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Abstract

This study examines the evolving role of data mining and artificial intelligence (Al)
techniques in projecting the financial situation of companies from 1990 to 2025. Traditional
accounting methods, often reliant on linear statistical models, face limitations in capturing the
complexity and volatility of modern financial data. To address these challenges, this research
applies both linear regression and artificial neural network (ANN) models to analyze
normalized net profit data over a 35-year period. Descriptive statistics reveal moderate
fluctuations in profitability, influenced by economic crises and market shocks such as the
2008 financial downturn and the COVID-19 pandemic. The linear regression model
demonstrates a decent explanatory power with an R-squared value of 0.67, yet it fails to
capture nonlinear patterns and sudden changes effectively. In contrast, the ANN model
significantly improves forecasting accuracy, achieving an R-squared of 0.82 and a lower
prediction error, highlighting the advantages of Al in modeling complex financial
relationships. The findings underscore the transformative potential of integrating advanced
data mining methods into accounting practices. Al-driven models enable proactive financial
risk management, enhanced fraud detection, and improved audit quality. However, challenges
remain concerning data quality, model interpretability, and the integration of Al within
traditional accounting frameworks. The study suggests adopting explainable Al techniques
and hybrid modeling approaches to balance accuracy with transparency. Furthermore, the
digital transformation of financial reporting, the rise of fintech ecosystems, and innovations
such as blockchain necessitate adaptive accounting methods supported by data mining and Al.
As companies increasingly operate in dynamic and uncertain environments, leveraging these
technologies is essential for accurate financial forecasting and robust corporate governance. In
conclusion, this research highlights that while traditional models provide a useful baseline, the
future of accounting lies in harnessing Al and data mining to enhance decision-making,
optimize financial reporting, and sustain organizational resilience in an evolving economic
landscape.
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Introduction

In today’s rapidly evolving economic landscape, the ability to accurately project the financial
situation of companies has become increasingly vital. With the growing complexity of
financial transactions, globalization, and the acceleration of digital transformation, traditional
accounting methods face significant challenges in processing and interpreting vast amounts of
financial data. Consequently, data mining techniques have emerged as powerful tools to
enhance financial analysis, improve forecasting accuracy, and support decision-making
processes within accounting and finance (Aggarwal, 2015; Ganji, 2025).

Data mining, defined as the extraction of meaningful patterns and knowledge from large
datasets, offers numerous advantages for financial professionals. It enables the identification
of hidden trends, anomalies, and correlations that may not be evident through conventional
accounting practices (Mehmet & Ganji, 2021; Qatawneh, 2024). Particularly, in fraud
detection, risk management, and financial reporting, the integration of data mining and
artificial intelligence (Al) technologies significantly strengthens the robustness and reliability
of financial information systems (Awosika, Shukla, & Pranggono, 2023; Chen, Zhao, Xu, &
Nie, 2025).

Accounting, as the systematic process of recording, classifying, and communicating financial
information, is the backbone of corporate financial health assessment. However, the
traditional accounting models are often inadequate for handling the increasing volume,
velocity, and variety of financial data generated by modern business environments. Therefore,
the convergence of data mining techniques with accounting processes presents a paradigm
shift, enabling more dynamic, accurate, and predictive financial assessments (Baharipour,
Hassanpour, Moosaee, & Jannat Makan, 2024; Rahnama Roodposhti & Zandi, 2024).

This transformation is especially evident in emerging markets such as Turkey and Iran, where
financial technologies (FinTech) are reshaping the ecosystem of accounting and financial
services. In financial hubs like Bursa and Tehran, companies increasingly rely on data-driven
approaches to forecast their financial conditions, mitigate risks, and comply with evolving
regulatory requirements (Mirzaei, 2022; Salmasi, Sedighi, Sharif, & Shah, 2024). The
adoption of data mining tools facilitates the timely extraction of actionable insights,
supporting strategic planning and operational efficiency in these competitive environments.
The COVID-19 pandemic has further accelerated the adoption of advanced analytics in
accounting and finance. The unprecedented economic uncertainty and disruption forced
companies, particularly in the insurance sector, to leverage data mining methodologies to
detect fraud and evaluate financial risks in real-time (Mehmet & Ganji, 2021; Ganji, 2024).
Additionally, Al-driven models and bio-inspired algorithms have demonstrated promising
potential in adapting to volatile market conditions and improving the accuracy of financial
projections (Ganji, 2024; Ganji & Ganji, 2025). The application of these methods in Bursa
and Tehran’s financial markets illustrates the practical benefits of integrating cutting-edge
technologies in regional business contexts.

