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ABSTRACT

Introduction: this research aims to investigate the use of financial Big Data and artificial intelligence (Al) in
predicting the bankruptcy risk of companies listed on the Indonesia Stock Exchange (BEI), with the Altman
Z-Score model as the main framework.

Objective: in this research, an intervening variable in the form of financial data quality is introduced to
assess the role of mediation in increasing the accuracy of bankruptcy predictions..

Method: the research method used is quantitative with the analytical method used is Structural Equation
Modeling Partial Least Squares (SEM-PLS), which allows analysis of the relationship between independent
variables (Big Data and Al), intervening variables (quality of financial data), and dependent variables
(bankruptcy risk prediction).

Result: the research results show that the integration of financial Big Data and Al significantly increases
the accuracy of company bankruptcy risk predictions on the IDX, with the quality of financial data acting as
an intervening variable that strengthens this relationship. The influence of Big Data and Al on bankruptcy
prediction through the quality of financial data has also been proven to provide more precise and faster
results compared to the conventional Altman Z-Score model.

Conclusion: these findings confirm that the quality of financial data is a key factor that must be considered in
optimizing bankruptcy predictions in the capital market. This research has implications for the development
of financial technology (Fintech) and risk management strategies in public companies, especially in identifying
bankruptcy risks more effectively by utilizing the latest technology.

Keywords: Big Data, Artificial Intelligence; Bankruptcy Prediction; Altman Z-Score; Indonesian Stock
Exchange.

RESUMEN

Introduccion: esta investigacion tiene como objetivo investigar el uso de Big Data financiero e inteligencia
artificial (IA) para predecir el riesgo de quiebra de las empresas que cotizan en la Bolsa de Valores de
Indonesia (BEI), con el modelo Altman Z-Score como marco principal.

Objetivo: en esta investigacion, se introduce una variable interviniente en forma de calidad de datos
financieros para evaluar el papel de la mediacion en el aumento de la precision de las predicciones de
quiebra.
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Método: el método de investigacion utilizado es cuantitativo con el método analitico utilizado es el Modelado
de Ecuaciones Estructurales de Minimos Cuadrados Parciales (SEM-PLS), que permite el analisis de la relacion
entre variables independientes (Big Data e |A), variables intervinientes (calidad de los datos financieros) y
variables dependientes (prediccion del riesgo de quiebra).

Resultado: los resultados de la investigacion muestran que la integracion de Big Data financiero e 1A aumenta
significativamente la precision de las predicciones de riesgo de quiebra de la empresa en el IDX, y la calidad
de los datos financieros actlla como una variable interviniente que fortalece esta relacion. También se ha
demostrado que la influencia de Big Data e IA en la prediccion de quiebras a través de la calidad de los datos
financieros proporciona resultados mas precisos y rapidos en comparacion con el modelo Z-Score de Altman
convencional.

Conclusion: estos hallazgos confirman que la calidad de los datos financieros es un factor clave que debe
considerarse para optimizar las predicciones de quiebra en el mercado de capitales. Esta investigacion tiene
implicaciones para el desarrollo de la tecnologia financiera (Fintech) y las estrategias de gestion de riesgos
en las empresas publicas, especialmente en la identificacion de los riesgos de quiebra de manera mas eficaz
mediante el uso de la Ultima tecnologia.

Palabras clave: Big Data; Inteligencia Artificial; Prediccion de Quiebras; Altman Z-Score; Bolsa de Valores de
Indonesia.

INTRODUCTION

Predicting corporate bankruptcy has become an increasingly important topic in the world of finance and
investment, especially for stakeholders such as investors, creditors, regulators and company management.®
Bankruptcy not only has a negative impact on the company itself, but also on the wider economic ecosystem,
including the financial sector, capital markets and society in general. Therefore, early identification of
bankruptcy risk is crucial to anticipate greater impacts. In this case, the use of technology, such as financial
Big Data and artificial intelligence (Al), provides new opportunities to increase the accuracy and speed of
bankruptcy risk predictions.?

In Indonesia, the capital market represented by the Indonesian Stock Exchange (BEI) has experienced
rapid development in the last few decades.® With the increasing number of companies listed on the IDX, the
challenges in monitoring company financial performance are also becoming more complex. Bankruptcy risk is
one of the main issues that regulators and market players need to pay attention to. In this context, the Altman
Z-Score, which is one of the classic models for predicting bankruptcy, has been widely used in various countries
as a tool to measure a company’s financial health. However, this model still has limitations, especially in
dealing with dynamic changes in company financial data.®

The development of information technology, especially in the management of Big Data, provides great
opportunities to overcome these limitations.® Financial Big Data includes big data generated from financial
reports, daily transactions, market trends, and other external factors that influence company performance.
Processing Big Data using conventional methods is often time consuming and inefficient, but with artificial
intelligence (Al), data analysis can be done more quickly, precisely and in depth. Al is able to process very
large and complex volumes of data to identify patterns that traditional methods cannot see, thereby increasing
accuracy in bankruptcy predictions.®

The Altman Z-Score model itself uses several important financial ratios, such as profitability, liquidity,
leverage and company efficiency, to predict bankruptcy risk.?” Although this model has been proven to be
quite accurate in various previous studies, it also requires adaptation to function better in a rapidly changing
business environment, such as in the Indonesian capital market. By combining financial Big Data and Al, this
bankruptcy prediction model can be adapted to dynamic market conditions and provide results that are more
relevant to the latest developments.®

