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Abstract

This study investigates how behavioral biases influence the investment decisions of retail
investors in Kolkata, India, with particular emphasis on the moderating roles of financial
literacy and financial awareness. Despite the rapid expansion of India’s financial markets
and increased retail participation, investors often exhibit irrational behavior driven by
psychological biases. This study seeks to answer the following research question: To
what extent do behavioral biases affect the investment decisions of retail investors in
Kolkata, India, and how effectively do financial literacy and financial awareness mitigate
these effects? Using primary data collected from 444 retail investors in Kolkata, this
study employs Partial Least Squares Structural Equation Modeling (PLS-SEM) to test the
conceptual framework. The findings reveal that behavioral biases—namely overconfidence,
anchoring, herd behavior, and loss aversion—significantly and negatively affect investment
decisions. However, financial literacy and financial awareness not only positively influence
decision-making but also significantly moderate the relationship between behavioral biases
and investment outcomes. This study contributes to behavioral finance literature by
distinguishing between financial literacy and financial awareness as separate constructs
and demonstrating their dual role as both direct and moderating factors. The findings have
important implications for policymakers, financial educators, and investment advisors in
designing targeted interventions to improve investor decision-making.

Keywords: behavioral biases; financial awareness; financial literacy; retail investment
decision; India

1. Introduction

Despite the rapid growth and increasing inclusivity of the Indian financial market,
retail investors continue to exhibit suboptimal investment behavior influenced by var-
ious cognitive and emotional biases. While access to financial markets has improved
significantly, investors’ ability to make rational, informed decisions remains questionable.
Empirical evidence suggests that behavioral biases, namely overconfidence, herd mentality,
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anchoring, and loss aversion, often lead to irrational investment decisions, resulting in
poor portfolio performance and financial losses [1,2]. At the same time, financial liter-
acy and awareness have been identified as critical factors that can enhance the quality of
decision-making [3]. However, there is a lack of clarity regarding the extent to which these
factors mitigate behavioural biases among retail investors in Kolkata, India. Moreover,
prior studies often treat financial literacy and awareness as a single construct, overlooking
their distinct roles in shaping investor behaviour. In the Indian context, where investors
come from diverse socioeconomic and educational backgrounds, the interplay between
behavioral biases, financial literacy, and financial awareness becomes even more complex.
There is limited empirical research that comprehensively examines how these elements
interact to influence investment decisions, particularly in a rapidly digitizing financial
environment. Therefore, the core problem addressed in this study is to what extent behav-
ioral biases influence the investment decisions of retail investors in Kolkata, India, and
how effectively financial literacy and financial awareness mitigate these biases. This study
aims to fill this gap by providing empirical insights into the behavioral dimensions of
investment decision-making, thereby contributing to the development of more effective
investor education programs, policy frameworks, and advisory practices.

The Indian financial market offers a precise and fascinating situation. India’s sec-
ondary market is the fastest-growing in the world, with more than 25 million active demat
accounts [4,5]. It has witnessed a path-breaking transformation from physical trading to
complete digitization, from conservative participation to liberal retail investor participation,
and from conventional savings instruments to a wide spectrum of financial products [6].
The vast expansion of the National Stock Exchange (NSE) and the Bombay Stock Exchange
(BSE), the financial markets’ growing reach, and the advantages of online trading have
increased investment options but also made it more complex for retail investors to make
decisions [7]. Demographic characteristics, varying risk tolerance, prior market experience,
and behavioral biases, including anchoring, overconfidence, herd mentality, regret aversion,
and loss aversion, all affect their choices, in addition to economic considerations [8,9]. The
current study examines how behavioral biases affect individual retail investors in Kolkata,
India, investment choices, and whether financial awareness and literacy mitigate these
impacts [10]. In addition, this study examines whether investors” decisions are shaped
more by rational or emotional factors. Similarly, they are impacted by heuristic-driven
shortcuts, emotional impulses, and cognitive distortions or not [2]. It also examines how
investment patterns are influenced by demographic factors and how awareness and lit-
eracy act as safeguards against making biased choices [11]. The findings significantly
contribute to the domain of behavioral finance in India and beyond. This paper uniquely
distinguishes between financial literacy (technical knowledge) and financial awareness
(practical sensitivity to financial conditions), signifying that each concept serves a different
purpose in reducing the effects of behavioral biases [12]. Numerous biases, including
overconfidence, anchoring, regret aversion, and cognitive dissonance, have been shown to
have an impact on investment choices [13]. However, these consequences can be curtailed
or mitigated by financial understanding and financial literacy [14,15]. Therefore, this study
expands our knowledge of investor behavior in emerging and diverse economies, where
cultural, social, and informational factors interact with psychological characteristics [16,17].
This paper theoretically connects with behavioral frameworks and conventional finance
models, confirming that investors function on a spectrum of rationality influenced by both
cognitive constraints and well-informed decision-making processes [18,19]. It also high-
lights the necessity of investor-centric literacy campaigns, behaviorally conscious advisory
practices, and regulatory nudges that encourage informed, bias-reduced judgment [20,21].
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The insights of this research have positive outcomes for policymakers, financial educators,
regulatory bodies, and advisory institutions.

The rapid expansion of financial markets in India, coupled with increasing retail
investor participation, has transformed the investment landscape. However, despite im-
proved access to financial instruments, retail investors often fail to make rational investment
decisions due to behavioral biases. These biases—namely overconfidence, anchoring, and
herd behavior—systematically distort judgment and lead to suboptimal financial outcomes.

Research Question: This study seeks to answer the following central question:

How do behavioral biases influence the investment decisions of retail investors in
Kolkata, India, and to what extent do financial literacy and financial awareness mitigate
these effects?

Objective of the Study:

e To examine the impact of behavioral biases on investment decisions.
e To assess the role of financial literacy and financial awareness.
e To analyze their moderating effects on behavioral biases.

Research Gap:

While prior studies have examined behavioral biases and financial literacy, most have
treated financial literacy and financial awareness as a single construct. Moreover, limited
research has explored their moderating role in the Indian context, particularly within
a rapidly digitizing financial ecosystem.

2. Review of Literature and Developing Hypotheses

The premise of behavioral finance explains investors’ irrationality [22,23]. It evolves as
a conglomeration of psychology, economics, and sociology [24,25]. The field gained strong
scholastic soundness with Kahneman and Tversky [26], who showed systematic deviations
from Expected Utility Theory [26]. It was rooted in earlier philosophical insights, namely
Adam Smith’s Theory of Moral Sentiments [27], and was reinforced throughout the 20th
century by calls to integrate psychology with economic inquiry [28]. Behavioral finance
was further established as an alternative paradigm that can explain anomalies in real-world
financial markets [3,29-31]. Investors frequently make forecasting errors, namely over-
confidence, anchoring, loss aversion, herding, and representativeness bias, because they
rely on heuristics, mental shortcuts, and emotional responses like fear, pride, or remorse
when making investment decisions [19,29]. These behavior affect asset prices, trading
volume, and long-term financial outcomes by influencing market efficiency and causing
investors to overreact, underreact, or misinterpret information [32,33]. Behavioral finance
now encompasses themes such as investor emotions, financial literacy, risk perception,
portfolio selection, market efficiency, and cross-cultural decision-making [1,34]. Behavioral
tendencies among Indian investors have become increasingly visible as India emerges
as one of the fastest-growing financial markets, particularly with the rising participation
of retail investors in the NSE and BSE [35,36]. Empirical research shows that cognitive
biases often exert a stronger influence on investment decisions than traditional factors,
namely risk and return, in both Indian and global contexts [13,28]. Herding encourages
investors to imitate group behavior during periods of volatility [37,38]; loss aversion causes
losses to feel more painful than equivalent gains, leading to overly cautious or irrational
investment behavior [26]; anchoring makes investors excessively dependent on initial
information [39]; and cognitive dissonance prevents them from acknowledging poor deci-
sions [40,41]. Inexperienced investors often make rapid judgments about future outcomes
based on assumptions or superficial patterns due to representativeness bias [39]. Such bi-
ases are determined by socioeconomic conditions, cultural norms, individual emotions, and
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levels of financial literacy, which frequently lead to deficient investment decisions [11,42].
Overall, the study indicates that behavioral finance provides a more realistic explanation of
investor behavior than traditional models, supporting the view that psychological factors
and cognitive limitations substantially influence how individuals process information,
assess risk, and make investment decisions [23,31].

