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Abstract

In this paper, a hybrid neural architecture integrating contextual and local
semantic features is proposed to improve accuracy and robustness in text
classification. The proposed model combines BERT-based contextual vector
representations (embeddings), local semantic features extracted using a
Convolutional Neural Network (CNN), and global sequence connections learned
using a Bidirectional Gated Recurrent Unit (BiGRU). In the model, semantic
features at different levels are combined into a single spatial representation
through a feature fusion mechanism, and the final classification result is
determined using a softmax activation function. Experimental results show that
the proposed BERT-CNN-BiGRU model achieves high accuracy and F1-
criterion indicators compared to traditional word vector-based models. This
approach can be effectively applied to tasks such as sentiment analysis, topic
classification, and automatic information analysis.
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1. Introduction

In recent years, the widespread use of deep learning algorithms in the field of
natural language processing has significantly improved the efficiency of text
classification tasks. Traditional approaches, including frequency-based methods
and models based on static word vectors, have limited capabilities in fully
representing the context-dependent meaning of words. In particular, such methods
are not sufficiently effective in identifying long-range semantic connections and
correctly interpreting the contextual meaning of polysemantic words. The BERT
model, based on the transformer architecture, generates contextual vector
representations by recoding each token in the context of the entire text. This
allows us to take into account the change in word meaning depending on the
context. However, the BERT model in some cases requires additional mechanisms
to deeply distinguish local semantic patterns or structural features within short
segments [1-4].

Convolutional neural networks are highly efficient in detecting local features in
text, in particular semantic units in the form of n-grams. Bidirectional recurrent
neural networks, in particular BiGRU, learn global semantic connections by
taking into account the previous and subsequent parts of the sequence together.
Combining local and global features increases the generalization ability of the
model and improves classification accuracy. This paper proposes a BERT-CNN-—
BiGRU model that integrates contextual, local and global semantic features
within a single hybrid architecture. The proposed approach aims to increase the
accuracy of text classification by combining semantic representations at different
levels. The experiments show that the model achieves high accuracy and F1-
criterion indicators and confirm its practical application [5-9].

The sharp increase in the volume of digital information and the rapid increase in
the flow of textual data in the Internet environment have made the issue of
automatic analysis and classification of texts one of the most relevant scientific
directions. There is a need for fast and accurate processing of large volumes of
textual data created by users within the framework of information systems, social
networks, e-commerce platforms and digital services. Traditional statistical and
simplified machine learning methods do not show sufficient efficiency in deeply
reflecting the context-dependent meaning of words. Therefore, the development
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of hybrid deep learning models that combine contextual, local and global
semantic features is of great scientific and practical importance. The main goal of
the research is to develop a hybrid BERT-CNN-BiGRU model that integrates
contextual vector images, local semantic features and global sequence
connections within a single architecture in order to increase the accuracy of text
classification and to evaluate its effectiveness experimentally. In the course of the
research, the tasks were set to analyze the capabilities of the BERT model for
forming contextual representations, to study the role of convolutional neural
networks in identifying local semantic patterns, and to determine the effectiveness
of bidirectional recurrent networks in modeling global connections. Also, the
tasks of integrating these components based on a single fusion mechanism, testing
the proposed model on a practical dataset, and evaluating its accuracy and F1-
criterion indicators were carried out. The scientific novelty of the research is
manifested in the proposal of a hybrid architecture that combines contextual,
local, and global semantic features based on a single multi-level integration
mechanism. Contextual embeddings based on BERT are processed together with
local features extracted by CNN and global connections learned using BiGRU,
forming a complex semantic representation. The proposed model increases the
generalization ability of the classification process by taking into account linguistic
features at different levels in parallel and provides better results compared to
existing approaches. The proposed hybrid model can be used in practical tasks
such as automatic text classification, sentiment detection, topic grouping, and
information flow filtering. The high accuracy and stability of the model allow it
to be used in e-government systems, educational platforms, social network
monitoring, and e-commerce. The developed architecture also serves as a
universal solution that can be adapted and extended to other natural language
processing tasks [10-14].