This research aims to examine the extent to which the integration of Big Data and Al can improve the
performance of the Altman Z-Score model in predicting company bankruptcy on the IDX.® In this research,
historical data from companies listed on the IDX will be analyzed using machine learning algorithms to detect
patterns that indicate bankruptcy risk. The results of this analysis will be compared with the predictions of the
conventional Altman Z-Score model to see whether there is an increase in accuracy by utilizing Big Data and Al
technology. "%

Apart from that, this research will also discuss the implications of more accurate bankruptcy predictions
for stakeholders. For investors, this information can be used to make wiser investment decisions and avoid
potential losses from high-risk companies. For company management, prediction results can be used as a tool
to evaluate financial performance internally and take preventive action before the risk of bankruptcy occurs.
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Regulators can also utilize these results to monitor companies’ financial health more effectively, thereby
increasing the stability of the capital market in Indonesia.

Overall, the use of Big Data and Al in bankruptcy prediction is an innovative step that can have a significant
impact on the development of a smarter and more resilient financial system.® With the results of this research,
it is hoped that it can contribute to the development of a more comprehensive bankruptcy prediction model,
as well as strengthening capital market infrastructure in Indonesia.

Theoretical review
Big financial data on bankruptcy risk prediction

Financial Big Data refers to the collection, processing, and analysis of large and varied volumes of financial
data from various sources. In the context of bankruptcy risk prediction, Big Data allows companies and
financial analysts to access and utilize a wider range of data compared to traditional methods. With the ability
to collect data from multiple sources, including financial reports, market transactions, social media, and public
sentiment, companies can gain deeper insight into their financial condition and operational performance. This
information helps in identifying patterns that may indicate future bankruptcy risk, providing stakeholders with
better tools for decision making.®

The use of financial Big Data in bankruptcy risk analysis changes conventional approaches that are usually
based on simple statistical models, such as the Altman Z-Score. These models often use a small number
of financial ratios to predict bankruptcy, which may not cover all dimensions of complexity present in the
financial data." In contrast, with Big Data technology, machine learning algorithms can be applied to analyze
interactions between various financial variables simultaneously, identify correlations that may not be visible,
and predict the likelihood of bankruptcy more accurately. This results in a prediction model that is more
dynamic and responsive to changes in market conditions and company behavior."®

However, it is important to note that the effectiveness of financial Big Data in predicting bankruptcy risk is
highly dependent on the quality of the data collected and processed. " Inaccurate, incomplete, or biased data
can result in erroneous predictions, potentially harming decision making. Therefore, managing the quality of
financial data is the key to utilizing Big Data effectively. By paying attention to data quality, companies can
ensure that the information used for analysis truly reflects the company’s condition and performance, thereby
increasing accuracy in predicting bankruptcy risk. @

It can be concluded that the application of financial Big Data in bankruptcy risk prediction provides an
opportunity to increase the accuracy and relevance of existing prediction models.?" By utilizing greater volume
and diversity of data, as well as the application of machine learning algorithms, bankruptcy risk analysis becomes
more comprehensive and adaptive to changing conditions. However, challenges in managing data quality
must still be considered, because low data quality can damage the reliability of analysis results. Therefore,
integration between Big Data technology, artificial intelligence and good data management practices is very
important to produce effective and useful predictions for stakeholders in making strategic decisions regarding
bankruptcy risk management. @

H1: there is a significant influence of big financial data on bankruptcy risk prediction

Al towards bankruptcy risk prediction

Artificial intelligence (Al) is playing an increasingly important role in predicting bankruptcy risk by utilizing
advanced algorithms and data analysis techniques that can process large amounts of information.?® With the
ability to learn from historical data, Al can identify patterns and trends that traditional methods may not
detect. For example, machine learning algorithms can be used to analyze financial data, market behavior, and
even public sentiment related to a company to produce more accurate predictions regarding the likelihood
of bankruptcy. This is especially important given that bankruptcy is often the result of multiple interacting
factors, and Al enables better modeling of this complexity.

Additionally, Al is capable of real-time analysis, allowing companies to immediately respond to changes that
may affect their financial performance.® By using predictive analytics techniques, companies can monitor
key indicators that indicate potential bankruptcy risk, such as a decline in revenue, an increase in debt, or
significant changes in consumer behavior. The use of Al in risk analysis not only increases the speed of decision
making but also minimizes risks that may arise due to delays in responding to early warnings regarding the
company’s financial health. @

However, the application of Al in bankruptcy risk prediction is also faced with several challenges. One of
them is the need for high-quality data, which is an absolute requirement for producing effective prediction
models.? Incomplete or biased data can produce inaccurate and confusing predictions. Additionally, there are
challenges in terms of interpretability of Al models. Many Al algorithms, especially those based on machine
learning, can function as “black boxes” that are difficult to understand. This can make it difficult for decision
makers to understand the basis of the predictions provided and make appropriate decisions based on the results
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of the analysis.@®

