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Abstract


Financial studies on the herding effect have been very popular for decades, as detecting herding behavior helps to explain price deviations and market inefficiencies. However, studying the herding effect as a single influencing factor is believed to be insufficient to explain the changes in investment behavior, as the herding effect itself may be caused by other influencing factors. In other words, the issue must be studied alongside other factors. In this study, we adopt the quantile regression model to comprehensively understand the herding effect’s influence on household investment in China, and the empirical results indicate that herding behavior leads to different investment outcomes for households in different scenarios. In this analysis, we consider a variety of household characteristics, such as income level and risk tolerance, to provide a nuanced understanding of investment behavior. Additionally, in this study, we explore the interaction between herding behavior and macroeconomic variables. Nevertheless, the results suggest that, if herding behavior can be reduced by the head of the household, profitability can be increased, or at the very least, losses can be reduced.
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1. Introduction


Financial studies on the herding effect have been popular for decades, as detecting herding behavior helps to explain price deviations and market inefficiencies. Herding behavior occurs when investors ignore the information they have obtained, and instead of making appropriate decisions for their own good, they follow the actions of others (Christie & Huang, 1995). When individuals fail to meet their expectations of investment, it is considered more sensible to replicate others’ practices and expect to ultimately achieve a better performance (Demirer & Kutan, 2006). Therefore, the existence of herding effects has jeopardized the market efficiency assumption, as it requires that all information be shared by all investors and rational decisions be made. In fact, individuals, especially non-specialists, do not invest rationally based on the obtained information; instead, they simply follow the actions of others. While the efficient market hypothesis assumes that investors are rational and markets are efficient (Fama & French, 1992), the presence of herding behavior challenges its legitimacy. In fact, herding behavior is one of the major drivers pushing stock prices away from their fundamental values, namely, undervalued and overvalued trades. The mispricing of stocks poses significant risks to the stability and efficiency of the stock market. Several causes of investors’ herding behavior, which affects stock markets directly and affects economic growth indirectly, have been identified (Tan et al., 2008). Herding behavior may cause market failure through different kinds of market disorders, such as significant information loss, insufficient information gathering, reduction in decision-making abilities, higher volatility in asset prices, mispricing, and short-term bubbles in the stock market. In fact, the herding effect may even challenge fundamental financial theory.



In recent decades, the Chinese stock market has experienced significant growth, marked by key milestones such as the establishment of the Shanghai and Shenzhen Stock Exchanges in the early 1990s (Pavlidis & Vasilopoulos, 2020). Economic factors, including rising incomes, urbanization, and improved financial literacy, have further driven household investments, while sociocultural influences, such as the cultural emphasis on savings and the impact of social networks, have also been significant (Liu & Zhang, 2021; X. Wu & Zhao, 2019). Additionally, household background variables, such as gender, educational level, age, and asset status, are influential factors worthy of exploration and have been the subject of extensive scholarly research (Lin, 2011; Talpsepp & Tänav, 2021; W. Li et al., 2020; L. H. Li et al., 2021). Despite these positive trends, challenges such as market volatility and limited financial knowledge persist. However, opportunities presented by technological advancements in fintech and mobile trading apps continue to facilitate stock market participation (Wang et al., 2022; Zhang et al., 2021). Understanding these dynamics is essential to informing policies and strategies to promote stable and informed investment practices among Chinese households.



The first model that was developed to examine the herding effect is known as the cross-sectional standard deviation (CSSD) method (Christie & Huang, 1995). The model is based on the concept of herding behavior, where investors prefer to follow the financial decisions of others, rather than basing their actions on their own choices. However, if low-dispersion statistics indicate the presence of the herding effect while high-dispersion statistics do not, then the herding effect cannot be easily captured. Subsequently, corrections and adjustments have been made by researchers to more accurately estimate the herding effect based on objective data. However, studying an influencing factor of the herding effect in isolation is considered insufficient to explain changes in investment behavior. As the herding effect itself may be caused by other influencing factors, the issue must be studied simultaneously with other factors.



As advanced research has shown, understanding the herding effect in the market can be beneficial for future investment (Saastamoinen, 2008). Therefore, the goal of this study, instead of simply verifying the existence of the herding effect, as in most existing studies, is to examine how herding behavior influences investment profitability beforehand, as investors have actively admitted that they have engaged in herding behavior.



However, most empirical studies on herding behavior have relied on objective market-level indicators, such as return dispersion or beta herding, which do not reflect the individual-level subjective inclination to follow others. Such limitations leave a critical gap in understanding the psychological motivations behind herding.



To address this, our study introduces a novel self-reported measure of herding behavior based on individual responses from the China Household Finance Survey (CHFS), allowing us to directly observe how investors perceive their susceptibility to peer influence. This subjective metric offers a complementary and deeper perspective compared to conventional proxies and enhances our ability to analyze herding behavior within diverse demographic and socioeconomic contexts.



Given China’s rapidly growing and retail investor-dominated stock market, understanding household-level herding through a behavioral lens is both timely and important for informing investor education and policy intervention strategies.



While previous literature extensively documents herding behavior using objective proxies such as cross-sectional dispersion of returns or beta herding (Christie & Huang, 1995; Hwang & Salmon, 2006), these methodologies predominantly capture aggregate market phenomena rather than individual psychological tendencies. As a result, they provide limited insights into the personal perceptions and decisions underlying herding behavior.



This study distinguishes itself by incorporating a novel self-reported herding measure from survey responses, directly capturing investors’ subjective inclination to follow peers. Such subjective data, rarely adopted in existing studies, provide richer psychological insights and capture nuances that market-based measures may overlook.



Furthermore, we adopt the quantile regression approach, allowing the analysis of how herding behavior’s influence varies across different segments of the investor distribution. Traditional analyses using ordinary least squares (OLSs) regression typically assess only the average effect, ignoring heterogeneous effects among investors with differing investment outcomes. By applying quantile regression, we can explore nuanced impacts at various investment performance quantiles, significantly extending the analytical depth compared to existing literature.



These methodological innovations—integrating subjective self-reported data with quantile regression—constitute the core novelty and contribution of this paper, providing enhanced insights into household-level herding behaviors in China.



This paper is organized as follows: In Section 2, we discuss the past literature regarding the herding effect based on different approaches. In Section 3, we introduce the data used and the structure of the quantile regression model. In Section 4, we interpret the empirical results of the quantile regression estimations along with the decomposed herding effect analysis. Section 5 includes the conclusion.




