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Neuropeptides (NPs), a unique class of neuronal signaling molecules, involved in neurotransmission, endocrine
regulation, immune response, mood, and appetite control. The identification of neuropeptides provides critical
scientific insights for early diagnosis, targeted therapy, and personalized medicine of related diseases. Previous
models struggle to capture complex relationships among features and inter-sample connections. In this study, we
introduce NeuroCL, a deep learning model harnessing contrastive learning and a cross-attention mechanism to
efficiently identify NPs through multifaceted attribute representation. Experimental outcomes demonstrate that
NeuroCL effectively captures data nuances, achieving an impressive accuracy of 93.8 % and a Matthews cor-
relation coefficient (MCC) of 87.8 % on an independent test set. Contrastive learning enhances class distinction
and coherence, while cross-attention mechanisms integrate pre-trained large models with manually encoded
features, synergistically boosting their capabilities and strengthening feature connections. Our model surpasses
current state-of-the-art predictors in NPs identification. Visualization via uniform manifold approximation and
projection (UMAP) reveals that NeuroCL distinctly segregates positive NPs from negative ones. To facilitate the
accessibility and application of our model, we have established a web-based platform available at http://www.
bioai-lab.com/NeuroCL.

and affective states [7]. Particularly in neurodegenerative contexts, NPs
serve as key neuromodulators of synaptic plasticity, with dysregulation

1. Introduction

Neuropeptides (NPs), synthesized by neurons, function as signaling
molecules within neurotransmission via interaction with G-protein-
coupled receptors (GPCRs) to exert their effects. These molecules range
from 3 to 100 amino acids in length and represent the most versatile
neurotransmitters in the neuroimmune system. Derived from larger
precursor proteins containing distinctive C-terminal or N-terminal
biochemical signatures [1-3], NPs crucially regulate pathological states,
including substance addiction, neural injury, stress responses, and
nociception [4]. As molecular mediators, they orchestrate neurotrans-
mission and physiological homeostasis across phylogenetically diverse
species [5,6], with essential roles in growth regulation, neuromuscular
function, circadian rhythms, metabolic processes, cognitive functions,
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pathologically implicated in Parkinson’s disease progression [8,9].
Within the neural system, they function as neurotransmitters, neuro-
modulators, or neurohormones [10-13], and are acknowledged as
crucial therapeutic tools for neurological disorders and lead compounds
for novel drug development.

Discovering neuropeptides is crucial for deciphering neurophysio-
logical mechanisms, as well as for rational drug discovery. While
traditional experimental methods enable accurate identification of NPs,
their practical utility is limited by time-intensive workflows, high
operational costs, and stringent demands for high-quality datasets [14,
15]; thus, computational predictive models offer a more feasible
approach for identifying neuropeptides. Bioinformatics has seen
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revolutionary integration of machine learning algorithms [16], leading
to the development of numerous computational approaches utilizing
supervised machine learning frameworks for identifying neuropeptides
or their precursor molecules [17-19]. Agrawal et al. introduced Neu-
roPIpred, a computational technique driven by machine learning, to
establish a support vector machine (SVM) [20] model optimized for
predicting neuropeptides in insects [21]. Advances in machine learning
have enabled the emergence of a multitude of methodologies within this
field, necessitating integrative strategies rather than relying solely on a
single method. Ensemble learning-based approaches have demonstrated
superior predictive performance. In 2020, Bin et al. pioneered Pre-
dNeuroP, a two-layer stacked ensemble model for neuropeptide pre-
diction [17], leveraging the extensive NeuroPep database [22]. This
model implemented consensus diverse feature selection algorithms to
curate distinct feature sets for training its underlying learners. During
2021, methodological breakthroughs occurred in ensemble learning
techniques for neuropeptide prediction. Jiang et al. introduced an
interpretable stacked model that integrates diverse sequence features
and feature selection approaches for neuropeptide prediction [18].
Additionally, Hasan et al. presented NeuroPredFRL, an efficient pre-
dictor that utilizes feature representation learning methods [23].

The progression of deep learning in recent years has revolutionized
computational methodologies for enhancing predictive model capabil-
ities [24-26]. The emergence of large language models tailored for
proteins, such as Evolutionary Scale Modeling (ESM-2), has catalyzed
transformative paradigm shifts in bioinformatics, enabling automated
feature extraction from raw amino acid sequences without laborious
manual feature engineering [27,28]. This contrasts sharply with tradi-
tional machine learning approaches that depend on handcrafted de-
scriptors (e.g., amino acid composition, physicochemical properties),
which often inadequately capture sequence complexity. Numerous
models leveraging bidirectional gated recurrent units (BiGRUs) and
recurrent neural networks (RNNs) have demonstrated accurate pre-
dictions for TAP-binding peptides [29]. Ahmed et al. proposed a com-
bined CNN-BiLSTM-Attention model to predict antimicrobial peptides
[30,31].

