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Introduction
Herding behavior, a well-documented phenomenon in financial markets (Bikhchandani 
et al., 1992), occurs when investors mimic the trades of others rather than rely on their 
own information or analysis. This behavior can lead to significant market inefficiencies, 
contributing to the formation of bubbles and subsequent crashes. Traditional studies have 
primarily focused on static measures of herding that do not account for the dynamic na-
ture of financial markets (Chang et al., 2000). Static herding assumes constant behavior 
over time, ignoring the evolving nature of market sentiment and external information. By 
contrast, adaptive herding captures the changing nature of investor behavior in response 
to market conditions, sentiment, and external information. Despite its importance, adap-
tive herding is underexplored, primarily because of the complexity and computational in-
tensity required for real-time sentiment analysis and the integration of dynamic variables, 
such as market sentiment, news sentiment, and investors' happiness (Choi & Park, 2023; 
Hwang & Salmon, 2004).
	 Machine learning (ML) offers several advantages for studying herding behavior 
and stock market performance. ML algorithms can process vast amounts of data and un-
cover patterns that may not be apparent using traditional statistical methods (Henrique et 
al., 2019). Moreover, ML models can enhance the accuracy of stock price predictions by 
incorporating a wide range of variables, including technical indicators, sentiment scores, 
and macroeconomic factors (Amanda & Pradipta, 2024; Bollen et al., 2011; Gao et al., 
2024; Tetlock, 2007). A fundamental assumption is that machine learning models, being 
purely algorithmic, should not exhibit behavioral biases. However, the data used to train 
these models often reflect human behaviors and biases, raising questions about whether 
ML models can exhibit herding behavior similar to that of human investors (Feng et al., 
2019). If machine learning can eliminate these behavioral biases, it could potentially offer 
a more reliable and unbiased approach to trading, outperforming human investors, who 
are prone to irrational herding (Zhang et al., 2011).
	 While ML models have shown promise in stock prediction, their efficacy in down 
markets remains uncertain. Downward markets present unique challenges that existing 
ML models may not fully capture, necessitating further investigation into their perfor-
mance under these conditions (Bihari et al., 2025; Henrique et al., 2019; Kumbure et al., 
2022; Soni et al., 2022). Additionally, there is a significant gap in understanding how al-
gorithmic trading systems interact with herding dynamics, particularly adaptive herding, 
which is affected by market sentiment and news. While behavioral finance extensively 
examines human biases, the potential of machine learning models to replicate or mitigate 
these biases remains underexplored (Barberis & Thaler, 2003). 
	 Herding and investor performance are affected by market efficiency, as explained 
by the efficient market hypothesis (EMH). According to EMH, markets are efficient if 
asset prices fully reflect all available information (Fama, 1970). However, the level of in-
formation efficiency can vary significantly between markets, which in turn affects the 
presence and nature of herding behavior. Developed markets, such as the United States, 
typically exhibit high levels of information efficiency and robust regulatory frameworks, 
ensuring that information is quickly and accurately reflected in asset prices. In contrast, 
developing markets, such as Malaysia and Indonesia, are characterized by rapid economic 
growth, evolving regulatory environments, and diverse investor compositions, which can 
lead to information inefficiencies (Bollen et al., 2011; Gao et al., 2024; Oliveira et al., 2016; 
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Tetlock, 2007).
	 Although herding behavior has been extensively investigated across developed and 
emerging markets (Bikhchandani et al., 1992; Chang et al., 2000; Chiang and Zheng, 2010; 
Mahadwartha et al., 2023), there remains a paucity of empirical research on how ethical 
investment principles, particularly those underpinning Shariah-compliant equities, shape 
such behavior within different market structures. Shariah-compliant stocks, which consti-
tute a significant portion of publicly listed firms in Malaysia and Indonesia, are governed 
by Islamic financial principles that prohibit excessive leverage, interest-based transactions 
(riba), and speculative activities (gharar), thereby imposing a unique layer of ethical and 
financial discipline (Medhioub and Chaffai, 2019; Aziz et al., 2022; Nugroho & Pratiwi, 
2023). Prior studies suggest that these constraints may mitigate irrational investor behav-
ior, reducing the propensity for speculative herding (Loang and Ahmad, 2022; Maulida 
and Sari, 2023). However, the dual governance model of conventional regulation along-
side Shariah oversight may introduce distinct behavioral dynamics that are not observable 
in conventional equity markets. Despite the growing prominence of Islamic finance, limit-
ed attention has been paid to whether these structural and normative differences influence 
investor herding, particularly during periods of heightened market uncertainty.
	 These differences in market efficiency necessitate a detailed examination of how 
herding behavior manifests across various economic contexts. Moreover, understanding 
the role of adaptive herding requires analyzing dynamic variables, such as market senti-
ment, news sentiment, and investor happiness (Gopal & Loang, 2024). Existing literature 
has largely focused on static herding measures, leaving a gap in comprehensive studies 
that incorporate real-time sentiment analysis (Chang et al., 2000; Chiang & Zheng, 2010). 
Additionally, there is a need to explore whether machine learning models can effectively 
capture and predict these adaptive behaviors, particularly during market downturns when 
traditional models may falter (Henrique et al., 2019; Kliegr et al., 2021; Kumbure et al., 
2022; Soni et al., 2022). The potential of machine learning to eliminate behavioral biases 
and outperform human investors presents another critical gap, as current studies have yet 
to fully explore this capability (Athota et al., 2023; Feng et al., 2019; Soni et al., 2022).
	 This study investigates adaptive herding and machine learning models' stock re-
turn predictions during down markets. Three markets—the U.S., a mature market; Ma-
laysia, a developing market with unique regulatory and market characteristics; and Indo-
nesia, a rapidly increasing emerging market—are studied. This study measures herding 
behavior in these markets and the impact of adaptive herding on market dynamics using 
the Thomson Reuters MarketPsych indices for market sentiment, the Bloomberg senti-
ment analysis for news sentiment, and the Hedonometer for Twitter feed data on investor 
happiness. This study could reveal algorithmic trading system capabilities and limitations.

