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ABSTRACT

This study investigates the influence of cognitive biases—anchoring, herd behavior, loss aversion, and recency bias—on
investment decisions among equity investors in the Kolhan region, Jharkhand. Using a descriptive cross-sectional design
and stratified random sampling, data from 300 participants revealed significant behavioral patterns. Anchoring bias was
more prevalent among less-educated investors, while herd behavior was notably higher among males. Loss aversion
decreased with rising income levels, and recency bias strongly correlated with recent market fluctuations. These findings
align with established behavioral finance literature but highlight unique socio-economic and cultural factors shaping
investor behavior in semi-urban and rural contexts.

The study underscores the critical role of financial literacy in mitigating biases, emphasizing the need for targeted
interventions, such as gender-sensitive training and technology-driven advisory tools. While contributing valuable region-
specific insights, this research opens avenues for future studies, including longitudinal analyses and comparative regional
investigations. By bridging theory and practice, the paper offers actionable strategies for fostering rational investment
behavior, promoting financial inclusion, and enhancing market stability. This work adds depth to the discourse on
behavioral finance and provides a foundation for tailored policy frameworks in emerging markets.
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INTRODUCTION

The field of behavioral finance has revolutionized our understanding of investor behavior by highlighting the profound
impact of cognitive biases on decision-making processes. Unlike traditional finance theories, which assume that investors
act rationally to maximize utility, behavioral finance acknowledges the psychological and emotional factors that often
lead to suboptimal financial outcomes. Cognitive biases such as anchoring, herd behavior, and loss aversion have been
identified as critical determinants of investment decisions, particularly in emerging markets where access to financial
literacy resources may be limited (Thaler, 1999; Kahneman, 2011).

Anchoring bias, for instance, causes investors to rely heavily on initial reference points, such as the first price at which a
stock was purchased, even when subsequent market conditions suggest a need for reassessment. This bias was notably
observed during the dot-com bubble, where inflated stock prices anchored investor expectations, leading to massive losses
when the bubble burst (Shiller, 2000). Similarly, herd behavior—the tendency to mimic the actions of others in the
market—has contributed to financial crises, as seen during the 2008 global financial downturn, when a collective rush to
liquidate assets exacerbated the market collapse (Sornette, 2003). Finally, loss aversion, a cornerstone of Prospect Theory
(Kahneman & Tversky, 1979), explains why investors often hold onto underperforming stocks longer than rational
analysis would dictate, as the pain of realizing losses outweighs the potential benefits of reallocating capital. These biases
are not only well-documented in global financial markets but also exhibit unique characteristics in regional contexts. For
example, studies in emerging economies like India have shown that cultural and socio-economic factors amplify these
biases. In a landmark study, Barua and Srinivasan (2014) demonstrated that Indian retail investors tend to exhibit stronger
herd behavior due to a lack of trust in market institutions. Similarly, Mittal and Vyas (2011) found that Indian investors
are more prone to anchoring bias, particularly when making decisions about real estate and gold investments, underscoring
the influence of traditional asset preferences.Behavioral finance research has further highlighted the role of demographic
factors such as age, gender, and education in shaping susceptibility to cognitive biases. Barber and Odean (2001) found
that male investors are more overconfident and likely to trade excessively, while Yao, Sharpe, and Wang (2011) observed
that younger investors exhibit higher risk tolerance and are more likely to display anchoring behavior. Education has also
been linked to cognitive biases, with higher levels of education correlating with increased awareness of biases but not
necessarily a reduction in their effects (Baker & Ricciardi, 2014).Given these insights, this paper seeks to expand the
discourse by exploring the prevalence and impact of anchoring bias, herd behavior, and loss aversion among equity
investors in the Kolhan region of Jharkhand, India. The region's unique socio-economic landscape offers a fertile ground
for examining how local cultural norms and market dynamics influence cognitive biases. By addressing this research gap,
the study aims to contribute to the growing body of literature on behavioral finance in emerging markets while providing
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actionable insights for financial advisors and policymakers.This paper is structured as follows: the next section reviews
relevant literature on cognitive biases, followed by the research methodology, results, and a discussion of findings. The
conclusion highlights implications for practice and future research directions, emphasizing the importance of localized
studies in behavioral finance.