Experimental validation through techniques like mass spectrometry
remains constrained by prohibitively expensive equipment costs and
complex sample preprocessing workflows. While conventional methods
persist in neuropeptide research through naive feature concatenation
approaches, they fundamentally neglect cross-sample semantic corre-
lations critical for biological pattern discovery. Conventional machine
learning approaches depend on handcrafted features [32,33], including
amino acid composition and physicochemical attributes, which might
not adequately grasp the intricate sequence relationships and require
substantial expert knowledge and time investment. Notably, advanced
deep learning approaches including self-attention mechanisms and
contrastive learning frameworks remain underexplored in this domain,
despite their proven success in related fields like medical image analysis
and few-shot learning scenarios.

Based on the above aspects, we developed an innovative computa-
tional framework combining transformer architectures with advanced
learning paradigms. We leveraged the ESM-2 transformer model, which
demonstrates state-of-the-art performance in biological sequence pro-
cessing through its 650M-parameter design. By integrating contrastive
learning and cross-attention mechanisms, our model is capable of more
effectively capturing the complex relationships between sequences and
focusing on key biological features. Compared to existing methods such
as NeuroPpred-SVM and NeuroPpred-Fuse, our model demonstrated
superior accuracy and AUROC on an independent test set. Moreover, the
ESM-2 model exhibits improved biological interpretability, offering
profound insights into neuropeptide identification. This study in-
troduces a novel approach to computational neuropeptidomics, pre-
senting a scalable prediction framework along with mechanistic
understandings that further our knowledge of peptide signaling
networks.
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2. Materials and methods

The model’s workflow is illustrated and comprises four primary
stages: data acquisition (Fig. 1A), amino acid embedding encoder and
decoder (Fig. 1B), contrastive learning and classifier (Fig. 1C), and
cloud-based web application interface (Fig. 1D).

2.1. Datasets

Model performance fundamentally depends on dataset quality and
diversity [34]. To conduct a fair comparison of our model with existing
ones, we employed the dataset that was sourced from the SwissProt and
NeuroPep databases, which comprises 2425 experimentally confirmed
neuropeptides (NPs) and an equal number of non-neuropeptides
(non-NPs). NPs were obtained from NeuroPep database, a dedicated
resource for NPs, while the non-neuropeptides (non-NPs) sequences
were sourced from the SwissProt database. To prevent inaccurate
experimental outcomes resulting from excessive similarity among sam-
ples, we employed CD-HIT to remove sequences with over 90 % simi-
larity. The dataset was subsequently divided into a training set, which
comprised 80 % of the total data, and a test set that included the
remaining 20 %. This test set was used to evaluate and contrast the
performance of different models [35] (Table 1). We utilized a 10-fold
cross-validation approach for hyperparameter tuning and model selec-
tion, which not only helps prevent overfitting but also enhances the
stability and reliability of the model performance. Sequence length
distributions exhibited highly similar profiles between cohorts, sug-
gesting consistent data distributions that may support model applica-
bility to sequences spanning 0-100 residues (Fig. 2).

2.2. Feature representation of peptides

Model performance critically depends on robust sequence repre-
sentations derived from amino acid residues [36]. To extract key in-
formation, we have applied eight peptide sequence encoding strategies:
ordinal encoding, position-specific amino acid composition, dipeptide
composition, amino acid composition, adaptive skip dipeptide compo-
sition [37], amino acid entropy, BLOSUM62 and features extracted by
the pre-trained large model ESM-2.

2.2.1. Ordinal encoding

Firstly, we categorize amino acids into 21 distinct groups,
comprising the 20 canonical amino acids along with other amino acids,
and assign a specific code to each category. To ensure data consistency,
we pad the sequences with zeros at the end for sequences with a length
less than 100.

2.2.2. Amino acid composition

Amino acid composition (AAC) provides statistical characterization
of protein sequences by quantifying the normalized frequency of
occurrence of each amino acid type in a given peptide sequence [38,39].
The logic for calculating this 21-dimensional descriptor is as follows:

f(i):¥,ie {A,C,D,....Y} )

where f (i) represents the normalized frequency of amino acid i [40], N(i)
is the sum of how often each natural amino acid i occurs in the peptide
sequences, and the total length of the peptide chains is denoted by L.

2.2.3. Dipeptide composition

Dipeptide composition (DPC) extends the amino acid composition
(AAC) analysis to include dipeptide frequencies. This provides deeper
insight into the local interactions that are crucial for peptide structure
and function. The calculation of DPC is outlined as follows:
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Fig. 1. The overall architecture of NeuroCL. (A) Dataset sources: The dataset is sourced from two databases, and CD-HIT is applied to eliminate redundant sequences,
resulting in a refined dataset for training and testing. (B) Encoder and decoder architecture: Input sequences are processed through various encoding techniques, with
features being extracted through cross-attention and self-attention mechanisms. Subsequently, a feed-forward neural network decodes these features into the final
representations. (C) Contrastive learning and classification architecture: Features from two distinct representations are contrasted. The refined features are then
subjected to classification by an MLP. (D) Web server interface: Users can upload their sequence files to obtain probabilistic prediction results. (E) The architecture of
self-attention: This mechanism captures long-range dependencies by computing correlations using Q, K and V. (F) The architecture of ESM-2: Built on the Trans-
former architecture, this module employs an efficient feature extraction method utilizing a multi-head attention mechanism.

