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Abstract 

The rapid advancement of machine learning (ML) has significantly transformed quantitative stock trading 

by enabling the analysis of complex, high-dimensional, and non-linear financial data. Traditional 

quantitative trading strategies, largely grounded in econometric and rule-based models, often struggle to 

adapt to evolving market dynamics characterized by noise, non-stationarity, and structural breaks. This 

secondary review paper synthesizes existing academic and practitioner-oriented literature on the 

application of machine learning techniques in quantitative stock trading strategies, with the objective of 

evaluating their methodological foundations, empirical effectiveness, and practical limitations. 

The paper systematically examines the conceptual underpinnings of quantitative trading and machine 

learning, followed by a detailed discussion of data sources and feature engineering practices commonly 

employed in ML-based trading systems. It reviews the use of supervised, unsupervised, deep learning, and 

reinforcement learning models for return prediction, portfolio optimization, and trade execution. Particular 

attention is given to model evaluation frameworks, backtesting methodologies, and performance metrics 

used to assess economic significance while mitigating risks such as overfitting and data snooping bias. 

The review highlights that while machine learning models often outperform traditional approaches in 

predictive accuracy, their real-world effectiveness is constrained by transaction costs, model decay, 

interpretability challenges, and market microstructure effects. Furthermore, the paper discusses emerging 

research directions, including explainable artificial intelligence, federated learning, ESG-aware trading, 

and the integration of macroeconomic and geopolitical data. Overall, the study concludes that machine 

learning serves as a powerful complement rather than a substitute for financial theory, and that future 

advancements will depend on hybrid models that balance predictive performance, economic intuition, and 

ethical responsibility. 

 

Keywords: Machine Learning; Quantitative Trading; Algorithmic Trading; Financial Markets; 

Reinforcement Learning; Feature Engineering; Stock Market Prediction 

 

1. Introduction 

Financial markets have historically served as complex adaptive systems in which prices are shaped by the 

interaction of economic fundamentals, investor psychology, institutional behavior, and information 

asymmetry (Lo, 2004). Over the past few decades, advances in computing power, data availability, and 

algorithmic execution have fundamentally transformed the landscape of equity trading, giving rise to 

quantitative and algorithmic trading strategies that rely on mathematical models rather than discretionary 

human judgment (Chan, 2013). Within this evolving paradigm, machine learning (ML) has emerged as 

one of the most influential methodological innovations, enabling traders and asset managers to extract 
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non-linear patterns from large and complex financial datasets that were previously difficult or impossible 

to model using traditional econometric techniques (Hastie, Tibshirani, & Friedman, 2009). 

Quantitative stock trading refers to the systematic use of mathematical models and statistical techniques 

to identify trading opportunities, manage risk, and optimize portfolio allocation (Avellaneda & Lee, 2010). 

Early quantitative strategies relied heavily on linear models, factor-based approaches, and assumptions of 

stationarity and normality in asset returns (Fama & French, 1993). While these models provided theoretical 

clarity and interpretability, they often struggled to adapt to the highly noisy, non-stationary, and regime-

dependent nature of financial markets (Cont, 2001). The growing recognition of these limitations has 

motivated researchers and practitioners to explore machine learning techniques that are capable of 

capturing complex, non-linear relationships and adapting dynamically to evolving market conditions (Gu, 

Kelly, & Xiu, 2020). 

Machine learning, broadly defined as a set of computational algorithms that improve performance through 

experience, has found widespread applications across domains such as computer vision, natural language 

processing, and healthcare (Bishop, 2006). In the context of quantitative trading, ML techniques are 

primarily employed for tasks such as return prediction, signal generation, asset selection, portfolio 

optimization, and trade execution (Zhang, Zohren, & Roberts, 2019). Unlike traditional parametric 

models, machine learning methods place fewer a priori assumptions on data distributions and functional 

forms, allowing them to learn predictive structures directly from data (Murphy, 2012). This flexibility 

makes ML particularly attractive for financial markets, where relationships between variables are often 

unstable, non-linear, and influenced by latent factors (Lo, 2017). 

The increasing adoption of machine learning in quantitative stock trading has been further accelerated by 

the exponential growth of financial and alternative data. Beyond conventional price and volume data, 

modern trading systems now incorporate corporate fundamentals, macroeconomic indicators, news 

articles, earnings call transcripts, social media sentiment, and even satellite imagery to gain informational 

advantages (Krauss, Do, & Huck, 2017; Borovkova & Tsiamas, 2019). The ability of machine learning 

algorithms to process high-dimensional datasets and uncover subtle patterns across heterogeneous data 

sources has positioned them as a central tool in contemporary quantitative finance research. 

Despite the growing popularity of machine learning–based trading strategies, their effectiveness remains 

a subject of active academic debate. While several studies report superior predictive performance and risk-

adjusted returns compared to traditional models (Gu et al., 2020; Fischer & Krauss, 2018), others caution 

that apparent outperformance may be driven by overfitting, data snooping, or favorable backtesting 

assumptions rather than genuine economic value (Harvey, Liu, & Zhu, 2016). Financial markets are 

characterized by low signal-to-noise ratios, structural breaks, and adaptive participant behavior, all of 

which pose significant challenges for machine learning models that are trained on historical data (Bailey 

et al., 2014). Consequently, the practical viability and robustness of ML-driven trading strategies remain 

contested. 

Another critical issue concerns the interpretability and transparency of machine learning models. Many 

high-performing ML techniques, such as deep neural networks and ensemble models, operate as “black 

boxes,” making it difficult to explain their predictions in economically meaningful terms (Molnar, 2020). 

This lack of interpretability raises concerns for risk management, regulatory compliance, and trust, 

particularly in institutional settings where model accountability is essential (Boudt, Cornelissen, & 

Payseur, 2020). As a result, there is an ongoing tension between predictive accuracy and explainability in 

the application of machine learning to quantitative trading. 
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From an economic perspective, the use of machine learning in stock trading also has implications for long-

standing theories such as the Efficient Market Hypothesis (EMH). According to the EMH, asset prices 

fully reflect all available information, making it impossible to consistently generate abnormal returns 

through systematic trading strategies (Fama, 1970). Proponents of ML-based trading argue that advanced 

algorithms can exploit subtle inefficiencies arising from behavioral biases, institutional frictions, and 

information delays (Shiller, 2003; Barberis, Shleifer, & Vishny, 1998). Critics, however, contend that any 

detected inefficiencies are likely to be transient and quickly arbitraged away once discovered, particularly 

in liquid equity markets (Malkiel, 2003). The interaction between machine learning and market efficiency 

thus represents a key area of conceptual and empirical inquiry. 

Given the rapid expansion of research in this field, there is a growing need for comprehensive secondary 

review studies that synthesize existing findings, identify methodological trends, and critically evaluate the 

strengths and limitations of machine learning techniques in quantitative stock trading. While numerous 

empirical papers focus on proposing novel models or trading strategies, fewer studies systematically assess 

the broader landscape of ML applications, data practices, evaluation methodologies, and theoretical 

implications (Krauss et al., 2017; Zhang et al., 2019). A structured review can help bridge this gap by 

consolidating insights across disciplines such as finance, economics, data science, and computational 

intelligence. 