2. Literature Review


Herding can be more apparent when investors feel confident regarding the future direction of the market. Once a crisis appears, beta herding becomes much weaker, as a concern for fundamentals takes over (Hwang & Salmon, 2006). Macroeconomic information such as behavioral biases, demographics, and financial literacy, rather than firm-specific information, tends to have a more significant impact on investor behavior in markets which exhibit herding (E. C. Chang et al., 2000). The changes in stock investment returns can be caused by various factors. To comprehensively understand the issue, factors other than the herding effect have been inclusively discussed. Therefore, the literature regarding different factors influencing stock investment is reviewed in this section.



2.1. The Herding Effect on Stock Returns


In financial markets, herding behavior refers to the trading action taken by investors based on information received instead of their underlying fundamentals. Such behavior violates the principle of rational asset pricing, which is based on equity fundamentals (Saastamoinen, 2008). The herding effect can be identified by capturing the decrease in stock return dispersion or the increase in market return dispersion at a less-than-proportional rate (E. C. Chang et al., 2000). Measuring the dispersion of stock returns has become a mainstream method for observing the herding effect. As shown in early studies, detailed records of individual trading activity are required to identify the existence of herding behavior. However, such data are not always readily available (Lakonishok et al., 1992; Wermers, 1999).



Modifying the traditional CAPM model and focusing on the beta value to examine the existence of the herding effect is another mainstream approach. In some advanced studies, the research methodology is based on the simple cross-sectional variability of returns (Christie & Huang, 1995; E. C. Chang et al., 2000); however, a method designed in such a way only reflects fundamental changes in common pricing factors, where the issue of irrational pricing cannot be captured. A new method was proposed to better examine the herding effect based on the cross-sectional variability of betas (Hwang & Salmon, 2006). Compared with earlier studies, the beta herding method captures irrational pricing more effectively, while other approaches are incapable of clearly differentiating irrational and rational pricing from the fundamentals.



Most empirical studies on herding behavior and its impacts have been conducted in developed market contexts, yet evidence suggests a stronger herding phenomenon in emerging markets due to weaker financial reporting requirements, lower accounting standards, insufficient regulatory enforcement, and higher information acquisition costs (Bikhchandani & Sharma, 2000). Studies specifically examining emerging markets also underline heightened susceptibility to behavioral biases, such as herding, driven by information asymmetry and regulatory weaknesses (Economou et al., 2018; Guney et al., 2017).



In the context of China, herding behavior has been found to be particularly prevalent due to the dominance of retail investors, limited financial literacy, and speculative trading behaviors (Tan et al., 2008; Yao et al., 2014).




2.2. How Debt Influences Stock Returns


In a previous study, the authors employed the portfolio choice model and discovered that households with debt mortgages have a 10% lower probability of being engaged in stock investment. Some households simply give up on stock investment due to interest payments on debt (Becker & Shabani, 2010). In another study, the authors used path analysis and indicated that there is no significant bidirectional relationship that can be found between investing in real estate and holding risky financial assets, as investment in real estate may generate alternative financial assets and hence decrease the need to hold risky financial assets (Chen & Song, 2021). These findings are beneficial to understanding the relationship and structure of household debt and investment portfolios. In this study, total debt is used to observe the influence of household debt on investment performance.




2.3. The Influence of Information Credibility


While the efficient market hypothesis (EMH) simply states that information is shared by all investors in the market, whether the information is correctly interpreted by investors is an issue that is commonly discussed in the field of behavioral finance. In fact, whether the information disclosed is credible or not is a subjective topic, and how investors utilize the information and take action is worthy of discussion. The overconfidence of investors in interpreting information may affect their actions on trading, while investors who are risk-averse are less likely to change their existing pattern of trading behavior (Sajid, 2015). Investors’ risk preferences matter in decision-making; additionally, deciding whether or not to use financial tools to support investment is also influential. Furthermore, decent corporate governance should be considered important information, in addition to stock pricing (Sajid, 2015). However, sufficient financial knowledge and literacy are essential.




2.4. The Influence of Financial (Risk) Literacy


Every investment decision affects the outcome. Whether it is rational or irrational, individuals make decisions based on the information they have obtained, and correct decisions are more likely to result in better outcomes. Individuals with decent financial literacy are more capable of making proper or suitable investments (Hilgert et al., 2003). Insufficient financial literacy usually leads to limitations for investors when it comes to making proper investment decisions; hence, financial literacy is believed to be positively correlated with investment return. If adults have accrued sufficient financial knowledge during their schooling, they usually have more savings and asset accumulation (Bernheim et al., 2001). Furthermore, financially educated families are more capable of diversifying their asset portfolios, and hence improving their investment efficiency (Campbell, 2006). Education is generally beneficial for improving returns from investment, financial management, and increasing credit scores (Cole et al., 2012). It is suggested that one’s financial literacy can be significantly improved if receiving financial education, which enhances confidence in decision-making and financial behavior, such as pension preparation, cash investment, and credit management (Hira & Loibl, 2005). It also has been discovered that there is a connection between financial literacy and performance on stock investment (van Rooij et al., 2011).




2.5. The Influence of Demographics


On average, women exhibit stronger herding behavior than men because women are generally more risk-averse compared with men (Lin, 2011). Individuals with formal education (in any field) also exhibit higher levels of overconfidence, as they believe they know more than they actually do (Bhandari & Deaves, 2006). Nevertheless, behavioral biases have a greater influence on herding behavior than cultural factors, and it has been confirmed that excessive optimism leads to a higher tendency to herd (C. Chang & Lin, 2015) and that inexperienced and younger investors are more likely to herd than older and more experienced investors (Lin, 2011). In another study, no gender-based herding effects were found, but moderate herding behavior was observed among those under 26 and those over 55 (Talpsepp & Tänav, 2021). Therefore, age was noted to have a significant negative correlation with herding behavior among stock market investors. Further, individuals with economics degrees tended to herd less than those with other degrees, suggesting that stronger financial knowledge can reduce herding behavior in the real estate market. Other researchers did not find evidence supporting the hypothesis that higher education or cognitive ability leads to lower levels of herding. Finally, the results of another study suggested that age and income are negatively correlated with herding behavior among investors; as age and income increase, herding behavior among individual investors decreases. Gender was not found to be a significant factor (Sabir et al., 2020). As discussed above, there are conflicts among studies: some research indicates that age and income have different correlations with herding behavior, while others suggest that the impacts of age and income on herding behavior differ. Therefore, there are studies that provide systematic support for the mediating role of herding in amplifying market sentiment, which leads to a crash risk (Bashir et al., 2024).




2.6. Hypothesis Development


Based on the literature discussed above, we have developed specific hypotheses regarding the determinants and consequences of household herding behavior in stock investment.



Hypothesis 1. 

Household herding behavior is negatively associated with stock investment returns. Previous studies indicate that herding often leads to irrational investment decisions, mispricing, and subsequent lower returns (Christie & Huang, 1995; Yao et al., 2014). We hypothesize that households exhibiting stronger self-reported herding tendencies experience worse investment outcomes.





