, Bendt

sen et al. [4] developed SecretomeP 2.0, which expanded the reper

toire of predicted NCSPs across a wide range of bacterial species. Yu 
et al. developed SecretP [14] to simultaneously distinguish the classi

cal secreted proteins (CSPs), non-secreted proteins, and NCSPs, which 
utilizes pseudo amino acid composition (PseAAC) and five additional 
features to train a support vector machine (SVM) classifier. Similarly, 
NClassG + [15] was designed to classify NCSPs in Gram-positive bacteria 
by using feature vectors derived from frequencies, dipeptides, physic

ochemical factors, and Position-Specific Scoring Matrix (PSSM)-based 
features. With the continuous improvement of identification systems 
for non-classical secretion pathways in biological experiments, an in

creasing number of NCSPs have been recognized as important research 
targets, and their unique roles in various fields are gradually being un

covered [16].

As the number of the newly discovered NCSPs grows, a strong impe

tus has emerged to construct relatively large and high-quality datasets 
to improve the prediction of NCSPs. On the basis of a recent work [17], 
Zhang et al. [18] first constructed a high-quality benchmark dataset 
which includes more experimentally verified NCSPs and then adopted a 
two-layer Light Gradient Boosting Machine (LightGBM) to identify the 
NCSPs, named PeNGaRoo. Based on the same dataset, additional predic

tive models for NCSPs have been developed, including NonClasGP-Pred 
[19], ASPIRER [20], and iNSP-GCAAP [21].

Although the aforementioned prediction methods have achieved 
promising results, several challenges still remain to be addressed. First, 
the performance on the independent test dataset was far less impressive. 
Second, almost all predictors rely on handcrafted feature descriptors ex

tracted from amino acid sequences by using specific algorithms, such 
as Amino Acid Composition (AAC), Dipeptide Composition (DPC) [22], 
Moran Autocorrelation [23] and various PSSM-based variants [24]. In 
recent years, protein language models (PLMs) are designed to under

stand and predict the properties and behaviors of proteins by leverag

ing natural language processing techniques [25]. These models were 
pre-trained on the large-scale databases such as UniProt [26] by using 
unsupervised or self-supervised learning and could capture complex pat

terns and structure-function relationships within amino acid sequences. 
Currently, several PLMs have been released, including UniRep [27], 
TAPE [28], ESM-1b [29], ProtT5 [30], and ESM-2 [31]. Recent studies 
have demonstrated that embeddings extracted from PLMs can be used 
as feature representation of proteins and applied in the various down

stream tasks, yielding promising results. These applications encompass 
predicting interactions between drugs and protein targets [32], assess

ing conservation and variant effects [33], drug design [34], controllable 
protein design [35], enzyme function annotation [36], and so on. These 
advancements highlight the versatility and potential of PLMs in trans

forming various aspects of bioinformatics and protein engineering.

ESM3 is a brand-new PLM released by EvolutionaryScale [37]. Un

like existing PLMs, ESM3 is trained on a vast dataset of protein se

quences, incorporating evolutionary information to improve its predic

tions. Although ESM3 has demonstrated outstanding performance on 
various tasks, its capacity for protein representation has not been widely 
tested.

In this study, we developed the iNClassSec-ESM model which ex

tracted the hidden layers of ESM3 architecture to represent proteins and 
examined its ability for the identification of NCSPs. The overview of the 
proposed iNClassSec-ESM framework is illustrated in Fig. 1. This ap

proach integrates two primary sub-models: an XGBoost classifier and 
a deep neural network (DNN). The XGBoost component is trained on 
a comprehensive set of handcrafted features, while the DNN utilizes 
hidden layer embeddings derived from ESM3. The output probabili

ties of both sub-models are then fused by a Logistic Regression (LR) 
meta-learner to perform the final classification. Benchmark experiments 
demonstrate that the iNClassSec-ESM model outperforms most of exist

ing NCSP prediction tools on the independent test. Moreover, the hidden 
layer embeddings of ESM3 can serve as a novel and effective method for 
protein representation.

