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The major histocompatibility complex (MHC) is the central genetic basis of
adaptive immune responses, it plays a crucial role in antigen presentation,
immune surveillance, and susceptibility to various diseases. Therefore,
accurate MHC identification is essential for both immunological research
and clinical applications. Most existing methods still depend on manually
engineered features or a single protein language model (PLM for short),
these methods cannot perfectly capture complementary information across
sequence lengths or across different PLMs. Furthermore, most existing
methods often adopt conventional machine learning algorithms or simple
multilayer perceptron (MLP) classifiers to construct identification model, they
have no ability to model deep semantic dependencies within sequences. To
overcome these limitations, we introduce an MHC identification model based
on dual-stage training and multi-view feature fusion, termed DFL-MHC, a
novel framework that unifies multi-sequence and multi-model views within a
dual-stage training strategy. In the feature extraction stage, we design a cross-
sequence and cross-model multi-view scheme. In this scheme, a protein
sequence is truncated into two different residue sequences with a length of
1,022, two PLMs are respectively employed to extract features from the two
differentresidue sequences, these extracted features are fused to represent the
protein sequence. The dimensionality reduction algorithm is applied to the
fused features and obtain the optimal feature subset. The optimal feature
subset can fully capture complementary information across sequence lengths
and across different PLMs. In the feature modeling stage, we construct a bi-
directional long short-term memory (BiLSTM) network incorporating an
attention mechanism to capture long-range dependencies and deep
semantic dependencies within sequences. On the MHC identification task,
DFL-MHC achieves better performance than the existing methods. It is
demonstrated that the effectiveness of leveraging both multi-view feature
fusion and dual-stage training to achieve accurate and reliable MHC
identification.
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1 Introduction

The major histocompatibility complex (MHC) refers to a cluster
of genes situated on the short arm of human chromosome 6. MHC-
encoded products are pivotal to the processes of antigen
presentation and adaptive immune responses (Kubiniok et al.,
2022; Wassenaar et al., 2024). Due to the high polymorphism of
MHC genes, different alleles exhibit substantial variations in
immune responses and disease susceptibility, which not only
constitute the molecular basis of organ transplant rejection but
are also closely associated with autoimmune diseases and tumor
immunity (Tsai and Santamaria, 2013). Therefore, rapid and
accurate MHC identification is of great importance for both
fundamental research and clinical applications (Neefjes et al,
2011; Trowsdale and Knight, 2013).

Early identification of MHC molecules primarily relied on
Although these
experimental approaches provided relatively high accuracy, they

serological assays and cytotoxicity tests.
were time-consuming, costly, and constrained by laboratory
conditions. Then, these experimental approaches are difficult to
handle large-scale biological data (Middleton, 2005; Choi et al.,
2024). With the advancement of computational biology and
machine learning (Mohapatra et al, 2025; Wang et al., 2024),
researchers began to explore computational approaches to
identify MHC for improving efficiency. For instance, Li et al. (Li
etal,, 2019) proposed ELM-MHC, which encoded protein sequences
with manually engineered feature strategies, such as SVMProt 188D
(Ali et al., 2025), bag of ngram (BonG) (Wisky et al., 2024), and
information theory (IT). The mixed features were trained by
extreme learning machine (ELM), then the MHC identification
model was constructed, and the model has better performance.
Chen et al. (Chen and Li, 2022) further improved ELM-MHC and
introduced a novel model named PredMHC, which integrated
multiple manually extracted protein features including 188D,
APAAC, KSCTriad, CKSAAGP, and PAAC to represent protein
sequences. The fused features are applied to train three classifiers
including SMO, SGD and random forests, then the voting of the tree
models is used as the identification result. Although these methods
gained better performance in MHC identification, they all adopted
manually engineered features. Then, these methods cannot fully
capture deep semantic dependencies within sequences.