The objective of this paper is to provide a comprehensive secondary review of machine learning 

techniques employed in quantitative stock trading strategies. Specifically, the paper aims to (i) examine 

the types of data and feature engineering methods used in ML-based trading systems, (ii) review key 

machine learning models applied to return prediction and trading decision-making, (iii) analyze evaluation 

frameworks and backtesting methodologies used to assess model performance, and (iv) discuss practical 

challenges, limitations, and future research directions. By adopting an interdisciplinary lens, the review 

seeks to situate machine learning–based trading within both the technical literature of data science and the 

theoretical foundations of financial economics. 

The remainder of this paper is structured as follows. The next section outlines the conceptual foundations 

of quantitative trading and machine learning in financial markets. Subsequent sections review data 

sources, feature engineering practices, and machine learning models commonly used in stock trading. The 

paper then examines model evaluation techniques and practical implementation challenges, followed by a 

discussion of broader economic implications. The final section concludes by summarizing key insights 

and highlighting promising avenues for future research. 

 

2. Conceptual Foundations 

The application of machine learning to quantitative stock trading is grounded in two interrelated domains: 

the theoretical and practical foundations of quantitative trading, and the methodological evolution of 

predictive modeling in financial markets. Understanding these conceptual underpinnings is essential for 

evaluating how machine learning techniques differ from, extend, or challenge traditional approaches to 

stock trading and asset pricing (Lo, 2004; Chan, 2013). This section reviews the core principles of 

quantitative stock trading and situates machine learning within the broader landscape of financial 

modeling. 

2.1 Quantitative Stock Trading: An Overview 

Definition and Core Principles 

Quantitative stock trading refers to the systematic design and execution of trading strategies based on  
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mathematical models, statistical inference, and algorithmic rules rather than discretionary judgment 

(Avellaneda & Lee, 2010). At its core, quantitative trading seeks to identify repeatable patterns or 

inefficiencies in financial markets that can be exploited to generate risk-adjusted returns (Chan, 2013). 

These patterns may arise from behavioral biases, institutional constraints, information asymmetries, or 

structural features of markets (Shiller, 2003; Barberis et al., 1998). 

The foundational principles of quantitative trading include objectivity, consistency, scalability, and risk 

control. Strategies are defined ex ante through formalized rules that specify entry, exit, position sizing, 

and risk management mechanisms, thereby minimizing emotional decision-making and behavioral biases 

(Lo, 2004). Another central principle is statistical validation, whereby trading rules are evaluated using 

historical data through backtesting and out-of-sample testing to assess their robustness (Bailey et al., 

2014). 

Quantitative trading also emphasizes probabilistic thinking rather than deterministic prediction. Most 

strategies do not aim to predict prices with certainty but instead seek to achieve a positive expected value 

over a large number of trades (De Prado, 2018). This probabilistic orientation aligns closely with the use 

of statistical and machine learning models that estimate conditional distributions, likelihoods, or decision 

policies rather than point forecasts. 

Types of Quantitative Trading Strategies 

Quantitative stock trading strategies can be broadly classified based on the economic intuition or statistical 

pattern they exploit. Among the most widely studied and implemented strategies are momentum, mean 

reversion, arbitrage, and factor-based investing. 

Momentum strategies are based on the empirical observation that stocks which have performed well in 

the recent past tend to continue performing well in the short to medium term, while past losers tend to 

underperform (Jegadeesh & Titman, 1993). Momentum effects have been documented across asset classes 

and geographies, challenging the weak-form Efficient Market Hypothesis (Fama, 1970). Quantitative 

momentum strategies typically rely on historical return measures, trend indicators, or ranking mechanisms 

and have increasingly incorporated machine learning models to improve signal timing and regime 

detection (Gu et al., 2020). 

Mean reversion strategies, in contrast, are predicated on the assumption that asset prices tend to revert 

to a long-term equilibrium or fundamental value after short-term deviations (Poterba & Summers, 1988). 

These strategies often exploit temporary mispricings caused by liquidity shocks, overreaction, or market 

microstructure effects (Cont, 2001). Statistical arbitrage, pairs trading, and contrarian strategies are 

common examples, many of which have been enhanced through machine learning techniques that 

dynamically identify mean-reverting relationships across large universes of stocks (Avellaneda & Lee, 

2010). 

Arbitrage-based strategies aim to exploit price discrepancies between related securities, such as dual-

listed stocks, derivatives and their underlying assets, or securities within the same corporate structure 

(Shleifer & Vishny, 1997). While pure arbitrage opportunities are rare and short-lived in modern markets, 

statistical arbitrage strategies use probabilistic models to identify relative mispricings under uncertainty. 

Machine learning has increasingly been used to identify complex, non-linear relationships among assets 

that are not easily captured by traditional cointegration or linear factor models (Krauss et al., 2017). 

Factor-based investing involves constructing portfolios based on exposure to systematic risk factors such 

as value, size, momentum, profitability, and volatility (Fama & French, 1993; Carhart, 1997). While 

classical factor models rely on linear regressions and economic interpretation, recent research has shown 
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that machine learning methods can uncover latent factors and non-linear factor interactions that improve 

explanatory power and predictive performance (Gu et al., 2020). This has blurred the distinction between 

traditional asset pricing and data-driven quantitative trading. 

Role of Automation and Algorithmic Execution 

Automation is a defining feature of modern quantitative stock trading. Trading algorithms are responsible 

not only for signal generation but also for order execution, portfolio rebalancing, and risk management in 

real time (Chan, 2013). Algorithmic execution strategies, such as volume-weighted average price 

(VWAP), time-weighted average price (TWAP), and optimal execution models, are designed to minimize 

transaction costs and market impact (Almgren & Chriss, 2001). 

The integration of automation enables quantitative strategies to scale across large asset universes and 

respond rapidly to changing market conditions. However, automation also introduces new risks, including 

model errors, feedback loops, and systemic instability, as evidenced by events such as the 2010 Flash 

Crash (Kirilenko et al., 2017). These considerations highlight the importance of robust model design and 

continuous monitoring, particularly when machine learning models are deployed in fully automated 

trading systems. 

2.2 Machine Learning in Financial Markets 

Traditional Statistical Models vs. Machine Learning Models 

Traditional financial models are typically grounded in econometric frameworks that emphasize 

interpretability, hypothesis testing, and parametric structure (Wooldridge, 2016). Linear regression, 

autoregressive integrated moving average (ARIMA) models, and generalized linear models have long 

been used for return prediction and risk modeling (Campbell, Lo, & MacKinlay, 1997). These models 

often rely on strong assumptions regarding linearity, stationarity, and error distributions, which may be 

violated in real-world financial data (Cont, 2001). 

Machine learning models differ fundamentally in their objective and design. Rather than prioritizing 

parameter estimation and causal inference, ML models focus on predictive accuracy and pattern 

recognition (Hastie et al., 2009). They are capable of modeling complex, non-linear relationships and 

interactions among variables without explicit specification of functional forms (Bishop, 2006). This 

flexibility allows ML models to capture subtle dependencies in financial data but often comes at the cost 

of reduced interpretability (Molnar, 2020). 

