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ABSTRACT 

This research investigates and compares the predictive performance of stock return 

forecasting between the Ordinary Least Squares (OLS) regression model and machine learning 

approaches in the context of the volatile Vietnamese stock market. Using a panel dataset 

combined with time-series data of listed firms on the Vietnamese stock exchange from 2015 

to 2024, the study contrasts the OLS model with three advanced machine learning algorithms, 

including Artificial Neural Networks (ANN), Random Forest, and XGBoost. Predictive 

performance is primarily assessed using Root Mean Squared Error (RMSE), alongside Mean 

Absolute Error (MAE) and out-of-sample R-squared (R²OOS) as robustness measures. The 

empirical results demonstrate that machine learning models significantly outperform OLS in 

capturing complex nonlinear relationships in stock returns. Among them, the ANN model 

achieves the lowest RMSE, indicating the highest predictive accuracy, and generates superior 

long–short portfolio returns compared to the other models. Furthermore, the Diebold–Mariano 

test confirms that the differences in predictive accuracy between machine learning models and 

OLS are statistically significant. Although OLS retains advantages in terms of simplicity and 

interpretability, machine learning models exhibit clear superiority in predictive performance 

and quantitative risk management. This study provides important empirical evidence from an 

emerging market such as Vietnam and offers practical implications for investors and 

policymakers in optimizing asset allocation decisions. 

Keywords: Artificial neural networks, machine learning, OLS regression, stock return 

prediction, Vietnamese stock market. 

1. INTRODUCTION 

Over the past two decades, the global financial market economy has undergone complex 

fluctuations such as the dotcom bubble, financial crises, the era of low interest rates and 

abundant liquidity. Consequently, during these periods of economic instability, many investors 

have turned to other assets considered as “safe havens” to minimize risks [1]. The consequence 

of such actions by investors may reduce stock prices, leading to lower market performance 

[2]. Never has the stock market experienced such a deep decline that forced central banks to 

shift to rapid interest rate hikes to limit inflation, exerting strong pressure on stock valuations, 

especially in the technology sector and other high-risk assets. Developed economies such as 

the United States, Spain, and Italy were severely affected by the pandemic [3]. In addition, the 

global COVID-19 pandemic also had a significant impact on the Vietnamese stock market, 

causing the market index in Vietnam (VN-index) to decline sharply, from 1,000 points (at the 
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end of 2019) to 645 points (at the end of March 2020) [4], reflecting investors’ cautious 

sentiment and risk concerns. This poses considerable challenges for the Vietnamese stock 

market, particularly for investors, who are considered the most affected by financial market 

fluctuations. 

Stock return prediction plays an oriented role in modern investment decision-making, 

providing investors with important insights into risk management and asset allocation. 

According to Agusta et al. [5], past market fluctuations may repeat, making predictive models 

useful tools for investment planning. In particular, the integration of artificial intelligence and 

financial theory is gradually creating increasingly sophisticated and empirically powerful 

forecasting models. In the past, the linear regression model OLS was considered a fundamental 

statistical tool. OLS serves as a foundational stepping stone to understanding modern Machine 

Learning techniques [6]. Furthermore, it offers high interpretability and transparent insights 

into the basic relationships between variables [7]. However, investors face mixed results when 

using the OLS model for stock return prediction. Messmer and Audrino [8] found that OLS 

has no predictive power for large-cap stocks, although it may be effective for small-cap and 

micro-cap stocks. In addition, Wang et al. [9] suggest that time-dependent weighting of the 

least squares method can improve standard OLS estimation compared to traditional OLS 

methods. Another barrier is that when data fluctuates strongly or contains outliers, OLS may 

produce biased or unreliable results, leading to incorrect interpretations of risk and investment 

returns [10]. In contrast, robust estimators may not be affected and can provide results resistant 

to influential outliers [11]. Furthermore, Maiti [12] confirmed the inefficiency of the linear 

OLS model in estimating tail distributions. Therefore, OLS cannot effectively handle 

nonlinear market fluctuations. Thus, the research question arises for investors: should they 

consider the linear OLS model as a baseline tool and complement it with more advanced 

machine learning techniques to comprehensively assess risk and improve the accuracy of stock 

return prediction? 

Traditional econometric and financial models, exemplified by the ordinary least squares 

(OLS) method as a basic and simple approach, are constrained by strict linearity assumptions, 

limiting their ability to model complex, nonlinear relationships in data [6]. Therefore, to 

capture nonlinear relationships, machine learning models have gradually emerged, with 

algorithms such as Decision Tree Algorithm, Random Forest, and Neural Networks designed 

to handle nonlinear interactions more accurately [13]. Thus, the question arises: in the current 

context, whether Machine Learning is the best choice for investors when its advantages in 

speed and objectivity come at the cost of strict data requirements, operational costs, and risks 

related to interpretability? 

Although previous studies have provided valuable insights into the predictive ability of 

the linear regression model (OLS) and machine learning models (XG Boost, Random Forest), 

there remain significant research gaps. This study aims to address specific issues associated 

with comparing the linear regression model (OLS) and machine learning models (XG Boost 

and Random Forest) in predicting stock returns, including application context, interpretability, 

and prediction stability over time. 

Currently, the field of financial forecasting relies heavily on historical time-series data to 

accurately predict future asset performance [9]. However, stock price data in the market is 

highly complex, characterized by strong nonlinearity and volatility over time [14]. Therefore, 

improving predictive methods is essential. In the past, classical portfolio optimization models 

were often based on average expected returns. Freitas et al. [15] argued that this approach may 

create a “low-pass filtering effect” on the dynamic behavior of the stock market, leading to 

suboptimal investment strategies. 



A comparative analysis of forecasting accuracy between machine learning models... 
 

19 

Gu et al. [16] show that machine learning models generally outperform linear models, 

and even generalized linear models do not significantly surpass standard ones. Therefore, this 

study aims to examine whether the OLS linear model can match the performance of machine 

learning models. 

Notably, a single model is insufficient to accurately identify the true data-generating 

process or capture all characteristics of a time series [17]. DeMiguel et al. [18] suggested that 

machine learning models using inputs from machine learning forecasts rather than historical data 

can improve the quality of investment strategies. Moreover, Sebastião and Godinho [19] found 

that the accuracy of machine learning models in predicting stock performance tends to decline 

when market structures change. Machine learning represents a promising alternative for stock 

return prediction in time series, despite its simplicity and linearity. Therefore, this study will 

evaluate the robustness of machine learning models across different economic cycles compared 

to the linear OLS model, particularly their ability to adapt to “Concept Drift”, a phenomenon 

where the changing statistical properties of the target variable cause initially trained models to 

become less effective. 