Hypothesis 2. 

The negative effect of herding on stock investment returns varies across the quantiles of returns. Given that investors differ in terms of financial literacy, risk tolerance, and information accessibility, we posit that herding behavior’s negative impact is heterogeneous across different quantiles of the investment return distribution, highlighting the importance of using quantile regression analysis.





Hypothesis 3. 

Household demographic and financial characteristics moderate the relationship between herding behavior and stock investment outcomes. Drawing from prior research (Lin, 2011; Talpsepp & Tänav, 2021), we expect that demographic factors (age, education, CCP membership, gender) and financial factors (income, assets, debt, liquidity) interact with herding behavior, influencing its effect on stock returns and ROI differently.





Hypothesis 4. 

Information credibility perceived by investors moderates the negative relationship between herding behavior and investment performance. Consistent with behavioral finance literature, credible financial information can mitigate irrational investment decisions, suggesting a moderating role of perceived information credibility (Sajid, 2015).





These hypotheses will be systematically tested using the quantile regression and quantile regression decomposition methodologies outlined in Section 3.





3. Methodology


3.1. Data Resource


The data in this study were gathered from the fourth round of the China Household Finance Survey (CHFS) in 2017, which was originally completed by the Research Centre for China Household Finance at Southwestern University of Finance and Economics. The data samples cover 40,011 households across different administrative regions, including 29 province-level regions and municipalities, 355 prefecture-level regions and sub-provincial cities, and 1428 village-level regions. The contents of the survey include household finance information regarding assets, liabilities, incomes, consumption, insurance, and personal characteristics, such as employment status and payment habits. The CHFS contributes to academic research and government policy design by offering detailed information on household finance and economics at the micro-level. The accuracy of statistical analysis results in representing the true situation of the population depends on several factors: the randomness of the sample, the correctness of the model, the absence of calculation errors, and the appropriateness of the method used for model analysis. Any errors in these aspects can lead to misleading results. Typically, due to budget and time constraints, samples represent only a small fraction of the total population. The China Household Finance Survey (CHFS) employed a stratified, three-stage, and probability-proportional-to-size (PPS) sampling design. The primary sampling units (PSUs) comprised 2585 counties and cities. In the second stage, neighborhoods/villages were sampled directly from these counties/cities. In the final stage, households were sampled within these neighborhoods/villages. The response rate was approximately 88.4%. The distribution of per capita GDP was designed to be consistent with the overall population rather than geographical distribution, which may have led to discrepancies in geographical representation.



The data were filtered and processed two stages prior to numerical analyses to maintain accuracy in accordance with the study goal. In the first stage, only the heads of the household were selected as valid respondents, and their corresponding responses were used as the dependent variables in this study, including age, gender, education level, Chinese Communist Party (CCP) membership, and most importantly, herding behavior. In the second stage, the data were further filtered, retaining only the responses that provided household information regarding capital and stock investment results selected as valid. Among all the selected data, if any value was either missing or deemed unreasonable due to respondents’ negativity and dishonesty, the corresponding samples were excluded. A total of 1400 household data points were selected as the final samples, and the data were numerically recoded and standardized to maintain quantitative consistency.




3.2. Statistical Model and Variables


Traditional linear models explain the dependent variable   y   as a continuous variable, producing a single coefficient value for each independent variable   x  , which fails to capture different effects that   x   may have at various quantiles of   y  . If the probability of   y   being less than or equal to a certain value is τ, we refer to     q   τ     as the quantile of   y  . When dependent variable   Y   is expressed as a linear function of a series of explanatory variables   X  , satisfying the condition that the probability of   y   being less than or equal to this function is     q   τ    , this is known as quantile regression.



The shortcomings of the traditional linear models and the least squares method in data analysis, such as the tail effect, extreme values, and the occurrence of sudden events, can be addressed with quantile regression. For the model characteristics where multiple distributions are assumed individually at each quantile, the aforementioned shortcomings can be mitigated, leading to more accurate estimations. The quantile regression model was proposed to differentiate research objects into different quantiles, each representing the distributional uniqueness of samples at different levels (Koenker & Bassett, 1978). The coefficient estimators are often inconsistent, indicating that influencing factors have different effects on the research objects at different levels. In particular, when the distribution of the research samples is heterogeneous, such as in cases of asymmetry, thick tails, truncation, and deviation, this method provides robustness to outliers in the data; furthermore, quantile regression makes no distributional assumptions on random perturbation, and the entire regression model is robust (Koenker & Hallock, 2001; Y. Wu & Liu, 2009). Consequently, the quantile regression method is commonly adopted for stock market analyses (Barnes & Hughes, 2002; Chiang & Li, 2012; Ma et al., 2018). Quantile regression allows us to accurately observe the effects of independent variables at different quantiles of the dependent variable, thus providing multiple coefficient values and revealing various quantile effects. This approach overcomes the limitation of traditional regression, which yields only a single coefficient.



With the quantile regression model, an application where multiple least squares methods assume the estimation of coefficients follows an asymptotic normal distribution. The distribution function of the random variable is written as   F   y   = P ( Y < y )  . Variable   q   determines a random sample set of   Y = {   y   1   ,   y   2   , … ,   y   n   }   with respect to the   q  th percentile. By summing up the positive and negative errors, the optimal values (the minimized ones) lead to proper estimated coefficients at the corresponding quantile. The minimization process is described as follows:


  m i n     ∑  i : y ≥   x ′   i   β ( q )    q     y   i   −   x ′   i   β ( q )   +   ∑  i : y ≤     x   ′     i   β ( q )      1 − q        |  y i  −   x ′   i   β ( q ) |     



(1)




where       x   ′     i     is the vector of dependent variables and   β ( q )   is the coefficient vector, which varies for different   q  . The linear conditional quantile function is written as follows:


    Q   τ       y   i       x   i     =     x   ′     i   β ( q )  



(2)







For any τ between 0 and 1, the coefficient   β ( q )   indicates the corresponding   q  th regression quantile. To directly estimate the asymptotic covariance matrix across every   β ( q )  , the bootstrapping method is adopted following an early study by (Chuang & Kuan, 2005). In this study, the explained variable (  Y  ) denotes the returns earned from household stock investment.