A subfield of social science known as “behavioral finance” begins with basic axioms
and examines whether hypotheses derived from these axioms effectively explain financial
market behavior [43]. Retail investors and the market system as a whole make up its
two main parts. Micro-behavioral finance and macro-behavioral finance are two broad
categories of behavioral finance [44]. While micro-behavioral finance concentrates on
variations in individual investors’ actions that keep them from acting as completely rational
agents, macro-behavioral finance challenges the Efficient Market Hypothesis (EMH) [29].

A thorough taxonomy of behavioral biases is shown in Figure 1, which can be broadly
divided into four categories: Self-Deception, Heuristic Simplification, Emotion/Affect,
and Social. This categorization, which was first made famous by Henseler [45], of-
fers an organized comprehension of how emotional and cognitive constraints affect
investor decision-making.

Self
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Figure 1. List of common behavioral biases. Source: Henseler’s taxonomy of biases.

Investors in the stock market frequently make cognitive mistakes due to behavioral
biases [46]. When investors work with fluid assets, concepts like resistance, support, and
market psychology become critical [16]. In complex or uncertain situations, heuristic
simplifications frequently result in predictable but unsatisfactory outcomes. Behavioral
biases are therefore regarded as systematic judgmental errors [47]. These biases, which
have their roots in psychological and emotional characteristics, have a significant impact
on how investors make decisions [24]. Reliance on heuristics motivated by emotions such
as fear and anger is further exacerbated by a lack of financial literacy and awareness [48].
While anxiety increases heuristic-driven reactions, anger diminishes the capacity to make
wise decisions [49]. Prospect Theory has demonstrated that individuals consistently make
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errors in probability estimation, particularly when combining assets in a portfolio [50].
Evidence from emerging markets further supports the pervasive role of behavioral biases in
shaping investment decisions. Studies conducted in countries such as Pakistan, Malaysia,
Vietnam, and Bangladesh have found that heuristics, herding behavior, overconfidence,
and emotional factors significantly influence retail investors’ trading behavior and risk
perceptions [51]. These findings suggest that in developing financial markets, where
information asymmetry and investor sophistication vary considerably, psychological factors
often exert a stronger influence than traditional financial fundamentals.

The Indian context presents a similar yet distinctive landscape. Empirical studies
have consistently found that behavioral biases such as overconfidence, herding, anchoring,
representativeness, and loss aversion significantly affect investment decisions among
Indian investors [41,52]. Research by Arora and Chakraborty [53] revealed that individual
investors in India often rely on personal beliefs and social influences rather than objective
market information. Likewise, Shefrin & Statman, [54] observed that behavioral factors
substantially shape investment choices in South Asian markets, including India. Recent
studies have also highlighted the moderating role of financial literacy, demonstrating that
financially literate investors are less susceptible to behavioral biases and tend to make more
rational investment decisions [55]. However, despite the rapid expansion of demat accounts,
digital trading platforms, and retail participation in the Indian stock market, substantial
disparities remain in investor awareness and financial knowledge across demographic
groups and regions.

Two major developments accelerated interest in behavioral finance:

1.  Extensive empirical evidence challenging traditional finance theories.
Prospect Theory, developed by Kahneman and Tversky, which provided a psycholog-
ically grounded model of decision-making under risk [56].

Many bibliometric studies have tracked the development of behavioral finance over
the past few decades [57]. While Kumar and Kumar [58] identified key themes such as
risk management, portfolio selection, market efficiency, behavioral biases, and investor
emotions, Lépez-Cabarcos et al. [59] noted that investor perception is fundamental to
behavioral finance research. There are now two major streams of behavioral finance:
one emphasizing experimental behavioral economics and the other focusing on investor
biases. Understanding behavioral finance is especially important in India, given the
country’s rapid economic growth, increasing financial inclusion, and expanding investor
base. Although millions of individuals participate in the National Stock Exchange (NSE)
and the Bombay Stock Exchange (BSE), there remains an uneven understanding of the
psychological and socioeconomic factors influencing investment behavior. Consequently,
examining behavioral biases, financial literacy, and financial awareness within the Indian
context is essential for understanding investor decision-making and promoting more
informed participation in financial markets.

Hypotheses Development

The present study incorporates seven noteworthy behavioral biases, namely anchoring,
cognitive dissonance, herd behavior, loss aversion, overconfidence, regret aversion, and
representativeness, as the main influencing factors of individual investing decisions based
on the earlier stated theoretical presumptions. Previous studies demonstrate that these
biases affect how investors perceive risk, absorb information, assess options, and make
decisions about portfolio adjustments. The hypotheses proposed in the previous section
are diagrammatically depicted as a conceptual framework, as shown in Figure 2.
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Figure 2. Conceptual model. Source: authors.

DECISION

INVESTMENT DECISION MODEL

The conceptual model integrates behavioral biases with financial literacy and financial

awareness to explain investment decisions. While financial literacy and financial awareness

serve as knowledge-based mitigating factors that can either increase or decrease the impact

of biases on decision outcomes, behavioral biases are proposed as imperative cognitive—

emotional mechanisms. The concept acknowledges that investing behavior is an outcome

of the interaction between psychological proclivities and informational proficiency rather

than being either random or fully rational. This theoretical framework builds a thorough

analytical foundation for comprehending investor behavior by combining ideas from

behavioral and neo-classical finance. The paradigm offers a theoretically sound foundation

for empirical investigation and represents the multifaceted character of investment decision-

making by placing behavioral biases alongside financial knowledge and awareness. Table 1
consists of the hypotheses of the study.

Table 1. Hypotheses of the study.

Hypotheses Hypothesized Relationship

Hypothesis 1 Anchoring bias has a significant impact on the investment decisions of investors.
Hypothesis 2 Cognitive Dissonance bias significantly affects the investment decisions of investors.
Hypothesis 3 Herd Behavior bias significantly affects the investment decisions of investors.
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Table 1. Cont.

Hypotheses Hypothesized Relationship

Hypothesis 4 Loss Aversion bias significantly affects the investment decisions of investors.
Hypothesis 5 Overconfidence bias has a significant impact on investment decisions.

Hypothesis 6 Regret Aversion bias significantly affects the investment decisions of investors.
Hypothesis 7 Representativeness bias significantly affects the investment decision of investors
Hypothesis 8 Financial literacy has a significant impact on the investment decisions of investors.
Hypothesis 9 Financial awareness significantly impacts investors” investment decisions.

Hypothesis 10

Financial awareness moderates the relationship between Anchoring bias and investment
decisions amongst investors.

Hypothesis 11

Financial awareness moderates the relationship between Cognitive Dissonance Bias and
investment decisions amongst investors.

Hypothesis 12

Financial awareness moderates the relationship between Herd Behavior bias and
investment decisions amongst investors.

Hypothesis 13

Financial awareness moderates the relationship between Loss Aversion bias and
investment decisions amongst investors.

Hypothesis 14

Financial awareness moderates the relationship between Overconfidence bias and
investment decisions amongst investors.

Hypothesis 15

Financial awareness moderates the relationship between Regret Aversion bias and
investment decisions amongst investors.

Hypothesis 16

Financial awareness moderates the relationship between Representativeness bias and
investment decisions amongst investors.

Hypothesis 17

Financial literacy moderates the relationship between Anchoring bias and investment
decisions amongst investors.

Hypothesis 18

Financial literacy moderates the relationship between Cognitive Dissonance bias and
investment decisions amongst investors.

Hypothesis 19

Financial literacy moderates the relationship between Herd Behavior bias and investment
decisions amongst investors.

Financial literacy moderates the relationship between loss aversion bias and investment

Hypothesis 20 decisions among investors.
. Financial literacy moderates the relationship between Overconfidence bias and investment
Hypothesis 21 decisi .
ecisions amongst investors.
. Financial literacy moderates the relationship between Regret Aversion bias and investment
Hypothesis 22 decisi :
ecisions amongst investors.
. Fi ial lit derates the relationship bet Representativeness bias and
Hypothesis 23 inancial literacy moderates the relationship between Represe veness

investment decisions amongst investors.”