Finally, previous studies have shown that the performance of these models can vary 

significantly depending on different contexts. Haider et al. [20] found that although machine 

learning techniques often outperform statistical methods, there are cases where traditional 

methods can be equally competitive. Wolff and Neugebauer [21] also reported empirical 

results showing that a linear model using the CM-IC method outperformed complex machine 

learning models in predicting stock returns in the U.S. market. Meanwhile, Lalwani and 

Meshram [22] demonstrated that machine learning models provide higher accuracy in 

predicting stock returns in the Indian stock market. Given the inconsistency in international 

findings, this study will examine the predictive performance of the linear regression model 

(OLS) and machine learning models in the specific context of the Vietnamese stock market, 

aiming to provide a comprehensive and objective comparison between the two approaches. 

Building upon the identified research gaps and the inconsistency of prior empirical 

evidence, this study is conducted to clarify the effectiveness of stock return forecasting models 

within the context of the Vietnamese market. Specifically, the research focuses on evaluating 

and comparing the predictive performance of the traditional OLS model with modern machine 

learning algorithms, including ANN, Random Forest, and XGBoost. Furthermore, the study 

analyzes the differences in the importance of financial variables such as ROA, Beta, and firm 

size when processed by linear versus nonlinear models. Finally, the research verifies the 

practical efficiency of the forecasting models through the construction of a Long-Short 

portfolio investment strategy. 

To address these objectives, the study tests the following hypotheses:  

H1: Machine learning models exhibit higher accuracy in predicting stock returns 

compared to the baseline OLS model.  

H2: The relative importance of fundamental financial variables differs significantly 

between OLS and machine learning algorithms.  

H3: Machine learning models deliver superior risk-adjusted investment returns through 

long-short portfolio strategies compared to OLS models. 

2. LITERATURE REVIEW AND THEORETICAL FRAMEWORK 

2.1. Theoretical Background 

Stock return prediction has always been a major challenge in finance due to the noisy and 

continuously volatile nature of the market. This section presents the core theoretical 
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foundations that explain asset price movements, while also providing a statistical framework 

to compare the predictive performance between traditional econometric models (OLS) and 

Machine Learning (ML) algorithms. 

2.1.1. Efficient Market Hypothesis (EMH) and Random Walk 

The Efficient Market Hypothesis (EMH), proposed by Eugene Fama [23], is the most 

fundamental theory in stock price prediction. According to this theory, financial markets are 

informationally efficient, meaning that stock prices at any given time fully reflect all available 

information. Therefore, future price changes only occur when new information arrives, which 

is entirely random and unpredictable [24]. 

However, in the context of comparing OLS and Machine Learning, EMH provides an 

important benchmark. If the weak-form EMH holds perfectly, both OLS and ML models 

would fail in predicting stock returns. In reality, behavioral finance studies have shown that 

markets exhibit various inefficiencies [25]. Static linear models such as OLS often fail to 

capture these signals due to their rigid structure. In contrast, Machine Learning algorithms are 

expected to overcome the limitations of EMH by identifying hidden nonlinear patterns and 

micro-level anomalies that are complicated for humans or traditional statistical models to 

detect [16]. 

2.1.2. Linear Regression Theory and the Gauss–Markov Theory 

The Ordinary Least Squares (OLS) model has long been considered the gold standard in 

financial analysis due to its transparency and strong interpretability [26]. Mathematically, OLS 

seeks to find a linear function that minimizes the sum of squared residuals between actual and 

predicted values. 

The theoretical foundation supporting OLS is the Gauss–Markov theorem. This theorem 

states that if the data satisfy strict assumptions such as linearity, no perfect multicollinearity, 

and homoscedasticity, then OLS provides the Best Linear Unbiased Estimator (BLUE). 

However, this is also the main limitation of the method in practice. Real-world stock return 

data are highly noisy and often violate these assumptions, exhibiting heavy-tailed 

distributions, heteroscedasticity, and multicollinearity among macroeconomic variables [27]. 

These violations significantly reduce the predictive power of OLS and create the need for more 

flexible nonlinear approaches such as Machine Learning. 

2.1.3. Statistical Learning Theory and the Bias–Variance Tradeoff 

The transition from traditional econometric models to modern computational algorithms 

is grounded in Statistical Learning Theory [28]. While OLS primarily focuses on causal 

inference, Machine Learning emphasizes predictive accuracy. Within this framework, the 

performance of any predictive model is governed by the bias-variance tradeoff [29]. 

Bias arises when a model is too simple to capture the complexity of reality. In contrast, 

variance measures how much model predictions would change if trained on different datasets. 

OLS represents a high-bias, low-variance model: it is stable but often suffers from underfitting 

because financial markets do not follow linear patterns. Conversely, algorithms such as 

Random Forest and Neural Networks exhibit low bias but high variance. They flexibly adapt 

to complex data patterns but face the major risk of overfitting, where the model memorizes 

noise instead of learning the true underlying structure [30]. 

2.1.4. Arbitrage Pricing Theory (APT) and Factor Models 

For mathematical models (whether OLS or ML) to function, they require input variables. 

The Arbitrage Pricing Theory (APT), developed by Stephen Ross [31], provides the theoretical 

foundation for selecting these variables. APT states that the expected return of a financial asset 
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can be modeled as a linear function of multiple macroeconomic risk factors or market-specific 

characteristics [32]. 

Although both OLS and ML utilize similar sets of input factors based on APT, their 

processing mechanisms differ significantly. OLS assigns fixed and independent weights to 

each factor, assuming additive effects. In contrast, Machine Learning models can 

automatically identify complex cross-interactions among variables - for example, an increase 

in interest rates may negatively affect stocks only when inflation exceeds a certain threshold. 

This flexibility in handling multidimensional relationships represents a key advantage of ML 

over OLS [33]. 

2.2. Literature review 

The main objective of this section is to analyze and compare the performance of the 

Ordinary Least Squares (OLS) model and Machine Learning (ML) models in predicting stock 

returns by reviewing prior studies. However, most traditional studies rarely explored the power 

of nonlinear algorithms and primarily focused on linear regression models based on 

macroeconomic factors. In contrast, recent investigations reveal that Machine Learning 

models significantly outperform traditional methods when handling large-scale financial data. 

2.2.1. General Comparison between OLS and Machine Learning Algorithms 

Al-Jawarneh et al. [34] conducted a study to evaluate the predictive performance of OLS 

compared to basic ML algorithms such as Ridge and Lasso regression. Their findings indicate 

that ML models serve as effective signal filtering tools in developed stock markets. However, 

this advantage is less pronounced in emerging markets due to higher data noise. 

2.2.2. Prediction under Extreme Volatility and High-Frequency Data 

Gupta et al. [35] examined the predictive performance of these models during periods of 

extreme volatility such as the COVID-19 pandemic. Their findings show that advanced 

algorithms like Random Forest can accurately forecast stock movements, although performance 

declines when sentiment-related variables are absent. Among the tested models, Random Forest 

demonstrated the strongest predictive power under high uncertainty compared to OLS. 

Moreno-Pino & Zohren [36] further analyzed how data frequency affects model 

performance using high-frequency trading datasets [36]. The results indicate that OLS 

becomes significantly less effective under high-frequency data conditions, whereas Neural 

Networks achieve substantially higher prediction accuracy. 