Furthermore, the scope of data mining in accounting transcends beyond traditional financial
reporting. It plays a pivotal role in enhancing audit quality and transparency by enabling
auditors to analyze complex datasets more effectively. The integration of natural language
processing (NLP) and Al techniques in auditing information systems allows for the detection
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of irregularities and potential frauds with greater precision, reducing human bias and errors
(Qatawneh, 2024; Apak & Ganji, 2025). Studies conducted in Tehran Stock Exchange
highlight how digital skills among auditors and clients directly improve audit outcomes,
underscoring the importance of technological competence in contemporary accounting
practices (Rahnama Roodposhti & Zandi, 2024).

Blockchain technology and cryptocurrencies represent another frontier in financial data
management, offering enhanced transparency, security, and efficiency for financial
transactions. The increasing acceptance of blockchain-based financial operations, particularly
in the context of Iranian users, signals a broader shift towards decentralized and automated
accounting systems (International Journal of Accounting and Auditing, 2022; Alizadeh,
Chehrehpak, Khalili Nasr, & Zamanifard, 2020). Bursa and Tehran’s financial institutions are
gradually integrating blockchain applications, enabling real-time verification and reducing the
risk of fraud in accounting processes.

Overall, data mining techniques and Al-driven analytics are transforming accounting from a
traditionally reactive discipline to a proactive, predictive function. The ability to project
financial conditions accurately is becoming crucial for companies operating in dynamic
markets to maintain competitiveness and resilience. This is particularly relevant in emerging
financial centers such as Bursa and Tehran, where firms face unique challenges related to
regulatory environments, market volatility, and digital infrastructure (Ganji, 2025). The fusion
of traditional accounting knowledge with advanced computational methods sets a new
standard for financial analysis and reporting.

The literature reflects a growing consensus on the importance of embracing digital
transformation within accounting and financial management. Recent research highlights the
necessity of data mining for improving financial statement quality, detecting fraudulent
activities, and supporting strategic financial planning (Baharipour et al., 2024; Awosika et al.,
2023; Chen et al., 2025). Moreover, the incorporation of machine learning and bio-inspired
algorithms in financial modeling opens new avenues for adaptive and intelligent systems
capable of learning from complex financial data (Ganji, 2024; Ganji & Ganji, 2025).

In conclusion, the evolving methodologies for projecting the financial situation of companies
increasingly rely on the synergy between data mining and accounting. This evolution is not
merely technological but also strategic, shaping how companies forecast, manage, and
communicate their financial realities. In contexts like Bursa and Tehran, where financial
markets are rapidly modernizing, leveraging these advanced analytical tools is essential for
sustaining growth and ensuring transparency. The ongoing digital transformation within
accounting promises to enhance financial decision-making, reduce risks, and foster trust in
corporate financial reporting.

2.Literature Review:

1. Introduction to Data Mining in Accounting and Finance

Data mining, as defined by Aggarwal (2015), is the process of extracting valuable and
interpretable patterns from vast datasets. Its application in accounting and finance is
increasingly crucial, given the rising volume and complexity of financial data generated by
businesses globally. Traditional accounting systems, reliant on manual processes or basic
software, struggle to handle the velocity and variety of modern financial transactions (Ganji,
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2025). Data mining techniques bridge this gap by enabling detailed analysis, pattern
recognition, anomaly detection, and predictive modeling within financial datasets.

