© MAY 2026 | IRE Journals | Volume 9 Issue 11 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV9I11-1718016

Smart Spend-A Student Finance Manager

DARSHAN TRIVEDI!, DR. BALAURUGAN.S?
'Research Scholar, Department of Computer Science & IT Jain (Deemed-To-Be-University),
Bangalore, India
“Professor, Department of Computer Science & IT Jain (Deemed-To-Be-University), Bangalore, India

Abstract—Rising digital transactions and widespread use
of mobile wallets have increased the complexity of
everyday spending, making personal finance
management (PFM) a critical need for individuals—
particularly students and young adults with irregular
income. Manual budgeting is time-consuming and often
fails to provide forward-looking insight, while many
consumer apps emphasize charts without reliable
forecasting. Researchers have therefore explored
machine learning (ML) and Al techniques to automate
expense categorization, model spending behaviour, and
support budget recommendations through approaches
ranging from classical classifiers to regression and
sequence-oriented predictors, NLP-based tagging of
transaction text, and assistant-style interfaces.

Recent studies propose models—including probabilistic
classifiers, tree-based predictors, neural sequence
models, and hybrid application pipelines—to improve
accuracy and reduce manual effort. Some works
integrate ML modules with mobile or web systems to
demonstrate end-to-end workflows from data ingestion to
user-facing insights.

Nevertheless, the available literature can be prone to
small or sensitive datasets, computationally intensive
models that are difficult to deploy on smartphones, or
narrowly  scoped prototypes evaluated without
longitudinal user studies. Benchmarking is often
inconsistent because tasks, features, and metrics differ
across papers, and several contributions note limitations
such as weak Ul coverage, recommendation cold-start, or
models that are not tailored to student-centric financial
constraints.

In this paper, the review of recent ML solutions for
personal finance tasks—especially expense
categorization and budget-related prediction—will be
provided, and the main research gaps in the literature will
be identified. The review synthesizes how classical ML,
forecasting-oriented modeling, NLP, and assistant-
oriented systems address PFM problems, and it discusses
integration challenges that affect real-world adoption.
The paper further outlines a methodology-oriented
perspective for building an integrated PFM framework
with transparent evaluation and privacy-aware data
practices.

The suggested framework is described and assessed in
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terms of standard task metrics such as classification
performance for categorization (e.g., accuracy, precision,
recall, Fl1-score) and error metrics for forecasting
where applicable (e.g., MAE/RMSE), together with
practical considerations such as inference latency on
representative hardware. The discussion emphasizes
reproducible splits, baseline comparisons, and explicit
reporting of data limitations common in financial
behaviour research.
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l. INTRODUCTION

11 Background of the Study

Personal financial stability is emerging as a major
concern in modern economies with increasing digital
payments, subscription services, and fast-changing
prices.  Many  users—especially  students—
experience irregular cash flows and must balance
essential and discretionary spending under tight
constraints. Without timely feedback, small daily
expenses accumulate into budget overruns and
reduce savings.

Historically, expense tracking was performed
manually using notebooks, spreadsheets, or basic
mobile logs. This is cumbersome, error-prone, and
does not scale when transaction volume increases.
Users may also delay logging, which reduces the
usefulness of retrospective dashboards.

The vigorous development of Avrtificial Intelligence
(Al) and Machine Learning has led to special interest
in automated expense categorization, spending
pattern detection, and predictive budgeting. ML
can  reduce manual labeling effort and can
personalize insights when sufficient data is available
under ethical constraints.

Public transaction corpora are limited due to privacy,
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so researchers often rely on synthetic data, curated
samples, surveys, or narrow datasets. Despite these
constraints, prior work demonstrates that ML can
improve categorization quality and can support
forecasting prototypes when features and evaluation
protocols are carefully designed.

1.2 Problem Statement

Effective budgeting is an important process for
financial well-being, yet in many real settings users
still rely on manual tracking or static summaries.
Manual budgeting is time-consuming, inconsistent,
and may not anticipate shortfalls early enough to
change behaviour. Users also face cognitive load
when interpreting raw transaction histories.

Though a number of automated systems based on
machine learning were suggested, most of them are
limited in their integration scope, inconsistent
benchmarking, privacy handling, or practical
deployment constraints on consumer devices. Some
high-accuracy approaches assume ample compute,
while lightweight mobile tools may omit prediction
entirely.