2. Materials and methods

2.1. Datasets

The dataset utilized in this study primarily follows the approach of 
Zhang et al. [18]. All NCSP samples were obtained from the UniProt 
database, and each NCSP was identified by at least three research groups 
in three different bacterial species [38]. The CSP samples for the train

ing set were adopted from Bendtsen et al. [13], derived from proteins 
in the Firmicutes phylum explicitly annotated as cytoplasmic. Subse

quently, we used the CD-HIT program [39] to reduce sequence similarity 
within the dataset to 80%, yielding 157 positive samples and 446 nega

tive samples. For the independent test set, one-tenth of the NCSPs from 
previous studies and Zhang et al.’s dataset [18] were randomly chosen 
as positive samples. In contrast, negative samples were obtained from 
the UniProt database, focusing on proteins annotated as ``cytoplasm'' or 
“cytoplasmic'' yet not labeled as ``secreted'', thereby excluding any form 
of secreted protein. The sequence lengths of the positive and negative 
samples had similar distributions to avoid potential bias. As a result, 141 
validated NCSPs and 446 cytoplasmic proteins were designated as the 
training set, while the final independent test set consisted of 34 positive 
and 34 negative samples, consistent with previous research.

2.2. Feature extraction

To comprehensively extract the characteristic related to NCSPs, we 
fused traditional handcrafted features and hidden layer embeddings 
from popular PLMs.

2.2.1. Handcrafted features

In this study, we adopted 11 types of handcrafted features, including 
Amino Acid Composition (AAC), Dipeptide Composition (DPC), Compo

sition of K-Spaced Amino Acid Pairs (CKSAAP), Composition, Transition, 
and Distribution (CTD), Composition of Triads (CTriad), Grouped Amino 
Acid Composition (GAAC), Grouped Dipeptide Composition (GDPC), 
Moran Autocorrelation (Moran), and Pseudo PSSM (Pse-PSSM). The di

mensions and parameter values of all feature descriptors are shown in 
Table 1. All feature descriptors were computed using the iFeature tool 
[40] and the POSSUM software package [41]. 

2.2.2. PLM embeddings

To obtain consistent representations, we adopted the latest ESM3 
model [37] along with ESM-1b [29], ESM-2-650M [31], and ProtT5 
[30] to extract embedding matrices. Protein sequences were first en

coded by using each model’s specific tokenizer and then input into the 
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Fig. 1. The overall framework of the iNClassSec-ESM. 

Table 1
Description of handcrafted features.

Feature Name Feature Dimension Parameter Value 
AAC 20 �- 
DPC 400 �- 
CKSAAP 1600 𝐾 = 3
CTD 273 �- 
CTriad 343 �- 
GAAC 5 �- 
GDPC 25 �- 
Moran 1062 𝐿𝑎𝑔 = 2
Pse-PSSM 40 𝐴𝑙𝑝ℎ𝑎 = 1

Table 2
Overview of PLMs used in this study.

Name Dimension Database 
ProtT5 1024 UniRef50 
ESM-1b 1280 UniRef50 + MSA 
ESM-2-650M 1280 UniRef50 (Sample UniRef90) 
ESM3 1536 UniProt + MGnify + JGI + OAS 

models for forward propagation. As a result, the embedding matrix was 
generated with the size of 𝐿 × 𝐹 , where 𝐿 denotes the length of query 
protein and 𝐹 denotes the dimension of the individual embedding for 
each amino acid. Finally, we applied the average pooling to transform 
the embedding matrix into a feature vector with the uniform dimension.

Table 2 summarizes the training data sources and hidden layer em

bedding dimensions of the four PLMs used in this study, each charac

terized by distinct architectures and training data sources. ProtT5 is a 
transformer-based model inspired by the T5 architecture, featuring an 
embedding dimension of 1024, and consisting of 24 layers of encoder 
and decoder stacks with 16 attention heads per layer. It was trained on 

the UniRef50 database [26], which clusters UniRef100 sequences at the 
50% sequence identity levels. ESM-1b and ESM-2-650M, developed by 
Meta AI, are both built on advanced transformer architectures with an 
embedding dimension of 1280. ESM-1b comprises 33 transformer en

coder layers with 20 attention heads per layer and was trained on the 
UniRef50 database along with Multiple Sequence Alignment (MSA) data 
[42] to enhance sequence diversity [29]. ESM-2-650M maintains the 
same embedding dimension and foundational architecture but incorpo

rates additional layers and optimized attention mechanisms to improve 
performance, utilizing the UniRef50 database along with a subset sam

pled from the UniRef90 database [31]. ESM3, the latest in the Evolution

ary Scale Modeling series, boasts an increased embedding dimension of 
1536 and features a more complex and deeper transformer architecture 
with 48 encoder layers and 24 attention heads per layer, supporting its 
multimodal data integration capabilities. ESM3 was trained on a com

bination of the UniProt [26], MGnify [43], Joint Genome Institute (JGI) 
[44], Observed Antibody Space (OAS) [45], Protein Data Bank (PDB) 
[46], AlphaFoldDB [47], and ESMAtlas [48] databases.

