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Abstract   

Herding, Anchoring, Loss Aversion, Overconfidence, Confirmation Bias, and the Disposition Effect are the 

six behavioural biases whose prevalence, co-existence and Analysis to study whether biases operate in 

isolation or accumulate to compound decision-making impairment.  

The hypothesis of mutual exclusivity was rejected as 86.8% of investors exhibit two or more biases 

simultaneously according to the results. In the list of predictors, Herding and Overconfidence were shown to 

be the strongest while Loss Aversion ranked last thus highlighting a notable divergence from the foundational 

Prospect Theory. 

Cognitive inconsistency was discovered as 32.1% of investors simultaneously held the contradictory pairing 

of both Herding as well as Overconfidence. A substantial increase in decision making impairment with each 

additional bias was confirmed with the use of ANOVA while regression analysis established 61.3% of 

decision-making variation. The need for holistic, multi-bias aware approaches in investor education, financial 

advisory as well as regulatory policy were highlighted in the findings. compounding impact on investment 

decision making of 159 individual retail investors in India. A structured Likert-scale questionnaire was 

analysed using Random Forest Classification, One-Way ANOVA, Simple Linear Regression, and Co-

occurrence  

Keywords: Behavioural Finance, Investment Decision-Making, Herding, Overconfidence, Anchoring, 

Random Forest, Co-occurrence Analysis, Indian Retail Investors  

Introduction  
Financial markets have traditionally been studied by researchers with the perspective of rational decision-

making, assuming that investors objectively process all available information and act in their best financial 

interest. The Efficient Market Hypothesis (Fama, 1970) is based on this fundamental idea, stating that asset 

prices at any given time reflect all available information. However, decades of real-world observation-from 

market bubbles to panic-driven sell-offs have made it increasingly clear that investors do not always behave 

rationally.  
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This gap between theory and reality gave rise to the field of behavioural finance, which uses psychology to 

learn more about how emotions, cognitive constraints, and mental shortcuts affect how people make financial 

decisions. Behavioural finance is based on the idea that investors tend to think irrationally in predictable ways 

known as behavioural biases. These biases are not mistakes but are predictable and recurring patterns that 

keep investors from making the best decisions. 

Herding, Anchoring, Loss Aversion, Overconfidence, Confirmation Bias, and the Disposition Effect are all 

commonly researched biases that have been found to exist among different types of investors. However, very 

little research has been done on how these behaviours influence each other when they occur together within 

a single person, and whether having multiple behaviours at once will impair decision-making to a greater 

extent than having only one. 

Literature Review    

1.  Behavioural Finance: Background                                                           The Efficient Market Hypothesis 

(Fama, 1970) captures the view that investors are perfectly rational and make decisions based solely on 

available information which is assumed by traditional finance. However, real-world investor behaviour 

frequently contradicts this assumption. With the aim to bridge this gap, behavioral finance emerged. 

Psychology and economics were combined to explain why investors often act irrationally. Kahneman and 

Tversky's (1979) Prospect Theory acted as its theoretical foundation, depicting that people feel the pain of 

losses more strongly than the pleasure of equivalent gains, a concept that underlies many of the biases studied 

in this research. 

2.  Review of Key Behavioural Biases                                                       Herding                                                                                                                                

When investors follow the crowd in comparison to their own analysis, it is known as herding. The social 

conformity experiments of Asch (1956) were traced back by Tripathy (2014) and found it to be one of the 

most common biases among individual investors. The fact that periods of market uncertainty cause herding 

to intensify was noted by Shukla et al. (2020). In the present study, Herding emerged as the strongest predictor 

of biased decision-making (25.77% feature importance).  

Anchoring                                                                                                                        According to Tversky 
& Kahneman (1974), anchoring can be defined as the fixation on a past price or reference price in 
comparison to a simple evaluation of the asset based on its current fundamentals. That Indian investors 
typically use their purchase price as an anchor when deciding whether to buy or sell was discovered by 
Dangi and Kohli (2018). In their Ghanaian study Nkukpornu et al. (2020) found anchoring to have a 
high impact on investment decisions. Anchoring was found to have the highest average prevalence score 
among all six biases (3.47/5) in this study. 

Loss Aversion  

Loss aversion describes the tendency to feel losses more painfully than equivalent gains which is a direct 

outcome of Prospect Theory (Kahneman & Tversky, 1979). Tripathy (2014) found a statistically significant 

relationship between loss aversion and investment decisions (p = 0.000). Loss Aversion ranked last in 

predictive importance at 6.44% in the present study, despite its prominence in literature which represents a 

noteworthy divergence and warrants further investigation. It can be described as the tendency to feel the pain 

arising from losses more significantly than the joy from equivalent gains. 
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Overconfidence                                                                                                       Overconfidence is an 

excessive belief in one's own knowledge and abilities. It is one of the most widely documented biases in 

behavioural finance. Chaubey and Raj (2024) found it was the most recognised cognitive bias among 

investors (60% of respondents). Most investors credit success from investment to their own knowledge 

of the market as found by Tripathy (2014). The present study found Overconfidence to be the second 

most important predictor (25.68%) and found that post-graduate investors showed the highest 

overconfidence scores suggesting education can paradoxically amplify this bias.  

Confirmation Bias                                                                                                          Ignoring contradictory 

evidence while simultaneously seeking information that supports existing beliefs is what is known as 

confirmation bias, (Dangi & Kohli, 2018). A lack of properly diversified portfolios and missed warning 

signals have sprung up as a result of this, a fact noted by Chaubey and Raj (2024). Confirmation Bias 

ranked fifth in predictive importance at 11.15% but was seen to frequently co-occur with Anchoring 

and Herding.  