2. Methodology
In the study, the problem of text classification is considered as a multi-class
classification task. The given data set [15-20]

D = {(X,,y,)}fil
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is expressed in the form, here X, =(w,w,,...,w,)— length T tokens and sequences,

v, €{,2,....,K} — class label. N — number of samples K — number of classes

Contextual representation (BERT stage)

For each token, a contextual vector is determined based on the transformer
architecture.

Self-attention mechanism:

T
Attention(Q, K,V') = softmax ( oK ]V

Vi
Here Q,K,V — query, key-value matrices, d, — wrench size

As a result, the hidden state matrix for the input sequence is obtained:
H=(h.hy,..sh),  hel?

Hered = 768 is the hidden layer size.

Local semantic feature extraction (CNN stage)

The convolutional layer extracts local n-gram features. The one-dimensional
convolution is expressed as

G=fW.-h,+b)

here k —filter window width, W_ - weight matrix, b, — siljish parametri f(-)—

nonlinear activation function (ReLU)
The most significant feature is extracted through Global Max Pooling

¢ =maxc;
1

The result is a local feature vector:
F_e0”

cnn

Global sequential connections (BiGRU stage)
The GRU cell is defined by the following equations:
Update interval:

z.=c(Wx,+U.h,_))

Reset gate:

n=oWx +Uh_)
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New hidden status:

h, =tanh(W,x, +U,(r.[1 h,_,))

Final status:

h=(1-2z)0 h_ +z0 h

In the two-way model, forward and backward hidden states are combined:
Fyy = Iy ]

The result 1s a global semantic feature vector.

Feature Integration (Fusion Mechanism)
Local and global features are combined as follows:
Ffusion = [F 3 F:gru]

cnn ?

here[-;-]— konkatenatsiya operatori.

Classification stage

The final classification is performed using the softmax function:

y =softmax(W F., +b,)

sion
e’
K e z;
Jj=1

softmax(z,) =

Loss function
A multi-class cross-entropy loss function is used to optimize the model
parameters:
N K
L= _Zzyﬂc log(yik)
i=1 k=1

Here y, — real label, 7, — prediction is possible.

Optimization

Parameters are updated using the Adam optimizer:
9t+1 :gt _77'7;1; /(\/g""(‘))

here n— learning speed.
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General model expression
The proposed model can be expressed in functional form as follows:

)A’ = fsoﬂmax (ffusion (f; BiGRU (/¢ CNN (f, BERT (X )))))

Here, each f represents the corresponding transformation

3. Research results

During the experiment, the proposed hybrid model was compared with models
based on traditional CNN, BiGRU, and simple BERT. Multi-class classification
criteria were used in the evaluation process. The table below compares the
performance of the models.

Table 1. Comparison of the effectiveness of different models

Model Accuracy Precision Recall Fl-score
CNN 0.84 0.83 0.82 0.82
BiGRU 0.86 0.85 0.85 0.85
BERT 0.91 0.90 0.90 0.90
CNN + BiGRU | 0.88 0.87 0.87 0.87
BERT + CNN +

BiGRU 0.94 0.93 0.94 0.93

The results show that the proposed hybrid model achieved the highest
performance in all criteria. In particular, the F1 criterion achieved a score of 0.93,
indicating that the model performed well across classes.

The prediction accuracy of the proposed model across classes was also analyzed
using a confusion matrix.

Table 2. Confusion matrix for the BERT-CNN-BiGRU model

Actual / Forecast Class 0 Class 1 Class 2
Class 0 95 3 2
Class 1 4 92 4
Class 2 2 3 95

The matrix results show that the model exhibits high values for the diagonal
elements, which indicates a high percentage of correct classification. The errors
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between classes are minimal, and the generalization ability of the model is found
to be sufficiently high.
The individual F1 criterion values for each class are presented in the table below.

