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Abstract


Behavioral risk management is an increasingly important consideration in investment strategies, as research has shown that investor psychology can significantly impact portfolio performance. This study examines how psychological variables influence investing choices and the effects that these actions have on risk mitigation and overall investment performance. The primary respondents for this study were the employees of Takoradi Technical University. Partial Least Square Structural Modeling was adopted for the data processing, analysis, and testing of the study’s hypotheses. The study’s findings, which were based on a carefully chosen sample of 348 investors, showed that investigating behavioral risk management in investment strategies is an effective method for thoroughly comprehending and utilizing investors’ psychology to maximize risk management procedures and enhance investment results in dynamic financial markets. Seven hypotheses were deemed insignificant, and five were considered significant. This study is limited by its exclusive focus on only one technical university. This study augmented the growing corpus of research on risk management in investment strategies.
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1. Introduction


A key element of successful investing strategies is behavioral risk management (BRM), which helps investors make better decisions, control risks more skillfully, and eventually produce better investment results. By integrating the BRM principle, investment professionals can gain a more thorough understanding of the psychological issues affecting financial decision-making and adapt strategies to lessen the negative effects of behavioral biases (Haidari, 2023). Research by Yapicioglu (2023) and Iriani et al. (2024) focused on creating more resilient and flexible investing strategies that can more effectively traverse intricate and unpredictable financial landscapes. To increase knowledge of behavioral biases and foster risk awareness within businesses, BRM highlights the significance of education and training initiatives (Kyung-Tae Lee et al., 2023; GBenga, 2024).



The impact of investor psychology on financial markets has long been recognized in the realm of investing techniques. The study of behavioral risk management in investment strategies looks at how investors’ decision-making is impacted by social influences, emotional reactions, and cognitive biases (Polychronakis, 2023; Mittal, 2022). There is increasing awareness that conventional financial theories, which frequently presume rational behavior, fall short of explaining the intricacies of human psychology (VanderPal & Brazie, 2022; Huck et al., 2020). Currently, no thorough frameworks incorporate psychological insights into workable risk management solutions; instead, behavioral finance and risk management have been mostly treated as distinct topics in the literature (Hochrainer-Stigler et al., 2024). This division restricts our knowledge of how to methodically handle emotional and cognitive biases in investment strategies. How psychological factors influence investing decisions and what effects these behaviors have on risk management and overall investment success are two urgent research questions raised by this gap. A thorough framework that integrates behavioral finance concepts into risk management procedures is proposed in this paper. The goal of this research is to investigate the techniques that reduce cognitive biases and improve investment outcomes by examining how these biases impact decision-making. Additionally, Xia and Madni (2024) and Malik et al. (2024) emphasized that investor psychology in decision-making processes greatly impacts how investors assess opportunities, perceive risk, and ultimately decide whether to purchase, hold, or sell assets.



Research suggests that investors commonly encounter myriads of challenges including overconfidence, loss aversion and herd behavior, which can result in less-than-ideal choices (Haidari, 2023; Bhanu, 2023). Significant financial repercussions, such as market volatility and asset mispricing, may arise from these psychological occurrences. For example, investors may irrationally panic during market downturns, causing mass sell-offs that worsen drops. According to Ul Abdin et al. (2022), overconfidence during bull markets can result in excessive risk-taking and significant losses. Therefore, comprehending these patterns of behavior is essential to creating risk management plans to address the psychological elements’ effect on investing performance (Elhussein & Abdelgadir, 2020; Almansour et al., 2023).



This research is significant not only for individual investors but also for financial institutions, policymakers, and the economy as a whole. Additionally, this research can guide the development of educational initiatives aimed at raising investor knowledge of psychological biases and encouraging more logical decision-making. The article’s structure consists of a literature review, a methodology, empirical analysis and findings, a discussion, a conclusion, and research implications.




2. Theoretical Foundation of the Study


One well-known behavioral finance theory that questions the conventional wisdom of rational decision-making in the face of uncertainty is Prospect Theory (Kahneman & Tversky, 2013). This theory has important ramifications for comprehending investor behavior and risk management tactics, as well as offering insightful information about how people make risk judgments. According to the theory, decision-making is systematically biased as a result of people weighing possible rewards and losses against a reference point. The theory helps comprehend behavioral risk management in investment strategies because of a number of its components. Understanding that investors assess risks about a reference point helps financial advisors better understand how their clients see risk. How risk is conveyed can be influenced by factors including an investor’s sensitivity to the possibility of loss concerning their initial investment against the possibility of gain.