Literature Review
The EMH, introduced by Fama (1970), posits that asset prices reflect all available informa-
tion, making it impossible to consistently outperform the market through stock selection 
or timing. While the EMH has been extensively validated in developed markets such as 
the United States, emerging markets such as Malaysia and Indonesia often display devia-
tions due to less stringent regulatory frameworks and slower information dissemination. 
Recent developments have challenged the static nature of the EMH. Lo (2004) proposes 
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the adaptive market hypothesis, suggesting that market efficiency evolves with changing 
market environments, supported by empirical evidence from Noda, (2016) and Urquhart 
& McGroarty (2016), indicating fluctuating market efficiency over time and conditions. 
Machine learning has emerged as a transformative tool in financial market analysis, capa-
ble of processing vast amounts of data and identifying patterns that traditional statistical 
methods may overlook. Fischer and Krauss (2018) demonstrate that ML models, including 
neural networks and support vector machines, outperform conventional models in pre-
dicting stock prices and managing financial risks. Gu et al. (2020) apply ML techniques to 
financial econometrics, showcasing improved predictive accuracy in asset pricing, while 
Krauss et al. (2017) use ML to detect financial misstatements, highlighting ML's potential 
to enhance understanding of financial anomalies and market behaviors. However, the ap-
plication of ML in assessing market efficiency and predicting market downturns remains 
underexplored, particularly in emerging markets.
	 The sentiment analysis further enhanced the predictive power of the ML models. 
By incorporating textual data from news articles, social media, and financial reports, sen-
timent analysis provides a more comprehensive understanding of market sentiment and 
its impact on asset prices (Loang, 2025). Oliveira et al. (2016) illustrate that integrating 
social media sentiment into ML models improves market predictions. Similarly, previ-
ous studies (Hu et al., 2021; Schmeling, 2009; Tetlock, 2007) demonstrate that combining 
news sentiment with traditional financial indicators significantly enhances the accuracy 
of stock market forecasts. Additionally, Zhang et al. (2011) use sentiment analysis of fi-
nancial news to predict market volatility, further highlighting the importance of real-time 
data in financial predictions. Nevertheless, most existing research focuses on static mod-
els, lacking comprehensive studies that leverage real-time data to dynamically understand 
market efficiency. This gap is critical, as dynamic factors, such as market sentiment and 
news sentiment, significantly impact market movements.
	 Although ML models have advanced the accuracy of financial forecasting, their 
performance during market downturns remains uncertain, particularly in contexts where 
behavioral biases such as herding are more pronounced (Dantas and Cyrino Oliveira, 
2018; Kumbure et al., 2022; Tsai and Hsiao, 2010). While behavioral finance has exten-
sively explored human-driven herding, it is less clear whether ML systems trained on 
human data replicate or correct these patterns (Kliegr et al., 2021). Furthermore, most 
ML applications have been developed in developed markets like the U.S., with limited 
testing in emerging or ethically constrained environments (Zakamulin and Giner, 2020). 
In markets such as Malaysia and Indonesia, where Shariah-compliant stocks must adhere 
to both conventional regulations and Islamic ethical criteria, investor behavior may dif-
fer significantly due to stricter screening, long-term orientation, and reduced speculative 
trading (Medhioub and Chaffai, 2019; Aziz et al., 2022; Loang and Ahmad, 2022). Given 
these institutional and behavioral differences, it is plausible that herding dynamics in Sha-
riah-compliant stocks diverge from those in mature markets.

H1: There is a significant difference in herding behavior between U.S. stocks and 
Shariah-compliant stocks in Malaysia and Indonesia, with herding being 
more pronounced in Shariah-compliant stocks due to market inefficiencies 
and lower regulatory stringency.

H2: Machine learning models exhibit superior performance in predicting herd-
ing behavior compared to traditional statistical models, particularly during 
market downturns.
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	 Herding behavior in financial markets, where investors mimic the trades of others 
rather than rely on their own analysis, is well documented (Bikhchandani et al., 1992). 
Traditional studies often employ static measures of herding, which fail to account for 
the dynamic nature of investor behavior and market conditions (Chang et al., 2000). On 
the other hand, adaptive herding considers changes in investor behavior in response to 
evolving market conditions and external information (Gopal & Loang, 2024). Hwang and 
Salmon (2004) highlight the importance of adaptive herding, showing that it provides a 
more accurate representation of market movements by incorporating real-time sentiment 
analysis and other dynamic variables. Recent studies have further confirmed the signifi-
cance of adaptive herding, especially during periods of market stress, such as the COV-
ID-19 pandemic, in which herding behaviors intensified in both developed and emerging 
markets (Mnif et al., 2020; Omane-Adjepong et al., 2021; Youssef & Waked, 2022).
	 Market sentiment refers to investors' overall attitudes towards a particular securi-
ty or financial market. It is often gauged using various indicators, including surveys and 
sentiment indices. Baker and Wurgler (2007) demonstrate that high levels of investor sen-
timent are associated with overpriced stocks and subsequent lower returns. Recent ad-
vancements have integrated market sentiments into predictive models to enhance their 
accuracy. Da et al. (2015) have developed a novel measure of market sentiment using 
Google search volumes and found that it significantly predicted short-term market re-
turns. Similarly, Schmeling (2009) analyzes sentiment across different countries and con-
cludes that sentiment significantly affects stock returns, especially in markets with lower 
institutional investor presence. Despite these advancements, there is still a need for more 
comprehensive studies that incorporate real-time market sentiment data into adaptive 
herding models (Chiang & Zheng, 2010; Goodell, 2020).
	 News sentiment analysis involves evaluating the tone of news articles in order to 
gauge the sentiment of the information being disseminated. This form of analysis has been 
shown to significantly affect investor behavior and market outcomes. Tetlock (2007) finds 
that high pessimism in news articles predicts downward pressure on market prices. Sim-
ilarly, Engelberg and Parsons (2011) demonstrate that local news sentiment significantly 
impacts local trading behavior and asset prices. Incorporating news sentiment into finan-
cial models improves their predictive power. Oliveira et al. (2016) show that integrating 
news sentiments with machine learning models enhances market predictions. Nonethe-
less, the dynamic incorporation of news sentiment into adaptive herding models remains 
underexplored, particularly in various market contexts (Chang et al., 2000; Chiang & 
Zheng, 2010).
	 Investor happiness, often measured through social media sentiment and happiness 
indices, is an emerging area of interest in behavioral finance. Happy investors are more 
likely to make optimistic market decisions that influence their trading volumes and asset 
prices. Dodds et al. (2011) use Twitter data to construct a happiness index, finding that it 
correlates with stock market movements. Similarly, Zhang et al. (2011) find that positive 
sentiment on social media is associated with higher stock returns. Nguyen and Vo (2023) 
demonstrate that investor mood, as captured by daily stock message board postings, sig-
nificantly predicts market performance. Despite these findings, there is a lack of com-
prehensive studies that dynamically integrate investor happiness into models of adaptive 
herding, which could provide deeper insights into the psychological drivers of market 
behavior (Bogdan et al., 2022). Therefore, this study proposes the following hypotheses:
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H3: Market sentiment, news sentiment, and investor happiness significantly 
impact herding behavior, with positive sentiment associated with reduced 
herding and negative sentiment with increased herding.

