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ABSTRACT
With the rapid advancement of artificial intelligence (AI) technology, its application in the financial sector is becoming 
increasingly widespread, playing a more significant role, particularly in the stock market. Statistics show that global investment 
in AI technology within the fintech market grew from approximately $8 billion in 2020 to nearly $20 billion in 2023, with a 
compound annual growth rate (CAGR) exceeding 30%. This paper systematically examines the current application status of AI 
technology in the Chinese stock market, its effects on market efficiency, changes in investor behavior, macroeconomic impacts, 
and relevant policy recommendations. Utilizing methods such as literature review, empirical analysis, case studies, and model 
construction, this study finds that AI holds significant advantages in data processing, trade execution, and market prediction, but 
also faces challenges such as technical adaptability and risk management. The results indicate that AI technology can enhance 
market efficiency, alter investor behavior, and exert profound macroeconomic influences. Finally, the paper proposes 
corresponding policy recommendations and future research directions to promote the healthy application and development of 
AI in the Chinese stock market.
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1　Introduction

Artificial intelligence technology, as a core driver of the new technological revolution and industrial transformation, is 
profoundly reshaping the operational mechanisms and ecological landscape of financial markets globally. According to 
an International Data Corporation (IDC) report, China's financial industry invested approximately $4.5 billion in AI 
technology in 2023, projected to exceed $10 billion by 2027. In China, alongside the deepening reform of capital markets 
and sustained policy support for fintech, the application scope of AI in the stock market continues to expand, covering 
key areas such as robo-advisory, quantitative trading, risk control, and market sentiment analysis. However, there remains 
a lack of systematic and localized in-depth research on the effectiveness, potential risks, and comprehensive impact of AI 
within China's specific market context. This study aims to comprehensively examine the mechanisms and effects of AI 
technology on the Chinese stock market by integrating multidisciplinary theories and diverse research methods, 
providing theoretical foundations and practical references for market participants and policymakers.

2　Literature review

2.1　Current applications of AI in finance

Scholars domestically and internationally have conducted extensive research on AI applications in finance. Xiao and Li 
(2023) noted AI's significant advantages in processing vast datasets efficiently and automating trade execution, but also 
its limitations in understanding complex historical contexts and engaging in dynamic market games. Globally, about 65% 
of financial institutions have deployed AI systems in core operations, with 40% used for automated trade execution. Meng 
et al. (1997) pioneered the combination of genetic algorithms and fuzzy neural networks for predicting the Shanghai 
Stock Exchange Index and specific stocks, achieving high accuracy and demonstrating AI's effectiveness with noisy, 
nonlinear financial time series data. Chen and Xu (2021) focused on AI in financial risk management, highlighting 
improved service efficiency and precision but also new risks like model bias, algorithmic black boxes, and regulatory 
challenges. Data from the China Banking Association showed losses of about ¥1.2 billion in 2022 due to AI model 
misjudgments, underscoring risk management importance.

2.2　AI and stock market prediction

In stock market prediction, Lin and Marques (2024) systematically reviewed existing literature, identifying Support 
Vector Machines (SVM), Long Short-Term Memory networks (LSTM), and Artificial Neural Networks (ANN) as top 
performers. Their research indicated LSTM models achieved an average accuracy of 72.5% in predicting the S&P 500, 
significantly higher than the 58% for traditional time series models. Marwala (2020) empirically tested these models on 
data from the Johannesburg Stock Exchange, confirming predictive capability but noting constraints like transaction 
costs preventing the outright rejection of weak-form market efficiency. These studies provide a methodological 
foundation but also reveal real-world constraints; for instance, slippage costs in high-frequency trading can consume 15%
-20% of expected returns.
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2.3　Research gaps and innovation

While existing research has advanced in building and optimizing micro-level prediction models, most focus on 
technical aspects, lacking a macro perspective on AI's impact on overall market structure, collective investor behavior, and 
institutional policy environments. A 2023 survey by the Securities Association of China found over 80% of research 
concentrated on algorithm optimization, with less than 20% addressing market structure or behavioral economics. This 
study's innovation lies in examining AI within China's specific institutional context, investor structure, and market 
development stage, employing an interdisciplinary framework to assess multidimensional impacts and propose targeted, 
actionable policy recommendations.

