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Abstract:

Finance plays a central role in everyday life, shaping decisions
around spending, saving, and borrowing across activities such as
banking transactions, credit card use, and loan management. This
paper presents a scalable machine learning framework for intelli-
gent personal financial applications, leveraging established models
including Linear Regression, Gradient Boosting, and TF-IDF with
k-Nearest Neighbors. The proposed system analyzes historical
transaction data to track income and expenditure patterns, detect
recurring payments, generate personalized monthly budgets, and
provide cost-effective purchase recommendations. Experimental
evaluation demonstrates strong predictive performance, with an
income forecasting error of approximately 2.5%, an expense fore-
casting error of about 23% with calibrated uncertainty bounds,
category budget prediction explaining 68.5% of the variance (R?),
and coupon matching achieving >95% similarity for valid prod-
ucts. The results indicate that lightweight, interpretable machine
learning models can deliver reliable financial forecasting and bud-
geting insights, motivating future work on richer datasets and ad-
vanced temporal modeling for improved personalization.
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1. Introduction

Personal financial management is essential for economic
stability, long-term planning, and individual well-being. With
the rapid growth of digital banking, users generate large
volumes of transaction data across savings accounts, credit
cards, loans, and digital payment platforms. Despite this,
most personal finance applications remain largely descrip-

tive, offering balance summaries and historical transaction
views with limited predictive intelligence. As a result, users
lack effective tools to analyze spending behavior, identify
recurring expenses, and make informed budgeting decisions,
particularly when financial data is distributed across multiple
institutions. At the initial stage, the system focuses on building
a comprehensive transaction dataset by collecting financial
records from multiple heterogeneous sources, including
user-entered transactions, synthetically generated financial
data, and sandbox-based banking data retrieved through the
Plaid APIL The collected dataset captures essential transaction
attributes such as transaction amount, timestamp, merchant
name, category identifier, and income or expense indicators,
forming a unified and structured foundation for downstream
analytics and machine learning—based forecasting.

This paper presents an Al-driven personal finance man-
agement system [l]] that addresses these challenges by
integrating machine learning—based forecasting, category-level
budgeting, and recommendation intelligence within a secure
and scalable web architecture [2]. The system aggregates
multi-account financial data using Plaid API integration and
processes both user-entered and synthetic transaction records.
Time-series regression models [3, 4] are applied for income
and expense forecasting, ensemble learning techniques are
used for category-level budget prediction, and a hybrid TF-IDF
[5) 6] and k-Nearest Neighbors [7, 6] framework enables per-
sonalized coupon recommendations. By combining predictive
analytics with interactive dashboards and privacy-aware system
design [8]], the proposed platform transforms personal finance
management from passive monitoring into an intelligent,
data-driven decision-support system.



2. Related Work

Early academic and commercial systems primarily focused
on account aggregation and transaction visualization, enabling
users to monitor balances and historical spending patterns.
More recent research has introduced machine learning tech-
niques to enhance financial forecasting and behavioral analysis
[91.

Ni et al. demonstrated that regression-based models are ef-
fective for short-term income and expense prediction when fi-
nancial patterns are stable and noise levels are low [3]. How-
ever, linear models often struggle with non-linear spending be-
havior, seasonal variation, and category-level irregularities. To
address these challenges, ensemble learning methods such as
Gradient Boosting [10] [[11] have been applied to capture com-
plex temporal relationships and feature interactions in finan-
cial data. Time-series regression [3]] [4] with lagged features
and rolling statistics offers a practical balance between inter-
pretability and predictive accuracy, while deep learning ap-
proaches such as LSTMs [12] provide greater modeling capac-
ity at the expense of higher data requirements and computa-
tional overhead.

Liu et al. investigated text-based similarity methods for rec-
ommendation tasks [S] and showed that TF-IDF combined with
k-Nearest Neighbors can effectively support coupon and of-
fer recommendation. Text-based similarity methods using TF-
IDF [3] [6] and cosine similarity have been widely adopted
for transaction categorization and offer matching, enabling
personalized discount and coupon recommendations. Hy-
brid approaches that combine unsupervised similarity learning
with domain-specific constraints have been shown to reduce
false positives and improve recommendation precision in noisy
datasets.

