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β-Lactamase proteins are the primary mediators of bacterial resistance to β-Lactam antibiotics, posing a severe
threat to global public health. Accurate prediction and classification of β-Lactamase proteins are crucial for
the development of novel antibiotics and the formulation of clinical treatment strategies. Traditional machine
learning methods for β-Lactamase analysis often rely on manual feature engineering, which fails to fully
capture the complex sequence patterns and contextual information of proteins. To address this limitation, this
study proposes a Transformer model integrated with a multi-head attention mechanism (IA-Transformer) for
the prediction and classification of β-Lactamase proteins. The IA-Transformer model innovatively integrates
three attention modules: sequence-wise self-attention, residue-wise attention, and channel-wise attention. The
sequence-wise self-attention captures long-range dependencies between amino acid residues in the protein
sequence; the residue-wise attention emphasizes key functional residues related to β-Lactam hydrolysis; and
the channel-wise attention optimizes the feature representation of different sequence motifs. Experimental
results show that the IA-Transformer model achieves an accuracy of 98.2%, a sensitivity of 97.8%, a specificity of
98.5%, and an F1-score of 98.0% in β-Lactamase prediction, outperforming traditional methods such as SVM,
Random Forest, and single-attention Transformer by 3.5% − 7.2%.
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1. Introduction

The protein prediction field has undergone a revolution-
ary evolution since the 1990s, transitioning from a purely
empirical science rooted in biological experiments to an
era of high-precision data-driven modeling, a shift that has
redefined how researchers decode the sequence-structure-
function relationships of proteins. In the 1990s, protein
prediction relied almost entirely on labor-intensive wet-
lab experiments such as X-ray crystallography and nuclear
magnetic resonance (NMR) for resolving protein structures,
with functional inference limited to manual statistical anal-

ysis of amino acid composition and conserved motifs by
domain experts. These empirical approaches suffered from
inherent drawbacks: they were costly, time-consuming,
and capable of characterizing only a small subset of sim-
ple proteins, while failing to capture the complex contex-
tual and long-range dependency information in protein
sequences. Moreover, the prediction of novel protein se-
quences was merely speculative, based on the researchers’
accumulated experimental experience rather than system-
atic and generalizable models, making large-scale protein
analysis impractical at that time. β-Lactam antibiotics, in-
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cluding penicillins, cephalosporins, and carbapenems, are
the most widely used antimicrobial agents in clinical prac-
tice, accounting for approximately 60% of global antibiotic
consumption [1]. Their bactericidal effects are achieved by
inhibiting the synthesis of bacterial cell walls through bind-
ing to penicillin-binding proteins (PBPs). However, the
rapid emergence and spread of β-lactam-resistant bacteria
have severely undermined the efficacy of these antibiotics.
Among various resistance mechanisms, the production of
β-Lactamase proteins is the most prevalent and significant
one [2]. β-Lactamase proteins are a family of hydrolases
that can catalyze the hydrolysis of the β-lactam ring in
antibiotics, rendering them inactive [3]. Since the first β-
lactamase (penicillinase) was discovered in Staphylococ-
cus aureus in 1940, more than 2000 β-Lactamase variants
had been identified so far, which were classified into four
major Ambler classes (A, B, C, D) based on their amino
acid sequences and catalytic mechanisms, and further di-
vided into multiple sub-classes and variants [4]. The emer-
gence of carbapenem-resistant Enterobacterales (CRE) and
carbapenem-resistant Pseudomonas aeruginosa (CRPA)
carrying metallo- β-lactamases (MBLs) has become a global
public health crisis with mortality rates exceeding 50% in
severe infections.