3　Research methodology

3.1　Literature review

This study first employs a systematic literature review to analyze high-quality academic papers and reports on AI in 
financial markets from databases like CNKI, Web of Science, and Scopus. It focuses on technical approaches, application 
scenarios, empirical findings, and limitations to identify research frontiers and unresolved questions, forming a solid 
theoretical foundation. From 2020 to 2023, over 500 relevant papers were published, with 60% focused on prediction 
model optimization, 20% on risk management, and only 10% on macro-impact analysis.

3.2　Empirical analysis

To quantify AI's actual impact on the Chinese stock market, this study employs rigorous empirical analysis. Using daily 
and high-frequency trading data from China's A-share market (2015-2023) and proxy variables for AI application (e. g., 
algorithmic trading share, robo-advisory AUM), it constructs multiple regression and panel data models to test AI's effects 
on key indicators like market liquidity, volatility, and pricing efficiency. Preliminary data shows algorithmic trading share 
rose from 5% in 2015 to 35% in 2023, with market liquidity (bid-ask spread) improving by ~40%, but volatility increasing 
by 15% under extreme conditions.

3.3　Case study

To understand AI's mechanisms and effects in real market environments, this study conducts in-depth analyses of 
representative Chinese financial institutions (e.g., Huatai Securities, China Merchants Bank) and fintech companies (e.g., 
Ant Group, Tonghuashun). Examining their AI systems' design, application processes, risk controls, and performance 
reveals successful experiences and potential risks. For example, Huatai Securities' robo-advisory platform grew AUM from 
¥20 billion in 2020 to ¥80 billion in 2023, with average annualized returns 1.5 percentage points higher than traditional 
portfolios, but also experienced 3 algorithm misjudgment incidents, increasing client complaint rates by 0.8%.

3.4　Model construction

This study builds next-generation stock price prediction models based on advanced deep learning techniques, 
particularly LSTM and Transformer architectures. Trained on large-scale historical market data, fundamental data, and 
alternative data (e.g., news text, social media sentiment), model performance is tested via backtesting for accuracy and 
robustness, compared against traditional models (e.g., ARIMA, GARCH). Preliminary backtesting shows the LSTM model's 
Root Mean Square Error (RMSE) for the CSI 300 Index was 0.85%, significantly better than the ARIMA model's 1.50%.

4　Current application status of AI in the chinese stock market

4.1　Robo-Advisory and wealth management

Robo-advisory is one of the most mature AI applications in China's stock market. According to iResearch, China's robo-
advisory market reached ¥1.2 trillion in 2023, with over 50 million users and a 35% CAGR. Platforms use machine learning 
algorithms to analyze user risk preferences, financial status, and market conditions, providing automated, personalized 
asset allocation and portfolio management services. This significantly lowers barriers to entry and costs for retail investors, 
reducing the threshold from ¥1 million to under ¥10, 000 and fees from 1.5% to 0.5%. However, it also raises issues 
regarding algorithm transparency, accountability, and investor suitability. In 2023, the CSRC received about 1, 200 
complaints related to robo-advisory algorithms, 30% involving algorithmic bias.

4.2　Quantitative and high-frequency trading

In quantitative trading, AI is widely used for factor mining, strategy generation, trade execution, and risk control. Data 
from the Asset Management Association of China shows quantitative fund size exceeded ¥2.5 trillion in 2023, accounting 
for over 25% of all equity funds. Deep learning models identify complex nonlinear patterns from massive heterogeneous 
data, generating potential alpha strategies. Some top quant firms' AI strategies achieve 15%-20% annualized returns, far 
exceeding the market average. However, the prevalence of high-frequency trading may lead to homogeneous behavior, 
exacerbating liquidity shocks and price volatility under certain conditions, posing challenges to market stability. During a 
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2022 flash crash, HFT algorithms amplified price moves by ~2% in 5 minutes, causing temporary liquidity evaporation.

4.3　Sentiment analysis and market prediction

Market sentiment analysis based on Natural Language Processing (NLP) has become a crucial investment decision-
support tool. By analyzing text from news, corporate announcements, social media, and analyst reports, AI models 
construct real-time sentiment indicators. About 60% of institutional investors used sentiment analysis tools in 2023, with 
40% considering them core to decision-making. These indicators show predictive power for short-term price movements, 
offering new insights into investor psychology and market dynamics. For instance, a sentiment index issued early 
warnings 3 days ahead of market swings in 2023 with 70% accuracy. However, sentiment models are susceptible to noise 
data, with false positive rates around 15-20%.