Our proposed model is distinguished by its integrated frame-
work that combines time-series forecasting, ensemble-based
category budgeting, and hybrid recommendation models within
a secure, scalable, and user-centric personal finance manage-
ment system designed for real-world deployment.

3. Methodology

3.1 System Design

The proposed personal finance management system [1]
adopts a modular three-tier architecture to ensure scalabil-
ity, security, and seamless integration with machine learn-
ing components. The backend is implemented using Python
and Django with Django REST Framework, providing secure

RESTful APIs and JWT-based authentication for user-level ac-
cess control, while PostgreSQL is used for reliable and efficient
financial data storage. The frontend is developed using React
to deliver an interactive dashboard for financial visualization.
External bank account integration is achieved through the Plaid
API, enabling secure synchronization of sandbox-based trans-
action data. The system is organized into authentication, ac-
counts, transactions, budgeting, and recommendation modules,
supporting both manual and automated data ingestion. Transac-
tion data is collected through a hybrid pipeline combining user-
entered records, synthetic data generation, and Plaid-based syn-
chronization, all stored under a unified schema to support con-
sistent preprocessing and downstream machine learning work-
flows for forecasting and recommendation tasks.

3.2 Income Forecast Model

The Income Forecast Model is designed to estimate a user’s
next-month total income using transaction-level data collected
through the web application and synchronized banking sources.
Income transactions are identified using a binary islncome
flag assigned at ingestion time and stored in the PostgreSQL
database. Let Z, = {as1,a¢2,...,atn, } denote the set of in-
come transaction amounts recorded for a user during month ¢,
where each a;; originates from either manual entry or Plaid-
synchronized data. These transaction-level records are aggre-
gated into a univariate monthly income series:

Nt
Yt = E Gt g5
i=1

which reduces intra-month noise and aligns the data with the
monthly forecasting objective. Prior to aggregation, times-
tamps are normalized, duplicate records are removed, missing
values are imputed, and extreme one-time inflows are capped
using percentile-based thresholds to prevent distortion of re-
gression coefficients. Exploratory analysis using rolling means
and variance confirms income stability with limited volatility,
justifying a regression-based temporal model.

Temporal dependencies are modeled using lagged features
derived from the aggregated income series. For each month ¢,
the feature vector is defined as:
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where the intercept captures baseline income and the lag terms
encode short- and medium-term temporal dependence. The
predicted income g, is obtained using a Linear Regression [13]
model:

Xt = [17 Yt—1, Yt—2, yt73]T7
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FIGURE 1. System Design Architecture

with parameters w estimated via ordinary least squares by min-
imizing:
. 2
w* = arg II‘IAIIHZ (yt — WTXt) , 4)
teT

where T denotes the set of training months. Model training
and evaluation are performed using time-aware cross-validation
with TimeSeriesSplit [3] [4]], ensuring strict temporal ordering
between training and validation sets and preventing data leak-
age. Forecast accuracy is assessed using Mean Absolute Error
(MAE), providing an interpretable measure of monetary devi-
ation and enabling reliable short-term income forecasting for
budgeting and cash-flow planning.

3.3 Expense Forecast Model

The Expense Forecast Model predicts a user’s next-month
total expenditure using transaction-level data collected through
the web application and synchronized financial accounts. Ex-
pense transactions are identified using categorical labels and an
isIncome flag stored at ingestion time in the backend database.
Let& = {b;1,bs2,...,bym, | denote the set of expense trans-
action amounts recorded during month ¢, where each b, ; origi-
nates from either manual user entry or Plaid-synchronized data.
Monthly total expense is computed as

my
Zt = E bt,z‘7
i=1

transforming high-frequency transaction records into a univari-
ate monthly expense series suitable for time-series modeling.
Prior to aggregation, transaction timestamps are normalized,
invalid or duplicate records are removed, income and transfer
transactions are excluded, and extreme outliers are clipped to
reduce the influence of irregular purchases. Exploratory anal-
ysis using rolling statistics confirms significant volatility and
seasonality, motivating a regularized regression approach.