Table 3. Assessment indicators across classes

Class Precision Recall F1-score
Class 0 0.94 0.95 0.94
Class 1 0.93 0.92 0.92
Class 2 0.94 0.95 0.94

The results show that the model performs consistently across all classes. In
particular, high accuracy is maintained even in classes with fewer samples.
Experimental results show that integrating contextual, local, and global features
significantly improves model performance compared to models based on only
local or only global semantic features. While the BERT model effectively
represents contextual information, CNN improves the overall performance by
additionally identifying local patterns, and BiGRU improves the overall
performance by additionally identifying long-range connections. The fusion
mechanism serves to increase the accuracy of the model by combining
representations of different levels into a single space. Based on the results, the
proposed BERT-CNN-BiGRU model has been proven to have high efficiency in
text classification tasks. As a result of the experiments, the proposed BERT—
CNN-BiGRU hybrid model has demonstrated high efficiency in text
classification tasks. The models were evaluated based on Accuracy, Precision,
Recall, and F1 criteria. Experimental results have shown that an approach that
takes into account contextual, local, and global semantic features together
provides significantly superior results compared to models based on individual
components. The typical CNN model is mainly focused on detecting local n-gram
features and works effectively within a short context, but cannot fully capture
long-range semantic connections. The BiIGRU model, on the other hand, detects
global connections by considering the previous and subsequent parts of the
sequence, but may be limited in deeply distinguishing local semantic patterns.
The BERT model shows high efficiency in generating contextual representations,
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because it takes into account the entire text context based on the transformer
architecture. However, enriching the BERT output with additional neural layers
can further improve the classification accuracy of the model.

In the proposed hybrid architecture, contextual vectors generated by BERT are
enriched with local semantic features via CNN and global sequence connections
are detected via BiGRU. The fusion representation resulting from this three-stage
integration represents a complex semantic structure. In the experimental results,
it was observed that the accuracy of the model reached 0.94 and the F1 criterion
reached 0.93, which is a significant improvement compared to individual models.
Confusion matrix analysis showed that the model performed well across classes.
High values of diagonal elements indicate a high proportion of correct
classification. Interclass errors were mainly observed between semantically
similar texts, which indicates that the model has some difficulty in distinguishing
subtle linguistic differences. However, the overall results confirm that the model
has a high generalization ability.

The advantage of the proposed model is that it processes semantic information at
different levels in parallel. While local features identify short semantic patterns in
the text, the global recurrent mechanism ensures context continuity, and the
transformer recodes each token according to the context. This multi-level
integration serves to increase the stability and accuracy of the model. Also, despite
the high computational complexity of the model due to the BERT component, the
additional CNN and BiGRU layers justify this cost by increasing the model
efficiency. The stable performance of the model on small and medium-sized data
sets expands its practical application possibilities. The obtained results show that
the integration of contextual, local and global semantic features significantly
increases the efficiency of text classification. The proposed BERT-CNN-BiGRU
hybrid model is a promising approach for application in modern NLP tasks.

4. Conclusion

In this study, a hybrid BERT-CNN-BiGRU model integrating contextual, local
and global semantic features was proposed to improve the accuracy of text
classification. The proposed architecture is based on combining transformer-
based contextual representations with local features extracted by a convolutional
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neural network and global sequence connections learned using a bidirectional
recurrent network. As a result of the experiments, it was found that the accuracy
and F1-criterion indicators of the model are higher than those of the traditional
CNN, BiGRU and the separate BERT model. It was proved that the integration of
semantic information at different levels in a single space through the fusion
mechanism increases the generalization ability of the model and provides
balanced results across classes. Confusion matrix analysis showed that the correct
classification rate of the model is high and that errors mainly occur between
semantically close classes. The proposed approach can be applied to practical
tasks such as automatic text classification, sentiment detection, topic grouping,
and information flow analysis. The model architecture is also considered a
universal solution that can be adapted and extended to other natural language
processing tasks. In the future, it is planned to test the model on large-scale
multilingual datasets, reduce computational complexity, and further improve
performance by optimizing parameters.
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