In quantitative trading, this trade-off between interpretability and performance is particularly salient. 

While traditional models offer economic intuition and regulatory transparency, machine learning models 

may uncover predictive signals that are economically opaque but statistically robust (Lo, 2017). 

Learning Paradigms in Financial Applications 

Machine learning applications in stock trading can be broadly categorized into supervised, unsupervised, 

and reinforcement learning paradigms (Murphy, 2012). 

Supervised learning involves training models on labeled data, where the objective is to predict a target 

variable such as future returns, price direction, or volatility (Fischer & Krauss, 2018). Common supervised 

learning tasks include classification (e.g., buy/sell signals) and regression (e.g., return forecasting). These 

models are the most widely used in quantitative trading due to their relative simplicity and compatibility 

with historical market data (Gu et al., 2020). 

Unsupervised learning focuses on discovering hidden structures or patterns in unlabeled data, such as 

clustering assets based on return characteristics or identifying market regimes (Borovkova & Tsiamas, 

2019). In trading, unsupervised methods are often used for dimensionality reduction, anomaly detection,  
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and portfolio diversification rather than direct prediction. 

Reinforcement learning (RL) frames trading as a sequential decision-making problem, where an agent 

learns optimal actions through interaction with a market environment (Moody & Saffell, 2001). RL models 

are particularly suited for portfolio optimization and execution strategies, as they explicitly account for 

transaction costs, risk preferences, and dynamic feedback (Zhang et al., 2019). However, their practical 

adoption remains limited due to data inefficiency and stability concerns. 

Characteristics of Financial Data 

Financial data exhibit several distinctive characteristics that complicate the application of machine 

learning models. One of the most prominent features is non-stationarity, as statistical properties such as 

mean, variance, and correlations change over time due to evolving market regimes, policy interventions, 

and technological shifts (Lo, 2004). Models trained on historical data may therefore suffer from 

performance decay when deployed in live markets. 

Another challenge is the high level of noise in financial time series. Asset prices are influenced by 

numerous unobservable factors, resulting in low signal-to-noise ratios that increase the risk of overfitting 

(Bailey et al., 2014). Machine learning models, particularly high-capacity ones, are especially vulnerable 

to fitting noise rather than genuine predictive signals. 

Finally, financial return distributions are known to exhibit fat tails, skewness, and volatility clustering, 

violating the assumptions of normality underlying many classical models (Mandelbrot, 1963; Cont, 2001). 

While machine learning models can accommodate these features more flexibly, they still require careful 

evaluation to ensure robustness under extreme market conditions. 

 

3. Data Sources and Feature Engineering in ML-Based Trading 

Data constitutes the foundational input for any machine learning–based trading system. Unlike traditional 

econometric models that often rely on a limited set of theoretically motivated variables, machine learning 

models derive much of their predictive power from the breadth, diversity, and transformation of input data 

(Hastie, Tibshirani, & Friedman, 2009). In quantitative stock trading, the effectiveness of machine 

learning algorithms depends as much on data quality and feature engineering as on model selection itself 

(Gu, Kelly, & Xiu, 2020). This section reviews the principal types of financial data used in ML-based 

trading and examines the feature engineering techniques employed to convert raw data into informative 

model inputs. 

3.1 Financial Data Types 

Price-Based Data 

Price-based data represent the most fundamental and widely used input in quantitative trading strategies. 

These data typically include open, high, low, and close (OHLC) prices, trading volume, bid–ask spreads, 

and derived measures such as returns and volatility (Campbell, Lo, & MacKinlay, 1997). Historical price 

data are attractive for machine learning applications due to their availability, high frequency, and direct 

relevance to trading decisions (Chan, 2013). 

Returns, often computed as log or percentage changes in prices, are a central variable in predictive 

modeling, as they form the basis for forecasting price direction, magnitude, and risk-adjusted performance 

(Cont, 2001). Volatility measures, such as rolling standard deviations, realized volatility, and implied 

volatility, are particularly important for risk management and position sizing (Andersen et al., 2003). 

Machine learning models frequently use lagged returns and volatility estimates as features to capture short-

term momentum, reversal effects, and volatility clustering (Fischer & Krauss, 2018). 

http://www.ijfmr.com/


 

International Journal for Multidisciplinary Research (IJFMR) 
 

E-ISSN: 2582-2160   ●   Website: www.ijfmr.com       ●   Email: editor@ijfmr.com 

 

IJFMR260165636 Volume 8, Issue 1, January-February 2026 7 

 

Despite their ubiquity, price-based features present several challenges. Financial price series are highly 

noisy, non-stationary, and influenced by microstructure effects, leading to low signal-to-noise ratios 

(Bailey et al., 2014). As a result, raw price data are rarely used directly; instead, they are transformed into 

engineered features designed to extract more stable and informative signals (De Prado, 2018). 

Fundamental Data 

Fundamental data provide information about a firm’s financial health, profitability, and growth prospects 

and have long been used in asset pricing and equity valuation models (Fama & French, 1993). Common 

fundamental variables include financial ratios such as price-to-earnings (P/E), price-to-book (P/B), return 

on equity (ROE), leverage ratios, cash flow metrics, and earnings growth indicators (Penman, 2013). 

In machine learning–based trading, fundamental data are often integrated with price-based features to 

enhance medium- to long-term return predictability (Gu et al., 2020). ML models can capture non-linear 

interactions among fundamental variables and identify latent relationships that may be overlooked in 

traditional linear factor models. For example, tree-based ensemble models have been shown to outperform 

classical regression-based factor models in explaining cross-sectional stock returns (Bryzgalova et al., 

2022). 

However, fundamental data introduce their own limitations. They are typically available at lower 

frequencies (quarterly or annual), subject to reporting delays, and prone to restatements, which 

complicates real-time trading applications (Chan, 2013). Moreover, the economic interpretation of ML-

derived signals based on fundamentals may be less transparent, raising concerns about model 

explainability and robustness (Molnar, 2020). 

Alternative Data 

The proliferation of digital technologies has led to the emergence of alternative data sources that extend 

beyond traditional financial statements and price histories. These include textual data from news articles, 

earnings call transcripts, and analyst reports; sentiment indicators from social media platforms; web search 

trends; geolocation data; and satellite imagery capturing economic activity (Borovkova & Tsiamas, 2019). 

Textual data are commonly analyzed using natural language processing (NLP) techniques to extract 

sentiment, topic distributions, and event-related signals (Tetlock, 2007). Studies have shown that news 

sentiment and tone can predict short-term stock returns and volatility, particularly around earnings 

announcements and macroeconomic events (Loughran & McDonald, 2011). Machine learning models are 

well suited to processing such unstructured data, enabling quantitative traders to incorporate qualitative 

information at scale (Zhang, Zohren, & Roberts, 2019). 

While alternative data offer potential informational advantages, they also raise significant challenges 

related to data quality, survivorship bias, and unequal access (Harvey et al., 2016). Furthermore, the 

predictive value of alternative data may decay rapidly as they become widely adopted, reinforcing the 

importance of continuous feature evaluation and model adaptation. 

