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Abstract 

Background  Neuropeptides (NPs) are critical signaling molecules involved in various physiological and behavioral 
processes, including development, metabolism, and memory. They function within both the nervous and endo-
crine systems and have emerged as promising therapeutic targets for a range of diseases. Despite their significance, 
the accurate identification of NPs remains a challenge, necessitating the development of more effective computa-
tional approaches.

Results  In this study, we introduce NeuroScale, a multi-channel neural network model leveraging evolution-
ary scale modeling (ESM) for the precise prediction of NPs. By integrating the GoogLeNet framework, NeuroScale 
effectively captures multi-scale NP features, enabling robust and accurate classification. Extensive benchmarking 
demonstrates its superior performance, consistently achieving an area under the receiver operating characteris-
tic curve (AUC) exceeding 0.97. Additionally, we systematically analyzed the impact of protein sequence similarity 
thresholds and multi-scale sequence lengths on model performance, further validating NeuroScale’s robustness 
and generalizability.

Conclusions  NeuroScale represents a significant advancement in neuropeptide prediction, offering both high accu-
racy and adaptability to diverse sequence characteristics. Its ability to generalize across different sequence similarity 
thresholds and lengths underscores its potential as a reliable tool for neuropeptide discovery and peptide-based drug 
development. By providing a scalable and efficient deep learning framework, NeuroScale paves the way for future 
research in neuropeptide function, disease mechanisms, and therapeutic applications.
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Background
Neuropeptides (NPs) represent a critical class of sign-
aling molecules essential for a multitude of biological 
functions across diverse physiological and behavioral 
processes, including development [1, 2], differentiation 
[3], muscle contraction [4], and digestion [5, 6], as well 
as learning [7], memory [8, 9], and aging [10]. Typically 
comprising no more than 100 amino acids [11, 12], these 
peptides are cleaved from larger precursor proteins, 
often characterized by distinct C-terminal or N-termi-
nal sequence motifs [13–15]. Beyond their pivotal role 
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in the nervous system, NPs exert significant effects via 
the endocrine system, modulating an extensive array 
of physiological functions. These functions encompass 
regulation of food intake [16–18], metabolism [19, 20], 
reproduction [21–23], fluid and cardiovascular homeo-
stasis, energy balance, stress management, pain per-
ception, social behaviors [24], and circadian rhythms 
[25]. Consequently, NPs are increasingly recognized as 
potential therapeutic targets for a broad spectrum of 
disorders, including sleep disturbances, autism, depres-
sion, heart failure, obesity, diabetes, hypertension, and 
epilepsy [12, 26–32].

Although traditional experimental methods, such 
as mass spectrometry and liquid chromatography 
techniques, can accurately identify novel NPs, these 
approaches are costly and time-consuming. To fill these 
gaps, various computational methods have been devel-
oped to predict NPs [33–38]. PredNeuroP utilizes a two-
layer stacking strategy with traditional machine learning 
algorithms to achieve high-precision identification of 
NPs, achieving an accuracy of 0.872 [39]. By adopting 
feature representation learning methods combined with 
a two-step feature selection framework, NeuroPred-
FRL achieved an AUC of 0.960 in a meta-model of ran-
dom forests on an independent dataset [40]. To obtain 
an interpretable prediction model, NeuroPpred-Fuse 
employs stacking algorithms and sequence-derived fea-
tures to identify NPs. Results indicate that NeuroPpred-
Fuse can produce reliable predictive performance with 
an AUC of 0.958 [41]. Recently, deep learning has been 
widely applied to bioinformatics problems due to its 
ability to avoid feature engineering and its efficiency. 
Inspired by this, NeuroPred-PLM employs a multi-scale 
convolutional neural network and a global multi-head 
attention network to identify NPs, achieving a prediction 
accuracy of 0.922 [42].

Although previous studies have achieved commendable 
results, they still fail to address several issues: (i) most 
prior research has relied on feature engineering com-
bined with machine learning strategies, where the high 
demand for domain knowledge limits the scalability of 
the prediction model. Even for methods based on deep 
learning such as protein large language models have not 
been systematically compared in NP identification; (ii) 
there is a lack of comprehensive comparison of compu-
tational efficiency between models; (iii) protein sequence 
similarity, as a primary factor of model performance 
drift, requires analysis concerning the impact of varying 
similarity thresholds; (iv) the model needs to be custom-
ized to accommodate multiple scales of protein sequence 
lengths as input.