3.3. Description of Variables


3.3.1. Basic Information on Head of Household


The variables adopted in this study were the characteristic factors describing the socioeconomic status of the head of the household, including gender, age, education level, CCP status, sense of social trust, and sense of happiness, which were selected as the observation variables of the family’s socioeconomic status. The dummy variable was employed to indicate the differences in gender and CCP status. In either of the responses, 1 denotes male CCP members; in contrast, 0 denotes female non-CCP members. The education level was divided into nine categories according to the ranking and measurement of the questionnaire, processed as ordinal variables. The variables for assets, income, debt, deposits, and cash were measured in units of RMB ten thousand. The variables measuring herding effect, social trust, and happiness were evaluated on a scale from 1 to 5, with higher numbers indicating a stronger degree of each respective variable.




3.3.2. Head of Household’s Financial Status


The variables representing households’ financial status included annual assets, income, total debt, deposits, and cash spending. All empirical values were divided by 10,000 RMB. If any value was missing, the corresponding sample was deleted.




3.3.3. Other Variables


The credibility of the information disclosed by listed companies to the head of the household was measured on a scale of 1–5, with higher scores indicating higher credibility. The herding effect variable was measured based on subjective self-reported data from the head of the household, based on question D3111d in the CHFS: “Are you susceptible to comments (behaviors) by other investors around you?” A score of 5 suggests that these heads of the household admitted to being extremely susceptible when investing, and a score of 1 suggests they displayed conformity to their own judgment. The variable of risk literacy was obtained by adding up the answers to two questions, H3103 and H3115, with 1 point for each correct answer, and a maximum total score of 2 points. Adopting the above-mentioned variables provides valuable individual-level insights, although it may introduce biases arising from respondents’ subjective self-assessments; however, the large number of variables included in this study, ranging from demographic characteristics to financial status, behavioral traits, and attitudinal responses, helps reduce omitted variable bias and strengthens the robustness of the analysis. By capturing a wide spectrum of household-level factors, the model can better isolate the effect of herding behavior and mitigate confounding influences to some extent.




3.3.4. The Dependent Variable—The Stock Investment Return of the Head of Household


In this study, we included two dependent variables to describe the stock investment return of the head of the household focusing on unrealized and realized gains and losses. Unrealized gains or losses are defined as the current market value of stocks held by the head of the household minus their holding cost (values were provided by the household head). Realized gains or losses were derived from either stock trading profits or dividends received in the past year, and the values were also provided directly by the head of the household. The first dependent variable was the stock investment return, which we calculated by summing the unrealized and realized gains and losses (divided by RMB ten thousand). The second dependent variable was the stock return on investment (ROI) of the head of the household in the current year, which was calculated by dividing the total gains and losses by the holding cost.





3.4. Operational Definitions of Variables


For clarity and replication purposes, we provide explicit operational definitions for each variable utilized in our analysis.




	
Dependent Variables








Stock Investment Return: The sum of unrealized and realized stock gains or losses reported by households, measured in RMB ten thousand. Stock return on investment (ROI): The ratio of total gains and losses (realized plus unrealized) to the stock holding cost reported by households, expressed as a decimal.




	
Independent Variables—Household Head Characteristics








Gender: A binary variable coded as 1 for male and 0 for female. Age: Continuous variable measured in years. Education level: Ordinal variable, measured from 1 (no formal education) to 9 (doctoral degree), based on respondents’ self-reported highest education attainment. CCP Membership: A binary variable, coded as 1 if the household head is a member of the Chinese Communist Party (CCP), and 0 otherwise.




	
Independent Variables—Household Financial Characteristics








Asset: Continuous variable representing total household assets, measured in RMB ten thousand. Income: Annual total household income, measured in RMB ten thousand. Debt: Total household outstanding debt, measured in RMB ten thousand. Deposit: Total household deposits held in banks, measured in RMB ten thousand, representing household liquidity. Cash holding: Amount of cash held by households, measured in RMB ten thousand.




	
Attitudinal and Behavioral Variables








Information credibility: Respondent’s perception of the credibility of financial information disclosed by listed companies, measured on a 5-point Likert scale (1 = very low credibility; 5 = very high credibility). Herding effect: Self-reported tendency of household heads to be influenced by other investors’ comments or behaviors, measured on a 5-point Likert scale (1 = strongly independent; 5 = strongly influenced). Sense of social trust: Respondent’s reported level of trust in society, measured on a 5-point Likert scale (1 = very low trust, 5 = very high trust). Sense of happiness: Respondent’s subjective perception of happiness, measured on a 5-point Likert scale (1 = very unhappy, 5 = very happy). Risk literacy: Respondent’s level of financial risk literacy, measured by summing correct answers (0–2) to two specific financial literacy questions (H3103 and H3115 in CHFS).



These definitions facilitate clear understanding and consistent interpretation of the empirical analyses presented in this paper.




3.5. Addressing Potential Endogeneity


In this study, we recognize potential endogeneity concerns that commonly arise in observational analyses, such as omitted variables, simultaneity, and measurement errors, particularly given the self-reported nature of our herding variable. To proactively address these concerns, we have implemented several methodological precautions. Firstly, our comprehensive inclusion of demographic, socioeconomic, financial, and attitudinal control variables significantly reduces the likelihood of omitted variable bias. Secondly, by employing quantile regression methods, we effectively capture the heterogeneous impacts across different investor segments, thereby mitigating issues related to unobserved heterogeneity and providing robust insights into the differential effects of herding behavior. While instrumental variable approaches are beyond the scope of our current dataset, our rigorous analytical approach enhances confidence in the reliability of the presented results. Future studies incorporating additional methodological refinements, such as instrumental variables or experimental approaches, would further enrich our understanding of the causal dynamics of herding behavior in investment decisions.




3.6. Descriptive Statistics


The descriptive statistical values of each variable are shown in Table 1, while Table 2 presents the return distributions of the two dependent variables. It is notable that the stock investment return shifts from negative to positive at the 60th quantile in both measures.





4. Empirical Results


The independent variables representing the basic information of the head of the household in this study included gender, education level, age, and CCP membership. The independent variables for financial status were assets, income, debt, deposits, and cash holdings. Additionally, the information credibility of listed companies, the herding effect, sense of social trust, sense of happiness, risk literacy, and 14 other variables were considered. It is necessary to verify whether a collinearity problem exists among these independent variables. Therefore, the OLS method was used to examine the variance inflation factor (VIF) of the independent variables. The values of the VIF ranged between 1.032 and 1.615 (the tolerance values ranged from 0.619 to 0.969), indicating that no severe collinearity was detected among the respective variables. Subsequently, the quantile regression of the two dependent variables could proceed.



To enhance the robustness of the quantile regression results, we employed a nonparametric bootstrap procedure with 1000 replications to compute robust standard errors and confidence intervals. The results showed that the estimated standard errors were consistently small, indicating a high level of estimator stability across resampled datasets. A summary of these estimates is provided below in Table 3.