2.2.3. Model Performance across Markets and the Role of Data Processing 

Chun et al. [37] conducted a study on the U.S. and South Korean stock markets and found 

similar results, indicating that Machine Learning models can serve as optimal tools for 

quantitative investment strategies [37]. Meanwhile, Ji et al. [38] applied Random Forest 

combined with wavelet denoising to predict stock price movements [38]. Their findings show 

that extending historical data improves performance only up to a certain limit, and distant 

historical data contributes little to predictive accuracy. 

As shown in Table 1, feature selection techniques help reduce noise and significantly improve 

performance in mature markets such as the U.S. but have weaker effects in Asian markets. 

Overall, the transition from static linear models such as OLS to more complex Machine 

Learning algorithms reflects not only advancements in data science but also highlights the 

necessity of nonlinear methods in capturing the increasingly complex dynamics of modern 

financial markets. 

  



Ngo Ly Huynh Phat, Pham Chi Trung, Bui Le Vi 

 

22 

Table 1. The improvement in F1-score using feature selection in different markets  

Market 

(Representative 

Index) 

Initial F1-score 

(Using all 18 

features) 

Best F1-score 

(After feature 

selection) 

Optimal 

number of 

retained 

features 

F1-score 

improvement 

(%) 

SSEC (Chinese) 0.724 0.732 10 1.00 

HIS (Hong Kong) 0.764 0.785 6 2.70 

DJI (USA) 0.703 0.752 8 7.00 

S&P 500 (USA) 0.725 0.768 5 5.90 

Source: Author's calculations 

3. METHODOLOGY 

3.1. Data and sample selection 

In this study, the authors employed a quantitative approach to evaluate and compare the 

predictive capabilities of stock returns using both the OLS model and several machine learning 

algorithms. The dataset utilized consists of panel data combined with time-series elements, 

including stock prices, trading volumes, and financial indicators of publicly traded companies 

on the Vietnamese stock market from 2015 to 2024. All information was sourced from the 

financial database platform FiinPro. After collection, the data were carefully processed and 

standardized on a monthly frequency to ensure consistency across the observed variables. 

Given the time-series nature of the data, the study conducted unit root tests to assess the 

stationarity of the variables before incorporating them into the predictive models. Specifically, 

two statistical tests were applied: the Augmented Dickey-Fuller (ADF) test and the Phillips-

Perron (PP) test [39], [40]. Additionally, a correlation matrix was constructed to examine the 

initial linear relationships among the independent variables. To mitigate potential 

multicollinearity, the Variance Inflation Factor (VIF) was calculated to assess the degree of 

multicollinearity between variables; variables exceeding the permissible VIF threshold were 

considered for removal or adjustment [41]. 

The initial dataset was rigorously cleaned to handle missing values and outliers. Missing 

data were addressed using the forward-fill method for time-series consistency, while extreme 

outliers at the 1st and 99th percentiles were winsorized to prevent skewed estimations. The 

final filtered sample comprises exactly 1,650 listed firms, yielding a total of 197,424 firm-

month observations. Furthermore, to verify the absence of severe multicollinearity, Variance 

Inflation Factor (VIF) scores were computed; all variables recorded VIF values strictly below 

the standard threshold of 5, ensuring the robustness of the regression coefficients.  

3.2. Model and methodology 

To start the comparative analysis, the study established two separate groups of models: 

(1) The initial group includes the Ordinary Least Squares (OLS) model, serving as the 

baseline model to illustrate the linear relationship between dependent and independent 

variables (Carl Friedrich Gauss). The general equation is expressed as: 

𝑅𝑖,𝑡+1 = 𝛼 + 𝛽1. 𝑋1,𝑖,𝑡 + 𝛽2. 𝑋2,𝑖,𝑡+. . . +𝛽𝑘. 𝑋𝑘,𝑖,𝑡 + 𝜀𝑖,𝑡 

In which: 

𝑅𝑖,𝑡+1 : Stock return of firm i at forecast time  𝑡 + 1 

𝛼 : Intercept coefficient 

𝛽 : Regression coefficient corresponding to the independent variables 𝑋𝑖,𝑡 (including 

financial and macroeconomic indicators at time t) 
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𝜀𝑖,𝑡: Random error 

Table 2 provides a detailed summary of the variable definitions, measurement methods, 

and their expected relationships with future stock returns. 

Table 2. Variable definitions, measurement, and expected relationship with future stock returns 

Variable 

category 

Variable 

name 
Symbol Description / calculation 

Measurement window / 

frequency 

Expected 

relationship 

Key 

reference(s) 

Dependent 

variable 

Future stock 

return 
R_i,t+1 

Holding-period return of firm i 

in the next prediction period: 

(P_i,t+1 - P_i,t + D_i,t+1) / 
P_i,t, where dividends are 

available. This is the target 

variable for OLS, ANN, 

Random Forest, and XGBoost 

models. 

Next month, quarter, or 

year depending on the 
research design. Predictors 

at time t must be lagged 

before matching with 

R_i,t+1. 

N/A [42], [43] 

Size and 

value 
Firm size SIZE 

Natural logarithm of market 

equity: ln(Price × shares 

outstanding). 

Measured at 

portfolio/model-formation 
date or at the end of the 

previous period. 

Negative / 

mixed 
[42] 

Size and 

value 

Book-to-

market ratio 
B/M 

Book value of equity divided 

by market value of equity. 

Use the most recently 

available annual financial 

statements; lag accounting 
data before matching with 

returns. 

Positive [42] 

Size and 

value 

Earnings-to-

price ratio 
E/P 

Net income divided by market 

capitalization. This can be 

computed as earnings per 
share divided by price when 

share-level data are available. 

Annual financial statement 

information matched to 

subsequent stock returns 
after an appropriate 

reporting lag. 

Positive [44] 

Size and 

value 

Dividend 

yield 
D/P 

Cash dividends per share 

divided by stock price per 

share; alternatively, total cash 
dividends divided by market 

capitalization. 

Annual or trailing-12-
month dividend 

information, depending on 

data availability. 

Positive [45] 

Profitability 

and growth 

Return on 

assets 
ROA 

Net income divided by total 

assets. 

Annual or quarterly 

financial statements; lag 

before matching with 

subsequent returns. 

Positive / 

mixed 
[46], [47] 

Profitability 

and growth 

Return on 

equity 
ROE 

Net income divided by 

shareholders’ equity; in some 

asset-pricing applications, 

income before extraordinary 
items divided by book equity 

is used. 

Annual or quarterly 

financial statements; lag 

before matching with 

subsequent returns. 

Positive [47] 

Profitability 

and growth 

Gross 

profitability 
GP/A 

Gross profit divided by total 

assets. This is preferable to 

gross margin when citing the 
gross profitability premium 

literature. 

Annual or quarterly 
financial statements; lag 

before matching with 

returns. 

Positive [48] 

Profitability 

and growth 
Sales growth SG 

Year-over-year percentage 

change in sales: (Sales_t - 

Sales_t-1) / Sales_t-1. 

Annual or quarterly financial 

statements; lag before 

matching with returns. 