4.4　Risk control and regulatory compliance (RegTech)

AI application in risk control and RegTech is deepening. Financial institutions use AI models for real-time transaction 
monitoring, fraud detection, and credit risk assessment, significantly improving accuracy and efficiency. According to the 
People's Bank of China (PBOC), AI systems prevented ~120,000 suspicious transactions in 2023 involving over ¥20 billion, 
with a 25% higher accuracy rate than traditional methods. Regulators are also exploring big data analytics and knowledge 
graphs for intelligent surveillance platforms to better monitor systemic risks and identify market misconduct. The CSRC's 
smart system identified 80 insider trading cases in 2023, 50% of total cases investigated, with 40% improved efficiency.

5　Impact of AI on market efficiency

5.1　Enhancing information processing efficiency

AI's powerful computation and pattern recognition capabilities enable unprecedented speed and accuracy in 
processing vast structured and unstructured data. AI systems process financial reports 100 times faster than humans, with 
error rates below 0.5%. This reduces information asymmetry, accelerates information incorporation into asset prices, and 
thus improves pricing efficiency. Empirical studies show a clear decline in pricing errors in the Chinese stock market with 
increased AI adoption. The deviation between stock prices and fundamental values decreased from an average of 15% in 
2015 to 8% in 2023, with information reaction speed increasing by ~50%.

5.2　Increasing market liquidity

Widespread algorithmic and high-frequency trading has significantly increased order submission and execution 
frequency, narrowing bid-ask spreads, thereby enhancing market depth and resilience. Data shows the average daily 
trading frequency in China's A-share market in 2023 was three times that of 2015, with the bid-ask spread narrowing from 
0.12% to 0.05%. Active trading promotes price discovery and lowers investor transaction costs, estimated to save the 
market about ¥15 billion annually. However, this liquidity can vanish quickly during stress periods due to correlated 
algorithmic actions, potentially increasing market fragility. For example, liquidity indicators dropped 60% within an hour 
during market volatility in March 2022.

5.3　Volatility and stability

Views on AI's impact on market volatility and stability vary. On one hand, AI-driven arbitrage helps correct irrational 
price deviations, reducing volatility; studies suggest AI arbitrage strategies can lower volatility by 10-15% under normal 
conditions. On the other hand, the convergence and positive feedback effects of algorithmic trading can amplify market 
shocks in specific scenarios, triggering "flash crashes" or "herding behavior," potentially creating new sources of systemic 
risk. Globally, algorithm-induced flash crash incidents increased by 50% between 2020 and 2023, with 5 occurring in 
China, the largest causing a 4% single-day swing.

6　Impact of AI on investor behavior

6.1　Changes in retail investor behavior

The proliferation of robo-advisors and social trading platforms has significantly altered retail investors' decision-
making patterns and behavior. Data from the Shanghai and Shenzhen Stock Exchanges shows the proportion of retail 
investors using robo-advice rose from 10% in 2020 to 40% in 2023, while the average holding period shortened from 3 
months to 1.5 months. While algorithmic advice lowers cognitive barriers and reduces decision time by 50%, over-reliance 
may erode independent thinking and risk assessment abilities, increasing vulnerability during algorithm errors or market 
shifts, even triggering collective irrational behavior. In 2023, erroneous algorithm recommendations on one platform led 
to collective retail selling, causing ~¥800 million in single-day losses.

6.2　Adjustments in institutional investor strategies

For institutional investors, AI is driving profound changes in investment strategies and research methods. AI-based 
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quantitative strategy development cycles shortened from 6 months to 1 month, with iteration speed increasing fivefold, 
shifting competition towards technology and data. This necessitates continuous investment in talent, technology 
infrastructure, and data resources, reinforcing the advantage of leading institutions. In 2023, the top 10% of institutions 
invested an average of ¥200 million in AI technology, ten times more than smaller firms, yielding quant strategy returns 3-
5 percentage points above the market average.

6.3　Behavioral biases and algorithmic games

AI can theoretically reduce traditional behavioral finance biases (e.g., overconfidence, disposition effect) by eliminating 
emotional interference; backtests show AI decisions reduce disposition effect-driven errors by 30%. However, algorithms 
may learn and replicate irrational patterns from historical data or be exploited by malicious actors through "algorithmic 
manipulation" or "data poisoning" to mislead other participants, leading to novel, complex market gaming behaviors. In 
2023, the CSRC investigated 15 algorithmic manipulation cases involving ~¥500 million in illicit profits, a 200% increase 
from 2020.

7　Macroeconomic impact analysis

7.1　Impact on capital market structure

AI's deep application is reshaping the microstructure of capital markets. It drives technological upgrades, reducing 
order processing times from milliseconds to microseconds, improving market operational efficiency by over 20%. 
However, concentration of technology, data, and capital may exacerbate polarization among market participants, creating 
a "digital divide" in finance and posing long-term challenges to market fairness and competitiveness. In 2023, the top 20% 
of institutions accounted for 70% of algorithmic trading volume, while the share of small and medium-sized institutions 
fell from 30% to 15%.

7.2　Requirements for employment and professional skills

AI's widespread use in finance is significantly altering labor market demand. According to Ministry of Human Resources 
and Social Security data, traditional teller positions decreased by 15% in 2023, simple analysis roles by 20%, while AI and 
quantitative modeling jobs increased by 40%, with average salary growth of 25%. This demands corresponding reforms in 
higher education and vocational training to address talent challenges from industrial upgrading. An estimated 300,000 AI-
related positions in finance need filling by 2025.

7.3　Impact on financial stability

While enhancing financial system efficiency, AI introduces new risk dimensions that could profoundly impact financial 
stability. Model risk, data risk, cybersecurity risk, and systemic risk from algorithmic interconnectedness fall outside 
traditional financial regulatory frameworks. Global financial losses due to AI model failures were estimated at $5 billion in 
2023, doubling from 2020. This necessitates adaptive changes in regulatory frameworks to maintain the stability of the 
financial system.

8　Policy recommendations

8.1　Strengthen technical Sstandards and ethical norms

Financial regulators (e. g., PBOC, CSRC) should collaborate with industry associations and standards organizations to 
accelerate the development of technical standards, evaluation systems, and ethical guidelines for AI in finance. Focus 
should be on algorithm fairness, transparency, explainability, and accountability mechanisms to ensure technological 
innovation develops compliantly and responsibly. For example, drawing from the EU AI Act, establish a tiered 
management system for AI systems, requiring high-risk applications to undergo third-party audits, targeting 80% audit 
coverage by 2025.

8.2　Improve the regulatory technology (RegTech) system

Regulators should actively embrace RegTech, developing and deploying intelligent surveillance platforms based on AI 
and big data analytics. By monitoring market transactions, fund flows, and online sentiment in real-time, they can 
enhance the detection of potential misconduct, market manipulation, and systemic risks, shifting from ex-post 
punishment to ex-ante warning and interim intervention. Aim to increase smart surveillance coverage from 40% to 80% 
by 2025, reducing false positive rates below 5%.

8.3　Promote investor education and protection

Given new risks posed by AI, investor education must be strengthened to help them understand algorithmic basics 
and limitations, improving digital financial literacy and risk awareness. Simultaneously, improve investor suitability 
management systems, clarify financial institutions' information disclosure obligations and legal responsibilities regarding 
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algorithmic recommendations, and protect investor rights. Target annual AI financial education for at least 50 million 
people, raising complaint handling satisfaction above 90%.

8.4　Promote technology inclusivity and fair competition

Policymakers should address potential market unfairness from technological monopolies and promote technology 
inclusivity. Support small and medium-sized financial institutions in accessing advanced AI capabilities through technical 
cooperation and cloud services. Ensure orderly sharing and opening of financial data under compliance to prevent data 
barriers, fostering an open, fair, and competitive market environment. Target increasing AI adoption among small and 
medium institutions from 20% to 50% by 2027, with data sharing platform coverage reaching 70%.

9　Conclusion and outlook

This study systematically analyzes and evaluates the multi-dimensional impact of AI technology on the Chinese stock 
market. Results indicate AI plays an increasingly crucial positive role in enhancing market operational efficiency, 
optimizing resource allocation, and innovating financial services. However, it also introduces challenges related to 
technical adaptability, model risk, algorithmic ethics, market fairness, and financial stability. Future research could further 
explore the interaction mechanisms between AI and market microstructure, cross-market risk transmission channels, and 
innovative applications in emerging areas like ESG investing and green finance, providing ongoing theoretical support for 
building an intelligent, stable, and inclusive modern financial market system.
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