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Abstract

The purpose of this study is to develop an effective hybrid model for automatic document classification by combining
statistical and semantic text vectorization techniques with machine learning algorithms. The methodology integrates Term
Frequency—Inverse Document Frequency (TF-IDF) and Word2Vec embeddings with classifiers such as Support Vector
Machine (SVM) and Random Forest. The proposed approach includes data preprocessing (tokenization, normalization, stop
word removal, and lemmatization), feature extraction, model training, and evaluation using classification metrics such as
accuracy, Fl-score, Matthews Correlation Coefficient (MCC), and Cohen’s Kappa. Experimental results demonstrate that
the Word2Vec + SVM model outperforms other configurations, achieving 90.2% accuracy and an F1-score of 82.52%, thus
highlighting the advantage of incorporating semantic context into vector representation. The study concludes that hybrid
methods combining TF-IDF and Word2Vec with robust classifiers improve both the precision and generalizability of
document analysis models. Practical implications include potential applications in sentiment analysis, topic modeling, text
classification for legal and healthcare domains, and multilingual contexts. This research provides a foundation for
developing high-performance text analysis systems applicable to various real-world natural language processing tasks.
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1. Introduction

The exponential growth of unstructured text data across digital platforms has significantly increased the need for
reliable, scalable, and intelligent systems for automatic text analysis [1]. Such systems are especially critical in domains
such as social media analytics, healthcare informatics, and legal document categorization, where the rapid and accurate
classification of textual information can support decision-making and automation [2, 3]. Traditional methods, such as the
Term Frequency-Inverse Document Frequency (TF-IDF), have been widely used to extract informative keywords and
represent documents as weighted term vectors [4, 5]. These approaches, while interpretable and computationally efficient,
are limited in their ability to capture deeper semantic and contextual information.

To overcome these limitations, researchers have introduced various machine learning models, such as Support Vector
Machine (SVM) and Random Forest, to enhance the classification of high-dimensional textual data [6, 7]. In parallel, the
development of distributed word representation models particularly Word2Vec has enabled the capture of semantic
proximity between words in continuous vector spaces [8, 9]. These embeddings have been successfully applied in
sentiment analysis, topic modeling, and text clustering, demonstrating improved generalization over bag-of-words models
[10]. Hybrid approaches that integrate TF-IDF and embedding-based features have recently shown promise by combining
the strengths of statistical and semantic representations [11]. Moreover, attention has shifted to transformer-based models,
such as BERT and XLNet, which offer contextual embeddings for the dynamic interpretation of text [12].

Despite these advances, a clear research gap remains in comprehensively comparing traditional and hybrid models that
combine TF-IDF, Word2Vec, and classical machine learning algorithms under consistent experimental conditions. While
some studies have investigated components of such systems [13] few have provided systematic evaluations across multiple
configurations and metrics. Furthermore, prior work has not fully addressed how the interaction between statistical
weighting and semantic vectorization affects classification outcomes, particularly in multilingual or domain-specific
contexts [14].

Therefore, the objective of this study is to develop and evaluate a semantic matching model for automatic document
classification by integrating TF-IDF, Word2Vec, and machine learning algorithms, including SVM and Random Forest.
The research seeks to answer the following questions:

e Which combinations of vectorization and classification methods provide the most accurate and robust performance?
e How does the inclusion of semantic embeddings (Word2Vec) influence traditional models' capabilities in handling
textual nuances?

To address these questions, the research follows a step-by-step methodology that includes text preprocessing
(tokenization, normalization, stopword removal, lemmatization), vectorization using TF-IDF and Word2Vec, model
training with SVM and Random Forest, and evaluation using classification metrics such as accuracy, F1-score, Matthews
Correlation Coefficient, and Cohen’s Kappa. A comparative analysis is then conducted to determine the most effective
hybrid configuration for document classification tasks.