Overall, artificial intelligence offers great potential in improving the accuracy and efficiency of bankruptcy
risk predictions. With the ability to analyze large amounts of data and learn from existing patterns, Al can
provide companies with deep and timely insights into their financial condition. However, the success of Al
implementation in bankruptcy risk prediction is highly dependent on the quality of the data used and the ability
to interpret the analysis results. Therefore, the integration of Al technology, good data management and strong
analytical skills is essential to maximize the benefits that can be gained from applying Al in this field.®)

H2: there is a significant influence of Al on bankruptcy risk prediction

Big financial data on the quality of financial data

Financial Big Data refers to the collection and analysis of large amounts and diverse financial data generated
from a variety of sources, including market transactions, financial reports, social media, and internal corporate
information systems.®® With these enormous volumes of data, the challenge faced is ensuring that the data
used for analysis and decision making is accurate, relevant and reliable. The quality of financial data is crucial
because inaccurate or incomplete data can cause errors in analysis, which in the end can affect the company’s
strategic decisions. Therefore, in the Big Data era, organizations need to adopt good data management practices
to maintain and improve the quality of their financial data.®"

The use of advanced technology in processing financial Big Data can also improve data quality. For example,
by applying machine learning algorithms and statistical analysis techniques, companies can automatically
detect and correct errors in data, identify anomalies, and ensure that the data used for analysis is of high
quality.®? In addition, Big Data allows organizations to validate data in real-time, so they can improve and
update financial information continuously. This not only increases the accuracy of the data but also increases
the speed of decision making based on that data.®*

However, although Big Data offers many benefits, challenges remain when it comes to managing data quality.
Companies have to face problems such as fragmented data, non-uniformity of data formats, and privacy issues
related to the use of big data.®* To overcome this problem, organizations need to implement strict policies in
the collection, storage and use of financial data.®>

H3: there is a significant influence of financial big data on the quality of financial data

Al on financial data quality

Artificial intelligence (Al) has emerged as an invaluable tool in improving the quality of financial data. With
the ability to process and analyze large amounts of diverse data, Al can help organizations detect and correct
errors in financial data.®® Machine learning algorithms can identify patterns and anomalies that may not be
visible to humans, such as data input errors or inconsistencies in financial reports. This automation process
not only improves data accuracy but also reduces the time and resources required to perform manual checks,
allowing companies to focus on more strategic analysis.®”

Apart from that, Al can also improve the quality of financial data through real-time data processing. By
using predictive analysis techniques, Al can monitor incoming financial data and validate it automatically.®®
For example, if there is transaction data that does not match the expected pattern, the Al system can provide
a warning to the user to carry out further checks. In this way, companies can immediately address data quality
problems before the data is used in decision making. Speed and accuracy in processing financial data are
important factors in maintaining the integrity of financial reports and ensuring that the information presented
to stakeholders is accurate and reliable. %4041

Overall, artificial intelligence has significant potential to improve the quality of financial data in
organizations. With the ability to detect errors, validate data in real-time, and automate data processing, Al
can help companies maintain the integrity and accuracy of financial reports. However, challenges in terms of
input data quality and interpretability of Al models must be overcome to maximize the benefits that can be
obtained. With proper management and judicious application of Al technology, organizations can improve the
quality of their financial data and, in turn, increase the reliability of the information used in strategic decision
making.

H4: there is a significant influence of Al on the quality of financial data

The quality of financial data on bankruptcy risk prediction

The quality of financial data has a significant impact on the ability to predict the risk of bankruptcy of a
company. High-quality financial data, including accuracy, completeness, consistency and currency, is key to
building effective predictive models.“ When financial data is inaccurate or incomplete, analyzes performed
based on that data can be misleading and lead to bad decisions. For example, in the context of a predictive
model such as the Altman Z-Score, the use of flawed financial data can result in incorrect estimates of a
company'’s financial health, which can result in an inability to detect bankruptcy risk in a timely manner.“

https://doi.org/10.56294/dm2024.622



5 Marsenne M, et al

Apart from that, the quality of financial data also influences the validity and reliability of analytical models
used to predict bankruptcy.“) Models built with low-quality data tend to produce unreliable output and are
detrimental to the company. This can lead to errors in strategic decision making, such as reducing investments,
cutting costs, or changes in organizational structure, which would not be necessary if bankruptcy risk predictions
were carried out with the right data.“®

On the other hand, improving the quality of financial data can provide additional benefits in risk management.
When financial data is more accurate and consistent, companies can more easily identify trends and patterns
that indicate potential financial problems.®”) For example, analysis of financial ratios, cash flows and other
performance indicators can be carried out more effectively, allowing management to take proactive action in
overcoming existing risks. In other words, improving the quality of financial data not only improves bankruptcy
risk predictions, but also helps companies better manage overall risk.“)

Overall, the quality of financial data plays a crucial role in bankruptcy risk prediction. Accurate, complete,
and consistent data is needed to build reliable and valid analytical models. Inaccuracies in financial data
can lead to wrong predictions, potentially harming the company in making strategic decisions. Therefore,
companies should focus on improving the quality of financial data as part of their risk management strategy. In
this way, not only will predictions of bankruptcy risk be more precise, but companies will also be better able to
manage financial risks more effectively, increasing their chances of surviving and developing in a competitive
business environment.“

H5: There is a significant influence of financial data quality on bankruptcy risk prediction

Hé6: There is a significant influence of big financial data on bankruptcy risk prediction through the quality of
financial data

H7: There is a significant influence of Al on bankruptcy risk prediction through the quality of financial data.