Disposition Effect                                                                                                                  The tendency of 

selling winning investments too quickly while holding the losing ones for a longer period is what is known 

as The Disposition Effect, identified by Shefrin and Statman (1985). This effect was documented across 

Indian, Chinese, and Taiwanese markets by Shukla et al. (2020). Dangi and Kohli (2018) link it to 

investors who avoid confronting poor decisions. In this study, Disposition ranked fourth in importance 

(12.14%) and co-occurred with Anchoring in 67 out of 159 respondents.  

3. Co-existence of Biases and Research Gap                                                     Prior research mainly studies 

biases in isolation. However, with the use of factor analysis Dangi and Kohli (2018) showed that investors 

exhibit clusters of multiple biases simultaneously and hence six archetypes of investors were created. When 

four biases were studied together, 99.7% of variation in investment decisions were explained which is in stark 

contrast to any single bias alone. A key research gap: developed markets are the hotspot for most studies 

relating to behavioral finance and are known to examine individual biases in comparison to their combined 

effect was identified by Shukla et al. (2020). Using a Random Forest model, ANOVA, and regression analysis, 

six biases were examined simultaneously among Indian investors to address this gap, hence providing 

empirical evidence of the coexistence, contradictory nature as well as the compounding effect of biases and 

their effect on decision-making.   

Study Area                                                                                           This study focuses on understanding 

how behavioural biases influence the investment decisions of individual retail investors. Six key biases form 

the center of this report, namely Herding, Anchoring, Loss Aversion, Overconfidence, Confirmation Bias, 

and the Disposition Effect which are among the most frequently documented biases in behavioural finance 

literature.  

Primary data is collected from 159 individual investors across varying demographic profiles which includes 

age, income, education, investment experience, and risk appetite. Due to the difference of the behavioural 

dynamics from retail investors, institutional investors, professional fund managers, or algorithmic trading 

entities are not included in the study.  

The analysis is confined to self-reported perceptions and behavioural tendencies as captured through a 

structured Likert-scale questionnaire. A Random Forest Classification model is employed to rank the biases 

by their predictive importance, supported by ANOVA and regression analysis to test whether the number of 
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biases an investor simultaneously exhibits has a measurable and compounding effect on their decision-making 

behaviour.  

 It does not incorporate actual trading data or portfolio performance metrics. Individual investors in India are 

represented with a broad geographical scope, hence making it most applicable in the context of Indian retail 

investment. The study does not seek to generalise findings to international markets without further validation.  

The findings of this study contribute to the growing body of behavioural finance literature in developing 

markets and offer practical insights for individual investors, financial advisors, and market regulators seeking 

to understand and mitigate the psychological dimensions of investment decision-making.   

Methodology                                                                                         1. Research Design                                                                                                    

A structured questionnaire was created with the aim to collect primary data which formed the basis for 

a quantitative research design. The nature of research is descriptive and correlational with the objective 

of explaining how prevalent behavioural biases are amongst individual investors, and further to closely 

examine the relationships between those biases and investment decision-making outcomes. This research 

aims to determine the major trends and patterns in the data and not to examine the cause.  

2. Sample and Data Collection  

Primary data was collected from a total of 159 individual investors who agreed to participate in this study. 

An online questionnaire was created using Google Forms and convenience sampling was used to select 

respondents that varied in terms of age, income, education level, investment experience, as well as risk 

appetite. Institutional investors and professional fund managers are not indeed as the sample is limited to 

individual retail investors.  

Table 1: Demographic Profile of Respondents  

Demographic  Categories  Demographic  Categories  

Age Group  18–20, 21–30, 31-

40,  

40+  

Monthly Income  Below 25000, 25000-

50000, 50000-100000,  

100000+  

Education  UG, PG, Others   Risk Appetite  Very Low to Very 

High  

Experience  <1 yr, 1–3 yrs, 3–5 

yrs, 5+ yrs  

Sample Size  159 Respondents  

3. Questionnaire Design                                                                                             A 5-point Likert scale that 

ranged from 1, indicating Strongly Disagree to 5, indicating Strongly Agree was used to measure 20 questions 

which were grouped into six bias categories as outlined in Table 2 and a specific behavioural bias was captured 

through each question. Five questions (Q13, Q14, Q15, Q17, Q19) were reverse-coded to control for 
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acquiescence bias meaning a higher response on these questions actually indicates a lower level of the 

corresponding bias. Reverse coding was applied during data preparation prior to analysis.  

Table 2: Question-to-Bias Mapping  

Behavioural Bias  Questions  Nature  

Herding  Q1, Q8, Q12  Standard 

Anchoring  Q2, Q7, Q16, Q18  Standard 

Loss Aversion  Q6, Q13, Q14, Q17  Q13, Q14 (Reverse Coded) 

Q17 

Overconfidence  Q5, Q9  Standard  

Confirmation Bias  Q4, Q11, Q15  Q15 (Reverse Coded) 

Disposition Effect  Q3, Q10, Q19, Q20  Q19 (Reverse Coded) 

4. Reliability Testing — Cronbach's Alpha  

The use of Cronbach's Alpha for measuring internal consistency among the questions in each of the six bias 

groups indicated a lack of consistency as all the statistics generated were below the acceptable threshold of 

0.60. This presents a significant limitation for this investigation. This is attributed to the multidimensional 

nature of behavioural biases, where different questions within the same bias may capture distinct sub-

dimensions rather than simply measuring one single unidimensional construct. This finding is consistent with 

similar challenges reported in behavioural finance survey research. The researchers continue the analysis 

while noting this limitation of their research.   