3. Methodology
3.1. Research Philosophy and Design

This study is guided by the positivist research paradigm, which assumes that social
phenomena can be objectively measured and analyzed through empirical observation.
Positivism is particularly appropriate for behavioral finance research because it facilitates
the testing of theoretically derived relationships between behavioral biases and investment
decision-making using quantitative methods. Consistent with this philosophical stance,
the study adopts an objectivist ontology, which assumes that investor behavior exists
independently of the researcher, and a quantitative epistemological approach, which
emphasizes the measurement and statistical examination of observable phenomena.
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The research follows a deductive approach, whereby hypotheses are developed from
established behavioral finance theories and subsequently tested using empirical data. This
approach is consistent with the hypothetico-deductive tradition and enables the validation
or rejection of theoretically derived propositions. The study framework comprises seven
behavioral biases as independent variables, investment decision-making as the dependent
variable, and financial literacy and financial awareness as moderating variables. The overall
research design is based on the research onion framework proposed by Saunders et al. [60],
which provides a systematic structure for aligning research philosophy, strategy, data
collection, and analysis techniques.

A quantitative single-method research design was adopted because the primary objec-
tive of the study is to examine causal relationships and test hypotheses across a relatively
large population of investors. Quantitative methods facilitate statistical generalization and
allow the magnitude and significance of relationships among variables to be assessed with
greater precision.

3.2. Data Collection and Sampling

The target population comprised active retail stock market investors residing in
Kolkata, India. The sampling frame consisted of individual investors who were accessible
through online investor communities, brokerage-related social media groups, investment
forums, alumni networks, and professional contacts. Because no comprehensive list of retail
investors was available, a non-probability purposive sampling approach was adopted.

To be eligible for participation, respondents were required to: (1) be at least 18 years
of age; (2) reside in Kolkata or its surrounding metropolitan area; and (3) have actively
invested in equity or stock market instruments during the previous 12 months. Individ-
uals without direct stock market investment experience were excluded from the study.
The complete survey instrument, including all measurement items, is presented in the
Appendix A. Data were collected through an online structured questionnaire between
May 2023 and March 2024. A total of 600 investors were invited to participate. After
screening for completeness and consistency, 444 valid responses were retained for analysis,
corresponding to an effective usable response rate of 74.0%.

An a priori power analysis using G*Power Version 3.1.9.7 indicated that a minimum
sample size of approximately 200 respondents would be sufficient to detect medium effect
sizes at a significance level of 0.05 and statistical power of 0.80. Therefore, the final sample of
444 respondents exceeded the recommended threshold for Partial Least Squares Structural
Equation Modeling (PLS-SEM). Therefore, the final sample provides adequate statistical
power for estimating both direct and moderating effects and supports the robustness of the
empirical findings.

3.3. Analytical Approach

Data analysis was conducted in two stages. First, SPSS Version 23 was used for
preliminary data screening, coding, and descriptive statistical analysis. This stage involved
checking for missing values, response consistency, and basic characteristics of the sample.
Descriptive statistics were generated to summarize respondents’ demographic profiles and
investment-related characteristics.

Second, Partial Least Squares Structural Equation Modeling (PLS-SEM) was employed
to assess both the measurement model and the structural model. PLS-SEM was selected
for several methodological reasons. First, the proposed framework is relatively complex,
incorporating multiple latent constructs and moderating relationships. Second, PLS-SEM is
well suited for prediction-oriented research and theory extension, which aligns with the
objectives of behavioral finance studies. Third, unlike covariance-based SEM, PLS-SEM
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demonstrates robustness when data deviate from multivariate normality assumptions and
performs effectively with complex models and reflective measurement constructs [61,62].

The measurement model was evaluated by assessing indicator reliability, internal
consistency reliability, convergent validity, and discriminant validity. Subsequently, the
structural model was assessed through the examination of path coefficients, coefficients
of determination (R?), predictive relevance, and effect sizes. To determine the statistical
significance of hypothesized relationships, a bootstrapping procedure with 5000 resam-
ples was conducted. Bootstrapping is recommended in PLS-SEM because it does not
require distributional assumptions and provides robust estimates of standard errors and
confidence intervals.

Moderating effects were assessed within the PLS-SEM framework using interaction
terms generated through the product-indicator approach available in SmartPLS 4. Sepa-
rate interaction constructs were created by multiplying the indicators of each behavioral
bias construct with the indicators of the corresponding moderator construct (Financial
Literacy or Financial Awareness). Because PLS-SEM estimates latent variable scores us-
ing standardized indicators, the interaction modeling procedure reduces potential mul-
ticollinearity concerns commonly associated with moderation analysis. In addition, all
predictor constructs exhibited acceptable VIF values, indicating that multicollinearity was
not a significant concern.

The significance of moderation effects was evaluated using bootstrapping with
5000 resamples. A positive interaction coefficient indicates that the moderator weakens
the negative effect of behavioral bias on investment decision-making, whereas a negative
interaction coefficient would imply a strengthening of the adverse effect.

This analytical strategy enables a rigorous assessment of the direct effects of behavioral
biases on investment decision-making as well as the moderating influences of financial
literacy and financial awareness, thereby providing comprehensive empirical evidence for
testing the proposed hypotheses.

The use of PLS-SEM is appropriate for this study for several reasons:

1.  The research model is complex, involving multiple independent variables (behavioral
biases), dependent variables, and moderating effects.

2. PLS-SEM is suitable for prediction-oriented research and theory development.

3. Itis robust under non-normal data conditions, which is common in behavioral datasets.

4. It allows simultaneous estimation of measurement and structural models.

4. Results and Discussions
Diagnostic Checks

To ensure the validity and robustness of the model, several diagnostic tests were conducted:
e  Multicollinearity:

Variance Inflation Factor (VIF) values ranged from 1.037 to 2.319, well below the
threshold of 3.3, confirming no multicollinearity issues.

o  Reliability:
Cronbach’s Alpha and Composite Reliability values exceeded 0.70.
e  Validity:

o Convergent validity confirmed via AVE (>0.50).
o Discriminant validity confirmed via HTMT (<0.90).

These diagnostics confirm that the model is statistically sound and suitable for hy-
pothesis testing.
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The diagnostic assessment indicates that the measurement and structural models
satisfy the accepted statistical requirements, thereby providing a robust foundation for
hypothesis testing and interpretation of results.

Multicollinearity Assessment

The Variance Inflation Factor (VIF) values ranged from 1.037 to 2.319, which are
substantially below the recommended threshold of 3.3. This finding suggests that the inde-
pendent variables included in the model are not highly correlated with one another. In the
context of behavioral finance research, where behavioral biases often overlap conceptually,
the absence of multicollinearity is particularly important. It demonstrates that each behav-
ioral bias contributes unique explanatory power in predicting investment decisions rather
than merely reflecting the effects of other biases. Consequently, the regression coefficients
and path estimates can be interpreted with greater confidence, as they are unlikely to be
distorted by intercorrelations among the predictors.

Reliability Assessment

The results show that both Cronbach’s Alpha and Composite Reliability (CR) values
exceeded the recommended threshold of 0.70, indicating satisfactory internal consistency
among the measurement items. This suggests that the indicators used to measure constructs
such as behavioral biases, financial literacy, financial awareness, and investment choice
consistently capture the intended concepts. Furthermore, the use of Composite Reliability
strengthens the assessment because it accounts for differing indicator loadings and is
considered more appropriate in PLS-SEM studies. The high reliability values, therefore,
support the stability and consistency of the measurement model.

Convergent Validity Assessment

Convergent validity was established through Average Variance Extracted (AVE) val-
ues greater than 0.50 for all constructs. This finding implies that each construct explains
more than half of the variance in its respective indicators. The result confirms that the
selected measurement items adequately represent their underlying theoretical constructs.
In practical terms, the indicators used to measure behavioral biases and moderating vari-
ables are sufficiently correlated and collectively capture the phenomena they are intended
to assess.

Discriminant Validity Assessment

The Heterotrait-Monotrait Ratio (HTMT) values were below the recommended thresh-
old of 0.90, confirming discriminant validity. This result indicates that the constructs
included in the model are empirically distinct from one another. Given that several behav-
ioral biases may share conceptual similarities, the satisfactory HTMT values are particularly
significant because they demonstrate that respondents were able to differentiate between
the various psychological biases and related constructs. This strengthens the credibility of
the findings and reduces concerns regarding construct overlap.

Taken together, the diagnostic results provide strong evidence that the measure-
ment model is statistically reliable and valid. The absence of multicollinearity ensures
that the structural relationships are estimated accurately, while the reliability and valid-
ity measures confirm the quality of the constructs used in the study. As a result, the
subsequent hypothesis-testing results can be regarded as trustworthy and reflective of
genuine relationships among behavioral biases, financial literacy, financial awareness, and
investment decisions.