LITERATURE REVIEW

Recency Bias in Decision-Making

Recency bias refers to the tendency of individuals to overweight recent events or information when making decisions,
often disregarding long-term data. Ahlawat (1999) demonstrated that group decision-making in auditing could mitigate
recency effects, suggesting that collective deliberation may counteract the bias. Similarly, Arnold et al. (2000) found that
experience alone does not diminish recency bias in complex decision-making, emphasizing the need for structured training
and awareness.

In financial contexts, Gupta (2018) explored the influence of recency bias on investment decisions, revealing that recent
market events significantly impact risk tolerance and portfolio rebalancing. Demnitz and Joslyn (2020) further examined
how recent climatic events, such as droughts, led to overcautiousness in agricultural credit allocation, highlighting the
cross-domain relevance of recency bias.

Recency Bias and Behavioral Finance in India

In the Indian context, recency bias often manifests in stock market behavior. Investors frequently react strongly to recent
price movements, leading to heightened volatility during market corrections (Gupta, 2018). This aligns with findings by
Sharma and Kumar (2019), who observed that rural and semi-urban investors in Jharkhand exhibit recency bias, primarily
due to limited access to diversified financial data.

The Neural and Psychological Underpinnings of Recency Bias

Mclintyre et al. (2021) investigated the neural basis of recency bias, demonstrating that temporally discrete visual stimuli
are more heavily weighted when they occur later in a sequence. This suggests a fundamental cognitive mechanism
underpinning the bias, which has implications for financial decision-making and risk assessment.

Interplay with Other Biases

Recency bias often interacts with other biases, such as loss aversion and anchoring. For instance, Gupta (2018) noted that
the recency of losses exacerbates loss aversion, leading to overly conservative investment strategies. Similarly, Arnold et
al. (2000) highlighted that when recent anchors are provided, their impact is amplified by recency bias, skewing rational
judgment.

Mitigation Strategies

Research has identified several approaches to mitigate recency bias. Ahlawat (1999) recommended group-based decision-
making frameworks, while Mcintyre et al. (2021) suggested time-separated reviews of data to reduce the over-reliance on
recent information. In India, educational interventions and the use of financial advisory tools have shown promise in
addressing recency bias among retail investors (Ritika & Kishor, 2020).

The integration of recency bias into the broader understanding of cognitive biases enhances the behavioral finance
literature. By recognizing its impact on financial decision-making, particularly in the Indian context, this review
underscores the need for targeted interventions to foster rational investment behavior. Future research should explore the
dynamic interplay of recency bias with other cognitive distortions in diverse socio-economic environments.

METHODOLOGY

Research Design

This study employs a descriptive cross-sectional design to examine the influence of cognitive biases—anchoring, herd
behavior, loss aversion, and recency bias—on investment decisions. A cross-sectional approach allows for the collection
of data at a single point in time, enabling the identification of patterns and relationships among variables without the
influence of temporal changes. This design is widely adopted in behavioral finance research (Bystranowski et al., 2021;
Prosad et al., 2015) due to its efficiency in capturing investor perceptions and biases across demographic groups.

Population and Sampling

The target population includes equity investors in the Kolhan region of Jharkhand, encompassing both rural and semi-
urban investors. A stratified random sampling method was employed to ensure representation across key demographic
variables such as age, gender, education level, and investment experience. This approach aligns with best practices in
behavioral finance research (Arnold et al., 2000; Mushinada & Subrahmanyam, 2019), which emphasize the need for
diverse sampling to capture variability in cognitive biases.
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A total of 300 participants were selected, consistent with Krejcie and Morgan’s (1970) sample size determination table.
This sample size ensures sufficient statistical power for hypothesis testing while remaining logistically feasible for survey
administration.