2.3. Machine learning classifiers

In this study, we employed six distinct machine learning classifiers to 
perform the prediction of NCSPs based on both handcrafted features and 
PLM embeddings, including K-Nearest Neighbors (KNN), Random For

est (RF), SVM, XGBoost, LightGBM, and CatBoost. Each classifier brings 
unique advantages, enabling effective handling of diverse data distri

butions and feature interactions, thereby serving as robust benchmarks 
for our analysis. KNN, as a non-parametric and distance-based method, 
is particularly well-suited for datasets with clear and distinct patterns 
[49]. RF enhances classification stability and robustness by aggregat

ing multiple decision trees, making it ideal for datasets with numerous 
features and complex nonlinear relationships [50]. SVM aims to find a 
hyperplane that maximizes the margin between classes, demonstrating 
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Fig. 2. Overview of three neural network architectures used in this study. 

exceptional performance in high-dimensional spaces and scenarios with 
limited sample sizes [51]. XGBoost, as a gradient boosting algorithm, 
combines high training efficiency with regularization techniques to mit

igate overfitting [52]. LightGBM optimizes training speed and mem

ory efficiency through histogram-based bucketing and a leaf-wise tree 
growth strategy, making it suitable for large-scale datasets [53]. Cat

Boost natively supports categorical features and employs symmetric tree 
structures to reduce data leakage and overfitting, particularly benefiting 
datasets with high-cardinality categorical variables [54]. By leveraging 
these diverse classifiers, our study ensures comprehensive coverage of 
different machine learning paradigms, facilitating a thorough evalua

tion of their performance based on both handcrafted features and PLM 
embeddings.

2.4. Deep learning network architectures

To further investigate the effectiveness of hidden layer embeddings 
from PLMs across different classifier types, we employed three distinct 
neural network architectures, including Convolutional Neural Network 
(CNN), Bidirectional Long Short-Term Memory (BiLSTM), and DNN. As 
shown in Fig. 2, each network architecture possesses unique capabilities 
in learning and representing sequential and structural information. BiL

STM introduces bidirectionality in processing sequential data, enabling 
the model to utilize both past and future context within a sequence, 
which is particularly beneficial for understanding dependencies within 
the embeddings. CNN employs convolutional kernels to extract local 
patterns from feature vectors, making it especially effective in iden

tifying spatial relationships within fixed-size embeddings. DNN is an 
artificial neural network composed of multiple layers of neurons that 
automatically learn and extract complex patterns from large datasets. Its 
deep, layered structure enables the modeling of intricate non-linear rela

tionships, making DNNs highly effective for various downstream tasks. 
By implementing these diverse neural network architectures, our study 
aims to explore how different network structures impact the classifica

tion performance when using PLM embeddings as inputs.

2.5. Feature engineering

Imbalanced data classification often leads to prediction biases that 
favor the majority class. Additionally, directly concatenating hand

crafted features results in high-dimensional feature vectors, which sig

nificantly increases training time and adversely impacts the model’s 
overall performance. Therefore, feature engineering is essential for our 
study.

2.5.1. Data imbalance problem solving

To address the issue of imbalanced data, we employed three differ

ent approaches: synthetic minority oversampling technique (SMOTE) 
strategy, weighted cross-entropy (WCE) method and focal loss. SMOTE 
strategy balances the class distribution by generating new minority class 
samples [55]. WCE method adjusts the loss function by assigning dif

ferent weights to different classes [56]. Focal loss modifies the loss 
calculation by assigning higher weights to hard-to-classify samples [57]. 
These three methods address the data imbalance problem from differ

ent perspectives to improve the training effectiveness of the model. The 
detailed information of these methods is provided in Supplementary 
Text S1.

