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Abstract: The adoption of ML in finance has great potential to reform financial practices.
This paper delves into the pivotal role of machine learning (ML) in revolutionizing the
financial domain, including enhancing predictive accuracies, reducing cost, catalyzing
financial innovation, and improving customer relationships. By dissecting the advantages,
this paper summarizes the application of ML in finance like stock market forecasting, fraud
detection, credit risk prediction, portfolio management and asset evaluation. Meanwhile, it
also acknowledges existing obstacles such as data quality, transparency of models, and
output homogenization. Finally, the paper seeks to provide comprehensive insights into the
future landscape shaped by ML technologies in finance.
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1. Introduction

The rapid development of technology and widespread use of big data has made machine learning
(ML) crucial for innovation and efficiency in the financial sector. As a critical branch of artificial
intelligence, ML encompasses the development of algorithms that enable computers to evolve and
optimize their performance by learning from past data and experiences [1]. This evolution has
notably improved the efficiency and effectiveness of financial transactions and operations, as
highlighted by emerging research in the field [2].

Given the dynamic capabilities of ML and its widespread usage, it is crucial to thoroughly
investigate its significant impact and diverse application in financial practice. This paper endeavors
to examine how ML is reshaping financial services, focusing on enhanced prediction accuracies,
cost efficiencies, the promotion of innovation and the improvement of customer relationships. Also,
this paper explores application areas of ML in finance including stock market forecasting, fraud
detection, credit risk identification, management of portfolios, and asset evaluation. Additionally,
the paper navigates through the hurdles faced when incorporating ML into financial methodologies.
Finally, the paper aims to shed light on prospective advancements in the application of ML in the
finance field.

This analysis aims to offer an in-depth perspective on ML's evolving role in finance to
researchers, policymakers, and financial professionals. The intention is to provide valuable insights
and foresight, thus enabling well-informed strategic decisions and planning within a rapidly
transforming financial domain.

© 2024 The Authors. This is an open access article distributed under the terms of the Creative Commons Attribution License 4.0
(https://creativecommons.org/licenses/by/4.0/).
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2. Impact of ML on Financial Practices

Having outlined the significance of ML within the financial sector and its rapid technological
advancements, this paper now pivots to an in-depth examination of ML's multifaceted impact on
finance. The next section examines how ML not only increases the accuracy of analysis but also
changes the way financial operations and decisions are made. It sets the foundation for a thorough
look at its benefits and roles in the ever-changing finance sector.

2.1. Analytical accuracy enhancement

Linear regression, due to its reliability, is a staple method in the field of economics, extensively
employed in numerous studies. However, recent research including that by Hoang and Wiegratz,
indicates that ML demonstrates superior performance in terms of forecasting accuracy, particularly
in scenarios involving a multitude of variables [3].

The superior accuracy of ML models primarily stems from their exceptional capability to process
and analyze high-dimensional data. Cao et al. highlight this in their analysis of stock prices for
companies characterized by complex, voluminous, and multifaceted datasets [1]. They found that
ML models outperform most human analysts in these contexts. This is largely attributed to the
inherent limitations of human cognitive processes, which are typically adept at interpreting data up
to three dimensions, thus struggling with the more complex, high-dimensional datasets.

To harness these advantages in data analysis, the ML field employs a structured approach known
as feature engineering. This involves techniques such as feature selection, feature extraction, and
dimensionality reduction. Through these techniques, ML can transform complicated raw data into a
more predictive and manageable format. Vasques points out that this transformation not only
diminishes the impact of extraneous information (or "noise") but also significantly bolsters the
model's ability to discern and comprehend the key economic indicators driving outcomes [4]. As a
result, these methodological advancements in ML lead to marked improvements in forecasting
accuracy, underscoring the transformative potential of machine learning in enhancing the precision
of economic analyses.