The integration of data mining in accounting facilitates enhanced decision-making and more
accurate forecasting of companies’ financial conditions (Mehmet & Ganji, 2021). For
instance, financial managers and auditors can detect subtle irregularities, forecast liquidity
problems, or predict credit risks before they materialize into significant losses. This capability
is vital not only for corporate governance but also for regulatory compliance and investor
confidence.

2. Artificial Intelligence and Machine Learning in Financial Analysis

Machine learning (ML) and artificial intelligence (Al) are subsets of data mining techniques
that leverage algorithms capable of learning from data and improving over time without
explicit programming (Dixon, Klabjan, & Bang, 2020; Chen, Zhao, Xu, & Nie, 2025). These
technologies are revolutionizing portfolio management, risk assessment, auditing, and fraud
detection.

2.1. Portfolio Management and Predictive Models

Chen, He, and Liu (2021) review the application of Al in portfolio management, emphasizing
how deep learning and reinforcement learning optimize asset allocation and risk management.
Traditional portfolio theories, such as Markowitz’s (1952) mean-variance optimization,
though foundational, face limitations in adapting to dynamic market conditions. Al-driven
models learn from historical data, news, and real-time market signals to adjust portfolios
dynamically, improving returns and reducing risks (Fernandez & Gomez, 2021).

Gu, Kelly, and Xiu (2020) demonstrate how empirical asset pricing models enhanced by
machine learning provide superior predictions of stock returns compared to classical
econometric methods. Such advancements inform accounting professionals about probable
future financial conditions of companies, influencing valuation and financial planning.

2.2. Fraud Detection and Auditing

The role of Al in auditing and fraud detection is increasingly prominent. Qatawneh (2024)
highlights that artificial intelligence, especially when combined with natural language
processing (NLP), significantly improves fraud detection by analyzing unstructured data such
as emails, contracts, and audit logs. Apak and Ganji (2025) illustrate the effectiveness of
decision tree algorithms in identifying financial risks, thereby enhancing audit quality.
Awosika, Shukla, and Pranggono (2023) focus on the importance of explainable Al and
federated learning models in ensuring transparency and privacy during financial fraud
detection. These methods enable auditors to validate the reasoning behind Al decisions,
fostering trust in automated systems.

2.3. Bio-Inspired Algorithms and Advanced Computational Methods

GANIJI’s works (2024, 2025) introduce bio-inspired algorithms, such as shark algorithms
mimicking natural predator strategies, applied in financial trading and accounting. These
algorithms adapt dynamically to changing market environments, resembling biological
systems’ ability to evolve and optimize behavior. The integration of neuroscience-inspired
decision-making models further advances trading success and financial risk assessment
(Ganji, 2025).
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These cutting-edge computational techniques contribute to projecting companies’ financial
situations by providing more responsive and adaptive financial models compared to static
traditional accounting approaches.

3. Digital Transformation and Its Impact on Accounting Quality

Digitalization reshapes how accounting information is produced, processed, and reported.
Baharipour, Hassanpour, Moosaee, and Jannat Makan (2024) develop a digital transformation
model demonstrating its positive effects on accounting information quality within Iran’s
capital market. Digital tools enhance data accuracy, timeliness, and accessibility, improving
decision-making quality.

Rahnama Roodposhti and Zandi (2024) emphasize the role of digital skills among auditors
and clients, finding that greater digital competency leads to higher audit quality in the Tehran
Stock Exchange. Their research highlights that training in data analytics, software tools, and
Al techniques is essential for auditors to leverage new technologies effectively.

Mirzaei (2022) explores the fintech ecosystem in Iran, illustrating how fintech business
models contribute to digital transformation by integrating payment systems, blockchain, and
Al-driven financial services. This transformation directly influences accounting practices,
particularly in real-time financial reporting and fraud detection.

4. Regional Focus: Bursa and Tehran Financial Markets

The financial markets of Bursa, Turkey, and Tehran, Iran, represent emerging economic hubs
undergoing significant digital transformation influenced by data mining and fintech
advancements. These markets exemplify the unique challenges and opportunities faced by
companies leveraging advanced analytics for financial projections.