3.2 Feature Engineering Techniques 

Feature engineering refers to the process of transforming raw data into structured inputs that enhance the 

predictive performance of machine learning models (Kuhn & Johnson, 2013). In quantitative trading, 

effective feature engineering is critical for mitigating noise, addressing non-stationarity, and aligning 

model inputs with economic intuition. 

Technical Indicators as ML Features 

Technical indicators are among the most commonly used engineered features in ML-based trading 

systems. These indicators summarize historical price and volume information into interpretable signals 
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such as moving averages, relative strength index (RSI), moving average convergence divergence 

(MACD), Bollinger Bands, and momentum oscillators (Murphy, 1999). 

While traditional technical analysis relies on heuristic interpretation of these indicators, machine learning 

models treat them as numerical features that may interact in complex, non-linear ways (Fischer & Krauss, 

2018). By combining multiple indicators across different time horizons, ML models can learn nuanced 

patterns associated with trend persistence, reversals, and volatility regimes (Gu et al., 2020). 

However, excessive reliance on technical indicators can exacerbate overfitting, particularly when 

indicators are highly correlated or derived from similar underlying price data (Bailey et al., 2014). As 

such, feature redundancy and multicollinearity must be carefully managed through feature selection and 

regularization techniques. 

Dimensionality Reduction 

As the number of features increases, machine learning models face the risk of the “curse of 

dimensionality,” which can degrade predictive performance and generalization (Bellman, 1961). 

Dimensionality reduction techniques are therefore widely used in quantitative trading to compress 

information into a smaller set of informative components. 

Principal Component Analysis (PCA) is a linear technique that transforms correlated variables into 

orthogonal components capturing maximum variance (Jolliffe, 2002). In finance, PCA has been used to 

identify latent risk factors, reduce noise in covariance matrices, and construct parsimonious feature 

representations (Connor & Korajczyk, 1986). 

More recently, non-linear dimensionality reduction methods such as autoencoders have gained popularity 

in ML-based trading systems (Krauss et al., 2017). Autoencoders use neural networks to learn compressed 

representations of input data, potentially capturing non-linear structures in price and fundamental 

variables. While powerful, these methods further reduce interpretability, reinforcing the trade-off between 

model complexity and transparency (Molnar, 2020). 

Feature Selection and Normalization Techniques 

Feature selection aims to identify the most relevant variables for prediction while excluding noisy or 

redundant inputs. Common approaches include filter methods (e.g., correlation thresholds), wrapper 

methods (e.g., recursive feature elimination), and embedded methods such as LASSO and tree-based 

importance measures (Hastie et al., 2009). Effective feature selection improves model stability, reduces 

overfitting, and enhances computational efficiency (De Prado, 2018). 

Normalization and scaling are also essential preprocessing steps in ML-based trading. Financial variables 

often differ significantly in magnitude and distribution, which can bias learning algorithms sensitive to 

scale, such as neural networks and support vector machines (Bishop, 2006). Techniques such as z-score 

standardization, min–max scaling, and rank normalization are commonly employed to ensure numerical 

stability and comparability across features (Kuhn & Johnson, 2013). 

 

4. Machine Learning Models Used in Quantitative Trading 

Machine learning models form the computational core of modern quantitative trading systems. Unlike 

traditional econometric approaches that prioritize explanatory power and theoretical interpretability, 

machine learning models are primarily designed to optimize predictive performance in complex, high-

dimensional environments (Hastie, Tibshirani, & Friedman, 2009). In quantitative trading, these models 

are employed to forecast returns, classify price movements, identify latent market regimes, and optimize 
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sequential trading decisions (Gu, Kelly, & Xiu, 2020). This section reviews the principal categories of 

machine learning models applied in stock trading and evaluates their respective strengths and limitations. 

4.1 Supervised Learning Models 

Supervised learning models are the most extensively used class of machine learning techniques in 

quantitative trading. These models learn a mapping between input features and a labeled target variable, 

such as future returns, price direction, or volatility (Murphy, 2012). Their popularity stems from their 

relative simplicity, interpretability, and compatibility with historical financial datasets. 

Linear and Logistic Regression 

Linear regression has long served as a baseline model in financial prediction due to its interpretability and 

statistical tractability (Wooldridge, 2016). In quantitative trading, linear models are commonly used for 

return prediction, factor modeling, and risk estimation (Fama & French, 1993). Despite their simplicity, 

linear models often perform competitively when combined with carefully engineered features and 

regularization techniques (De Prado, 2018). 

Logistic regression extends linear modeling to classification problems, such as predicting the probability 

of positive or negative returns over a given horizon (Hosmer, Lemeshow, & Sturdivant, 2013). In trading 

applications, logistic models are frequently used to generate buy/sell signals or market regime indicators 

(Fischer & Krauss, 2018). However, both linear and logistic regression models are limited in their ability 

to capture non-linear interactions and complex dependencies inherent in financial markets (Cont, 2001). 

Support Vector Machines (SVM) 

Support Vector Machines are supervised learning models that aim to maximize the margin between classes 

in a transformed feature space (Cortes & Vapnik, 1995). Through the use of kernel functions, SVMs can 

model non-linear relationships without explicitly increasing dimensionality, making them attractive for 

financial prediction tasks characterized by noisy data and limited samples (Tay & Cao, 2001). 

Empirical studies have demonstrated that SVMs can outperform traditional linear models in stock return 

classification and trend prediction, particularly in short-term trading horizons (Huang et al., 2005). 

Nevertheless, SVMs are sensitive to hyperparameter selection and kernel choice, and their computational 

complexity can limit scalability in high-frequency or large-universe trading systems (Zhang et al., 2019). 

Tree-Based and Ensemble Models 

Decision trees and ensemble methods represent some of the most influential supervised learning models 

in quantitative finance. Decision trees partition the feature space into hierarchical decision rules, allowing 

them to model non-linear relationships and variable interactions in an interpretable manner (Breiman et 

al., 1984). 

Random Forests extend decision trees by aggregating predictions from multiple randomized trees, thereby 

reducing variance and improving generalization (Breiman, 2001). Gradient boosting methods, such as 

XGBoost and LightGBM, further enhance performance by sequentially correcting prediction errors and 

optimizing loss functions (Chen & Guestrin, 2016). 

These ensemble models have shown strong empirical performance in cross-sectional return prediction and 

factor modeling (Gu et al., 2020). Their ability to handle heterogeneous feature sets, missing values, and 

non-linearities makes them particularly well suited for ML-based trading. However, their complexity may 

obscure economic interpretation, raising concerns related to explainability and overfitting (Molnar, 2020). 

4.2 Deep Learning Models 

Deep learning models represent a subset of machine learning techniques characterized by multi-layer 

neural network architectures capable of learning hierarchical feature representations (Goodfellow, Bengio, 
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& Courville, 2016). While deep learning has achieved remarkable success in domains such as image and 

speech recognition, its application in quantitative trading remains an area of active research and debate. 

Artificial Neural Networks (ANNs) 

Artificial Neural Networks consist of interconnected layers of neurons that apply non-linear 

transformations to input data (Bishop, 2006). Early applications of ANNs in finance focused on return 

forecasting and option pricing, with mixed empirical results (Zhang, 2003). Advances in optimization 

algorithms and computing power have renewed interest in neural networks for trading applications. 