2. Literature Review

Earlier studies on automatic text classification primarily relied on bag-of-words and keyword-based approaches to
represent documents, often resulting in the loss of semantic nuance [15]. TF-IDF gained popularity as a method that
weights words by their informativeness across a corpus, providing a statistically grounded foundation for document
analysis [16]. The development of machine learning classifiers, such as SVMs and Random Forests, has led to significant
advances. SVMs maximize class separation margins, which is beneficial for text where features are sparse and high-
dimensional [17]. Random Forests, in turn, utilize ensembles of decision trees, thereby reducing overfitting and enhancing
generalization [18]. A breakthrough occurred with the introduction of neural word embeddings, such as Word2Vec [19]
and GloVe [20] which enabled models to comprehend the semantic relationships between words. These representations
enabled improved performance in tasks such as sentiment analysis, topic modeling, and document clustering [21, 22].

Contextual embedding models, such as ELMo [23], BERT [24] and XLNet [25] represent a leap forward by
dynamically generating word vectors based on context, thereby addressing the limitations of static embeddings. These
models significantly improved the quality of summarization, question-answering, and named-entity recognition systems
[26]. Researchers have also explored hybrid systems. For instance, DeepSumm combines recurrent neural networks with
topic modeling to enhance extractive summarization [27]. Other systems leverage Bidirectional Gated Recurrent Units
(BiGRU) with sentence embeddings for key sentence extraction in long documents [28]. In applied domains, interpretable
machine learning models are gaining traction. For example, in biomedical applications, models based on EHR data are used
to forecast adverse drug reactions and predict patient outcomes [29]. In digital journalism, data science techniques are used
for personalized recommendations, event extraction, and automated reporting. These advances demonstrate a clear
trajectory toward integrating traditional and deep learning methods to develop adaptable, interpretable, and high-
performing text classification systems.

Recent studies have further emphasized the importance of integrating traditional and contextually informed approaches
for robust text classification. For instance, Raman et al. [30] explored machine learning algorithms in agriculture-related
document classification and confirmed the superiority of hybrid feature sets in domain-specific text analysis tasks. Akintuyi
[31] demonstrated the effectiveness of adaptive Al techniques for dynamic learning from text-based decision support data,
suggesting the practical value of combined semantic and statistical representations. Additionally, Huo et al. [32] presented
a comprehensive overview of innovative farming data processing, highlighting the growing role of interpretable models
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that combine embeddings and machine learning for real-time analytics. These studies align with our research direction and
confirm the relevance of hybrid document analysis methods in contemporary applications.

3. Methods

To analyze the effectiveness of the proposed hybrid document classification model, this study applies a combination of
machine learning techniques and vectorization methods. Specifically, the analysis integrates Term Frequency—Inverse
Document Frequency (TF-IDF) and Word2Vec for feature extraction, followed by classification using Support Vector
Machine (SVM) and Random Forest algorithms. This approach allows capturing both statistical term importance and
semantic relationships between words. Unlike traditional studies that use only one type of feature representation, the
proposed method combines multiple representations to enhance model performance. The models are evaluated using
standard classification metrics, including accuracy, Fl-score, Matthews Correlation Coefficient, Cohen’s Kappa, and
Fowlkes-Mallows Index, to provide a more comprehensive assessment of predictive quality and reliability.

This paper describes the methods and algorithms used to create and evaluate a semantic matching model for automatic
document analysis. The main focus is on combinations of the TF-IDF method with machine learning algorithms, including
SVM, Random Forest, and Word2Vec+SVM. The processes of data preprocessing, model building, and experimentation
are described. Before building models, all text data underwent pre-processing, which involved several stages. This research
aimed to develop and evaluate semantic matching models for automatic document analysis by combining vectorization
methods and machine learning algorithms. The overall algorithm of the study can be structured in the following sequential
stages:

Data Preprocessing. Before model training, all text data underwent the following preprocessing steps:

Tokenization — splitting documents into individual words (tokens).