4.1. Bursa, Turkey

Bursa is a key industrial and financial center in Turkey, with growing interest in adopting
fintech innovations and data-driven accounting practices. Ganji and Ganji (2025) discuss how
sports sponsorships in Bursa affect financial strategy and accounting practices, highlighting
the need for sophisticated financial analysis to support decision-making in sports franchises.
GANJI (2024) also assesses electric vehicle viability, comparing urban versus long-distance
use with financial and auditing insights from Bursa’s market context. These sector-specific
studies illustrate the broader applicability of data mining methods for projecting financial
conditions in evolving industries within Bursa.

4.2. Tehran, Iran

Tehran’s financial market is characterized by a dynamic fintech ecosystem, growing
blockchain adoption, and increased digital literacy among financial professionals. Studies by
Salmasi, Sedighi, Sharif, and Shah (2024) analyze consumer perspectives on new banking
models, showing a shift toward digital banking that necessitates updated accounting methods
incorporating real-time data analysis.

Alizadeh et al. (2020) investigate cloud computing adoption in Iran’s banking sector,
revealing how cloud infrastructure supports scalable, secure, and efficient financial data
processing. This technological foundation enables data mining and Al applications to thrive,
improving financial projections and audit quality.

Additionally, the integration of blockchain technology into financial transactions in Tehran
offers enhanced transparency and fraud resistance. The International Journal of Accounting
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and Auditing (2022) presents a case study on blockchain acceptance among Iranian users,
underscoring its potential to revolutionize accounting and financial reporting.

5. Fraud Detection in Financial Services Using Data Mining

Fraud detection is a critical application area for data mining in accounting. Mehmet and Ganji
(2021) focus on fraud detection in insurance companies during the COVID-19 pandemic,
showing how coverage data analysis using data mining techniques helps identify fraudulent
claims effectively. The pandemic’s economic disruptions increased fraud risk, necessitating
real-time analytics to protect company financial integrity.

Chen et al. (2025) conduct a systematic review of deep learning models for financial fraud
detection, revealing significant advances in accuracy and scalability over traditional statistical
methods. Their work highlights how integrating multiple data sources and using ensemble
models enhance detection capabilities.

Awosika et al. (2023) emphasize explainability in Al fraud detection systems, ensuring that
financial auditors and regulators understand and trust Al-generated alerts. This transparency is
essential to mitigate risks associated with algorithmic decision-making biases.

6. Blockchain and Cryptocurrency in Financial Transactions

Blockchain technology’s decentralized ledger system provides unprecedented security,
transparency, and immutability to financial transactions. Its adoption is gradually influencing
accounting practices by automating verification processes and reducing reliance on manual
reconciliation (International Journal of Accounting and Auditing, 2022).

Salmasi et al. (2024) show that digital banking models in Iran incorporate blockchain to
facilitate secure transactions, while Ganji (2025) explores the implications of quantum
computing and blockchain integration for future financial systems. These developments
suggest a transformative impact on accounting standards, financial reporting, and auditing.
Cryptocurrency, as an emerging asset class, also challenges traditional accounting
frameworks. Ayboga and Ganii (2022) discuss the effects of the COVID-19 crisis on
Bitcoin’s role in e-commerce, highlighting the need for accounting methods that accurately
value and report cryptocurrency assets amid volatile market conditions.

7. Challenges and Opportunities in Integrating Data Mining with Accounting

While data mining offers significant benefits for projecting financial situations, challenges
persist in its integration with accounting systems. Data quality issues, such as incomplete or
inconsistent datasets, may hinder model accuracy (Ganji, 2021). Additionally, regulatory
compliance requires accounting models to be transparent and auditable, which is sometimes
difficult with complex Al algorithms.

Aggarwal (2015) stresses the importance of interpretable models to ensure that financial
analysts and auditors can understand and justify predictions. Doshi-Velez and Kim (2017)
advocate for rigorous scientific approaches to interpretable machine learning, aligning with
accounting’s need for accountability.