Thus, it is necessary to design a realistic, efficient,
and user-centered personal finance assistance
approach based on machine learning that can support
categorization and/or forecasting with transparent
evaluation, responsible data practices, and clarity of
generated insights for non-expert users.

1.3 Motivation

Efficient personal finance management is essential
for improving savings behaviour and reducing stress
from overspending. However, manual tracking and
purely static visualizations often fail to motivate
sustained engagement, especially when users are
busy or lack financial literacy support.

Developing machine learning—enabled PFM
workflows can help automate categorization,
highlight risky spending trends, and provide timely
nudges—provided models are evaluated fairly,
deployed responsibly, and communicated in an
interpretable manner to build user trust.

14 Objectives of the Study

Objective 1: To collect and pre-process diverse
personal finance—oriented data (sanitized or
synthetic as appropriate) suitable for expense
categorization and/or forecasting tasks.
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Objective 2: To design and develop efficient
machine learning models for accurate expense
categorization and/or budget-related prediction
under stated constraints.

Obijective 3: To evaluate model performance using
metrics such as Accuracy, Precision, Recall, and F1-
score (for classification) and error metrics where
forecasting is studied.

Objective 4: To analyze existing machine learning
techniques used in personal finance management
literature and identify major gaps in data,
benchmarking, and system integration.

15 Contributions of the Paper

In this paper, the current issues related to personal
finance systems based on machine learning are
thoroughly analyzed. Following the analysis, the
major  limitations in  datasets, evaluation,
deployment, and end-to-end integration are
highlighted, and a practical research direction is
outlined.

The key contributions of the study are as follows:

. A systematic review of machine learning
methods applied in personal finance management
systems for expense categorization, prediction,
recommendation, and assistance.

. Determining the major research gaps in the
current  literature  regarding  sensitive  data
availability, model efficiency, benchmarking
consistency, and real-world applicability.

. A machine learning—enabled personal
finance framework direction to be proposed for
integrated categorization and budgeting support with
transparent evaluation.

. Testing of the suggested direction in terms of
performance, based on conventional measures like
accuracy, precision, recall, and F1-score (and
forecasting metrics where applicable) to judge
practical utility.

1.6 Organization of the Paper

The remainder of this paper is organized as follows.
Section 5 presents the literature review and discusses
existing research related to machine learning—
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enabled personal finance management systems.

Section 6 describes the proposed methodology and
system design for automated expense understanding
and budgeting support.

Section 7 outlines the expected results and
discussion, including the evaluation strategy for the
proposed models.

Section 8 discusses potential applications and use
cases of the system in real-world personal finance
scenarios.

Finally, Section 9 concludes the paper by
summarizing the key  findings, research
contributions, and future research directions.

1. LITERATURE REVIEW

2.1 Thematic Classification of Literature

More recent studies have studied the application of
artificial intelligence and machine learning
algorithms to enhance personal finance systems
through  automation, pattern  mining, and
personalized insights. The literature spans classical
supervised learning for expense labeling, forecasting
models for budgeting, NLP for textual transaction
fields, and assistant-oriented interfaces that aim to
reduce manual effort.

2.1.1  Classical methods of machine learning.
Initial research on expense categorization was based
on conventional machine learning techniques
including Naive Bayes and related probabilistic
classifiers, as well as linear and tree-based models
depending on feature design. These methods are often
attractive due to interpretability and lower runtime,
but may require careful feature engineering to
capture temporal spending behaviour.

2.1.2  Deeplearning approaches.

Neural and sequence-oriented models have recently
gained attention as methods for modeling temporal
spending patterns and for learning representations
from heterogeneous inputs. Such approaches can
improve prediction quality in some settings but may
increase training cost and complicate deployment on
resource-constrained mobile devices.
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2.1.3 Real-time interfaces and interactive
methods.

Other frameworks combine machine learning
modules with application services—including
mobile apps and web prototypes—to deliver
budgeting dashboards, alerts, and assistant-style
interaction in near real time. These works highlight
system-level issues such as data ingestion, latency,
user trust, and maintaining accuracy when user

language and merchant descriptions vary.

2.1.4  Advancedand hybrid approaches.

Other more recent works combine multiple
techniques together—such as NLP features with
classical classifiers, or forecasting models with
recommendation-style guidance—to create hybrid
personal finance experiences. Survey and analytics-
oriented studies further map ecosystem gaps, though
ML integration depth differs across publications.