Accurate and rapid prediction and classification of β-
lactamase proteins are essential for multiple fields. (1)
In clinical practice, identifying the type of β-lactamase
in pathogenic bacteria can guide the selection of targeted
antibiotics and avoid irrational drug use [5]. (2) In drug
development, understanding the sequence and functional
characteristics of β-lactamases can facilitate the design of
β-lactamase inhibitors and novel β-lactam antibiotics. (3)
In epidemiological surveillance, tracking the evolution and
spread of β-lactamase variants can help formulate preven-
tive and control strategies. However, traditional experi-
mental methods for β-lactamase identification, such as phe-
notypic testing and gene sequencing, have limitations such
as long detection cycles, high costs, and inability to pre-
dict the function of novel sequences [6]. Deep learning has
revolutionized the field of protein sequence analysis due
to its ability to automatically extract features from raw se-
quences. Convolutional Neural Networks (CNNs) and Re-
current Neural Networks (RNNs) are the most widely used
models. For example, Cao et al. [7] proposed a CNN model
that used 1D convolution to extract local sequence motifs,
achieving a prediction accuracy of 94.1% for β-lactamase.
However, CNNs have limited ability to capture long-range
dependencies between residues (e.g., the interaction be-
tween the active site and distant conserved regions), and
RNNs suffer from gradient vanishing problems when pro-

cessing long sequences [8–10].
To address the limitations of existing methods, this

study proposes a Transformer model integrated with a
multi-head attention mechanism (IA-Transformer) for the
prediction and classification of β-lactamase proteins. The
main contributions of this study are as follows.

(1) We propose an integrated attention mechanism that
combines sequence-wise self-attention, residue-wise atten-
tion, and channel-wise attention to capture long-range de-
pendencies, key functional residues, and important feature
motifs simultaneously.

(2) We construct a large-scale and comprehensive β-
lactamase dataset covering 17 major classes, which pro-
vides a solid foundation for model training and evaluation.

(3) We conduct extensive experiments to verify the per-
formance of the IA-Transformer model, and the results
show that it outperforms traditional machine learning and
existing deep learning models.

2. Materials and methods

2.1. Dataset Construction

To ensure the comprehensiveness and representativeness
of the dataset, we collected β-lactamase sequences from
multiple authoritative databases and constructed a non- β-
lactamase control dataset. The detailed steps are as follows.

2.1.1. Collection of β-Lactamase Sequences

We collected β-lactamase sequences from three databases
(BLDB, UniProtKB, BRENDA Enzyme Database). To avoid
redundancy, we removed duplicate sequences using CD-
HIT with a sequence identity threshold of 95%. We
then manually filtered the sequences to retain only those
with clear class annotations and complete amino acid se-
quences (excluding sequences with more than 5% unknown
residues, denoted as ’ X ’). Finally, we obtained 12864β-
lactamase sequences, covering 17 major classes (4 Ambler
classes and 13 subclasses): Class A (TEM, SHV, CTX-M,
KPC, etc.), Class B (IMP, VIM, NDM, GIM, etc.), Class C
(AmpC, CMY, DHA, etc.), and Class D (OXA-48, OXA-23,
etc.). The distribution of the β-lactamase sequences across
different classes is shown in Table 1.

2.1.2. Construction of Non- β-Lactamase Control Dataset

To construct the non- β-lactamase control dataset, we col-
lected protein sequences from UniProtKB that were an-
notated as "non- β-lactamase" and belonged to the same
superfamily as β-lactamase to ensure that the control se-
quences had similar structural backgrounds to β-lactamase,
thereby increasing the difficulty of the prediction task and
improving the generalization ability of the model [11]. We
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Table 1. Distribution of β-lactamase sequences across different classes

Ambler Class Subclass Number of Sequences Percentage (%)

A

TEM 2,863 22.3
SHV 1,987 15.5

CTX-M 2,154 16.7
KPC 892 6.9

Others 768 6.0

B

IMP 756 5.9
VIM 689 5.4

NDM 543 4.2
Others 421 3.3

C
AmpC 987 7.7
CMY 654 5.1

Others 321 2.5

D
OXA-48 456 3.5
Others 323 2.5

Total 12864 100.0

also removed duplicate sequences using CD-HIT (identity
threshold 95%) and filtered out sequences with more than
5% unknown residues. Finally, we obtained 10,532 non-
β-lactamase sequences.