The theory presents ideas like framing effects, which show how information presentation affects decision-making, and loss aversion, showing a contrast between the pain of losing and the joy of winning. In the context of behavioral risk management, the theory explains how investors’ risk choices are influenced by psychological variables rather than only logical evaluations of probability and outcomes. Studies that have used this theory include financial management and behavioral finance (Shrader et al., 2021; Bromiley & Rau, 2022). These studies show that behavioral biases affect how investors assess risk and make decisions. Other studies investigated the relationship between risk perception and investment decision-making (Bazley et al., 2021), and emphasized that cognitive biases frequently influence subjective assessments of risk. According to the study’s findings, greater investment outcomes may result from an awareness of these biases. Once more, Areiqat et al. (2019) looked into the connection between behavioral finance characteristics and investing choices and found loss aversion and overconfidence as major factors affecting how risk is perceived and, in turn, how decisions are made. Using Prospect Theory, Muermann et al. (2006) demonstrated how loss aversion affects people’s propensity to buy insurance policies. This study emphasizes Prospect Theory’s wider application outside of conventional investing scenarios. Because it aids in evaluating behavioral risk management to develop methods that accommodate investors’ risk preferences as impacted by prospect framing, the study thus supports the applicability of prospect theory in comprehending investor behavior. One drawback of the study’s premise is that, while it explains how investors make decisions, it offers no precise recommendations for the best course of action. Because there is no clear framework, people or investors may be unsure of what makes a “rational” decision in different circumstances. By employing Prospect Theory, the research has a solid theoretical foundation.




3. Literature Review and Hypotheses Development


3.1. Herd Behavior in Investment Decision


Herd behavior in investment decisions refers to the act of following others’ way of doing things, without consideration for their own personal information or logical reasoning, in the context of investment decisions (Bikhchandani et al., 2024). This can increase market fluctuations and contribute to market inefficiencies by causing excessive asset purchases or sales based on the behavior of others rather than on fundamental considerations. Social proof and FOMO are two examples of cognitive biases and information cascades that impact herd behavior (Khalil et al., 2023). This may affect the market reaction to fresh information, which would distort asset values and raise market volatility. Contrarian investors who are prepared to defy expectations and take advantage of market mispricing may find opportunities as a result of herd behavior (Dumiter et al., 2023). But it may also be dangerous for investors who mindlessly follow the herd, which can result in less-than-ideal investing outcomes and heightened susceptibility to market declines. In a study of the Saudi stock markets, Almansour et al. (2023) discovered that herding behavior had a big influence on how people perceive risk and make investment choices. The study used structural equation modeling to explore the role of herd behavior and other biases in the relationship between investors’ risk perceptions and decision-making. Chandrakala and Ch (2024) investigated how several behavioral finance ideas, including herd mentality, affected Bangalore investors’ choices of investments. According to their findings, investor attitudes and decision-making processes are significantly shaped by psychological factors, including social effects. Areiqat et al. (2019) emphasized the mediating role of perceived risk in the connection between investment choices and behavioral finance elements like herding. Their study highlighted how cognitive biases impact investors’ risk perceptions, which in turn impact their propensity to follow the herd. The impact of psychological elements, such as herd behavior, on investing decisions, was examined (Bazley et al., 2021). They discovered that during market booms, investors frequently overestimate the safety of following the herd, which encourages them to take on more risk. We postulate the following hypotheses:



H1a. 

There is a favorable relationship between market efficiency and herd behavior.





H1b. 

Portfolio performance is favorably correlated with herd behavior.






3.2. Overconfidence in Investment Decision


In behavioral finance, cognitive bias influences investment decisions, which frequently results in worse-than-ideal outcomes (Distor et al., 2023). This bias can take many different forms, such as overestimating one’s ability to beat the market, underestimating hazards, and overestimating how accurate one’s predictions are (Lu et al., 2023). Overconfidence and other behavioral biases’ effects on investment decisions in developing markets were investigated (Riaz & Iqbal, 2015). According to their findings, investors’ risk-taking behavior was greatly impacted by overconfidence, which resulted in less-than-ideal investment decisions. In their research on investor behavior in Bangalore, Chandrakala and Ch (2024) showed how overconfidence influences investment choices. According to their research, overconfident investors were more inclined to depend on their intuition and disregard fundamental analysis, which led to worse investment results. Almansour et al. (2023) examined the mediating role of the relationship between perceived financial risk and investment decisions. According to the study, overconfident investors frequently misjudge risk, which increases the possibility that they will make poor investment decisions. Coffie (2013) investigated how psychological elements, such as overconfidence, affect less knowledgeable investors’ financial methods. The study found that financial knowledge lessens the impacts of overconfidence, which can result in illogical decision-making. Thus, the following hypotheses are put forth:



H2a: 

Market efficiency and overconfidence are positively correlated.