ANNs are capable of modeling complex, non-linear relationships among financial variables, but they are 

also prone to overfitting due to the noisy nature of financial data (Bailey et al., 2014). As a result, their 

performance is highly dependent on regularization techniques, architecture selection, and robust validation 

frameworks (De Prado, 2018). 

Convolutional Neural Networks (CNNs) 

Convolutional Neural Networks were originally developed for image processing tasks but have been 

adapted for financial time-series analysis by representing price data as images or structured matrices 

(Tsantekidis et al., 2017). CNNs are particularly effective at capturing local patterns and spatial 

dependencies, making them suitable for identifying technical patterns such as trends and breakouts. 

Empirical studies suggest that CNNs can extract meaningful representations from price charts and 

outperform traditional models in short-term prediction tasks (Sezer & Ozbayoglu, 2018). However, the 

economic interpretation of learned features remains challenging, and their robustness across market 

regimes is still under investigation (Zhang et al., 2019). 

Recurrent Neural Networks (RNNs) and LSTM Models 

Recurrent Neural Networks are designed to model sequential data by incorporating feedback connections 

that capture temporal dependencies (Goodfellow et al., 2016). Long Short-Term Memory (LSTM) 

networks address the vanishing gradient problem of traditional RNNs, enabling them to learn long-term 

dependencies in time-series data (Hochreiter & Schmidhuber, 1997). 

LSTM models have been widely applied to stock price and volatility forecasting due to their ability to 

capture temporal dynamics and regime shifts (Fischer & Krauss, 2018). Despite promising results, LSTMs 

require large datasets and careful tuning, and their real-world trading performance remains sensitive to 

transaction costs and market impact (Zhang et al., 2019). 

4.3 Unsupervised Learning Applications 

Unsupervised learning models aim to discover latent structures in data without explicit target labels 

(Murphy, 2012). In quantitative trading, these methods are typically used for exploratory analysis, risk 

management, and portfolio construction rather than direct prediction. 

Clustering for Asset Grouping and Regime Detection 

Clustering algorithms such as k-means, hierarchical clustering, and Gaussian mixture models are used to 

group assets based on similarities in returns, volatility, or fundamental characteristics (Mantegna, 1999). 

These groupings can inform diversification strategies and identify sectoral or factor-based structures in 

the market. 

Unsupervised learning is also employed for market regime detection, where clusters represent distinct 

volatility or correlation regimes (Borovkova & Tsiamas, 2019). Identifying regime shifts can enhance the 

adaptability of supervised and reinforcement learning models. 

Anomaly Detection for Market Inefficiencies 

Anomaly detection techniques seek to identify unusual patterns or outliers in financial data that may corr- 
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espond to mispricings, liquidity shocks, or abnormal trading behavior (Chandola et al., 2009). Methods 

such as isolation forests and autoencoder-based anomaly detection have been applied to detect potential 

arbitrage opportunities and market stress events (Krauss et al., 2017). 

4.4 Reinforcement Learning in Trading 

Reinforcement learning (RL) represents a fundamentally different paradigm in which an agent learns 

optimal actions through interaction with a dynamic environment (Sutton & Barto, 2018). In trading, RL 

models frame decision-making as a sequential optimization problem under uncertainty. 

Markov Decision Processes in Trading 

Trading environments are often modeled as Markov Decision Processes (MDPs), where states represent 

market conditions, actions correspond to trading decisions, and rewards reflect portfolio returns adjusted 

for risk and transaction costs (Moody & Saffell, 2001). This framework naturally captures the dynamic 

and path-dependent nature of trading. 

Q-Learning and Deep Reinforcement Learning 

Q-learning algorithms estimate the expected utility of actions in given states and have been applied to 

trading strategy optimization (Sutton & Barto, 2018). Deep Reinforcement Learning extends this approach 

by using neural networks to approximate value functions or policies, enabling scalability to high-

dimensional state spaces (Mnih et al., 2015). 

Portfolio Optimization and Execution Strategies 

RL models have been used for portfolio allocation, trade execution, and order sizing, explicitly accounting 

for transaction costs and market impact (Almgren & Chriss, 2001; Zhang et al., 2019). While promising, 

RL-based trading systems face challenges related to data efficiency, stability, and generalization, limiting 

their widespread adoption in live trading environments. 

 

5. Model Evaluation and Backtesting Frameworks 

The evaluation of machine learning–based trading strategies is a central methodological challenge in 

quantitative finance. Unlike many predictive tasks in machine learning, trading models operate in 

environments characterized by non-stationarity, feedback effects, transaction costs, and low signal-to-

noise ratios (Lo, 2004; Bailey et al., 2014). Consequently, conventional measures of predictive accuracy 

are insufficient to assess the economic viability of trading strategies. Instead, robust evaluation 

frameworks must integrate both return-based performance metrics and rigorous backtesting 

methodologies to ensure that observed results reflect genuine economic value rather than statistical 

artifacts (De Prado, 2018). 

5.1 Performance Metrics 

Performance metrics provide quantitative measures for assessing the profitability and risk characteristics 

of trading strategies. In ML-based trading, these metrics serve as both evaluation criteria and optimization 

objectives, shaping model selection and deployment decisions (Chan, 2013). 

Return-Based Metrics 

Return-based metrics focus on the magnitude and consistency of profits generated by a trading strategy 

over time. One of the most widely used measures is the Compound Annual Growth Rate (CAGR), 

which represents the geometric mean annual return of a portfolio over a specified period (Magdon-Ismail 

& Atiya, 2004). CAGR accounts for the effects of compounding and provides an intuitive summary of 

long-term performance, making it particularly useful for comparing strategies with different time horizons. 
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The Sharpe Ratio, introduced by Sharpe (1966), is another cornerstone metric in quantitative trading 

evaluation. It measures excess returns per unit of total risk, typically defined as the standard deviation of 

returns. The Sharpe Ratio enables comparisons across strategies by standardizing performance relative to 

volatility. However, it assumes normally distributed returns and penalizes both upside and downside 

volatility equally, which may be inappropriate for strategies with asymmetric return profiles (Cont, 2001). 

To address this limitation, the Sortino Ratio focuses exclusively on downside risk by considering only 

negative deviations from a target return (Sortino & Price, 1994). This metric is particularly relevant for 

ML-based strategies that exhibit skewed return distributions or aim to minimize drawdowns rather than 

volatility per se. Empirical studies suggest that downside-risk measures provide a more accurate reflection 

of investor preferences in non-normal return environments (Harvey et al., 2016). 

Despite their widespread use, return-based metrics must be interpreted with caution. High historical 

returns may reflect overfitting, leverage, or exposure to hidden risk factors rather than genuine alpha 

generation (De Prado, 2018). Therefore, return metrics should always be complemented by robust risk 

measures. 

Risk Metrics 

Risk metrics quantify the variability and downside potential of trading strategies, providing critical 

insights into their stability and resilience. One of the most commonly used risk measures is volatility, 

typically calculated as the standard deviation of returns (Campbell et al., 1997). While volatility is 

mathematically convenient, it fails to distinguish between favorable and unfavorable fluctuations and may 

underestimate tail risks in fat-tailed distributions (Mandelbrot, 1963). 