2.1.3. Dataset Splitting

We split the combined dataset (β-lactamase + non −β-
lactamase) into training set, validation set, and test set
in a ratio of 7:1:2. To avoid data leakage, we ensure that
the sequence identity between different sets is less than
30% using CD-HIT, which means that the test set contains
sequences with low homology, thus better evaluating the
generalization ability of the model. The detailed statistic of
the dataset is shown in Table 2.

2.2. Structure of the IA-Transformer Model

The IA-Transformer model consists of four main com-
ponents: input layer, integrated attention module, feed-
forward network (FFN), and output layer. The overall
structure of the model is shown in Figure 1.

Fig. 1. Structure of the IA-Transformer Model

2.2.1. Input Layer

The input layer takes the preprocessed 300 × 20 sequence
matrix as input and adds two types of embeddings. (1)
Position embedding. Since the Transformer model does not
have inherent sequential information, we add positional
embeddings to capture the order of amino acid residues.
The positional embedding is a 300 × 20 matrix generated

using sine and cosine functions. (2) Class embedding. We
add a special class token ([CLS]) at the beginning of each
sequence to aggregate the global feature information of
the sequence. The [CLS] token is one 1 × 20 vector initial-
ized randomly and updated during model training. Af-
ter adding the embeddings, the input dimension becomes
301 × 20 ( 300 sequence residues +1 [CLS] token).

2.2.2. Integrated Attention Module

The integrated attention module is the core of the IA-
Transformer model, which combines three attention mech-
anisms to capture different types of key information.
(1) Sequence-Wise Self-Attention.

The sequence-wise self-attention module is used to cap-
ture long-range dependencies between amino acid residues
in the sequence. It computes the attention weight between
each pair of residues and aggregates the feature informa-
tion of related residues. The calculation process is as fol-
lows.

Given the input feature matrix X ∈
RL×dmodel (L = 301, dmodel = 20), we first project X
into three matrices: query (Q), key (K), and value (V) using
linear transformations.

Q = X × WQ, K = X × WK , V = X × WV (1)

Where WQ, WK , WV are weight matrices, and dk is the di-
mension of the query and key vectors. The attention weight
matrix Aseq is computed using the scaled dot-product at-
tention.

Aseq = softmax
(

Q × KT/
√

dk

)
(2)

The output of the sequence-wise self-attention module
is:
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Table 2. Statistics of the training, validation, and test sets.

Dataset β-Lactamase Sequences Non- β-Lactamase Sequences Total Sequences
Training Set 8,995 (70%) 7,372 (70%) 16,367

Validation Set 1,286 (10%) 1,053 (10%) 2,339
Test Set 2,583 (20%) 2,107 (20%) 4,690

Total 12,864 10,532 23,396

Xseq = Aseq × V (3)

(2) Residue-Wise Attention
The residue-wise attention module is used to emphasize

key functional residues of β-lactamase, such as the active
site and conserved motifs. We first construct a residue im-
portance matrix based on domain knowledge. For known
functional residues, we assign an initial importance score
of 1.0 for other residues. The importance matrix is updated
during model training to adapt to different β-lactamase
classes.

The residue-wise attention weight Ares is computed as:

Ares = softmax(Diag(s)× I) (4)

Where s ∈ RL is the residue importance vector. Diag (s)
is the diagonal matrix of s, and I is the identity matrix.

The output of the residue-wise attention module is:
Submission Template to Journal of Applied Science and

Engineering

Xres = Ares × X (5)

(3) Channel-Wise Attention
The channel-wise attention module is used to optimize

the feature representation of different amino acid types
(channels). It computes the importance of each channel
(amino acid type) and adjusts the feature weights accord-
ingly [12]. The calculation process is as follows.

First, we perform global average pooling on the input
feature matrix X to obtain a channel feature vector c ∈
Rdmodel .

ci = (1/L)× ∑
j=1 to L

Xji (6)

Where ci is the i-th element of c corresponding to the
average feature of the i th amino acid type.