In this study, we introduce NeuroScale, a multi-
channel neural network model based on evolutionary 

scale  modeling, for identifying NPs. By leveraging the 
design principles of GoogLeNet, NeuroScale achieves 
significant performance improvements in F1 score (F1), 
accuracy (ACC), and AUC. Furthermore, we systemati-
cally evaluated the impact of changes in protein sequence 
similarity on model performance, demonstrating the 
robustness of NeuroScale with a five-fold  cross-valida-
tion  mean  AUC value consistently above 0.97. We also 
proved the strong scalability of NeuroScale by assessing 
changes in model performance when using multi-scale 
protein sequence lengths as inputs. We believe Neuro-
Scale can serve as a powerful tool for psychiatric treat-
ment and peptide drug screening.

Results and discussion
The architecture of NeuroScale
NeuroScale is an NP identification algorithm that com-
bines a protein large language model with an advanced 
neural network architecture. NeuroScale consists of four 
parts: (i) multi-scale protein sequences are input into 
the language model, which are then processed by the 
ESM2Tokenizer module to obtain attention masks; (ii) 
utilizing the core component esm2_t33_650M_UR50D 
to extract features. This component is trained on hun-
dreds of millions of protein sequences, comprises 33 lay-
ers, and has 650  M parameters, making it exceptionally 
adept at capturing the sequence-structure–function rela-
tionships of proteins. (iii) Establishing a multi-channel 
fully connected neural network that uses GoogLeNet, 
which extracts and fuses multi-dimensional information 
from different channels. Inspired by GoogLeNet’s multi-
branch architecture, NeuroScale adopts a three-chan-
nel structure in its fully connected layers. Each channel 
processes input features independently and outputs a 
64-dimensional vector. The final feature representation is 
obtained by summing the outputs element-wise, simplify-
ing computation and avoiding overfitting due to excessive 
complexity. This aggregation strategy enables NeuroScale 
to efficiently integrate multi-scale features, improving 
both model stability and performance when handling 
long and complex sequences. NeuroScale’s unique design 
enables the understanding of deep information hidden 
within large-scale protein sequences, thereby character-
izing the proteins’ evolutionary patterns and biological 
representations (Fig. 1).

Comparison of feature extraction effects of protein large 
language models
The continuous emergence of protein large language 
models has provided new possibilities for the accu-
rate identification of NPs. However, there is still a lack 
of systematic comparison of the effectiveness of vari-
ous model designs and parameters for NP prediction. 
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To address this issue, we established and evaluated the 
effectiveness of several popular and efficient protein large 
language models as feature extraction layers in NP pre-
diction models: different scale models of the ESM series 
esm2_t6_8M_UR50D (E1), esm2_t12_35M_UR50D (E2), 
esm2_t30_150M_UR50D (E3), esm2_t33_650M_UR50D 
(E4), prot_bert, DistilProtBert, RITA_s, RITA_m, and 
RITA_l [43–45]. As shown in Table  S1 and Fig.  2A, the 
ESM series models performed exceptionally well, with 
the E4 model exhibiting outstanding performance across 
multiple evaluation metrics. Specifically, the E4 model 
achieved an ACC of 0.9513, recall (Rec) of 0.9704, pre-
cision (Pre) of 0.9349, Matthews correlation coefficient 
(MCC) of 0.9034, and F1 of 0.9523, confirming its efficacy 

in the NP prediction task. In addition, we compared the 
performance of two BERT-based models, prot_bert and 
DistilProtBert. As depicted in Fig.  2B, both yielded sat-
isfactory performances, with DistilProtBert outperform-
ing prot_bert. We speculate that during the distillation 
process, the smaller model DistilProtBert effectively 
learned the smooth outputs of the larger model prot_
bert, which better represent inter-class relationships than 
hard labels, thereby aiding the smaller model in learning 
more robust feature representations and reducing the 
risk of overfitting. We also compared the performance of 
the RITA series models, with an approximate F1 of 0.91 
indicating they are not the best practice for distinguish-
ing NPs from non-NPs (Fig. 2C). Furthermore, intuitive 