Maximum drawdown measures the largest peak-to-trough decline in portfolio value over a given period 

and is widely regarded as a more intuitive indicator of downside risk (Magdon-Ismail & Atiya, 2004). For 

ML-based trading strategies, drawdown analysis is particularly important, as model errors or regime shifts 

can lead to abrupt and substantial losses (Lo, 2004). 

Other risk-adjusted performance measures, such as the Calmar Ratio and Omega Ratio, have also been 

proposed to capture different aspects of return distributions (Keating & Shadwick, 2002). However, no 

single metric can fully characterize the risk-return profile of a trading strategy. Best practice involves 

using a combination of complementary metrics to obtain a holistic evaluation (Chan, 2013). 

5.2 Backtesting Methodologies 

Backtesting refers to the simulation of trading strategies on historical data to evaluate their performance 

under realistic market conditions. In ML-based trading, backtesting is both indispensable and perilous, as 

improper methodologies can produce overly optimistic results that fail to generalize to live trading (Bailey 

et al., 2014). 

Walk-Forward Analysis 

Walk-forward analysis is a widely accepted backtesting approach designed to mimic real-world 

deployment conditions (Lopez de Prado, 2018). In this framework, models are trained on an initial in-

sample period and then tested on a subsequent out-of-sample period. The training window is then rolled 

forward, and the process is repeated over multiple iterations. 

This methodology accounts for non-stationarity by allowing model parameters to adapt over time, thereby 

reducing the risk of performance degradation due to structural changes in markets (Lo, 2004). Walk-

forward analysis is particularly well suited for ML models, which may require periodic retraining to 

maintain relevance. However, it is computationally intensive and sensitive to window size selection, 

necessitating careful design and validation (De Prado, 2018). 
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Cross-Validation for Time-Series Data 

Traditional k-fold cross-validation techniques commonly used in machine learning are inappropriate for 

time-series data, as they violate the temporal ordering of observations and introduce look-ahead bias 

(Hastie et al., 2009). To address this issue, specialized cross-validation methods have been developed for 

financial time series. 

Time-series cross-validation, also known as rolling-origin or expanding-window validation, preserves 

temporal structure by ensuring that training data precede test data chronologically (Bergmeir & Benítez, 

2012). These methods provide more realistic estimates of out-of-sample performance and are increasingly 

adopted in ML-based trading research (Gu et al., 2020). 

Despite these advances, cross-validation in finance remains challenging due to regime shifts and limited 

sample sizes. As a result, reported performance metrics should be interpreted as conditional on historical 

conditions rather than as guarantees of future profitability (Lo, 2017). 

Avoiding Data Snooping and Look-Ahead Bias 

Data snooping and look-ahead bias represent two of the most pervasive threats to the validity of trading 

strategy evaluation. Data snooping occurs when multiple models or strategies are tested on the same 

dataset, increasing the likelihood of finding spurious patterns that appear profitable by chance (White, 

2000). Look-ahead bias arises when future information is inadvertently used in model training or feature 

construction, artificially inflating performance estimates (Bailey et al., 2014). 

To mitigate these risks, researchers advocate for strict separation between training, validation, and testing 

datasets, as well as the use of statistical corrections such as the Deflated Sharpe Ratio (Bailey & López de 

Prado, 2012). Transparency in model selection procedures and robustness checks across different datasets 

and market conditions are also essential for credible evaluation. 

 

6. Practical Challenges and Limitations 

Despite significant advances in machine learning techniques and their growing adoption in quantitative 

stock trading, the practical deployment of ML-based strategies remains fraught with challenges. Financial 

markets are complex, adaptive systems in which structural changes, behavioral responses, and institutional 

frictions can undermine model performance over time (Lo, 2004). This section examines the key practical 

limitations associated with machine learning–driven trading strategies, focusing on overfitting and 

robustness, market microstructure constraints, and interpretability and ethical considerations. 

6.1 Overfitting and Model Robustness 

Curse of Dimensionality 

One of the most pervasive challenges in ML-based trading is overfitting, which occurs when a model 

captures noise rather than genuine predictive signals in historical data (Hastie, Tibshirani, & Friedman, 

2009). Financial datasets often involve a large number of potential predictors, technical indicators, 

fundamental ratios, and alternative data features, relative to the number of independent observations, 

particularly after accounting for non-stationarity (Bailey et al., 2014). 

This imbalance gives rise to the curse of dimensionality, whereby the feature space grows exponentially 

with the number of variables, increasing model complexity and reducing generalization ability (Bellman, 

1961). High-capacity models such as deep neural networks and ensemble methods are especially 

vulnerable, as they can fit intricate patterns that lack economic meaning (De Prado, 2018). 

Empirical studies have shown that many ML-based trading strategies exhibit strong in-sample 

performance but fail to maintain profitability out of sample, suggesting that apparent predictive power 
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may be illusory (Harvey, Liu, & Zhu, 2016). Regularization techniques, feature selection, and 

dimensionality reduction can mitigate overfitting but cannot eliminate it entirely, particularly in low 

signal-to-noise environments such as equity markets (Cont, 2001). 

Model Decay and Concept Drift 

Even when machine learning models perform well out of sample, their effectiveness may deteriorate over 

time due to model decay, also referred to as concept drift (Gama et al., 2014). Financial markets evolve 

continuously as new information sources emerge, regulations change, and market participants adapt their 

behavior. As a result, the statistical relationships learned by ML models from historical data may become 

obsolete (Lo, 2017). 

Model decay is especially pronounced in high-frequency and short-horizon trading strategies, where 

competition and technological diffusion rapidly erode informational advantages (Chan, 2013). This 

dynamic environment necessitates frequent model retraining and monitoring, which increases operational 

complexity and the risk of introducing new biases through repeated optimization (Bailey et al., 2014). 

The challenge of maintaining robustness under concept drift underscores a fundamental limitation of data-

driven approaches: historical success does not guarantee future performance. This reality places inherent 

bounds on the reliability of ML-based trading systems. 

6.2 Market Microstructure Constraints 

Transaction Costs and Slippage 

A major source of discrepancy between backtested and real-world performance arises from market 

microstructure effects, particularly transaction costs and slippage (Almgren & Chriss, 2001). Transaction 

costs include brokerage fees, bid–ask spreads, taxes, and exchange fees, all of which can substantially 

erode returns, especially for high-turnover ML strategies (Chan, 2013). 

Slippage refers to the difference between expected and actual execution prices, often caused by limited 

liquidity or rapid price movements. ML models that generate frequent trading signals may appear 

profitable in frictionless backtests but become unviable once realistic cost assumptions are incorporated 

(De Prado, 2018). Empirical evidence suggests that transaction costs account for a significant portion of 

the underperformance of quantitative strategies when deployed at scale (Frazzini, Israel, & Moskowitz, 

2015). 

Incorporating realistic cost models into backtesting frameworks is therefore essential but challenging, as 

transaction costs vary over time, across assets, and with trade size (Cont, 2001). Simplified assumptions 

can lead to systematic overestimation of profitability. 