®)

Temporal dependencies are modeled by constructing a fea-
ture vector x; comprising lagged expenses from the previous
12 months, rolling mean statistics over 3-, 6-, and 12-month
windows, and a calendar month indicator to encode seasonal-
ity. These features are standardized and used as inputs to a
Ridge Regression model [[14]], which estimates future expenses
while mitigating multicollinearity among correlated lag fea-
tures. Model parameters are learned by minimizing the regu-
larized objective

. T 2 2
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teT
where « controls the bias—variance trade-off. Hyper-

parameter selection is performed using RidgeCV with
a € {1073,...,10%} under a rolling TimeSeriesSplit cross-
validation scheme [3} 4] to prevent temporal leakage. Forecast
accuracy is evaluated using Mean Absolute Error (MAE), en-
suring stable and interpretable expense prediction suitable.

3.4 Category Budget Prediction Model

The Category Budget Prediction Model forecasts next-month
spending for individual expense categories using transaction-
level, Expense transactions are labeled with category identi-
fiers at ingestion time and stored in the backend database.
Let C denote the set of spending categories and let £.; =
{ecym, ceey €c,t,kc,t} represent the set of expense transactions
for category c during month ¢, originating from either manual
entry or Plaid-based synchronization. Monthly category spend-
ing is computed as

(7

kc.t
Set = § €c,tyis
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producing category-specific monthly time series suitable for
forecasting. Prior to aggregation, timestamps are normalized,



duplicate and invalid records are removed, income transactions
are excluded, and extreme outliers are mitigated to stabilize
learning. Exploratory analysis confirms heterogeneous tempo-
ral behavior across categories, motivating a non-linear model-
ing approach.

For each category c, temporal features are constructed from
{S¢,+}, including lagged spending values, rolling mean and
standard deviation statistics, and calendar month indicators to
encode seasonality. Category-level forecasts are generated us-
ing a Gradient Boosting Regressor [10, [11]], which models
spending as an additive ensemble of regression trees:

M
§c,t = Z P)’mhm(xc,t% (8)
m=1

where h,,,(-) denotes the m-th weak learner and x. ; is the en-
gineered feature vector for category c at time t. Model hy-
perparameters include the number of estimators (M = 400),
learning rate (n = 0.05), maximum tree depth (d = 3), and
subsampling ratio (0.9), balancing bias and variance. Train-
ing and evaluation employ time-aware cross-validation [3} 4]
to preserve chronological order, with performance assessed us-
ing Mean Absolute Error (MAE), enabling robust category-
level budget forecasting across both stable and highly variable
spending categories.

3.5 Coupon Recommendation Model

The Coupon Recommendation Model maps user purchase
transactions collected through the web application to rele-
vant digital coupons using a lightweight, unsupervised text-
similarity framework. Purchase data are extracted from ex-
pense transactions, where merchant names and transaction de-
scriptions represent purchased items, while coupon data consist
of textual attributes such as title, display description, long de-
scription, category, and brand metadata. All text fields are nor-
malized via lowercasing, punctuation removal, stop-word fil-
tering, and lemmatization to reduce linguistic variability. Each
purchase item p and coupon c is embedded into a TF-IDF vec-
tor space [3} 6], and semantic similarity is computed using co-
sine similarity [15]. Candidate coupons are retrieved using a
k-Nearest Neighbors (kNN) search [[7, [6]], enabling efficient
matching without requiring labeled training data.