2.2 Comparative Analysis of Existing Methods

Figure: ML-Enabled Personal Finance — System Architecture
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description text (optional NLP).
Goals: categorization, forecasts, budgeting nudges — with privacy-aware handling.

Metrics: Accuracy / F1 (classification); MAE / RMSE (forecast); latency on target devices.

2.3 Critical Review

The literature under review shows that machine
learning methods have greatly enhanced the
feasibility of automated expense categorization and
budgeting support. Classical models can provide
strong baselines for labeling, while richer predictors
can capture temporal structure when data is
sufficient.

Nevertheless, even with such improvements, there
are a number of shortcomings in the current research.
Many models are trained using limited or proxy
datasets, which can limit generalization to diverse
users and real spending  environments.
Benchmarking across algorithms under a unified task
definition is often incomplete.

ICONIC RESEARCH AND ENGINEERING JOURNALS 2954



© MAY 2026 | IRE Journals | Volume 9 Issue 11 | ISSN: 2456-8880
DOI: https://doi.org/10.64388/IREV9I11-1718016

The other problem found in literature is that it does
not always address end-to-end deployment and
scalability for consumer devices. There are models
that achieve strong offline metrics yet require
computational resources that are challenging for
continuous on-phone use, while lightweight apps
may omit predictive capabilities altogether.

In general, although machine learning—enabled
personal finance assistance appears promising, work
remains to integrate modeling, privacy, user
experience, and longitudinal evaluation into coherent
systems that users can trust and sustain over time.

24 Identified Research Gaps

Even though it has achieved much in automated
personal finance support using machine learning
techniques, there are still a number of important
research gaps.

To begin with, most of the available studies use small
or limited datasets or proxies, which limits
generalization capability of models to the real-world
personal finance context. Models that are trained on
narrow populations may not transfer to students and
other groups with different spending rhythms.

Second, some of the high-performing models are
based on complex networks that are computationally
expensive, thus they cannot be deployed easily in
real-time personal finance applications on
consumer  smartphones  without  optimization,
compression, or server-side inference strategies.

Third, most of the available research emphasized
mainly on task accuracy and other such aspects as
model efficiency, scalability, and ability to operate
under privacy constraints have not been sufficiently
explored in integrated end-to-end PFM evaluations.

Fourth, many studies address only a subset of
personal finance tasks (e.g., categorization without
forecasting), yet in real-world budgeting users
require cohesive insights that connect labeling,
trends, and forward-looking guidance.

Lastly, there is little practical implementation and
experimentation of integrated ML-enabled personal
finance systems. In the majority of studies, models
are tested in controlled settings without extended
user studies, security analysis, or longitudinal
measurement of budgeting adherence.
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I1. PROPOSED METHODOLOGY

3.1 System Overview

The aim of the proposed system is to create a smart
personal finance assistance framework based on
machine learning which will be capable of
supporting automated expense categorization and/or
budget-related prediction with transparent evaluation
and privacy-aware data handling.

The general workflow of the system is based on the
collection of a labeled dataset of expense records
(under ethics and consent guidelines), and the data
processing steps such as cleaning, encoding, optional
NLP feature extraction, and splitting into training,
validation, and testing subsets for reproducible
evaluation.

After training the model, it is tested based on
conventional performance measures, including
accuracy, precision, recall, and Fl-score for
classification tasks, and error metrics

where forecasting is evaluated. Where feasible,
inference time and model size are considered to
reflect deployment constraints on consumer devices.

Figure: Proposed PFM + ML Methodology Workflow

1) Dataset collection
(ethics & minimization)

2) Cleaning / encoding
+ NLP (optional)

3) Train / valid /

test split

4) Model training
(classical / DL)

5) Evaluation metrics
(Acc / F1/ MAE)

€) Insirhea:
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3.2 Workflow Diagram

The suggested system has a systematic methodology
of automated personal finance assistance through a
machine-learning-based approach. This is done by
first collecting expense data, then preprocessing and
feature preparation, followed by model training and
performance evaluation.

Upon the preprocessing, the prepared dataset is split
into training, validation, and testing chunks. The
training dataset is then fed into the learning algorithm
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to estimate model parameters, while the validation
set supports tuning and monitoring generalization
during training.

After the training, the model is tested on the test
dataset. Evaluation metrics like accuracy, precision,
recall and Fl-score are used to measure
categorization performance, and forecasting metrics
are used where prediction tasks are included.