Fig. 1  Model framework of NeuroScale



Page 4 of 12Zhang et al. BMC Biology          (2025) 23:142 

precision-recall curve (PRC) and receiver operating 
characteristic curve (ROC) consistently demonstrate 
the reliability of the ESM series and BERT-based models 
(Fig. 2D–H). In order to obtain a visual representation of 

the features learned by the model, we used the test set of 
NPs and non-NPs and projected the attention layer based 
on the t-SNE algorithm. As shown in Fig. 2I–N, the ESM 
series and BERT-based models are able to generate clear 

Fig. 2  Comparisons of protein large language models. A–C Comparing the average performance of ESM, BERT, and RITA series models 
under five-fold cross-validation, respectively. D–H Comparing PRC, ROC, ACC, F1, and MCC of E4 and other popular protein large language models 
under five-fold cross-validation, respectively. I–N t-SNE visualization of prot_bert, DistilProtBert, E1, E2, E3, and E4, respectively
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class intervals, indicating that such algorithms are capa-
ble of capturing high-order differences between NPs and 
non-NPs.

Comparing the running time of protein large language 
models
In practical scenarios, large language models are  often 
hampered by their extensive parameter counts, leading 
to prolonged operation times that limit their applicability. 
However, existing studies frequently overlook the discus-
sion of computational efficiency. To assess the real-world 
viability of the E4 model, we conducted an in-depth evalu-
ation of its operational speed in an environment equipped 
with an NVIDIA GeForce RTX 3090 GPU, Intel(R) 
Xeon(R) Gold 6148 CPU, and 128  GB of memory. For 
the prot_bert, DistilProtBert, E1, E2, E3, and E4 models, 
we performed 500 random time evaluations. The results 
indicated that while the E4 model exhibited slightly longer 
running times compared to other models, it consistently 
completed analyses within 0.035  seconds, with most 
operations ranging between 0.032 and 0.034  seconds 
(Table  S2, Fig.  3). This finding demonstrates that the E4 
model not only delivers excellent performance but also 
maintains high computational efficiency. Overall, the E4 
model excels in both performance and speed, providing 
an efficient and reliable solution for the prediction of NPs.

Independent external validation
In order to verify the generalization ability of Neuro-
Scale, we constructed multiple datasets, including bitter 
peptides, natriuretic peptides A, hypocretin neuropep-
tide precursor, and progonadoliberin. These datasets 
were used for five-fold cross-validation training and test-
ing. As shown in Fig. 4A–B, NeuroScale achieved MCC 
and ACC values greater than 0.98 in identifying the 
three types of peptides. Interestingly, NeuroScale also 

demonstrated superior performance in recognizing bit-
ter peptides, yielding MCC and ACC values of 0.7687 
and 0.8828, respectively. To further confirm the robust-
ness of NeuroScale, we plotted the ROC curve and PRC 
curve. As expected, NeuroScale performed excellently in 
both neuropeptide and non-neuropeptide identification, 
showcasing its strong versatility (Table S3, Fig. 4C–D).

Compared to the latest methods of NP prediction
To further evaluate the prediction performance of Neuro-
Scale, we compared it with the state-of-the-art methods 
NeuroPred-PLM [42], PredNeuroP [39], NeuroPred-FRL 
[40], and NeuroPpred-Fuse [41]. To eliminate the pos-
sible influence of test data on the results, we retrained 
PredNeuroP, NeuroPpred-Fuse, and NeuroPred-PLM 
using the same dataset and five-fold cross-validation. It 
should be noted that since the source code of the Neuro-
Pred-FRL was not provided, we obtained the test results 
from the web server of NeuroPred-FRL. We found that 
the highest accuracy rate was achieved by the NeuroScale 
(0.9513), followed by the NeuroPred-PLM (0.8962), Neu-
roPpred-Fuse (0.8753), PredNeuroP (0.8665), and Neuro-
Pred-FRL (0.8414). In addition, the scores for MCC, Rec, 
Pre, and F1 of the NeuroScale are approximately 13.89%, 
6.74%, 5.46%, and 6.13% higher than the suboptimal Neu-
roPred-PLM, respectively (Table S4, Fig. 5).