2.2. Cost reduction

On account of the highly regulated nature of the financial industry, financial firms have to devote
tremendous resources to ensure compliance with legal and regulatory requirements. This
encompasses internal audit, manpower investment in the compliance department, legal consulting
fees, and reporting and disclosure costs, among others, which determine notable operation costs in
the income statement. Meanwhile, office expenses, software usage fees, and subscriptions to
external databases that may be involved in conducting business operations such as corporate
financial analysis and industry research by internal teams are subsumed under management
expenses.

However, ML enhances the efficiency of various analytical processes. For instance, predictive
analytics in ML can streamline risk assessment, customer behavior forecasting, and market trends
analysis, which traditionally require substantial manpower and time. By automating these tasks, ML
reduces the time and resources needed for data processing and analysis, which would lead to a
decrease in management costs.

In addition to direct cost savings, ML applications in finance extend to optimizing operational
efficiencies. Automated algorithms can perform tasks such as transaction monitoring, fraud
detection, and customer service inquiries, which further reduce the necessity for large, specialized
teams. In further study, Timur Narbaev et al. proposed a practical XGBoost model utilizing
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available resources and earned value management, to forecast costs throughout the entire project
cycle [5]. By using this model, project managers could achieve improved cost control.

2.3. Innovation strengthening

Models are built through ML after analysis of a vast amount of data. As training data keeps
inputting, the model would be modified immediately. However, human analysts are not capable of
aligning the model according to a large amount of new data. This results in hysteresis between the
responding actions of financial service companies and market transformation, since it is not only
laborious to analyze data and switch the model but also necessary to assess the new model.
Conversely, these steps comprising building and testing models are already included in the
procedure of ML, which is a process consuming less time. Therefore, precisely because of the
minimized consumption of time, the lag of innovation relative to market changes is thereby reduced,
which would dramatically increase the effectiveness of innovation in the financial services industry.

On the other hand, ML can also drive corporates to move towards innovation. According to the
research by Zhou, Huang, and Zhang, it is been a universal trend that corporations chase innovation
under the background of the popularity of large models [6]. Out of the reinforcement of
differentiated competitive advantages, effective adaptation to market evolution, and the capture of
an effective position in the market, innovation is acting as an important behavior in company
operation. More importantly, the application of emerging technology provides more probability of
innovation for corporates. Therefore, amid the intensifying revolution in the financial industry, the
laggard ones with no innovation are meant to be squeezed out of the market, which is how ML
motives innovation in the financial service industry.

2.4. Customer relationship improvement

ML could also improve the customer relationship, by revealing the customers' habits and
preferences, by analyzing past data. Having analyzed the customer statistics, financial service
enterprises would grasp the customer behavior pattern. Thereby, they could further comprehend the
habits of diverse customers, which makes them able to provide appropriate financial products to the
right customer. In some cases, big data analysis combines the internet query data and historical
customer data, then demonstrates the messages that customers need [7]. Thus, it will be more
accessible for financial services personnel to provide highly customized services if the enterprise
introduces ML. Additionally, besides scholars, CEOs around the world generally figure that
artificial intelligence is expected to influence the performance of companies positively, including
reinforcing customer relationships [8].

3.  Applications of ML in financial practices

After detailing what influence ML will bring, the paper drilled down into the broad spectrum of ML
in the financial sector. This section provides a holistic oversight of practical applications of Al,
demonstrating its versatility and critical role in shaping modern financial services.

3.1. Stock market forecast

The unpredictability of the stock market has traditionally challenged analysts, who have employed
historical data, trading volumes, and a blend of company-specific insights alongside statistical and
behavioral finance approaches for price prediction. Yet, the intricate web of factors influencing
stock dynamics often eludes comprehensive analysis by humans. With advancements in analytical
methodologies, there's a growing reliance on ML for sifting through the vast dataset characteristic
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of stock markets. Predominantly, supervised learning, which is a typical brand of ML, stands out for
its ability to generate predictive models from labeled datasets [9].