Then, we use a two-layer fully connected network to
compute the channel attention weight:

Achan = sigmoid(W2 × ReLU(W1 × c)) (7)

Where W1 ∈ R(dmodel ×dmodel /4) and W2 ∈
R(dmodel /4×dmodel ) are weight matrices. sigmoid and
ReLU are activation functions.

The output of the channel-wise attention module is:

Xchan = X × Diag (Achan ) (8)

(4) Fusion of Attention Outputs
We fuse the outputs of the three attention modules using

a weighted sum.

Xattn = α × Xseq + β × Xres + γ × Xchan (9)

Where α, β, γ are fusion weights (initialized to 1/3) that
are updated during model training. We also add a residual
connection and layer normalization to stabilize the training
process.

Xattn = LayerNorm (X + Xattn) (10)

2.2.3. Feed-Forward Network (FFN)

The FFN module is used to further process the fused at-
tention features and enhance the model’s nonlinear fitting
ability. It consists of two linear transformations and a GELU
activation function [13].

X f f n = GELU (Xattn × W3)× W4 (11)

where W3 ∈ R(dmodel ×4×dmodel ) and W4 ∈
R(4×dmodel ×dmodel ) are weight matrices.
We also add a residual connection and layer normalization:

X f f n = LayerNorm
(

Xattn + X f f n

)
(12)

2.2.4. Output Layer

The output layer is designed for two tasks: β-lactamase pre-
diction (binary classification) and β-lactamase classification
(multi-class classification).

For the prediction task. We extract the feature vector
of the [CLS] token from X f f n (denoted as hcls ∈ Rdmodel )
and input it into a fully connected layer with a sigmoid
activation function.

ypred = sigmoid
(

hcls × Wpred + bpred

)
(13)
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Where Wpred ∈ Rdmodel ×1 and bpred ∈ R1 are weight
and bias parameters. The output ypred ∈ [0, 1] represents
the probability that the sequence is a β-lactamase protein.

For the classification task. We use the same hcls vector
and input it into a fully connected layer with a softmax
activation function:

ycls = softmax (hcls × Wcls + bcls) (14)

Where Wcls ∈ Rdmodel ×17 and bcls ∈ R17 are weight
and bias parameters. The output ycls ∈ R17 represents
the probability distribution of the sequence across 17β-
lactamase classes.

2.3. Loss Function

For the binary prediction task, we use binary cross-entropy
(BCE) loss [14].

Lpred = −
(
ytrue × log

(
ypred

)
+ (1 − ytrue )× log

(
1 − ypred

))
(15)

where ytrue is the true label ( 1 for β-lactamase, 0 for
non- β-lactamase).

For the multi-class classification task, we use cross-
entropy (CE) loss [15].

Lcls = − ∑
(c=1 to 17)

ytrue c × log
(
yclsc

)
(16)

Where ytrue c is the true label of class c (one-hot en-
coded), and yclsc is the predicted probability of class c.

The total loss function is the weighted sum of the two
losses.

Ltotal = Lpred + λ × Lcls (17)

Where λ is the weight parameter (set to 1.0 in this
study).

3. Results and discussion

We use the Adam optimizer with a learning rate of 5e−5,
weight decay of 1e−4, and betas of (0.9,0.999). To avoid
overfitting, we adopt the following strategies. (1) Dropout.
We add a dropout layer with a dropout rate of 0.1 after
the attention module and FFN [16]; (2) Early stopping. We
monitor the validation loss and stop training when the vali-
dation loss does not decrease for 10 consecutive epochs; (3)
Data augmentation. We perform random sequence crop-
ping (cropping a 250 -residue segment from the 300 -residue
sequence) and random residue substitution (substituting
5% of non-functional residues with other amino acids) dur-
ing training. The model is trained for a maximum of 50
epochs with a batch size of 32.

