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The financial industry has a strong demand for efficient and accurate data analysis
and decision-making, and the application of artificial intelligence in it is becoming
increasingly widespread. This article reviews the practical application and development
bottlenecks of artificial intelligence in the financial field. In terms of practical application,
artificial intelligence has achieved remarkable results in many fields such as risk assessment
and management, investment decision support and customer service. For example, it
enhances credit evaluation, improves investment strategies through smart advisors, and
boosts customer interaction via chatbots and profiling tools. However, challenges remain,
including data complexity and privacy issues, algorithmic bias, lack of explainability, and
talent shortages. Regulatory gaps also create compliance risks. The research conclusions
show that the application of artificial intelligence in the financial field has significant
advantages, but also faces many challenges. In order to achieve its sustainable development,
multiple parties need to work together to optimize algorithms, strengthen talent training,
improve the regulatory system, break through development bottlenecks, and promote the
steady development of the financial industry. The research aims to provide theoretical
reference and practical guidance for promoting the sustainable development of artificial
intelligence in the financial field, which is of great significance to financial institutions in
enhancing their competitiveness and preventing financial risks.

Artificial Intelligence, Financial Field, Practical Application, Development
Bottleneck

As a data-intensive field, the financial industry has a strong demand for efficient and accurate data
analysis and decision-making. Artificial intelligence, with its powerful data processing, pattern
recognition and predictive analysis capabilities, is profoundly changing the operating model of the
financial industry. From traditional banking, securities, and insurance businesses to the emerging
financial technology field, artificial intelligence is everywhere. Researching the practical application
and development bottlenecks of artificial intelligence in the financial field is of great significance for
financial institutions to enhance their competitiveness, innovate business models, and prevent
financial risks. This article comprehensively reviews the practical application of artificial
intelligence in the financial field, analyzes the bottlenecks it faces in the development process, and
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provides theoretical reference and practical guidance for promoting the sustainable development of
artificial intelligence in the financial field.

The main body of this article is divided into two parts. The first is the practical application of
artificial intelligence in the financial field, covering risk assessment, investment decision-making
and customer service; the second is the development bottlenecks, including data, algorithms, talents
and regulatory issues; finally, it summarizes the achievements and challenges, and puts forward
suggestions for future development.

2. Practical application of artificial intelligence in the financial field
2.1. Risk assessment and management
2.1.1. Credit risk assessment

Artificial intelligence is reshaping the traditional credit assessment system by integrating multi-
dimensional data and intelligent algorithms. Chen, T., & Guestrin, C. Compared with traditional
models that rely on structured data such as financial statements and historical credit records, Al
systems can capture unstructured data such as applicants' social network activity, e-commerce
consumption trajectory, and mobile payment behavior in real time to build dynamic risk assessment
profiles for thousands of people [1]. For example, Ant Group. Through the XGBoost model trained
with more than 100,000 feature variables, "Zhima Credit" covers more than 500 million people with
no credit records [2]; Yang, Q., et al. WeBank uses federated learning technology to achieve cross-
institutional credit data sharing while protecting data privacy, increasing the approval rate of small
and micro enterprise loans by more than 40% [3]. Deep learning models (such as RNN and
Transformer) can capture the temporal characteristics of user behavior and identify risk signals, such
as abnormal credit card consumption and multiple borrowing. Vaswani, A., et al. in the United States
use machine learning to process more than 5,000 variables to improve the accuracy of subprime loan
default prediction by 15%. However, the black box problem of algorithms remains controversial.
The EU Artificial Intelligence Act has required financial institutions to verify the explainability of
Al credit scoring systems. The industry is currently exploring interpretable tools such as SHAP
values and LIME to improve model transparency while maintaining prediction accuracy, striving to
strike a balance between financial innovation and risk control [4].

2.1.2. Market risk prediction

Artificial intelligence (Al) plays an important role in market risk prediction, mainly by improving
prediction accuracy through sentiment analysis and deep learning technology. Deveikyte et al.
showed that news and social media sentiment can effectively predict market fluctuations, news
sentiment can be used as a prediction signal for market returns, and Twitter sentiment is negatively
correlated with market volatility [5]. Fischer & Krauss used LSTM networks to predict asset returns,
showing that deep learning can outperform traditional methods. Overall, Al technology combined
with high-frequency trading data and text analysis significantly improves market risk prediction
capabilities [6].