5. Bias Score Computation  

For each respondent, a bias score was computed for each of the six behavioural biases by calculating the 

arithmetic mean of the responses to the corresponding questions (after reverse coding where applicable). This 

produced six individual bias scores per respondent, each ranging between 1 and 5. A score above the midpoint 

of 3 was used as the threshold to classify a respondent as exhibiting that particular bias. An overall composite 

bias impact score was also computed by averaging all six bias scores, which served as the dependent variable 

in the regression and ANOVA analyses.   

6. Hypothesis  

Hypothesis 1:  
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H0: Investors do not simultaneously exhibit multiple behavioural biases; behavioural biases are mutually 

exclusive in investment decision-making.  

H1: Investors simultaneously exhibit multiple behavioural biases, including mutually contradictory biases, 

indicating cognitive inconsistency in investment decision-making.  

Hypothesis 2 (H2):  

H02: The number of behavioural biases simultaneously exhibited by an investor has no significant effect on 

their investment decision-making behaviour.  

H12: Investors who simultaneously exhibit a higher number of behavioural biases demonstrate significantly 

more impaired or irrational investment decision-making behaviour compared to those exhibiting fewer biases. 

7. Random Forest Classification Model  

A Random Forest Classification model was built to study the significance of the six behavioural biases on 

investment decision-making. The composite bias impact score was converted into a binary target variable - 

High Bias Impact (score above 3) and Low Bias Impact (score at or below 3). The dataset was split in two 

ways, with 80% as data for training while the remaining 20% was testing data. To prevent overfitting, 100 

decision trees with a maximum depth of 5 in were used to train the model. Using accuracy, precision, recall 

F1-score, and 5-fold cross-validation as the basis, the model performance was evaluated.  Feature importance 

scores extracted from the model were used to rank each bias by its relative contribution to predicting 

investment decision-making outcomes.  

8. One-Way ANOVA  

A one-way Analysis of Variance (ANOVA) was conducted to test whether investors exhibiting different 

numbers of simultaneous behavioural biases show significantly different investment decision-making scores. 

Respondents were grouped based on the number of biases they exhibited (0 through 6), and the mean 

composite decision score was compared across these groups. Statistical significance was assessed at the 5% 

level (p < 0.05). Hypothesis H1₇ which proposes the notion that investors demonstrate significantly different 

decision-making behaviour if they carry more biases is tested in the analysis. 

9. Simple Linear Regression 

In order to quantify the strength as well as direction of the relationship between the number of biases that an 

investor simultaneously exhibits, i.e., the independent variable and the overall composite bias impact score 

i.e., the dependent variable, simple regression model was performed. The coefficient of determination (R²), 

indicates what proportion of variation in investment decision-making can be explained by the number of 

biases and the regression coefficient (β), shows by how much each additional bias impacts the decision score, 

all of which can be provided by the regression model. 

10. Co-occurrence and Contradictory Bias Analysis  

A co-occurrence analysis was conducted with the aim to test the hypothesis that investors simultaneously 

exhibit multiple contradictory biases. Using a midpoint of 3, each respondent was classified as exhibiting or 

not exhibiting each of the six biases. A co-occurrence matrix was used to graphically represent the number 

of investors that simultaneously exhibited each possible pair of biases. Overconfidence and Loss Aversion, 
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and Herding and Overconfidence, which are theoretically contradictory bias pairs were specifically examined 

to identify the proportion of investors carrying both contradictory biases at the same time, providing direct 

evidence of cognitive inconsistency.   

Experiments and Results   

1. Descriptive Statistics — Bias Prevalence  

First, the average bias score for each of the six behavioural biases was computed for all 159 respondents. 

Each score represents the mean Likert response (1–5) for the questions mapped to that bias, ensuring the 

reverse-coded questions were adjusted prior to computation. Keeping the midpoint as 3, any score above 

indicates that the bias is prevalent among the sample.  

With the exception of Loss Aversion, all biases scored above the midpoint of 3 hence signifying that a 

majority of the investors in the sample are known to show moderate to high levels of the aforementioned 

biases. Anchoring emerged as the most prevalent bias (3.47) followed by Herding (3.33), while Confirmation 

(3.06) and Loss Aversion (2.76) were the least prevalent (2.76). Furthermore, 116 out of 159 respondents 

(73%) were classified as High Bias Impact investors, meaning their overall composite bias score exceeded 

the midpoint which is a strong indication that behavioural biases are widespread among individual investors 

in the sample.  

2. Reliability Analysis — Cronbach's Alpha  

Cronbach's Alpha was used to assess the internal consistency of the questions within each bias group. All six 

bias groups returned a score that fell below the acceptable threshold of 0.6, not demonstrating a good degree 

inter-item reliability. A limitation of this study is highlighted in these low values which can be attributed to 

the multidimensional nature of behavioural biases i.e., it is possible to capture unique sub-dimensions using 

different questions within the same bias as compared to a single unidimensional construct. As the correlation 

between the individual questions was relatively low, each question measures a feature of the bias that is 

distinct from all others rather than measuring different aspects of the same bias. This finding is consistent 

with similar challenges found in other similar behavioural finance research studies and the study continues 

to analyse this limitation in a full and transparent manner. 