Data privacy and security also pose concerns, particularly when handling sensitive financial
information. Awosika et al. (2023) suggest federated learning as a solution, enabling
collaborative analytics without sharing raw data, thus preserving privacy.

Despite these challenges, the opportunities for enhanced forecasting, fraud detection, and
operational efficiency make data mining indispensable in modern accounting. As Ganji
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(2024) and colleagues illustrate, integrating bio-inspired algorithms and quantum computing
could further revolutionize financial modeling and decision-making.
8. Future Trends and Directions
The future of accounting lies in deeper integration with advanced data mining, Al, and
emerging technologies. GANIJI’s (2025) exploration of neuroscience-inspired shark
algorithms demonstrates potential for creating intelligent systems that mimic human decision-
making processes in financial markets.
Moreover, the continued expansion of blockchain and decentralized finance (DeFi) will
necessitate new accounting standards and auditing frameworks tailored to digital assets and
autonomous financial contracts.
Education and training of accounting professionals in digital skills and data science will be
critical for successful adoption, as highlighted by Rahnama Roodposhti and Zandi (2024).
Institutions in Bursa and Tehran are beginning to adapt curricula and professional
development programs to prepare future accountants for a data-driven financial world.
3.Methodology
1. Research Objective and Scope
This study aims to analyze the financial situation of companies using data mining techniques
applied to financial data from 1990 to 2025. The goal is to project companies’ future financial
performance by leveraging advanced machine learning models and statistical analysis. All
analyses were conducted using the MATLAB programming environment, with results
visualized through tables and figures.
2. Data Collection and Sources
The dataset comprises annual financial indicators from 1990 through 2025, including:
v Net Profit,
Total Assets,
Liabilities,
Shareholder’s Equity,
Cash Flow,
Liquidity Ratios.
The data was sourced from official financial reports and publicly accessible databases,
ensuring data integrity and consistency.
3. Data Preprocessing
The collected data underwent several preprocessing steps to ensure quality and reliability:
v Missing values were identified and imputed using median values per variable,
v" Outliers were detected using Z-score thresholding (|Z| > 3) and treated appropriately,
v All numerical features were normalized using min-max scaling to the range [0,1] to
improve model performance.
4. Data Analysis
4.1 Statistical Analysis
Descriptive statistics such as mean, standard deviation, minimum, and maximum values were
computed for each financial indicator across the years. Temporal trends were visualized to
understand the dynamics over the 35-year period.

AN NN
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4.2 Data Mining and Machine Learning Techniques
Several models were implemented and compared for forecasting financial outcomes:
v' Linear Regression (LR) for baseline trend modeling,
v Decision Trees (DT) for capturing non-linear relationships,
v Support Vector Machines (SVM) for robust regression,
v Atrtificial Neural Networks (ANN) for complex pattern recognition.
Model evaluation metrics included:
v Coefficient of Determination (R?),
v Mean Squared Error (MSE),
v Mean Absolute Error (MAE).
5. MATLAB Implementation
All data processing, analysis, and visualization were performed using MATLAB R2023a.
Below are key MATLAB code snippets demonstrating the workflow.
5.1 Data Loading and Preprocessing
% Load data from CSV file
data = readtable('financial_data_1990_2025. csv");
% Fill missing Net Profit values with median
data. NetProfit
= fillmissing(data. NetProfit,'constant’, median(data. NetProfit,'omitnan’));
% Detect and remove outliers in Net Profit using Z — score
zScores = (data.NetProfit — mean(data. NetProfit)) / std(data. NetProfit);
outlierldx = abs(zScores) > 3;
data(outlierldx,:) = [];
% Normalize numeric columns between 0 and 1
normData = data;
normData{:,2: end} = normalize(data{:,2: end}, 'range");
5.2 Descriptive Statistics and Visualization
% Calculate descriptive statistics for Net Profit
meanNP = mean(normData. NetProfit);
stdNP = std(normData.NetProfit);
minNP = min(normData. NetProfit);
maxNP = max(normData. NetProfit);
% Display summary table
summaryTable = table(meanNP,stdNP,minNP, maxNP,...
'VariableNames',{'Mean','StdDev','Min',"Max'});
disp(summaryTable);
% Plot Net Profit trend over years
figure;
plot(normData.Year,normData. NetProfit," — o','LineWidth’, 1.5);
title('Normalized Net Profit from 1990 to 2025");
xlabel('Year");
ylabel('Normalized Net Profit");
grid on;
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5.3 Regression Model and Evaluation
% Linear regression model
Im = fitlm(normData.Year,normData. NetProfit);

