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1. Introduction

Text classification are an significant task in natural language processing(NLP)[1] [2]. It is designed to
automatically classify text documents to specified categories[3]. It has many applications such as news classification
statement analysis topic detection and information retrieval[4][2]. With the growth of online text, accurate and
efficient text classification methods have become increasingly important[5][6].

1.1. Motivation

Deep learning has improved text classification through enable models to automatically identify useful features from
text[7][8]. Convolutional neural networks (CNN) can efficiently identify local patterns and important word
combinations[9][1]. In contrast, Transformer-based models can understand the context and relationships between
words in a sentence[10][11]. Therefore, these models can provide different and complementary types of

information[12][13].
1.2. Proposed solution

In this study, we use Multi-Channel Convolutional Neural Network (MC-CNN) and DeBERTa-base for text
classification. MC-CNN is used to extract local textual features, while DeBERTa-base is used to capture contextual
and semantic information. To combine the strengths of both models, we present a new Adaptive Fusion Mechanism
which dynamically determines this contribution of each model during classification.
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1.3. Evaluation Strategy

The suggested method is tested on the AG News data set. The performance of MC-CNN, DeBERTa-base and the
proposed adaptive fusion model is compared using common performance metrics including accuracy, precision,
recall, and F1-score. The main goal of this research is to enhance text classification by effectively combining local
and contextual features from two different deep learning models.

1.4. Paper Organization

The structure of the article organized as the following: section 2 review the related work. Section 3 describe the
suggest model. Section 4 present the experiment and result. Finally, Section 5 present Conclusion.

2. Related Work

Victor Kwaku Agbesi et al[14]Has discussed the existing text classification models may fail to capture information at
different levels. Single CNN models canmiss longer dependencies, while transformer models can require
highcomputational resources. The problem is also harder for multilingual and low-resource languages such as Ewe,
Arabic, and Urdu The authors proposed MuTCELM which combines five transformer models with a proposed Multi-
TextCNN. Different CNN kernels and the five classifiers are combined using a weighted voting method. The
presented model was tested based on Accuracy, Precision, Recall, and F1. Moreover, statistical analysis using.
confidence intervals and significance testing was also performed. Use Five datasets: AJGT (Arabic sentiment), AL]J-
News (Arabic news), ArSarcasm-V2 (Arabic sarcasm), Ewe (Ewe news), and Urdu (Corpus Urdu fake-news
detection). The best total result was obtained on the Ewe dataset, where MuTCELM achieved 97.7% accuracy, 96.9%
precision, 97.3% recall, and 97.1% F1-macro. Across the five datasets, accuracy was 93.0% (AJGT), 94.9% (AL]J-
News), 95.7% (ArSarcasm-V2), 97.7% (Ewe), and 91.3% (Urdu .(The proposed model has used five models, which
may increase the computational cost.

Chrifi Alaoui Mehdi et al[15] Existing hybrid models often use simple fusion methods such as concatenation or
averaging. These methods cannot adapt the significance of local and global features to input text. CNNs may miss
long-range dependencies, while attention models may miss important local patterns. The authors proposed
GEODENSECONVNET, which combines a multiscale CNN and multihead for global features. A new Adaptive
Geometric Fusion mechanism based on Bregman divergence and an adaptive element wise geometric mean is used
to combine the two representations. The performance of the models was assessed using Accuracy, Precision, Recall,
and F1-score. The paper remember IMDB, AG News, and EmoBank as benchmark datasets. The model achieved the
best reported performance with 80.12% accuracy and 0.8011 F1. the popularization of the proposed fusion method
to other datasets and NLP tasks is not fully demonstrated.

Pengcheng He et al[16] BERT combines word content and position in one representation, which may limit its ability
to model the relationship between content and relative position. Also, standard BERT does not use absolute position
information effectively during masked-token decoding. The authors propose DeBERTa, using two main ideas:
Disentangled Attention and an Enhanced Mask Decoder (EMD). They also introduce Scale-invariant Fine-Tuning
(SiFT) to improve generalization. DeBERTa was evaluated on GLUE, SuperGLUE, SQuAD v1.1/v2.0, RACE, ReCoRD,
SWAG, CoNLL-2003 NER, and WikiText-103. Use datasets: OpenWebText, Stories and WikiText-103. The DeBERTa
ensemble achieved 90.3% macro-average on SuperGLUE, exceeding the reported human baseline of 89.8%. The
single DeBERTa 1.5B model achieved 89.9%, also exceeding the human baseline. On GLUE, DeBERTa-Large achieved
an average score of 90.00, outperforming BERT-Large and RoBERTa-Large.