Liquidity and Market Impact 

Liquidity constraints further complicate the implementation of ML-based trading strategies. Liquidity 

refers to the ease with which assets can be traded without significantly affecting their prices (Kyle, 1985). 

In practice, large trades can move market prices against the trader, generating market impact that reduces 

realized returns (Almgren & Chriss, 2001). 

Market impact is particularly relevant for institutional investors and strategies operating in less liquid 

stocks or emerging markets. Machine learning models trained on historical prices often fail to account for 

the endogenous effects of their own trading activity, leading to optimistic performance estimates (Lo, 

2004). This issue is exacerbated when multiple market participants deploy similar ML-driven strategies, 

potentially amplifying price movements and systemic risk (Kirilenko et al., 2017). 

As a result, scalability represents a fundamental limitation of many ML-based trading strategies: signals 

that are profitable at small scales may not remain viable when deployed with significant capital. 
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6.3 Interpretability and Ethical Concerns 

Black-Box Models vs. Explainable AI 

The increasing use of complex machine learning models, particularly deep learning and ensemble 

methods, has intensified concerns regarding model interpretability. These models often operate as “black 

boxes,” producing predictions without transparent explanations of underlying decision logic (Molnar, 

2020). 

In quantitative trading, lack of interpretability poses challenges for risk management, model validation, 

and investor trust. Traders and risk managers may struggle to diagnose model failures or anticipate 

behavior under extreme market conditions (Boudt, Cornelissen, & Payseur, 2020). This has motivated 

growing interest in Explainable AI (XAI) techniques that aim to provide post hoc explanations of model 

outputs, such as feature importance measures and local interpretability methods (Ribeiro, Singh, & 

Guestrin, 2016). 

However, XAI methods themselves are subject to limitations and may provide approximations rather than 

true explanations, raising questions about their reliability in high-stakes financial decision-making 

(Molnar, 2020). 

Regulatory and Compliance Considerations 

The deployment of ML-based trading systems also raises regulatory and ethical concerns. Financial 

regulators increasingly emphasize transparency, accountability, and fairness in algorithmic decision-

making, particularly in contexts where automated systems can affect market stability or investor outcomes 

(IOSCO, 2021). 

Regulatory frameworks such as MiFID II in Europe impose requirements on algorithmic trading firms 

related to risk controls, auditability, and governance (ESMA, 2018). Black-box ML models may struggle 

to meet these standards, particularly when their decision logic cannot be easily explained or documented. 

Ethical considerations further extend to issues of market manipulation, unequal access to data, and 

systemic risk. The concentration of advanced ML capabilities among large institutions may exacerbate 

informational asymmetries and contribute to market fragmentation (Lo, 2017). These concerns highlight 

the broader societal implications of machine learning in financial markets beyond purely technical 

performance. 

 

7. Discussion 

The growing body of literature on machine learning–based quantitative trading has generated both 

enthusiasm and skepticism within academic and practitioner communities. While empirical studies 

increasingly document the predictive advantages of ML models over traditional statistical approaches, 

questions remain regarding their economic significance, robustness, and implications for market efficiency 

(Gu, Kelly, & Xiu, 2020; Harvey, Liu, & Zhu, 2016). This section synthesizes the findings reviewed in 

earlier sections and situates them within broader debates in financial economics and market practice. 

7.1 Comparative Effectiveness of Traditional vs. ML-Based Trading Strategies 

Traditional quantitative trading strategies have historically relied on econometric models grounded in 

financial theory, such as factor models, linear regressions, and time-series forecasting techniques (Fama 

& French, 1993; Campbell, Lo, & MacKinlay, 1997). These models prioritize interpretability, parsimony, 

and statistical inference, making them well suited for hypothesis testing and regulatory environments. 

However, their reliance on linear relationships and stable distributions limits their ability to capture the 

complex, non-linear dynamics of modern financial markets (Cont, 2001). 
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Machine learning–based trading strategies, by contrast, emphasize predictive performance and flexibility. 

Empirical evidence suggests that ML models, particularly tree-based ensembles and deep learning 

architectures, can outperform traditional models in return prediction and cross-sectional asset selection, 

especially when large and diverse datasets are available (Gu et al., 2020; Fischer & Krauss, 2018). These 

advantages are most pronounced in environments characterized by structural complexity, heterogeneous 

information, and non-linear interactions. 

Nevertheless, the superior statistical performance of ML models does not automatically translate into 

superior trading outcomes. Studies have shown that after accounting for transaction costs, market impact, 

and model decay, the economic gains of ML-based strategies may be more modest than headline results 

suggest (De Prado, 2018). In many cases, traditional models augmented with robust risk management and 

economic intuition remain competitive, particularly in liquid and well-arbitraged markets (Malkiel, 2003). 

7.2 Trade-Off Between Predictive Accuracy and Economic Significance 

A central tension in ML-based trading research lies in the trade-off between predictive accuracy and 

economic significance. Machine learning models are often optimized to minimize statistical loss functions 

such as mean squared error or classification error, which may not align with trading objectives such as 

maximizing risk-adjusted returns or minimizing drawdowns (Chan, 2013). 

High predictive accuracy does not guarantee profitability, particularly in financial markets where small 

prediction errors can be amplified by transaction costs and leverage (Bailey et al., 2014). Moreover, 

improvements in statistical metrics may be economically insignificant if they do not translate into 

meaningful changes in trading decisions or portfolio allocations (Harvey et al., 2016). 

This disconnect highlights the importance of integrating economic constraints directly into model 

evaluation and optimization. Approaches such as cost-sensitive learning, reward-based optimization, and 

reinforcement learning frameworks attempt to bridge this gap by aligning model objectives with trading 

performance metrics (Moody & Saffell, 2001). However, these methods introduce additional complexity 

and uncertainty, underscoring the need for careful model design and validation. 

7.3 Role of Hybrid Models Combining Econometrics and Machine Learning 

Given the complementary strengths and weaknesses of traditional econometric models and machine 

learning techniques, a growing strand of research advocates for hybrid approaches that integrate both 

paradigms (Atanasova & Schwartz, 2019). Hybrid models seek to combine the theoretical grounding and 

interpretability of econometrics with the predictive flexibility of ML. 

Examples include using machine learning to identify non-linear factor interactions within asset pricing 

frameworks or employing ML models to estimate residual components of traditional factor models (Gu et 

al., 2020). Such approaches preserve economic intuition while enhancing predictive performance, 

potentially mitigating concerns related to overfitting and interpretability. 

Hybrid models also facilitate more meaningful engagement with economic theory, enabling researchers 

to test whether ML-discovered patterns correspond to behavioral biases, risk premia, or market frictions 

(Lo, 2017). While promising, these models remain computationally intensive and require careful 

calibration to avoid introducing new sources of bias. 

7.4 Implications for Institutional vs. Retail Investors 

The adoption and impact of ML-based trading strategies differ markedly between institutional and retail 

investors. Institutional investors benefit from access to large datasets, advanced infrastructure, and 

specialized expertise, enabling them to deploy sophisticated ML models at scale (Chan, 2013). For these 
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actors, machine learning often complements existing quantitative frameworks rather than replacing them 

entirely. 