Exploring the influence of protein similarity threshold 
on the model
The similarity threshold between protein sequences can 
significantly influence the efficacy of the model in clas-
sifying these sequences. Variations in this threshold 
alter the degree of similarity among protein sequences, 
potentially impacting the model’s performance in classifi-
cation tasks. To rigorously assess the model’s generaliza-
tion capabilities and robust performance across different 

Fig. 3  The runtime statistics of protein large language models
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similarity thresholds, we constructed five datasets with 
thresholds ranging from 0.4 to 0.8. We then evaluated the 
model’s performance using five-fold cross-validation. The 
experimental results showed that NeuroScale consistently 
performed well across different similarity thresholds. 
Specifically, we examined performance in terms of ACC, 
F1, and MCC. Although performance slightly decreased 

in the Fold 5 at a similarity threshold of 0.6, the overall 
predictive performance remained consistently excellent 
(Table S5, Fig. 6A–C). Moreover, NeuroScale’s AUC val-
ues across different thresholds are 0.9855, 0.9826, 0.9780, 
0.9785, and 0.9807, demonstrating its stability (Fig. 6D). 
In terms of AUPRC, we achieved prediction performance 
around 0.8 (Fig. 6E). Overall, NeuroScale exhibited stable 

Fig. 4  Statistics of independent external validation results. A Five-fold MCC results for multiple species. B Five-fold ACC results for multiple species. 
C ROC curves for multiple species. D PRC curves for multiple species

Fig. 5  Comparison results with the latest NP prediction methods
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performance across varying similarity thresholds. To 
further confirm the top-level reasons behind our strong 
performance across different thresholds, we performed a 
MEME analysis [46]. The results showed that the identi-
fied potential conserved motifs at different thresholds 
exhibited highly similar distribution preferences, with 
only slight differences observed when the threshold was 
set to 0.4 (Fig. 6F–J). A lower similarity threshold reveals 
evolutionary differences between species, reflecting the 
functional diversity of neuropeptides, while a higher 
threshold focuses on conserved sequences [47–50]. Neu-
roScale demonstrates excellent predictive performance 
across different similarity thresholds, proving its ability 
to accurately capture both the diversity and conservancy 
of neuropeptides in diverse biological contexts.

Exploring the impact of protein sequence length on model 
performance
It is a recognized fact that as protein sequence length 
increases, the performance of a model may be disrupted. 

To verify whether NeuroScale can overcome the adverse 
effects associated with variations in protein sequence 
length, we constructed five datasets of varying scales. 
Five-fold cross-validation results showed that Neuro-
Scale was able to maintain stable performance across 
MCC, ACC, and F1 for each fold (Table S6, Fig. 7A–C). 
Furthermore, evaluation metrics based on AUC and 
AUPRC exceeded 0.99, demonstrating NeuroScale’s 
ability to handle protein sequences of varying lengths 
(Fig.  7D–E). Shorter sequences typically represent 
more specialized functional modules, while longer 
sequences may contain additional regulatory informa-
tion or functional domains [51–53]. NeuroScale per-
formed excellently on protein sequences of varying 
lengths, demonstrating its ability to effectively identify 
the diverse functional features embedded in sequences 
of different lengths.

Fig. 6  Model performance results across different similarity thresholds. A Five-fold ACC results for different similarity thresholds. B Five-fold F1 
results for different similarity thresholds. C Five-fold MCC results for different similarity thresholds. D ROC curves for different similarity thresholds. E 
PRC curves for different similarity thresholds. F–J MEME results for different similarity thresholds, with thresholds set at 0.4, 0.5, 0.6, 0.7, and 0.8
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Conclusions
In this study, we designed the NeuroScale, a multi-chan-
nel neural network model based on ESM (evolutionary 
scale modeling), specifically designed for the accurate 
prediction of NPs. The main contribution of this work 
was to use advanced deep learning technology and the 
powerful representation ability of the protein large lan-
guage model to efficiently and accurately classify NPs.

Not only did NeuroScale surpass the existing NP pre-
diction methods on standard dataset, but it also dem-
onstrated its unique advantages in the comparison of 
feature extraction effects, running time comparison, 
external verification, and comparison with other NP pre-
diction works. By combining the powerful feature extrac-
tion ability of the ESM2 model and the fine design of the 
multi-channel fully connected layer, our model can cap-
ture the complex features of NP sequences, which are 
crucial for accurate prediction of NP sequences.