However, it should be noted that satisfying these diagnostic criteria does not auto-
matically imply strong explanatory power or significant causal relationships. Rather, these
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tests confirm that the model is methodologically sound and that any significant or non-
significant findings observed during hypothesis testing are more likely attributable to the
actual relationships among the constructs than to measurement deficiencies. Therefore, the
diagnostic outcomes enhance the credibility and interpretability of the empirical findings
reported in the study.

The empirical results from the statistical analysis of the survey data have been depicted
in this section. Descriptive statistics of the main constructs come after a summary of the
respondents” demographics. The conclusions of the PLS-SEM measurement and structural
model estimations, including path results, moderating effects, and explanatory power, are
reviewed after the reliability and validity tests. Retail stock investors in Kolkata provided
444 valid responses in total. Young investors between the ages of 18 and 35 made up
a significant portion of the sample (66%). The sample was made up of 37% females and
63% males. With 58% of respondents holding postgraduate or comparable degrees, the
majority of respondents had advanced degrees. The majority of participants worked for
both public and commercial organizations. 42% of households had monthly incomes be-
tween INR 50,000 and INR 100,000, and 41% said they saved less than INR 100,000 annually.
The demographic profile points to a group of young investors, active in their careers, and
making a moderate salary.

Scope of the Study

This study investigates the influence of behavioral biases on investment decision-
making among retail stock market investors, with particular emphasis on the moderating
roles of financial literacy and financial awareness. The empirical analysis is based on data
collected from 444 retail investors residing in Kolkata, one of India’s largest metropolitan
cities and a major financial, commercial, and cultural hub in Eastern India.

Kolkata provides an appropriate setting for examining investor behavior due to its
highly heterogeneous population. The city comprises individuals from diverse socioeco-
nomic backgrounds, educational levels, occupations, age groups, income categories, and
investment experiences. As a metropolitan center with extensive participation in financial
markets, Kolkata attracts investors with varying degrees of financial sophistication and
exposure to investment opportunities. Such diversity enhances the relevance of the sample
for understanding behavioral patterns among Retail investors in Kolkata, India.

The study does not focus on a specific demographic group, industry, or occupation;
rather, it encompasses a broad cross-section of active retail investors. Consequently, the
findings offer valuable insights into behavioral finance phenomena that are likely to be
observed among retail investors in other urban and semi-urban regions of India. Fur-
thermore, many of the behavioral biases examined in this study—such as overconfidence,
herding, anchoring, disposition effect, representativeness, and mental accounting—have
been documented in diverse geographical and cultural contexts, supporting the broader
applicability of the findings.

Nevertheless, the study acknowledges that the sample is geographically concentrated
in Kolkata and therefore may not fully capture the characteristics of all retail investors across
India’s diverse regional, cultural, and economic environments. Accordingly, the findings
should be interpreted as being primarily representative of urban retail investors operating
in large metropolitan markets. While the results provide meaningful implications for the
broader Indian retail investment community, caution should be exercised in extending
the conclusions to all regions of the country without further empirical validation. Table 2
presents an overview of the demographic characteristics of the respondents included in
this study.
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Table 2. Respondents’ demographic profile (N = 444).

Gender N %
Female 164 37
Male 280 63

Age (years) N %
18-35 294 66
36-54 142 32
55 or older 08 2

Education N %
Graduate 66 15
PhD 120 27
Postgraduate 258 58

Employment Status N %
Employed 324 73
Self-employed (Business) 22 5
Student 75 17
Unemployed (currently looking for work) 23 5

Social Status N %
Divorced 22 5
Married 258 58
Unmarried 164 37

Nature of Organization N %
Government 262 59
NA 31 7
Private 129 29
Public Undertaking 22 5

Household income per month (INR) N %
Less than 50,000 80 18
50,001-1,00,000 187 42
100,001-150,000 40 10
150,001-200,000 100 22
Above 200,000 37 8

Nature of Family N %
Joint 143 32
Nuclear 242 54
Single (Divorced/Unmarried) 59 14

Number of earning members of the family N %
More than two 136 30
One 143 33
Two 165 37
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Table 2. Cont.

Gender N %
Annual Saving Potential (INR) N %
Below 100,000 180 40
100,001-200,000 99 22
200,001-300,000 66 15
300,001-400,000 33 8
Above 400,000 66 15

Source: Questionnaire.

The central tendency and distributional features of biases, financial literacy, financial
awareness, and investment decisions were investigated using descriptive statistics. The
mean values varied from 2.12 to 3.95. In general, standard deviations were about 1.00.
Kurtosis and skewness values were within acceptable bounds, suggesting no significant
departures from normalcy. In addition to somewhat lower levels of herd behavior and
cognitive dissonance, respondents showed moderate levels of overconfidence, anchoring,
regret aversion, loss aversion, and representativeness biases. Scores for financial literacy
and awareness were comparatively high, indicating the capacity to make sound financial
decisions. Internal consistency across notions was supported by Cronbach’s Alpha values
that were higher than the permitted minimum. To improve dependability, items with
negative or very low alphas were eliminated. Scale consistency was confirmed by composite
reliability scores for all constructs exceeding the suggested 0.70 criterion [63].

The reliability of the measurement scales was assessed using Cronbach’s alpha, and
a summary of the measures and their corresponding reliability coefficients is presented in
Table 3.

Table 3. Summary of measures and reliability of Cronbach’s Alpha.

Items Cronbach’s Alpha Deleted
AB1 0.771 NO
AB2 0.757 NO
AB3 0.749 NO
AB4 0.854 NO

CDB1 0.829 NO

CDB2 0.781 NO

CDB3 0.784 NO

CDB4 0.238 YES

CDB5 —0.035 YES
HB1 0.797 NO
HB2 0.755 NO
HB3 0.896 NO
LAl 0.757 NO
LA2 0.988 NO
LA3 0.714 NO
OB1 0.766 NO
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Table 3. Cont.

Items Cronbach’s Alpha Deleted
OB2 0.834 NO
OB3 0.815 NO
OB4 0.738 NO
RA1 0.784 NO
RA2 0.855 NO
RA3 0.731 NO
RA4 0.235 YES
RB1 0.764 NO
RB2 0.902 NO
RB3 0.86 NO
RB4 0.405 YES
FA1 0.727 NO
FA2 0.906 NO
FA3 0.745 NO
FA4 —0.246 YES
FA5 0.143 YES
FA6 0.44 YES
FL1 0.725 NO
FL2 0.764 NO
FL3 0.743 NO
FL4 0.148 YES
FL5 0.314 YES
FL6 0.384 YES
ID1 0.808 NO
ID2 0.904 NO
ID3 0.933 NO
ID4 0.843 NO

Source: SPSS 23.

All constructs had KMO statistics more than 0.70, and sampling adequacy was con-
firmed by Bartlett’s test, which was significant at p < 0.001. All of the constructs in this test
have KMOs between 0.698 and 0.985, indicating that the values are more than 0.5, as seen
in the above table. In addition, to ensure concept validity, a large and significant Bartlett’s
test of sphericity is required [64]. At an alpha level of 0.05, “Bartlett’s test of sphericity” is
significant for each topic in this analysis. As a result, any construct is considered appro-
priate for analysis. The outcomes of the data adequacy and validity tests are reported in
Table 4, confirming the suitability of the dataset for subsequent analyses.

Construct validity was established when factor loadings exceeded 0.60. AVE values
greater than 0.50 were used to confirm convergent validity, while Fornell-Larcker and
HTMT criteria were used to establish discriminant validity. Since VIF values stayed below
suggested limits, no multicollinearity issues were found. Multicollinearity arises when
variables are highly correlated, making it difficult to isolate the effect of individual pre-
dictors [65]. In regression analysis, it is typically assessed using tolerance and variance
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inflation factor (VIF) values, as well as correlation coefficients. In this study, VIF values

ranged from 1.037 to 2.319, well below the conservative threshold of 3.3, indicating no mul-

ticollinearity concerns. Therefore, the assumption of no multicollinearity is satisfied, and

the variables are suitable for inclusion in the PLS-SEM model, supporting reliable structural

analysis. Table 5 summarizes the variance inflation factor (VIF) values, confirming that

multicollinearity is not a concern in the measurement model.

Table 4. Data adequacy and validity test.

S1.No.