In the past few years, the emergence of deep learning has
significantly advanced MHC identification. Large-scale language
models have achieved groundbreaking progress in natural
language processing through self-supervised learning on massive
datasets of unlabelled textual data, thereby facilitating the
automatic acquisition of underlying syntactic and semantic rules
(Zou K. et al,, 2023; Devlin et al., 2019; Ren et al.,, 2025). Building on
this paradigm, protein language models (PLMs) extend the idea to
biological sequences (Luo et al., 2025; Soylu and Sefer, 2024). By
pretraining on massive protein sequence databases, PLMs eliminate
the need for labor-intensive handcrafted feature design and can
generate high-dimensional, biologically meaningful representations
that capture the underlying grammar and semantics of proteins
(Brandes et al., 2022; Brandes et al., 2023; Wu et al., 2025; Li et al.,
2021). As a representative model, Evolutionary Scale Modeling
(ESM) (Rives et al, 2021; Xu and Science, 2024) employ
Transformer-based contextual

architectures  to  capture
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dependencies among amino acid residues during unsupervised
pretraining, it has gained outstanding performance in many tasks
including protein classification, functional annotation, and structure
prediction (Mu et al,, 2025; Cheng et al., 2025; Yuan et al., 2024;
Ahmed et al,, 2025), and it has also facilitated the modeling of
complex immune-related problems (Hashemi et al.,, 2023; Yadav
et al, 2024). Based on PLM, Cai et al. (2024) proposed a MHC
called ESM-MHC. ESM-MHC extracts
features using ESM-1b, and then carries out PCA for the purpose

identification method

of dimensionality reduction, finally employs multilayer perceptron
(MLP) classifier to construct identification model. Although ESM-
MHC obtained better performance, it only inputted large model
embedding vectors into MLP for prediction. That is, ESM-MHC only
used a single large language model and simple MLP classification, it
failed to fully utilize the potential of deep models in sequence
dependent modeling and feature interaction. To solve limited
expressiveness of a single large language model, many researchers
attempt to fuse features of multiple large language models to improve
accuracy (Watanabe et al., 2024; Barabucci et al., 2024).

Meanwhile, the development of deep learning has introduced a
variety of alternatives to MLPs for sequence modeling. Long short-
term memory (LSTM) and gated recurrent unit (GRU), two typical
architectures of recurrent neural networks (RNNs), can effectively
capture sequential dependencies (Pawar, 2025; Chung et al., 2014;
Zulfiqar et al., 2024; Qiao et al., 2024; Xie H. et al,, 2025; Yan et al.,
2024), while attention mechanisms adaptively allocate weights to
highlight key features, offering unique advantages in modeling long-
range dependencies (Vaswani et al, 2017). Several studies have
combined LSTM with attention mechanisms to simultaneously
preserve local temporal information and global dependencies
during sequence modeling, thus yielding more comprehensive
and fine-grained representations of protein sequences (Fan and
Xu, 2024; Nallapareddy and Dwivedula, 2021; Wang et al., 2023).

Motivated by these advances, we propose DFL-MHC, a model
that integrates multi-view feature fusion with a dual-stage training
strategy. In the first stage, a protein sequence is truncated into two
different amino acid sequences with a length of 1,022 from the first
direction and the last direction, respectively. ESM-1b and ESM-2 are
respectively employed to extract features from two different amino
acid sequences. Thus, for a protein sequence, four features are
obtained. Their combinational features across sequence and
across model is reduce to the optimal feature subset based on
PCA and MLP. In the second stage, we input the optimal
features into a deep framework that incorporates an attention
mechanism into a bidirectional LSTM (BiLSTM) model. The
deep framework can capture long-range dependencies and
dynamically highlight critical information. Through this design,
DFL-MHC is intended to provide a more effective framework for
advancing MHC identification.

2 Materials and methods

2.1 Framework of DFL-MHC

In this study, we present DFL-MHC, a model that employs dual-
stage feature learning to achieve multi-view fusion. Figure 1
illustrates the overall workflow.
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FIGURE 1

The framework of DFL-MHC. (A) Data collection procedure for MHC and non-MHC samples. (B) Initial feature screening, consisting of feature

extraction and feature selection. (C) Model training process.

As shown in Figure 1A, during the data acquisition stage, MHC
and non-MHC protein sequences were obtained from the UniProt
database (Kulyyassov, 2022) and sequence redundancy was reduced
through the application of the CD-HIT tool. Finally, we partitioned
the full dataset into Train_val_data, Test_data in the ratio of 8:2, the
Train_val_data is further split into Train_data (72%) and Val_data
(8%) within each fold.