Rasha Kadhem et al[17]Have discussed the Arabic sentiment analysis has received less attention than English, and
Arabic text has challenges such as morphology, slang, and dialect variation. This article has a study that compares
CNN, RNN, and LSTM using three feature extraction methods: BoW, TF-IDF, and word embedding. It also uses three
classification schemes: rating, polarity, and balance polarity. The presented model was tested based on using
Precision, Recall, F1-score, and Accuracy. The dataset was LABR (Large-Scale Arabic Book Reviews). The best
reported value is 86.09%. The paper's main conclusion states that CNN was the most effective overall among CNN,
LSTM, and RNN for the task.

Xiang Zhang et al[18] Traditional text classification mainly depends on words and hand-craftedfeatures. The authors
aimed to classify text directly from raw characters .without relying on word-level features or linguistic knowledge.
The authors propose deep Character-Level Convolutional Neural Network (Char-CNN) that converts characters into
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one-hot vectors and uses convolution, Max ppling and fully connected layers to classify text. Compared with bag of
words, TF-IDF, n games, Bag-of-Means, LSTM, and word-based CNN models using large-scale text classification
datasets. Use datasets AG's News, DBPedia, Sogou News, Yelp Review Polarity, Full, Amazon Review, Yahoo!
Answers and Amazon Review. The best Character-CNN result varied by dataset. For example, the large Char-CNN
with thesaurus augmentation achieved 4.88% error on YelpPolarity (95.12% accuracy), while on Amazon Polarity it
achieved 4.93%error (95.07% accuracy)and AG News Polarity it achieved 9.51%error (90.49% accuracy) .The study
showed that Character-CNN alone does not consistently outperform all word-based models.

3. Proposed Models

Although previous studies have combined DeBERTa-base with Multi-TextCNN for text classification, the existing
approaches mainly focus on ensemble learning and conventional model combination. This section presents the
proposed models for text classification. It describes the MC-CNN model for extracting local textual features and the
DeBERTa-base model for capturing contextual and semantic information. Moreover, an Adaptive Fusion Mechanism
is proposed to combine the outputs of both models dynamically and improve the final classification performance.
This study addresses this gap by proposing an adaptive fusion framework for text classification on AG News dataset.

3.1. Multi-Channel Convolutional Neural Network (MC-CNN)

The first part of the proposed approach is the MC-CNN utilized to extract important local feature for the input text.
The model applies different convolution filters to detect useful word patterns and local relationships between
words. These features help the model identify important information related to the text class[14].

3.2. DeBERTa-base

The second part of the proposed approach is DeBERTa-base. It is a Transformer-based model that is used to capture
contextual and semantic information from the input text. DeBERTa-base can understand the meaning of words
according to their context and their position in the text. Therefore, it provides a different type of information
compared with MC-CNN[19].

3.3. Confidence-based Adaptive Fusion Mechanism

The third part is the proposed Confidence based Adaptive Fusion Mechanism. This mechanism combines the
outputs of MC-CNN and DeBERTa-base to obtain a final classification result. Instead of using fixed weights for the
two models, the proposed mechanism dynamically determines the contribution of each model according to the input
text. This allows the system to give more importance to the model that provides more useful information for a
particular input.

3.4. Proposed Operating Framework

The complete proposed framework consists of three main stages. First, the input text is processed by MC-CNN to
extract local textual features. At the same time, the same input text is processed by DeBERTa-base to obtain
contextual and semantic features. Second, the outputs of both models are passed to the Adaptive Fusion Mechanism.
Finally, the mechanism combines the two outputs and produces the final text classification result. The overall
operation of the proposed system is illustrated in the proposed framework in Figure (1). The Adaptive Fusion
Mechanism is defined by the following equations:

max(P¢)

We = max(P¢)+max(Pp) (1)
_ MAX(Pp)

Wp = MAX(P¢)+MAX(Pp) (2)

Where:

Woc: the adaptive weight assigned to the MC-CNN model.

Wh: the adaptive weight assigned to the DeBERTa-base model.
Pc: the probability vector produced by MC-CNN.

Pp: the probability vector produced by DeBERTa-base.



Ali Jaber Tayh Albderia et al, Journal of Al-Qadisiyah for Computer Science and Mathematics Vol.18.(3) 2026,pp.Comp 528-534 531

Par=WcPc+WpPp (3)

Where PAF is the final probability vector produced by the Adaptive Fusion Mechanism.
Then

Y=arg max(Par) (4)

Where: Y Final Classification for Adaptive Fusion.

Input text(AG
News)

MC-CNN | DeBERTa-base |
Local Features Contextual Features
MC-CNN Output | DeBERTa-base Output

K ]
f

Confidence-based Adaptive Fusion Mechanism

Final Prediction

v

AG News Classification

v

Accuracy, Precision, Recall and F1

Fig 1: Proposed operating framework based on MC-CNN, DeBERTa-base, and the Adaptive Fusion
Mechanism.

4. Experiments And Result

This section presents the experimental setup and the evaluation resultsof the proposed model. The experiments
were conducted using the AG News dataset to evaluate the performance of MC-CNN, DeBERTa-base, and the
proposed Adaptive Fusion Mechanism.