Construct

Number
of Items

Factor Loadings

KMO

Bartlett’s Test (x2, df, p)

Anchoring Bias

0.923

0.865

0.879

0.952

0.822

x? =312.45,df = 6, p < 0.001

Cognitive Dissonance Bias

0.985

0.865

0.789

0.861

x? =218.37,df =3, p < 0.001

Herd Behavior Bias

0.823

0.698

0.712

0.731

x? =167.89, df = 3, p < 0.001

Loss Aversion Bias

0.794

0.852

0.862

0.798

x? =190.44, df = 3, p < 0.001

Overconfidence Bias

0.841

0.875

0.895

0.722

0.811

x? =276.59, df = 6, p < 0.001

Regret Aversion Bias

0.789

0.741

0.726

0.809

x? =174.28,df = 3, p < 0.001

Representativeness Bias

0.832

0.841

0.963

0.925

x? =261.73,df =3, p < 0.001

Financial Awareness

0.951

0.942

0.861

0.899

x? =289.10, df = 3, p < 0.001

Financial Literacy

0.842

0.785

0.951

0.79

x? =206.67, df = 3, p < 0.001

10

Investment Decision

0.823

0.897

0.811

0.853

0.823

x% =302.78, df = 6, p < 0.001

Source: SPSS 23.
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Table 5. Variance inflation factor.

Variables VIF
AB1 1.376
AB2 1.59
AB3 1.646
AB4 1.78
CDB1 1.139
CDB2 1.126
CDB3 1.037
FA1 1.426
FA2 1.479
FA3 1.404
FL1 1.151
FL2 1.201
FL3 1.254
HB1 1.732
HB2 1.979
HB3 1.285
ID1 1.293
D2 1.335
D3 1.216
D4 1.246
LA1 1.417
LA2 1.527
LA3 1.175
OB1 1.64
OB2 1.732
OB3 2.319
OB4 2.129
RA1 1.52
RA2 1.23
RA3 1.382
RB1 1.593
RB2 2.264
RB3 1.809

Source: Smart PLS 4.

The measurement model employed in this study is presented in Figure 3. Strong
correlations between two variables are known as multicollinearity. As multicollinearity
rises, it becomes increasingly difficult to assess the influence of any one variable because of
its significant association with other variables, making the interpretation of the results more
difficult [66]. If the tolerance value is larger than 1.0 and the “variance inflation factor (VIF)”
value is less than 1.0, multiple regression analysis shows that multicollinearity among
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the variables is not a problem. Multicollinearity can also be found using the correlation
coefficients (r) between variables. A high R-squared value greater than 0.8 may suggest
the existence of multicollinearity. There was no indication of multicollinearity among the
items in the current study, as all VIF values varied from 1.037 to 2.319, which are much
below the conservative criterion of 3.3. These findings verify that the multicollinearity
condition is met and that there is no excessive correlation between any of the model’s
predictor variables. The indications support the validity of additional structural analysis
and are suitable for incorporation into the PLS-SEM model.

4] "] 3

\ 1/ \ L./

0628 0907 0793

Figure 3. The measurement model. Source: smart PLS 4.

Strong validity and reliability were shown by the PLS-SEM measurement paradigm.
The standardized outer loadings were statistically significant and more than 0.60. Conver-
gent validity and appropriate internal consistency were validated by composite reliability
and AVE scores. The results of the reliability and convergent validity assessment, including
factor loadings, composite reliability, average variance extracted, and Cronbach’s alpha,
are summarized in Table 6.

https://doi.org/10.3390/analytics5030026


https://doi.org/10.3390/analytics5030026

Analytics 2026, 5, 26 18 of 34

Table 6. Loadings, composite reliability, average variance explained and Cronbach’s alpha.

Latent Constructs Standard Composite Average Variance Cronbach’s
and Indicators Loadings Reliability (CR) Explained (AVE) Alpha
Anchoring Bias
AB1 0.771
AB2 0.757 0.822 0.578 0.76
AB3 0.749
AB4 0.854
Cognitive Dissonance Bias
CDB1 0.829
0.727 0.609 0.742
CDB2 0.781
CDB3 0.784
Herd Behavior Bias
HB1 0.797
0.723 0.527 0.737
HB2 0.755
HB3 0.896
Loss Aversion Bias
LAl 0.757
0.861 0.532 0.768
LA2 0.988
LA3 0.714
Overconfidence Bias
OB1 0.766
OB2 0.834 0.835 0.623 0.803
OB3 0.815
OB4 0.738
Regret Aversion Bias
RA1 0.784
0.722 0.575 0.768
RA2 0.855
RA3 0.731
Representativeness Bias
RB1 0.764
0.869 0.712 0.803
RB2 0.902
RB3 0.86
Financial Awareness
FA1 0.727
0.848 0.615 0.728
FA2 0.906
FA3 0.745
Financial Literacy
FL1 0.725
0.795 0.551 0.791
FL2 0.764
FL3 0.743
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Table 6. Cont.

Latent Constructs
and Indicators

Standard Composite Average Variance Cronbach’s
Loadings Reliability (CR) Explained (AVE) Alpha

Investment Decision

ID1

0.808

D2

0.904 0.899 0.763 0.895

ID3

0.933

ID4

0.843

Source: Smart PLS 4.

A model is deemed appropriate if its internal consistency reliability rating is greater
than 0.70; a value less than 0.60 denotes a lack of dependability. Second, composite
reliability can be read similarly to Cronbach’s alpha and takes into consideration the fact
that indicators have varying loadings. Cronbach’s alpha may exaggerate or underestimate
the scale’s dependability.

The Heterotrait-Monotrait ratio of correlations (HTMT), a reliable criterion put forth
by Henseler et al. (2017) [45], was used to evaluate discriminant validity. As shown in
Table 7, all HTMT values are within the recommended threshold, confirming adequate
discriminant validity among the constructs. The results show that discriminant validity
was proven for each pair of constructs, since all HTMT values were below 0.90. While
falling within acceptable ranges, a handful of the values approached the cutoff. Moderate
associations were suggested by the constructs with the highest values in the (Table 8) matrix,
namely LA-CDB (HTMT = 0.827), HB-CDB (HTMT = 0.820), RA-CDB (HTMT = 0.752),
and AB-RB (HTMT = 0.762). However, discriminant validity is preserved because none
exceeded the 0.90 cutoffs. Lower HTMT values, namely FA-OB (HTMT = 0.300) and FL-RA
(HTMT = 0.283), further corroborate the uniqueness of these constructs. These results sup-
port the notion that each construct in the model measures a conceptually separate event.

Table 7. Discriminant validity (HTMT).

AB

CDB FA FL HB ID LA OB RA RB

AB

CDB 0.615

FA

0.558

0.645

FL

0.509

0.687

0.697

HB

0.282

0.82

0.273

0.272

ID

0.517

0.539

0.463

0.688

0.315

LA

0.331

0.827

0.4

0.589

0.548

0.236

OB

0.603

0.691

0.3

0.414

0.337

0.506

0.599

RA

0.499

0.752

0.443

0.448

0.507

0.276

0.748

0.433

RB

0.762

0.724

0.486

0.507

0.378

0.526

0.266

0.289

0.322

Source: Smart PLS.

Additionally, the square root of the AVE should be greater than the correlations be-
tween the latent components, according to Fornell and Larcker [67]. The average variances
gathered fall within the acceptable range of 0.527 to 0.763, as Table 9 demonstrates. The
correlations between the latent constructs (values in bold face) in Table 10 were compared
using the square root of the recovered average variances. Additionally, the table indicates
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sufficient discriminant validity because the square root of the AVE was greater than the

correlation between the latent constructs [67].

Table 8. Latent variable correlation and square root of average variance extracted (Fornell and

Larcker criterion).