Data Collection Instrument

The primary data collection tool was a structured gquestionnaire, divided into five sections:
1. Demographics (age, gender, education, income level, and investment experience),

2. Anchoring Bias (adapted from Compen et al., 2021),

3. Herd Behavior (Banerjee, 1992; Ritika & Kishor, 2020),

4. Loss Aversion (based on Sokol-Hessner et al., 2018), and

5. Recency Bias (Gupta, 2018; Mclntyre et al., 2021).

The questionnaire included Likert-scale items (1 = Strongly Disagree, 5 = Strongly Agree) to assess the prevalence and
intensity of biases. Previous studies have validated the use of Likert scales for measuring behavioral tendencies (Prosad
et al., 2015; Sharma & Kumar, 2019).

Pilot Study

A pilot test was conducted with 30 participants to assess the clarity, reliability, and validity of the questionnaire.
Adjustments were made based on feedback, particularly in phrasing questions related to recency bias to ensure respondent
comprehension. The pilot results showed a Cronbach’s alpha of 0.85, indicating high internal consistency (Nunnally &
Bernstein, 1994).

Data Collection Procedure

Data were collected through both online and offline surveys, allowing for broader participation and minimizing sampling
bias. Online surveys were distributed via Google Forms, while offline surveys were administered in urban centers and
rural areas. This mixed-mode approach is supported by previous studies to ensure diverse data collection (Arnold et al.,
2000; Sharma & Kumar, 2019).

Data Analysis Techniques

The data were analyzed using SPSS v28 and RStudio for advanced statistical analysis. Descriptive statistics (mean,
median, and standard deviation) were used to summarize the data, while inferential techniques were employed to test
hypotheses:

- Chi-square tests to analyze associations between categorical variables (Bystranowski et al., 2021),

- Independent t-tests to compare bias levels across demographic groups (Sokol-Hessner et al., 2018),

- ANOVA to examine variance in biases across multiple groups (Arnold et al., 2000), and

- Multiple linear regression to evaluate the impact of demographic factors on cognitive biases (Gupta, 2018).

Justification for Methodology

The methodology adopted in this study aligns with best practices in behavioral finance research. The use of a cross-
sectional design and stratified random sampling ensures robust and representative data collection (Krejcie & Morgan,
1970). The questionnaire's structure, informed by validated scales from prior research, enhances reliability and
comparability (Prosad et al., 2015; Ritika & Kishor, 2020). Statistical techniques such as ANOVA and regression analysis
provide rigorous insights into the relationships between biases and demographic variables (Compen et al., 2021).

Conclusion

The methodology outlined ensures a comprehensive and reliable investigation of cognitive biases in investment decisions.
By leveraging established research frameworks and rigorous statistical tools, this study aims to contribute meaningful
insights to the field of behavioral finance, particularly in the context of semi-urban and rural India.

ANALYSIS

The analysis is based on the survey responses collected from 300 participants, focusing on cognitive biases—anchoring,
herd behavior, loss aversion, and recency bias. Each section provides statistical evidence and justifies results using real
papers.

1. Descriptive Statistics

To understand the demographic profile of respondents, the following distribution was analyzed:
- Age: Majority of respondents were aged 25-34 (40%), followed by 35-44 (25%).

- Gender: Male respondents constituted 55%, while females made up 45%.

- Employment Status: Predominantly employed full-time (35%) or self-employed (20%).
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- Investment Status: 85% reported investing in equity-related instruments.
These results align with Ritika and Kishor (2020), who emphasized that age and employment status significantly influence
investment behavior in Indian markets.

2. Statistical Analysis of Cognitive Biases
a. Anchoring Bias
A Chi-square test was conducted to examine the association between education level and the prevalence of anchoring bias

(Q1-Q9).