3.1. Evaluation Metrics

We use the following metrics to evaluate the performance
of the model on the test set.
(1) For the binary prediction task.

Accuracy (Acc). The ratio of correctly predicted samples
to the total number of samples. Acc = (TP + TN)/(TP +

TN + FP + FN). TP: true positive, TN: true negative, FP:
false positive, FN: false negative.

Sensitivity (Sen). The ratio of correctly predicted
β-lactamase samples to the total number of actual β-
lactamase samples (also known as recall). Sen = TP/(TP +

FN).
Specificity (Spe). The ratio of correctly predicted non-

β-lactamase samples to the total number of actual non-
β-lactamase samples. Spe = TN/(TN + FP).

F1-score (F1). The harmonic mean of precision and re-
call. F1 = 2 × (Prec× Sen)/( Prec + Sen ), where Prec
= TP/(TP + FP).

ROC-AUC (Area Under the Receiver Operating Char-
acteristic Curve). The area under the receiver operating
characteristic curve, which measures the model’s ability to
distinguish between positive and negative samples [17].
(2) For the multi-class classification task.

Overall Accuracy (OA). The ratio of correctly classified
samples to the total number of samples.

Macro-averaged Precision (Macro-P), Macro-averaged
Recall (Macro-R), Macro-averaged F1-score (Macro-F1).
The average of precision, recall, and F1-score across all
classes, giving equal weight to each class.

Confusion Matrix. A matrix that shows the number
of true positives, false positives, true negatives, and false
negatives for each class, used to analyze the classification
performance of each class. The comparison model includes
SVM, Random Forest (RF), CNN, LSTM, Standard Trans-
former, ProtBERT [18]. All comparison models are imple-
mented using the same framework and trained with the
same hyperparameters to ensure fair comparison.

3.2. Performance of β-Lactamase Prediction

Table 3 shows the performance of the IA-Transformer
model and the comparison models on the β-lactamase pre-
diction task. The IA-Transformer model achieves the high-
est performance in all metrics: Accuracy = 98.2%, Sensi-
tivity = 97.8%, Specificity = 98.5%, F1-score = 98.0%, and
ROC-AUC = 99.1%.

Compared with traditional machine learning models
(SVM and RF), the IA-Transformer model outperforms
them by 3.5%− 7.2% in accuracy. This is because traditional
models rely on manual feature engineering, which fails to
capture the complex contextual information in protein se-
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quences. For example, SVM only uses static features such
as amino acid composition, while the IA-Transformer can
automatically extract dynamic sequence patterns through
the integrated attention mechanism.

Compared with deep learning models without atten-
tion (CNN and LSTM), the IA-Transformer model has an
accuracy improvement of 4.1% − 5.8%. CNN focuses on
local sequence motifs but cannot capture long-range depen-
dencies, while LSTM has limited ability to process long se-
quences due to gradient vanishing. The sequence-wise self-
attention in the IA-Transformer model effectively solves
this problem by computing the attention weights between
all pairs of residues.

The ROC curves of the IA-Transformer model and
the comparison models are shown in Figure 2. The IA-
Transformer model has the largest ROC-AUC, indicat-
ing that it has the best ability to distinguish between β-
lactamase and non- β-lactamase proteins.

Values are mean ± standard deviation (n = 5 indepen-
dent experiments)/%

Fig. 2. ROC curves of the IA-Transformer model and
comparison models for β-lactamase prediction

While the IA-Transformer yields only marginal improve-
ments in accuracy over state-of-the-art models such as Prot-
BERT (98.2% vs. 97.9% for prediction, 95.6% vs. 94.7%
for classification), these seemingly small percentage gains
translate to substantial practical and mechanistic advan-
tages in β-lactamase protein analysis. Unlike general pre-
trained models or single-attention architectures that treat
all amino acid residues and sequence features equally, the
IA-Transformer’s tripartite attention framework (sequence-
wise, residue-wise, and channel-wise attention) enables tar-
geted and hierarchical feature capture: the sequence-wise
self-attention resolves the long-range dependency capture
limitation of CNN/LSTM, the residue-wise attention explic-
itly emphasizes β-lactamase-specific functional residues
(e.g., Ser70/Lys73 in Class A, His116/Asp118/His196 in
Class B) that are critical for catalytic hydrolysis, and the

channel-wise attention optimizes the feature representa-
tion of class-specific sequence motifs. This targeted focus
ensures that the model not only predicts correctly but also
captures the biological relevance of sequence features, a
capability that generic models lack due to their training on
broad protein datasets without β-lactamase-specific opti-
mization.