In addition, when exploring the ability of Neuro-
Scale models to process protein sequences, we not only 
focused on the length of protein sequences, but also 
investigated the impact of similarity thresholds on model 
performance. By constructing datasets with different 
sequence lengths and similarity thresholds, the adaptabil-
ity of the model to deal with diverse sequence conditions 
is verified. The experimental results show that Neuro-
Scale can maintain a high prediction accuracy regardless 

of the long sequence or various similarity thresholds. 
This not only emphasizes the reliability and robustness of 
the model in practical application, but also highlights the 
importance of setting appropriate similarity threshold in 
improving the adaptability and accuracy of the model. 
This discovery is of great significance for bioinformat-
ics research and drug development related to NPs. In 
practical applications, the diversity of protein sequence 
lengths requires that the model must be capable of han-
dling this diversity. At the same time, by setting the simi-
larity threshold reasonably, the accuracy of the model for 
sequence feature recognition can be further improved, 
thus playing a key role in biomarker discovery, disease 
mechanism understanding, and new drug development.

NeuroScale, with its unique multi-channel neural net-
work architecture and powerful feature extraction capa-
bilities based on ESM, effectively captures multi-level 
sequence information when processing neuropeptide 
sequences. It extracts and integrates multi-dimensional 
features from different perspectives, enabling the identi-
fication of complex biological patterns. We believe that 
this architectural advantage allows NeuroScale to not 
only be applied to neuropeptide sequences but also to 
handle other types of biological sequences. Despite dif-
ferences in structure and function across various biologi-
cal sequences, NeuroScale’s multi-scale feature extraction 
ability enables it to capture both the commonalities and 

Fig. 7  Model performance results across different sequence lengths. A Five-fold MCC results for different sequence length ranges. B Five-fold ACC 
results for different sequence length ranges. C Five-fold F1 results for different sequence length ranges. D ROC curves for different sequence length 
ranges. E PRC curves for different sequence length ranges
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differences within these sequences, ensuring outstand-
ing performance across other biological sequences and 
diverse biological contexts. Future research will focus on 
enhancing the model’s interpretability, aiming to deepen 
our understanding of the mechanisms behind neuro-
peptide sequence prediction and provide more reliable 
support for biomarker discovery and the exploration of 
disease mechanisms.

Methods
Dataset construction
We collected 11,282 sequences of NPs from the Neu-
roPep 2.0 database [54]. After that, we took a series 
of screening steps. First, the NPs between 5 and 100 in 
length were preserved. Secondly, we used the CD-HIT 
(version: 4.8.1) tool and set a similarity threshold of 0.8 
to eliminate samples with more than 80% similarity with 
other sequences. After the above screening steps, 2331 
NPs were still retained. For the negative samples, we used 
the same method as the one used in the NeuroPred-FRL 
and the NeuroPred-PLM, which was to extract from the 
UniProt database and maintain a similar length distri-
bution as the positive samples. In the end, we got 2331 
negative samples. We randomly split the data into a train-
ing set and an independent test set in an 8:2 ratio. This 
dataset will serve as the benchmark for comparing subse-
quent models.

The datasets for the hypocretin neuropeptide precur-
sor, natriuretic peptides A, and progonadoliberin were 
downloaded directly from the UniProt database, with 
sequence lengths between 1 and 200. The negative sam-
ples were also extracted from the UniProt database and 
maintained a length distribution similar to the positive 
samples. The size of the hypocretin neuropeptide precur-
sor dataset was 520 positive samples and 520 negative 
samples, the size of the natriuretic peptides A dataset 
was 529 positive samples and 529 negative samples, and 
the size of the progonadoliberin dataset was 1079 posi-
tive samples and 1079 negative samples.

The bitter peptide-based dataset was obtained from 
http://​pmlab.​pytho​nanyw​here.​com/​BERT4​Bitter. The 
data contained 640 records, including 320 bitter and 320 
non-bitter peptides [55].