AB CDB FA FL HB ID LA OB RA RB
AB 0.761
CDB 0.706 0.78
FA 0.527 0.452 0.784
FL 0.314 0.147 0.479 0.742
HB 0.157 0.358 0.064 0.019 0.726
ID 0.45 0.403 0.461 0.502 0.277 0.873
LA 0.04 —0.066 -0.11 0.281 0.18 0.102 0.657
OB 0.442 0.307 0.235 0.247 0.287 0.45 0.527 0.789
RA 0.296 0.308 0.226 0.298 0.387 0.23 0.399 0.335 0.759
RB 0.758 0.603 0.439 0.368 0.203 0.466 —0.048 0.202 0.168 0.844
Source: Smart PLS 4.
Table 9. Results of structural model.
H  Path (S):Iifirllal Sample ]SDt:‘IIIi(:\:;:n t Statistic p-Value 95% CI 95% CI Decision
ple (O) Mean (M) (STDEV) (IO/STDEV ) Lower Upper
H1 AB—ID 0.310245 —0.397 0.129 2.405 0.016 0.057405 0.563085 Supported
H2 CDB—ID 0411651 —0.367 0.159 2.589 0.003 0.100011 0.723291 Supported
H3 HB—ID 0.692076 —0.374 0.231 2.996 0.001 0.239316 1.144836 Supported
H4 LA—ID 0.536256 —0.351 0.196 2.736 0.016 0.152096 0.920416 Supported
H5 OB—ID 0.540351 —0.436 0.189 2.859 0.008 0.169911 0.910791 Supported
H6 RA—1ID 0.430958 —0.246 0.209 2.062 0.039 0.021318 0.840598 Supported
H7 RB—ID 0.51906 —0.218 0.205 2.532 0.026 0.11726 0.92086 Supported
H8 FA —ID 0.282744 0.395 0.132 2.142 0.032 0.024024 0.541464 Supported
H9 FL—ID 0.325674 0.345 0.111 2.934 0.002 0.108114 0.543234 Supported
Source: Smart PLS 4.
Table 10. Results of the moderating effect of intention in the structural model.
H Path g;:f;?zl( 0) If/?:;glfM) ]s)t:‘rzli(zia:ir(()in t Statistic  p-Value ?j’z‘;gl %’5};’/;5‘1 Decision
(STDEV)
H10 FA x AB — ID 1.229229 0.489 0.477 2.577 0.014 —0.44592 1.42392 Supported
H11 FA x CDB — ID 0.708928 0.702 0.304 2.332 0.02 0.10616 1.29784 Supported
H12 FA x HB — ID 0.841406 0.415 0.326 2.581 0.001 —0.22396 1.05396 Supported
H13 FA x LA — ID 0.899197 0.444 0.263 3.419 0.005 —0.07148 0.95948 Supported
H14 FA x OB — ID 0.846532 0.367 0.236 3.587 0.008 —0.09556 0.82956 Supported
H15 FA x RA — ID 0.67095 0.534 0.213 3.15 0.002 0.11652 0.95148 Supported
Hile FA x RB — ID 0.558848 0.554 0.236 2.368 0.007 0.09144 1.01656 Supported
H17 FL x AB — ID 1.760384 0.436 0.544 3.236 0.017 —0.63024 1.50224 Supported
H18 FL x CDB — ID 0.02218 0.009 0.02 1.109 0.253 —0.0302 0.0482 Not Supported
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Table 10. Cont.
.. Standard o o
H Path (S):Ilfull:l( 0) i;:;ﬁl(eM) Deviation t Statistic ~ p-Value ii@;l %5 & ;I Decision
P (STDEV) PP
H19 FL x HB — ID 1.034815 0.496 0.335 3.089 0.006 —0.1606 1.1526 Supported
H20 FL x LA — ID 1.152306 0.332 0.486 2.371 0.011 —0.62056 1.28456 Supported
H21 FL x OB — ID 1.03404 0.435 042 2.462 0.004 —0.3882 1.2582 Supported
H22 FL x RA — ID 0.750103 0.321 0.373 2.011 0.013 —0.41008 1.05208 Supported
H23 FL x RB — ID 1.104592 0.448 0.524 2.108 0.008 —0.57904 1.47504 Supported

Source: Smart PLS 4.

The current study assessed the structural model after identifying the measurement
model. Using 444 instances and 5000 bootstrap samples, the current study additionally
used the traditional bootstrapping technique to evaluate the significance of the path coeffi-
cients [45,65,68]. Consequently, the estimates for the full structural model—which includes
the moderator variable—are shown below.

Structural Model Results and Hypotheses Testing

The structural model was evaluated using the bootstrapping procedure in PLS-SEM to
examine the direct relationships between behavioral biases, financial awareness, financial
literacy, and investment decisions. The significance of the hypothesized relationships was
assessed using path coefficients, t-statistics, and p-values. A hypothesis was considered
supported when the p-value was less than 0.05. Figure 4 presents the full structural model,
including the moderator variables, generated using SmartPLS 4.

The results indicate that all nine hypothesized direct relationships are statistically
significant and therefore supported.

Anchoring Bias (AB) exhibited a significant negative effect on investment deci-
sions (B = —0.397, t = 2.405, p = 0.016), supporting H1. This suggests that investors
who rely excessively on initial information or reference points tend to make less rational
investment decisions.

Cognitive Dissonance Bias (CDB) was also found to have a significant negative
influence on investment decisions (3 = —0.367, t = 2.589, p = 0.003), supporting H2. The
finding indicates that investors experiencing cognitive dissonance are more likely to ignore
contradictory information, adversely affecting their investment choices.

Similarly, Herding Bias (HB) demonstrated a significant negative relationship with
investment decisions (3 = —0.374, t = 2.996, p = 0.001), supporting H3. This implies that
investors who follow the actions of others without independent analysis tend to make
suboptimal investment decisions.

The effect of Loss Aversion (LA) on investment decisions was found to be significantly
negative (p = —0.351, t = 2.736, p = 0.016), supporting H4. This result suggests that in-
vestors’ tendency to avoid losses rather than pursue gains may impair effective investment
decision-making.

Overconfidence Bias (OB) showed the strongest negative effect among all behavioral
biases on investment decisions (3 = —0.436, t = 2.859, p = 0.008), supporting H5. This
finding indicates that excessive confidence in one’s knowledge and abilities can lead to
poorer investment outcomes.

The results further reveal that Regret Aversion (RA) has a significant negative impact
on investment decisions (3 = —0.246, t = 2.062, p = 0.039), supporting H6. Investors
attempting to avoid future regret may delay or avoid investment actions, thereby reducing
decision quality.
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Figure 4. Structural model with moderator variables (full model). Source: Smart PLS 4.

Likewise, Representativeness Bias (RB) was found to negatively influence investment
decisions (3 = —0.218, t = 2.532, p = 0.026), supporting H7. This indicates that investors who
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make judgments based on stereotypes or recent experiences rather than objective analysis
are likely to make less effective investment decisions.

In contrast, Financial Awareness (FA) exhibited a significant positive effect on invest-
ment decisions (3 = 0.395, t = 2.142, p = 0.032), supporting H8. This finding suggests that
greater awareness of financial products, markets, and investment opportunities enhances
the quality of investors” decision-making.

Similarly, Financial Literacy (FL) demonstrated a significant positive influence on
investment decisions (3 = 0.345, t = 2.934, p = 0.002), supporting H9. This result indicates
that investors with higher levels of financial knowledge and understanding are better
equipped to make informed and rational investment decisions.

Overall, the structural model findings confirm that behavioral biases adversely affect
investment decision-making, whereas financial awareness and financial literacy contribute
positively to better investment decisions. Among the behavioral biases, Overconfidence
Bias emerged as the most influential negative predictor, while Financial Awareness showed
the strongest positive effect on investment decisions. These findings are consistent with
the principles of behavioral finance, which suggest that psychological biases can impair
investor rationality, while financial knowledge and awareness can mitigate such effects and
improve investment outcomes.

This study examined how behavioral biases, financial awareness, and financial liter-
acy impact investment decision-making using a structural equation modeling approach
(PLS-SEM). The results supported each of the nine hypothesized associations and offered
significant insights into how financial and psychological factors affect investors’ decisions.

The association between behavioral biases and investment decisions is considerably
moderated by both financial literacy (FL) and financial awareness (FA), according to the
interaction (moderation) effects:

The moderating effects of Financial Awareness (FA) and Financial Literacy (FL) on
the relationship between behavioral biases and Investment Decision-making (ID) were
examined using the bootstrapping procedure in PLS-SEM. The significance of moderation
effects was assessed through path coefficients, t-statistics, and p-values. The results are
presented in Table 10.

Moderating Role of Financial Awareness

The findings reveal that Financial Awareness significantly moderates the relationship
between all seven behavioral biases and investment decision-making. Specifically, the
interaction effects of FA with Anchoring Bias (3 = 0.489, t = 2.577, p = 0.014), cognitive
dissonance bias (3 = 0.702, t = 2.332, p = 0.020), Herding Bias (3 = 0.415, t = 2.581, p = 0.001),
Loss Aversion (p = 0.444, t = 3.419, p = 0.005), Overconfidence Bias (3 = 0.367, t = 3.587,
p = 0.008), Regret Aversion (3 = 0.534, t = 3.150, p = 0.002), and Representativeness Bias
(B =0.554, t =2.368, p = 0.007) were all found to be statistically significant.