In addition, Wald-type tests were conducted to assess whether the estimated coefficients differed significantly across quantiles. The results, as shown in Table 4 below, confirmed that several key predictors (e.g., asset level, age, income, and information credibility) exhibited statistically significant differences across quantiles, supporting the existence of distributional heterogeneity and justifying the use of quantile regression.



4.1. Total Stock Investment Returns: Summing Unrealized and Realized Gains and Losses


By taking the total amount of realized and unrealized stock investment gains and losses as the dependent variables to observe their relationships with the respective variables, the actual profitability can be accurately presented because the hidden social desirability (where the realized gains are zero) is not considered. Table 5 presents the quantile estimation results of q10, q25, q50, q75, and q90 for all independent variables. The lower the quantile value, the lower the stock investment return of the head of the household; conversely, the higher the quantile value, the higher the stock investment return of the head of the household. Figure 1 illustrates the quantile changes in 10 variables, namely, assets, income, deposits, age, education level, CCP membership, disclosed information credibility, herding effect, sense of social trust, and risk literacy. The coefficient values vary significantly at different quantiles.



According to Table 5, regarding the demographic variables, the education level negatively affects stock investment returns only at the 75th quantile. Regarding age, an increasingly positive effect on stock investment returns can be observed starting from the 90th quantile. CCP membership has significant and positive coefficients at the 10th and 50th quantiles, indicating that the heads of the household with CCP membership tend to achieve better stock investment results. No significant differences were found for the gender variable.



Regarding the financial variables, the variable of assets is significantly correlated with stock investment returns across all quantiles except for q50, with coefficient values exhibiting volatility across these quantiles. The influence of assets on stock investment efficiency shifts from negative to positive as the quantile increases, transitioning from a concave to a convex pattern, as depicted in Figure 1A. This indicates a turning point around q60, where the variable coefficient becomes positive. Compared with the results shown in Table 2, positive stock investment returns are observed only after q60. For heads of the household in the q10–q50 range, a relationship between stock investment loss and asset reduction is evident. Nonetheless, the increasing trend of the coefficient indicates that assets still exert a positive influence on stock investment returns. These complex but comprehensive findings concerning a single variable underscore the advantages of the quantile regression model, which provides a range of coefficient values rather than a single average value. The income coefficients are positive across all quantiles, with income having a significant positive effect on stock investment returns above q75. Similar to the impact of assets, the effect of income on stock investment returns shows a positive increase starting from q25, where a reversal effect is noticeable. The deposit amount, which measures the effect of capital liquidity, shows negative coefficients before q75, with a significant negative correlation observed only at q25. At q25, the significant negative correlation indicates a reduction relationship between capital liquidity and stock investment returns, meaning that investment failures indeed shrink investors’ capital liquidity. However, the increasing trend across quantiles suggests that the deposit variable also exerts a positive influence. Other financial variables showed no significant effect.



In terms of various attitudinal variables, the credibility of the information disclosed by listed companies to the head of the household shows significant and positive estimation results across all quantiles. However, significant inconsistencies are evident. Before the 50th quantile, the disclosed information results in stock investment losses. For heads of the household above the 75th quantile, increased trust in the disclosed information correlates with greater investment. It is possible that, as minority information is acquired, excessive investment returns can be easily realized. The senses of social trust and happiness held by the head of the household are negatively correlated with stock investment returns, although this trend is increasing. Before the 50th quantile, a higher sense of social trust and happiness benefits increased stock investment returns. The negative relationship between social trust and investment returns observed at lower quantiles may reflect risk-averse behavioral tendencies. However, given the absence of consistent effects across quantiles and the limited theoretical consensus on this mechanism, we recommend interpreting these results with caution. Similarly, the negative coefficients for self-reported happiness at certain quantiles may be confounded by unobserved psychological or emotional factors. Risk literacy shows a statistically significant negative effect only at the 10th quantile; however, this effect lies close to the significance threshold. At other quantiles, the estimates remain negative but are not statistically significant. These results suggest that among households experiencing the most substantial investment losses, even higher self-assessed risk awareness does not effectively prevent poor investment outcomes, implying that professional knowledge is essential to successful stock investment. Nonetheless, given the marginal significance, these findings should be interpreted with caution and verified with future studies.



The herding effect, which is subjective self-reported data, particularly regarding the head of the household, shows a significant negative correlation with stock investment returns, except at q10. However, inconsistencies across different coefficients, including rapid decreases at higher quantiles, provide varying interpretations. Up to q50, the heads of the household experience stock investment losses, indicating that reducing herding behavior can decrease losses, though it does not necessarily guarantee increased profitability. For heads of the household above q50, there is a strong reverse effect, suggesting that the absence of herding behavior is crucial to enhancing stock investment profitability. The herding effect, which is based on subjective self-reported data, particularly regarding the head of the household, shows a significant negative correlation with stock investment returns, except at q10. However, this subjective measure could introduce bias due to individual perception differences.



In summary, for heads of the household, the herding effect is detrimental, and independent judgment on stock investment opportunities tends to be more profitable. However, without sufficient professional knowledge, such independent decisions may not yield profits. Based on these findings, it can be inferred that the herding effect influences different investment groups to varying degrees, depending on whether they are gaining or losing at different quantiles. To fully understand this inference, it is essential to consider the simultaneous observations of other variables rather than focusing solely on one independent influencing factor. This underscores the motivation for adopting the quantile regression model for analysis in this study, a topic that is critical in behavioral economics. The herding effect does not impact everyone equally, and its degree may vary among different groups.




4.2. Realized and Unrealized ROI as Dependent Variables


In the empirical results, with ROI as the dependent variable, when suffering a loss (q10~q50, as shown in Table 6), the male head of the household seems to experience fewer losses than the female head of the household at q10. For the age variable, the heads of household at q50 and q90 achieve better ROI, suggesting that increasing ROI is more easily achieved due to better and longer investment experience. This pattern is more prominent at higher quantiles; the ROI of the elderly increases and rises sharply after q80. For CCP members, the pattern is similar to that of age, with a significant improvement in ROI at q50 and a sharp rise after q80.



Continuing to observe financial variables, it is noted that unlike the previous estimation result, according to which assets significantly influence the investment return, no significant correlation can be observed between assets and ROI. On the other hand, income is significantly and positively correlated with ROI. Regardless of whether investors are gaining (q70 and above) or losing (q10 to q50), income positively affects ROI, and this effect continues to increase until q80, as shown in Table 6. The sudden drop after q80 suggests that while investment increases as income increases, once income reaches a certain level, investment becomes less attractive to household investors. As for debt, as in the previous section, no significant effect on ROI can be observed.