2.5.2. Feature selection techniques

To address the issue of high-dimensional feature vectors, we adopted 
three viable feature selection methods to reduce the redundant and 
irrelevant features, including model-based feature selection, mutual in

formation, and chi-square (Chi2) test. Model-based feature selection 
utilizes machine learning models to evaluate the importance of each 
feature and selects the most representative features by using an in

cremental stepwise greedy method [58]. Mutual information method 
measures the amount of mutual information between features and the 
target variable, selecting features that have a high correlation with the 
target [59]. Chi2 test employs statistical methods to assess the indepen

dence between each feature and the target variable, selecting features 
that exhibit strong dependence [60]. These three methods evaluate and 
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select features from different perspectives to reduce feature dimension

ality, thereby enhancing both the training efficiency and classification 
performance of the model. Detailed descriptions of these methods are 
provided in Supplementary Text S2.

2.6. Performance assessment

To comprehensively evaluate the classification performance of our 
models, we performed the 5-fold cross-validation and the independent 
test on the benchmark datasets and reported six commonly used perfor

mance metrics [20,61], including Precision, Recall, Accuracy, Matthews 
Correlation Coefficient (MCC), F1-Score, and Specificity. The formulas 
for these metrics are as follows:

Precision = 𝑇𝑃 
𝑇𝑃 + 𝐹𝑃

Recall = 𝑇𝑃 
𝑇𝑃 + 𝐹𝑁

Accuracy = 𝑇𝑃 + 𝑇𝑁 
𝑇𝑃 + 𝑇𝑁 + 𝐹𝑃 + 𝐹𝑁

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

F1-Score = 2 × Precision × Recall

Precision + Recall

Specificity = 𝑇𝑁 
𝑇𝑁 + 𝐹𝑃

where 𝑇𝑃 , 𝑇𝑁 , 𝐹𝑃 , and 𝐹𝑁 denote the numbers of true positives, true 
negatives, false positives, and false negatives, respectively.

We also computed the area under the receiver operating charac

teristic (ROC) curve (AUROC) and the area under the Precision-Recall 
(PR) curve (AUPRC) as additional evaluation metrics to understand the 
models’ performance from different perspectives. These metrics work to

gether to ensure that we can comprehensively and meticulously assess 
the models’ classification performance across different classes, thereby 
providing reliable foundations for model optimization and selection.

3. Results and discussion

3.1. Performance of handcrafted features

Traditional handcrafted features have been widely utilized in previ

ous studies to build reliable learning models. However, comprehensive 
test has not yet been conducted to examine the performance of these fea

tures for the identification of NCSPs. To address this gap, we adopted 11 
types of features and 6 machine learning classifiers to construct 66 base

line models for the prediction of NCSPs. The performance of these mod

els was evaluated by performing the 5-fold cross-validation. Detailed 
experimental results are provided in Supplementary Table S1. All base

line models achieved MCC scores exceeding 0.5 except for Moran-based 
models, indicating that these features could effectively characterize NC

SPs. In addition, We utilized the RF method to assess the importance 
of these features. From Fig. 3, all features contributed positively to the 
performance of the classifiers, suggesting that combining all features 
could further enhance the model’s performance. So we evaluated the 
prediction ability of each classifier combined with all features. The ex

perimental results indicated that the fused features could indeed achieve 
better performance than single feature category. In particular, XGBoost 
outperformed other classifiers across most evaluation metrics, leading 
us to select XGBoost as the final classifier combined with all handcrafted 
features.

To further enhance model performance, we adopted three feature 
selection methods to reduce dimensionality, including model-based fea

ture selection, mutual information, and Chi2 test. Leveraging the XG

Boost classifier, the selected features based on the Chi2 test yielded the 
best performance on the 5-fold cross-validation (see Supplementary Ta

ble S2), with an average MCC of 0.6829, F1-Score of 0.7508, AUROC 

Fig. 3. Comparison of the average MCC scores across six classifiers and the 
feature importance scores.

Fig. 4. Proportion of each feature category within the final feature set selected 
by the Chi2 test.

of 0.9409. Additional test on the independent test set reconfirmed the 
efficacy of the Chi2 feature selection (see Supplementary Table S3). Fur

thermore, we examined the proportion of each feature category in these 
features selected by the Chi2 test. As shown in Fig. 4, all feature cate

gories contributed to the final selected feature set and their distribution 
aligned closely with their importance scores computed by the XGBoost 
classifier.