3. Random Forest Classification Model  

A Random Forest Classification model was built to assess the predictive importance of the six behavioural 

biases on investment decision-making. The model was trained on 80% of the data (127 respondents) and tested 

on the remaining 20% (32 respondents).  

Table 3: Random Forest Model Performance 

Metric  Value  Interpretation  

Test Accuracy  81.25%  26 out of 32 respondents correctly 

predicted  
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Cross-Validation Accuracy  87.36%  Average across 5-fold CV — model is 

reliable  

High Bias Precision  82%  Correct 82% of the time when 

predicting  

High Bias  

High Bias Recall  90%  Identified 90% of all actual High Bias 

investors  

Low Bias F1-Score  0.73  Slightly weaker — fewer Low Bias 

samples available  

 An accuracy of 81.25% as well as a mean cross-validation accuracy of 87.36%, was achieved with this model 

hence confirming strong and consistent predictive reliability. High Bias investors rather than Low Bias ones 

were more accurately pinpointed with this model, which is expected given the disparity, 116 High Bias 

respondents versus only 43 Low Bias respondents.                                                                                                                              

The feature importance scores extracted from the Random Forest model reveal the relative contribution of each 

bias to predicting investment decision-making outcomes. 51.45% of the model’s predictive power was 

accounted for with Herding (25.77%) and Overconfidence (25.68%) together hence making the two of them 

dominant drivers of biased investment decision-making in this sample. Herding, Overconfidence, and 

Anchoring, the top three biases collectively explain 70.26% of decision-making behaviour. Additionally, in 

spite of Loss Aversion being one of the most widely discussed biases in the literature of behavioural finance, 

ranked last with an importance of 6.44%.  

4. Co-occurrence Analysis                                                                                                                                                                                                                                          

To determine if there are multiple behavioural biases present in an investor's decision-making (H1), a co-

occurrence analysis was employed. Respondents were coded as having a bias (based on their score) if the 

response exceeded 3 (the midpoint of the scale). The total number of simultaneous behavioural biases were 

then calculated based on the sample of respondents.86.8% (150/159) of all respondents were determined to 

have more than one bias, and 66.6% (108/159) of respondents exhibited three or more biases at the same time. 

H1 is also supported by these results and H0 (probabilities of having bias are equally likely) is rejected; 

therefore, it is clear that behavioural biases are not mutually exclusive. No investor has a single most related 

behavioural bias; therefore, each investor has multiple overlapping behavioural biases that affect their 

investment decisions. 

5. One-Way ANOVA Results                                                                                           An analysis was done 

to look for differences between the amounts each various investor exhibited towards making a decision 

concerning their respective scores based on the number of behavioural biases exhibited. Significant differences 

(F = 41.93, p = 0.000) indicates that the amount of bias or number of behavioural biases present within a single 

investor may have some effect on that investor's ability or potential to behave and make proper investment 

decisions.                                                                                
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 Table 4: Mean Decision Score by Number of Biases (ANOVA)  

Number of Biases  Mean Score  Investors (n)  Std. Deviation  

0 Biases  2.671  9  0.453  

1 Bias  2.694  12  0.327  

2 Biases  2.978  30  0.170  

3 Biases  3.179  42  0.145  

4 Biases  3.346  50  0.174  

5 Biases  3.564  14  0.120  

6 Biases  3.667  2  0.118  

The mean decision score increases consistently with every additional bias from 2.671 for investors with no 

biases to 3.667 for those exhibiting all six. This perfectly monotonic relationship is a particularly strong 

finding, indicating that the accumulation of biases does not plateau but continues to compound with each 

additional bias. H1₇ is therefore supported and H0₇ is rejected.  

6. Simple Linear Regression Results                                                                                            A simple 

linear regression was run to facilitate the evaluation of the relationship between the number of biases 

exhibited at the same time by an investor and their overall investment decision-making score. The model 

showed that the number of biases was a statistically significant predictor of their investment decision-

making behaviour (R² = 0.613, p = 0.000). A 0.19-point increase in an investor’s decision-making 

impairment score occurs for each additional bias they exhibit at the same time. For example, an investor 

who exhibits 4 biases has approximately a 0.76-point higher score than an investor that exhibits no 

biases, a significant difference on a scale of 1–5. Collectively, these results along with ANOVA findings 

provide strong empirical support for H1₇. 

7. Contradictory Bias Co-existence Analysis                                                                            In order to 

evaluate the hypothesis (H1) further, a total of two biases that are theoretically opposite in nature were 

used to examine how many investors exhibited their combination of cognitive dissonance at the same 

time. In total, 19 of 159 investors (11.9%) exhibited the combination of 'overconfidence' (an 

overconfident investor should take more risks) and 'loss aversion' (an irrational fear of a loss). More 

significantly, 51 out of 159 investors (32.1%) concurrently exhibited both 'herding' and 'overconfidence' 

(i.e., an investor follows what everyone else is doing while simultaneously believing they (e.g., themselves) 

are superior to others). Thus, one-third of investors in this sample exhibited the cognitive inconsistencies 

described above. A possible explanation for this phenomenon is the overconfidence of these investors 

regarding their ability to time the crowd (i.e., they believe they can better time the crowd than other 
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investors). The results clearly show support for the hypothesis (H1) and provide strong evidence of 

cognitive inconsistency.                                                                                                                                                                

8. Demographic Analysis  

The bias score analysis revealed that the five tested demographic variables (age group, education, monthly 

income, investment experience, and risk appetite) can help provide a clearer understanding of the behaviour 

of investors affected by specific biases and to identify those who are in the best position to affect these biases.  