Shifting our focus to attitudinal variables, the belief that financial information can reduce investment losses positively influences ROI. The credibility of the information disclosed by listed companies also shows a positive effect. If the financial information of a company is correctly interpreted, investment efficiency increases. The aforementioned stock investment return presents a U-shape and rises after q80 (as shown in Figure 2D), indicating a strong connection between trust in financial information and the increase in profitability. Additionally, as shown in this section, the correlation between information credibility and ROI increases positively with higher quantiles. The estimation results regarding social trust and happiness are consistent with those in the previous section, but no significant correlation is observed. Interestingly, risk literacy exhibits a statistically significant negative relationship with ROI at the 25th quantile. This suggests that, under certain conditions, increased risk awareness may not directly translate into improved investment outcomes. However, as the significance level is marginal and the direction of the effect contradicts intuitive expectations, this result should be interpreted with caution. Further validation using alternative datasets or modeling approaches is recommended.



Focusing on the herding effect, it is negatively correlated with ROI, except at q90, which is consistent with previous estimation results regarding stock investment returns. For the head of the household with investment losses, reducing herding behavior is beneficial for reducing negative ROI; however, profits cannot be guaranteed with this action. For the head of the household above q50 (not losing), it can be suggested that herding behavior should be avoided to maintain a positive ROI. The empirical results for the two dependent variables differ significantly in terms of quantile changes. While the stock investment return shows a generally decreasing trend, ROI shows a decreasing trend in the first half and then an increasing trend in the second half, indicating that the influence of the herding effect weakens as ROI increases.



Whether considering the return or ROI models, the education level, age, and CCP membership variables produce similar results, with positive effects observed for both asset and income variables. However, in the ROI model, the impact of assets is no longer significant, indicating that investment returns are not related to assets, suggesting that other determining factors are more important. Information credibility consistently shows positive results, while the herding effect consistently demonstrates negative results.




4.3. Quantile Regression Decomposition


In most of the econometric literature, binary effect estimations focus primarily on the average treatment effect under exogenous influences. In this study, the concept of adopting quantile regression decomposition is proposed to replace the traditional mean reversion. In this model, by decomposing the variable gap of binary groups (such as identity, urban and rural areas, etc.) into the sum of the effects of various factors, the researcher can observe the effect of the gap (Oaxaca, 1973). For example, the definition of the wage difference between men and women is


  D = [       W   m    /    W   f       −         W   m    /    W   f         0   ] /         W   m    /    W   f         0    



(3)




where   D   is the discrimination coefficient measuring the degree of discrimination,         W   m    /    W   f         measures the gap in actual wages between males and females, and           W   m    /    W   f         0     measures the gap in actual wages between males and females under the assumption that discrimination does not exist. If discrimination does not exist, the wage structure for both males and females should be the same. As the estimated coefficient matrices of men and women have been calculated, the wage difference is observable by the subtraction of both and can be further disassembled into explainable (discrimination) and unexplained differences.



From both quantile regression estimation procedures in the earlier sections, it can be observed that the herding effect is generally significant regardless of the dependent variable, and the coefficients are all negative. Therefore, conducting a quantile regression decomposition on this specific independent variable for a better understanding of the underlying mechanisms is considered worthwhile and reasonable. By adopting the proposed quantile regression decomposition model (Melly, 2005, 2006), the return differences were decomposed, with the herding effect as the grouping variable. In this model, a binary group is determined by using a dummy variable, where the value is 1 if the head of the household is easily influenced when making evaluations and selections; otherwise, it is 0. In this study, we rewrite the formula describing the differences in household stock investment returns as follows:


    S R   q   1   −   S R   q   0   =     X   1     β   1   −   X   1     β   0     + (   X   1     β   0   −   X   0     β   0   )  



(4)







    S R   q   1     is the average stock investment return of the head of the household in the τ quantile with herding behavior;     S R   q   0     is the one without herding behavior; and     S R   q   1   −   S R   q   0     = (1,0) determines the gap of average stock investment return of the two groups. Within the estimated gap, as     β   0     and     β   1     are the OLS estimation coefficients,     X   1     β   0     is a counterfactual distribution, where the statistical coefficients of the group without herding behavior are taken to estimate the observation values of the group with herding behavior, namely, F(    S R   q   1 *    |    X   1     β   0    ). The first term on the right of Equation (4) is the difference in the return distribution caused by the herding effect (coefficient effect) and is generally regarded as a discriminatory difference; the second term is called the characteristic effect, which represents the difference in the distribution of returns due to differences in individual characteristics. In this study, the logic of the discriminatory effect is adapted to analyze the herding effect due to the variable’s binary attribute.



4.3.1. Decomposing the Impact of Herding Behavior on Stock Investment Returns


Table 7 presents the decomposition results of the differences in stock investment returns, alongside the ratios of the herding effect and the characteristic effect across quantiles. The second column on the left of Table 7 represents the difference in average stock investment returns between the two groups, with and without the herding effect   (   S R   q   1   −   S R   q   0   )  , and is then decomposed into characteristic differences and herding differences. Since the differences in stock investment returns are all negative values from q10 to q90, this indicates that the heads of the household exhibiting herding behavior have poor stock investment performance. An inverted U-shaped trend (as shown in Figure 3 with a solid line) is formed, with values ranging from −5.99 at q10 to −1.967 at q60 and then gradually decreasing to −6.016 at q90. From q10 to q90 (from the low-investment-return group to the high-investment-return group, respectively), the herding difference exists at every quantile (as shown in Figure 3 with a dotted line). Furthermore, all negative values suggest that the herding effect is certainly unfavorable. The inverted U-shaped trend (as shown in Figure 4 with an interrupted line) demonstrates that the unfavourability is more pronounced at the higher quantiles (q80 and q90). The proportions of the herding difference to the stock investment return difference ranges from 55% to 95%. Therefore, significant influence by herding behavior on returns can be easily observed.




4.3.2. Decomposing the Herding Effect on ROI


Table 8 presents the decomposition results of the difference in ROI, along with the ratios of the herding effect and the characteristic effect across quantiles. Similarly, the second column on the left represents the difference in ROI between the two groups, with and without the herding effect       S R   q   1   −   S R   q   0      , and is then decomposed into characteristic differences and herding differences. The ROI difference negatively increases in value from q10 to q90 (as shown in Figure 4 with a solid line), indicating that the herding effect is unfavorable for investments. For the purpose of increasing profitability, professional knowledge is necessary. As shown in Figure 4, the trend of the herding effect differences fluctuates along with the differences in ROI, indicating that the herding difference is the main factor influencing the ROI difference. In addition, the proportion of herding differences is also high (68%~85%), indicating that a simple herding behavior is not enough to cope with the complex investment environment currently; hence, the ROI worsens (dotted line in Figure 4). To briefly conclude, only with sufficient investment literacy and skills and by avoiding herding behavior, investment return can be assured and ultimately help households avoid investment predicaments.