Retail investors, by contrast, face constraints related to data access, computational resources, and 

transaction costs. While off-the-shelf ML tools and platforms have lowered barriers to entry, retail 

investors may be more susceptible to overfitting and unrealistic backtesting assumptions (Bailey et al., 

2014). This asymmetry raises concerns about unequal access to advanced technologies and potential 

amplification of market inequalities (Lo, 2017). 

At the same time, the widespread dissemination of ML techniques may reduce their marginal effectiveness 

over time, as profitable patterns become crowded and arbitraged away. This dynamic underscores the 

adaptive nature of financial markets and the transient nature of data-driven trading advantages (Malkiel, 

2003). 

7.5 Machine Learning and the Efficient Market Hypothesis 

The rise of ML-based trading has reignited debates surrounding the Efficient Market Hypothesis (EMH). 

Proponents argue that machine learning can uncover subtle inefficiencies arising from behavioral biases, 

delayed information processing, and structural frictions, challenging the notion of fully efficient markets 

(Shiller, 2003; Barberis et al., 1998). 

Critics, however, contend that any inefficiencies detected by ML models are likely to be ephemeral and 

context-dependent. As advanced techniques become more widely adopted, competitive forces may erode 

their profitability, restoring market efficiency (Malkiel, 2003). From this perspective, machine learning 

does not invalidate the EMH but rather operates within its adaptive framework (Lo, 2004). 

The Adaptive Market Hypothesis (AMH) provides a useful lens for reconciling these views, suggesting 

that market efficiency evolves over time as participants adapt to changing environments (Lo, 2004). 

Machine learning can be seen as both a driver and a product of this adaptation, continually reshaping the 

informational landscape of financial markets. 

 

9. Conclusion 

This review has examined the growing body of literature on machine learning techniques applied to 

quantitative stock trading strategies, highlighting how advances in data availability, computational power, 

and algorithmic sophistication have transformed modern financial markets. By synthesizing research 

across finance, econometrics, and computer science, the paper has provided a structured overview of the 

conceptual foundations, data inputs, modeling approaches, evaluation frameworks, challenges, and future 

directions associated with ML-based trading systems. The findings from existing literature suggest that 

machine learning has emerged as a powerful, though imperfect, tool for extracting patterns from complex 

and high-dimensional financial data (Lo, 2017; De Prado, 2018). 

9.1 Summary of Key Insights from Existing Literature 

The literature reviewed in this paper consistently emphasizes that machine learning models outperform 

traditional linear and rule-based models in capturing non-linear relationships, interactions, and regime-

dependent behaviors in stock returns (Gu, Kelly, & Xiu, 2020). Supervised learning models such as tree-

based ensembles and gradient boosting methods have demonstrated strong predictive performance when 

applied to return forecasting and factor modeling, particularly in large cross-sectional datasets (Feng, 

Giglio, & Xiu, 2020). 

Deep learning architectures, including convolutional and recurrent neural networks, have further expanded 

the analytical toolkit available to quantitative traders by enabling direct learning from raw price data and 
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sequential time-series patterns (Zhang, Zohren, & Roberts, 2019). Reinforcement learning has introduced 

a decision-centric perspective, framing trading as a dynamic optimization problem that incorporates 

transaction costs, risk preferences, and market feedback (Moody & Saffell, 2001). 

At the same time, the literature underscores that successful ML-based trading strategies rely as much on 

data quality, feature engineering, and evaluation discipline as on model complexity. Studies 

consistently show that improper backtesting, data leakage, and overfitting can lead to illusory performance 

gains that fail to generalize out of sample (Bailey et al., 2014). As such, methodological rigor remains a 

central theme in empirical research on ML-driven trading. 

9.2 Assessment of Machine Learning’s Contribution to Quantitative Trading 

Machine learning’s primary contribution to quantitative trading lies in its ability to process and learn from 

large, diverse, and unstructured datasets that were previously inaccessible to traditional models. By 

integrating price data, firm fundamentals, alternative data, and textual information, ML models have 

expanded the informational frontier of systematic trading strategies (Baker, Bloom, & Davis, 2016). 

Moreover, ML has challenged long-standing assumptions embedded in classical asset pricing and market 

efficiency theories. While the Efficient Market Hypothesis posits that excess returns are difficult to 

achieve systematically, empirical evidence suggests that ML models can uncover persistent, though often 

small, predictive signals that exploit market frictions, behavioral biases, and delayed information diffusion 

(Fama, 1970; Lo, 2004). Importantly, these gains tend to diminish once transaction costs, market impact, 

and competition are fully accounted for, reinforcing the notion that ML does not invalidate market 

efficiency but rather operates within its practical limits. 

From an operational perspective, ML has enabled more adaptive and automated trading systems capable 

of responding to changing market conditions. This adaptability is particularly valuable in environments 

characterized by structural breaks, regime shifts, and increased volatility, where static models often fail 

(Ang & Timmermann, 2012). 

9.3 Limitations of Current Research 

Despite its promise, the existing literature on ML-based quantitative trading is subject to several important 

limitations. First, many studies rely on historical datasets that may not reflect current market structures, 

especially in light of evolving regulations, technological changes, and shifts in market participant 

behavior. Model performance observed in academic settings often deteriorates when deployed in live 

trading environments, a phenomenon commonly referred to as model decay (De Prado, 2018). 

Second, the risk of overfitting remains a pervasive concern. The high flexibility of ML models makes 

them particularly susceptible to capturing noise rather than signal, especially in low signal-to-noise 

domains such as equity returns (Harvey, Liu, & Zhu, 2016). While advances in cross-validation, 

regularization, and robust backtesting have mitigated some of these risks, they cannot eliminate them 

entirely. 

Third, issues of interpretability and transparency limit the adoption of complex ML models in regulated 

financial institutions. Black-box decision-making poses challenges for risk management, compliance, and 

ethical accountability, particularly when models influence large capital allocations or systemic risk 

(Molnar, 2020). 

Finally, there is a relative scarcity of research that explicitly incorporates macroeconomic, geopolitical, 

and sustainability considerations into ML-based trading models. Most existing studies focus narrowly on 

price and firm-level data, leaving broader systemic and societal dimensions underexplored. 
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9.4 Final Remarks on the Evolving Role of Machine Learning in Financial Markets 

In conclusion, machine learning should be viewed not as a replacement for traditional financial theory but 

as a complementary framework that enhances empirical analysis and decision-making in quantitative 

trading. Its greatest strength lies in its flexibility and scalability, allowing researchers and practitioners to 

explore complex data structures and adapt to evolving market conditions. 

The future of ML in quantitative trading will likely be shaped by a shift toward hybrid models that 

integrate economic theory, statistical rigor, and machine learning techniques. Emphasis on interpretability, 

robustness, and ethical alignment will be essential to ensure that technological innovation contributes to 

market efficiency and financial stability rather than exacerbating systemic risks. 

As financial markets continue to evolve, machine learning is poised to play an increasingly central role, 

not as a silver bullet for guaranteed profits, but as a sophisticated analytical tool that reflects the growing 

complexity of modern finance. Continued interdisciplinary research, methodological transparency, and 

critical evaluation will be key to realizing its full potential. 
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