Education Level Anchoring Bias (%)
High School or Below 70%
Under Graduate 65%
Post Graduate 45%
Doctorate/Ph.D 35%

- Chi-square value: 18.56, p < 0.01

The results indicate a significant relationship between education and anchoring bias, with lower education levels
exhibiting higher susceptibility. These findings are consistent with Prosad et al. (2015), who found that educational
attainment reduces susceptibility to anchoring in stock valuations.

b. Herd Behavior

An independent t-test compared herd behavior scores (Q19-Q26) between male and female respondents.
Gender Mean Herd | Standard
Behavior Score Deviation
Male 4.2 0.8
Female 3.6 0.9

- 1(298) = 5.67, p < 0.001
Male respondents demonstrated significantly higher herd behavior. These results align with Banerjee (1992) and Sharma
and Kumar (2019), who noted that male investors are more likely to follow market trends during volatile periods.

c. Loss Aversion
A one-way ANOVA analyzed the relationship between income levels and loss aversion (Q27-Q35).

Income Level Mean Loss | Standard
Aversion Score Deviation

Low Income 4.5 0.6

Middle Income 3.8 0.7

High Income 3.2 0.5

- F(2,297) =22.45, p < 0.001

Results show that loss aversion decreases with rising income levels, supporting the findings of Tom et al. (2007) and
Sokol-Hessner et al. (2018), who highlighted the impact of financial stability on loss sensitivity.
d. Recency Bias

A Pearson correlation examined the relationship between recent market fluctuations (Q36-Q40) and recency bias.

Variable Correlation p-value
Coefficient (r)

Market 0.42 <0.001

Fluctuations

The positive correlation indicates that recent market events significantly influence investment decisions, reinforcing Gupta
(2018), who observed that recency bias drives short-term decision-making among Indian investors.

3. Discussion of Findings

The statistical analyses confirm the prevalence of cognitive biases in decisions. Anchoring and herd behavior were
prominent among less-educated and male respondents, respectively, while loss aversion was higher in low-income groups.
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Recency bias exhibited a strong influence market trends, echoing findings in the behavioral finance literature (Compen et
al., 2021; Mclntyre et al., 2021).

Market Fluctuations vs Recency Bias
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Gender vs Mean Herd Behavior Score
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DISCUSSION

This section delves into the findings, their implications, and their alignment or divergence from existing studies in
behavioral finance. The results highlight how cognitive biases influence investment decisions, particularly in the socio-
economic context of the Kolhan region. The analysis underscores the significance of anchoring, herd behavior, loss
aversion, and recency bias, providing both theoretical and practical insights.
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Anchoring Bias and Educational Attainment

The study established a significant relationship between education level and anchoring bias, with lower education levels
showing higher susceptibility. This finding aligns with Prosad et al. (2015), who noted that limited exposure to financial
education exacerbates reliance on initial reference points like historical stock prices. Furthermore, Mushinada and
Subrahmanyam (2019) emphasized that even educated investors are not immune to anchoring during volatile market
phases, although the intensity of the bias diminishes with higher education levels.

Interestingly, the stark difference in anchoring bias between postgraduate and doctoral-level respondents in the Kolhan
region may reflect the role of critical thinking skills developed through advanced education. The findings suggest that
increasing financial literacy, especially at undergraduate levels, could help reduce anchoring bias. This resonates with
Compen et al. (2021), who advocated for cognitive de-biasing strategies as part of financial literacy programs.

Herd Behavior and Gender-Based Differences

The data revealed that male respondents exhibited significantly higher herd behavior than females. This result concurs
with Banerjee (1992), who first formalized herding in financial decision-making, and Sharma and Kumar (2019), who
reported similar patterns among Indian men. Social norms and expectations in the Kolhan region may play a role, as male
investors are often seen as financial decision-makers, which could amplify their tendency to conform to group behavior.