The first stage is feature extraction and selection, as illustrated
in Figure 1B. We employed two PLMs, ESM-1b and ESM-2, to
generate embeddings from a multi-model perspective.
Considering the input length limitations of ESM models,
protein sequences were segmented into multiple intervals, and
features were extracted from each segment to obtain cross-
sequence representations. By further these
representations across models, we constructed comprehensive
embeddings through feature concatenation. However, directly

combining

training on such high-dimensional features would not only
incur excessive computational cost but also increase the risk of
overfitting. In response, we employed PCA to reduce the
dimensionality of the embeddings, preserving the optimal
features as the foundation for the subsequent deep modeling stage.

The second stage is model training, as illustrated in Figure 1C.
We designed a deep modeling architecture that integrates a BILSTM
network with a multi-head attention mechanism, which can
effectively capture both contextual dependencies and global
representations. Finally, the classification module consisted of
two linear layers with a scaled exponential linear unit (SELU)
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activation function inserted between them, which jointly

produced the prediction results for MHC classification.

2.2 Dataset

In our experiments, we used the dataset provided by Li et al.,
(2019). Their data came from UniProt and had been run through
CD-HIT to reduce redundancy among similar sequences. 6,712 of
these were MHC samples, while 6,772 were non-MHC. In total, the
dataset consists of 13,488 protein sequences. It was divided into
Train_val_data and Test_data with an 8:2 ratio as seen in Figure 1.
There were 10,790 sequences in the training dataset, and
2,698 sequences were left for testing.

2.3 Feature extraction

As a core and indispensable step, feature extraction plays a
decisive role in building effective classification models. Traditional
approaches mainly rely on manually engineered descriptors, such as
physicochemical properties, structural information, or statistical
indices, and then integrate multiple descriptors to form a
composite feature set (Zou X. et al., 2023; Zhu et al., 2023; Chen
et al., 2025). However, these methods face inherent limitations. On
the one hand, manual feature engineering depends heavily on prior
knowledge and is insufficient to capture the latent higher-order
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TABLE 1 Performance of different features on training set.

10.3389/fgene.2026.1774569

TABLE 2 Performance of different features on test set.

Feature ACC SP SN MCC Feature ACC SP SN MCC
AAC 0.9171 0.9187 0.9168 0.8355 AAC 0.9081 0.9091 0.9087 0.8178
DDE 09163 09178 0.9160 0.8338 DDE 0.9055 0.9067 0.9062 0.8129
Ctriad 0.9170 0.9189 0.9166 0.8355 Ctriad 0.9081 0.9092 0.9088 0.8180
CTDC 0.9182 0.9198 09178 0.8376 CTDC 0.9081 0.9092 0.9087 0.8179
CTDT 09154 09168 09161 0.8319 CTDT 09125 0.9142 09133 0.8275
QSOrder 09155 0.9169 09152 0.8321 QSOrder 09114 09125 09121 0.8246
CKSAAP 09158 09175 09155 0.8330 CKSAAP 0.9059 0.9074 0.9066 0.8148
AAC + CKSAAP 0.9170 09184 0.9166 0.8351 AAC + CKSAAP 0.9051 0.9069 0.9062 0.8131
Ctriad + DDE 0.9162 0.9179 0.9159 0.8337 Ctriad + DDE 0.9055 0.9052 0.9047 0.8100
CKSAAP + DDE 09168 09185 0.9164 0.8350 CKSAAP + DDE 0.9051 0.9062 0.9058 0.8120
CTDC + CTDT + CTDD 0.9185 0.9201 0.9182 0.8383 CTDC + CTDT + CTDD 09118 09133 09126 0.8259
ACC + QSOrder + DDE 0.9159 09178 0.9156 0.8333 ACC + QSOrder + DDE 0.9129 0.9150 0.9138 0.8287
ESM-1b 0.9503 0.9506 0.9508 0.9014 ESM-1b 0.9506 09513 0.9504 0.9017
ESM-1b x 2 0.9629 0.9632 0.9634 0.9266 ESM-1b x 2 0.9639 0.9643 0.9637 0.9280
ESM-2 0.9496 0.9500 0.9501 0.9001 ESM-2 0.9515 0.9522 0.9513 0.9035
ESM-2 x 2 0.9537 0.9539 0.9541 0.9080 ESM-2 x 2 0.9534 0.9539 0.9532 0.9071
ESM-1b + ESM-2 0.9644 0.9645 0.9647 0.9293 ESM-1b + ESM-2 0.9626 0.9626 0.9629 0.9255
ESM-1b + ESM-2 x 2 0.9648 0.9652 0.9646 0.9298 ESM-1b x 2 + ESM-2 0.9629 0.9630 0.9633 0.9263
ESM-1b + ESM-2 x 2 0.9673 0.9676 0.9672 0.9348 ESM-1b + ESM-2 x 2 0.9644 0.9645 0.9647 0.9292
ESM-1b x 2 + ESM-2 x 3 0.9685 0.9683 0.9679 0.9362 ESM-1b x 2 + ESM-2 x 3 0.9685 0.9686 0.9688 0.9374
ESM-1b x 3 + ESM-2 x 2 0.9665 0.9668 0.9663 0.9331 ESM-1b x 3 + ESM-2 x 2 0.9678 0.9678 0.9681 0.9359
ESM-1b x 2 + ESM-2 x 2 0.9703 0.9707 0.9702 0.9409 ESM-1b x 2 + ESM-2 x 2 0.9689 0.9690 0.9692 0.9382