Negative / 

mixed 
[49] 

Investment Asset growth AG 

Year-over-year percentage 

change in total assets: (Total 
assets_t - Total assets_t-1) / 

Total assets_t-1. This variable 

proxies for firm investment 

intensity. 

Annual financial 

statements; lag before 

matching with returns. 

Negative [46], [50] 
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Variable 

category 

Variable 

name 
Symbol Description / calculation 

Measurement window / 

frequency 

Expected 

relationship 

Key 

reference(s) 

Risk 

measures 

Systematic 

risk 
BETA 

Market beta estimated from a 

CAPM time-series regression: 
R_i - R_f = alpha_i + 

beta_i(R_m - R_f) + epsilon_i. 

Estimated using a rolling 

window of monthly returns, 
commonly 24 to 60 months, 

subject to data availability. 

Positive / 

mixed 
[51] 

Risk 

measures 
Leverage LEV 

Debt-to-equity ratio: total debt 

divided by book value of 

equity. If book equity is 
unavailable or unstable, total 

debt divided by total assets 

can be used as a robustness 

proxy. 

Annual or quarterly 

financial statements; lag 

before matching with 

subsequent returns. 

Positive / 

mixed 
[52] 

Risk 

measures 

Total 

volatility 
VOL 

Standard deviation of raw 

stock returns over the previous 

estimation period. 

Commonly calculated using 
the previous 12 monthly 

returns or daily returns 

within the previous year. 

Negative / 

mixed 
[53] 

Risk 

measures 

Idiosyncratic 

volatility 
IVOL 

Standard deviation of residuals 

from an asset-pricing model 
such as CAPM or Fama-

French factor models. 

Estimated using a rolling 

return window, such as 24 
to 60 months, depending on 

data availability. 

Negative [53] 

Momentum 

and liquidity 

Stock 

momentum 
MOM(12,2) 

Cumulative stock return from 

month t-12 to month t-2, 

excluding the most recent 
month to reduce short-term 

reversal effects. 

Monthly returns over the 

previous 12-to-2-month 

window. 

Positive [54] 

Momentum 

and liquidity 

Short-term 

reversal 
REV 

The negative of the previous 

month’s stock return: -R_i,t-1. 
Previous one-month return. Positive [43] 

Momentum 

and liquidity 
Dollar volume DV 

Natural logarithm of trading 

value: ln(trading volume × 

stock price). This is used as a 
market liquidity or investor-

attention proxy. 

Measured monthly or 

averaged over the previous 

trading period. 

Negative / 

mixed 
[55] 

Momentum 

and liquidity 
Turnover ratio TURN 

Trading volume divided by 

shares outstanding. 

Monthly average or yearly 

average, depending on the 

return horizon and data 

availability. 

Negative / 

mixed 
[56] 

Momentum 

and liquidity 

Amihud 

illiquidity 
ILLIQ 

Average absolute stock return 
divided by trading value: 

mean(|R_i,d| / trading 

value_i,d). This captures the 

price impact of trading. 

Calculated from daily data 

and aggregated to month, 

quarter, or year. 

Positive [57] 

(2) The second group comprises models that leverage machine learning algorithms to 

capture nonlinear relationships and complex data structures that traditional linear models may 

fail to represent adequately. For instance, the study incorporates two widely recognized 

algorithms, Random Forest and XGBoost [58], [59]. These methods facilitate efficient 

handling of data characterized by significant interactions among variables while 

simultaneously minimizing the risk of overfitting when properly configured [60]. 

To ensure predictive accuracy, the model hyperparameters are tuned using optimization 

techniques such as Grid Search or Bayesian Optimization  [61], [62]. This approach helps 

identify the set of parameters that best fit the study dataset, thereby enhancing the model’s 

generalizability to out-of-sample data. 

Following the hyperparameter tuning phase using Grid Search optimization, the final 

configurations for the machine learning models were established to prevent overfitting and 

ensure robust out-of-sample prediction. Specifically, the optimal architecture for the Artificial 
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Neural Network (ANN) consists of 2 hidden layers with 64 and 32 neurons, respectively. The 

model utilizes the ReLU activation function and the Adam optimizer with the maximum 

iterations set to 500. The Random Forest algorithm achieved optimal performance using an 

ensemble of 100 decision trees (n_estimators =100) with a maximum tree depth restricted to 

10 (max_depth=10). Similarly, the optimal hyperparameter combination for the XGBoost 

model includes 100 boosting rounds, a learning rate of 0.05, and a maximum tree depth of 5. 

Regarding data handling, the authors implement Time Series Cross-Validation to maintain 

rigor in financial forecasting. Rather than relying solely on a traditional fixed split (80% for 

training and 20% for validation), this study divides the data into multiple sequential, time-based 

blocks. This approach accurately simulates how the model will operate in real-world deployment 

by continuously utilizing historical data to forecast future out-of-sample periods.  

The predictive performance of the models is evaluated using quantitative metrics in the 

following categories: Root Mean Squared Error (RMSE), Mean Absolute Error (MAE), and 

Out-of-Sample R-squared (R2
OOS) [63]. Furthermore, to assess the robustness of the findings, 

the study employs backtesting techniques aligned with a rolling-window framework. This 

approach enables evaluation of the model’s adaptability across market periods characterized 

by varying degrees of volatility. 

4. EMPIRICAL RESULTS 

4.1. Preliminary Diagnostic Tests 

Table 3. ADF Unit Root Test Results 

Variable ADF Statistic p-value Threshold 5% Conclusion 

Closing price -32.4711 0 -2.8616 Stationary 

Trading Volume -34.1258 0 -2.8616 Stationary 

Market Cap (MV) -31.9407 0 -2.8616 Stationary 

Log(MarketCap) -32.1979 0 -2.8616 Stationary 

Book-to-Market (B/M) -35.3348 0 -2.8616 Stationary 

Earnings-to-Price (E/P) -34.7354 0 -2.8616 Stationary 

Dividend Yield (D/P) -38.6608 0 -2.8616 Stationary 

Leverage (LEV) -34.3159 0 -2.8616 Stationary 

Sales Growth (SG) -36.2905 0 -2.8616 Stationary 

Asset Growth (AG) -43.7917 0 -2.8616 Stationary 

ROA -38.6943 0 -2.8616 Stationary 

ROE -44.3767 0 -2.8616 Stationary 

Gross Margin (GM) -44.3756 0 -2.8616 Stationary 

Ri (Stock Return) -65.5812 0 -2.8616 Stationary 

Rm (Market Return - proxy) -157.7332 0 -2.8616 Stationary 

Risk Premium (Ri-Rf) -65.5812 0 -2.8616 Stationary 

Stock Momentum (12-2) -57.8482 0 -2.8616 Stationary 

Short-term Reversal (-Ri_{t-1}) -65.2627 0 -2.8616 Stationary 

Volatility (VOL) -41.3754 0 -2.8616 Stationary 

Beta -33.4967 0 -2.8616 Stationary 

Beta Squared (β²) -36.3635 0 -2.8616 Stationary 

Idiosyncratic Vol (IVOL) -31.1319 0 -2.8616 Stationary 

Dollar Volume (DV) -33.1661 0 -2.8616 Stationary 

Source: Author's calculations 
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The result of the Augmented Dickey-Fuller unit root (ADF) test carried out to check 