Workflow Steps

1. Personal Finance Dataset Collection (with
consent and minimization)

2. Data Pre-processing and Feature Preparation
(including optional NLP steps)

3. Dataset Splitting (Training, Validation, Testing)

4. Model Training using Machine Learning
Algorithms

5. Model Evaluation using Performance Metrics

6. Expense Categorization and/or Spending
Prediction

7. Budgeting Insight Generation and User-facing
Output

Figure: Expense Understanding — Categories & NLP-Assi{
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Student PFM: irregular income & semester cycles may shift priors — consider segn

Privacy: minimize stored text; on-device inference can reduce exposure where fea

Topic alignment: PFM, ML categorization, NLP, budgeting, forecasting.

3.3 Dataset Description
The data in this research is given in the form of
labeled expense records suitable for
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categorization and/or temporal modeling. Personal
finance classification studies generally require
timestamps, category labels, and optionally textual
descriptions that reflect merchant or transaction
details.

Figure: Budget Forecasting — From History to Next-Month Est

—® > >o >o—

Past spends Feature build ML forecast Budget plan

Compare simple baselines vs ML; report forecast error metrics and uncertainty/

In this study, the dataset consists of records that
represent several spending groups such as food,
transport, education-related expenses, and other
common categories depending on the target
population. Class imbalance should be documented
and handled using established techniques when
present.

The data is split into three subsets, namely training,
validation, and testing. The machine learning model
is trained on the training set, tuned using validation
performance, and finally evaluated on the held-out
test set to obtain unbiased estimates of
generalization.

With the aid of a correctly organized set of data, one
can be confident in the ability of the created model to
learn stable patterns while explicitly reporting
limitations such as distributional shift and privacy
constraints inherent to financial behaviour data.

IV. EXPECTED RESULTS AND DISCUSSION

4.1 Expected Outcomes

The suggested personal finance assistance system
which is based on the machine learning approach is
likely to enhance the efficiency and usefulness of
automated categorization and budgeting support
compared to purely manual tracking, provided
evaluation is conducted with strong baselines and
transparent reporting.

Data preprocessing methods, hybrid feature designs,
and prudent regularization can also be used to further
increase the generalization of the model across users
and time windows, especially when datasets are
limited or noisy.

4.2 Comparative Evaluation Plan.

To test the effectiveness of the proposed model, the
performance will be compared to the current machine
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learning methods in the literature under the same
splits and metrics, including classical baselines and
stronger models where applicable.

4.3 Discussion

The suggested method will be able to overcome some
of the drawbacks presented in the literature such as
small datasets, weak integration between tasks, and
unclear deployment reporting—while
acknowledging trade-offs between accuracy,
interpretability, and computational cost.

V.  APPLICATIONS AND USE CASES

The suggested personal finance system developed on
the principles of machine learning can be applied in
contemporary digital finance contexts such as
student budgeting applications, campus financial
wellness  programs, and consumer money-
management tools.

A potential use is in mobile PFM apps, where
automated categorization and short-horizon forecasts
can help users anticipate end-of-month shortfalls and
adjust discretionary spending before problems
accumulate.

The system also can be used in financial literacy
workshops where explainable summaries of
spending patterns can support learning, provided
privacy safeguards and consent processes are
enforced.

The suggested system can also be used to facilitate
inclusive finance initiatives because it allows scalable
assistance patterns that can be adapted for different
user segments when data and governance constraints
are respected.

Academically, the study can help build Al-based
consumer finance solutions, and the machine
learning implementation in responsible personal data
settings can guide future interdisciplinary research.

VI.CONCLUSION

This paper has given an in-depth review of machine
learning methods applied to personal finance
management tasks such as expense categorization,
prediction, NLP-based tagging, and assistant-
oriented systems. The analysis of recent studies
indicates meaningful progress alongside persistent
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limitations in data access, benchmarking, integration,
and longitudinal validation.

According to the research gaps, this study suggested
a machine learning—enabled personal finance
assistance direction that emphasizes integrated
workflows, efficient deployment considerations, and
transparent evaluation using standard performance
measures.

It is assumed that the proposed direction will
facilitate improved automated expense understanding
and budgeting support, as well as motivate future
work on student-relevant evaluation, privacy-
preserving practices, and practical system-level
research.
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