information embedded in protein sequences. On the other hand,
redundancy or noise among heterogeneous descriptors may
compromise the model’s generalization ability. In contrast, PLMs,
pre-trained on large-scale protein sequence databases, are capable of
automatically learning contextual dependencies and latent semantic
representations of amino acid residues. This avoids the need for
laborious handcrafted feature design and demonstrates superior
performance in capturing both global and local sequence
patterns. In this work, we adopt the ESM-1b and ESM-2 for
feature extraction and further introduce cross-model and cross-
sequence perspectives to leverage the complementary strengths of
different models and sequence segments while preserving
information integrity. A brief introduction of the selected ESM
models and our fusion strategy is provided below.

2.3.1 ESM-1b

To capture the global dependencies of MHC sequences, we used
ESM-1b to encode protein sequence. ESM-1b is trained on the high-
diversity UR50/S dataset from UniRef50, it has 650 million
parameters (Rives et al., 2021). Unlike the conventional sequence
model, ESM-1b stacks 33 Transformer layers and can generates
embedding representations and attention weights for protein
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sequences. One of the key features of ESM-1b is that it learns the
interchangeability of amino acids through Mask Language Modeling
(MLM) tasks, ESM-1b is less sensitive to noise.

2.3.2 ESM-2

ESM-2 is also used in this paper. The model needs to predict
the type of masked residue based on context, rather than
directly memorizing the complete sequence. Architecturally,
optimizations in attention mechanisms and layer normalization
contribute to enhanced representational power and training
stability. ESM-2 has achieved superior accuracy and robustness
in tasks such as protein structure prediction (Cheng et al,
2025),
identification,

residue contact inference, and functional site

particularly excelling at capturing local

structural motifs and short-range dependencies.

2.3.3 Integration of ESM-1b and ESM-2

ESM-1b and ESM-2 are two protein language models based on
transformer. However, they can generate complementary feature
representations based on their different architectural inductive
biases and training strategies. In detail, ESM-1b was trained on
the early UniRef50 database, while ESM-2 was trained on an
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extended UniRef dataset. The convergence points in the loss
landscape of ESM-1b distinguishes from one of ESM2, therefore,
they capture different subsets of evolutionary semantics.

In addition, ESM1b and ESM2 employs different positional
encoding mechanisms. ESM1b can capture the absolute positional
information of amino acid residues by using learned positional
embeddings. Therefore, ESM1b is sensitive to fixed-position
sequence motifs. Contrast to ESM1b, ESM2 mathematically
represent the relative distances between residues by employing
Rotary Positional Embeddings (RoPE). ESM2 can effectively
model the translation-invariant geometric relationships and
long-range dependencies and characterize the flexible peptide-
binding groove. Based on these differences, the integration of
ESM-1b and ESM-2 does not merely increase dimensionality but
integrates two complementary views of protein biology: the
absolute coordinate-based motif recognition and the relative
geometry-based structural inference.

2.4 Feature selection

In general, the combination of multiple feature can better
represent protein sequences. In practice, when the quantity of
features far surpasses that of samples, the model trained on these
features will be overfitting. Moreover, high dimensional inputs
can also increase computational load and slow down training
speed. PCA is a classic dimensionality reduction method, which
achieves the projection of high-dimensional data onto a series of
orthogonal components by means of linear transformation
(Souza, 2025). In this paper, PCA is used to reduce the
dimension of features, then use MLP to select the optimal
feature subset, as shown in Figure 1B. Section 3.2 shows the
experimental results.