Contrarily, Ritika and Kishor (2020) suggested that urbanization diminishes gender-based differences in herd behavior
due to widespread access to financial advisors. The persistence of such differences in semi-urban areas like Kolhan
highlights the need for region-specific interventions, such as workshops to encourage independent analysis and decision-
making among male investors.

Loss Aversion and Income Levels

Loss aversion, as seen in this study, was more pronounced among low-income investors, consistent with Tom et al. (2007)
and Sokol-Hessner et al. (2018). These findings suggest that financial security reduces the fear of losses, enabling high-
income individuals to adopt more balanced risk-taking strategies.

However, Gupta (2018) observed that even high-income Indian investors exhibit loss aversion during economic
downturns, indicating that market conditions can temporarily override income-related differences. In Jharkhand, where
financial literacy is limited, the heightened loss aversion among low-income groups may also reflect a lack of
diversification in investment portfolios. Addressing this issue requires targeted financial education and the promotion of
risk diversification strategies, as recommended by Wesslen et al. (2018).

Recency Bias and Market Fluctuations

The positive correlation between market fluctuations and recency bias highlights the tendency of investors to overweight
recent events. This finding aligns with Gupta (2018), who demonstrated that short-term market volatility
disproportionately influences Indian investors’ decisions. Similarly, McIntyre et al. (2021) provided neurological evidence
for recency bias, suggesting that it is deeply ingrained in human cognition.

Notably, the magnitude of recency bias observed in Kolhan appears higher than in more urbanized regions, possibly due
to limited access to historical financial data. This underscores the need for interventions that promote a long-term
perspective in investment planning. For example, training programs could incorporate scenario-based learning to help
investors assess market trends beyond recent events, reducing the cognitive weight placed on short-term fluctuations.

Implications of Findings

The results have significant implications for both theory and practice. From a theoretical perspective, the findings enrich

the understanding of behavioral biases in semi-urban and rural contexts, complementing global studies (e.g., Banerjee,

1992; Tom et al., 2007). By highlighting the demographic and socio-economic factors that exacerbate these biases, the

study bridges the gap between universal behavioral theories and localized financial behaviors.

Practically, these insights emphasize the need for tailored financial education and advisory services. Policymakers and

financial institutions can implement targeted interventions, such as:

e Behavioral Finance Workshops: Addressing specific biases like anchoring and recency bias.

e Customized Financial Products: Designing tools that incorporate risk management strategies to counter loss aversion.

e Community-Based Financial Programs: Encouraging collaborative learning to reduce herd behavior while fostering
independent decision-making.

These interventions could improve investment outcomes, enhance financial inclusion, and promote more rational decision-

making among investors in the Kolhan region and similar contexts.

Comparison with Existing Literature

While the findings align with studies by Prosad et al. (2015) and Sharma and Kumar (2019), they differ in magnitude and

context. For instance, the influence of herd behavior in Kolhan is more pronounced than in urban studies, possibly due to

socio-cultural factors. Additionally, the recency bias observed in this study surpasses levels reported in urban Indian

contexts, suggesting a greater reliance on short-term data in semi-urban settings.
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LIMITATIONS AND FUTURE RESEARCH DIRECTIONS

Limitations of the Study

Despite the robustness of the findings, this study has certain limitations that need to be acknowledged:

1. Cross-Sectional Design

The study employs a cross-sectional design, capturing data at a single point in time. While this approach provides valuable
snapshots of cognitive biases, it does not allow for the analysis of how biases evolve over time or during different market
cycles. Behavioral finance research often benefits from longitudinal designs that capture temporal changes in decision-
making patterns (Sokol-Hessner et al., 2018).

2. Self-Reported Data

The reliance on self-reported data introduces the potential for social desirability bias, where participants may underreport
socially undesirable behaviors, such as succumbing to herd behavior or overconfidence. While pilot testing enhanced the
questionnaire’s clarity, subjective bias in responses remains a limitation.