2.1.3. Compliance and regulatory technology

In recent years, artificial intelligence (AI) has demonstrated significant advantages in compliance
and regulatory technology in the financial sector. Arner et al. proposed that with the help of natural
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language processing (NLP) technology, regulatory texts can be efficiently parsed, compliance risk
identification can be automated, and anti-money laundering (AML) and know your customer (KYC)
processes can be optimized [7]. Subsequently, Zetzsche et al. further explored the intelligent
regulatory model, building a regulatory sandbox and intelligent compliance platform, and using
machine learning and data mining technologies to improve financial regulatory efficiency and risk
warning capabilities [8]. Huang and Li's case analysis demonstrated the specific application of NLP
in financial compliance practices, such as automatic screening of transaction data and detection of
suspicious activities, thereby achieving more accurate risk control. Overall, these studies have
shown that Al technology is bringing innovative transformation to financial regulatory technology,
helping institutions cope with increasingly complex market risks [9].

The application of artificial intelligence (Al) in smart investment advisors has improved the
accuracy and efficiency of investment decisions. Sutiene et al. showed that Al technology can
optimize portfolio management, improve the flexibility of asset allocation and risk prediction
capabilities[10]. Jang & Seong further explored the application of deep reinforcement learning in
portfolio optimization and proved that it can dynamically adjust investment strategies to adapt to
market changes[11]. D’Acunto et al. emphasized that smart investment advisors can reduce
investment costs and expand market coverage, but still face algorithmic bias and regulatory
challenges. In the future, Al-driven smart investment advisors will play a greater role in the financial
field [12].

The application of artificial intelligence (Al) in quantitative investment has significantly improved
the accuracy and efficiency of investment decisions. Huang and You showed that Al can process
complex financial data and assist investment decisions [13]. Guo proposed the concept of "Quant
4.0," emphasizing the automation, explainability and knowledge-driven characteristics of Al,
making quantitative investment strategies more adaptable and transparent [14]. In addition, CFA
Institute discussed the wide application of Al in asset management, especially in optimizing
portfolios and improving risk management. The practical application of Al in quantitative
investment is driving investment decisions in a more efficient and accurate direction [15].

Artificial intelligence (Al) has played an important role in customer service in the financial sector,
especially in the application of intelligent customer service and customer profiling. Luo et al.
showed that AI chatbots can significantly improve the efficiency and accuracy of customer
interactions and optimize the customer service experience [16]. Akter et al. proposed an Al-driven
service innovation framework, emphasizing the application of Al in precision marketing to help
financial institutions provide personalized services based on customer needs [17]. Huang and Rust
proposed a strategic framework for Al in marketing, supporting the use of customer profiling for
precision marketing, thereby improving customer conversion rates and satisfaction [18].
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3. Challenges in the development of Al in finance
3.1. Data issues

The application of artificial intelligence (Al) in the financial sector relies on high-quality data, but it
still faces many challenges. Cao et al. pointed out that the complexity and heterogeneity of financial
data increase the difficulty of data processing for Al models [19]. A research report by Beijing
National Fintech Certification Center et al. emphasized that data quality and security are crucial to
Al financial applications, and data sharing and privacy protection remain major bottlenecks [20].
Maple et al. further analyzed the data compliance and ethical issues of Al in the financial sector,
emphasizing the regulatory challenges of data acquisition, storage, and use. These issues limit the
comprehensive development of Al technology in the financial sector [21].

3.2. Algorithm problem
3.2.1. Explainability

The widespread application of artificial intelligence (Al) in the financial sector is constrained by the
problem of algorithm interpretability. Huang and You pointed out that financial decision-making
relies on transparent and explainable Al models to enhance regulatory compliance and customer
trust [22]. Cernevi¢iené and Kabasinskas emphasized through a systematic literature review that
explainable artificial intelligence (XAI) helps improve model transparency, but its application in
complex financial environments still faces challenges [23]. Lin further analyzed the development of
XAI in the financial industry and pointed out that improving the interpretability of Al models is
crucial for risk control and regulatory compliance [24].

