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Behavioral finance has emerged as a critical framework for understanding deviations from traditional financial theories that
assume rational investor behavior and efficient markets. Despite the predictions of the Efficient Market Hypothesis, empirical
evidence consistently highlights persistent anomalies such as the January Effect and momentum crashes in equity markets. This
study investigates the behavioral underpinnings of these anomalies, focusing on investor psychology, cognitive biases, and market
inefficiencies.

The primary objective of the study is to analyze the existence and persistence of the January Effect and momentum crash
phenomena and to examine their implications on investment decision-making. The study adopts a quantitative research design
using secondary data collected from major equity indices over a ten-year period. Statistical tools such as correlation and
regression analysis are employed to test the relationship between behavioral factors and abnormal returns.

The findings suggest that the January Effect remains partially observable in small-cap stocks, while momentum strategies are
vulnerable to sudden crashes due to herd behavior and overreaction. The study contributes to the growing body of behavioral
finance literature by providing empirical insights into market inefficiencies and investor behavior patterns.
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Introduction:

Financial markets have long been conceptualized as
rational systems governed by information efficiency
and logical decision-making. Classical theories such as
the Efficient Market Hypothesis posit that asset prices
fully reflect all available information, thereby
eliminating the possibility of consistently achieving
abnormal returns. However, real-world market
behavior frequently contradicts these assumptions,
revealing patterns and anomalies that cannot be
explained through traditional models alone.

Behavioral finance offers an alternative lens by
incorporating psychological insights into financial
decision-making. It recognizes that investors are not
always rational and are often influenced by biases such
as overconfidence, loss aversion, herd behavior, and
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mental accounting. These behavioral tendencies give
rise to systematic anomalies in equity markets,
including the widely documented January Effect and
momentum crashes.

Ideally, equity markets should exhibit consistency in
returns irrespective of calendar periods or past price
movements. However, empirical observations indicate
that stock returns tend to be unusually high in January,
particularly among small-cap firms. Similarly,
momentum strategies where investors buy past winners
and sell past losers—often yield significant returns but
are susceptible to abrupt reversals known as
momentum crashes.

Previous studies have attempted to explain these
anomalies through tax-loss selling, window dressing,
liquidity effects, and risk-based explanations. While
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these factors provide partial explanations, they fail to
fully capture the psychological drivers underlying
investor behavior. For instance, tax-loss selling cannot
entirely explain the persistence of the January Effect
across different regulatory environments, nor can risk-
based models fully account for the extreme volatility
observed during momentum crashes.

The consequences of these anomalies are significant.

Investors relying solely on traditional financial models

may misprice assets, leading to suboptimal investment

decisions. Furthermore, policymakers and market
regulators may overlook systemic risks arising from
collective irrational behavior.

This study addresses the gap by integrating behavioral

finance theories with empirical analysis to better

understand the persistence and implications of these
anomalies. By examining both psychological and

market-based factors, the research aims to provide a

more comprehensive explanation of equity market

behavior and contribute to more informed investment
strategies.

Research Objectives:

1. To examine the relationship between investor
behavioral biases and the occurrence of the January
Effect in equity markets.

2. To analyze the impact of momentum trading
strategies on market volatility and the occurrence of
momentum crashes.

Hypothesis of the Study

Hypothesis 1-

e Ho (Null Hypothesis): There is no significant
relationship between investor behavioral biases and
the occurrence of the January Effect in equity
markets.

e H: (Alternative Hypothesis): There is a
significant relationship between investor behavioral
biases and the occurrence of the January Effect in
equity markets.

SJIF Impact Factor: 8.648

ISSN-2278-5655

Aarhat Multidisciplinary International Education
Research Journal

March - April, 2026

e Ho (Null Hypothesis): Momentum trading
strategies have no significant impact on market
volatility and do not influence the occurrence of
momentum crashes.

Hypothesis 2-

e Hi (Alternative Hypothesis): Momentum trading
strategies have a significant impact on market
volatility and positively influence the occurrence of
momentum crashes.

Literature Review:

¢ Jegadeesh and Titman (1993) examined momentum
strategies in equity markets and found that stocks
with strong past performance tend to continue
performing well in the short term. Using portfolio-
based analysis, the study demonstrated consistent
abnormal returns, thereby challenging market
efficiency and supporting behavioral explanations
of investor underreaction.

e De Bondt and Thaler (1985) investigated investor
overreaction using long-term stock return data.
Published in The Journal of Finance, their study
employed contrarian strategies and found that
extreme losers outperform winners over time,
indicating that psychological biases significantly
influence market outcomes.

e Keim (1983) analyzed the January Effect using

NYSE data and found that small-cap stocks exhibit
unusually high returns in January. The study used
regression analysis and concluded that tax-loss
selling and institutional behavior partially explain
this anomaly, though not entirely.

e Daniel, