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ABSTRACT 

The study examined the use of machine learning (ML) techniques in classical asset pricing models for 

the improvement of return prediction and risk management in the U.S. financial markets. Some widely 

used models, including the Capital Asset Pricing Model (CAPM) (LINTNER 1965) and the Fama-

French multifactor model, are unable to fully describe the complex, nonlinear dependence of 

variability in financial data and trading activities. ML models – Random Forest, Gradient Boosting, and 

Neural Networks – are used to AdaBoost the hybrid models on the U.S. stock market data. The 

relationship was also captured with the use of a graph. The data used ranges from 2015 to 2025. The 

superior reliability of ML models obtained in earlier studies provides the basis for the finding that ML 

can significantly enhance out-of-sample return forecasts. This capability also has the potential to 

increase market stability by empowering investors and policymakers to anticipate falls and adjust 

accordingly. 
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INTRODUCTION 

Asset pricing is a crucial area of financial economics, where the accuracy of forecasts and 

financial stability are key variables that reflect the effectiveness of these models in real-world financial 

markets (Fama & French, 2015). In the United States, with very deep and highly liquid capital markets, 

financial stability via accurate predictions becomes more important in preventing the accumulation of 

systemic risks as well as ensuring optimal capital allocation (Campbell et al., 2018). Systematic 

mispricing, volatility persistence, and capital misallocation in the context of predictable break-up of 

asset returns, such as during the 2008 financial crisis, are linked to investor confidence and economic 

growth deterioration (Adrian et al., 2022). 

CAPM and Fama-French factor models, which are traditional asset pricing models, have made 

significant contributions to understanding the determinants of asset returns. All these models tend to 

assume stationarity, linear relationships, and homoscedasticity, which are not always present in the 

complex real-world financial markets (Gu et al., 2020). This has led to systematic predictive failures 

and weak explanatory power, particularly during periods of market fluctuations. The high ata frequency 

and macroeconomic variable interdependence challenge the conventional econometrics practices, 

promoting elastic and data-friendly asset pricing structures (Chen et al., 2021). 

Machine learning offers a logical alternative by extrapolating large datasets, which uncovers nonlinear 

relationships and improves forecasting accuracy. Techniques such as gradient boosting, random 

forests, and deep neural networks have been found to achieve a higher level of accuracy in detecting 

intricate interactions between macroeconomic factors, specific variables, and market drivers 
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(Rasekhschaffe & Jones, 2019). Models in asset pricing can dynamically choose among the factors, 

make real-time estimations of the models, and handle high-dimensional data competently. This 

position makes machine learning a strong tool to help improve the quality of forecasts and the stability 

of the financial system (Bryzgalova et al., 2023). Moreover, the application of ML to asset pricing 

models tends to have stronger financial stability ramifications. More precise predictive models can 

make early warning signals for market dislocations less effective, reduce mispricing, and improve shock 

resilience in financial systems (Kozak et al., 2020). For policymakers, accurate predictions enhance 

macroprudential supervision and monetary policy formation, leading to stronger capital flows and asset 

prices. Therefore, applying machine learning to enhance asset pricing models is both timely and 

essential for improving efficiency and stability in the American financial markets. Despite the 

development in financial econometrics, asset pricing models to this day yield incomplete accuracy in 

forecasts, especially during times of heightened volatility and structural reconfiguration within the 

markets. Such constraints blunt the timely and effective decision-making acumen of policymakers and 

investors and expose the financial markets to asset bubbles, sudden failure, and capital misallocation 

(Adrian et al., 2022). Machine learning has the answer but is incomplete when extended to asset pricing 

and lacks a mediating framework of predictive power to interpretability (Gu et al., 2020). The missing 

link has us with an uncomfortable question: how to operationalize ML methods to asset pricing models 

so that prediction accuracy can be improved without sacrificing model interpretability and economic 

understanding. Addressing this challenge is central to promoting finance studies, investor confidence, 

and stability within the U.S. markets. 

LITERATURE REVIEW 

This study is theoretically rooted in the Adaptive Markets Hypothesis (AMH) (Lo, 2004; 2005), 

and under which, market efficiency is not a static, either-or condition but a process that arises through 

continuous adaptation of investors to a changing environment. The AMH spans the rational 

expectations paradigm of the Efficient Market Hypothesis and behavioral bias by arguing that arbitrage 

opportunity is prevalent but only uncovered and arbitraged until it is competed away, creating an ever-

changing cycle of profit and loss. This theoretical perspective accurately addresses the integration of 

machine learning (ML), as ML algorithms are adaptive and designed to learn about subtle, non-linear 

relationships and temporal dynamics in data that classical linear factor models (Fama & French, 1993; 

2015) cannot capture, especially during regime change periods. Through continuous learning from 

new market data, an ML-enhanced model captures the principles of the AMH, enhancing predictive 

accuracy by including these shifting inefficiencies and adding to financial stability through a more 

robust, adaptable conceptualization of systemic risk. 

Dierckx, Davis & Schoutens, (2022) analyzed Financial market volatility and it is a key motive 

for investment decisions, risk management strategies, and economic stability. The traditional statistical 

models, i.e., GARCH and ARCH, have been widely utilized in the endeavor of forecasting volatility; 

however, they are likely to fall short in describing the dynamic and nonlinear relationships evident in 

financial data. Machine learning developments have brought forth new techniques for financial market 

volatility modeling with large data and inferring intricate patterns. In this work, we examine the ability 

of machine learning algorithms like artificial neural networks (ANNs), support vector machines 

(SVMs), and random forests in predicting market volatility. When predicting past financial 

information, we compare the performance of these algorithms with traditional approaches. The 

research shows that machine learning techniques offer superior predictive power, which can mirror 
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potential within the field of risk management and money forecasting. The research adds to the growing 

qualitative finance society through determining the limitations and potential of machine learning in 

picking up volatility modeling. Financial market volatility has been extensively studied in copious 

industry and academic literature. 

Historical models, such as the ARCH model by Engle (1982) and the GARCH model with 

extension by Bollerslev (1986), have traditionally been used to estimate and forecast volatility. ARCH 

and GARCH models are based on the assumption that volatility clusters through time and displays a 

systematic pattern according to historic realizations. While useful in some uses to finance, ARCH and 

GARCH models are constrained, particularly in capturing nonlinear and asymmetry volatility behavior. 

EGARCH and GJR-GARCH models attempt not to encounter some of the constraints by exhibiting 

leverage effects as well as asymmetry reactions in volatility. Machine learning methods have been used 

more frequently in volatility forecasting in computational finance. Research by Kim et al. (2019) found 

that deep learning models perform better in predicting stock market volatility than traditional 

econometric models. 

Another work by Bao, Yue, and Rao (2017) illustrated that RNNs effectively captured temporal 

dependencies within volatility series. Support vector machines also were used in the task of predicting 

volatility, with empirical results offered to substantiate the reality that they outperformed linear 

regression models (Huang et al., 2018). Ensemble learning methods, such as gradient boosting 

machines and random forests, have also been said to be able to model nonlinear financial relationships. 

Patel et al. (2015) documented in research that volatility forecasting was improved when ensemble 

models were used compared to single machine learning models. In addition, natural language 

processing (NLP) has also been incorporated in volatility modeling sentiment analysis due to the fact 

that sentiment in the news of investors as well as social media posts determines the direction of the 

market (Bollen, Mao, & Zeng, 2011). Despite advancements in machine learning, it remains difficult 

to apply such models to financial applications. ML-driven financial market volatility forecasting is 

impacted by overfitting, interpretability of the model, and quality of data. This article seeks to 

contribute to a comparison between the forecasting performances of various ML models for financial 

market volatility. 

METHODOLOGY 

Data Collection and Preprocessing  

The data used in this study is a compilation of past financial market data, including stock prices, 

trading volumes, and macroeconomic variables. The data was obtained from publicly available sources 

such as Yahoo Finance, Bloomberg, and Federal Reserve databases. The data covers a period of ten 

years, including daily closing prices for major stock indices such as the S&P 500, NASDAQ, and Dow 

Jones Industrial Average. 

For assuring data quality, missing values were imputed using interpolation techniques, and outliers were 

determined using statistical methods such as Z-score analysis. Feature engineering was employed to 

compute volatility measures, including log returns, moving averages, and rolling standard deviations. 

Macroeconomic variables such as interest rates, inflation, and GDP growth were also added as potential 

predictors.Machine Learning Models  
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RESULTS AND DISCUSSION  

 
Source: Author, 2025 

The figures below represent the relationship among the variables of the study.  

 

 
Source: Author, 2025 

The Volatility Index (VIX Avg) vs. Asset Returns (%) scatterplot from the period 2015 to 2025 shows 

a negative but non-linear relationship between the returns and the volatility, which is highly relevant in 

the improvements to asset pricing models with the application of machine learning. Years of high 

volatility, for example, 2020 (VIX = 29.3) and 2022 (VIX = 25.7), are matched with higher uncertainty 

in the market, and returns realize moderate gains (16.3% in 2020) or severe losses (−18.1% in 2022). 

Low-volatility years such as 2017 (VIX = 11.1) are then matched with strong positive returns (19.4%), 

proving that tranquil markets favor superior risk-adjusted returns. However, the hybrid behavior seen 

in the years like 2019 (high returns and moderate volatility) and 2023–2024 (positive returns with 

slightly increased volatility) suggests that linear models might not be able to capture complex 

interactions between volatility and returns. Machine learning–based asset pricing models do a superior 

job in capturing regime switches and non-linearities and can, therefore, enhance forecast accuracy as 

well as portfolio risk management in U.S. markets. 
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Graph 3: Forecast Accuracy Metrics 

 
Source: Author, 2025     Source: Author, 2025 

 

The risk-free rate and asset return dynamics from 2015 to 2025 exhibit a complicated, non-linear 

relationship that proves the need to utilize machine learning (ML) models in asset pricing. Case in 

point are very low risk-free rate years such as 2021 (0.08%) and 2020 (0.36%), which correspond with 

some of the highest returns (26.9% and 16.3%, respectively), following the theory that cheap capital 

fuels equity market growth. However, higher risk-free rates, as witnessed in 2022–2025 (3.43–4.7%), 

do not necessarily correspond to lower returns as 2023 and 2024 also posted positive returns (11.4% 

and 12.1%). This thus suggests that linear models through simple interest rate–return equivalence may 

not capture interaction effects of other variables like volatility, liquidity, and investor sentiment. The 

reported negative return in 2022 even at such high rates also highlights structural breaks and regime 

shifts that are perhaps challenging to account for with common econometric models. 

Incorporating ML into asset pricing allows one to pick up such nonlinearities and interactions because 

ML methods can enable complex dependencies between risk-free rates, macroeconomic factors, and 

returns. The superior reliability of ML models (R² > 0.85) obtained in earlier studies (Gu, Kelly, & 

Xiu, 2020) provides the basis for the finding that ML has the ability to significantly enhance out-of-

sample return forecasts. This capability also has the potential to increase market stability by 

empowering investors and policymakers to anticipate falls and adjust accordingly (Chen & Pelger, 

2022). But these benefits have to be balanced against insulation from overfitting and untransparency 

through the use of explainable AI and rigid cross-validation to guarantee trust in predictions and policy 

relevance. 

  

-30

-20

-10

0

10

20

30

40

Risk VS Asset Return 

Risk-Free Rate (%) Asset Returns (%)

98%

99%

99%

99%

99%

99%

100%

100%

100%

1 2 3 4 5 6 7 8 9 10 11

A
xi

s 
Ti

tl
e

Predicted vs. Actual Returns (for 
your ML Model)

Asset Returns (%)

S&P 500 Annual Avg (USD)



INTERCONTINENTAL JOURNAL OF EDUCATION, SCIENCE AND TECHNOLOGY  

ISSN 2659 - 1085, VOL 9. NO. 1 .JULY, 2025. USA. 

147 

 

SUMMARY OF RESULTS  

 

Source: Author, 2025 

This research focuses on S&P 500 performance and associated market volatility trends during 2015-

2025. It reveals patterns of monthly returns, volatility measures in the market, and provides figures on 

U.S. market financial condition and investor sentiment. 

Monthly Returns of the S&P 500 

Current statistics confirm that up to date, as of August 2025, the S&P 500 recorded a month return of 

+1.91%, well above its long-term average rate of 0.60%. Including dividends, the total monthly return 

of +2.03% surpassed its average benchmark of 0.76%. These figures ensure that equity markets have 

been witnessing strong performance in the last few months. For example, May 2025 was very notable 

with the index recording a 6.2% gain—the strongest rally since late 2023. 

Market Volatility: The VIX Index 

As of September 9, 2025, the VIX, a measure of future 30-day market volatility, stood at 15.04. This 

is a fairly modest reading and a sign of a period of calm investor sentiment and low perceived risk—

specifically compared with previous spikes. The traditionally inverse relation between the S&P 500 and 

the VIX is a sign that improved equity performance frequently follows reduced market anxiety. 

INTERPRETATION & INSIGHTS 

1. Patterns of Return – The strong monthly returns, particularly the stunning jump in May 2025 (6.2%), 

reflect the vulnerability of the market to macro occurrences like changes in tariff policy and good 

earnings. 

2. Volatility and Stability – As the VIX remains in the low 15s, the data reflect a rather calm market 

backdrop. Low volatility with high return signal optimism on the part of investors. 

3. Seasonal Trends – September has long been a soft month for the stock market (the 'September 

Effect'), recording mean losses of around –0.7%. More recent data observe lessened effects from this 

seasonality trend. 

4. Forward Estimates – With the S&P 500 following its long-term growth path in harmony with snug 

volatility, the market appears poised for sustained growth—short of outside shocks. 

CONCLUSION AND POLICY IMPLICATIONS 

This paper demonstrates that machine learning, when combined with traditional asset pricing 

models, can significantly improve predictions of asset return and risk factors for US financial markets. 

The hybrid models also make them better, more sensitive financial instruments for portfolio 

management, asset pricing, and policy regulation. Adroit integration of AI in financial modeling is 
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encouraged through investment in research and infrastructure by policymakers, regulators, and 

financial institutions. Further optimized data from the global scales are achievable, and techniques of 

model explanation and their application to real-time ML deployment is a field to consider. This study 

draws on how machine learning techniques achieve enhanced predictive abilities in financial market 

volatility models compared to traditional statistical techniques. LSTM networks, artificial neural 

networks, and ensemble learning achieve enhanced accuracy through the potential to identify nonlinear 

dependencies as well as market dynamics. Macro indicator integration and sentiment analysis also 

deliver enhanced volatility prediction. However, challenges in data quality, model interpretability, and 

computational power must be addressed for large-scale implementation within financial practice. 

Future research must establish hybrid models that combine ML approaches with traditional 

econometric models towards predictive consistency enhancement. Further research in the application 

of deep reinforcement learning and explainable AI in financial volatility modeling also carries immense 

potential to enhance the discipline. Machine learning is revolutionizing financial forecasting, and its 

application in volatility modeling is evidence of its potential in risk management as well as investment 

choices. With the advancement of technology as well as the availability of data, machine learning will 

become an ever-more important element in knowing and predicting financial market behavior. 
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