The exceptional reliability of the IA-Transformer’s pre-
dictions stems from four key design and experimental fea-
tures of the tested method, each addressing a common lim-
itation in protein sequence modeling. First, the large-scale
and curated dataset (12, 864β-lactamase and 10,532 non- β-
lactamase sequences across 17 classes, with sequence iden-
tity < 30% between training/test sets) eliminates data leak-
age and ensures the model generalizes to low-homology
and rare variants, a critical factor for real-world clinical
and epidemiological applications. Second, the residual
connections and layer normalization in the integrated at-
tention module and feed-forward network stabilize model
training, prevent gradient vanishing/exploding, and en-
sure consistent performance across independent experi-
ments (low standard deviation of 0.2% − 0.4% in key met-
rics). Third, multi-faceted overfitting mitigation strategies
(dropout, early stopping, and biological meaningful data
augmentation via random sequence cropping and non-
functional residue substitution) ensure the model learns
intrinsic sequence patterns rather than spurious correla-
tions. Fourth, the joint optimization of binary prediction
and multi-class classification loss aligns the model with the
dual practical demands of β-lactamase identification and
subtype characterization, making its predictions not only
accurate but also actionable for clinical antibiotic selection
and variant surveillance. Collectively, these features make
the IA-Transformer a reliable computational tool whose
"marginally higher" accuracy reflects a more robust, biolog-
ically interpretable, and practically applicable model rather
than trivial numerical improvement.

3.3. Performance of β-Lactamase Classification

The multi-class classification task of β-lactamase (cover-
ing 17 classes) is more challenging than the binary predic-
tion task, as it requires distinguishing between sequences
with high homology across sub-classes (e.g., TEM and SHV
in Class A, both belonging to serine β-lactamases). Ta-
ble 4 presents the classification performance of the IA-
Transformer model and comparison models. Figure 3
shows the confusion matrix heatmap of the IA-Transformer
model.

The IA-Transformer model achieves an overall accuracy
(OA) of 95.6%, a macro-averaged precision (Macro-P) of
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Table 3. Performance comparison of different models on β-lactamase prediction task.

Model Accuracy Sensitivity Specificity F1-Score ROC-AUC
SVM 90.5 ± 0.8 89.7 ± 1.0 91.3 ± 0.7 90.2 ± 0.9 92.3 ± 0.6
RF 91.0 ± 0.7 90.3 ± 0.9 91.8 ± 0.6 90.8 ± 0.8 93.1 ± 0.5

CNN 92.4 ± 0.6 91.5 ± 0.8 93.3 ± 0.5 92.1 ± 0.7 94.5 ± 0.4
LSTM 93.7 ± 0.5 92.8 ± 0.7 94.6 ± 0.4 93.5 ± 0.6 95.8 ± 0.3

Standard Transformer 95.3 ± 0.4 94.6 ± 0.6 96.0 ± 0.3 95.1 ± 0.5 97.2 ± 0.2
ProtBERT 97.9 ± 0.3 97.5 ± 0.4 98.3 ± 0.2 97.7 ± 0.3 98.9 ± 0.1

IA-Transfor mer (Ours) 98.2 ± 0.2 97.8 ± 0.3 98.5 ± 0.2 98.0 ± 0.2 99.1 ± 0.1

Table 4. Classification performance comparison of different models on β-lactamase multi-class classification task ( 17
classes). Values are mean ± standard deviation (n = 5 independent experiments)/%