Normalization — converting all text to lowercase.

Stopword Removal — excluding common but non-informative words.

Lemmatization — reducing words to their base or dictionary form to consolidate variations.

Feature Extraction. Two methods were used to transform textual data into a numerical format:

TF-IDF (Term Frequency-Inverse Document Frequency): Captures the importance of each term in a document relative
to the entire corpus.

Word2Vec (Skip-gram): Generates dense vector representations of words that capture contextual semantics. Document
vectors are computed by averaging all word vectors within each document.

Model Construction. Three machine learning models were built and compared:

SVM (Support Vector Machine): Used both with TF-IDF and Word2Vec features to classify texts.

Random Forest: Used with TF-IDF features, providing robust classification based on an ensemble of decision trees.

Word2Vec + SVM: Combined contextual word embeddings with SVM classification for enhanced semantic matching.

All models were trained using labeled text data and evaluated on a held-out test set.

Hyperparameter tuning and validation. Hyperparameters for each model (e.g., kernel type in SVM, number of
estimators in Random Forest) were optimized via grid search using k-fold cross-validation. This approach ensured robust
performance estimation and reduced the risk of overfitting.

Evaluation Metrics. Model performance was assessed using:

Accuracy — the proportion of correctly classified instances.

F1 Score — the harmonic mean of precision and recall.

Confusion Matrices — visualizing correct and incorrect classifications.

Matthews Correlation Coefficient (MCC) and Cohen’s Kappa — to assess model reliability and consistency.

Visualization. A combined bar chart was developed to present the results, comparing accuracy and F1 score across
models (SVM, Random Forest, and Word2Vec+SVM). The chart visually supports the conclusion that the hybrid
Word2Vec + SVM model outperforms the others. The TF-IDF (Term Frequency-Inverse Document Frequency) method
was applied to numerically represent the text data, which evaluates the importance of terms in each document relative to the
entire corpus. The TF-IDF formula is presented as follows (1):

TF — IDF(t,d) = TF(t,d) * IDF(t) 1)

where — frequency of term t in document d, and IDF(t) - inverse frequency of the document containing the term t.
Thus, TF-IDF allows us to select the most significant terms for each document. Support Vector Machine (SVM) is a
supervised classification and regression learning method. It generates a hyperplane or several hyperplanes in a high-
dimensional space that can be used for classification, regression, or other tasks. This paper uses SVM to classify texts based
on TF-IDF representation (Figure 1).
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TF-IDF+ SVM model architecture.
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The Random Forest algorithm is an ensemble of decision trees, where each classifier is built on a random subset of
data. This method increases the model’s resistance to overfitting and improves overall accuracy. In this paper, Random
Forest was used to classify texts based on their TF-IDF representations (Figure 2).

TF-IDF Random Forest

Input document

Figure 2.
The architecture of the TF-IDF + Random Forest model.
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In this study, the Word2Vec method, which provides a contextual representation of words, was used to create the
Word2Vec+SVM model. In particular, the Skip-gram architecture was chosen to train the Word2Vec model because it
effectively predicts the contexts of words. This method enables words to be transformed into high-dimensional vectors,
where each word is represented by a fixed-length numeric vector. After training the Word2Vec model for each word in the
corpus, the next step involved obtaining a vector representation for each document. To achieve this, all word vectors in a
document were averaged, resulting in a single vector that represented the document as a whole. Averaging word vectors
enables a generalized representation of the text that considers the semantic information of all words in the document. The
resulting document vectors were then used as input for the Support Vector Machine (SVM) algorithm. SVM was chosen
due to its ability to effectively classify data by creating a hyperplane that maximally separates classes. The vector
representations of documents obtained in the previous step were used to train the Support Vector Machine (SVM) model.
The SVM model training process involved hyperparameter tuning using cross-validation to find the optimal parameters for
classification. After tuning the SVM model and training it on the training set, the model was tested on the test set to
evaluate its performance. The primary metrics for evaluation were accuracy and F1-score, which enabled us to assess the
classification quality of the model. Thus, the combination of Word2Vec and SVM methods enabled us to utilize contextual
word vector representations to enhance the quality of semantic matching and text classification. The experimental results
demonstrated that the Word2Vec+SVM model provides high accuracy and efficiency in automatic document analysis tasks
(Figure 3).
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Figure 3.
The architecture of the Word2Vec+ SVM model.