When looking at specific bias scores by ages, it was discovered that middle-aged individuals (36–45) had both 

the highest scores of bias due to the neurobiological effects of residing in a phase of life with more financial 

obligations and implicitly more time invested.  

In contrast, younger (18–25) individuals did not exhibit as much bias, which suggests that significant age-

based influences on the amount of bias experienced by an investor may increase through achieving greater 

amounts of financial obligations or by being an investor for a longer period of time.  

Contrarily, consistent with the expectation of higher education increasing the level of confidence among 

investors, post graduate investors (3.65) when compared to undergraduate investors (3.20) reflected this effect 

as post graduate investors have developed higher levels of self-esteem than their undergraduate counterparts.  

Bias scores tended to peak for Herding and Anchoring type behaviours at about the 3 - 5-year experience mark, 

then tapering off slowly when surpassing the 5 - year experience mark, indicating that simply gaining 

additional levels of experience has little impact on the removal of these behavioural biases. Investors who 

possess similar amounts of experience will likely carry reasonably high confidence levels in how much they 

have gained from their experience base. Conversely, because of the amount of time each investor has been 

gaining their experience; they might also be at a higher risk for conducting any type of biased analysis as a 

result of their combined experience level with others.   

In much the same way as indicated above, investors who have high-risk appetites generally exhibit higher than 

average scores in both Overconfidence and Herding with an equally lower than average score in Loss Aversion. 

It is a logical deduction that those investors who have a higher propensity towards risk taking would exhibit 

lower levels of concern when losing money, but tend to have greater levels of confidence in making decisions 

as well as more often relying on external sources (markets) rather than making independent and objective 

analyses based on their level of experience. 

9. Bias Combinations and Investor Profiles                                                                            The results of the 

various analyses (pairwise and triplet co-occurrence classification, ANOVA, regression, and co-occurrence 

analysis) consistently show that behavioural biases do not function independently; they function together, 

interact with each other and in combination negatively impact investment decision-making in a consistent 

manner that has empirical significance across samples of investors. Herding and anchoring represent the 

largest number of co-occurring biases (i.e., 48.4% of investors) and are tied with each other as the largest 

number of investors with co-occurring biases within the sample. Anchoring co-occurs with the other four co-

occurring biases more frequently than any other single bias pair, indicating that anchoring is probably the 

most common and persistent behavioural bias experienced by investors in the study. The largest three-bias 

cluster is herding, anchoring, and overconfidence, with 27% of investors having this behavioural cluster (or 

1 in 4 investors in the sample); herding, anchoring, and disposition also represent a three-bias cluster that 

has been identified as having existed for 27% (or also 1 in 4) of investors in the sample.  
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The combining of the data produced a profile of a typical biased investor who comes from this study; they are 

an investor who tends to follow the herd (Herding), believes that historical prices reflect future price 

movements (Anchoring), and believes they are far more capable of making good investment decisions than 

they actually are (Overconfidence). This profile reflects the literature on behavioural finance and can assist 

financial advisers with their attempts to identify and help their clients' investments be less biased. 

Discussion and Conclusion   

This research will pursue the purpose of determining if individual investors concurrently demonstrate various 

behavioural biases as well as if these behavioural biases produce an accumulative compounding effect that 

affects investment decision-making. Through all statistical methods (Random Forest Classification, ANOVA, 

Regression, Co-occurrence Analysis), it was concluded that behavioural biases do not exist independently. 

Multiple behavioural biases can coexist, influence one another, and, collectively, detract from how investors 

make decisions based on the results of this study, which show a statistically significant correlation between 

behavioural biases and investment decision-making. 

The two main factors contributing to biased investment decisions were determined through Predictive 

Modelling via Random Forest Analysis, as well as the predictive accuracy accounting for nearly half of the 

model’s overall effectiveness. The factors were Herding (at 25.77%) and Overconfidence (25.68%). This is 

in line with Tripathy (2014) finding that Overconfidence was also identified as one of the leading individual 

retail investor biases; further, the findings replicate those identified by Shukla et al (2020) where Herding 

was identified as an extremely common bias across all types of market conditions.  

Another important finding was how mutually reinforcing the two biases of both Overconfidence and Herding 

were. For example, an overconfident investor will have a strong desire to independently select the best stocks 

based upon their belief that they have selected the best option; co-occurrence analysis revealed that 32.1% of 

all investors exhibited both Herding and Overconfidence (during the same time-frame); therefore, this was 

also indicative of the fact that even when choosing independently of one another (Herding) they also viewed 

themselves as being superior (in terms of Overconfidence). 

While loss aversion is often viewed as a key behavioural finance bias, it was ranked lowest in terms of its 

predictive ability (6.44%) and had the lowest average prevalence score (2.76 out of 5) in the present study of 

all 6 biases examined. This finding contrasts sharply with Tripathy's (2014) work, which found a statistically 

significant effect for loss aversion on making investment decisions, and also Kahneman and Tversky's (1979) 

Prospect Theory, which positioned loss aversion as fundamental to irrational behaviour in finance. 

One explanation for this discrepancy could be the demographic distribution of participants: a preponderance 

of younger investors (ages 18-35), who are likely to have not yet experienced any tangible losses; therefore, 

their loss-averse tendencies may not be strongly established. Furthermore, there has been a substantial 

revision to the profile of Indian retail investors, with much greater involvement of younger, more risk-tolerant 

investors. These younger investors appear to have more tolerance of market fluctuations, which tends to 

reduce any inherent loss-aversion tendencies. 