Moreover, we applied the SMOTE strategy to address the issue of 
data imbalance. As can be seen from Supplementary Table S4, the model 
only based on the SMOTE technique achieved the slightly improvement 
with an averaged AUROC of 0.9409 on the 5-fold cross-validation. The 
best Recall value (0.7591) was obtained by simultaneously applying the 
Chi2 feature selection and the SMOTE strategy. A similar conclusion 
was also reached on the independent test (see Supplementary Table S5). 
This indicates that the combined strategy facilitates the model to iden

tify more NCSPs. In addition, grid search was performed to optimize 
the hyperparameters of the final XGBoost model based on the 5-fold 
cross-validation. For the sake of convenience, this model was named 
“M1''.

3.2. Performance of different PLM embeddings

In this section, we compared the performance of four popular PLM 
embeddings for the NCSP classification, including ProtT5, ESM-1b, 



Computational and Structural Biotechnology Journal 27 (2025) 1350–1358

1355

Y. Shao and T. Liu 

Fig. 5. Performance comparison of ESM3 embeddings across different models 
on the 5-fold cross-validation.

ESM-2, and ESM3. All the experiments were conducted on the 5-fold 
cross-validation by training XGBoost models and the corresponding re

sults were reported in Supplementary Table S6. We observed that the 
ESM3 embeddings outperformed the other three widely used embed

dings across all evaluation metrics. Additionally, leveraging the SMOTE 
strategy to keep data balance, the ESM3 embeddings remained signifi

cantly superior to the other embeddings. This reconfirmed that the ESM3 
embeddings could effectively capture intricate patterns for NCSPs (see 
Supplementary Table S7).

To assess the potential of the ESM3 embeddings for representing 
NCSPs, we also trained six machine learning classifiers and three deep 
learning s on the 5-fold cross-validation. As illustrated in Fig. 5 and Sup

plementary Table S8, the DNN model achieved the best performance, 
with the average MCC of 0.8226, F1-Score of 0.8650. In contrast, the 
CNN and BiLSTM models also demonstrated good performance. No

tably, the CNN model slightly outperformed the DNN in terms of AUROC 
and AUPRC metrics. However, CNN and BiLSTM still showed gaps in 
performance compared to the DNN across other evaluation metrics. Con

sequently, the DNN architecture was adopted as the final classifier for 
the subsequent analysis. In addition, we adjusted the loss function to 
further enhance the model’s sensitivity to minority classes and improve 
its generalization ability on imbalanced datasets. The prediction results 
of three loss functions were listed in Supplementary Table S9, including 
WCE, focal loss, and default. The WCE was eventually adopted as the 
loss function due to its superior performance.

Then, a thorough parameter search was conducted to identify an 
optimal DNN structure and training strategy. The finalized model com

prises three fully connected layers with 128 hidden units each, batch 
normalization, and LeakyReLU activations. LeakyReLU activations were 
selected over standard ReLU for their stable training performance, par

ticularly when handling numerical uncertainties inherent in ESM3 em

beddings. To mitigate overfitting, a dropout rate of 0.5 was applied in 
deeper layers. The AdamW optimization algorithm was chosen due to 
its adaptive moment estimation and decoupled weight decay mecha

nism, ensuring stable convergence and effective regularization. Addi

tionally, a plateau-based scheduling mechanism automatically reduces 
the learning rate if improvement stalls, complemented by an early stop

ping criterion to further prevent overfitting. A batch size of 64 and a 
training duration of 50 epochs were determined sufficient for achiev

ing optimal model performance within reasonable computational time. 
Collectively, these design choices consistently outperformed alternative 
configurations during validation. The optimized DNN model was named 
“M2'' for convenience.

Fig. 6. Performance comparison of different ensemble strategies on the 5-fold 
cross-validation.

Fig. 7. ROC curves of the final model on the 5-fold cross-validation. 