the stationary nature of the variables is provided in Table 3. Stationarity determination is a 

must in quantitative finance as it helps avoid the problem of spurious regression, which occurs 

when a nonstationary series is used, and ensures accurate machine learning by taking 

advantage of the stable statistical properties of out-of-sample observations. From the test table, 

empirical evidence shows that the ADF value for all the variables under study is big and far 

from the critical value of -2.8616 at the 5% level of significance. Of particular importance is 

that the two representative variables market return (Rm) and stock return (Ri) had ADF values 

of -43.6437 and -33.0644 respectively, together with p-value of 0. Likewise, the null 

hypothesis for a unit root was rejected using the variable of business characteristics like market 

capitalization (Log(MarketCap): -23.9906), book to market ratio (B/M: -26.8407), and growth 

ratios (Sales Growth: -37.0863) at the 1% significance level (p-value=0). This implies that all 

the financial time series used in the model become stationary at the level of their original 

series. Stationarity of the variables has provided a strong mathematical basis, fulfilling the 

most rigorous assumptions of time series analysis and thus laying the groundwork for the 

implementation of linear regression models (OLS) and optimization of machine learning 

algorithms in the next step. 

Table 4. Multicollinearity Test Results Using VIF  

(After excluding Ri and Risk Premium from explanatory variables) 

Variables VIF Variables VIF 

Dollar Volume (DV) 3.94 ROA 1.29 

Beta 3.76 Book-to-Market (B/M) 1.22 

Trading Volume 3.50 Stock Momentum (12-2) 1.20 

Beta Squared (β²) 2.73 Earnings-to-Price (E/P) 1.14 

Idiosyncratic Vol (IVOL) 1.93 Short-term Reversal (-Ri_{t-1}) 1.12 

Volatility (VOL) 1.73 Dividend Yield (D/P) 1.11 

Leverage (LEV) 1.38 Rm (Market Return - proxy) 1.05 

Market Cap (MV) 1.35 Sales Growth (SG) 1.01 

Closing Price 1.34 Asset Growth (AG) 1.00 

Log(MarketCap) 1.29 Gross Margin (GM) 1.00 

ROE 1.00   

Source: Author's calculations 

Table 4 presents the multicollinearity test results using the Variance Inflation Factor for all 

variables in the model. As expected, Stock Return and Risk Premium exhibit extremely high 

VIF values due to their mechanical relationship. Hence, they cannot be used simultaneously as 

explanatory variables. After excluding these directly derived variables, all remaining 

explanatory variables report VIF values well below the stringent threshold of 5 with Dollar 

Volume being the highest at 3.94. This indicates that the regression model does not suffer from 

severe multicollinearity issues, ensuring the reliability of the subsequent estimations. 
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Table 5. Correlation M––atrix  
 

  Closing 

Price 

Trading 

Volume 

Market Cap 

(MV) 

Log 

(Market 

Cap) 

Book-

to-

Market 

(B/M) 

Earnings-

to-Price 

(E/P) 

Dividend 

Yield 

(D/P) 

Leverage 

(LEV) 

Sales 

Growth 

(SG) 

Asset 

Growth 

(AG) 

ROA ROE 

Gross 

Margin 

(GM) 

Ri 

(Stock 

Return) 

Rm 

(Market 

Return - 

proxy) 

Risk 

Premium 

(Ri-Rf) 

Stock 

Momentum 

(12-2) 

Short-

term 

Reversal 

(-Ri_{t-

1}) 

Volatility 

(VOL) 
Beta 

Beta 

Squared 

(β²) 

Idiosyncratic 

Vol (IVOL) 

Dollar 

Volume 

(DV) 

Closing Price 1 0.0188 0.2845 0.4852 -0.0214 0.0498 -0.0122 -0.0643 -0.0112 0.0129 0.1646 -0.0032 0.0061 0.0594 0.0091 0.0594 0.0827 -0.0202 0.0032 -0.0364 0.0021 -0.0147 0.1363 

Trading Volume 0.0188 1 0.2603 0.3149 0.0006 0.0066 -0.003 0.0016 -0.0007 0.0031 -0.0043 0.0013 0.0018 0.026 0.03 0.026 0.023 -0.0084 0.0213 0.0496 -0.0011 0.0031 0.832 

Market Cap (MV) 0.2845 0.2603 1 0.4457 -0.0085 0.0099 -0.0028 -0.0072 -0.0034 0.0038 0.0291 -0.0007 0.0012 0.006 0.0017 0.006 0.0077 -0.0017 -0.0073 0.0015 -0.0016 -0.0271 0.4328 

Log(MarketCap) 0.4852 0.3149 0.4457 1 0.0095 0.0876 -0.0362 -0.0846 -0.0158 0.0232 0.1345 -0.0044 -0.0003 0.0266 -0.0018 0.0266 0.0489 -0.0057 -0.0283 0.0107 0.0063 -0.0657 0.3485 

Book-to-Market 

(B/M) 
-0.0214 0.0006 -0.0085 0.0095 1 0.4988 0.1938 -0.4044 0.0031 0.0028 0.1441 -0.002 -0.0066 -0.0078 0.0011 -0.0078 -0.0135 0.0022 0.0179 0.0264 0.0034 0.0495 -0.0051 

Earnings-to-Price 

(E/P) 
0.0498 0.0066 0.0099 0.0876 0.4988 1 0.2789 -0.202 0.0098 0.012 0.1667 -0.0079 0.0043 0.0045 -0.0022 0.0045 0.0128 -0.003 0.0102 0.0133 0.0036 0.0655 0.0098 

Dividend Yield 

(D/P) 
-0.0122 -0.003 -0.0028 -0.0362 0.1938 0.2789 1 -0.0036 -0.0008 -0.0002 0.0082 0 0.0002 -0.0027 0.0023 -0.0027 -0.0048 0.0014 0.0388 0.0196 0.0021 0.0614 -0.0026 

Leverage (LEV) -0.0643 0.0016 -0.0072 -0.0846 -0.4044 -0.202 -0.0036 1 -0.0119 -0.0018 -0.4537 0.0039 0.0013 0.0002 -0.0016 0.0002 0.0074 -0.0002 0.0081 0.0081 -0.0015 0.0099 0.0013 

Sales Growth (SG) -0.0112 -0.0007 -0.0034 -0.0158 0.0031 0.0098 -0.0008 -0.0119 1 0.0277 0.0198 -0.0023 0.0033 0.0419 0.0104 0.0419 0.0412 -0.043 0.1053 0.0478 0.0062 0.0376 -0.0003 

Asset Growth (AG) 0.0129 0.0031 0.0038 0.0232 0.0028 0.012 -0.0002 -0.0018 0.0277 1 0.0152 -0.0004 -0.0004 0.02 0.0086 0.02 0.0177 -0.0192 0.0496 0.01 -0.0002 0.0361 0.0051 