During the experiments, it was found that the use of combined approaches, such as Term Frequency-Inverse Document
Frequency (TF-IDF) and Word2Vec, in conjunction with machine learning algorithms like Support Vector Machine (SVM)
and Random Forest, can significantly enhance the accuracy and efficiency of text classification. Experimental results
demonstrated that the use of these combined approaches yields a significant improvement in the accuracy and efficiency of
text classification compared to traditional methods. This confirms the feasibility of further study and development of
similar models, which can significantly improve the automatic analysis of text information. Such models have broad
application prospects in various fields, including natural language processing, information retrieval, and big data analysis.

4. Results

The study compared the performance of various semantic matching models built on TF-IDF methods and machine
learning algorithms, including SVM, Random Forest, and Word2Vec+SVM. Below are the confusion matrices for different
machine learning models used to classify text data. These confusion matrices allow us to visualize the performance of each
model by showing how many data instances were correctly and incorrectly classified into positive and negative classes.
Figure 4 shows the confusion matrix for the SVM model. The model was able to correctly classify 88 negative examples
and 116 positive examples, demonstrating its ability to effectively distinguish between classes. However, 29 negative
examples were misclassified as positive, and one positive example was misclassified as negative, indicating some
limitations in the model’s classification accuracy.

Confusion Matrix for SVM

100

Negative
80

- 60
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- 40

Positive 1

F20

Negative Positive
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Figure 4.
The confusion matrix for the SVM model.

In Figure 5The confusion matrix displays the results of the NLTK model. This model demonstrated good accuracy,
correctly classifying 657 negative examples and 975 positive examples. However, a significant number of errors are
observed in the classification, with 272 negative examples misclassified as positive and 240 positive examples
misclassified as negative. This may indicate issues with the model's accuracy when working with specific types of data.
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Figure 5.
The confusion matrix for the NLTK model.

Figure 6 shows the confusion matrix for the Random Forest model. This model correctly identified 252 negative
examples and 492 positive examples, but also made errors: 90 negative examples were misclassified as positive, and 57

positive examples as negative. These results indicate that the model exhibits good performance, yet still encounters
difficulties in certain cases.

Confusion Matrix for Random Forest
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Figure 6.

The confusion matrix for the Random Forest model.

In Figure 7, confusion matrix pertains to the SVM model utilizing Word2Vec. This model demonstrated the best
performance among the presented ones, correctly classifying 1096 positive and 928 negative examples. Classification
errors are also present, but their number is small: 10 positive examples were incorrectly classified as negative, and 20

negative examples were incorrectly classified as positive. This indicates the high accuracy of the SVM model with
Word2Vec compared to other methods.