METHOD
Research design

This research uses an explanatory quantitative design to predict the risk of bankruptcy of companies listed
on the Indonesia Stock Exchange (BEI).®?

Place and time of research

The research location specifically focuses on the IDX digital platform as the main data source, with data
processing carried out virtually using financial analysis software and Al in the researcher’s work environment.
All data used comes from companies registered on the IDX, so the company’s physical location is in Indonesia,
although data access and processing can be done online.

Population and sample

The population of this research is all companies listed on the Indonesia Stock Exchange (BEI) during a
certain period. The sampling technique used is purposive sampling, namely selecting companies that meet
certain criteria, such as having complete financial reports that are suitable for Z-Score analysis. Sampel pada
penelitian ini adalah 190.

Data analysis

The quality of financial data will be assessed based on surveys or questionnaires given to financial experts,
auditors and analysts who are experienced in managing financial data in public companies. Secondary data,
historical financial data for companies listed on the IDX, such as financial reports, balance sheets and profit and
loss statements, will be taken from official sources such as IDX (Indonesia Stock Exchange), Thomson Reuters
or Bloomberg. This data is used to calculate the financial ratios required in the Altman Z-Score model as well
as Big Data processing.®"

Table 1. Instrument test

Artificial Financial Financial Data Predict
Intelligence (Al) Big Data Quality Bankruptcy Risk
IK10 0,805
1K11 0,719
1K2 0,874
IK3 0,866
K4 0,783
IK5 0,775
IK6 0,754
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Based on table 1, it can be explained that all the instruments tested were declared valid with a loading
factor value > 0,70. So it can be explained that the chosen instrument is capable of measuring each latent
variable.

Based on table 2, it can be explained that each variant of the indicators tested has good convergent validity
because the value is > 0,50. It can be concluded that the AVE value in this analysis is able to explain most of
the indicator variance.

The composite reliability value of each latent variable exceeds 0,90, which indicates a high level of consistency
between indicators in measuring their respective latent variables. Results of each latent variable composite
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reliability. The reliability of each latent variable is strengthened by the analysis value of alpha cronbach where
the research results obtained that each Cronbach’s alpha was greater than 0,60, which illustrates that each
indicator of the latent variable has reliable consistency as seen in table 3 below:

Table 3. Reliability

Composite

Reliability
Artificial Intelligence (Al) 0,961
Financial Big Data 0,942
Financial Data Quality 0,956
Predict Bankruptcy Risk 0,952

Source: SEM PLS 2024

Based on table 3, it can be explained that the composite reliability test results show a value of > 0,70,
this illustrates that the indicators used to measure this construct have good consistency. This means that

the indicators consistently reflect the construct being measured and can be relied upon to produce stable
measurements.

RESULT AND DISCUSSION
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Figure 1. Outer model analysis (Algorithm)
The figure above shows that the highest path coefficient is the influence of financial big data on financial

data quality. The second largest is the influence of artificial intelligence on predicting bankruptcy risk. The
smallest factor loading is the influence of financial big data on predicting bankruptcy risk.
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Figure 2. Inner model analysis (boostrapping)
Table 4. Test Result of Path Coefficient
Original Sample Standard T Statistics (|O/ P Values
Sample (O) Mean (M) Deviation (STDEV) STDEV|)
Artificial Intelligence (Al) -> Financial 0,266 0,264 0,069 3,862 0,000
Data Quality
Artificial Intelligence (Al) -> Predict 0,589 0,588 0,065 9,021 0,000
Bankruptcy Risk
Financial Big Data -> Financial Data 0,632 0,633 0,057 11,183 0,000
Quality
Financial Big Data -> Predict Bankruptcy 0,202 0,196 0,075 2,688 0,007
Risk
Financial Data Quality -> Predict 0,505 0,504 0,082 6,188 0,000

Bankruptcy Risk

Source: Sem pls 2024

Based on table 4 the results of the hypothesis test, the direct influence of financial big data on predicting
bankruptcy risk shows a t-statistic value of 2,688 > 1,96 and a p-value of 0,007 < 0,05, so it can be explained
that there is a significant influence of financial big data on predicting bankruptcy risk and the hypothesis. first
accepted.

Furthermore, the test results of Al’s direct influence on predicting bankruptcy risk show a t-statistic value
of 9,021 > 1,96 and a p-value of 0,000 < 0,05, so it can be explained that there is a significant influence of Al
on predicting bankruptcy risk and the second hypothesis is accepted.

Based on the results of the hypothesis test, the direct influence of financial big data on financial data quality
shows a t-statistic value of 11,183 > 1,96 and a p-value of 0,000 < 0,05, so it can be explained that there is a
significant influence of financial big data on financial data quality and the hypothesis. third accepted.

Furthermore, the test results of Al’s direct influence on financial data quality show a t-statistic value of
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3,862 > 1,96 and a p-value of 0,000 < 0,05 so it can be explained that there is a significant influence of Al on
financial data quality and the fourth hypothesis is accepted.