The positive interaction coefficients indicate that Financial Awareness weakens the
negative influence of behavioral biases on investment decision-making. In other words,
investors possessing higher levels of financial awareness are better able to recognize and
mitigate the adverse effects of psychological biases, resulting in more rational and informed
investment decisions. Among all moderation effects, the strongest influence was observed
for the interaction between Financial Awareness and cognitive dissonance bias (3 = 0.702),
suggesting that awareness plays a particularly important role in reducing the detrimental
impact of confirmation-seeking behavior on investment choices.

Moderating Role of Financial Literacy

The moderating effects of Financial Literacy were also found to be significant for most
behavioral biases. The interaction effects of FL with Anchoring Bias (3 = 0.436, t = 3.236,
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p = 0.017), Herding Bias (3 = 0.496, t = 3.089, p = 0.006), Loss Aversion (3 = 0.332, t = 2.371,
p = 0.011), Overconfidence Bias (3 = 0.435, t = 2.462, p = 0.004), Regret Aversion (3 = 0.321,
t = 2.011, p = 0.013), and Representativeness Bias (3 = 0.448, t = 2.108, p = 0.008) were
statistically significant.

These positive coefficients suggest that higher financial literacy reduces the adverse
impact of these biases on investment decision-making. Financially literate investors are
likely to possess greater analytical capabilities and knowledge, enabling them to evaluate
investment opportunities more objectively and avoid irrational decision-making patterns.

However, the moderating effect of Financial Literacy on the relationship between
cognitive dissonance bias and Investment Decision-making was not significant (3 = 0.009,
t =1.109, p = 0.253). Therefore, Hypothesis H18 was not supported. This finding implies
that financial literacy alone may not be sufficient to mitigate cognitive dissonance bias, as
investors may continue to selectively seek information that confirms their existing beliefs
regardless of their level of financial knowledge.

Overall, the moderation analysis demonstrates that both Financial Awareness and
Financial Literacy play important roles in shaping the impact of behavioral biases on invest-
ment decision-making. Financial Awareness emerged as a stronger and more consistent
moderator, significantly influencing all seven behavioral bias relationships. In contrast,
Financial Literacy significantly moderated six of the seven relationships, with the exception
of cognitive dissonance bias.

These findings suggest that while financial knowledge is important, awareness re-
garding financial products, market conditions, and investment risks may be even more
effective in helping investors overcome behavioral biases. Consequently, policymakers,
financial educators, and investment advisors should focus not only on improving financial
literacy but also on enhancing investors’ financial awareness through targeted educational
programs and investor protection initiatives.

Summary of Moderation Results

e  Financial Awareness (FA): Significant moderator for all seven behavioral biases (H10-
H16 supported).

e Financial Literacy (FL): Significant moderator for six behavioral biases (H17, H19-
H23 supported).

e Non-significant effect: FL x cognitive dissonance bias — ID (H18 not supported).

e  Strongest moderation effect: FA x cognitive dissonance bias — ID (3 = 0.702).

e  Conclusion: Financial Awareness demonstrates a stronger moderating influence than
Financial Literacy in reducing the negative effects of behavioral biases on investment
decision-making.

This study looked at the moderating effects of financial literacy (FL) and financial
awareness (FA) on the relationships between behavioral biases and investment decision-
making. The results of the structural model demonstrate that most interaction effects were
statistically significant, suggesting that both FA and FL are crucial for lessening the negative
influence of behavioral biases on investment decisions.

With an R? value of 0.851 (Table 11), the exogenous constructs explained the endoge-
nous latent variable, Investment Decision (ID). This means that the combined influence of
behavioral biases, financial awareness, and financial literacy, including their interaction
effects, accounts for 85.1% of the variance in investment decisions. The structural model’s
resilience in predicting investment behavior is supported by this high R2 value, which
indicates a significant degree of explanatory power [65].
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Table 11. Variance explained in endogenous latent variable.

Latent Variable R-Squared/Variance Explained

Investment decision 0.851/85.1%
Source: Smart PLS 4.

The combination of a low SRMR and a high NFI (Table 12) suggests that the proposed
structural model is statistically sound and appropriate for further interpretation of the
path linkages and moderating effects. The satisfactory model fit supports the study’s
conclusions, which look at how behavioral biases, financial awareness, and financial
literacy affect investing decisions.

Table 12. Model fit.

Saturated Model Estimated Model
SRMR 0.042 0.045
Chi-square 16,326.44 16,317.73
NFI 0.92 0.92

Source: Smart PLS 4.

The findings clearly indicate that behavioral biases significantly influence invest-
ment decisions, supporting the core premise of behavioral finance that investors are not
fully rational.

e  Overconfidence Bias showed a strong negative impact, suggesting that investors tend
to overestimate their knowledge and abilities, leading to excessive risk-taking.

e  Herd Behavior indicates that investors rely heavily on others” actions, particularly
during market uncertainty.

e Anchoring Bias reflects dependence on initial information, limiting adaptive decision-
making.

Economic Interpretation

These results imply that investor decisions are driven more by psychological tenden-
cies than by objective financial analysis. This has serious implications for market efficiency
and investor welfare.

Role of Financial Literacy & Awareness

Both financial literacy and financial awareness:

e  DPositively influence investment decisions.
e Reduce susceptibility to behavioral biases.
e Improve rational decision-making.

Moderation Effects

The moderating analysis reveals that:

e  Financial awareness significantly weakens the negative effects of all behavioral biases
e  Financial literacy also mitigates most biases, although its effect on cognitive dissonance
was not significant

This suggests that awareness (practical understanding) may sometimes be more
effective than technical knowledge alone.

Comparison with Literature

The findings align with previous studies (e.g., [12,49]) but extend the literature by:
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e  Demonstrating dual moderating effects.
e  Providing India-specific empirical evidence.

5. Conclusions and Suggestions

This study examined how behavioral biases, financial literacy, and financial awareness
jointly shape the investment decisions of retail investors, using evidence from 444 retail
investors in Kolkata, India. While the findings provide valuable insights into investor
behavior within a major metropolitan financial center, they should be interpreted within the
context of the study sample. Given the geographic concentration of respondents in Kolkata,
the results may not fully reflect the behavioral characteristics of retail investors across
India’s diverse regional, cultural, and socioeconomic settings. Therefore, caution should be
exercised when generalizing the findings to the broader population of Indian retail investors.
Rather than viewing investor behavior solely through the lens of irrationality, the findings
suggest a more nuanced perspective: while behavioral biases continue to exert a significant
influence on investment choices, their effects are not immutable. Financial literacy and
financial awareness emerge as important corrective mechanisms that strengthen decision
quality and reduce investors’ vulnerability to behavioral distortions.

The findings indicate that behavioral biases remain deeply embedded in the invest-
ment process, with anchoring, cognitive dissonance, herd behavior, and overconfidence
exerting particularly strong influences on investor decision-making. This pattern suggests
that investors often rely on simplified cognitive shortcuts and social cues when confronted
with uncertainty, despite increasing access to financial information and digital investment
platforms. At the same time, the results demonstrate that financial literacy and finan-
cial awareness not only directly enhance investment decision quality but also weaken
the adverse effects of several behavioral biases. Taken together, these findings highlight
that investor behavior is shaped by the interaction between psychological tendencies and
financial capability factors rather than by either dimension in isolation.

The study offers several practical implications that are directly informed by the empir-
ical evidence. First, because anchoring and overconfidence emerged as dominant biases,
investor education programs should place greater emphasis on critical evaluation of in-
formation, portfolio diversification, and risk assessment rather than focusing exclusively
on financial products and market knowledge. Second, the significant moderating effects
of financial literacy and awareness suggest that policy interventions aimed at improving
investor capability can serve as effective tools for mitigating behavioral biases. Conse-
quently, regulators such as SEBI and RBI should strengthen targeted financial education
initiatives, particularly for first-time and digitally active investors. Third, fintech firms
and brokerage platforms can incorporate behavioral safeguards—such as portfolio review
prompts, risk alerts, and decision-delay mechanisms—to reduce impulsive and bias-driven
trading behavior. Such interventions are particularly relevant in India’s rapidly expanding
digital investment ecosystem, where increased market participation may simultaneously
amplify behavioral risks.

