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ABSTRACT :

Transaction categorization is a part of financial management system, hence enabling detailed analysis of spending patterns, aiding fraud detection and permitting
personalized financial advice. This paper reviews recent advances in machine-learning techniques for transaction categorization, covering a wide range of
methods, datasets, and challenges confronted in this field. It focuses on strategies found in supervised as well as in unsupervised learning and the critical role
played by feature engineering in bespoke approaches for particular domains. The outline has been drawn regarding possible pathways for future research, with
emphasis on the need for improved interpretability as well as real-time data processing.

T. Infroduction

Due to the fast proliferation of digital monetary transactions, effective classification has become essential in varying applications, including budgeting
tools, fraud detection systems, and business  analytics.  Traditionally, rule-based systems have shown great difficulty handling vast amounts of
diverse as well as unstructured transaction data. Machine learning, therefore, offers a scalable and flexible solution. This paper aims to summarize
current research on transaction categorization using machine learning focusing on significant methods used, datasets involved, and challenges
encountered. The organized review will help an engineer understand the state-of-the-art technology and identify potential research and
application opportunities.

Overview of Transaction Categorization
Transaction categorization refers to classifying financial transactions into specific categories, such as groceries, entertainment, and utilities.
Importance

Personal Finance Management: Correct categorization allows the user to follow and control his expenses.

Fraud Detection:

Deviations From Normal Patterns Of Transactions Are Indicative Of Possible Fraud.

Taxand Accounting:
Makes better the categorization of expenditures for firms.

Challenges

Sparse and Noisy Data:

Descriptions of transactions are frequently incomplete or ambiguous.

High Dimensionality:

The complex space due to many types of vendors and transactions.

Domain-Specific Adaptations:

Categories can differ significantly across industries and locations.
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Machine Learning Techniques that can be used for Transaction Categorization:

Supervised Learning Approaches

Supervised learning is used in this case because the model needs to be trained with transaction data that is labelled. Key methods include:
Logistic Regression: It is commonly used because of its simplicity and the clearness of the results.

Support Vector Machines (SVMs): Efficient with high dimensional features.
Neural Networks: Able to identify complex patterns in transactions texts and metadata As pointed out by A. Chowdhury and S. Schoen [1], supervised
learning models with labelled data can significantly enhance the performance of models used for classifying transactions.

Unsupervised Learning Approaches

K-Means, DBSCAN and Hierarchical Clustering are used for the unlabeled data sets since they are unlabeled. These techniques group transactions
according to similarity and may not be as precise with regards to categories. K. Lee and M. Zhang [3] studied the possibility of applying neural
networks for text categorization and such approach can be extended for transaction categorization even with unlabeled data.

Semi-Supervised Learning

This approach includes both the labeled and the unlabeled data and self-training and co-training as learning algorithms to enhance classification
precision with little data that is labeled.

Natural Language Processing (NLP)

Since the transactions’ descriptions are in textual form, natural language processing techniques such as TF-IDF, Word2Vec, and transformers such as
BERT are used to identify features. In the work of J. Smith and L. Brown [2], the NLP authors in focus automated on ML the models use for of the
identification of the transaction type.

Feature Engineering and SelectionSignificant features include:

Text Features:

Vendor names and transaction descriptions.

Numerical Features:

Amounts and timestamps.

Categorical Features:

Merchant codes and geographic data.Advanced methods like feature embedding and dimensionality reduction (e.g., PCA) enhance the performance of
models. P. Kumar and R. Singh [4] demonstrated the effectiveness of ensemble techniques that combine several feature sets to boost classification
efficiency.

Datasets

Publicly available datasets for transaction categorization are scarce due to privacy issues. Significant datasets include:
Bank Account Activity Dataset: Annotated examples of personal  and business transactions.

Synthetic Data Generation:

Simulated datasets created to tackle data scarcity.Custom datasets are typically compiled from anonymized real-world transactions, with a focus on
adhering to data protection regulations.

Challenges in Classifying Transactions

Data Quiality:

Noisy and ambiguous descriptions block efforts at classification. Data augmentation and cleaning are essential, especially in such cases.
Scalability:

Scalable financial data requires algorithms that can process information in real time.
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Interpretability:

Transparency is needed in any financial system. Tools for interpretability must therefore accompany the more complex models such as deep neural
networks (e.g., SHAP, LIME).

Imbalanced Categories:

The category "Groceries" may be overrepresented compared to "Charity," which might be underrepresented. Such an imbalance can be remedied using
sampling techniques.

Applications

Budgeting and Expense Tracking: Mint and YNAB like applications rely on categorization of insights for users.
Fraud Detection:

Machine learning models identify unusual transactions.

Credit Scoring:

Spending patterns contribute to evaluations of creditworthiness.

Future Directions

Context-Aware Models:

Adding extra metadata, like user demographics and location.

Transfer Learning:

Utilizing pre-trained models for specific domain tasks.

Privacy-Preserving ML:

Approaches like federated learning address sensitive financial data.

Real-Time Systems:

Models Are Being Optimized For Application In  High-Frequency Transaction Environments.

Conclusion
Transaction categorization has been shaped dramatically by machine learning, with precise and scalable categorization available now in diverse
segments of the financial industry. However, some challenges persist related to data quality, scalability, and interpretability. Future work that addresses

these issues will significantly improve transaction classification systems under the rate of NLP advances and real-time processing improvements.
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