4.1. Dataset

The AG News corpus dataset was used as the benchmark dataset for evaluating the proposed text classification
model. The dataset contains 120,000 samples of training and 7,600 samples of testing divided in to four categories:
World, Business, Sports and Sci/Tech [18]. AG News is suitable and sufficiently large for the task study. The main
dataset is used widely in text classification study to evaluate traditional deep learning.



532 AliJaber Tayh Albderia et al, Journal of Al-Qadisiyah for Computer Science and Mathematics Vol.18.(3) 2026,pp.Comp 528-534

4.2. Evaluation metrics

To evaluate the performance of the proposed model four commonly used evaluation matrices are considered:
Accuracy, Precision, Recall and F1 score. This metrics provide a comprehensive evaluation of the classification
performance on the AG News dataset.

- Accuracy measures the proportion of classified samples among all samples[20]. It is calculated as:

TP+TN

Aceuracy™ oy )

- Precision measure is proportion of correctly predicted positive samples among all samples predicted as
positive[21]:

Precision= ——— (6)

TP+FP

- Recall measures the proportion of correctly predicted positive samples among all actual positive samples[22]:
Recall= ——— (7

TP+FN
- F1- Score represents the harmonic mean of precision and recall[23]:

Precision*Recall
F1-Score= — ( )

Precision +Recall

4.3. Analysis and Comparisons

Table 1, further explained in Fig 2 shows the performance of MC-CNN, DeBERTa-base, and the proposed Adaptive
Fusion model on the AG News dataset. The MC-CNN model achieved 92.40% accuracy, while DeBERTa-base
achieved 94.73%. The proposed Adaptive Fusion model obtained the best performance, by 95.62% Accuracy,
95.01% Precision, 94.38% Recall, and 94.69% F1-score. Compared with MC-CNN, the proposed model improves
accuracy by 3.22 percentage points, while it improves accuracy over DeBERTa-base by 0.89 percentage points. This
improvement indicates that combining local features from MC-CNN with contextual and semantic information from
DeBERTa-base can provide more effective text representations than using either model independently. For
comparison with previous work, Table 2 and further explained in Fig 3 show that Zhang et al. (2015) reported a
character-level CNN error rate of 9.51% on AG News, corresponding to approximately 90.49% accuracy. Their
results demonstrate the effectiveness of character-level CNNs, but the proposed model suggest a higher accuracy of
95.62% on the same database.

Table1: The result of metrics of the designed model with standalone MC-CNN model and the standalone
DeBERTa-base model of AG news database.

Model Accuracy Precision Recall F1-Score
MC-CNN Model 92.40% 92.1% 91.9% 92.0%
DeBERTa-base Model 94.73% 93.9% 93.1% 93.9%
PROPOSED MODEL 95.62% 95.01% 94.38% 94.69%
96
/

95
94 e Accuracy
93 ~ -

= Precision
92
91 Recall
90 T T 1

MC-CNN Model DeBERTa Model PROPOSED MODEL

Fig2: The outcome metrics of the designed model with standalone MC-CNN model and the
standalone DeBERTa-base model of AG news dataset.
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Table2: Comparison between the proposed model and previous studies for AG news dataset.

Reference Models Best Accuracy
Victor Kwaku Agbesi proposed MuTCELM model which 93.0%
2024 combines five transformer models[15]

Chrifi Alaoui Mehdi authors proposed GEODENSECONVNET 80.12%
2025 model which combines a CNN with multi-
head for global[16]
Pengcheng He 2021 authors propose DeBERTa with using two 89.8%
main ideas[17]
Rasha Kadhem 2024 study that compares CNN, RNN, and LSTM 86.09%

using three feature extraction methods:
BoW, TF-IDF, and word embedding[18]

Xiang Zhang2015 A deep Character-Level Convolutional 90.49%
Neural Network (Char-CNN) that converts
characters into one-hot vectors[19]

PROPOSED MODEL comparing MC-CNN, DeBERTa-base, and 95.62
the proposed Adaptive Fusion model.
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Fig3: Comparison between the proposed model and previous studies for AG news dataset

5. Conclusion

This study proposed an Adaptive Fusion framework that combines MC-CNN and DeBERTa-base for text
classification. MC-CNN extracts local textual patterns, while DeBERTa-base captures contextual and semantic
information. The Adaptive Fusion mechanism dynamically combines the outputs of both models. Evaluation results
for the AG News database show the proposed system achieved 95.62% accuracy, 95.01% precision, 94.38% recall,
and 94.69% F1-score, outperforming both standalone MC-CNN and DeBERTa-base models. These results indicate
that adaptive fusion can effectively exploit the complementary strengths of CNN-based and Transformer-based
models. Overall, the proposed framework provides a simple and effective approach for improving text classification
performance by dynamically integrating local and contextual information.
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