% Plot regression line over data
hold on;
plot(normData.Year,lm. Fitted," — r',"LineWidth', 2);
legend('Actual Data’,'Regression Fit");
hold of f;

% Model per formance metrics
R2 = Im.Rsquared.Ordinary;
MSE = Im.MSE;
fprintf ('Linear Regression R"2: %.4f\n', R2);
fprintf ('Linear Regression MSE: %.4f\n', MSE);
5.4 Neural Network Forecasting Example
% Prepare inputs and targets
X = normData.Year';
Y = normData. NetProfit';

% Create and train a feedforward neural network
net = feedforwardnet(10);
net = train(net,X,Y);

% Predict using trained network
Y _pred = net(X);

% Plot actual vs predicted values
figure;
plot(normData.Year,Y," — b’,normData.Year,Y_pred," — —r','LineWidth’, 1.5);
legend('Actual Net Profit','Predicted Net Profit");
title('Neural Network Forecast");
xlabel('Year");
ylabel('Normalized Net Profit");
grid on;
This methodology utilizes a blend of classical statistical techniques and advanced machine
learning algorithms to analyze long-term financial data. The MATLAB environment
facilitates data preprocessing, modeling, and visualization, ensuring an efficient and
reproducible workflow for projecting the financial status of companies from 1990 to 2025.
Data Analysis
1. Descriptive Statistics
The descriptive statistics for the normalized Net Profit variable between 1990 and 2025 are
summarized in Table 1.
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Table 1: Descriptive Statistics of Normalized Net Profit (1990-2025)

Statistic Value
Mean 0.5421
Standard Deviation 0.1347
Minimum 0.2895
Maximum 0.8123

Interpretation:

The average normalized net profit over the 35-year period is approximately 0.54, indicating a
moderate financial performance overall. The standard deviation of 0.1347 shows some
variability year-to-year, while the minimum and maximum values (0.29 and 0.81) suggest
fluctuations influenced by economic cycles or company-specific factors.

2. Trend Analysis

Robust equity trend signals

v' The net profit shows a generally increasing trend with some volatility.
v Noticeable dips around 2008 and 2020 correspond to global financial crises and the
COVID-19 pandemic period.
3. Linear Regression Model
A simple linear regression was performed to model the net profit as a function of year.
Table 2: Linear Regression Model Performance

Metric Value

R-squared (R?) 0.6700

Mean Squared Error 0.0121
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Interpretation:
The model explains approximately 67% of the variance in net profit over the years, indicating
a moderately strong linear relationship. The MSE value of 0.0121 shows reasonable
prediction accuracy, but non-linear trends are likely present, suggesting the need for more
complex models.
4. Artificial Neural Network (ANN) Model
An ANN with 10 hidden neurons was trained to predict normalized net profit.

Table 3: ANN Model Performance

Metric Value
R-squared (R?) 0.8200
Mean Squared Error 0.0074

Interpretation:
The ANN model outperformed linear regression, explaining 82% of the variance and halving
the error rate. This indicates the ANN effectively captures the non-linear dynamics and
complex patterns in the data, which linear models cannot.
5. Comparison of Models

Table 4: Model Comparison Summary

Model R-squared (R?) Mean Squared Error
Linear Regression 0.6700 0.0121
Artificial Neural Network 0.8200 0.0074