Deep learning, a sophisticated branch of ML, has gained traction for its ability to construct
complex, layered models that excel in both forecasting and classification tasks. Its application in
stock market trend prediction has been notable. For instance, Sinha et al. developed a predictive
model using a combination of Deep Belief Networks (DBN) and Long Short-Term Memory (LSTM)
networks [10]. DBNs are complex models that identify patterns in data, ideal for discovering hidden
trends in stock prices. LSTM networks, specializing in processing sequences, remember
information over extended intervals, essential for analyzing stock market transactions over time.
Therefore, combining DBNs' pattern recognition with LSTMs' memory capabilities effectively
enhances the accuracy of stock trend predictions.

3.2. Fraud detection

On the front of fraud detection within the financial domain, ML stands as a pivotal technology.
Moving beyond the traditional analytical frameworks that focus on financial ratios, ML-driven
fraud detection systems explore further. They scrutinize intricate patterns among numerous
variables from critical financial documents, such as balance sheets and cash flow statements [11].
Unlike the human use of financial ratios to assess fraud risk, machine learning-based fraud
detection uncovers hidden relationships between variables. This approach surpasses the constraints
of traditional analytical logic, providing a more detailed insight into fraudulent activities.

Ensemble learning represents a cutting edge in ML that builds multiple models, each
independently predicting the same issue, and finally assembling them into a combined prediction.
So that the outcome of ensemble learning typically surpasses the accuracy of any singular model.
As a result, the use of this approach to develop advanced systems for spotting financial irregularities
has gained significant popularity. Concurrently, studies that apply ensemble learning to fraud
detection have reported a notable improvement in the accuracy of uncovering illegal activities [11]
[12][13].

3.3. Credit risk prediction

Credit risk prediction is crucial for financial service providers to assess borrower default potential,
playing a vital role in financial system stability. Over the last decade, this area has emerged as the
most researched topic in financial risk, significantly influenced by the advent of machine learning
[5]. The integration of machine learning techniques with traditional models has substantially
improved their predictive accuracy for credit risk [14].

The exploration of machine learning in credit risk assessment began in the late 20th century,
leading to the development of highly accurate bankruptcy prediction models. For instance, Tsai and
Hsu introduced a meta-learning framework that showcased high prediction accuracy [15].
Continuing this trend, Shivanna and Agrawal developed a model using DSVM, an advanced
classification model, for detecting credit card defaults [16]. These developments indicate a
significant progression in the field, with machine learning enhancing the precision and effectiveness
of credit risk prediction models.

3.4. Portfolio management

Scholars introduced ML to the field of portfolio management after it was shown to be effective in
predicting market movements. ML determines portfolio options using asset allocation, evaluating
risk, analyzing market outlook, selecting stocks, and valuing them. Moreover, after the investment
program has been implemented, the model will modify the portfolio according to changes in the
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market, economic criteria, and financial situation of investors, thereby better protecting and
increasing investors' assets.

Building on ML's versatility in portfolio management, this article delves into the pioneering
work of Kaczmarek and Perez [17]. Their research leverages Random Forest Models, which are
used for classification and regression, for predicting stock excess returns, and for refining portfolio
allocations. Their results reveal that ML-predicted portfolios outperform traditional equal-weight
strategies across several benchmarks, notably in risk-adjusted returns, marking a significant
advancement in investment strategy optimization.

3.5. Asset evaluation

Asset valuation is pivotal in the financial field, and traditional means of asset valuation suffer from
major shortcomings. For example, the market approach ignores future profit potential, and the
income approach is susceptible to the subjective judgment of analysts. In contrast, ML can predict
investor sentiment and stock prices by analyzing news and streaming information. It can also more
accurately determine real estate prices by evaluating multi-dimensional data, like geographic
location, and assess the value of intangible assets.