Co-existence of Biases and Cognitive Inconsistency  

A key finding of this research is that an overwhelming majority (86.8%) of the sample shows investors who 

have two or more biases at once; furthermore, approximately two-thirds (66.6%) have had three or more 
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biases coexisting at the same time; all of which are indicators that strongly support H1. This finding is also 

consistent with the study conducted by Dangi and Kohli (2018), who through factor analysis found that 

investors formed classes of archetypes based on groups of biases or combinations of multiple biases instead 

of singles; this result aligns well with Nkukpornu et al.'s (2020) work in which they tested numerous biases 

together and found that all four of those biases explained almost all (99.7%) of the variability in investment 

decisions made by investors and that none of those biases could do as well by themselves if tested 

individually. 

The evidence of cognitive inconsistency (i.e., investors carry opposing theoretically defined biases at once) 

is very strong here. The finding that a small percentage of investors (11.9%) display both Overconfidence 

and Loss Aversion at the same time suggests that the psychology of the investor does not fit into 

straightforward or well-defined theoretical boundaries. These individuals appear to be overconfident about 

their ability to generate returns and at the same time are constrained from fear of loss; as a result, their ability 

to make rational investment decision processes probably will be very unstable and highly irrational due to 

their lack of capacity to achieve either an overconfident state or a state of fear for their investment capital.  

The Compounding Effect — ANOVA and Regression  

The analysis (F=41.93, p<0.001) indicated that investors with different levels of concurrent biases have 

significantly different decision-making abilities. The unique and perfectly monotonic increase in decision-

making ability, from 2.671 for investors without any biases to 3.667 for investors with all six biases, suggests 

not just that an investor's decision-making ability becomes impaired with each additional bias present (e.g., 

1 bias= 2.671; 6 biases = 3.667), but that the impairment of an investor's decision-making ability increases 

exponentially with every additional bias. 

This compounded nature of how multiple biases impair an investor's decision-making process is one of the 

foundational theoretical contributions of this study. Investors need a more comprehensive approach to 

understanding and combating the effects of multiple concurrent biases; therefore, financial advisors and 

education programs must shift their focus from studying and addressing each individual bias in isolation to 

recognizing and addressing the cumulative psychological toll that having multiple concurrent biases has on 

an investor's ability to make sound investment decisions.  

Demographic Insights  

The analysis of the demographics yielded several interesting results. The most surprising observation was 

that the post-graduate educated investors had the highest Overconfidence Score (3.65), which seemed to 

indicate that higher education actually increases Overconfidence, rather than decreases it. This also supports 

the Dunning-Kruger Effect which is well documented in regard to how increased knowledge can lead to 

increased overconfidence. Therefore, not only will we need to create financial literacy programs that teach 

about financial topics; but also create an understanding of their limitations and develop humble people, who 

know they have cognitive limitations. 

Research has shown that the more knowledge one obtains on a subject, the more confident one becomes. 

Therefore, it is clear that our survey results back this statement, and indicates a need for us to create programs 

that teach financial literacy, and also teach people their limitations and demonstrate to them that they cannot 

use their financial literacy as a source of guidance because of their lack of expertise in the area of their 
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personal financial situations, as well as teach them humility concerning their limitations concerning their own 

cognition. 

Conclusion  

Hypothesis Outcomes  

H1 — SUPPORTED | H0 — REJECTED: Investors simultaneously exhibit multiple behavioural biases, 

including mutually contradictory ones, indicating cognitive inconsistency in investment decision-making. 

86.8% of respondents exhibited two or more biases simultaneously, and contradictory bias pairs such as 

Overconfidence and Loss Aversion co-existed in 11.9% of investors.    

H1₇ — SUPPORTED | H0₇ — REJECTED: Investors exhibiting a higher number of simultaneous 

behavioural biases demonstrate significantly more impaired investment decision-making behaviour. ANOVA 

(F = 41.93, p = 0.000) and Regression (R² = 0.613, p =  

0.000) both confirmed this relationship with high statistical significance.   

Practical Implications                                                                                           Individual investors can 
benefit from using self-awareness to better understand their psychological inclinations. Knowledge of 
which biases one may have and how they may combine to compound each other is essential to making 
rational and disciplined investment decisions. Financial advisors and wealth managers can adopt a 
behavioural profile approach when giving advice to clients, and try to identify the specific combination 
of biases their clients have, rather than just assessing the risk and financial objectives of the clients. 
Regulators and investor education organisations, such as SEBI, could also build investor awareness 
programs to help investors see how biases combine rather than treating them independently. In addition 
to providing a means by which bias is available in interaction with others, such as through education, 
awareness programmes also need to offer skills to help the investor apply critical self-reflection. 

Limitations of the Study                                                                                      While this research has some 
limitations, they need to be recognized. To begin with, the Cronbach's Alpha scores for each of the six 
bias measures fell below the acceptable level (0.60), showing that these six biases were poorly correlated 
with the individual question scores. This may be due to the multidimensionality of behavioural bias, 
where each of the individual questions is measuring a different sub-dimensional element of that bias. 
Secondly, the sample of 159 respondents came from a convenience sample, so there is limited ability to 
generalize the results of this study to the larger population of Indian investors Third, all data used in 
this study are based upon self-reported data from a Likert-type survey, which is susceptible to social 
desirability bias and inconsistency in responses. Finally, the study does not have any actual trading data 
or portfolio performance measures to measure the quality of decision-making more objectively. 