To validate our model’s ability to handle multi-scale 
protein sequences, specifically its capability to process 
protein sequences under different sequence length con-
straints and similarity threshold conditions, we further 
processed the data based on the NeuroPep 2.0 dataset. 
This dataset was filtered to retain sequences of length 
5–100 and clustered using CD-HIT with similarity 
thresholds of 0.4, 0.5, 0.6, 0.7, and 0.8, resulting in data-
sets of 480, 943, 1501, 1937, and 2331 samples, respec-
tively. Additionally, five datasets were generated with 

sequence length constraints of ≤ 100, ≤ 200, ≤ 300, ≤ 400, 
and no limit, yielding sample sizes of 10,470, 10,900, 
10,982, 11,162, and 11,282, respectively (Table S7).

Feature representing
The model is divided into two parts: feature extrac-
tion and classifier. In the feature extraction section, we 
selected esm2_t33_650M_UR50D in the ESM2 model. 
With 33 layers and 650  M parameters, the pre-trained 
model has been trained on hundreds of millions of pro-
tein sequences, making it one of the most popular pro-
tein large language models. esm2_t33_650M_UR50D can 
capture the sequence-structure–function relationship in 
large-scale protein sequence database, revealing the evo-
lutionary mode and characteristics of proteins. This deep 
learning approach is expressive and can extract highly 
abstract features from protein sequences, including rela-
tive positional information and amino acid interactions, 
which are critical for protein function and structure 
prediction. All protein large language models were fine-
tuned during training without freezing any layers. For 
the final model used in NeuroScale (esm2_t33_650M_
UR50D), full fine-tuning was applied to optimize all 
parameters for the neuropeptide prediction task.

Multi‑channel residual neural network
In our fully connected neural network’s classifier, we 
leverage the architectural principles of GoogLeNet to 
develop a multi-channel fully connected neural network 
model. This design involves three distinct channels, each 
employing specific strategies to manipulate the feature 
space.

The first channel utilizes a fully connected layer to 
directly map the 1280-dimensional features to 64 dimen-
sions. The mathematical formulation for this channel is:

where W1 and b1 are the weights and biases for the first 
channel, respectively, and ReLU is the activation function 
used.

The second channel, drawing inspiration from Goog-
LeNet, focuses on reducing the dimensionality of the 
feature space before expanding it again. This channel 
effectively compresses the features from 1280 dimensions 
to 32, then expands them back to 64. The operations in 
this channel are expressed as:

here, W2a, b2a,W2b , and b2b are the parameters adjusting 
the feature dimensions.

(1)output1 = ReLU(W1· input + b1)

(2)output2 = ReLU(W2b · (ReLU(W2a· input + b2a))+ b2b)

http://pmlab.pythonanywhere.com/BERT4Bitter
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Similarly, the third channel modifies the feature dimen-
sions from 1280 to 128 and then to 64. This is mathemati-
cally represented as:

here, W3a, b3a,W3b , and b3b are the parameters adjusting 
the feature dimensions.

Finally, the outputs from these three channels are aggre-
gated to compute the final feature extraction value. This 
aggregation is encapsulated in the formula:

This comprehensive approach allows for more detailed 
information extraction from different angles.

Loss function
In the classifier section of NeuroScale, we use a loss func-
tion known as the binary cross-entropy loss (BCELoss), 
which is ideal for binary classification problems. The BCE-
Loss function measures the performance of a classification 
model whose output is a probability value between 0 and 
1. The loss increases as the predicted probability diverges 
from the actual label.

The mathematical expression for binary cross-entropy 
loss is:

where N  is the number of observations in the batch, yi 
is the actual label of instance i (0 or 1), and pi is the pre-
dicted probability of instance i being in class 1.

Parameter setting
Our detailed model parameters are set as shown in 
Table S8. The learning rate is 0.001, the batch size is 1, the 
optimizer is SGD, and we have incorporated dropout in the 
model.

Evaluation index
In this study, we used several widely used machine learn-
ing evaluation indicators, including ACC, Pre, Rec, F1, and 
MCC. We also drew ROC and PRC and obtained the area 
under the curve (AUC, AUPRC) [56–61]. The specific for-
mulas for these indicators are as follows:

(3)output3 = ReLU(W3b · (ReLU(W3a · input + b3a))+ b3b)

(4)output = output1 + output2 + output3

(5)
L = −

1

N

N

i=1
yi · log(pi)+ 1− yi · log(1− pi)

(6)Pre =
TP

TP+ FP

(7)Rec =
TP

TP+ FN

among them, TP, TN, FP, and FN represented the true 
positive, true negative, false positive, and false negative of 
the sample, respectively.
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