5. Discussion


5.1. Theoretical Implications


When investors follow the crowd instead of conducting their own analysis, herding behavior emerges in the financial sector, leading to unwarranted market rallies and sell-offs and triggering large-scale price fluctuations (Christie & Huang, 1995; Hwang & Salmon, 2006). Herding can be both rational and irrational. Rational investors gather information by observing the actions of other agents. In this study, we introduce a subjective, individual measurement method that allows investors to self-report their herding behavior. By doing so, we can understand whether herding behavior can be explained by certain investor attributes.



Our results confirm, at the individual level, previous findings that herding behavior is prevalent among individual investors in emerging markets such as China (Demirer & Kutan, 2006; Tan et al., 2008). Moreover, the use of quantile regression in this study reveals that the impact of herding varies across different return quantiles, which traditional mean-based models often overlook (Saastamoinen, 2008; Ma et al., 2018). This demonstrates the heterogeneity of behavioral effects and highlights the advantage of distribution-sensitive modeling in exploring psychological biases in investment behavior.




5.2. Practical Implications


In both the investment return and ROI models, herding behavior has a strong negative effect; the absence of herding behavior can reduce losses and is essential to increasing profits from stock investments. For investors seeking profit, avoiding herding behavior not only increases the investment return but also results in a higher ROI.



These findings highlight the importance of investor education programs and regulatory interventions aimed at curbing irrational crowd-following behaviors (Hilgert et al., 2003; van Rooij et al., 2011). Specifically, awareness campaigns and financial literacy initiatives targeting low-return households may enhance rational decision-making (Bernheim et al., 2001; Campbell, 2006). In light of the growing influence of social networks and digital finance on retail investor behavior in China (Wang et al., 2022), there is a pressing need for policies that counteract the amplification of herding through unverified or speculative information sources.




5.3. Research Limitations and Directions


While our analysis uses self-reported measures, which provide valuable subjective insights, these variables may be affected by cognitive biases or social desirability effects. This limitation has been discussed in behavioral literature, particularly regarding survey-based financial decision research (Cole et al., 2012; Hira & Loibl, 2005). The subjectivity inherent in the herding variable could lead to under- or over-estimation of actual behavioral patterns. Additionally, this study is based on cross-sectional data, which restricts our ability to track changes over time or in response to market events.



Future studies incorporating longitudinal panel data or experimental approaches may further refine our understanding of the temporal and causal dynamics behind household herding. Comparative studies across countries with different financial infrastructures and investor cultures may also shed light on how contextual factors shape the heterogeneity of herding behavior (E. C. Chang et al., 2000; Bashir et al., 2024).





6. Conclusions


The major finding from employing quantile regression-based decomposition is that regardless of whether the investment return or ROI is used as dependent variable, as the quantile increases, the differences in stock investment profitability and the herding effect expand in opposite directions. Moreover, the herding effect’s high proportion in total differences provides solid evidence of it being the main reason for differences in stock investment profitability. The quantile regression decomposition reinforces our finding that differences in the herding effect are a major factor influencing investment returns. Furthermore, the empirical results presented in this study provide support for the four hypotheses proposed in Section 2.6. First, the significant and negative association between self-reported herding behavior and both investment return and ROI confirms Hypothesis 1, indicating that households exhibiting stronger herding tendencies tend to experience poorer investment outcomes. Second, the quantile regression results reveal that the impact of herding is not uniform across the distribution of returns. The negative effect becomes more pronounced at higher quantiles, particularly beyond q75, thus supporting Hypothesis 2 and underscoring the importance of modeling return heterogeneity. Third, the interaction effects between herding behavior and various household characteristics—such as age, gender, income, and asset levels—demonstrate significant moderation effects. For example, income and gender show varying effects across quantiles in both investment and ROI models. These findings lend support to Hypothesis 3, which posits that demographic and financial characteristics condition the effect of herding. Finally, our analysis confirms Hypothesis 4, with the perceived credibility of market information moderating the negative association between herding and investment outcomes. Households that report higher trust in disclosed market information tend to suffer less from herding-induced losses or achieve better returns, suggesting that credible information can mitigate behavioral biases. The herding effect is detrimental to investment. Nevertheless, investors with adequate investment literacy and skills, along with the adoption of other rational methods, can avoid the pitfalls of herding behavior.



Regarding the total investment return as the dependent variable, the age variable shows a positive impact on investment returns after q90, indicating that older age positively influences investment effectiveness at higher quantiles. The cash holdings exhibit inconsistent effects across quantiles, suggesting that their influence on investment returns may depend heavily on underlying motivations, such as precautionary savings or market timing. Assets show significant effects on investment returns across all quantiles except for q50. Income exhibits a steep positive effect on investment effectiveness above q75. The herding effect for the head of the household shows significantly negative coefficients across all quantiles except for q25. In terms of ROI, male heads of the household experience fewer losses than female heads. The age variable shows better ROI at q50 and q90. Unlike the previous results concerning investment returns, assets do not have a significant effect on ROI. However, income demonstrates a significant positive effect on ROI. The herding effect in the stock market also shows a significantly negative correlation with ROI, consistent with the previous results on investment returns. If the head of the household believes in the information disclosed by the market, it is more likely that investment losses are reduced or that investment returns increase. By employing self-reported data regarding herding behavior, interesting and valuable outcomes were obtained with the quantile regression estimation method. In terms of financial literacy education, the government could launch comprehensive investor education programs aimed at novice investors, including free public courses and official knowledge platforms. Events such as ‘Rational Investment Month’ and ‘Anti-Speculation Week’ can heighten awareness of market sentiment risks. Establishing financial content disclosure guidelines for self-media, requiring clear information sourcing and risk disclaimers, could enhance information quality. Collaborations with social platforms to introduce content review systems or delayed posting mechanisms for speculative posts, along with regularly published ‘Hot Stock Risk Reports,’ can collectively help mitigate excessive market herding behavior