Scope for Future Research                                                                                The limitations of this study 
could be addressed in future research by sampling larger and more representative samples of research 
participants using probability sampling techniques. The results obtained from using both actual trading 
data and self-reported questionnaire data may provide more objective data regarding the relationship 
between exhibiting bias and investment performance. Future research could also incorporate the use of 
Structural Equation Modelling (SEM) in order to model the set of interrelated relationships among 
different biases and how those biases affect decision-making, ultimately leading to a better 
understanding of how different biases may interact with one another. Longitudinal studies following the 
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same set of investors over time may also help to identify how susceptibility to biases evolve over time 
based on investors' experience and changes in market conditions. 

Acknowledgement                                                                                  The Report has been prepared after the 

successful completion of the Project.                        We would like to express our heartfelt gratitude to Mr. 

Sandeep Kamble, Professor, NMIMS ASMSOC for his valuable time and guidance that made the master 

project work a success. We are highly grateful to Research Scholars, NMIMS Mumbai, for guiding us about 

the paper writing skills. We are highly grateful for their kind support for the project work. We would also like 

to thank them for their valuable guidance and helping us understand the investment market. We would like to 

acknowledge the efforts of all research scholars and fellow classmates who helped us during the project. We 

would also like to sincerely thank NMIMS ASMSOC for giving us an opportunity to do a research-based 

master project.   

Appendix                                                                                        

Data Source :   https://docs.google.com/forms/d/e/1FAIpQLSfHoRPjLc6fmI-
oaH5x2XJzfdQ_5mOoJux9D1W2jIfCw6QpdQ/viewform 

References                                                                                            Asch, S. E. (1956). Studies of 
independence and conformity: I. A minority of one against a unanimous majority. Psychological 
Monographs: General and Applied, 70(9), 1–70. https://doi.org/10.1037/h0093718                                                                                             

Barber, B. M., & Odean, T. (2001). Boys will be boys: Gender, overconfidence, and common stock 
investment. The Quarterly Journal of Economics, 116(1), 261–292. 
https://doi.org/10.1162/003355301556400  

Chaubey, D., & Raj, S. M. A. (2024). A study on behavioural finance and its impact on investment 
decisions. International Journal of Multidisciplinary Research in Science, Engineering and Technology, 
7(5), 9012–9021.  

Dangi, M., & Kohli, B. (2018). Role of behavioural biases in investment decisions: A factor analysis. Indian 

Journal of Finance, 12(3), 43–57. https://doi.org/10.17010/ijf/2018/v12i3/121643  

De Bondt, W. F. M., & Thaler, R. H. (1985). Does the stock market overreact? The Journal of Finance, 40(3), 

793–805. https://doi.org/10.1111/j.1540-6261.1985.tb05004.x  

Fama, E. F. (1970). Efficient capital markets: A review of theory and empirical work. The Journal of Finance, 

25(2), 383–417. https://doi.org/10.2307/2325486  

Fromlet, H. (2001). Behavioral finance — Theory and practical application. Business Economics, 36(3), 63–

69.  

Jain, J., Walia, N., & Gupta, S. (2020). Evaluation of behavioral biases affecting investment decision making 

of individual equity investors by fuzzy analytic hierarchy process. Review of Behavioral Finance, 12(3), 297–

314. https://doi.org/10.1108/RBF-03-2019-0044  

https://docs.google.com/forms/d/e/1FAIpQLSfHoRPjLc6fmI-oaH5x2XJzfdQ_5mOoJux9D1W2jIfCw6QpdQ/viewform
https://docs.google.com/forms/d/e/1FAIpQLSfHoRPjLc6fmI-oaH5x2XJzfdQ_5mOoJux9D1W2jIfCw6QpdQ/viewform


          myresearchgo  Volume 2, Issue 5, May 2026, ISSN: 3107-3816 (Online) 
 

  

HTTPS://WWW.MYRESEARCHGO.COM/ 171 

 

Kahneman, D. (2011). Thinking, fast and slow. Farrar, Straus and Giroux.  

Kahneman, D., & Tversky, A. (1979). Prospect theory: An analysis of decision under risk.  

Econometrica, 47(2), 263–291. https://doi.org/10.2307/1914185  

Nkukpornu, E., Gyimah, P., & Sakyiwaa, L. (2020). Behavioural finance and investment decisions: Does 

behavioral bias matter? International Business Research, 13(11), 65–76. 

https://doi.org/10.5539/ibr.v13n11p65  

Odean, T. (1998). Are investors reluctant to realize their losses? The Journal of Finance, 53(5), 1775–1798. 

https://doi.org/10.1111/0022-1082.00072  

Ritter, J. R. (2003). Behavioral finance. Pacific-Basin Finance Journal, 11(4), 429–437. 

https://doi.org/10.1016/S0927-538X(03)00048-9  

Shefrin, H. (2000). Beyond greed and fear: Understanding behavioral finance and the psychology of 

investing. Harvard Business School Press.  

Shefrin, H., & Statman, M. (1985). The disposition to sell winners too early and ride losers too long: Theory 

and evidence. The Journal of  Finance, 40(3), 777–790. https://doi.org/10.1111/j.1540-6261.1985.tb05002.x  

Shiller, R. J. (2000). Irrational exuberance. Princeton University Press.  