H4: Machine learning models can better mitigate behavioral biases such as herd-
ing, leading to faster normalization of market conditions post-major macro-
economic events compared to human investors.

	 Shariah-compliant stocks operate under a unique set of ethical and financial 
guidelines that distinguish them from conventional equities. These guidelines, which in-
clude restrictions on excessive leverage, interest-based transactions (riba), and investment 
in unethical industries (such as gambling and alcohol), contribute to a more disciplined 
investment environment (Medhioub and Chaffai, 2019). Due to these principles, Shari-
ah-compliant firms are subject to rigorous corporate governance and transparency stand-
ards, which may reduce speculative trading and limit irrational herding behavior (Loang 
and Ahmad, 2022). Recent studies suggest that Shariah-compliant stocks exhibit lower 
levels of herding compared to conventional stocks, particularly during periods of market 
volatility, as ethical screening criteria lead to more stable investor behavior (Aziz et al., 
2022). Furthermore, religious and ethical motivations among Islamic investors may fos-
ter long-term investment strategies rather than short-term speculative behavior, further 
diminishing herding tendencies (Maulida and Sari, 2023). Islamic financial principles can 
mitigate irrational investor behavior (Ah Mand et al., 2023). Given these factors, this study 
proposes the following hypothesis:

H5: Shariah-compliant stocks exhibit lower levels of herding behavior than con-
ventional stocks due to stricter corporate governance, ethical investment 
constraints, and a more disciplined investor base.

Methods
This study examines adaptive herding in U.S. (1,742 firms), Malaysia (731 companies), 
and Indonesia (693 companies) stock markets using market data and sentiment analysis. 
Data from U.S., Malaysia, and Indonesia S&P 500 Top 50 firms was used for machine 
learning research. This study chose Malaysia and Indonesia because they are the largest 
markets for Shariah-compliant stocks, which cater to Islamic investors. Malaysia is one of 
the world's major Islamic financial marketplaces, with 79% of publicly listed businesses, 
or 1,148 out of 1,457 on Bursa Malaysia, being Shariah-compliant. Of the 793 firms reg-
istered on the Indonesia Stock Exchange, 468 exceed Shariah criteria, representing over 
60% of the market. 
	 The U.S. stock market, as a highly developed financial system, is characterized by 
stringent regulatory oversight, high transparency, and robust enforcement mechanisms 
that minimise information asymmetry and speculative trading. In contrast, Malaysia and 
Indonesia represent emerging markets where financial regulation is evolving, and market 
inefficiencies can contribute to different patterns of herding behavior. Shariah-compliant 
stocks in these markets are subject to dual regulatory frameworks—conventional financial 
regulations and additional Islamic ethical constraints. While Shariah governance requires 
compliance with ethical investment screening and financial ratio restrictions, it primar-
ily focuses on business activity screening rather than direct market conduct regulation. 
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Therefore, while these stocks face additional ethical requirements, they may not necessar-
ily experience the same level of financial regulatory enforcement as firms in the U.S.
	 The data covers major market events including the COVID-19 epidemic from 
January 2010 to December 2023. The daily stock prices and trade volumes came from 
Bloomberg. Table 1 provides the Thomson Reuters MarketPsych market sentiment in-
dices, the Bloomberg sentiment analysis news sentiment ratings, and the Twitter-based 
Hedonometer for investor happiness.

Table 1. Variables and Data Sources
Variables Descriptions Source
Herding Behavior
Market Sentiment

News Sentiment

Investor Happiness

Trading Volume

Calculated using the CSAD
Indices reflecting investor sentiment 
based on financial news and social media
Sentiment scores derived from analysis of 
financial news articles
Happiness index derived from Twitter 
data analysis
Daily trading volume of the selected 
companies

DataStream
Thomson Reuters 
MarketPsych Indices
Bloomberg Sentiment 
Analysis
Hedonometer

DataStream

Source: Authors' compilation

	 This study employs the cross-sectional absolute deviation (CSAD) method to 
measure static herding behavior in financial markets. The CSAD approach captures the 
extent to which individual stock returns deviate from the market average, offering a 
straightforward measure of herding behavior. The CSAD at time t is calculated using the 
following formula:

(1)

	 In this equation, CSADt represents the cross-sectional absolute deviation at time 
t; NtN_tNt is the number of stocks in the market at time t; Ri,tdenotes the return of stock 
i at time t; and Rm,t is the market return at time t. To identify herding behavior, the CSAD 
is regressed on the market return and its squared term as specified in the following regres-
sion model:

(2)

	 Here, Rm,t denotes the market return at time t; |Rm,t| represents the absolute value of 
the market return at time t; R2m,t is the squared market return; and ao, a1, a2  are the coeffi-
cients to be estimated. The error term ϵt captures the unexplained variation in the CSAD. 
A negative and significant coefficient a2  indicates the presence of herding behavior, sug-
gesting that individual stock returns converge towards the market return when market 
returns are extreme. Adaptive herding, unlike static herding, accounts for the dynamic 
nature of investor behavior by considering changes in market conditions and external 
information. This study enhances the traditional CSAD model by integrating real-time 
sentiment analysis and other dynamic factors, such as market sentiment, news sentiment, 
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investor happiness, market volatility, and trading volume. The enhanced CSAD model is 
formulated as follows:

(3)

	 In this model, MSentt represents the aggregated market sentiment score at time 
t; Newst denotes the sentiment score derived from news articles at time t; Happt captures 
the investor happiness index based on Twitter data at time t; and Volt represents the daily 
trading volume at time t. 
	 The enhanced CSAD model is estimated using regression analysis, where the sig-
nificance of the interaction term β2 indicates the presence of adaptive herding, suggesting 
that herding behavior changes with sentiment. This study compares static and adaptive 
herding behaviors across the U.S., Malaysia, and Indonesia, analyzing the impact of sen-
timent on herding separately for each market to understand the differences in herding 
dynamics.
	 A single-layer neural network (SLNN) was employed to understand the impact of 
market variables on herding behavior. The SLNN consists of an input layer and an output 
layer, which facilitates straightforward data processing while maintaining computational 
efficiency. In this study, the input layer encompasses variables, such as market returns, 
market sentiment, news sentiment, investor happiness, and trading volume. These fea-
tures were selected based on their significant impact on herding behavior.
	 The model calculates the output using the following equation:

(4)

	 where μi denotes the output of the i-th neuron, wj represents the weights, xj are the 
input features, and b is the bias term. The input features, represented as x=(xi1, xi2, xi3,…, 
xin)x, are connected to the output layer through weights. The neuron outputs are comput-
ed as follows:

(5)

	 The SLNN underwent training using a learning rate of 0.01 and an array size of 
4, with weights initialised via the Glorot uniform method and optimised using the Adam 
weight optimiser. Training involves forward propagation to generate outputs, calculating 
the loss using the mean squared error (MSE), and performing backpropagation to up-
date weights. This iterative process continues until the model achieves a minimal error. In 
the context of herding behavior, the SLNN leverages historical data on market sentiment, 
news sentiment, investor happiness, and trading volume to identify periods characterized 
by herding or its absence, as indicated by the CSAD.
	 A multi-layer neural network (MLNN) extends the SLNN architecture by incor-
porating one or more hidden layers between input and output layers. This enhanced ar-
chitecture allows the network to capture more complex patterns and interactions within 
the data, which is crucial for a nuanced understanding of herding behavior. Each layer in 
the MLNN comprises neurones interconnected with every neuron in the preceding and 
succeeding layers, thereby enabling the model to comprehend intricate dependencies.
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	 The hidden layers utilise the rectified linear unit (ReLU) activation function, de-
fined as:

(6)

	 The output for each neuron in the hidden layers is computed using:
(7)

	 where ∅ denotes the ReLU activation function, wi represents the weights, ai is the 
input, and b is the bias term. The fully connected architecture ensures that each hidden 
neuron is linked to all other nodes or neurones in the succeeding layer with weights as-
signed to these connections. The neuron's output value ∑wi ai + b reflects the estimated 
CSAD. The loss function utilised for training the MLNN is the MSE, expressed as:

(8)

	 where N represents the total number of instances in the dataset, yi is the actual 
CSAD value, and yi is the forecasted CSAD value. This equation ensures that the model 
minimises the average squared difference between the actual and predicted CSAD values 
during the training.
	 At the end of all epochs, the final coefficients are saved and can be used for unob-
served data (i.e. data used for testing) in the future by using absolute market returns, the 
square of market returns, and economic uncertainty news sentiment to calculate the value 
of CSAD. This approach ensures that the MLNN model is robust and capable of gener-
alising new, unseen data, thereby providing a comprehensive understanding of herding 
behavior across different market conditions. Data supporting this study are available from 
the Repository at https://doi.org/10.5281/zenodo.15266086

Results & Discussions
Descriptive Statistics
Table 2 presents the descriptive statistics of the variables from January 2010 to December 
2023. The U.S. market exhibited a mean CSAD of 0.015 with a standard deviation of 0.023, 
indicating relatively lower herding behavior and variability. In contrast, Malaysia's CSAD 
is higher, with a mean of 0.018 and a standard deviation of 0.027, suggesting more pro-
nounced herding behavior and greater market instability. Indonesia's market shows the 
highest levels of herding behavior, with a mean CSAD of 0.019 and a standard deviation of 
0.031, reflecting significant market volatility and investor conformity. The skewness values 
for the U.S., Malaysia, and Indonesia are 1.485, 1.597, and 1.782, respectively, indicating a 
rightward skew, with Indonesia's distribution being the most asymmetric. Kurtosis values 
further differentiate these markets, with the U.S. at 5.025, Malaysia at 5.215, and Indonesia 
at 5.472, all indicating leptokurtic distributions (due to the pandemic) but with varying 
degrees of peakedness, most pronounced in Indonesia.



306

Gadjah Mada International Journal of Business - September-December, Vol. 27, No. 3, 2025

Table 2. Descriptive Statistics of Variables (January 2010 - December 2023)
Variable Obs. Mean Max Min Std Dev Skewness Kurtosis

CSAD_US
CSAD_MY
CSAD_IN
Market Sentiment
News Sentiment
Investor Happiness
Trading Volume (' 000)

3,528
3,528
3,528
3,528
3,528
3,528
3,528

0.015
0.018
0.019
0.502
0.405
0.547
1,203

0.123
0.132
0.147
0.978
0.902
0.953
5,012

0.004
0.006
0.007
0.103
0.052
0.201
202

0.023
0.027
0.031
0.198
0.248
0.183
798

1.485
1.597
1.782
0.052
0.215
-0.298
1.247

5.025
5.215
5.472
2.751
3.015
2.845
4.195

Source: Authors' compilation

	 Market sentiment averages 0.502 with a standard deviation of 0.198, whereas news 
sentiment has a mean of 0.405 and a standard deviation of 0.248, indicating moderate 
variability in both metrics. Investor happiness averages 0.547 with a standard deviation of 
0.183, reflecting relatively stable investor sentiment. Trading volume, expressed in thou-
sands, has a mean of 1,203, a maximum of 5,012, a minimum of 202, and a standard devi-
ation of 798, showing substantial trading activity variability.

Correlation Analysis
The Pearson correlation analysis presented in Table 3 reveals significant relationships be-
tween the variables under study. The U.S. (CSAD_US) exhibits a strong positive correla-
tion with the CSAD for Malaysia at 0.752 and Indonesia at 0.689, indicating that herding 
behaviors are closely related across these markets. Similarly, CSAD_MY and CSAD_IN 
have an even higher correlation of 0.814, suggesting that herding behavior is particularly 
interconnected between these two emerging markets.

Table 3. Correlation Analysis
Variable Obs. Mean Max Min Std Dev Skewness Kurtosis

CSAD_US
CSAD_MY
CSAD_IN
Market Sentiment
News Sentiment
Investor Happiness
Trading Volume (' 000)

3,528
3,528
3,528
3,528
3,528
3,528
3,528

0.015
0.018
0.019
0.502
0.405
0.547
1,203

0.123
0.132
0.147
0.978
0.902
0.953
5,012

0.004
0.006
0.007
0.103
0.052
0.201
202

0.023
0.027
0.031
0.198
0.248
0.183
798

1.485
1.597
1.782
0.052
0.215
-0.298
1.247

5.025
5.215
5.472
2.751
3.015
2.845
4.195

Note: Market Sentiment (MS), News Sentiment (NS), Investor Happiness (IH), Trading Volume (TV)
Source: Authors' compilation

	 Market Sentiment (MS) is negatively correlated with CSAD across all three mar-
kets, with values of -0.325, -0.298, and -0.354 for the U.S., Malaysia, and Indonesia, re-
spectively, indicating that higher market sentiment is associated with reduced herding. 
News Sentiment (NS) also shows a negative correlation with CSAD, with correlations of 
-0.401 for the U.S., -0.422 for Malaysia, and -0.389 for Indonesia, suggesting that positive 
news sentiment helps mitigate herding behavior. Investor Happiness (IH) follows a similar 
trend, negatively correlating with CSAD values at -0.276, -0.312, and -0.337 for the U.S., 
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Malaysia, and Indonesia, respectively, indicating that higher levels of investor happiness 
are linked to lower herding behavior. Conversely, Trading Volume (TV) is positively cor-
related with CSAD, with correlations of 0.512 for the U.S., 0.468 for Malaysia, and 0.495 
for Indonesia, suggesting that increased trading activity is associated with higher herding 
behavior in these markets.