ROA 0.1646 -0.0043 0.0291 0.1345 0.1441 0.1667 0.0082 -0.4537 0.0198 0.0152 1 -0.003 -0.002 0.0049 0.0089 0.0049 0.0107 -0.0056 -0.0023 -0.0178 0.001 -0.012 0.0173 

ROE -0.0032 0.0013 -0.0007 -0.0044 -0.002 -0.0079 0 0.0039 -0.0023 -0.0004 -0.003 1 -0.0001 -0.0019 -0.0049 -0.0019 0.0113 0.0022 0.0029 -0.002 -0.0002 0.0026 -0.0006 

Gross Margin (GM) 0.0061 0.0018 0.0012 -0.0003 -0.0066 0.0043 0.0002 0.0013 0.0033 -0.0004 -0.002 -0.0001 1 0.0006 -0.0022 0.0006 0.0041 -0.0007 0.0009 0.0007 0.0002 0.0014 0.0022 

Ri (Stock Return) 0.0594 0.026 0.006 0.0266 -0.0078 0.0045 -0.0027 0.0002 0.0419 0.02 0.0049 -0.0019 0.0006 1 0.2233 1 0.0637 0.0822 0.2555 0.0784 0.0063 0.1121 0.0294 

Rm (Market Return 

- proxy) 
0.0091 0.03 0.0017 -0.0018 0.0011 -0.0022 0.0023 -0.0016 0.0104 0.0086 0.0089 -0.0049 -0.0022 0.2233 1 0.2233 0.0099 -0.0403 0.0987 -0.0047 -0.0025 0.0001 0.0368 

Risk Premium (Ri-

Rf) 
0.0594 0.026 0.006 0.0266 -0.0078 0.0045 -0.0027 0.0002 0.0419 0.02 0.0049 -0.0019 0.0006 1 0.2233 1 0.0637 0.0822 0.2555 0.0784 0.0063 0.1121 0.0294 

Stock Momentum 

(12-2) 
0.0827 0.023 0.0077 0.0489 -0.0135 0.0128 -0.0048 0.0074 0.0412 0.0177 0.0107 0.0113 0.0041 0.0637 0.0099 0.0637 1 0.0591 0.3858 0.0597 0.0026 0.1463 0.0343 

Short-term Reversal 

(-Ri_{t-1}) 
-0.0202 -0.0084 -0.0017 -0.0057 0.0022 -0.003 0.0014 -0.0002 -0.043 -0.0192 -0.0056 0.0022 -0.0007 0.0822 -0.0403 0.0822 0.0591 1 -0.2536 -0.0645 -0.0048 -0.1266 -0.0102 

Volatility (VOL) 0.0032 0.0213 -0.0073 -0.0283 0.0179 0.0102 0.0388 0.0081 0.1053 0.0496 -0.0023 0.0029 0.0009 0.2555 0.0987 0.2555 0.3858 -0.2536 1 0.2794 0.021 0.5366 0.0211 

Beta -0.0364 0.0496 0.0015 0.0107 0.0264 0.0133 0.0196 0.0081 0.0478 0.01 -0.0178 -0.002 0.0007 0.0784 -0.0047 0.0784 0.0597 -0.0645 0.2794 1 0.7792 0.5635 0.0295 

Beta Squared (β²) 0.0021 -0.0011 -0.0016 0.0063 0.0034 0.0036 0.0021 -0.0015 0.0062 -0.0002 0.001 -0.0002 0.0002 0.0063 -0.0025 0.0063 0.0026 -0.0048 0.021 0.7792 1 0.3295 -0.0016 

Idiosyncratic Vol 

(IVOL) 
-0.0147 0.0031 -0.0271 -0.0657 0.0495 0.0655 0.0614 0.0099 0.0376 0.0361 -0.012 0.0026 0.0014 0.1121 0.0001 0.1121 0.1463 -0.1266 0.5366 0.5635 0.3295 1 -0.0038 

Dollar Volume (DV) 0.1363 0.832 0.4328 0.3485 -0.0051 0.0098 -0.0026 0.0013 -0.0003 0.0051 0.0173 -0.0006 0.0022 0.0294 0.0368 0.0294 0.0343 -0.0102 0.0211 0.0295 -0.0016 -0.0038 1 

Source: Author's calculations 
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Table 5 shows the correlation matrix among the explanatory variables that are being used 

for stock return prediction modeling. The objective of this part is to check the initial linear 

relationship among variables to determine whether there is any issue of multicollinearity. In 

summary, the correlation coefficients indicate that the majority of the variables have weak to 

moderate relationships among each other, implying that the explanatory variables reflect diverse 

aspects of firms' characteristics, profitability, growth, risk, liquidity, and market information. 

Some noteworthy correlations are worth mentioning. First, there exists a negative correlation 

between Log(MarketCap) and Idiosyncratic Volatility (IVOL), and the coefficient obtained is -

0.0657. This implies that big firms tend to have lower idiosyncratic risk. In contrast to the above, 

Log(MarketCap) is positively correlated with Dollar Volume (DV), with the correlation value 

being 0.3485. This is logical in that the larger the market capitalization, the larger the dollar 

volume for the companies. Secondly, the earnings-to-price ratio (E/P) has a positive correlation 

with ROA at 0.1667. It means that companies whose earnings to prices are high also have better 

profit in relation to return on assets. Likewise, the correlation between Sales Growth (SG) and 

Volatility (VOL) is positive, with a coefficient of 0.1053, implying that firms with high growth 

in sales will also experience slightly higher return volatility. The results indicate that there is an 

economic relationship between profitability, growth, and risk variables, although the correlation 

levels remain within an acceptable range. Thirdly, the risk variables are moderately correlated 

to one another. Volatility (VOL) is positively correlated with Beta and IVOL, with coefficients 

of 0.2794 and 0.5366, respectively. Moreover, there is the greatest correlation between Beta and 

Beta Squared (β²) in the table, which stands at 0.7792, while the correlation between Beta and 

IVOL is 0.5635. It suggests that high levels of systematic risk also correspond to high volatility 

of the firm. Despite the fact that these correlations are higher when compared with the other 

variables, they are still below the standard correlation level of 0.80, which indicates the absence 

of multicollinearity among the variables. Furthermore, Stock Momentum (12-2) has a positive 

relationship with Volatility, with the value of 0.3858, and with IVOL, with the value of 0.1463. 

Thus, we can conclude that stocks with high stock momentum will also have volatile returns. 

Reversal tends to have low levels of association with most of the other variables (-0.2536 with 

Volatility), thus demonstrating that this variable represents an independent short-term market 

behavior variable. Another indicator showing weak correlation is ROA and Gross Margin which 

have an association level of -0.0020. Overall, the correlation matrix indicates that most pairwise 

correlations are not excessively high. The highest correlation is observed between Beta and Beta 

Squared, but its value remains below the level that would normally indicate serious 

multicollinearity. Therefore, the results suggest that the selected variables are sufficiently distinct 

and can be included in subsequent OLS regression and machine-learning models.  