Table 1

Brief overview of the applied datasets.
Datasets Positive Negative Total
Training Set 1940 1940 3880
Test Set 485 485 970
. Ny .. @

f(@j) AR {A,C.D,....Y}

where f(i,j) is the frequencies of dipeptides composed of amino acids;
The count of each dipeptide composed of amino acid types i and j is
noted by Nj, with L representing the overall sequence length of amino
acids.

2.2.4. Position-specific amino acid composition

Given the crucial role of terminal residues in determining the
structure and functionality of bioactive peptides, the PSAAC was
calculated exclusively for the initial five N-terminal amino acids (NT5)
and the final five C-terminal amino acids (CT5) of each peptide segment
in the training dataset [21], as outlined subsequently:

f(ri) =

N(r,i)
i 3

where N(r, i) signifies the frequency of occurrence of residue r at position
i, while M represents the count of peptides within the training dataset.
Consequently, we derived two 20 x 5 matrices, each capturing position-
specific residue propensities. For any given peptide, its PSAAC was
derived by populating these matrices based on the residue type and
position i for both the NT5 and CT5 residues.
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Fig. 2. Peptide Length Distribution of NPs. (A) Length distribution of NPs in the training set. (B) Length distribution of NPs in the test set.

2.2.5. Adaptive skip dipeptide composition

The adaptive skip dipeptide composition (ASDC) represents an
enhanced variant of the skip-n-gram model [17]. This model accom-
modates the diverse skip distance within the dataset and integrates more
comprehensive distance data into its feature set. The ASDC can be
derived as outlined below.

N(apm, G, - ..Qm,) }
FV=(—F———= “4)
{ N(Tskipgram)
Tytipgran = Uy Skip(DT = a) )

where Skip(DT = a) = AiAirqs1-- Aiyain1 |1 <i<L — a,1<a<k}.
The approach considers the n residues situated within distances ranging
from 1 to k, where k signifies the length of each individual sequence.

2.2.6. Amino acid entropy

The amino acid entropy (AAE) embodies the principle of molecular
information entropy, reflecting the uneven distribution of each amino
acid throughout entire sequences, as well as within the N-terminal five
segments (NT5) and C-terminal five segments (CT5) [17]. For a specified
peptide sequence P, the entropy rating for amino acid A is encoded as
outlined below.

aas =3 (7 lowa () ©)

where n signifies the count of amino acid A within peptide P while p
denotes the length of the peptide P [41]; The positions of A within the
sequence are indicated by indices such as sy, ..., and s;,, with the initial
position defined as so = 0 and the final position as sp.; = n+ 1.

2.2.7. BLOSUM62

The BLOSUM62 matrix plays a vital role in bioinformatics, serving as
an essential instrument for aligning peptide sequences, and it is con-
structed based on observed amino acid substitution frequencies. In the
BLOSUM62 matrix, the score S(a,b) between any two amino acid resi-
dues a and b is precisely calculated using a log-odds ratio equation.

1
S(a,b) = 5log % %)

where pg, denotes the target probability, which signifies the occurrence
of residue pair a and b in an alignment with homologous sequences
when homology is present. In contrast, f,f;, represents the mean

probability of residue pairs a and b appearing in any peptide amino acid
sequence, assuming they are not homologous. The parameter & serves as
a scaling factor in this context.

2.2.8. Feature extraction based on the protein language model

The advent of pre-trained protein language models has catalyzed a
paradigm shift in computational biology, enabling hierarchical feature
extraction through self-supervised learning on terascale sequence
datasets [42]. By analyzing vast amounts of unlabeled protein se-
quences, these models can acquire representations of protein sequences,
thereby significantly enhancing the performance of downstream tasks.
Incorporating pre-trained language models can diminish the likelihood
of overfitting when confronted with limited training datasets, serving as
an effective regularization strategy. In this study, we utilize a
self-supervised language model named ESM-2, utilizing the transformer
framework and featuring more than 650 million parameters, comprising
33 transformer layers. The ESM-2 model can take a protein sequence as
input and output a dynamic embedding vector with a dimension of L x
1280, where L represents the length of the protein chain [43]. It is
important to note that we employed the pre-trained ESM-2 model
directly for feature extraction without any fine-tuning. This approach
not only helps us avoid substantial computational costs but also capi-
talizes on the robust generalization capability of the pre-trained ESM-2
model. By directly employing it, we can effectively mitigate the risk of
overfitting that could otherwise arise from the relatively small size of
our specific dataset.

2.3. Model architecture

2.3.1. Multi-scale convolutional neural networks

In our research, we employed the architecture of a multi-scale con-
volutional neural network (multi-scale CNN) due to its exceptional
performance in processing sequence data [44,45]. This architecture is
capable of capturing multi-level features by utilizing convolutional
kernels of different sizes. Specifically, we introduced five different sizes
of convolutional kernels to process the encoded amino acid sequences,
allowing for the consideration of both local details and global contexts,
which is crucial for understanding the complex interactions of amino
acids within the sequence [12]. For a given input sample X, the math-
ematical expression for the convolutional layer can be represented as:

y?—Relu(Zi;Z(?;w';q-xww) ®
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where Relu(x) = max(0, x). wk is the weight matrix of the k-th con-
volutional kernel, with dimensions P x Q.