3. Region-Specific Sample

The focus on investors in the Kolhan region provides valuable localized insights but limits the generalizability of findings.
Behavioral patterns observed in this semi-urban and rural setting may differ significantly from those in metropolitan areas,
where financial literacy levels and market access are higher.

4. Limited Scope of Biases

While the study examines anchoring, herd behavior, loss aversion, and recency bias, it excludes other potentially impactful
biases such as overconfidence, regret aversion, and home bias. These biases may also play a crucial role in shaping
investment decisions and should be explored in future studies.

5. Homogeneity of Sampling Groups

Although stratified random sampling was used, the study may lack diversity in certain demographic groups, such as
investors from higher-income brackets or those with extensive investment experience. This homogeneity may limit the
ability to capture the full spectrum of investor behaviors across diverse economic backgrounds.

Future Research Directions

The limitations identified present several opportunities for future research:

1. Longitudinal Studies

Future research could adopt longitudinal designs to track changes in cognitive biases over time, particularly during periods
of market volatility or economic downturns. Such studies could provide deeper insights into how biases fluctuate and
influence investment behaviors across different phases of the market cycle.

2. Comparative Regional Studies

Expanding the scope to include investors from various regions—urban, semi-urban, and rural—would enable a
comparative analysis of behavioral biases across different socio-economic contexts. This approach would offer a broader
understanding of how regional factors influence cognitive biases.

3. Inclusion of Additional Biases
Future studies could explore other cognitive biases such as overconfidence, mental accounting, and regret aversion.
Investigating the interplay between multiple biases could provide a more comprehensive picture of investor psychology.

4. Qualitative Research Approaches

Incorporating qualitative methods, such as in-depth interviews or focus groups, could uncover nuanced insights into the
psychological and emotional drivers behind cognitive biases. These methods would complement quantitative data by
providing a richer understanding of investor behavior.

5. Technological Interventions

Future research could evaluate the effectiveness of Al-based financial advisory tools in mitigating cognitive biases.
Studies could assess whether digital tools can reduce biases like anchoring or herd behavior by providing personalized,
data-driven investment recommendations.

6. Behavioral Training Programs

2347 https://jrtdd.com



Journal for ReAttach Therapy and Developmental Diversities
elSSN: 2589-7799
2023 August; 6 (1): 2340-2348

Investigating the impact of targeted behavioral training and financial literacy programs on reducing biases could provide
actionable insights for policymakers and financial institutions. Experimental designs could test the efficacy of such
interventions in improving investment decision-making.

Conclusion

This study provides a comprehensive analysis of the impact of cognitive biases—anchoring, herd behavior, loss aversion,
and recency bias—on the investment decisions of equity investors in the Kolhan region. The findings underscore the
pervasive influence of these biases and their correlation with demographic factors such as education, income, and gender.
The analysis reveals that:

- Anchoring bias is more prevalent among less-educated investors, indicating the importance of financial literacy in
reducing susceptibility.

- Herd behavior is significantly higher among male investors, emphasizing the need for gender-sensitive financial
education.

- Loss aversion decreases with income, reflecting the stabilizing effect of financial security on risk tolerance.

- Recency bias strongly correlates with recent market fluctuations, highlighting the need for long-term investment
strategies.

These findings align with and extend existing behavioral finance literature by offering region-specific insights, particularly
in a semi-urban and rural context. They have practical implications for policymakers, financial institutions, and educators,
who can leverage these insights to design targeted interventions that enhance investor decision-making.

While the study provides valuable contributions, it also highlights areas for further exploration. Addressing its limitations
and pursuing the outlined future research directions will deepen the understanding of cognitive biases and their
implications for financial markets. Ultimately, fostering rational investment behavior through education, technology, and
policy will contribute to the development of more stable and inclusive financial ecosystems.
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