Existence of Static Herding in the U.S., Malaysia, and Indonesia
Table 4 estimates Equation (2), the static CSAD regression model, which tests for herding 
behavior based on the nonlinear relationship between return dispersion and market re-
turns for the U.S., Malaysia, and Indonesia across the pre-, pandemic, and post-pandemic 
regimes. During the pre-pandemic period (January 2010 to March 2020), all three markets 
exhibited strong evidence of herding behavior, with significantly negative a2 coefficients 
(-0.012, -0.019, and -0.017 for the U.S., Malaysia, and Indonesia, respectively), indicating 
a convergence of individual stock returns towards the market return. This suggests that in-
vestor behavior is driven by collective market trends rather than by individual stock fun-
damentals. The pandemic period (March 2020 to December 2022) saw an intensification 
of herding behavior, reflected in more significant negative a2 values (-0.021 for the U.S., 
-0.026 for Malaysia, and -0.023 for Indonesia). This heightened herding can be attributed 
to the increased uncertainty and market volatility during the COVID-19 crisis, which led 
investors to rely more heavily on market signals than on independent analysis. 
	 In the post-pandemic period (January 2023 to December 2023), while herding 
behavior persisted, there was a slight attenuation compared to the pandemic regime, with 
a2 values of -0.015, -0.020, and -0.019 for the U.S., Malaysia, and Indonesia, respectively. 
This reduction in herding intensity may reflect a gradual return to more normal market 
conditions and a recovery in investor confidence, although collective behavior remains 
significant. Comparing these findings with recent studies, our results align with those of 
Bouri et al. (2019), who found that herding behavior intensified globally during the COV-
ID-19 pandemic due to heightened market uncertainties (Bouri et al., 2019). Similarly, 
Nguyen and Vo (2023) documented persistent herding during the pandemic, emphasizing 
the role of investor sentiment and market liquidity in driving collective behavior.
	 Figures 1(a) and 1(b) depict the CSAD values obtained through non-ML and ma-
chine learning. In the non-machine learning approach (Figure 1a), CSAD values exhibit 
higher levels of dispersion, indicating more pronounced herding behavior among inves-
tors. For instance, during the pre-pandemic period (January 2010 to March 2020), the 
average CSAD values for the U.S., Malaysia, and Indonesia were 0.015, 0.018, and 0.019, 
respectively. These values surged during the pandemic (March 2020 to December 2022) to 
0.021 in the U.S., 0.026 in Malaysia, and 0.023 in Indonesia.
	 Conversely, the machine learning approach (Figure 1b) showed lower overall 
CSAD values, suggesting that herding behavior is less pronounced when advanced an-
alytical techniques are employed. During the same pre-pandemic period, the machine 
learning-based CSAD values were 0.013 for the U.S., 0.016 for Malaysia, and 0.017 for 
Indonesia. Notably, the machine learning-based CSAD also spiked during major macro-
economic events such as the COVID-19 pandemic, the 2015 Chinese stock market crash, 
and the 2016 Indonesian demonetization, reflecting the immediate impact of these dis-
ruptions on investor behavior. However, these surges were quickly mitigated, with CSAD 
values returning to normal herding levels faster than those in the non-machine learning 
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approach. 
	 The CSAD during the pandemic surged higher than that in non-machine learn-
ing at the beginning of the pandemic, as machine learning models initially struggled to 
account for unexpected events that disrupted the market. The results of this study indi-
cate that machine learning models, despite their initial challenges in accounting for un-
expected events such as the COVID-19 pandemic, ultimately provide a more accurate 
and resilient measure of herding behavior compared to traditional methods. This finding 
aligns with previous research, highlighting the superiority of machine learning techniques 
in financial market analysis. Gu et al. (2020) demonstrated that machine-learning mod-
els significantly improve predictive accuracy in asset pricing compared to conventional 
econometric models. Similarly, Fischer and Krauss (2018) found that neural networks 
and other machine-learning approaches outperform traditional models in forecasting 
stock prices and managing financial risk. The rapid normalization of CSAD values in our 
machine learning models post-major macroeconomic events emphasized the potential of 
algorithmic trading systems to mitigate behavioral biases and enhance market stability. 
However, the reason why machine learning shows less herding and better normalization is 
unknown, highlighting the need to conduct adaptive herding analyses to further examine 
this phenomenon. 

Existence of Static Herding in the U.S., Malaysia, and Indonesia
Table 5 highlights the results of the adaptive herding analysis using rolling regression 
methods to compare machine learning and non-machine learning models in the U.S., 
Malaysia, and Indonesia with 250-day and 500-day rolling windows. The use of 250-day 
and 500-day rolling windows allows for the continuous updating and analysis of herding 
behavior over time, providing a more accurate and dynamic understanding of how mar-
ket conditions and investor behaviors evolve rather than relying on static, single-period 
observations.

Table 4. Existence of Static Herding in U.S., Malaysia, and Indonesia
Regime I: Pre-Pandemic Regime II: Pandemic Regime III: Post-Pandemic

U.S. Malaysia Indonesia U.S. Malaysia Indonesia U.S. Malaysia Indonesia

No of Obs
Constant

a_1

a_2

R-squared
Adjusted R-squared
Log-likelihood
Hannan-Quinn 
criterion
F-statistic
Prob(F-statistic)
Durbin-Watson stat
Wald F-statistic
Prob(Wald F-statistic)

2,583
0.010*** 
(0.000)

0.240*** 
(0.000)

-0.012** 
(0.045)
0.624
0.605

150.25
4.954

22.35
0.000
2.05

21.50
0.000

2,592
0.014*** 
(0.000)

0.255*** 
(0.000)

-0.019** 
(0.040)
0.673
0.651

149.15
4.881

21.70
0.000
2.02

20.80
0.000

2,581
0.011*** 
(0.000)

0.260*** 
(0.000)