Furthermore, the results of hypothesis testing on the influence of financial data quality on predicting
bankruptcy risk show a t-statistic value of 6,188> 1,96 and a p-value of 0,000 < 0,05 so it can be explained that
there is a significant influence of financial data quality on predicting bankruptcy risk and the fifth hypothesis
is accepted.

Table 5. Test Result of Path Coefficient (indirect effect)

Original Sample Standard T Statistics (]O/ P Values
Sample (O) Mean (M) Deviation (STDEV) STDEV|)
Artificial Intelligence (Al) -> Financial 0,134 0,134 0,043 3,139 0,002
Data Quality -> Predict Bankruptcy Risk
Financial Big Data -> Financial Data 0,319 0,319 0,059 5,378 0,000

Quality -> Predict Bankruptcy Risk
Source: Sem Pls 2024

Based on table 5 the results of hypothesis testing of the indirect influence of financial big data on predicting
bankruptcy risk through financial data quality, the t-statistic value was 5,378 > 1,96 and the p-value was
0,000 < 0,05 so it can be explained that there is a significant indirect influence of financial big data on predict
bankruptcy risk through financial data quality and the sixth hypothesis is accepted.

Furthermore, the results of hypothesis testing of the indirect influence of Al on predicting bankruptcy risk
through financial data quality t-statistic value 3,139 > 1,96 and p-value 0,002 < 0,05 so it can be explained that
there is a significant indirect influence of Al on predicting bankruptcy risk through financial data quality and
the seventh hypothesis is accepted.

There is a significant influence of financial big data on bankruptcy risk prediction

In today’s digital era, available data is no longer limited to annual or quarterly financial reports, but includes
a wider variety of data sources, including daily transactions, social media, and even macroeconomic data.®?
By collecting and analyzing these large amounts of data, companies can identify more accurate patterns and
trends in their financial performance.®¥ This is especially important because bankruptcy is often the result of
problems that develop over a long time, and big data provides the insights needed to detect these problems
early.®

One of the reasons why financial big data has a significant impact on bankruptcy risk prediction is its ability
to increase the accuracy of analysis.® By using advanced analytical techniques, such as machine learning and
predictive algorithms, companies can process large volumes of data and obtain more precise results.®¥ For
example, bankruptcy prediction models based on big data can take into account factors that traditional models
may not take into account, such as market dynamics and investor sentiment.®® This allows companies to make
better and more timely decisions regarding their financial health.®

Apart from that, big financial data also allows deeper analysis of risk factors that can lead to bankruptcy.
%) Richer and more diverse data provides a better context for understanding how variables, such as debt, cash
flow and earnings growth, interact with each other.® By understanding these interactions, companies can be
more proactive in identifying risk areas that may lead to bankruptcy.®” For example, if analysis shows that high
debt and low cash flow are correlated with negative sentiment on social media,®® the company can take steps
to address the issue before it is too late.(?

The implementation of financial big data also provides competitive advantages for companies that are
able to utilize it well."? Companies that can collect and analyze data effectively will have a greater ability
to respond to changing market conditions and anticipate potential bankruptcy risks.?¥ Additionally, big data
allows companies to benchmark against their competitors,®® so they can understand their position in the
market and take necessary actions to maintain good performance.®® Thus, big data is not only a tool for risk
analysis but also a strategic tool that helps companies to stay relevant and competitive.(

However, while financial big data offers many benefits, companies also need to be aware of the challenges
associated with data collection and management.® Data quality is an important issue, because flawed or
inconsistent data can produce inaccurate analysis.®® Therefore, companies must ensure that they have
effective systems and processes to manage their data, including regular data monitoring and validation.(©"¢? By
maintaining data quality, companies can maximize the benefits obtained from big data in predicting bankruptcy
risk.(®

Based on this, overall it can be concluded that there is a significant influence between financial big data and
bankruptcy risk prediction.©*% Big data allows companies to collect and analyze information in large volumes
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and from multiple sources, thereby increasing the accuracy and depth of risk analysis.®>% With a better
understanding of the factors that influence financial health, companies can take proactive steps to prevent
bankruptcy.©”¢® Although there are challenges in data management and quality, companies that successfully
utilize big data well will have a competitive advantage in dealing with risks and maintaining their financial
performance in a dynamic market.®

There is a significant influence of Al on bankruptcy risk prediction

One of the reasons why Al has a significant impact on bankruptcy risk prediction is its ability to analyze
very complex data (Reddy et al., 2024). Al can integrate various types of data, including financial data,
operational data, and even external data such as market trends and consumer sentiment.®’ By carrying
out this multidimensional analysis, Al is able to provide a more holistic picture of the condition of a company.
71,7 This is important, because bankruptcy risk is often influenced by many interacting factors. With a more
integrated approach, predictive models can improve accuracy and provide more reliable results.®

In addition, Al can perform continuous learning, which means the models built can be continuously updated
and refined as data and market conditions change. This allows companies to remain relevant and responsive
to rapid changes in the business environment. In bankruptcy risk prediction, Al’s ability to adapt to new
data is critical, as factors influencing bankruptcy can change over time.>’ For example, regulatory changes,
economic fluctuations, or even the impact of new technology can affect the risks a company faces. With an
adaptive model, companies can conduct more timely risk assessments and take necessary actions to reduce the
potential for bankruptcy. ¢