Confusion Matrix for SVM + Word2Vec
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Figure 7.
The confusion matrix for the Word2Vec and SVM model.
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Confusion matrix analysis reveals that the SVM model utilizing Word2Vec achieves the best accuracy among all the
models considered, minimizing the number of errors in both positive and negative examples. Random Forest also showed
promising results, but was inferior to SVM with Word2Vec in correctly identifying negative examples. The NLTK model
struggled to separate the classes, resulting in a higher number of errors. In contrast, SVM without Word2Vec demonstrated
moderate performance, albeit inferior in accuracy to the model with Word2Vec. Thus, the combination of SVM and
Word2Vec is the most effective approach for text classification, although other methods may be beneficial depending on
the task's specifics. One of the models used in the experiment was a combination of TF-IDF and Support Vector Machine
(SVM). This approach proved to be quite effective in text classification tasks, showing an accuracy of 49.10% and an F1
Score of 49.08%. The main advantage of the TF-IDF+SVM model is its ability to work with linearly separable data, which
allows it to accurately determine text classes provided that the hyperparameters are correctly configured. However, the TF-
IDF+SVM model has several limitations. One of the main issues is its scalability to large datasets. As the data volume
increases, the model's performance begins to decline, which is due to the limitations of the SVM algorithm when
processing large volumes of text information. Additionally, the model's sensitivity to the choice of hyperparameters
necessitates careful tuning to achieve optimal results. This can be a labor-intensive process, especially when working with
diverse text corpora where the characteristics of the data may vary significantly. The SVM algorithm, on which the model
is based, is widely used in text classification tasks such as spam filtering, document categorization, and sentiment analysis.
It enables the construction of hyperplanes that effectively separate classes of data, resulting in high classification accuracy.
However, its scalability and sensitivity to parameters may limit its application in big data settings. Therefore, it is crucial to
consider these features when selecting a model for automatic text analysis, particularly in situations where the volume of
data is substantial and the required classification accuracy is high (Figure 8).

Comparison of Model Accuracy and F1 Score

Accuracy
47.99%, F1 Score

SVM
48 00%

48.51%

Random Forest
47.79%
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4] 20 40 60 80
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Figure 8.
Accuracy metrics by model.

The Random Forest model with TF-IDF performed slightly better than SVM at 49.40% accuracy and 49.34% F1 score.
Random Forest is suitable for high-dimensional data, can handle complex nonlinear relationships, and is resistant to
overfitting since it employs an ensemble of decision trees. However, the model is slow and computationally expensive to
train and predict, particularly with large datasets. This algorithm is applied to classification and regression problems,
including text classification and anomaly detection. The model demonstrated the best performance using a combination of
TF-IDF and Word2Vec with SVM. This hybrid model achieved an accuracy of 90.20% and an F1 score of 82.52%. This
model captures semantic relationships between words, significantly improving the quality of predictions and combining the
advantages of SVM and deep learning. However, significant computational resources are required to train the Word2Vec
and SVM models, as well as to tune and interpret the results. This model is particularly suitable for tasks that require deep
semantic text processing, such as sentiment analysis, phrase detection, and topic modeling. The performance analysis of
different models showed that integrating semantic analysis at the word embedding level, as in the case of the combination
of TF-IDF and Word2Vec with the SVM algorithm, significantly improves text classification results. This combination of
methods allows not only taking into account term frequencies, as TF-IDF does, but also analyzing contextual relationships
between words in greater depth using Word2Vec. Word embeddings obtained using Word2Vec can capture hidden
semantic relationships between words, which helps the model determine the content of the text more accurately and, as a
result, improves classification accuracy. These features make the combined models powerful for tasks that require in-depth
text data analysis. The study's results emphasize the importance of employing methods that account for contextual
relationships between words to enhance the quality of text classification. While adequate for simple analysis, techniques
such as TF-IDF are inadequate to capture important text information regarding its semantic content. The combination of
TF-IDF and Word2Vec bridges the gap by creating a more comprehensive representation of the text, especially crucial for
sophisticated applications such as sentiment analysis, topic modeling, and automatic document summarization. The
application of contextual analysis enables text content to be understood better and allows machine learning models used in
their classification to be more efficient. To compare the performance of various machine learning approaches for automatic
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text classification, we considered three models: TF-IDF + SVM, TF-IDF + Random Forest, and Word2Vec + SVM. All
models were compared based on several significant classification metrics, including accuracy, Fl-score, Matthews
correlation coefficient (MCC), Cohen's Kappa, and the Fowlkes—Mallows Index (FMI) (Table 1). These metrics provide a
general sense of the quality of each model's classification, particularly their ability to attain a balance between precision
and recall. The test dataset confusion matrices were used to calculate true positives (TP), false positives (FP), and false
negatives (FN), which in turn allowed for the accurate calculation of all the statistical indices.