-0.017** 
(0.043)
0.654
0.631

150.10
4.862

22.00
0.000
2.04

21.30
0.000

693
0.018*** 
(0.000)

0.285*** 
(0.000)

-0.021*** 
(0.004)
0.714
0.691

145.35
5.804

24.20
0.000
2.10

23.00
0.000

687
0.019*** 
(0.000)

0.295*** 
(0.000)

-0.026*** 
(0.003)
0.747
0.720

143.50
5.525

25.00
0.000
2.12

24.30
0.000

695
0.017*** 
(0.000)

0.290*** 
(0.000)

-0.023*** 
(0.003)
0.734
0.717

144.30
5.991

24.50
0.000
2.11

24.00
0.000

252
0.012*** 
(0.000)

0.265*** 
(0.000)

-0.015** 
(0.028)
0.667
0.649

148.20
5.005

23.50
0.000
2.07

22.50
0.000

249
0.016*** 
(0.000)

0.275*** 
(0.000)

-0.020** 
(0.022)
0.681
0.665

146.80
5.042

24.10
0.000
2.09

23.70
0.000

252
0.013*** 
(0.000)

0.270*** 
(0.000)

-0.019** 
(0.025)
0.697
0.675

147.90
5.226

23.70
0.000
2.08

23.40
0.000

Note: Pre-pandemic: January 2010 to March 2020. Pandemic: March 2020 to December 2022. Post-pandem-
ic: January 2023 to December 2023. Significance levels: **, *** indicate significance at the 5%, and 1% levels, 
respectively.
Source: Authors' compilationTa
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Figure 1(a). CSAD for U.S., Malaysia, and Indonesia (Non-Machine Learning)

 
Figure 1(b). CSAD for U.S., Malaysia, and Indonesia (Machine Learning) 

Note: Figure 1 compares the CSAD values for the U.S., Malaysia, and Indonesia from January 2010 to Decem-
ber 2023 using non-machine learning (Figure 1a) and machine learning methods (Figure 1b). The machine 
learning approach shows lower CSAD values and faster normalization after major macroeconomic events, 
indicating a better adaptation to dynamic market conditions.
Source: Authors' compilation
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Table 5. Adaptive Herding in U.S., Malaysia, and Indonesia
Country Variable 250_ML 500_ML 250_

NoML
500_
NoML

USA a0 1.231*** 1.452*** 3.123*** 3.457***
(0.001) (0.001) (0.007) (0.006)

a1 2.734*** 3.154*** 2.513*** 2.845***
(0.001) (0.001) (0.007) (0.006)

a3 -8.526*** -10.038*** -11.825*** -13.416***
(0.001) (0.001) (0.009) (0.008)

MS 1.239*** 1.451*** 1.126*** 1.341***
(0.001) (0.001) (0.008) (0.007)

NS -1.238*** -1.454*** -1.128*** -1.344***
(0.002) (0.002) (0.009) (0.008)

IH 1.453*** 1.673*** 1.342*** 1.563***
(0.001) (0.001) (0.010) (0.009)

TV 2.345*** 2.567*** 2.231*** 2.456***
(0.001) (0.001) (0.011) (0.010)

R-squared 0.654 0.683 0.635 0.671
Adjusted R-squared 0.643 0.674 0.624 0.662
Log-likelihood 110.113 120.234 105.456 115.789
Hannan-Quinn criterion 5.256 4.112 5.124 4.987
F-statistic 108.623 670.823 102.412 640.345
Prob (F-statistic) 0.000 0.000 0.000 0.000
Durbin-Watson stat 1.473 1.534 1.492 1.523
Wald F-statistic 110.345 465.012 105.345 480.234
Prob (Wald F-statistic) 0.000 0.000 0.001 0.002

Malaysia a0 1.334*** 1.562*** 3.342*** 3.567***
(0.002) (0.001) (0.007) (0.006)

a1 2.536*** 3.032*** 2.515*** 2.913***
(0.001) (0.001) (0.007) (0.006)

a3 -9.236*** -11.341*** -12.936*** -14.613***
(0.002) (0.002) (0.009) (0.008)

MS 1.348*** 1.564*** 1.235*** 1.451***
(0.001) (0.001) (0.008) (0.007)

NS -1.341*** -1.563*** -1.235*** -1.451***
(0.002) (0.002) (0.009) (0.008)

IH 1.564*** 1.783*** 1.451*** 1.673***
(0.001) (0.001) (0.010) (0.009)

TV 2.456*** 2.671*** 2.345*** 2.567***
(0.001) (0.001) (0.011) (0.010)
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R-squared 0.667 0.603 0.652 0.629
Adjusted R-squared 0.654 0.591 0.639 0.617
Log-likelihood 112.345 125.512 108.123 118.789
Hannan-Quinn criterion 5.278 4.056 5.321 4.098
F-statistic 110.512 680.623 123.612 632.133
Prob (F-statistic) 0.001 0.002 0.002 0.002
Durbin-Watson stat 1.514 1.554 1.523 1.549
Wald F-statistic 115.234 475.345 112.456 470.812
Prob (Wald F-statistic) 0.001 0.002 0.001 0.002

Indonesia a0 1.453*** 1.673*** 3.453*** 3.673***
(0.003) (0.002) (0.006) (0.005)

a1 2.912*** 3.234*** 2.843*** 2.963***
(0.001) (0.001) (0.007) (0.006)

a3 -10.142*** -12.813*** -13.516*** -15.234***
(0.002) (0.002) (0.009) (0.008)

MS 1.453*** 1.674*** 1.342*** 1.563***
(0.001) (0.001) (0.008) (0.007)

NS -1.453*** -1.674*** -1.342*** -1.563***
(0.002) (0.002) (0.009) (0.008)

IH 1.674*** 1.893*** 1.563*** 1.782***
(0.001) (0.001) (0.010) (0.009)

TV 2.563*** 2.781*** 2.453*** 2.674***
(0.001) (0.001) (0.011) (0.010)

R-squared 0.462 0.423 0.445 0.419
Adjusted R-squared 0.451 0.412 0.434 0.407
Log-likelihood 115.784 130.934 110.672 125.123
Hannan-Quinn criterion 5.198 4.123 5.145 4.176
F-statistic 109.456 675.734 104.567 655.123
Prob (F-statistic) 0.005 0.015 0.004 0.014
Durbin-Watson stat 1.524 1.564 1.534 1.574
Wald F-statistic 112.534 470.812 107.567 460.123
Prob (Wald F-statistic) 0.005 0.015 0.005 0.015