H2b: 

Overfinance and portfolio returns are positively correlated.






3.3. Liquidity in Investment Decision


Liquidity refers to the ease with which an asset can be turned into cash without influencing its price. Low liquidity implies that selling an asset can need a reduction in its market value, whereas high liquidity means that an asset can be swiftly turned into cash with no effect on price. For investors, liquidity is essential because it influences their capacity to manage risk, enter and exit positions, and react to market movements. In investment decision-making, liquidity is critical because illiquid assets may have higher funding risks, price volatility, and transaction costs. Several variables, including market depth, bid-ask spreads, and trading volume, affect liquidity in investment decisions (Shleifer & Vishny, 1997). Numerous studies have looked at how investors’ perceptions and preferences with regards to liquidity are influenced by psychological variables, which in turn affect the investments they make. According to Rupande et al. (2019), when investor attitude is positive, the stock market is very liquid, and vice versa, indicating that psychological variables are important in determining market liquidity. The results shows how investor psychology and liquidity interact in financial markets. In a similar vein, Aljifri (2023) investigated how overconfidence affects firm valuation and found that overconfident investors frequently undervalue assets, which results in market inefficiencies. The study showed how psychological variables have a direct impact on market results and investing choices, with ramifications for liquidity. Finally, a study by Phan et al. (2023) focused on how liquidity influences investor behavior to comprehend how behavioral finance theories affect investment choices. Their study demonstrated how psychological elements affect investors’ perceptions of liquidity and the investments they make as a result. Thus, the following are the study hypotheses:



H3a. 

Liquidity moderates the correlation between market efficiency and herd behavior.





H3b. 

Liquidity moderates the portfolio outcomes–herd behavior relationship.





H3c. 

The association between market efficiency and overconfidence is moderated by liquidity.





H3d. 

Liquidity moderates the overconfidence–portfolio returns relationship.






3.4. Portfolio Returns in Investment Decision


The gains or losses produced by an investment portfolio over a given period are known as portfolio returns. Various psychological aspects influence investment decisions, which are a major component in deciding these returns. According to conventional finance theories, investors make logical choices to minimize risk and maximize returns.



The impact of psychological factors on loss aversion and overconfidence was examined (Bazley et al., 2021). They discovered that these biases affect risk assessment and procedures, which affect the performance of the portfolio. In another development, Almansour et al. (2023) studied the mediating effect of risk perception in the correlation of behavioral finance with investment decisions. According to their research, overconfident investors frequently misjudge risk, which results in poor investing decisions and negatively impacts portfolio performance. The effect of overconfidence bias on investing performance was also studied by Qureshi et al. (2022), who discovered that overconfident investors often take on excessive risk, which lowers portfolio returns. According to their research, overconfidence can skew risk assessment and decision-making processes, highlighting the mediating function of risk propensity. Additionally, Riaz and Iqbal (2015) found that loss aversion and overconfidence affected investors’ decisions in developing countries, and opined that these biases had a major impact on investors’ perceptions of risk and how they made decisions, which in turn affected the success of their portfolios. Once more, Sindhu (2014), who aimed to investigate risk perception concerning the investment–decision relationship, revealed that psychological elements, such as overconfidence, influence how investors view risk and choose investments. Their study showed that investors’ risk estimations are influenced by past performance, which further shapes portfolios (Ung et al., 2024). The study by Ah Mand et al. (2023) emphasized how information asymmetry and overconfidence interact to influence investing choices. They discovered that overconfident investors frequently overlook important information, which results in bad choices and less-than-ideal portfolio outcomes.




3.5. Market Efficiency in Investment Decision


Financial markets are efficient, according to the Efficient Market Hypothesis (EMH), which postulates that an efficient financial market represents all available information on asset prices at any given moment (Bihari et al., 2022; Abideen et al., 2023). Since asset prices swiftly incorporate new information, active management cannot continuously produce returns that are higher than the market as a whole, according to EMH. This idea has significant ramifications for investment strategies and decision-making since it implies that investors should use passive investment strategies instead of trying to “beat the market”. Behavioral finance research has focused on the connection between market efficiency, investor investment decisions, and investor psychology. To find out how behavioral finance theories affect investing choices, Coffie (2013) carried out a study. According to the research, investor behavior is greatly influenced by psychological variables, which can result in actions that are not in line with reasonable expectations and contribute to market inefficiencies. Also, Riaz and Iqbal (2015) examined the overconfidence–investment biases relationship in developing countries. According to their findings, these biases had a major impact on investors’ perceptions of risk and how they made decisions, which in turn affected market efficiency. An empirical investigation on the effect of overconfidence on firm valuation was carried out by Aljifri (2023), who found that overconfident investors frequently misprice assets, resulting in market inefficiencies. The study showed how psychological variables have a direct impact on market results and investing choices.