3.3. Performance comparison of different ensemble methods

In this section, the stacking-based ensemble learning together with 
the voting strategy was adopted to improve the overall performance of 
the NCSPs identification by combining the output of two base learners 
mentioned above (i.e., M1 and M2). Specially, LR, KNN, and SVM were 
employed as the meta learner in the stacking-based models, respectively. 
These ensemble models were evaluated on the 5-fold cross-validation 
and the corresponding metrics were reported in Fig. 6 and Supplemen

tary Table S10. As can be seen, the LR model achieved the best overall 
performance, with the average Recall of 0.8655, Accuracy of 0.9268, 
MCC of 0.8040, F1-Score of 0.8514, and AUPRC of 0.9224. Additionally, 
the voting-based model obtained the highest Specificity, Precision and 
AUROC values. By comparison, we ultimately selected LR as the meta 
learner to construct the ensemble model (termed ``M3'') for the accurate 
and robust prediction of NCSPs. The ROC curves of the final ensemble 
model on the 5-fold cross-validation were illustrated in Fig. 7, indicating 
that the stacking-based ensemble approach delivers stable and reliable 
predictive performance.

Next, we compared the meta learner with two base learners on the 
5-fold cross-validation. As summarized in Table 3, the meta learner M3 
achieved superior results across all evaluation metrics except for Recall. 
Although previous analyses indicated that ESM3 embeddings offer dis

tinct advantages in representing NCSPs, the complex architecture of the 
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Table 3
Performance of the meta learner and two base learners on the 5-fold cross-validation.

Model Recall Specificity Precision Accuracy MCC F1-Score AUROC AUPRC 
M1 0.7591 ± 0.0327 0.9350 ± 0.0336 0.7968 ± 0.1038 0.8928 ± 0.0300 0.7070 ± 0.0810 0.7751 ± 0.0570 0.9403 ± 0.0229 0.8443 ± 0.0791 
M2 0.8775 ± 0.1174 0.9147 ± 0.0346 0.7955 ± 0.0871 0.9105 ± 0.0227 0.7751 ± 0.0564 0.8235 ± 0.0473 0.9649 ± 0.0225 0.8996 ± 0.0574 
M3 0.8655 ± 0.0515 0.9462 ± 0.0260 0.8399 ± 0.0712 0.9268 ± 0.0275 0.8040 ± 0.0720 0.8514 ± 0.0537 0.9694 ± 0.0221 0.9247 ± 0.0431 

* Performance is expressed as mean ± standard deviation while the bold values indicate the best performance.

DNN component (M2) raised concerns about potential overfitting. The 
meta learner M3 mitigated the overfitting issue to some extent and thus 
improved overall predictive performance by integrating two base learn

ers.

Furthermore, we further optimized the classification threshold of the 
ensemble model M3 to 0.3 by maximizing the MCC value on the 5-fold 
cross-validation. The adjusted M3 model was also named iNClassSec

ESM, providing a more reliable prediction for the unbalanced classifica

tion.

We also applied the t-distributed stochastic neighbor embedding (t
SNE) technique to visualize high-dimensional input features of three 
models. As can be seen from Supplementary Figure S1, the PLM embed

dings of the M2 model formed tighter and more distinct class clusters 
than the traditional handcrafted features of the M1 model, demonstrat

ing that the ESM3 embeddings have the capacity to capture inherently 
discriminative patterns of NCSPs. Notably, the feature distribution in

put to the meta learner M3 revealed clear separations between positive 
and negative samples, suggesting a synergistic effect between ESM3 em

beddings and handcrafted features.

3.4. Performance comparison with state-of-the-art methods on the 
independent test

We compared iNClassSec-ESM with four state-of-the-art methods 
trained on the same dataset by performing the independent test, includ

ing PeNGaRoo [18], NonClasGP-Pred [19], ASPIRER [20], and iNSP

GCAAP [21]. These models all extracted traditional handcrafted features 
to train the machine learning or deep learning classifiers for the iden

tification of NCSPs. Details of the comparative results are provided in 
Table 4. The ROC and PR curves of iNClassSec-ESM were illustrated in 
Figs. 8 and 9.

As shown in Table 4, iNClassSec-ESM attains AUROC of 0.9654 
and AUPRC of 0.9646, outperforming ASPIRER, which specifically op

timized for these two metrics. iNClassSec-ESM also achieves Recall of 
0.9412, Accuracy of 0.9118, MCC of 0.8250, and F1-score of 0.9143, 
surpassing the performance of other methods. Although Specificity and 
Precision are slightly lower than the best values from other mod

els, iNClassSec-ESM demonstrates robust and competitive performance 
across nearly all evaluation metrics.