Coupon relevance is computed using a hybrid scoring func-
tion that combines semantic similarity and brand consistency:

(€))

where v, and v, denote the TF-IDF vectors of the purchase
item and coupon, respectively, and Ipna(p, ¢) indicates nor-

SCOI‘e(p, C) =X COS(V[N VC) + (1 - >\) : Ibrand(pv C))

malized brand token overlap. The weighting factor is empiri-
cally set to A = 0.8. The TF-IDF vectorizer is configured with
a maximum vocabulary of 5,000 features, an n-gram range of
1-2, and sublinear term-frequency scaling, while the kNN stage
uses cosine distance with £ = 5. A minimum cosine similarity
threshold of 0.80 and coupon expiration filtering are enforced
to reduce false positives. Model performance is evaluated using
standard retrieval metrics including Precision@K, Recall @K,
and Top-K accuracy, ensuring precise and computationally ef-
ficient coupon recommendations suitable for real-time deploy-
ment.

3.6 Proposed Pipeline

The proposed system Figure [2] employs an end-to-
end, model-agnostic machine learning pipeline that converts
transaction-level data collected through the web application
into predictive financial insights. Transactions originating
from user input, synthetically generated records, and Plaid-
synchronized banking data are ingested into a centralized
database with owner-based access control and include at-
tributes such as amount, timestamp, merchant, category, and
income/expense indicators. Prior to modeling, timestamps are
normalized, missing and duplicate records are removed, and
extreme outliers are clipped using robust statistical thresholds.
Exploratory analysis using monthly aggregation and rolling
statistics informs feature selection and model configuration.
Feature engineering extracts lagged values, rolling means, sea-
sonal indicators for time-series forecasting, and TF-IDF-based
text embeddings [5 6] for recommendation tasks. Models-
including linear regression [13]], regularized and ensemble re-
gressors, and similarity-based retrieval-are trained using time-
aware cross-validation to prevent temporal leakage, with hy-
perparameters optimized via logarithmic or grid-based search.
Performance is evaluated using task-specific metrics such as
MAE for regression and Precision@K or Recall @K for recom-
mendations, ensuring stable generalization and deployability.

4. Experimental Results

In the following section, we detail the experimental setup,
performance evaluation, and insights we gained from applying
this pipeline to financial transactions.

4.1 Dataset

The experimental dataset comprises approximately 1,600
transactions collected over 24 months from a single modeled
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FIGURE 2. Proposed Machine Learning Pipeline

user. Data were obtained from seeded synthetic generation
( 50%), Plaid Sandbox API ( 35%), and user-entered transac-
tions ( 15%). For forecasting tasks, transactions were aggre-
gated monthly, yielding 24 time points per user. A chrono-
logical 80/20 split (19 training months, 5 testing months) was
applied to prevent data leakage. Additionally, rolling-origin
cross-validation was used to simulate real-world deployment.
Model performance was evaluated against naive last-month and
3-month moving average baselines using MAE, MAPE, and R?
for regression tasks.

TABLE 1. Dataset Statistics

Dataset Attribute Value

Total number of transactions ~1,600

Time span 24 months

Average transactions per month ~065

Number of expense categories >20

Income transactions ~18%

Expense transactions ~82%

Recurring transactions ~35%

Unique merchants >150

Text-based features Merchant name, description
Numerical features Amount, lag values, rolling means
Temporal features Month, year, rolling windows

4.2  Model Implementation

All machine learning models were implemented in Python
using the scikit-learn framework, with data process-
ing and feature engineering performed using pandas and
NumPy. Time-aware validation strategies were consistently ap-
plied across forecasting tasks to ensure temporal correctness
and prevent data leakage.

The Income Forecast Model uses LinearRegression
[13] with monthly income aggregated from transaction-level
data and lag-based features representing the previous three
months. Training employed TimeSeriesSplit [3] [4] with

! A GitHub repository has been developed for the model (https://gith
ub.com/mallikarjunayeruku/Personal-Finance-Managem
ent-using-Artificial-Intelligence—Models). Access can be
granted upon request.

five folds, and performance was evaluated using Mean Abso-
lute Error (MAE). The Expense Forecast Model was imple-
mented using RidgeCV [[14] to incorporate {5 regularization,
with features including lagged expenses, rolling statistics, and
seasonal indicators. The regularization parameter o was se-
lected from a logarithmic range (1073-103) via time-aware
cross-validation.