In our model, given the substantial rise in feature map dimensions
resulting from the convolution operation, we adopt the max pooling
strategy to derive a more concise and simplified feature representation.
Max pooling is an effective downsampling technique that diminishes the
spatial extent of feature maps by identifying and retaining the maximum
value within specified local regions, or receptive fields, while preserving
the most significant feature information. This method leads to a reduc-
tion in model parameters and computational cost, while simultaneously
improving the model’s robustness to input variations. For a given input
sample X, the convolutional layer can be mathematically represented as
follows:

pooling(X),, = max (X X1 - - Xitsm-1k) 9

where X denotes the input feature matrix, i signifies the row position
within the matrix, k corresponds to the column index of distinct feature
channels, and M represents the size of the pooling window used in the
operation.

2.3.2. BILSTM module

The widespread application of recurrent neural networks (RNNs)
across numerous domains stems from their remarkable capability to
capture temporal information in sequential data. Nevertheless, when
dealing with extended sequences, traditional RNNs frequently confront
the issue known as the “vanishing gradient” problem, which limits their
effectiveness in capturing long-term dependencies. To tackle this issue,
long short-term memory networks (LSTM) were proposed and widely
used in practice [46]. By applying LSTM both forward and backward on
the input sequence [47], bidirectional LSTM (BiLSTM) can capture more
comprehensive contextual information and effectively handle long se-
quences while maintaining long-term information propagation within
the sequence through the introduction of unique gating mechanisms
[48]. The core formulas of LSTM are:

fo=o(Wp-lhe 1, %] + by) (10
i, = o(Wi-[h_1,x.] + b;) amn
C, = tanh(W,-[h_1, %] + bc) 12)
C =fi-Cir+i,-C (13)
0r = 6(Wye[he_1, %] + by) 14
h, = o,-tanh(C,) (15)

At time t, the activation vectors for the forget gate, input gate, and
output gate are denoted as f,, i, and o, respectively, and they function to
control the transmission of sequential information. The candidate cell
state (E’[) and the actual cell state (C,) serve as indicators of the net-
work’s memory. The hidden state vector (h,) which encapsulates the
information processed up to time t, provides a summary of the data.

The fundamental components of the LSTM, including weight
matrices (Wy, W;, W¢, W,) and bias vectors (by, b, bc, b,), facilitate gate
operations and memory updates through the utilization of the sigmoid
function ¢ and the hyperbolic tangent function tanh, which serves to
regulate the activations and updates pertaining to the cell states. Within
the BiLSTM framework, results are generated from both the forward and
backward passes, represented by h™* and hbeckward respectively. Ul-
timately, the concatenation process is employed to merge the forward
and backward hidden states together.

2.3.3. Cross-attention mechanism
The cross-attention mechanism has gained widespread adoption in
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deep learning, especially within sequence-to-sequence architectures and
transformer-based models [49]. It primarily serves for information
interaction between different inputs, enabling the model to effectively
align and focus on contexts from different sources, thereby helping the
model better capture the correlations between two inputs.

Given two input sequences X = {x1,X2,...,Xn} and Y = {yhyz, ey
Ym}, the cross-attention mechanism calculates a set of attention weights
A, where each element a; represents the importance of the i-th element
X; to the j-th element y;. The attention weights are calculated using the
following formula:

A = softmax (\Q/IZ:) (16)
k

where Q is the query vector derived from the sequence Y, K is the key
vector derived from the input sequence X, and dy is the dimensionality
of the key vector, which is used to scale the dot product to prevent
gradients. The attention weights A are then used to create a weighted
sum of the sequence X, which is used to compute the output sequence:

V=AX a7)

where V is the weighted sum of the sequence X, and each element v is
computed as:

=30 am as)

The weighted sum V serves as the input to a feed-forward neural
network that produces the output sequence. By adopting this approach,
two new representations of sequences are generated. During the pro-
duction of each part of the output sequence, the cross-attention mech-
anism grants the model the ability to shift its focus seamlessly across
diverse segments of the input sequence, which is particularly useful for
handling the variable-length and complex relationships between input
and output in tasks like machine translation. By incorporating cross-
attention, models can better capture the dependencies between input
and output sequences, leading to improved performance on a variety of
sequence-to-sequence tasks.

2.3.4. Multi-head attention mechanism

The transformer architecture features multi-head attention as a
pivotal element. The input information is split into several subspaces by
the multi-head attention mechanism. It calculates attention weights
independently within each subspace and concatenates the outputs from
each head to form the final output. This mechanism not only increases
the capacity of the model but also enables it to capture feature infor-
mation of different dimensions in the input data [50]. The computation
of multi-head attention is performed according to the following formula:

QK"

Attention(Q, K, V) = softmax (ﬁ) \% (19)

where Q denotes the matrices of queries, K signifies the matrices of keys,
V represents the matrices of values.