The superiority of iNClassSec-ESM over previous approaches could 
be largely attributed to the high-quality sequence representations pro

vided by ESM3 embeddings, which enrich the feature space with bio

logically meaningful information that conventional feature engineering 
struggles to extract. Therefore, ESM3 embeddings offer a robust foun

dation for ongoing model optimization, demonstrating the potential of 
ESM3 to advance the applicability of other protein-related classification 
tasks.

Moreover, the development of iNClassSec-ESM provides biological 
researchers with a reliable computational tool to effectively prioritize 
candidate NCSPs, significantly reducing the laborious and resource

intensive experimental procedures currently required. Although this 
study primarily leverages sequence-based features, incorporating struc

tural information into future models could yield valuable insights, as 
protein structure often provides critical clues regarding secretion mech

anisms, interaction interfaces, and localization signals that sequence 
alone cannot fully reveal. Given that ESM3 inherently functions as a 
multimodal protein language model, systematically exploring its poten

Fig. 8. ROC curve of iNClassSec-ESM based on the independent test. 

Fig. 9. PR curve of iNClassSec-ESM based on the independent test. 

tial in structural feature extraction could further enhance the accuracy 
and biological interpretability of NCSP prediction.

Future directions for improving iNClassSec-ESM will involve expand

ing the dataset through the systematic collection of newly reported 
NCSP samples from literature and databases, creating larger and more 
representative datasets that enhance model reliability and generaliz

ability. We also plan to further investigate the structural representation 
capabilities of ESM3 embeddings, aiming to fully leverage the power of 
multimodal protein language modeling and to deepen our understand

ing of non-classical secretion mechanisms. Moreover, we are commit

ted to developing an accessible web server based on iNClassSec-ESM 
that will provide researchers with a practical, rapid, and cost-effective 
tool for identifying NCSP candidates, ultimately accelerating efforts in 
exploring and engineering protein secretion systems across various mi

croorganisms.
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Table 4
Performance comparison with existing methods on the independent test.

Method Recall Specificity Precision Accuracy MCC F1-Score AUROC AUPRC 
SecretomeP 0.3529 0.8235 - 0.5882 0.2000 - 0.6799 -

PeNGaRoo 0.8235 0.7353 0.7568 0.7794 0.5610 0.7887 0.8521 0.9042 
NonClasGP-Pred 0.8676 0.8529 0.8571 0.8676 0.7356 0.8696 0.9019 0.9177 
ASPIRER 0.6471 0.9701 0.9565 0.8088 0.6528 0.7719 0.9533 0.9444 
iNSP-GCAAP 0.6176 0.9706 - 0.7941 0.6287 - 0.9256 -

iNClassSec-ESM 0.9412 0.8824 0.8889 0.9118 0.8250 0.9143 0.9654 0.9646 
* The bold values indicate the best performance.

4. Conclusion

In this study, we developed a novel NCSP predictor, named 
iNClassSec-ESM, which integrates a DNN model trained on ESM3 em

beddings and an XGBoost model trained on handcrafted features. Bench

mark experimental results from the 5-fold cross-validation and the 
independent test demonstrate that iNClassSec-ESM outperforms most of 
existing state-of-the-art classifiers across multiple performance metrics, 
showcasing superior predictive capabilities. Furthermore, comparative 
and ablation experiments reveal that ESM3 hidden layer embeddings 
could significantly enhance the representation of protein sequence in

formation compared to traditional handcrafted features, effectively cap

turing the intrinsic characteristics and distribution patterns of proteins. 
We anticipate that the developed iNClassSec-ESM will serve as an effec

tive tool for the discovery and study of potential NCSPs in the future. 
Additionally, the ESM3 hidden layer embeddings exhibit substantial 
potential as an innovative protein representation method, which can be 
applied to a broader range of protein-related classification tasks, thereby 
advancing protein research and related fields.

5. Code and data availability

The code and datasets are publicly available at https://github.com/

AmamiyaHoshie/iNClassSec-ESM/. Additionally, the derivative tool has 
been released at https://github.com/AmamiyaHoshie/iNClassSec-ESM-

Prediction-Tool/.
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