3.6. Risk-Taking Propensity in Investment Decisions


A person’s inclination to participate in risky actions, especially in financial situations, is referred to as their risk-taking propensity. It is an important psychological characteristic that affects financial choices because there is a high positive correlation between risk-taking and investment decisions (Bucciol & Miniaci, 2018). Recent empirical research has focused more on the moderating influence of risk-taking inclination on investor investing decisions and psychology. Mulyani et al. (2021) examined the influence of risk perception risk propensity on investment decisions among novice investors in West Sumatra. Their study results showed a positive correlation between risk inclination and investing decisions, indicating that even in the face of psychological biases, investors’ inclination to risk-taking affects their financial judgments. A study measuring the influence of risk-taking inclination on investing decision-making was carried out by (Lathief et al., 2024). According to the study, risk propensity mitigated the impact of behavioral biases on investment decisions, including loss aversion and overconfidence. These biases had less of an impact on investors who were more inclined to take risks, which resulted in more logical investing decisions. The connection between psychological biases and investment choices in developing markets was examined (Riaz & Iqbal, 2015). The researchers discovered that risk-taking propensity considerably mitigated overconfidence and loss aversion in investment decisions, suggesting that despite psychological pressures, investors with more risk tolerance were more inclined to make riskier investments. Coffie (2013) looked at how behavioral finance theories affected investment choices, highlighting the impact of risk-taking tendencies. According to the study, risk-taking investors ignore unfavorable information and psychological biases, which might result in more aggressive investing techniques. Thus, the following theories are put forth:



H4a. 

The association between herd behavior and market efficiency is moderated by a risk-taking tendency.





H4b. 

The association between herd behavior and portfolio returns is favorably moderated by risk-taking propensity.





H4c. 

The association between overconfidence and market efficiency is positively moderated by risk-taking.





H4d. 

Risk-taking propensity moderates the association between overconfidence and portfolio returns.





Based on the above literature review, the study therefore proposes the below conceptual framework (Figure 1).





4. Results


4.1. The Measurement Model


Associations between latent variables were examined in this work. The link between latent variables was assessed using factor loadings, convergent validity, and discriminant validity. To ensure a good match, the initial factor loadings were thoroughly examined. We removed factors that fell below the permissible cutoff of 0.7 (Henseler et al., 2015). We calculated internal consistency and convergent reliability using Cronbach’s alpha and composite reliability (CR), as well as convergent validity (Hair et al., 2017). Each model construct met the suggested Cronbach’s alpha criteria (≥0.7), suggesting appropriate internal consistency, and showed good convergent validity (see Table 1). The Fornell and Larcker (1981) measurements were employed by the researchers to assess discriminant validity. This approach is commonly used in research to ensure that multiple constructs (variables or factors) assess distinct concepts rather than merely variations of the same underlying construct. The Fornell and Larcker (1981) criteria are used to compare the square root of each construct’s Average Variance Extracted (AVE) to its association with each other construct in the model. Every value that was derived for the AVE was above the 0.5 minimum criterion. All of the values on the diagonally arranged data, including 0.801, 0.827, 0.837, 0.763, 0.827, and 0.788, appropriately meet the required threshold specifications of above 0.5 as the initial point of assessment. Data in Table 2 below display the average variance that was retrieved. Table 1 illustrates the significant uniqueness among the constructs in the model, as each one has a bivariate correlation that is less than the square root of the AVE.




4.2. Assessment of the Structural Model and Hypothesis Testing


This section presents findings on hypothesis testing and the computation of the coefficient of determination (R2) (Hair et al., 2019). Cross-sectional survey data may be subject to common method bias, as suggested by some researchers (Amoah et al., 2022; Podsakoff et al., 2003). Following the suggestion of Scott and Bruce (1994), various measures were used to reduce the CMB effect. Using Harman’s one-factor test, the study revealed that three components with an eigenvalue greater than one accounted for 70% of the variance, while over half of the variance was not explained by any factor. Since some researchers have claimed that Harman’s one-factor test is insufficient to provide evidence of CMB, the researchers also employed the Partially General Factor proposed by Tehseen et al. (2017) in the PLS Model technique. The variance inflation factor (VIF) values showed unbiased path coefficients, which is consistent with the findings of Hair et al. (2017), with values falling between 1.45 and 4.31. Then, as shown in Table 2, R2 values representing the predictive ability and explanatory power were ascertained (Hair et al., 2019). Table 2 also presents findings from the hypothesis test, as well as from moderation analysis (risk-taking propensity and liquidity), which looks at how independent variables affect dependent variables. The results of the findings revealed that five of the hypotheses were accepted, while seven of them were rejected as seen in Table 3 and Figure 2 respectively.