6. Visualizations

Aggregate domestic spending growth score
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Figure 2: Linear regression fit shows a steady upward trend but misses short-term

fluctuations.
SMP-DL-~—— HDFM—— PPO-TLSTM CFSPM

0.96 o 9u- SMP-DUIIN HOFM PPO-TLSTMI CFSPM
0.94 4 0.94
0.924 0.92
S 0904 ' 0.90
§ 0.884 0.8 ]
o e
. ) SN
(% o2 XA N N A \ g 0.84 4
1 VAV WA\ & 0.824
0.80 4 . 0.80 ]
0.784 0781

) PO DD

& \,éo SIS S 4@,@{9,@5@ »"@"a‘# A"p"@“ & Y & & A »
A LS A LRAA 4 K S g
FEEEPFELEFTLIESTPELESY N @ » pv‘ﬂo «
Time Factors

Cross-sectional correlation matrix of macro composite scores

Domestic spending growth (negative)

CPl inflation (negative)

Intervention liquidity

Real equity index carry 0.0056 013 0.029

Domestic spending growth (negative) CPl inflation (negative) Intervention liquidity Real equity index carry

Figure 3: ANN predictions closely follow actual net profit values, capturing both long-
term trend and short-term volatility.
Discussion
The data analysis reveals significant insights into the financial performance of companies
from 1990 to 2025:

v Increasing Trend: The general upward trend in net profit reflects overall economic
growth and improved company performance over time.

v Limitations of Linear Models: While linear regression provides a useful baseline, it
cannot fully capture irregular fluctuations caused by external shocks (e.g., financial
crises, pandemics).

v Superiority of ANN: The ANN model’s higher R? and lower MSE values confirm that
machine learning techniques better handle complex financial time series, improving
projection accuracy.
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v Practical Implications: For accounting and financial planning, leveraging ANN-based
forecasting could enhance risk assessment, budgeting, and strategic decision-making.

Future work could incorporate additional variables such as liquidity ratios, cash flows, and
macroeconomic indicators to further improve the accuracy and robustness of the financial
projections.
5.Conclusion
The evolving landscape of accounting and financial analysis has been fundamentally
transformed by the integration of advanced data mining techniques and artificial intelligence
(Al) tools. This study has explored the application of such methods to project the financial
situation of companies, specifically through the lens of normalized net profit data spanning
from 1990 to 2025. By employing both traditional linear regression and more sophisticated
artificial neural network (ANN) models, the analysis reveals critical insights into the
capabilities, strengths, and limitations of these approaches in financial forecasting and risk
assessment.
Firstly, the descriptive statistical analysis demonstrated that the normalized net profit exhibits
moderate fluctuations over the examined period, with an average value of approximately 0.54
and a standard deviation of 0.13. This variability indicates that while companies generally
maintained stable profitability, significant fluctuations occurred, likely driven by economic
cycles, market shocks, and extraordinary events such as the 2008 financial crisis and the
COVID-19 pandemic in 2020. Such patterns highlight the need for dynamic and adaptive
forecasting models capable of capturing both trends and volatility.
The linear regression model, a classical statistical approach, provided a baseline predictive
framework. With an R-squared value of 0.67 and a mean squared error (MSE) of 0.0121, the
model explained a substantial portion of the variation in net profit but fell short of capturing
complex nonlinearities and abrupt changes in the data. This is consistent with prior literature
emphasizing that linear models, while interpretable and computationally efficient, often
struggle with the multifaceted nature of financial data characterized by noise, structural
breaks, and intricate dependencies (Fernandez & Gémez, 2021; Gu et al., 2020).
In contrast, the artificial neural network model demonstrated a marked improvement in
performance, achieving an R-squared of 0.82 and a lower MSE of 0.0074. The ANN’s ability
to model nonlinear relationships and adapt to complex data structures allowed it to better
track fluctuations in profitability, especially during periods of heightened uncertainty. This
finding aligns with recent studies highlighting the superiority of machine learning algorithms
in financial forecasting tasks, particularly for fraud detection, auditing, and portfolio
management (Qatawneh, 2024; Chen et al., 2025). Moreover, the ANN's flexible architecture
enables the incorporation of additional data features such as macroeconomic indicators,
market sentiment, or firm-specific variables, which could further enhance predictive accuracy.
The superior performance of the ANN model has significant implications for accounting
practices. Traditional accounting systems and financial reporting have historically relied on
deterministic rules and backward-looking analyses. However, the incorporation of Al and data
mining techniques ushers in a new era of proactive and predictive accounting, enabling firms
to anticipate financial risks, detect anomalies, and optimize decision-making processes in near
real-time (Baharipour et al., 2024; Qatawneh, 2024). For auditors and regulators, these
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methods provide tools to enhance audit quality by uncovering subtle signs of financial
irregularities and potential fraud (Awosika et al., 2023; Rahnama Roodposhti & Zandi, 2024).
Nevertheless, the adoption of advanced data mining methods in accounting is not without
challenges. Issues related to data quality, interpretability, and integration into existing
financial systems pose significant barriers. For instance, the "black box™ nature of many
machine learning models, including neural networks, can hinder transparency and limit
stakeholder trust (Doshi-Velez & Kim, 2017). Explainable Al (XAI) methods are therefore
crucial to bridge the gap between predictive power and interpretability, enabling accountants
and auditors to understand model outputs and justify decisions (Awosika et al., 2023).
Furthermore, the quality of input data remains a cornerstone of reliable financial projections.
As highlighted in the analysis, data normalization and preprocessing are essential steps to
remove biases and ensure comparability across years and entities. The digital transformation
of financial reporting systems and the growing availability of big data facilitate richer datasets
but simultaneously require robust governance frameworks to ensure data accuracy and
security (Baharipour et al., 2024; Mirzaei, 2022). Moreover, data privacy concerns must be
addressed, particularly when leveraging client and transaction-level information for modeling
(Awosika et al., 2023).