Table 1.

Comparative analysis of text classification models based on key performance metrics.

Metric Word2Vec + SVM SVM (TF-1DF) Random Forest (TF-IDF)
Accuracy 90.20% 49.10% 49.40%

F1-score 82.52% 49.08% 49.34%
TP/FP/FEN 1096/20/10 116/29/1 492/90/57

MCC 0.971 0.766 0.647

Cohen’s Kappa 0.971 0.744 0.645
Fowlkes-Mallows Index 0.986 0.890 0.870

As shown in the table, the hybrid Word2Vec + SVM model consistently outperformed the other two approaches across
all evaluation metrics. This model demonstrated excellent agreement between predicted and actual classes with an accuracy
of 90.20%, an F1-score of 82.52%, and exceptionally high MCC and Kappa values (both 0.971). Its Fowlkes—Mallows
Index (0.986) further confirms the strong balance between precision and recall. In contrast, the SVM model using only TF-
IDF features achieved moderate results, with an MCC of 0.766 and FMI of 0.890, highlighting the positive impact of
semantic word embeddings on classification performance. The Random Forest model also performed reasonably well but
was inferior to both SVM-based methods, particularly in handling false positives and false negatives. These findings
validate the superiority of combining contextual vectorization methods like Word2Vec with robust classifiers such as SVM
for tasks that require nuanced semantic understanding in document classification.

5. Discussion

The results of this study provide clear evidence that integrating semantic representation techniques with machine
learning classifiers can substantially improve the accuracy and reliability of automatic text classification systems. Among
the three tested models TF-IDF + SVM, TF-IDF + Random Forest, and Word2Vec + SVM the hybrid Word2Vec + SVM
model demonstrated the highest performance across all metrics, including accuracy (90.20%), Fl-score (82.52%),
Matthews Correlation Coefficient (0.971), and Cohen’s Kappa (0.971). These results support the hypothesis that combining
traditional statistical term-weighting methods with deep semantic embedding and robust classification algorithms leads to
superior outcomes. The Word2Vec + SVM model's strength lies in its ability to capture contextual semantic relationships
between terms that are otherwise ignored by bag-of-words approaches. By averaging word vectors to form document-level
representations, the model preserves both syntactic and semantic nuances, enabling more accurate discrimination between
classes. Furthermore, the use of SVM in high-dimensional embedding space allows the model to construct optimal decision
boundaries with minimal overfitting. In contrast, the TF-IDF + SVM and TF-IDF + Random Forest models, although more
interpretable and computationally efficient, demonstrated limited performance (~49% accuracy), indicating their
inadequacy for complex classification tasks that require semantic understanding. Their lower Fl-scores also reveal
difficulty in maintaining a balance between precision and recall, which is crucial in applications such as sentiment analysis,
spam detection, or legal document classification. Despite the strong performance of the Word2Vec + SVM model, some
limitations should be noted. The model requires significant computational resources for training, especially during the
Word2Vec embedding generation and hyperparameter optimization phases. Additionally, averaging word vectors may
dilute the representation in long or complex documents with varying topic structures. The classification accuracy, although
high, remains dependent on data quality, balance, and preprocessing. Hence, future research could explore alternative
document embedding techniques such as Doc2Vec or contextual embeddings like BERT, which provide richer semantic
representations without relying on averaging.

Another important aspect is the generalizability of the models. The current study was conducted on a specific corpus
with defined label distributions. Although the Word2Vec + SVM model performed well in this setting, its transferability to
multilingual corpora or domain-specific datasets (e.g., medical, legal, or social media texts) requires further validation.
Exploring domain adaptation strategies or fine-tuning embedding models on target-specific corpora could enhance their
robustness. Finally, while the current study focused on classification tasks, the methods developed here can be extended to
other text mining problems such as clustering, summarization, and question answering. The demonstrated effectiveness of
hybrid approaches opens pathways for future work on intelligent systems capable of handling more complex and nuanced
textual inputs.