2.5 Model training

As shown in Figure 1C, we employed a hybrid architecture to
train MHC identification model. By combining BiLSTM and multi-
head attention mechanisms, the proposed model is able to identify
and extract local and global dependencies inherent in protein
sequences. In detail, BILSTM is an extension of standard LSTM,
it processes information from forward and backward directions.
Forward LSTM models parse input sequences following their
backward LSTM
networks process the same sequences in the reversed order,
ultimately concatenating or adding their outputs to form a more

inherent chronological sequence, whereas

comprehensive contextual representation. The multi-head attention
mechanism can independently run multiple attention heads, then
used different linear transformation matrix to parallelly compute
attention distributions of different subspaces. It can enhance the
perception of global dependencies and facilitates richer feature
interactions. In the final classification stage, we designed a
classifier consisting of a linear layer and a SELU activation. By
providing self-normalization, SELU mitigates vanishing and
exploding gradients, improving training stability and convergence
speed. The classifier ultimately outputs MHC type predictions
through a binary classification layer.

Frontiers in Genetics
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2.6 Evaluation metrics

In this paper, we used four commonly adopted evaluation metrics
for assessing model performance, encompassing Accuracy (ACC),
Specificity (SP), Sensitivity (SN), and Matthews Correlation
Coefficient (MCC) (Zeng et al,, 2025; Xie X. et al,, 2025). Accuracy
measures the proportion of correctly predicted examples among all
examples and serves as the most intuitive indicator of overall
classification performance. A higher ACC generally indicates
stronger overall discriminative ability; however, it may be biased in
cases of imbalanced class distribution. It is defined as follows (Huang
et al, 2025; Zhu et al., 2024; Huang et al., 2024; Liu et al., 2019).

TP+TN

ACC =
TP+ FP+TN +FN

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

Specificity evaluates the model’s ability to correctly identify
negative samples, i.e., the proportion of actual negative samples
correctly classified as negative. A higher SP indicates effective
reduction of false-positive predictions.

TN

P=———
SP = TNTFP

Sensitivity measures the model’s capability to correctly identify
positive samples, i.e., the proportion of actual positive samples
correctly classified as positive. A higher SN reflects effective
capture of target class samples.

N - TP
" TP+FN

MCC considers all four values (TP, TN, FP, FN) and provides a
robust and reliable performance measure even under imbalanced
class distributions. Its range is [-1, 1], where 1 indicates perfect
classification, 0 corresponds to random prediction, and —1 denotes
complete misclassification. MCC is calculated as.

TP x TN -FP x FN

MCC =
(TP + FP)(TP + FN)(IN + FP)(IN + FN)

3 Result and discussion

3.1 Comparative analysis of
different features

Feature extraction is a critical step in identifying MHC.

Traditional feature extraction methods mainly rely on
manually designed feature descriptors, such as AAC (Barnum
et al., 2024), CTriad, DDE and CKSAAP (Usman and Lee, 2019).
They suffer from the reliance on prior knowledge, unable to
capture long-range protein sequence interactions and have
high-dimensional noise.

We compared three encoding schemes: traditional handcrafted
descriptors including (QSOrder) (Chou, 2000), CKSAAP, AAC etc.,
single PLM embeddings, and our fusion features. We validated these
methods using 10-fold cross-validation and independent testing,

with details provided in Tables 1, 2.
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TABLE 3 Performance of nine different classifiers on training set.

Feature ACC SP S\ MCC
KNN 0.9347 0.9395 0.9341 0.8735
DT 0.9082 0.9083 0.9083 0.8166
LR 0.9642 0.9645 0.9641 0.9286
NB 0.9101 0.9227 0.9091 0.8317
RF 0.9449 0.9491 0.9443 0.8934
AdaBoost 0.9438 0.9443 0.9437 0.888

Bagging 0.9515 0.9533 0.9512 0.9045
SGD 0.9625 0.9626 0.9624 0.925

MLP 0.9655 0.9658 0.9654 0.9313

TABLE 4 Performance of nine different classifiers on test set.