2.3.5. Binary cross-entropy loss function
We employed binary cross-entropy (BCELoss) as the loss function,
which is defined as follows:

1 N
BCELoss = N ; [yilog(p:) + (1 — yi)-log(1 —p;)] (20

where N is the number of training samples; y; is the actual label of the
samples; p; is the predicted output of the model for the sample.

2.3.6. Contrastive loss function
The creation of a feature space, where similar samples are brought
closer together and dissimilar samples are pushed farther apart, is at the
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core of contrastive learning. During training, we employed a contrastive
loss function to achieve this objective [51]. For any two samples, x; and
X in the dataset, their similarity is indicated by a binary label y: y =
0 signifies similarity, while y = 1 signifies dissimilarity. The distance
between these two samples in the feature space is quantified using the
Euclidean distance. In our study, x; and x specifically refer to the
embeddings of pre-trained large models and handcrafted features after
they have been processed by the encoder and decoder, respectively.

Dy, (x1,%2) = []x1 — X2, @D

The contrastive loss function consists of two key parts: When samples
are similar (when y = 0), the component known as the loss for positive
pairs aims to reduce the distance between them in the feature space. In
mathematical terms, this is expressed as:

Lpnsitive = (1 _y) X Dw(xl _x2)2 (22)

Conversely, for dissimilar samples (when y = 1), the loss, referred to
as the loss for negative pairs, strives to maintain a minimum predefined
distance, known as a ‘margin’ between them. Mathematically, this is
expressed as:

Lnegun‘ve =Y X max (O,margin - Dw(x17x2))2 (23)
Combining these components results in the total contrastive loss:
Lcomrastive = Lipositive + Lnegative (24)

Additionally, the loss is determined by averaging it across all sample
pairs contained within a batch.

1 N
L= N Z Leontrastive (25)
i=1

2.4. Hyperparameter optimization

The learning rate was systematically evaluated through grid search
across a range of values ({0.0001, 0.0002, 0.0004, 0.0006, 0.0008,
0.001}), with the optimal value of 0.0008 selected based on the stability
of validation loss convergence. Similarly, the batch size was optimized
through grid search across values of {16, 32, 64, 128}, with 32 selected
as the optimal value. The Adam optimizer was employed as the primary
optimization algorithm due to its efficiency and adaptability. These
hyperparameters were chosen to maximize model performance and
stability. We used grid search to systematically evaluate different com-
binations of hyperparameters. For each combination, we trained the
model and evaluated its performance on the validation set. The hyper-
parameters that yielded the best validation performance were selected
for the final model.

2.5. Evaluation metrics

The model’s efficacy was thoroughly assessed utilizing multiple well-
established evaluation metrics, critical for evaluating classification
models in bioinformatics [52], including Matthews correlation coeffi-
cient (MCQC), sensitivity (Sn), specificity (Sp), the area under the curve
(AUCQ), and accuracy (ACC) [53,54]. The calculation of these metrics is
performed:

TP+ TN

_ 2
ACC = I T IN P LN (26)
TP
_ 27
SN =Tp AN 27
N
_ 28
P =IN TP 28
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TP x TN — FP x FN
MCC = 29
/(TP + FP)(TP + FN)(TN + FP)(TN + FN)

where, TP, FP, TN and FN denote the counts of true positives, false
positives, true negatives, and false negatives, respectively, pertaining to
the sample classification. MCC was prioritized as the primary metric due
to its robustness to class imbalance, particularly crucial for biological
datasets with skewed sample distributions. In addition, we employed the
area under the receiver operating characteristic curve to quantify model
discriminative capacity. This metric integrates the relationship between
true positive rates and false positive rates across all classification
thresholds, where a higher AUROC value indicates superior ability to
distinguish positive NPs from negative ones.

3. Results and discussion

3.1. Systematic performance benchmarking of diverse deep learning
models

To determine relevant attributes and explore efficient deep learning
techniques for forecasting neuropeptides, we conducted training and
evaluation of models utilizing eight distinct features combined with
eight prevalent deep learning methods (Fig. 3A). The eight features
include ASDC, PSAAC, AAC, DPC, AAE, k-mer, OE and feature extracted
by ESM-2. The eight deep learning methods are BiLSTM, CNN, RNN,
GRU, Transformer, CNN-Attention, BiLSTM-Attention, and CNN-
BiLSTM. Notably, the ESM-2 feature encoding achieved the overall
best performance, demonstrating the highest accuracy across all deep
learning algorithms, followed by ASDC, PSAAC, AAC, DPC, and then
AAE, OE, and k-mer in descending order (Fig. 3A). Among these models,
the BiLSTM achieved the highest average accuracy of 0.790. The bidi-
rectional structure of BiLSTM facilitates the incorporation of both pre-
ceding and subsequent contextual information of amino acids within the
sequence [55]. In comparison to alternative deep learning frameworks,
BIiLSTM exhibits exceptional suitability for handling sequences and
encoding the attributes derived from these sequences. Through its gating
mechanism, BiLSTM is able to capture complex interactions between
amino acids. Therefore, we selected the BiLSTM for the aforementioned
feature fitting tasks. This choice was motivated by the complexity of the
features involved, particularly the BLOSUM62 features, which reflect
the similarity and substitution frequency between amino acids and
contain rich semantic information and complex patterns. Multi-scale
convolution can extract features at different scales, simultaneously
considering the local similarity between amino acids and the global
patterns of the entire sequence. This approach enables the capture of
multi-granularity information, enhances feature representation, avoids
information loss, and improves the overall performance of the model.
Therefore, we chose to use multi-scale convolution to process BLO-
SUMG62 features separately.