On the other hand, Al also helps in automating the analysis process, reducing dependence on subjective
human judgment. In many cases, manual analysis can introduce unconscious bias or errors, which can affect
prediction results.9 By utilizing Al, the analysis process becomes more objective and data-based.?7® This is
especially important in the context of bankruptcy risk, where decisions based on inaccurate analysis can have
a major impact on a company’s business strategy and survival. Therefore, the application of Al in bankruptcy
risk analysis can increase the transparency and reliability of the decision-making process.?®

However, the challenges in applying Al in bankruptcy risk prediction should not be overlooked. One of the
main challenges is the need for high-quality data. Without accurate and representative data, Al models cannot
provide reliable predictions. ™ Additionally, there are also concerns regarding the interpretability of Al models,
especially complex algorithms such as deep learning. Decision makers need to understand how and why the
model makes certain predictions in order to take appropriate action. Therefore, companies must ensure that
they not only focus on Al technology but also on data management and model transparency.®)

Overall, it can be concluded that there is a significant influence between artificial intelligence (Al) and
bankruptcy risk prediction.?”7® With its ability to analyze complex data, learn from new data, and automate
analysis processes, Al increases accuracy and effectiveness in predicting bankruptcy risk. While there are
challenges regarding data quality and model interpretability, the advantages offered by Al in terms of more
objective, data-driven decision making are invaluable.”® Therefore, companies that are able to effectively
utilize Al in bankruptcy risk analysis will have a competitive advantage in managing risks and ensuring the
sustainability of their operations in an increasingly competitive market.®"

There is a significant influence of financial big data on the quality of financial data

One important aspect of financial big data is its ability to increase data accuracy. More efficient data
collection processes, supported by advanced technologies such as the Internet of Things (loT) and blockchain,
enable companies to obtain more precise and real-time information.®" With more accurate data, the risk of
errors in financial reports can be minimized, and companies can rely on this information to conduct better
analysis. For example, with transaction data collected automatically, companies can ensure that every
transaction is recorded correctly, which is critical in maintaining the integrity of financial reports. "

Apart from increasing accuracy, big data also helps in maintaining data consistency and completeness.
A sophisticated data management system can identify and correct inconsistencies or gaps in data, so that
companies have a more reliable database.® In this context, the use of analytical technology can help detect
anomalies or unusual patterns, which could be indicators of error or fraud. By proactively addressing these issues,
companies can improve the reliability of their financial data and build greater trust among stakeholders.®”

Apart from that, big data also allows companies to carry out more in-depth analysis of their financial
performance. ¥ By combining multiple data sources and applying sophisticated analytical techniques, companies
can more comprehensively evaluate financial ratios, trends and historical performance. This provides better
insight into the factors influencing financial performance and allows management to take appropriate actions
based on valid data. Thus, big data not only improves the quality of the data itself, but also provides a better
context for understanding that data.®?

Although big data offers many benefits in improving the quality of financial data, challenges also need to
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be considered.® Companies must ensure that they have the right infrastructure and policies to manage data
effectively. Data obtained from various sources must be managed carefully to ensure regulatory compliance and
privacy protection. In addition, companies also need to equip employees with the skills necessary to analyze
and interpret complex data. Thus, companies must create a data culture that prioritizes quality and accuracy
to maximize the potential of big data.“V

Overall, it can be concluded that there is a significant influence between financial big data and financial
data quality. Through more accurate, consistent and complete data collection, big data provides a strong basis
for better decision making. By leveraging advanced analytical technology and data management systems,
companies can improve the integrity and reliability of their financial data. Although there are challenges in
implementing big data, the benefits it offers in terms of improving data quality are invaluable to a company’s
success. Therefore, companies that are able to integrate financial big data into their management practices
will have a competitive advantage in understanding and managing their financial performance.“*¥

There is a significant influence of Al on the quality of financial data

Furthermore, the results of the direct influence hypothesis test show a significant influence of Al on financial
data quality with a t-statistic value of 3,862 > 1,96 and a p-value of 0,000 < 0,05. Artificial intelligence (Al)
has become an important catalyst in improving the quality of financial data in today’s digital era.“ With the
ability to analyze and process large amounts of data, Al can help companies identify patterns, detect errors and
provide more accurate insights into their financial condition. In the context of financial data management, Al
serves as a tool that allows companies to reduce inaccuracies and improve data integrity, which is an important
foundation for informed and strategic decision making.“®

One of Al’s significant impacts on financial data quality is its ability to automate the process of data collection
and cleansing. Manual processes are often prone to errors, either due to human error or incomplete data.®
Using machine learning algorithms, Al can automate the identification and removal of duplicate, inconsistent,
or irrelevant data. This not only saves time and effort, but also ensures that the data available for analysis
is accurate and relevant. Thus, companies can be more confident in using this data for financial reports and
analysis.“®)

Apart from that, Al is also able to improve the quality of financial data through predictive analysis capabilities.
@1 By leveraging advanced analytical techniques, such as deep learning and big data analytics, Al can analyze
historical trends and identify factors that may influence future financial performance. With these insights,
companies can not only improve data collection, but also forecast and anticipate changes in market conditions.
Thus, the resulting data is not only of high quality, but can also be used for better strategic planning.“