As the quantile estimation results vary significantly across distributions, it is imprudent to conclude that the observed differences in the data are solely due to this factor. However, similar results to those in the literature have been obtained. Compared with traditional methods such as the mean reversion process or the conditional distribution assumption, employing the quantile regression model provides a new perspective for relevant studies. Empirical evidence from markets such as the U.S., Hong Kong, and Japan shows increasing return dispersions, implying a weaker presence of herding behavior—consistent with the findings of Christie and Huang (Christie & Huang, 1995). In contrast, emerging markets like South Korea and Taiwan exhibit lower-equity-return dispersions, indicating stronger herding tendencies, which aligns with our findings (E. C. Chang et al., 2000). Furthermore, studies have identified cross-market herding effects in the U.S., UK, and Germany, where investor sentiment in one market can influence herding behavior in another, particularly among European markets (Economou et al., 2018). In fact, the different empirical results found in this study are inconsistent with past findings, obtained by focusing only on the mean. Therefore, in future research, combining theories and experimental evidence from economics and other social sciences can enhance our understanding of how rationality and emotions interact to create herding effects in the financial sector. By collecting more independent variables, insights regarding how investors’ financial literacy, information asymmetry, and various investment portfolios influence their responses can be discovered. This behavior will reflect the response of a well-functioning market to public information. While several variables show statistically significant coefficients at specific quantiles, including risk literacy, social trust, and happiness, these results often lie near conventional significance thresholds or lack theoretical consensus. Accordingly, they should be interpreted with caution, and future research may help validate or clarify these relationships. Additionally, while some behavioral variables such as risk literacy show statistically significant effects at lower quantiles, these results remain close to the margin of significance. Hence, interpretations must be made with appropriate caution, and further empirical validation is warranted.
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Figure 1. Coefficient trend across all quantiles (stock investment return). 
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Figure 2. Coefficient trend across all quantiles (ROI). 
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Figure 3. Decomposed differences regarding stock investment return. 
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Figure 4. Decomposed differences regarding ROI. 
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Table 1. Descriptive statistics.
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	Variables
	Min.
	Max.
	Mean.
	S.D.
	Obs.





	Gender
	0
	1
	0.67
	0.469
	1400



	Education level
	1
	9
	5.33
	1.663
	1400



	Age
	18
	90
	50.81
	13.393
	1400



	CCP membership
	0
	1
	0.79
	0.409
	1375



	Asset
	1.329
	3000
	349.628
	412.059
	1400



	Income
	−1000
	2534.500
	193.042
	242.116
	1400



	Debt
	0
	5000
	145.907
	456.202
	1400



	Deposit
	0
	3000
	144.803
	269.713
	1400



	Cash holding
	0
	2000
	16.009
	67.370
	1400



	Information credibility
	1
	5
	2.25
	0.958
	1355



	Herding effect
	1
	5
	2.24
	1.232
	1384



	Sense of trust
	1
	5
	2.44
	0.873
	1394



	Sense of happiness
	1
	5
	3.78
	0.734
	1396



	Risk literacy
	0
	2
	1.62
	0.575
	1400



	Return amount
	−175
	337.628
	−1.062
	22.867
	1400



	ROI
	−7.021
	1246.200
	1.613
	33.886
	1400










 





Table 2. Distributions of the two dependent variables.
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	Return
	ROI





	10
	−120,000
	−0.7917



	20
	−60,000
	−0.5825



	30
	−30,092.4
	−0.4285



	40
	−15,000
	−0.2954



	50
	−4000
	−0.1299



	60
	0
	0



	70
	5948.1
	0.1219



	80
	30,000
	0.4637



	90
	100,000
	1.4168










 





Table 3. Bootstrap-based robust standard errors from quantile regression.






Table 3. Bootstrap-based robust standard errors from quantile regression.





	

	
Coef.

	
Std. Err.

	
t

	
p > |t|

	
[95% Conf. Interval]






	
Gender

	
0.011515

	
0.248696

	
0.05

	
0.963

	
−0.47638

	
0.499406




	
Education

	
−0.02297

	
0.072142

	
−0.32

	
0.75

	
−0.1645

	
0.11856




	
Age

	
0.001152

	
0.00858

	
0.13

	
0.893

	
−0.01568

	
0.017984




	
CCP

	
0.535608

	
0.311956

	
1.72

	
0.086

	
−0.07639

	
1.147603




	
Asset

	
−0.00013

	
0.000627

	
−0.21

	
0.83

	
−0.00137

	
0.001096




	
Income

	
0.002545

	
0.001691

	
1.5

	
0.133

	
−0.00077

	
0.005862




	
Debt

	
−0.00056

	
0.000586

	
−0.96

	
0.337

	
−0.00171

	
0.000588




	
Deposit

	
−2.7 × 10−5

	
0.001446

	
−0.02

	
0.985

	
−0.00286

	
0.00281




	
Cash

	
3.61 × 10−6

	
9.97 × 10−6

	
0.36

	
0.718

	
−1.6 × 10−5

	
2.32 × 10−5




	
Information

	
0.640249

	
0.127808

	
5.01

	
0

	
0.389516

	
0.890982




	
Herding

	
−0.44753

	
0.116051

	
−3.86

	
0

	
−0.6752

	
−0.21986




	
Trust

	
−0.21364

	
0.142298

	
−1.5

	
0.134

	
−0.4928

	
0.065522




	
Happiness

	
−0.33557

	
0.158255

	
−2.12

	
0.034

	
−0.64603

	
−0.02511




	
Risk literacy

	
−0.26536

	
0.197274

	
−1.35

	
0.179

	
−0.65237

	
0.121654











 





Table 4. Wald tests for coefficient equality across quantiles (q25 = q50 = q75).
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	Variables
	F-Value





	Age
	2.19 *



	Asset
	6.97 ***



	Income
	2.86 *



	Information credibility
	2.54 *



	Risk literacy
	1.79 *







*** p < 0.01; * p < 0.1.













 





Table 5. Quantile regression results on stock investment returns.
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	q10
	q25
	q50
	q75
	q90





	Gender
	0.976
	−0.019
	0.012
	−0.025
	−1.06



	Education level
	−0.074
	−0.105
	−0.023
	−0.312 *
	−0.277



	Age
	−0.033
	−0.029
	0.001
	0.015
	0.1162 ***



	CCP membership
	6.0052 *
	1.209
	0.5362 *
	−0.118
	−0.682



	Asset
	−0.0122 **
	−0.0052 **
	−0.0001
	0.0052 **
	0.0162 **



	Income
	0.01
	0.0052 *
	0.003
	0.0112 **
	0.0322 ***



	Debt
	−0.004
	−0.001
	−0.001
	−0.002
	−0.003



	Deposit
	−0.012
	−0.0052 *
	−0.00003
	−0.002
	0.006



	Cash holding
	−0.024
	−0.014
	0.004
	0.021
	−0.006



	Information credibility
	2.1122 ***
	1.1742 ***
	0.642 ***
	0.8182 ***
	0.8842 *



	Herding effect
	−0.525
	−0.6662 **
	−0.4482 ***
	−0.5462 ***
	−0.7432 *



	Sense of trust
	−1.4832 *
	−0.8742 **
	−0.214
	−0.147
	−0.069



	Sense of happiness
	−0.97
	−0.366
	−0.3362 **
	−0.194
	−0.352



	Risk literacy
	−2.1052 ***
	−0.924
	−0.2