Feature ACC SP SN MCC
KNN 0.9322 0.9358 0.9333 0.8691
DT 0.9092 0.9091 0.9093 0.8184
LR 0.9637 0.9641 0.9642 0.9282
NB 0.9025 0.9137 0.9045 0.8181
RF 0.9411 0.9444 0.9422 0.8865
AdaBoost 0.9396 0.9396 0.9398 0.8794
Bagging 0.947 0.9486 0.9478 0.8963
SGD 0.9663 0.9672 0.9669 0.9341
MLP 0.9678 0.9677 0.968 0.9357

To evaluate the effectiveness of sequence truncation and

integration strategies, we defined three extraction paradigms:
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1. Single-view (x1): Extracting features only from the first
1,022 residues (N-terminus) by ESM-1b or ESM2, denoted
by ESM-1b or ESM2.

2. Dual-view (x2): Combination of the embedding respectively
extracted from the N-terminus (first 1,022 residues) and
C-terminus (last 1,022 residues) by ESM-1b or ESM2,
denoted by ESM-1bx2 or ESM2 x 2.

3. Tri-view (x3): Concatenation of features extracted from
N-terminus, C-terminus, and the central sequence region
ESM-1b or ESM2, denoted by ESM-1bx3 or ESM2 x 3.

In 10-fold cross-validation, ESM1b achieved 0.9503 accuracy
compared to 0.9171 of AAC, proving that PLM features are superior
to manual ones. We also observed that single PLMs is inferior than
combined ones. As integrating ESM2 with ESMIb yielded an
accuracy of 0.9644 and an MCC of 0.9293, both outperforming
individual models. The best one is ESM2 x 2 and ESM1b x 2, with an
accuracy of 0.9703, specificity of 0.9707, sensitivity of 0.9702, and
MCC of 0.9409. This proves that multi-view fusion is the main
reason for these good results. It is also shown that extending from
the dual-view to the tri-view strategy degrades performance, it is
likely due to redundancy or noise introduced by the central region.
Therefore, we used the ESM-2 x 2 + ESM-1b x 2.

Figure 2 shows the performance of different ESM features across
multiple classifiers. It indicates that single ESM features have
limitations in fully capturing protein sequence information. And
combining pre-trained ESM with multidimensional sequence
representations shows richer embeddings, having ability to
effectively compensate for the deficiencies of individual features.
In general, multiple feature fusion can better capture sequence
patterns and improve identification performance.

The fusion features of multiple pre-trained ESM feature
extracted from different part of sequence can better encode
MHC protein sequences, having ability to effectively compensate
for the shortcoming of individual features. It is shown in the
experiment that Multi feature fusion can better capture sequence
patterns and improve identification performance.
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10-fold cross-validation results of DFL-MHC model variants on training dataset.
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Comparison of DFL-MHC performance with existing methods.

3.2 Effectiveness of dimensionality
reduction strategy

We conducted an experiment to validate our dimensionality
reduction strategy. The multi-model fusion strategy resulted in a
5,120-dimensional feature space. Instead of using the entire feature
set, the feature was reduced to 1 to 400 principal components, as
mentioned below, and tested with MLP.

Figure 3 shows the feature performance of different PCA
dimensions. In particular, the accuracy curve shoots up steeply
from dimension 1 to 180, which demonstrates that PCA is
incorporating the helpful discriminative features. As shown in
Figure 3, the 224-dimensional features achieved the highest
accuracy, therefore we set the dimension of features to 224.

To further to verify the generalization ability of 224-dimensional
features, we compared it with 5120-dimensional features (no PCA
dimensional reduction) on the training dataset and test dataset shown
in Figure 4. Across both training and test datasets, the performance of
models using 224-dimensional features consistently exceeded that of
models based on the original 5120-dimensional representations,
confirming that the proposed dimensionality reduction strategy is
both rational and effective for MHC prediction tasks.
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3.3 Comparative analysis of different
classifiers

During the feature selection stage, it is essential to choose an
appropriate classifier to preliminarily evaluate the reduced
features, ensuring that the rich multi-model and cross-
segment information is effectively preserved. We compared
MLP with eight widely used and high-performance classifiers,
including Naive Bayes (NB) (Pajila et al., 2023), AdaBoost (Tien
Bui et al.,, 2016), Random Forest (RF), Decision Tree (DT),
Bagging, K-Nearest Neighbors (KNN), Logistic Regression
(LR), and the Stochastic Gradient Classifier
(SGDClassifier) (Balaji et al., 2024).