5. Materials and Method


5.1. Data Collection and Sampling


To gather information for data processing and analysis, the researchers of this study created a questionnaire and distributed it to the teaching and non-teaching personnel at Takoradi Technical University in Ghana as part of the quantitative strategy to accomplish the study goal. This study used a structured questionnaire methodology based on Figure 1.



Four questions in total were created for section A and twenty-four questions were devised for section B. The pilot study employed a sample of 30 respondents in total. Some questions were removed, while others that did not meet the acceptable dependability criterion were changed (Hair et al., 2019). Following the revision of the pilot study’s questionnaire questions, the data collection procedure was underway. To choose respondents who were accessible and ready to complete the questionnaire, convenience sampling was used. This sampling technique is more cost-effective since it lowers participant recruitment and data-collecting expenses (Amoah et al., 2022; Haseeb et al., 2019). A major disadvantage of convenience sampling is that, because participants are chosen based on availability rather than by chance, there could be bias in representation, and the results may not be generalizable to the larger population. Before starting the data collection process, the current study received ethical approval from the various associations’ personnel in leadership positions. Participants and authorities were informed of the study’s goals and other relevant details.



Prior to the questionnaire being distributed, confidentiality was stressed and study participation was completely voluntary. The data collection method was open to respondents who were active investors. This was due to the possibility that individuals who are actively investing would give more accurate answers than those who had no prior investment experience. Following approval of consent, a Google link containing the questionnaire was sent to the emails of respondents (Bruce et al., 2022). Respondents provided a total of 348 valid responses. A sample size of 300 or more is necessary for quantitative analysis (Hair et al., 2017; Tabachnick & Fidell, 2007), and this study satisfies this criterion. Data were gathered from February to May of 2024. Each respondent took an average of eleven minutes to finish answering the questionnaire. The PLS-SEM software version 4.0 was used to process and assess the valid replies that were obtained. PLS-SEM was used for analysis due to its ability to make predictions and is frequently used in empirical research due to its versatility and suitability for explanatory studies, particularly in investigations where linkages may be intricate (Purwanto & Sudargini, 2021; Alabdali & Salam, 2022). This quantitative design’s explanatory approach enabled us to methodically investigate, measure, and elucidate the correlations between variables. In other to effectively test the hypotheses, and conduct statistical analyses, this strategy was beneficial (Egala et al., 2024). The demographics of the study participants are shown in Table 4 below.




5.2. Data Collection Instrument


This study used a five-point Likert scale, with 1 denoting strongly agree and 5 denoting strongly disagree. Overconfidence (Cordell et al., 2011; Malmendier & Tate, 2005; Grežo, 2021), herd behavior (Cipriani & Guarino, 2014; Ahmad & Wu, 2022; Cont & Bouchaud, 2000), portfolio returns (Reilly, 2002; Kapoor, 2014; Drake & Fabozzi, 2010), market efficiency (Dimson & Mussavian, 2000; Kawakatsu & Morey, 1999), risk-taking propensity (Sekścińska et al., 2022; Saini & Martin, 2009; Harrison et al., 2019), and liquidity (Zimon et al., 2021; Hiadlovský et al., 2016) are some of the outcomes that we chose to include based on the aforementioned seminal studies.





6. Discussion


This study proposed twelve hypotheses in line with the underlying conceptual framework aimed at meeting the objectives of the study. First, from the respondents’ demographics, it was apparent that the majority of the respondents (63.22%) were males. This is not strange since males are generally more responsive and found of investment than females. This study sought to investigate how psychological factors shape investment decisions, and what implications these behaviors have for risk management and overall investment performance, particularly within a particular technical university. The first hypothesis (H1a) was to confirm the link between herd behavior and market efficiency. This hypothesis was supported. The current research validated the previous findings of Ahmad and Wu (2022) and Curto et al. (2017), which argued that her behavior positively influences the decision-making of individual investors. The hypothesis testing the relationship between herd behavior and market efficiency is supported by empirical evidence indicating that herding can lead to price deviations from intrinsic values, increase market volatility, and distort investor decision-making. These factors contribute to overall market inefficiency, demonstrating the critical role that psychological elements play in financial markets. Understanding this relationship is essential for investors and policymakers alike, as it can inform strategies to enhance market stability and efficiency.