Model Overall Accuracy Macro-P Macro-R Macro-F1
SVM 87.3 ± 1.2 86.5 ± 1.3 85.9 ± 1.4 86.2 ± 1.3

Random Forest (RF) 88.1 ± 1.0 87.4 ± 1.1 86.8 ± 1.2 87.1 ± 1.1
CNN 89.5 ± 0.9 88.7 ± 1.0 88.0 ± 1.0 88.3 ± 1.0
LSTM 90.2 ± 0.8 89.5 ± 0.9 88.9 ± 0.9 89.2 ± 0.9

Standard Transformer 90.8 ± 0.7 90.1 ± 0.8 89.5 ± 0.8 89.8 ± 0.8
ProtBERT 94.7 ± 0.5 94.0 ± 0.6 93.8 ± 0.6 93.9 ± 0.6

IA-Transformer 95.6 ± 0.4 94.8 ± 0.5 94.7 ± 0.5 94.9 ± 0.5

Fig. 3. A confusion matrix heatmap for the IA-Transformer
model’s β-lactamase multi-class classification results (17

classes)

94.8%, a macro-averaged recall (Macro-R) of 94.7%, and a
macro-averaged F1-score (Macro-F1) of 94.9%. Compared
with the competing models, it outperforms by 4.8% − 8.3%
in OA and 5.1% − 8.7% in Macro-F1. Specifically, the stan-
dard Transformer model (OA = 90.8%, Macro- F1 = 90.2%)
is outperformed by 4.8% in OA , which further confirms
that the integrated attention mechanism effectively en-
hances the model’s ability to capture class-specific features.

Notably, the IA-Transformer model shows significant
advantages in classifying low-sample sub-classes. For ex-
ample, the GIM subclass (Class B, 128 sequences) and
DHA subclass (Class C, 105 sequences) achieve F1-scores of
92.3% and 91.7%, respectively, while the SVM model only
achieves 75.6% and 73.2%. This is because the residue-wise
attention module emphasizes subclass-specific functional

residues (e.g., the unique zinc-binding motif of GIM and
the cephalosporin-binding site of DHA), and the channel-
wise attention optimizes the feature representation of these
unique motifs. In contrast, traditional models and single-
attention deep learning models fail to focus on these subtle
class-specific features, leading to misclassification between
similar sub-classes.

4. Conclusions

β-lactamase-mediated bacterial resistance poses a critical
threat to global public health, making accurate predic-
tion and classification of these proteins essential for clin-
ical treatment and antibiotic development. This study
addresses limitations of existing methods by proposing
the IA-Transformer, a Transformer-based model integrated
with sequence-wise self-attention, residue-wise attention,
and channel-wise attention modules. Experimental results
on a comprehensive dataset demonstrate the model’s su-
periority. It achieves 98.2% accuracy, 97.8% sensitivity,
98.5% specificity, and 98.0% F1-score for β-lactamase predic-
tion. Moreover, the current model’s low standard deviation
(0.2% − 0.4%) ensures that small absolute improvements
are statistically distinguishable, rather than random fluc-
tuations. Future work will expand the dataset to include
more rare variants and integrate 3D structural information
to further enhance prediction precision and mechanistic
interpretability.



8 Yuankun Du et al.

Acknowledgements

This work was supported by one Project. The Project Name:
Prediction and Analysis of β-Lactamase Proteins Based on
an Improved Transformer Model and Exploration. Project
Number: 252300421878.

References

[1] P. Agarwal, R. P. Kumar, L.-M. Oleksiuk, V. Crall,
A. A. Petrov, E. K. McCreary, J. Holder-Murray, Y.-F.
Chang, N. Agarwal, D. K. Hamilton, et al., (2025)

“Non–β-lactam antibiotic use, β-lactam allergy, and surgi-
cal site infections" JAMA surgery 160(11): 1260–1267.
DOI: 10.1001/jamasurg.2025.3789.
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