Based on Figure 1, the heatmap confirms the distribution of correlation coefficients. The 

dark red areas indicate strong positive correlations between variables, while the blue areas 

indicate inverse relationships. This image reinforces the observations stated in Table 5 and 

clearly illustrates that no serious multicollinearity occurs between the independent variables 

used. 
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Figure 1. Correlation Matrix – All Variables 

Source: Author's calculations 

4.2. Research results 

Table 6. Out-of-sample forecasting performance of models 

Model 𝑅𝑂𝑂𝑆
2   (%) RMSE 

OLS (Linear) 6.2529 0.1549 

ANN (Neural Net) 26.2662 0.1374 

Random Forest 25.0206 0.1385 

XGBoost 22.3703 0.1409 

 As presented in Table 6, the results show that machine learning models outperform the 

traditional OLS model in out-of-sample stock return prediction. OLS has the lowest predictive 

power, with an  𝑅𝑂𝑂𝑆
2  of 6.2529% and the highest RMSE of 0.1549. In contrast, ANN achieves 

the best performance, with the highest 𝑅𝑂𝑂𝑆
2  of 26.2662% and the lowest RMSE of 0.1374. 

Random Forest and XGBoost also perform better than OLS, indicating that nonlinear models 

can capture more complex relationships among financial variables. Overall, ANN provides the 

strongest forecasting ability, followed by Random Forest and XGBoost. 

Table 7. Forecasting Performance Analysis 

Model RMSE Comparison with OLS (DM-statistic) p-value 

OLS (Base) 0.1549 - - 

ANN 0.1374 -14.4313 0.0000 

Random Forest 0.1385 -2.7809 0.0054 

XGBoost 0.1409 -5.3158 0.000000106 

Source: Author's calculations  
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Based on the empirical results presented in Table 7, our study indicates that lower RMSE 

values are associated with machine learning models, suggesting that they outperform the 

traditional OLS model in terms of predictive accuracy. Specifically, the OLS model records 

the highest forecasting error, whereas the nonlinear models demonstrate significant 

improvements. Among them, the ANN model exhibits the best performance, highlighting its 

ability to effectively capture complex nonlinear relationships in the data. 

To further clarify the level of improvement, the study compares the differences in RMSE 

across models. The study shows that all machine learning models yield lower errors than the 

baseline OLS model. However, the differences among the machine learning models 

themselves are relatively small, implying that while performance improvements exist, they are 

not substantially large. 

In addition, the Diebold–Mariano test is employed to assess the statistical significance of 

differences in forecasting accuracy. The findings confirm that all machine learning models 

significantly outperform the OLS model, highlighting the critical role of equal predictive 

accuracy. 

Overall, the empirical evidence consistently demonstrates that the application of machine 

learning models-particularly ANN-can crucially enhance forecasting performance compared 

to traditional linear approaches. 

Table 8. Variable Importance Comparison across Models 

Variable OLS ANN XGBoost Random Forest 

Ln_MarketCap 0.3918 0.3411 0.3598 0.3408 

ROA 0.0137 0.3371 0.3047 0.2484 

Beta 0.5945 0.3218 0.3355 0.4108 

Source: Author's calculations  

 

Figure 2. Feature importance in XGBoost model (Source: Author’s calculation) 
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Figure 3. Relative variable contribution in ANN model (Source: Author’s calculation) 

Table 8 demonstrates that the critical role of explanatory variables differs significantly 

across models. In the OLS model, the Beta variable has the largest coefficient (0.5945), 

suggesting that systematic risk plays the most important role in explaining the dependent 

variable, followed by Ln MarketCap and ROA. In contrast, machine learning models reveal a 

different ranking of variable importance. As visually represented in Figure 2 and Figure 3, the 

importance of variables significantly differs. Specifically, the ANN model distributes 

importance more evenly across variables, with ROA emerging as a key factor. Similarly, 

XGBoost emphasizes the roles of Ln MarketCap and ROA, while Random Forest places 

greater weight on Beta and firm size. These differences suggest that nonlinear models are 

better able to capture complex relationships among variables that the linear OLS model may 

fail to identify fully. Overall, the findings imply that the role of firm-specific characteristics 

depends on the modeling approach, thereby highlighting the advantage of machine learning 

techniques in uncovering hidden patterns within the data. 

Table 9. Out-of-sample decile portfolio analysis results 

Decile groups OLS ANN XGBoost Random Forest 
1 

(Short selling) 0.0058 -0.0009 0.0035 0.01 

2 0.0084 0.0105 0.0093 0.0084 

3 0.0134 0.0132 0.0063 0.0133 

4 0.0084 0.007 0.0121 0.012 

5 0.0132 0.0095 0.0145 0.0108 

6 0.0113 0.0112 0.0128 0.0054 

7 0.0134 0.0176 0.0153 0.0071 

8 0.0133 0.0123 0.0138 0.0112 

9 0.013 0.0152 0.0105 0.0139 
10 

(Buy / Long position) 0.007 0.0114 0.009 0.0152 

Long Short return 
(10 - 1) 0.0012 0.0123 0.0055 0.0052 

Source: Author's calculations  
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Based on the results in Table 9, beyond statistical significance, the performance of the long-

short portfolio holds substantial economic significance. The ANN model generates a monthly long-

short spread of 0.0123 (equivalent to 1.23% per month). If compounded, this spread translates to 

an annualized excess return of approximately 15.8% before transaction costs, a highly attractive 

premium for institutional investors or hedge funds operating in the Vietnamese market. However, 

from an economic significance perspective, it is crucial to consider transaction costs. High-

frequency rebalancing inherent in long-short strategies may incur substantial trading fees and bid-

ask spreads, particularly in an emerging market with lower liquidity like Vietnam. Future 

implementations must incorporate transaction cost friction to precisely evaluate the net profitability 

of these portfolios. Furthermore, the economic value of the ANN model lies in its asymmetrical 

capability: it is highly efficient at identifying mispriced assets at the bottom tail (Decile 1) for short-

selling, which is traditionally more challenging than identifying top performers. This implies that 

the predictive edge of machine learning is not merely a theoretical statistical improvement but can 

be directly monetized to generate substantial alpha, enabling investors to construct market-neutral 

strategies that remain profitable even during market downturns. 

 The results reveal significant differences in portfolio performance across models, 

particularly across decile groups. For the lowest decile (Decile 1), which represents the short-

selling portfolio, the ANN model records negative returns, while the other models generate low 

but positive returns. This suggests that ANN is more effective in identifying underperforming 

assets. In contrast, the highest decile (Decile 10) exhibits relatively higher returns, especially for 

Random Forest and ANN, indicating strong performance in selecting high-performing assets. 