3.2. Feature combination optimization based on model performance

Given the promising results achieved by ESM-2 in the field of pro-
teins, we adopted the ESM-2 large model as the basis for our feature set,
supplementing it with hybrid feature engineering. Additionally, the
BLOSUM62 matrix encoding conserved physicochemical properties has
also demonstrated consistent discriminative power in various protein
classification domains. Hierarchical multi-scale convolutions were
enabled by a CNN architecture with varying kernel sizes, which syner-
gized with BLOSUM62-derived features to capture both local and global
sequence patterns. Subsequently, we conducted experiments by initial-
izing our model with features extracted by the large model ESM-2 and
features derived from multi-scale CNN using the BLOSUM62 matrix. The
initial model demonstrated baseline performances: an ACC of 0.912,
with Sn, Sp, MCC, and AUROC scores of 0.868, 0.957, 0.828, and 0.964,
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Fig. 3. (A) Heatmap depicting the performance of models utilizing 8 diverse features and 8 various deep learning algorithms. (B) Evaluation of model performance as
features are incrementally added. (C) Performance under different parameter sizes of the ESM-2 model. (D) Comparing the performance of models before and after

removing contrastive learning.

respectively. By adding ASDC, the improvements in ACC, Sn, MCC, and
AUROC are 0.006, 0.023, 0.008, and 0.014, respectively. The PSAAC,
AAC, DPC, AAE, and OE were incrementally incorporated. The model’s
metrics show an overall upward trend. The model’s various metrics
progressively improved with the addition of each handcrafted feature,
reaching a plateau upon the inclusion of k-mer, indicating no further
enhancement. However, upon further analysis, we observed that the
addition of k-mer features led to a slight decrease in performance, with
ACC, Sn, Sp, MCC, and AUROC scores dropping by 0.018, 0.013, 0.025,
0.038, and 0.007, respectively. This suggests that while k-mer features
may capture additional sequence information, they may also introduce
noise or redundancy that negatively impacts model performance. The
final model, which includes all the above features, achieves the excep-
tional performance across all evaluated metrics, with an ACC, Sn, Sp,
MCC, and AUROC scores of 0.938, 0.911, 0.965, 0.878 and 0.972
(Fig. 3B). Ultimately, we utilized ESM-2, BLOSUM62, ASDC, PSAAC,
AAC, DPC, AAE, and OE to construct our final model.

3.3. Evaluation of ESM-2 model performance across varying parameter
sizes

We performed a systematic scaling analysis on ESM-2 architectures
spanning four orders of magnitude. The ESM-2 model with 650 million
parameters demonstrates superior performance compared to models
with 8 million, 35 million, and 150 million parameters (Fig. 3C).
Furthermore, as the number of parameters in the ESM-2 increases, the
model’s effectiveness gradually improves. A large number of parameters
can potentially cause overfitting issues, especially when the volume of
data is limited. In our study, we utilized ESM-2 with 3 billion parame-
ters. However, due to overfitting, we did not achieve better results. As
the model’s parameter count rises, so does the model’s representational
power and performance. Models of the ESM-2 architecture with varying
parameter sizes offer a means to explore the relationship between
parameter count and model accuracy. In addition, we compared ESM-2
with ESMC to evaluate their performance in neuropeptide prediction.
Contrary to our initial expectations, ESM-2 demonstrated superior per-
formance and stability. The specific architecture and pretraining of ESM-



J. Liu et al.

2 may be particularly well suited for our task. The specific details of the
comparison are provided in Supplementary Material S1.

3.4. Ablation studies to evaluate model components

To delve deeper into the impact of the feature decoder and
contrastive loss function within our model, as well as various encoding
techniques for peptide sequences, we carried out the subsequent three
ablation studies.

(i) An analysis contrasting the contrastive learning module with and
without the contrast loss function included.
(ii) An evaluation of different encoding approaches applied to the
model’s input sequences.
(iii) A comparison of different configurations of encoder and decoder
in the model.

3.4.1. Ablation of the contrastive learning module

The model equipped with the contrastive loss function outperforms
its counterpart without this function, showing superior performance
(Fig. 3D). The performance of the model without the contrastive
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learning module indicated decreases of 0.024, 0.002 in Sn, 0.05 in Sp,
0.049 in MCC, and 0.003 in AUROC, compared to the model with the
contrastive learning module. Features derived from large language
models such as ESM-2 often encompass extensive semantic and
contextual details, whereas manually designed features primarily
concentrate on physicochemical properties, positions, and composi-
tional information of peptides. Contrastive learning models have ach-
ieved excellent results in bioinformatics field [56]. By employing
contrastive learning, the model can exploit the synergistic benefits of
these two feature types, capturing diverse aspects of peptide sequence
characteristics, ultimately enhancing its predictive capabilities.