Limitations of the Study

Despite providing valuable insights into the influence of behavioral biases on in-
vestment decision-making and the moderating roles of financial literacy and financial
awareness, this study has several limitations that should be acknowledged.

First, the study was conducted exclusively among retail stock market investors in
Kolkata, India. Although Kolkata represents an important metropolitan investment market,
the findings may not fully capture the behavioral characteristics of investors from other
regions of India, particularly those residing in rural areas, smaller cities, or regions with
different socioeconomic and cultural contexts. Therefore, caution should be exercised when

https://doi.org/10.3390/analytics5030026


https://doi.org/10.3390/analytics5030026

Analytics 2026, 5, 26

27 of 34

generalizing the results to the entire Indian investor population. Second, the sample pre-
dominantly consisted of younger and relatively well-educated investors. Since investment
behavior may vary across age groups, educational backgrounds, and levels of investment
experience, the findings may not adequately represent older investors or individuals with
lower educational attainment. Third, the study relied on a self-reported questionnaire for
data collection. Self-reported responses are susceptible to common method bias, social
desirability bias, recall errors, and subjective interpretation of questions. Consequently,
the reported behavioral tendencies may not perfectly reflect actual investment behavior
in real-world market situations. Fourth, the research employed a cross-sectional design,
collecting data at a single point in time. Investor behavior and psychological biases can
evolve in response to changing market conditions, economic events, and personal financial
circumstances. Finally, although the study examined seven prominent behavioral biases
along with financial literacy and financial awareness, other potentially relevant psycholog-
ical, demographic, and contextual factors were not incorporated into the model. Future
studies may consider additional variables to provide a more comprehensive understanding
of investment decision-making. Given these limitations, the findings should be inter-
preted primarily within the context of retail investors in Kolkata. Nevertheless, the study
contributes to the growing behavioral finance literature by providing empirical evidence
on the interaction between behavioral biases, financial literacy, financial awareness, and
investment decision-making in an emerging market setting.

The principal scholarly contribution of this study lies in demonstrating that financial
literacy and financial awareness function not only as direct determinants of investment
decisions but also as behavioral safeguards that attenuate the influence of psychological
biases. By integrating seven behavioral biases with two financial capability constructs
within a single empirical framework, this research advances the behavioral finance literature
beyond fragmented approaches that examine these factors independently. Furthermore,
by providing contemporary evidence from India—a rapidly digitalizing and increasingly
important emerging market—the study extends the external validity of behavioral finance
theory and offers context-specific insights into how investor capability can moderate
irrational decision-making. In doing so, the research contributes to a more comprehensive
understanding of investor behavior and provides a foundation for future investigations
into the interaction between behavioral and capability-based determinants of financial
decision-making.

The study’s hypotheses are mapped against previous research in Table 13.

Practical Implications and Future Suggestions.

Table 13. Comparison of Hypotheses with prior studies.

. 1. . Supporting Contradictory/
Hypothesis Key Findings in the Present Study Studies Mixed Evidence
H1: Anchoring ]'31'as - Significant negative effect [52,69,70] None
Investment Decisions
H2: Cognitive Dls.sonance Bias — Significant effect [71,72] None
Investment Decisions
H3: Herd Behavior Bias — Strong effect [73,74] None

Investment Decisions

H4: Loss Aversion Bias —
Investment Decisions

Some Indian market studies

Partial support [29,75,76] show weaker effects

H5: Overconfidence Bias —
Investment Decisions

Some studies show stronger
[77] and more consistent
negative outcomes

Mixed evidence (risk-taking but
uneven returns)
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Table 13. Cont.

. .. . Supporting Contradictory/
Hypothesis Key Findings in the Present Study Studies Mixed Evidence
Hé: Regret Aversion Bias —

Investment Decisions Strong support (78,791 None
H7: Representat'lyeness Bias — Significant effect [80,81] None
Investment Decisions

H8-H9: Financial Literacy Mitigates biases, improves decisions [14,82,83] None

(moderating effects)

H10-H11: Financial Awareness
(moderating effects)

Limited prior studies — area

Novel evidence of buffering biases [55,84,85] of divergence

Source: Authors’ Literature Review.

Contribution to the Future of Behavioral Finance

Overall, this study contributes significantly to the evolving discourse on behavioral
finance by providing a comprehensive, empirically validated framework that captures the
interplay between psychological biases and financial capability factors. As financial markets
continue to digitalize and retail participation expands, understanding and managing
behavioral influences will become increasingly critical. By highlighting the corrective role
of financial literacy and awareness, this research not only advances academic knowledge
but also offers actionable insights for policymakers, educators, and financial institutions.
In the coming years, such integrated approaches will be essential for fostering resilient,
informed, and behaviorally balanced investors, ultimately contributing to the stability and
efficiency of financial markets in India and other emerging economies.
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Appendix A
Survey Measurements
Constructs Codes Items References
LAl I avoid selling my investments if their value comes down.
hoss Aversion LA2 After a prior gain, I isk-seeking th 1 25
Bias (LA) er a prior gain, I am more risk-seeking than usual. [25]
LA3 After a prior loss, I become more risk averse.
RAL I regret not being able to buy/sell an investment when
the opportunity arises.
RAD I clarify that I am not earning the required return on
my investments.
Regret Aversion
Bias (RA) RA3 I avoid selling investments that have decreased in value [15]
and readily sell investments that have increased in value.
I feel more sorrow about holding losing investments for
RA4 too long than about selling winning investments
too soon.
HB1 My opinion towards an investment will change if all my
colleagues start buying/selling that investment.
Herd Behavior HED The decisions of other investors regarding investment 30]
Bias (HB) types have an impact on my investment decisions.
I usually react quickly to the changes in other investors’
HB3 L. . .
decisions and follow their reactions to the market.
OB1 I am always confident that my skills and knowledge will
enable me to outperform the market.
OB? I am generally sure about my decisions because I made
more profits than losses.
Overconfidence
Bias (OB) I always feel confident that I have enough money to [25]
OB3 support my investment decisions, regardless of how long
it takes.
OB4 I usually can anticipate the end of good or poor

investment returns in the market.
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Survey Measurements

Constructs Codes Items References
AB1 I fix a target price for buying/selling an investment.
I never withdraw an investment even if it shows
AB2 ey
a declining trend.
Anchoring Bias (AB) AB3 I rely on my previous market experiences for my [17]
next investment.
ABA4 Based on recent market trends, I forecast future changes
in investments.
RB1 I think that the future trend of an investment might be
predicted based on its past price movements.
If my investment information contradicts the news of
) RB2 a renowned analyst, I would change my
Representativeness decision immediately. [30]
Bias (RB)
RB3 I only buy/sell an investment after considering its
past returns.
RB4 I use trend analysis of representative investments to
inform decisions for all assets I invest in.
CDB1 I fee.l very anxious after incurring losses on
my investments.
CDR2 After making any decision, I am always anxious about
Cognitive whether I made the right or wrong choice.
Dissonance After I make an investment decision, I often feel that I no [20]
. CDB3 ,
Bias (CDB) longer need it.
CDB4 After I invested, I feel I should not have invested in
anything at all.
CDB5 After I invested in it, I feel I have made the right decision.
FA1 I am not worried if I do not have money because I can
also take out a loan.
FA2 I trust the advertisements promoting financial products.
FA3 My current money is always worth more than my future
) ) money (what I will save in the future).
Financial
Awareness (FA) FA4 I constantly monitor external circumstances and [51]
economic events that affect my budget.
I try not to spend all my money; I set some aside for
FA5
the future.
FAG I am always well-informed before I make

financial decisions.
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Survey Measurements

Constructs Codes Items References
FL1 I save at least 10% of my income monthly.
FLo I put my investment and savings in banks as I trust
financial institutions.
FL3 I am prepared to risk some of my own money
when investing.
Financial Literacy
(FL) I am confident that in the event of an emergency, I could [10]
FL4 access up to three months” worth of my
household income.
My current investment portfolio is diversified to balance
FL5 .
the risks.
FL6 I consider the interest or the earnings before I invest.
D1 I am fully capable of making personal
investment decisions.
D2 I am confident in my ability to make personal
investment decisions.
Investment Decision i i ) )
(ID) My past experiences have increased my confidence in [51]
ID3 making informed and successful personal
investment decisions.
D4 Utilizing the available investment information is well

within my abilities.

Source: Compiled from several sources.
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