The performance of these classifiers is summarized in Tables 3,
4. It is shown that the MLP consistently achieved the highest value
across all metrics. Therefore, we used MLP as the classifier for

Descent

feature dimension reduction.

Figure 5 shows the ROC curves on the test set. The MLP almost
achieved the highest value throughout the entire curve, reaching an
AUC of 0.9937. Its trajectory leans strongly toward the upper-left
corner, indicating good stability on unseen samples. Taken together,
these observations suggest that the MLP generalizes better than the
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other candidates and fits the requirements of the MHC
identification task.

3.4 Ablation results of different modules

To assess the impact of each module on the overall performance,
we conducted a series of ablation experiments. In detail, we
respectively removed BiLSTM and Attention components from
the DFL-MHC architecture, resulting in three different variants
(see Figure 6).

1. DFL-MHC-V1: This version does not have the BiLSTM
module. In order to determine whether the model
performs poorly when bidirectional dependency modeling
is removed.

. DFL-MHC-V2: In this case, the Attention mechanism is
excluded. The goal is to determine whether identifying
important residues is critical to the model’s final accuracy.

3. DFL-MHC-V3: BiLSTM and Attention were taken out, leaving

only the final classifier to perform prediction tasks.

It is evident from Figures 7, 8 that the whole DFL-MHC model
performs better than every variant in the indicator of ACC, SN,
SP, and MCC. The Performance of DFL-MHC-V1 drastically
decreased when the module of BiLSTM was
particularly in the indicator of SN. This demonstrates that

removed,

BiLSTM is required to model sequential dependencies. Results
for DFL-MHC-V2 indicate that SP and overall stability suffer
when the Attention module is skipped. By combining BiLSTM
and Attention module, the model may simultaneously identify
important residue properties and long-range dependencies,
improving accuracy.

Lastly, the performance of DFL-MHC-V3 shows the largest
decline, in which both BiLSTM and Attention module are
removed. It is also shown in Figures 7, 8 that all metrics
significantly declined when both modules were removed,
that  these
In general,

demonstrating two modules are mutually

show that
BiLSTM and Attention module can improve the performance
of DFL-MHC.

supportive. experimental results

3.5 Comparative analysis with
other methods

To Examine the performance of the proposed approach in MHC

identification, we compared DFL-MHC against three
representative models.

Figure 9 shows the comparing results. DFL-MHC received
scores of 0.9727 for ACC, 0.9726 for SP, 0.9731 for SN, and
0.9457 for MCC on the test set. The MCC of our DFL-MHC is
0.9457, obtaining a 2.9% improvement over the best-performing
baseline, ESM-MHC. It is verified that our DFL-MHC can better
differentiate positive examples from negative ones. In summary,
DFL-MHC gained the best performance in identifying MHC among

the existing methods.
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4 Conclusion

In this paper, we introduced a MHC identification model
named DFL-MHC. It consists of two stage, including feature
extraction stage and feature modeling stage. During the feature
extraction stage, we use the combinational features across
sequences and across protein language models to encode
protein sequences. In detail, for a given protein sequence, we
respectively extract ESM-1b or ESM-2 embedding from the first
1,022 amino acids and the last 1,022 amino acids. Then four
embeddings are combined to encode a protein sequences. The
combinational embedding is reduced to an optimal feature subset
based on PCA and MLP. In the feature modeling stage, DFL-MHC
integrates BiLSTM with  multi-head
mechanism, it can simultaneously capture local sequence

networks attention
patterns and global dependencies. Furthermore, the SELU
activation function enhances training stability and improves
generalization performance.

Experimental results indicate that: (1) the combinational
features across sequences and across protein language model
have better performance than single protein language model or
extracting features only on the first 1,022 amino acids. (2) the
feature selectin module can improve identification performance.
(3) ablation experiment of BiLSTM and multi-head attention
verifies their contributions to performance enhancement and
training stability. (4) the experimental results comparing with
other methods verify that DFL-MHC consistently outperforms
existing methods on all indicators, highlighting the effectiveness
of the dual-stage training strategy and combinational feature
across sequences and across protein language models for MHC
identification.
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