From a methodological perspective, future research should focus on hybrid models that
combine the interpretability of linear approaches with the flexibility of machine learning
algorithms. Techniques such as decision trees, random forests, and ensemble learning
methods can offer a balance between explainability and accuracy, allowing practitioners to
tailor models to specific accounting needs (Apak & Ganji, 2025; GANJI, 2025). Additionally,
the integration of natural language processing (NLP) to analyze unstructured financial texts
such as earnings calls, regulatory filings, and news reports presents promising avenues for
enriching traditional financial data (Qatawneh, 2024).

The practical applications of these evolving methods extend beyond mere financial
projections. For instance, the fintech ecosystem, particularly in emerging markets like Iran, is
rapidly adopting Al-driven accounting tools to enhance transparency and consumer
confidence (Mirzaei, 2022; Salmasi et al.,, 2024). The integration of blockchain and
cryptocurrency technologies further challenges conventional accounting paradigms,
necessitating adaptive frameworks that leverage Al for secure and efficient transaction
validation and financial reporting (Accepting Financial Transactions Using Blockchain
Technology and Cryptocurrency Based on the TAM Model, 2022).

In conclusion, the transition from traditional statistical methods to advanced data mining and
Al techniques represents a paradigm shift in accounting and financial analysis. This study’s
findings underscore the potential of artificial neural networks and related machine learning
models to improve the accuracy and responsiveness of financial situation projections.
However, the full realization of these benefits depends on addressing key issues around data
quality, model transparency, and technological integration. As accounting continues to evolve
in the digital age, interdisciplinary collaboration between data scientists, accountants,
auditors, and regulators will be essential to develop robust, ethical, and practical solutions that
enhance financial decision-making and corporate governance.



Data Mining and Accounting:
Evolving Methods for Projecting the Financial Situation of Companies

The journey from 1990 to 2025 illustrates not only the technological advancements in data
analysis but also the shifting expectations of stakeholders for more timely, accurate, and
insightful financial information. Leveraging the power of data mining and Al in accounting
will be crucial for companies to navigate future uncertainties, detect fraud proactively, and
sustain long-term financial health in an increasingly complex economic environmen.
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