Data quality is also improved through Al’s ability to validate and monitor data in real-time. Al-based systems
can analyze incoming financial data continuously, allowing companies to detect anomalies or discrepancies
as soon as they arise. With tighter monitoring, companies can address problems before they become larger,
reducing the risk of errors in financial reporting. This is especially important in highly regulated industries
where accuracy and regulatory compliance are paramount.®"

While the benefits are clear, the challenges of applying Al to improve the quality of financial data also need
to be acknowledged.“® Companies must ensure that they have adequate data infrastructure, as well as the
technical capabilities to manage and maintain Al systems. Additionally, it is important for companies to train
employees to work effectively with Al tools, as this technology continues to develop. Otherwise, the potential
benefits of using Al in financial data management could be wasted.®

Overall, it can be concluded that there is a significant influence between artificial intelligence (Al) and the
quality of financial data. Al not only improves data accuracy and consistency through automation and predictive
analysis, but also enables real-time data monitoring and validation. By reducing human error and improving
data integrity, Al helps companies make better, more informed decisions. While challenges in implementing
Al remain, the advantages it offers in terms of improving data quality are invaluable for companies looking
to remain competitive in an ever-evolving market. Therefore, investment in Al technology and good data
management will be the key to long-term success in financial management.®

There is a significant influence of the quality of financial data on bankruptcy risk prediction

Accurate and reliable financial data is the basis for proper analysis of an organization’s financial health.
When financial data is incomplete or contains errors, the resulting analysis can be misleading, resulting in
incorrect conclusions regarding bankruptcy risk. Therefore, high quality financial data is essential to ensure
that bankruptcy risk predictions can be carried out precisely and effectively.®

One important aspect of financial data quality is accuracy. Accurate data allows companies to better analyze
financial ratios and performance indicators.“ For example, liquidity, solvency and profitability ratios can
provide a clear picture of a company’s ability to meet its financial obligations. If financial data is inaccurate,
analysis of these ratios can be misleading, and companies may not realize the potential bankruptcy risk they
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face. Thus, good quality financial data greatly contributes to producing more precise risk predictions.

The quality of financial data is also closely related to the completeness of the information. Incomplete data
can miss important aspects of a company’s financial performance; such as changes in cost structure or revenue
trends.®Y In this context, the use of predictive models based on historical data can provide better insight into
the factors that can trigger bankruptcy. By having complete and comprehensive data, companies can conduct a
more holistic analysis and consider all relevant variables. This will increase accuracy in predicting bankruptcy
risk.(?

Apart from that, data consistency is also key in predicting bankruptcy risk. If financial data is inconsistent,
for example, if there are changes in accounting methods or revenue recognition that are not explained, this
can create confusion and make analysis difficult.“” Consistency in the collection and reporting of financial data
allows stakeholders to make valid comparisons over time. With consistent data, companies can track trends and
patterns that indicate an increased risk of bankruptcy, and take necessary actions to mitigate.%

Although the importance of financial data quality in predicting bankruptcy risk is clear, companies often
face challenges in ensuring such quality.“" Factors such as a lack of technology infrastructure, inadequate data
management policies, and lack of training for employees can hinder efforts to improve data quality. Therefore,
companies need to invest in good data management systems, as well as training for employees to ensure that
the financial data produced is high quality and reliable.(®

Overall, there is a significant influence between financial data quality and bankruptcy risk prediction. High
data quality, which includes accuracy, completeness, and consistency, is critical to producing sound analysis of
a company’s financial health. When companies can ensure that their financial data is of high quality, they will
be better able to detect potential bankruptcy risks and take necessary mitigation steps. Thus, investment in
financial data quality management should be a priority for companies that want to maintain sustainability and
prevent bankruptcy.(®

There is a significant influence of financial big data on bankruptcy risk prediction through the quality of
financial data

With the high volume, speed and variety of data, big data allows companies to gain deeper and more
holistic insight into their financial condition.?® However, to ensure that big data-based analysis is accurate and
reliable, the quality of the financial data used is very important. Therefore, there is a significant influence of
financial big data on bankruptcy risk prediction through the quality of financial data.®

First of all, financial big data gives companies access to various sources of information that can be used
for risk analysis.®® By integrating data from multiple sources, including historical data, market data, and
non-traditional data, companies can build more comprehensive prediction models. However, it is important
to ensure that data drawn from various sources is high quality, accurate and relevant. If the data is flawed or
inconsistent, then the resulting analysis and prediction of bankruptcy risk will also be flawed. Therefore, the
quality of financial data is an important bridge connecting big data with bankruptcy risk prediction.®

Furthermore, the use of financial big data allows companies to carry out more in-depth and predictive
analysis. With advanced analytical methods, such as machine learning and statistical analysis, companies can
analyze patterns that may not be visible in smaller datasets.® However, the accuracy of this analysis is highly
dependent on the quality of the data used. Inaccurate or incomplete data can lead to misleading results, which
can result in poor decisions. Therefore, to improve bankruptcy risk prediction capabilities, it is important for
companies to ensure that their financial data is of high quality.@®

Furthermore, financial big data can also improve the quality of the data itself through real-time data
monitoring and processing. By using big data technology, companies can continuously validate and update
their financial data.® This process helps detect errors and inconsistencies more quickly, so that the quality
of financial data can be maintained. Good data quality not only ensures that bankruptcy risk analysis is more
accurate, but also allows companies to respond quickly to changes in financial conditions that may trigger
bankruptcy risk.@®

Although the benefits of financial big data in bankruptcy risk prediction are clear, companies often face
challenges in managing such data.® Data quality can be affected by various factors, including data collection
policies, technology infrastructure, and staff skill level in data analysis. Therefore, companies must invest in
effective data management systems, training for employees, and ongoing maintenance to ensure that financial
big data can be used optimally in predicting bankruptcy risk.?