3.2.2. Algorithmic bias

The application of artificial intelligence (Al) in the financial sector faces the problem of algorithmic
bias, which affects fairness and compliance. Mehrabi et al. pointed out that machine learning models
may lead to discriminatory decisions due to data imbalance or historical bias [25]. Zhang studied the
causes of algorithmic discrimination in platform companies and proposed governance
countermeasures to reduce unfairness in Al applications such as credit approval and risk control
[26]. Lin further analyzed the role of explainable Al (XAlI) in alleviating financial algorithmic bias
and emphasized that transparent algorithms can help improve fairness and user trust [24].

3.2.3. Model generalization ability

The application of artificial intelligence (AI) in the financial field is limited by the generalization
ability of the model, which affects its adaptability in different market environments. Mokhtari et al.
pointed out that the stock market prediction model based on machine learning performs well on
training data, but may fail under new market conditions [27]. Nie et al. reviewed the progress of
large language models (LLMs) in financial applications and emphasized that their adaptability to
dynamic market environments remains challenging [28]. Kanaparthi pointed out through
bibliometric analysis that improving the generalization ability of the model requires richer data and
more advanced learning methods to ensure the robustness and reliability of Al decisions [29].
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The application of artificial intelligence (Al) in the financial sector is limited by the shortage of
professional talents, which affects the implementation and innovation of technology. Ma and Wei
pointed out that Al financial applications require interdisciplinary talents, but the current shortage of
high-end technical talents has hindered the development of the industry [30]. Tcharnetsky and Vogt
proposed an Al-driven talent training model, emphasizing the improvement of human resource
management efficiency through automation and intelligence to alleviate the problem of professional
skills shortage [31]. Arner et al. studied the development trend of financial technology and believed
that insufficient talent reserves may limit the long-term transformation and sustainable development
of Al in the financial industry [7].

The application of artificial intelligence in the financial sector is developing rapidly, while the
formulation of regulatory policies is relatively lagging, resulting in a contradiction between
innovation and compliance. D’ Acunto et al. pointed out that the development speed of Al financial
applications such as smart investment advisors far exceeds the current regulatory framework, posing
challenges to investor protection and market stability [12]. Yang studied the complexity of financial
technology regulation and emphasized the necessity of regulatory science (RegTech) to cope with
Al-driven financial innovation [32]. Ridzuan et al. further discussed the ethical and compliance
issues of Al financial applications and believed that the regulatory system should keep pace with
technological development to ensure the healthy development of the financial industry [33].

The widespread application of artificial intelligence (AI) in the financial sector has brought
challenges in defining legal responsibilities. For example, when an Al model makes an incorrect
investment decision or causes customer information to be leaked, it is difficult to determine whether
the responsibility lies with the model developer, data provider, financial institution, or other relevant
party. Hu studied the allocation of responsibilities for Al violations and pointed out that in financial
scenarios, losses caused by algorithmic decisions are difficult to attribute to specific entities, which
increases legal uncertainty[34]. Jin & Zhang discussed the risks of Al in the financial sector and
emphasized that vague responsibility definitions may affect market stability and investor confidence.
Hu further analyzed the issue of allocation of responsibilities for Al violations and believed that
regulators should establish a clear legal framework to ensure the compliance and controllability of
Al financial applications [35].

The practical application of artificial intelligence in the financial field has achieved remarkable
results, playing a key role in risk assessment and management, investment decision support, and
customer service. It has also effectively promoted the innovation and development of the financial
industry. However, its development process also faces many bottlenecks. The complicated nature of
data, along with issues of security and privacy; the understanding, fairness, and adaptability of
algorithms; the lack of skilled professionals; outdated regulations; and unclear responsibilities have
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all limited the deeper use of artificial intelligence in finance. To support sustainable development,
collaboration is needed among financial institutions, tech companies, regulators, and researchers. All
parties should jointly explore and optimize data management strategies, improve algorithm
performance, strengthen interdisciplinary talent training, and improve the regulatory system to break
through development bottlenecks. These efforts will help Al better support risk control and
innovation, promoting stable growth in the financial industry.
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