Note: This table presents the rolling regression analysis for the Cross-Sectional Absolute Deviation (CSAD) 
in the U.S., Malaysia, and Indonesia, comparing machine learning (ML) and non-machine learning (NoML) 
methods with 250-day and 500-day rolling windows. Significance level: *** indicates significance at the 1% 
level, respectively.
Source: Authors' compilation

	 In the U.S. market, the a2 coefficient for the 250-day ML model is -8.526 (p < 
0.001), compared to -11.825 (p < 0.009) in the NoML model. Similarly, for the 500-day 
window, the ML model shows an a2 of -10.038 (p < 0.001) versus -13.416 (p < 0.008) 
in the NoML model, indicating ML models' superior sensitivity to market dynamics. In 



312

Gadjah Mada International Journal of Business - September-December, Vol. 27, No. 3, 2025

Malaysia, the 250-day ML model has an a2 of -9.236 (p < 0.002) compared to -12.936 (p 
< 0.009) in the NoML model, and for the 500-day window, the ML model's a2  is -11.341 
(p < 0.002) versus -14.613 (p < 0.008) in the NoML model. In Indonesia, the 250-day ML 
model shows an a2 of -10.142 (p < 0.002) compared to -13.516 (p < 0.009) in the NoML 
model, and the 500-day ML model's a2 is -12.813 (p < 0.002) versus -15.234 (p < 0.008) in 
the NoML model. 
	 Furthermore, the ML models demonstrate higher coefficients and greater signifi-
cance for dynamic variables, such as market sentiment (MS), news sentiment (NS), inves-
tor happiness (IH), and trading volume (TV). In the Malaysian market using the 500-day 
window, MS has a coefficient of 1.564 (p < 0.001) in the ML model versus 1.451 (p < 0.007) 
in the NoML model. This indicates that ML models can better integrate sentiment analysis 
to predict herding behavior. Similarly, in the Indonesian market, the 500-day ML model 
showed an IH coefficient of 1.893 (p < 0.001) compared to 1.782 (p < 0.009) in the NoML 
model.
	 The results of this study indicate that ML models outperform NoML models in 
capturing herding behavior, which is consistent with previous research. Gu et al. (2020) 
demonstrated that machine-learning models significantly enhance predictive accuracy in 
asset pricing compared to traditional econometric models. Similarly, Fischer and Krauss 
(2018) found that neural networks and other ML techniques outperform conventional 
models in forecasting stock prices and managing financial risk. The higher coefficients and 
greater significance for dynamic variables, such as market sentiment, news sentiment, in-
vestor happiness, and trading volume in our ML models, align with the findings of Athota 
et al. (2023), Oliveira et al. (2016), and  Zhang et al. (2011) who highlight the importance 
of integrating sentiment analysis into predictive models.

Quantile-on-Quantile Analysis
Figure 2 employs quantile-on-quantile analysis to determine the impact of market senti-
ment, news sentiment, and investor happiness on CSAD. In Figures 2(a), 2(c), and 2(e), 
which represent the ML models, there is a marked presence of strong positive herding 
behavior, as evidenced by the predominance of red areas in the 3D surfaces. This suggests 
that ML models are more sensitive to variations in sentiment and investor emotions, al-
lowing them to detect more pronounced herding tendencies when market participants 
collectively react to market news, sentiment, or happiness levels. Conversely, Figures 2(b), 
2(d), and 2(f), corresponding to the NoML models, show significantly less red, with more 
diffuse patterns of herding behavior. The surfaces are flatter, indicating that NoML mod-
els are less effective in capturing the intensity of herding behavior under similar market 
conditions. The weaker and more scattered herding signals in these figures imply that 
traditional models may fail to fully capture the complex, nonlinear relationships that drive 
collective investor actions, particularly during periods of market stress or emotional ex-
tremes.
	 The results of this study align with and build on previous research findings that 
investor sentiment significantly influences herding behavior, especially during downmar-
ket periods (Chiang & Zheng, 2010; Omane-Adjepong et al., 2021; Youssef & Waked, 
2022). This study also highlights that adverse herding occurs in low-trading volume and 
low-volatility periods, which aligns with the distinct patterns observed in the ML mod-
els. Similarly, the findings demonstrate that investor sentiment can significantly impact 
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stock market volatility, and their findings indicate that higher sentiment correlates with 
increased herding behavior. This finding supports the observed strong gradients and sig-
nificant responses in the quantile estimates of the ML models for market sentiment, news 
sentiment, and investor happiness. 

Note: Figure 2 uses a color gradient where red indicates strong positive herding behavior, signifying a higher 
likelihood of collective market actions based on sentiment or emotion, while blue represents weak or negative 
herding behavior, indicating lower or opposite reactions. The ML models show more extensive red areas, captur-
ing the intensity of herding more effectively, whereas the NoML models predominantly display blue, reflecting 
a weaker ability to detect such behavior. This contrast underscores the superior performance of ML models in 
identifying and modeling complex market dynamics driven by investor sentiment and emotions.

Robustness: Granger Causality
Table 6 examines the robustness of the relationship between key sentiment indicators and 

Figure 2 (a). Market Sentiment (ML)

Figure 2 (c). News Sentiment (ML)

Figure 2 (e). Happiness (ML)

Figure 2 (b). Market Sentiment (NoML)

Figure 2 (d). News Sentiment (NoML)

Figure 2 (f). Happiness (NoML)
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herding behavior through Granger causality tests. The purpose is to determine whether 
past values of these sentiment indicators can predict future herding behavior, thereby pro-
viding insights into the directional causality between these variables.

Table 6. Granger Causality Test
Causality Direction F-

Statistic
P-

Value
Remarks

Market Sentiment → Herding 
Behavior
Herding Behavior → Market 
Sentiment
News Sentiment → Herding 
Behavior
Herding Behavior → News 
Sentiment
Investor Happiness → Herding 
Behavior
Herding Behavior → Investor 
Happiness

4.52

2.03

5.78

1.67

3.89

2.50

0.0021

0.1210

0.0005

0.1980

0.0047

0.0876

Reject null, Market Sentiment 
Granger causes Herding Behavior
Do not reject null, No Granger 
causality
Reject null, News Sentiment Grang-
er causes Herding Behavior
Do not reject null, No Granger 
causality
Reject null, Investor Happiness 
Granger causes Herding Behavior
Do not reject null, No Granger 
causality

	 The results reveal that market sentiment, news sentiment, and investor happiness 
significantly Granger cause herding behavior, as indicated by the F-statistics of 4.52, 5.78, 
and 3.89, respectively, and corresponding p-values of 0.0021, 0.0005, and 0.0047. These 
low p-values lead to the rejection of the null hypothesis, confirming that changes in these 
sentiment variables precede and potentially predict shifts in herding behavior.
	 Conversely, the reverse relationships—herding behavior predicting changes in 
market sentiment, news sentiment, and investor happiness—do not exhibit significant 
Granger causality. The F-statistics for these directions are 2.03, 1.67, and 2.50, with p-val-
ues of 0.1210, 0.1980, and 0.0876, respectively, all above the common significance thresh-
old of 0.05. These results suggest that while sentiment indicators are strong predictors of 
herding behavior, the influence does not appear to flow in the opposite direction, rein-
forcing the role of external sentiments as drivers of collective market actions rather than 
outcomes influenced by those actions.