Shukla, A., Rushdi, N. J., & Katiyar, R. C. (2020). Impact of behavioral biases on investment decisions: A 

systematic review of literature. International Journal of Management, 11(4), 68–76. 

https://doi.org/10.34218/IJM.11.4.2020.008  

Thaler, R. H. (1985). Mental accounting and consumer choice. Marketing Science, 4(3), 199–214. 

https://doi.org/10.1287/mksc.4.3.199  

Thaler, R. H., & Sunstein, C. R. (2008). Nudge: Improving decisions about health, wealth, and happiness. 

Yale University Press.  

Tripathy, C. K. (2014). Role of psychological biases in the cognitive decision making process of individual 

investors. Orissa Journal of Commerce, 34(1), 69–80.  

Tversky, A., & Kahneman, D. (1974). Judgment under uncertainty: Heuristics and biases. 

Science, 185(4157), 1124–1131. https://doi.org/10.1126/science.185.4157.1124  

Tversky, A., & Kahneman, D. (1981). The framing of decisions and the psychology of choice.  

Science, 211(4481), 453–458. https://doi.org/10.1126/science.7455683  

 

 

L. C. Kasireddy, L. Popuri, G. Karunanithi, A. Varghese, S. Ahamad and Dharamvir, 

"Securing Business Data in Multi-Cloud Environments," 

2025 International Conference on Digital Innovations for Sustainable Solutions (ICDISS), 



          myresearchgo  Volume 2, Issue 5, May 2026, ISSN: 3107-3816 (Online) 
 

  

HTTPS://WWW.MYRESEARCHGO.COM/ 172 

 

Faridabad, India, 2025, 

pp. 1-6, 

doi: 10.1109/ICDISS68238.2025.11320589 

 

L. C. Kasireddy, S. Paruchuri, C. Janakamma, A. Sarawat, K. C. Ravi and R. Kumar Chandu, 

"Cloud-Oriented IoT: Distributed Power-Aware Security Scheme with Data Integrity and Performance 

Enhancement," 

2025 World Skills Conference on Universal Data Analytics and Sciences (WorldSUAS), 

Indore, India, 2025, 

pp. 1-6, 

doi: 10.1109/WorldSUAS66815.2025.11199185 

 

L. C. Kasireddy, A. Jeraldine Viji, P. K. Sholapurapu, D. Sowjanya Kolluru, D. U. Vishweshwar and P. 

Agrawal, 

"Intelligent Intrusion Detection using Artificial Bee Colony-Based Rule Discovery Techniques," 

2025 IEEE Madhya Pradesh Section Conference (MPCON), 

Jabalpur, India, 2025, 

pp. 691-696, 

doi: 10.1109/MPCON66082.2025.11256592 

 

L. C. Kasireddy, S. Paruchuri, C. Janakamma, A. Sarawat, K. C. Ravi and R. Kumar Chandu, 

"Cloud-Oriented IoT: Distributed Power-Aware Security Scheme with Data Integrity and Performance 

Enhancement," 

2025 World Skills Conference on Universal Data Analytics and Sciences (WorldSUAS), 

Indore, India, 2025, 

pp. 1-6, 

doi: 10.1109/WorldSUAS66815.2025.11199185 

 

J. L., L. Chandrakanth Kasireddy, R. V. Palanivel, G. Sushma, K. Bhimaavarapu and P. V. Reddy, 

"Predictive Modeling in Economics: The Role of AI and Deep Learning," 

2025 World Skills Conference on Universal Data Analytics and Sciences (WorldSUAS), 

Indore, India, 2025, 

pp. 1-7, 

doi: 10.1109/WorldSUAS66815.2025.11199198 

 

N. Soni, L. C. Kasireddy, T. S., C. Sinhgadiya, S. Kumar and A. T. S., 



          myresearchgo  Volume 2, Issue 5, May 2026, ISSN: 3107-3816 (Online) 
 

  

HTTPS://WWW.MYRESEARCHGO.COM/ 173 

 

"A Recurrent Neural Network Framework for Effective DDoS Attack Detection in Cloud Computing," 

2025 2nd International Conference on Multidisciplinary Research and Innovations in Engineering (MRIE), 

Gurugram, India, 2025, 

pp. 594-598, 

doi: 10.1109/MRIE66930.2025.11156616 

 

Jadhav, D., & Shinde, C. (2026). 

Sakhi: Stay safe stay fashionable. 

myresearchgo, 2(1), 1. 

https://doi.org/10.64448/myresearchgo.vol2.issue1.01 

 

Jadhav, A. (2026). 

AI-enhanced employee management system. 

myresearchgo, 2(1), 8. 

https://doi.org/10.64448/myresearchgo.vol2.issue1.02 

 

Rane, G., & Matteti, V. (2026). 

The evolution of the digital gaming ecosystem: A secondary analysis of PlayStation’s market dominance and 

consumer retention strategies (2020–2026). 

Myresearchgo, 2(3), 1. 

https://doi.org/10.64448/myresearchgo.vol2.issue3.01 

 

Ansari, N., Sharma, A., & Yadav, S. (2026). 

The filtered classroom: AI-personalized learning and its implications for cultural exposure, empathy, and 

critical thinking. 

Myresearchgo, 2(3), 12. 

https://doi.org/10.64448/myresearchgo.vol2.issue3.02 

 

Junghare, P., Chheniya, J., Behare, M., Kashte, P., Belekar, S., Dhoble, V., & Kumari, S. (2026). 

Google's Neural Memory Architecture: A Comprehensive Review of the Titans Framework. 

Myresearchgo, 2(4), 75. 

https://doi.org/10.64448/myresearchgo.vol2.issue4.12 

 

 

 