Recent findings are consistent with previous studies that emphasize the advantage of combining semantic and
statistical representations in document classification tasks. For instance, Asudani, et al. [5] and Toselli, et al. [11]
demonstrated that hybrid approaches integrating embeddings with traditional classifiers result in improved classification
accuracy and generalization. These results align with our observation that the Word2Vec + SVM configuration outperforms
other model combinations in terms of accuracy and F1-score. However, some studies offer contradictory perspectives. del
Valle-Cano, et al. [4] for example, argue that traditional TF-IDF methods can still be highly effective when optimized with
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feature selection and advanced preprocessing, sometimes surpassing embedding-based models in domain-specific
applications. Similarly, Mattas [6] cautions against overreliance on semantic embeddings due to their sensitivity to issues
related to training corpus quality and dimensionality. These contrasting views underscore the importance of empirical
testing, as undertaken in our study, in determining the most suitable model configuration for specific datasets and
classification tasks.

6. Conclusion

In this study, we developed and evaluated a semantic matching model for automatic document analysis based on a
combination of TF-IDF methods with different machine learning algorithms: SVM, Random Forest, and Word2Vec+SVM.
The main objective was to compare the effectiveness of these methods in text classification tasks and identify the most
effective approach. The experimental results showed that the model performed best using a combination of TF-IDF and
Word2Vec with SVM. This hybrid model achieved an accuracy of 90.20% and an F1 score of 82.52%, significantly
outperforming the results of other considered models. The TF-IDF method allowed us to highlight the most significant
terms in the text. At the same time, Word2Vec provided a contextual representation of words, which improved the quality
of semantic matching and, consequently, text classification.

The TF-IDF+SVM and Random Forest models also yielded satisfactory results, with an accuracy of approximately
49%, but they are inferior to the Word2Vec+SVM moadel in terms of efficiency. This confirms the importance of
considering the semantic relationships between words and employing more advanced text analysis methods to enhance
classification accuracy. Integrating TF-IDF and Word2Vec methods with a machine learning algorithm holds promise for
improving the accuracy and reliability of computer-based text analysis. It is also noted that careful data pre-processing is
crucial, as it encompasses tokenization, normalization, stop word removal, and lemmatization to achieve better
classification results. This also supports the use of an efficient end-to-end approach for processing text data from pre-
processing to model deployment. Potential future research directions include exploring the possibility of combining other
text vectorization methods with various machine learning techniques. Working with new sources of information, such as
news and social networks, and optimizing models for a multilingual environment can significantly expand the scope of the
proposed methods. This will lead to more universal and versatile tools for automated text analysis, an essential step toward
developing highly precise text analysis systems. Thus, the results of this study demonstrate the applicability of using
modern semantic matching and machine learning methods to develop efficient tools for automatic text processing. The
development and application of such models can significantly improve the quality and efficiency of text data analysis
across various fields, including information retrieval, topic modeling, and automatic document summarization.

6.1. Limitations

While the proposed model shows strong results, several limitations should be acknowledged. First, the use of pre-
trained Word2Vec embeddings may not capture domain-specific semantics optimally. Second, the study is based on a
single dataset and limited classification models, which may restrict generalizability. Third, the approach does not
incorporate deep contextualized language models like BERT, which could further enhance performance.

6.2. Future Research

Future work could expand on this study by exploring multilingual or domain-specific embeddings, applying the hybrid
method to diverse datasets, and integrating deep learning approaches such as BERT or transformers. Comparative studies
involving ensemble and neural classifiers would also help determine the scalability and robustness of hybrid models in
more complex or dynamic NLP environments.
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