Once more, the hypothesis (H1b) which holds that herd behavior and portfolio returns are positively correlated is supported by this study. Previous research has validated this claim (Chang et al., 2000; Ouarda et al., 2013). The acceptance of this hypothesis suggests that collective investor actions can result in enhanced price discovery, increased market momentum, and short-term speculative gains. Although market inefficiencies can be influenced by herd behavior, its immediate effects frequently yield positive returns for investors who follow the trend. Investors’ understanding of the dynamics of herd behavior can successfully navigate the complexities of financial markets.



Also, the findings supported the hypothesis (H2a) stating that overconfidence has a positive relationship with market efficiency. This means that overconfidence positively correlates with portfolio returns. Alsabban and Alarfaj (2020) contended that overconfidence positively influences market efficiency. It was discovered that overconfidence bias predominates loss aversion. The hypothesis stating that overconfidence has a positive relationship with market efficiency is supported by evidence suggesting that overconfident investors contribute to the price discovery process, enhance market liquidity, and facilitate the rapid incorporation of information into asset prices (Mungai, 2019). While overconfidence can lead to market inefficiencies, particularly during bubbles, the eventual corrections often result in a more efficient market environment. Understanding the dual role of overconfidence in financial markets is crucial for investors and policymakers alike.



Nevertheless, the hypothesis (H2b) stating that overconfidence has a positive relationship with portfolio returns was not supported, suggesting no positive correlation between overconfidence and portfolio returns. This contrasts the findings of (Khan et al., 2019; Tekçe & Yılmaz, 2015), which confirmed a positive relationship. The findings not supporting the hypothesis may suggest a negative relationship between overconfidence in trading behavior, risk assessment, and decision-making. Although overconfidence may result in short-term gains in certain market conditions, it frequently leads to excessive trading, poor risk management, and, ultimately, lower long-term portfolio returns. To develop effective investment strategies and improve financial decision-making, the complexity of overconfidence and its effect on investing behavior cannot be overemphasized (Galariotis et al., 2016; Yapicioglu, 2023).



With regards to the moderation effect (hypothesis 3), only hypothesis H3a had one; that is, liquidity positively moderates the relationship between herd behavior and market efficiency. The other three hypotheses (H3b, H3c, and H3d) had no moderation effect. The hypotheses stating that liquidity moderates the relationships between herd behavior and portfolio returns, overconfidence and market efficiency, and overconfidence and portfolio returns were not supported by the findings of this study. Studies such as those conducted by Ndlovu and Stampanoni (2024) confirm hypothesis H3b. Similarly, the findings for hypothesis (H3c) are in agreement with those from previous studies by (Wafula et al., 2023; Najafi Moghaddam & Ramsheh, 2018). Lastly, hypothesis (H3d) contradicts the findings of Gupta et al. (2018) showing that positive relationships were affirmed. The rejection of hypothesis H3b may stem from the complexity of the relationships between the aforementioned factors. For instance, while it is suggested that higher liquidity can facilitate herding by allowing investors to buy or sell assets quickly, others are of the view that increased liquidity can also exacerbate volatility, leading to negative impacts on returns during periods of extreme herding behavior. Also, the rejection of hypothesis H3c may have stemmed from the influence of various market mechanisms and external factors such as regulatory environments and macroeconomic conditions. These complexities can lead to unpredictable outcomes where increased liquidity does not translate into improved efficiency when overconfident behavior is prevalent. Hypothesis H3d was rejected since the dynamics of overconfidence are complex and often lead to behavioral biases that negatively affect decision-making. For instance, while overconfident decision-makers may engage in riskier trades, this behavior does not guarantee higher returns and can lead to losses instead. Simply put, the hypotheses were rejected, which may have stemmed from the complexities and nuances of financial markets and human behavior. Because financial markets are dynamic, shifts in their structure over time can influence the interaction of liquidity, herd behavior, and market efficiency (Komalasari et al., 2022; Shantha, 2019). While liquidity is an essential factor in financial markets, it cannot compensate for the negative effects of herd behavior and overconfidence in investment decisions and outcomes. Investor psychology, market conditions, and the interplay between liquidity and behavioral biases all contribute to the complex dynamics of portfolio returns and market efficiency.