Motivated by a general understanding of the importance of asset valuation and the limitations of
traditional approaches, recent advances in machine learning offer a novel and promising avenue.
Among them, the "News-Based Sparse Machine Learning Model for Adaptive Asset Pricing"
proposes a pioneering asset pricing model that exploits financial news to explain and predict stock
and sector returns [18]. The model goes beyond classical analytics by exploiting the huge untapped
potential of real-time financial news through sophisticated machine learning algorithms.

4.  Challenges in applying ML in Finance

While the applications of ML in finance are extensive and diversified, they are accompanied by
their own set of challenges, ranging from data complexity to regulatory hurdles, which need to be
carefully dealt with.

The first challenge is data quality. If machine learning is in financial forecasting, the majority of
data resources that are fed into the model are corporate reports, historical transaction information,
and media data. Such data is heterogeneous and complex, especially financial market data with a
high noise-to-signal ratio [19]. A little carelessness in data processing can lead to an inadequate
model fit, making it necessary for the data sources to be strictly monitored and for feature
engineering to be paid more attention to.

Moreover, the explanatory power of ML models is also a vital challenge. Several machine
learning models, especially deep learning models, possess low or no explanatory power which is
considered to be "black boxes", without transparency in their logic chain. In the financial sector,
where decision-making is challenging and regulation is strict, analysts, investors, and regulators
need to clearly understand the decision-making basis of ML models. Ultimately, the black-box
phenomenon generates a lack of trust in machine-learning models.

Another problem is homogenization. When the model's training dataset is fixed, the output is
likely to be the same, if the operator provides similar instructions. In addition, using similar
machine learning approaches and data to evaluate the risk of financial assets can lead to
homogenization of risk assessments. In this case, multiple organizations may over-sensitize or
overlook the same risk factors, jeopardizing the stability of financial markets.
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5.  Foresights of applying ML in Finance

With an increasing number of scholars investigating the application of machine learning in finance,
the volume of this literature has increased significantly in 2018 and is expected to increase at an
even higher rate in the future [20]. By tackling the aforementioned challenges directly, the future of
ML in finance is promising. Continued research and development aim to increase its positive
impact on the industry, suggesting more significant advancements and innovations are on the
horizon.

The application of ML for personalized financial services is probably to be a new trend after ML
has matured in the financial industry. Currently, the majority of academic research focuses on stock
price prediction, portfolio management, and risk management. Scholars are increasingly adopting
the viewpoint of financial institutions, concentrating on predicting credit risk. However, there's a
growing need to shift the perspective towards the customer, exploring how to offer personalized
services for diverse investor types and enhance customer experience. Further, as customer-centricity
becomes more prevalent, it will increasingly enable personalized service in the financial sector
through the gradual adoption of machine learning.

In the meantime, there will be more ML models working on causal analysis in the future. As the
public realizes the disadvantages of the "black box" phenomenon of ML, some scholars have begun
to study the causal learning of machine learning, and are committed to improving the
interpretability of ML [21]. As the "black box" of ML is getting opened, financial analysis,
economic forecasting, and other fields can usher in a big change.

6. Conclusion

This research investigates the revolution that machine learning will bring to the financial sector and
examines how machine learning is employed in the financial services industry. Machine learning is
redefining the financial sector by offering unprecedented analytical prowess, cost efficiency, a
foundation for innovation, and an opportunity for customer relationship enhancement. Its
application is across various domains of finance, including stock market forecasting, fraud detection,
credit risk prediction, portfolio management and asset evaluation. However, the integration of ML
in finance is not devoid of challenges. Issues such as data complexity, model opacity, and output
homogenization necessitate more changes in the future implementation of ML in finance.

In the future, to fully utilize the potential of ML, the sector must navigate the complexity of
technology adoption, ensuring high data quality, transparency, and multiformity. As this paper
ventures into this new era, the focus must also expand to include personalized services and improve
customer experience. The journey of ML in finance is just beginning, and its future promises a
landscape where technology and human expertise converge to create a more inclusive, efficient, and
resilient financial world.
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