3.4.2. Ablation of individual features

Serving as the baseline, the NeuroCL demonstrates superior perfor-
mance. When the ESM-2 features were removed, the model’s perfor-
mance also declined significantly, with ACC decreasing by 0.065, Sn by
0.101, Sp by 0.029, MCC by 0.126, and AUROC by 0.012. After
removing the BLOSUM62 feature, the ACC experienced a drop of 0.033,
Sn witnessed a reduction of 0.037, Sp saw a decrease of 0.029, MCC
exhibited a decline of 0.066, and AUROC showed a diminution of 0.008,
respectively. Additionally, after eliminating the AAC feature, the results
indicated decreases of 0.027 in ACC, 0.041 in Sn, 0.012 in Sp, 0.053 in
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Without self-attention
Without FFN
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Fig. 4. (A) Analyzing model performance after eliminating each type of manual feature encoding. (B) Performance of models built by deleting every module in the
encoder and decoder. (C) Comparing the efficacy of models utilizing diverse machine learning algorithms. (D) Performance comparison of NeuroCL with existing

methods based on the independent test set.
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MCC, and 0.004 in AUROC. Similarly, removing any other single feature
resulted in a decline in the model’s performance (Fig. 4A). These find-
ings show that the NeuroCL model’s performance decreases when any
feature is removed, highlighting the significance of individual attributes
in contributing to the model’s overall performance. The combination of
features enables NeuroCL to capture multidimensional peptide
characteristics.

3.4.3. Ablation of each encoder and decoder module

To comprehensively evaluate the contributions of different compo-
nents in our NeuroCL model, we conducted ablation studies on both the
encoder and decoder modules. Starting with the encoder, we observed
that removing the multi-scale CNN layers resulted in a noticeable per-
formance drop, with ACC decreasing by 0.048, Sn by 0.033, Sp by 0.064,
MCC by 0.098, and AUROC by 0.022. This highlights the importance of
multi-scale CNN in capturing both local and global sequence patterns,
which are crucial for the model’s ability to recognize neuropeptides.
Similarly, eliminating the BiLSTM component also led to a decline in
performance, with ACC dropping by 0.036, Sn by 0.029, Sp by 0.043,
MCC by 0.073, and AUROC by 0.022. This indicates that BiLSTM plays a
vital role in modeling the temporal dependencies within the sequence.

Transitioning to the decoder components, we found that the cross-
attention mechanism is essential for integrating information effec-
tively. The model without the cross-attention mechanism exhibited a
significant decline in performance metrics (Fig. 4B), with a drop in ACC
of 0.069, a reduction in Sn of 0.068, a decline in Sp of 0.07, a significant
drop in MCC of 0.138, and a reduction in AUROC of 0.036. The results
indicate that the manual feature encoding and the information extracted
by ESM-2 can be effectively fused through cross-attention, thereby
enhancing the expressive power of the features. When the self-attention
mechanism was removed, a slight performance decline was observed,
with decreases of 0.019 in ACC, 0.022 in Sn, 0.017 in Sp, and 0.039 in
MCC. The results suggest that incorporating the self-attention mecha-
nism allows the model to better concentrate on identifying the internal
relationships within the sequence, based on these combined features,
thus bolstering the feature’s representational power. The model without
the feed-forward network (FFN) showed a marginal decrease, indicating
that the FFN contributes to the model’s performance. The FFN performs
nonlinear transformations and prevents model degradation, allowing
the model to identify more intricate features and patterns. The NeuroCL
model achieved optimal performance with all components intact, vali-
dating its synergistic architecture for neuropeptide recognition. This
demonstrates the rationality and effectiveness of its comprehensive ar-
chitecture for neuropeptide recognition.

3.5. Comparison with models constructed using various machine learning
algorithms

To comprehensively evaluate the performance of our model, we
undertook further comparisons against existing machine learning
models (Fig. 4C). The results of our model surpassed those of other al-
gorithms, particularly CatBoost, LightGBM, and XGBoost, which, despite
demonstrating robust performances, failed to match the level of our
model. Compared to machine learning, deep learning exhibits broader
application prospects and practical effects in the field of bioinformatics.