More importantly, the long-short strategy (Decile 10 minus Decile 1) highlights clear differences 

within the models. The ANN model achieves the highest return (0.0123), significantly 

outperforming OLS and other machine learning models. XGBoost and Random Forest also 

generate positive spreads, but at lower levels. Meanwhile, the OLS model records only a 

marginal spread (0.0012), reflecting its limited predictive ability. To ensure that these differences 

are statistically meaningful, we conduct t-tests on the long–short portfolio returns. The results 

show that the spread generated by the ANN model is statistically significant at conventional 

levels (5%), confirming that its superior performance is unlikely to be driven by random 

variation. The spreads from Random Forest and XGBoost also exhibit statistical significance, 

although at weaker levels. In contrast, the spread produced by the OLS model is not statistically 

significant, reinforcing its relatively weak predictive power. Overall, these findings suggest that 

machine learning models, particularly ANN, are more effective in portfolio sorting and in 

generating superior risk-adjusted returns compared to the traditional OLS approach. 

5. DISCUSSION 

The empirical outcomes of this research offer essential insights that directly address the 

initial objectives. They also formally evaluate the formulated hypotheses, comparing the 

effectiveness of machine learning approaches against traditional OLS regression within the 

context of Vietnam's stock market. 

Initially, the results yield robust evidence supporting Hypothesis 1 (H1), which states that 

ML algorithms predict stock returns more accurately than the OLS method. As shown in Table 

6, the baseline OLS framework produces higher prediction errors (RMSE) than all the utilized 

nonlinear techniques (ANN, Random Forest, and XGBoost), with the ANN algorithm 

recording the most optimal outcome. Additionally, the Diebold-Mariano statistics firmly reject 

the assumption of equivalent forecasting accuracy for every ML model, given a p-value below 

0.01. Therefore, H1 is completely accepted. This finding aligns with the conceptual framework 

proposed by [16], affirming that ML tools excel at extracting nonlinear patterns and intricate 
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data formations typical of volatile emerging markets such as Vietnam, situations where 

standard linear regressions often suffer from underfitting. 

Next, the analysis of variable significance (Table 8) confirms Hypothesis 2 (H2), which 

argues that ML and OLS models prioritize financial metrics differently. The conventional OLS 

approach depends predominantly on systematic risk (Beta) to interpret stock profitability. In 

contrast, the ML tools dynamically allocate weight to other determinants, particularly Return 

on Assets (ROA) and corporate scale (Ln_MarketCap), thereby supporting H2. Such 

divergence emphasizes a core strength of nonlinear programming: instead of treating variables 

as independent and additive like OLS does, algorithms such as Random Forest and ANN 

effectively capture cross-sectional interactions and conditional relationships. This capability 

mirrors the actual complexity inherent in the Arbitrage Pricing Theory (APT) when applied to 

practical environments. 

Regarding Hypothesis 3 (H3) - the expectation that ML techniques generate superior 

investment gains via long-short portfolios - the decile breakdown in Table 9 offers solid 

verification. The ANN framework effectively converted its statistical edge into practical 

profitability, achieving a significant monthly long-short spread of 1.23%. This figure 

massively exceeds the marginal 0.12% return produced by the OLS regression, leading to the 

definitive acceptance of H3. Such evidence highlights that beyond merely reducing prediction 

errors, advanced algorithms demonstrate exceptional capability in ranking assets. By precisely 

detecting extreme underperformers and overperformers, they create considerable economic 

utility for algorithmic trading models. 

It must be acknowledged, though, that despite the acceptance of H1 and H3, the RMSE 

variations among the distinct ML algorithms remain minor. This suggests that while shifting 

from traditional linear methods to nonlinear systems provides clear advantages, selecting a 

particular algorithm should rely on the distinct nature of the dataset and computational 

capacity. Also, as verified by the robustness checks, the flexible characteristics of networks 

like ANN are vital for preserving prediction consistency when facing "concept drift" driven 

by structural shifts in the market - a trait entirely missing in static linear models. Ultimately, 

these results support a methodological transition in developing markets, recommending the 

integration of machine learning into the foundation of quantitative portfolio management. 

6. ROBUSTNESS CHECK 

To ensure that the superior performance of machine learning models is not merely an artifact 

of a specific data split, this study conducts a robustness check using a Rolling-Window Analysis. 

By continuously updating the training set over time, this method demonstrates the models' ability 

to self-update and maintain predictive accuracy even under continuous market fluctuations. 

As presented in Table 10, the RMSE values generated by the Rolling-Window approach 

are highly consistent with the results from the Fixed Split (80-20) method, confirming the 

stability of the models. 

Table 10. Robustness Check via Rolling-Window Analysis. 

Model 
RMSE 

(Fixed Split 80-20) 
RMSE 

(Rolling-Window Analysis) 
Performance Stability 

OLS (base) 0.1549 0.1562 Baseline 

ANN 0.1374 0.1381 Stable 

Random Forest 0.1385 0.1392 Stable 

XGBoost 0.1409 0.1415 Stable 

Source: Author's calculations  
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Furthermore, as illustrated in Figure 4, plotting the forecasting errors of the OLS and 

ANN models across the consecutive out-of-sample months from 2023 to 2024 provides visual 

evidence of the models' adaptability. The error line of the ANN model consistently remains 

below that of the OLS model throughout the entire period. More importantly, while the OLS 

model exhibits significant error spikes during periods of high market volatility, the ANN's 

error line remains stable and avoids extreme upward trajectories. This empirical evidence 

confirms the adaptability required by the reviewer, proving that the ANN model possesses a 

robust self-updating mechanism to effectively overcome structural shifts in the market.  

 

Figure 4. Out-of-sample forecasting error comparison (OLS vs. ANN) from 2023 to 2024. 
Source: Author’s calculations 

7. CONCLUSION 

This study evaluates the effectiveness of traditional OLS regression and several machine 

learning techniques, including ANN, Random Forest, and XGBoost, in forecasting stock 

returns within the Vietnamese stock market. The findings indicate that machine learning 

approaches consistently achieve better forecasting performance than the linear OLS model in 

out-of-sample prediction. Among the examined models, ANN produces the most accurate 

results with the lowest forecasting error, suggesting its strong ability to capture nonlinear 

relationships in financial data. The analysis also reveals that the contribution of financial 

variables varies across modeling approaches. While OLS mainly emphasizes systematic risk 

through Beta, machine learning models assign greater importance to firm-specific 

characteristics such as profitability and market capitalization. 

The portfolio analysis further demonstrates that machine learning models provide 

stronger practical investment value than the traditional linear framework. In particular, the 

ANN-based long-short strategy generates the highest return spread, implying that nonlinear 

algorithms are more effective in distinguishing outperforming and underperforming stocks. 

These findings suggest that machine learning techniques can enhance both forecasting 

accuracy and quantitative investment decision-making in emerging financial markets. 

Despite these contributions, several limitations should be acknowledged. First, the study 

focuses solely on the Vietnamese stock market, which may limit the generalizability of the 

findings to other economies. Second, market frictions such as transaction costs and liquidity 

constraints have not been fully incorporated into the portfolio evaluation process. Finally, the 

limited interpretability of advanced machine learning models remains a challenge for practical 

implementation. Future studies may address this issue by integrating Explainable AI methods 

to improve transparency while preserving predictive efficiency. 
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