Finally, hypothesis (H4a), which demonstrates risk-taking propensity’s moderation effect on the herd behavior–market efficiency relationship, was supported. This hypothesis was confirmed by the study’s findings, which are in line with those of (Apochi et al., 2024; Ranaweera & Kawshala, 2022). Furthermore, the remaining hypotheses, H4b, H4c and H4d, did not reveal any positive relationships. The hypotheses stating that risk-taking propensity moderates the relationships between herd behavior and portfolio returns, overconfidence and market efficiency, and overconfidence and portfolio returns were not supported by the findings of this study. Studies such as those by (Singh et al., 2023; Apochi et al., 2024; Ahmad & Wu, 2022) support the rejection of H4b. Also, the rejection of hypothesis H4c is in agreement with the findings of studies by (Vo et al., 2023; Ali & Tauni, 2021). Lastly, findings from the studies by Ali and Tauni (2021) and Benischke et al. (2019) corroborate the current study’s findings on the rejection of hypothesis H4d. There may be a more nuanced relationship than initially imagined between the tendency to take risks and these behavioral traits (herd mentality and overconfidence). The effect of overconfidence or herd behavior on portfolio returns and market efficiency may not be consistently exacerbated or diminished by a risk-taking tendency. Its moderating effect can be unpredictable or non-existent in certain situations due to the nature of risk-taking itself, which can differ amongst investors or situations. While risk-taking propensity may seem advantageous in certain situations, it cannot compensate for the negative effects of herd behavior and overconfidence on investment decisions and outcomes. Investor psychology, market conditions, and the interplay between risk-taking propensity and behavioral biases all contribute to the complex dynamics of portfolio returns and market efficiency. Effective risk management and diversification are crucial for investors seeking to optimize their returns while managing risk effectively.




7. Implications


To improve investment outcomes by taking into account psychological factors that influence decision-making, this study aimed to explore behavioral risk management in investment strategies. Because psychological biases in investors often lead them to deviate from rational behavior, it is crucial to understand these biases. Additionally, behavioral risk management techniques enhance risk assessment and further advance investor education and awareness.



The theoretical contribution of this study lies in its assessment of behavioral risk management in investment strategies by analyzing investors’ psychology. The integration of behavioral finance and psychology insights into conventional investment frameworks is a major theoretical contribution of this paper on behavioral risk management in investment strategies. By highlighting the psychological aspects that affect decision-making, this method adds to our understanding of investor behavior beyond the confines of conventional economic models. The recognition that emotional reactions and cognitive biases frequently impact investors’ decisions rather than just their logical calculations is a significant theoretical contribution. The aforementioned viewpoint casts doubt on the conventional notion of investor rationality and emphasizes the significance of integrating behavioral insights into risk mitigation tactics. Moreover, studies on behavioral finance have identified some cognitive biases that influence investing decisions, including loss aversion, herd behavior, and overconfidence. These discoveries aid in developing risk management frameworks that lessen the detrimental effects of these biases by fostering a more sophisticated understanding of investor behavior and market dynamics. Investment professionals can create strategies that better match the real behavior of investors by incorporating behavioral insights, which may enhance risk-adjusted returns and portfolio performance overall.



From a practical standpoint, this study offers a tangible strategy for optimizing behavioral risk management in investment strategies. This study makes several practical contributions. By offering frameworks and instruments that recognize and take into consideration the psychological elements influencing investor behavior, this paper on behavioral risk management in investment strategies makes a useful practical contribution. As a result, it improves risk management techniques, decision-making processes, and investment outcomes in volatile and dynamic market environments. Our research on behavioral risk management in investment strategies improves decision-making procedures and risk management techniques in investment practices by utilizing insights from behavioral finance and psychology. The ultimate aim of incorporating behavioral insights into investing procedures was to enhance long-term results. Through the alignment of strategies with investor behavior instead of what traditional models suggest should happen, practitioners may eventually achieve better risk-adjusted returns and higher levels of client satisfaction. Behavioral risk management promotes investor education and communication campaigns that are both successful. Practitioners can enable investors to make more logical decisions by increasing awareness of common biases and how they affect investment decisions. This may result in better long-term results and fewer hastily made decisions during volatile markets.




8. Conclusions and Limitations


Behavioral risk management in investment strategies requires a comprehensive understanding of investor psychology. By acknowledging the influences of risk propensity, herd behavior, and overconfidence, financial professionals can develop more effective strategies that align with the psychological realities of their clients, ultimately leading to improved investment outcomes and market efficiency. The analysis of behavioral risk management in investment strategies, particularly through the lens of investor psychology, reveals significant insights into how psychological factors influence investment decisions and outcomes. The examination of risk propensity, herd behavior, and overconfidence illustrates the complex interplay between these elements and their impact on portfolio returns and market efficiency. Prospect theory was used as a theoretical foundation to comprehend how people view risk and make decisions in the face of uncertainty. Partial least square structural equation modeling was adopted for the data analysis and processing. The study used respondents from Takoradi Technical University. In addition, a total sample size of 348 was used through the application of the convenience sampling technique. The findings of the study revealed that five of the proposed hypotheses were accepted while seven of them were not accepted.