Overall, there is a significant influence between financial big data and bankruptcy risk prediction through
financial data quality. Financial big data allows companies to access and analyze a wider range of information,
but high data quality remains key to ensuring the accuracy and reliability of the analysis. By maintaining
good quality financial data, companies can improve their ability to predict bankruptcy risk, so they can
take appropriate mitigation steps. Therefore, it is important for companies to focus efforts on data quality
management in order to harness the potential of financial big data for better decision making.¢"
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There is a significant influence of Al on bankruptcy risk prediction through the quality of financial data

With the ability to process and analyze large volumes of data quickly and accurately, Al can provide deeper
insight into a company’s financial condition. However, the effectiveness of Al in making accurate predictions
depends greatly on the quality of the financial data used. Therefore, there is a significant influence between Al
on bankruptcy risk prediction through the quality of financial data.®>

First of all, Al is capable of performing complex analyzes by using machine learning algorithms to recognize
patterns and trends that may not be visible with traditional analysis.® By relying on high-quality financial data,
Al can identify financial indicators related to bankruptcy, such as liquidity, solvency and profitability ratios. If
the data used is inaccurate or incomplete, the Al analysis results can be misleading. Therefore, the quality of
financial data plays an important role in improving the accuracy of bankruptcy risk predictions produced by Al
systems. ®"

Furthermore, Al can also improve the quality of financial data through advanced data processing techniques
(Ranta & Ylinen, 2024). Using natural language processing (NLP) algorithms and other techniques, Al can analyze
data from unstructured sources, such as annual reports and industry news, to add context to existing financial
data. This process helps ensure that the information used in the analysis is complete and relevant, thereby
improving the overall quality of the data. With better quality financial data, Al’s ability to predict bankruptcy
risk will increase.®”

Furthermore, Al can help in real-time data monitoring, allowing companies to detect financial problems
quickly. By continuously monitoring financial performance and risk indicators, Al can provide early warning if
there are signs indicating possible bankruptcy.“ However, to take advantage of this capability, it is important
for companies to have quality financial data. If the data used is inaccurate or inconsistent, Al may fail to
provide appropriate alerts, which could result in major losses.®?

Although the potential of Al in bankruptcy risk prediction is enormous, challenges in managing the quality
of financial data remain. Companies often face problems such as inconsistencies in data collection, limitations
in technological infrastructure, and lack of skills in data analysis. Therefore, to increase the effectiveness of
Al in predicting bankruptcy risk, companies need to invest in good data management systems and training for
employees to ensure that the data used is of high quality.“"

Overall, there is a significant influence between Al and bankruptcy risk prediction through financial data
quality. Al can improve bankruptcy risk analysis and prediction capabilities, but high data quality is an absolute
requirement to achieve accurate results. By leveraging Al to improve the collection, processing and monitoring
of financial data, companies can strengthen their position in the face of bankruptcy risk. Therefore, investing in
managing the quality of financial data should be a priority for companies that want to fully utilize the potential
of Al in decision making and risk mitigation strategies.“?

CONCLUSION

Based on the results of the analysis, it was found that all hypotheses were accepted, 1) there was a significant
direct influence of financial big data on predicting bankruptcy risk with a t-statistic value of 2,688 > 1,96 and a
p-value of 0,007 < 0,05. 2) there is a significant direct effect of Al on predicting bankruptcy risk with a t-statistic
value of 9,021 > 1,96 and a p-value of 0,000 < 0,05. 3) there is a significant direct influence of financial big
data on financial data quality with a t-statistic value of 11,183 > 1,96 and a p-value of 0,000 < 0,05. 4) there
is a significant direct influence of Al on financial data quality with a t-statistic value of 3,862 > 1,96 and a
p-value of 0,000 < 0,05. 5) there is a significant influence of financial data quality on predicting bankruptcy risk
with a t-statistic value of 6,188> 1,96 and a p-value of 0,000 < 0,05. 6) there is a significant indirect effect of
financial big data on predicting bankruptcy risk through financial data quality with a t-statistic value of 5,378
> 1,96 and a p-value of 0,000 < 0,05. 7) there is a significant indirect effect of Al on predicting bankruptcy risk
through financial data quality with a t-statistic value of 3,139 > 1,96 and a p-value of 0,002 < 0,05. Thus, this
research concludes that the combination of financial big data, Al, and financial data quality management has
great potential in predicting bankruptcy risk. The recommendation for companies listed on the Indonesia Stock
Exchange is to invest in technological infrastructure that supports real-time data collection and analysis, as
well as training for staff in the use of advanced technology. With these steps, companies can increase financial
resilience and reduce the risk of bankruptcy which could threaten the continuity of their operations.
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