Category-level budget prediction was implemented using
GradientBoostingRegressor [10] [11] to capture non-
linear spending behavior, with engineered temporal and lag-
based features. Key hyperparameters included 400 estimators,
a learning rate of 0.05, and a maximum tree depth of 3. The
Coupon Recommendation Model employed a hybrid TF-IDF
[S]] (6] and k-Nearest Neighbors [[7] [6] similarity framework,
using cosine similarity with £ = 5 and rule-based filtering to
refine recommendations.

4.3 Results and Discussion

The experimental results demonstrate strong overall perfor-
mance across all proposed models. For income prediction,
the proposed Ridge model achieved 2.84% MAPE, perform-
ing comparably to the naive last-month baseline (2.86%) and
slightly underperforming the 3-month moving average base-
line (2.43%). This suggests that income exhibits strong tem-
poral stability and can be effectively modeled using simple
smoothing techniques. In contrast, the expense forecasting
model achieved 22.8% MAPE, substantially outperforming
the naive baseline (40.0%) and the 3-month moving average
(37.0%), reducing absolute percentage error by approximately
43% relative to the naive approach. Despite negative R? values
caused by high variance and temporal volatility, the proposed
model consistently minimizes absolute forecasting error. For
category-level budget prediction, the model achieved 24.6%
MAPE compared to 31.9% (naive) and 27.0% (MA3), demon-
strating improved error reduction across categories; however,
negative R? values indicate substantial heterogeneity and low
signal-to-noise ratio at fine-grained category levels. Finally, the
Coupon Recommendation Model, built using TF-IDF and k-
Nearest Neighbors, achieved 95% semantic similarity accuracy
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TABLE 2. Forecasting Performance Comparison

Metric Proposed | Last | MA(3)
Income Model MAPE (%) 2.84 2.86 243
R? — — —
Expenses Model | MAPE (%) 22.8 40.0 37.0
R? -10.13 | -27.49 | -17.51
Category Budget | MAPE (%) 24.6 31.9 27.0
R? -1.15 -1.03 | -0.49

Income Prediction Model : 8-fold rolling-origin CV. Expenses Prediction
Model: 6-fold rolling-origin CV (1,557 transactions). Category Budget
Prediction Model: rolling-origin CV across categories. Baselines: Last Month
and 3-Month Moving Average.
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FIGURE 3. Income Prediction Model

in relevant product matching while filtering irrelevant items,
delivering estimated savings of 8—15% per item and confirm-
ing practical real-world cost-optimization capability.

As observed in Figure [3| and Figure (4} the larger deviations
in the initial months result from limited lag history and smaller
training windows in early rolling-origin folds. With reduced
temporal context, the regularized regression model operates in
a higher-bias regime, producing smoother predictions that un-
derreact to abrupt fluctuations. As the training window ex-
pands, the bias—variance balance improves and forecast stabil-
ity increases.

5. Conclusions and Future Work

This paper proposes a scalable machine learning framework
for intelligent personal financial decision support that goes be-
yond conventional transaction tracking by integrating predic-
tive analytics with personalized, actionable insights. Empiri-
cal evaluation under time-aware validation demonstrates strong
predictive accuracy: the income forecasting model attains low
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absolute error with a relative deviation on the order of only
a few percent, while the expense forecasting model achieves
moderate absolute error consistent with real-world spending
variability. These results support the effectiveness of the pro-
posed approach even under privacy-preserving data constraints
that limit feature availability and data granularity.

Future work will prioritize evaluation on larger, real-world
financial datasets, broader multi-source data integration, and
richer feature representations leveraging advanced NLP tech-
niques. From a modeling perspective, we will investigate deep
learning architectures such as LSTM [12], GRU, and Tempo-
ral Fusion Transformers, as well as gradient-boosted ensemble
methods including XGBoost [[16] and LightGBM [17], to better
capture non-linearities and long-range temporal dependencies
in personal finance behavior. We also plan to explore hierar-
chical forecasting and adaptive budget optimization to improve
personalization, stability, and robustness across heterogeneous
user profiles.
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