The limitations of this study include our inability to generalize the findings due to the particular geographic area in which it was conducted, the need for future research to be conducted as an extension of the study, the need for comparative analysis with other contexts, our use of a cross-sectional survey despite research designs potentially yielding more insights, the inclusion of only the staff of Takoradi Technical University and exclusion of other technical university staff in Ghana, and the need for future studies to take into account a larger sample size than what was used in this study.
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Figure 1. Proposed conceptual framework. 
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Figure 2. Estimated model. 
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Table 1. Construct, indicator, loading, VIF, CR, AVE, and CA.
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Construct

	
Indicator

	
Loading

	
VIF

	
CR

	
AVE

	
CA






	
Herd Behavior

	
I tend to follow the investment decisions of others, especially during periods of market uncertainty

	
0.800

	
2.055

	
0.877

	
0.642

	
0.816




	
How much do you consider the actions of other investors when making your own investment decisions?

	
0.811

	
2.000

	

	

	




	
How often do you find yourself following the investment strategies of friends, family, or colleagues?

	
0.830

	
1.853

	

	

	




	
How would you describe your reaction if you learned that many other investors were selling a particular asset?

	
0.762

	
1.365

	

	

	




	
Liquidity

	
I consider liquidity (ease of buying/selling assets) an important factor when making investment decisions

	
0.849

	
1.538

	
0.867

	
0.684

	
0.771




	
How would you rate the ease of buying or selling assets in the markets you invest in?

	
0.828

	
1.683

	

	

	




	
How confident are you in your ability to exit an investment position quickly without significantly impacting the market price?

	
0.805

	
1.547

	

	

	




	
Market Efficiency

	
I believe that financial markets efficiently reflect all available information and prices adjust rapidly to new information.

	
0.793

	
1.457

	
0.875

	
0.700

	
0.785




	
How would you rate the level of transparency and accessibility of market information available to investors?

	
0.861

	
1.921

	

	

	




	
How confident are you in your ability to identify mispriced assets or investment opportunities in the market?

	
0.854

	
1.767

	

	

	




	
Overconfidence

	
How often do you check your investment portfolio compared to industry benchmarks?

	
0.738

	
1.606

	
0.807

	
0.582

	
0.869




	
When making investment decisions, how much weight do you give to your own opinions compared to expert advice or market research?

	
0.732

	
1.571

	

	

	




	
How often do you trade based on a ‘gut feeling’ rather than following a well-thought-out investment strategy?

	
0.816

	
1.136

	

	

	




	
Portfolio

Returns

	
How confident are you that your investment portfolio will continue to generate satisfactory returns in the future?

	
0.649

	
1.258

	
0.806

	
0.683

	
0.723




	

	
To what extent do you believe your investment decisions have contributed to the overall performance of your portfolio?

	
0.972

	
1.258

	

	

	




	
Risk-Taking

Propensity

	
I am willing to take on higher levels of risk in my investment portfolio to potentially achieve higher returns.

	
0.813

	
1.563

	
0.867

	
0.620

	
0.804




	
How often do you actively seek out investment opportunities that offer higher potential returns but also come with greater risk?

	
0.686

	
1.798

	

	

	




	
How comfortable are you with the idea of investing in high-risk assets, such as stocks or cryptocurrencies?

	
0.824

	
2.250

	

	

	




	
How would you describe your approach to risk management in your investment strategy?

	
0.819

	
1.618

	

	

	











 





Table 2. Discriminant validity.
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	Constructs
	Herd Behavior
	Liquidity
	Market Efficiency
	Overconfidence
	Portfolio Returns
	Risk-Taking Propensity





	Herd behavior
	0.801
	
	
	
	
	



	Liquidity
	0.101
	0.827
	
	
	
	



	Market efficiency
	0.416
	0.306
	0.837
	
	
	



	Overconfidence
	0.492
	0.362
	0.435
	0.763
	
	



	Portfolio returns
	0.083
	−0.004
	0.066
	−0.039
	0.827
	



	Risk-taking propensity
	0.586
	0.126
	0.368
	0.345
	−0.026
	0.788










 





Table 3. Hypothesis testing.
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	Constructs
	Original S