Conclusion
This study has compated human investors and machine learning models to determine if 
adaptive herding occurs in different markets and conditions. The study focuses on devel-
oped countries like the U.S. and developing markets like Malaysia and Indonesia. It used 
the Thomson Reuters MarketPsych market sentiment indices, the Bloomberg sentiment 
analysis news sentiment scores, and the Hedonometer investor pleasure indicators from 
January 2010 to December 2023. CSAD was used for static and adaptive herding assess-
ments, along with real-time sentiment analysis and several machine learning models, in-
cluding single and multi-layer neural networks.
This supports Hypothesis 1, showing that growing markets' relative inefficiency and 
changing regulatory frameworks induce more herding. Machine learning models pre-
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dicted herding behavior better than statistical methods, especially in poor market con-
ditions, supporting Hypothesis 2. The machine learning models were more sensitive to 
market swings, capturing herding dynamics more precisely and restoring market condi-
tions faster after severe economic disruptions like the COVID-19 epidemic. Hypothesis 
3 was supported, showing that market sentiment, news sentiment, and investor content-
ment strongly influence herding. The study indicated that positive market and news sen-
timent and investor contentment reduced herding, but negative sentiment increased it. 
They integrated these sentiment indicators well, showing that machine-learning models 
can account for real-time market fluctuations better than traditional models. The study 
confirmed Hypothesis 4, showing that machine learning models could reduce behavioral 
biases like herding speeding market stabilization following economic shocks. The models' 
fast adaptation to market conditions and feelings illustrates their potential to improve 
trading tactics and market resilience.

Theory, practice, policy
This study examines financial market herding with advanced machine learning. Static 
models ignore investor change. Market conditions, news, and investor pleasure explain 
adaptive herding. Herding behavior fluctuates with market conditions, undermining the 
EMH's market efficiency premise. ML models better capture these discrepancies, under-
scoring the need for flexible financial theories that account for herding.
	 This study helps portfolio managers and investors. In unstable markets, ML mod-
els predicted herding better than traditional methods. Machine learning may improve 
risk-reward judgments. ML models can assist financial organizations in improving port-
folio performance and stability by altering trading strategies faster using real-time sen-
timent data. The findings imply dynamic herding regulations, especially in emerging 
nations like Malaysia and Indonesia. ML algorithms predict herding, helping regulators 
monitor markets and act quickly. Market transparency and accurate information could 
reduce herding and stabilize financial markets.

Policy, theoretical, and practical implications
The findings of this study challenge the assumptions of the EMH by demonstrating that 
herding behavior is both dynamic and sentiment-sensitive. Across the sample period, 
herding intensified significantly during the pandemic regime, with CSAD values rising 
from 0.015 to 0.021 in the U.S., 0.018 to 0.026 in Malaysia, and 0.019 to 0.023 in Indone-
sia (Table 4). These patterns suggest that market participants react collectively in times 
of uncertainty, deviating from rational pricing mechanisms assumed under EMH. This 
reinforces the adaptive market hypothesis, which posits that market efficiency is not static 
but evolves in response to changing environments. The pronounced herding in emerging 
Shariah-compliant markets, particularly during crises, reflects structural differences in 
regulatory frameworks, informational asymmetries, and investor composition.
	 From a practical standpoint, the results indicate that machine learning models 
offer superior predictive performance over traditional statistical approaches. In adaptive 
herding estimation (Table 5), ML-based models recorded significantly lower CSAD coef-
ficients during high-volatility periods—for instance, −8.526 (250-day window) in the U.S., 
compared to −11.825 in the non-ML model. Similar trends were observed in Malaysia 
(−9.236 ML vs. −12.936 NoML) and Indonesia (−10.142 ML vs. −13.516 NoML), con-
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firming the ability of ML models to detect behavioral shifts more sensitively. Furthermore, 
ML models demonstrated stronger responsiveness to real-time sentiment inputs such as 
investor happiness (1.673 in the U.S. and 1.893 in Indonesia), news sentiment (−1.454 
in Malaysia), and market sentiment (1.674 in Indonesia). The quantile-on-quantile sur-
faces (Figure 2) further illustrate how ML models captured high herding intensity un-
der extreme sentiment conditions—represented by dense red regions—unlike the flatter, 
less responsive surfaces from traditional models. These results imply that ML-enhanced 
trading systems could provide institutional investors with a competitive edge in adjusting 
portfolio allocations dynamically during market disruptions.
	 Moreover, the Granger causality analysis (Table 6) revealed that market sentiment 
(F = 4.52, p = 0.0021), news sentiment (F = 5.78, p = 0.0005), and investor happiness (F = 
3.89, p = 0.0047) all Granger-cause herding behavior, while the reverse causality was not 
statistically significant. This one-directional causality highlights the critical role of external 
sentiment as a leading indicator of irrational collective behavior. In response, policymak-
ers—particularly in sentiment-sensitive emerging markets—should implement dynamic 
herding regulations and invest in real-time market monitoring systems. ML-based tools 
that incorporate social mood and sentiment metrics can serve as early warning systems 
for regulators. Furthermore, ensuring timely and reliable financial information through 
responsible media dissemination could mitigate the contagion effects of negative senti-
ment, contributing to improved market stability and investor protection.

Limitation
This study provides valuable insights but has limits that need more study. The Thomson 
Reuters MarketPsych and Bloomberg sentiment analyses may not represent market senti-
ment fully, especially in places where alternative media outlets impact investor behavior. 
Include social media and regional news outlets to get a fuller view of market sentiment 
and herding. The U.S., Malaysia, and Indonesia focus provides useful comparative insights 
but restricts generalizability. To study herding behavior dynamics, future research should 
include marketplaces with varied regulatory and market structures. Comparative studies 
of developed and emerging markets would clarify how market maturity and regulation 
affect investor behavior.
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