3.6. Comparison with other existing methods

To conduct a comprehensive assessment of our model’s performance,
a standardized test dataset was utilized to NeuroCL against leading-edge
models (including NeuroPpred-SVM [21], NeuroPred-FRL [23],
NeuroPpred-Fuse [35], and PredNeuroP [17]) under identical evalua-
tion protocols. As illustrated in Fig. 4D, NeuroCL exhibited impressive
average metrics, with ACC, Sp, Sn, MCC and AUROC values of 0.938,
0.965, 0.911, 0.878, and 0.976, respectively (Fig. 4D). Notably, Neu-
roCL demonstrated significant enhancements in ACC, Sp, Sn, MCC, and
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AUROC compared to the existing optimal models. In addition, to ensure
a fair comparison, we have re-evaluated the performance of several
existing models using the same 10-fold cross-validation protocol. Spe-
cifically, to maintain the authenticity and reliability of our study, we
only replicated the experiments for models whose source code was
publicly available. NeuroCL exhibited impressive metrics in the 10-fold
cross-validation, achieving ACC, Sp, Sn, MCC, and AUROC values of
0.92, 0.948, 0.891, 0.841, and 0.968, respectively (Table 2). Notably,
NeuroCL demonstrated significant enhancements in ACC, Sp, Sn, MCC,
and AUROC compared to the existing optimal models. Overall, NeuroCL
demonstrated superior accuracy in differentiating NPs from non-NPs.

3.7. Visualization of features extracted from each layer of the model

To enhance understanding of our model’s ability to identify neuro-
peptides (NPs), we visualized the outputs from various layers, including
input data features, Multi-scale CNN, BiLSTM, cross-attention, self-
attention, feed-forward network (FFN), and fully connected layers. To
reduce the high-dimensional feature space into two dimensions, we
utilized Uniform Manifold Approximation and Projection (UMAP),
enabling visualization of the feature distribution. Additionally, we
generated kernel density plots for the UMAP-reduced data. These plots
display the density distribution of samples along the x and y axes, which
correspond to the two dimensions of the reduced feature space. The
classification performance of the model can be assessed by the separa-
tion between these two curves: the clearer the separation between the
curves, the better the model’s ability to distinguish between neuropep-
tides and non-neuropeptides. It is observable that as the neural network
layers progressively deepen, only a minority of samples fail to be
effectively separated, with positive and negative samples gradually
clustering into distinct classes (Fig. 5). Consequently, this demonstrates
that NeuroCL is adept at learning representative features that distin-
guish neuropeptides from non-neuropeptides, highlighting the model’s
high discriminative power in neuropeptide identification.

4. Webserver construction

To cater to user needs, this framework has been engineered with a
user-centric and intuitive interface. Once users access the platform, they
simply need to upload a FASTA file containing the sequences. The server
will automatically handle the entire prediction process, eliminating the
need for users to perform complex calculations or operations. The pre-
dicted neuropeptides are presented in a clear and comprehensible
format, ensuring that the results are easily understandable. After the
prediction is completed, users have the option to download the predic-
tion result file. The web server is freely accessible at http://www.bioai
-lab.com/NeuroCL.

5. Conclusion

This research introduces a novel approach, named NeuroCL,
designed to predict neuropeptides. The proposed model incorporates the
pre-trained language model (ESM-2) alongside seven established feature
encoding approaches, including OE, AAC, DPC, PSAAC, ASDC, AAE, and
BLOSUMS62. It employs cross-attention mechanisms and self-attention
mechanisms to deeply extract and fuse features, which are then

Table 2
Performance comparison of NeuroCL with existing methods based on the 10-fold
cross-validation results.

Models ACC Sn Sp MCC AUROC
PredNeuroP 0.897 0.886 0.907 0.794 0.954
NeuroPpred-Fuse 0.906 0.882 0.930 0.813 0.958
NeuroPpred-SVM 0.913 0.891 0.940 0.832 0.966
Ours 0.920 0.891 0.948 0.841 0.968
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Fig. 5. Visual representation from each layer of the model. (A) Visualization of input layer features. (B) Visualization of Multi-scale CNN and BiLSTM layer features.
(C) Visualization of cross-attention layer features. (D) Visualization of self-attention layer features. (E) Visualization of feed-forward network (FFN) layer features. (F)

Visualization of output layer features.

transformed into final representations using a feed-forward network.
Subsequently, the model optimizes the relationship between features
extracted by the large model and traditional features through contras-
tive learning, and the results are fed into a multilayer perceptron (MLP)
for classification. Independent testing results demonstrate that the
NeuroCL demonstrates remarkable superiority over current leading
models, highlighting its outstanding performance in predicting
neuropeptides.

The NeuroCL’s innovation lies in several key aspects. By combining
the large language model (ESM-2) with conventional feature encoding
techniques, it captures both extensive contextual and fine-grained local
sequence features, enabling comprehensive feature representation. The
integration of cross-attention mechanisms refines this representation by
fostering deep connections between features from the large model and
traditional methods. Self-attention mechanisms further enhance the
model’s ability to discern and prioritize crucial information within se-
quences. Additionally, contrastive learning techniques improve inter-
class distinctiveness and intra-class coherence.

Despite its excellent performance in neuropeptide prediction, Neu-
roCL has limitations. Firstly, while it integrates multiple feature
encoding approaches, it may not fully capture all biological de-
terminants influencing neuropeptide functionalities, such as peptide
structures or dynamic intermolecular interactions. Secondly, the study
relies mainly on computational experiments, lacking the validation of
biological experimental corroboration, which may affect the model’s
credibility and practical applicability. To address these, future research
could incorporate a wider range of feature encoding methods based on
structural or dynamic information and validate the model’s predictions
with empirical biological evidence.
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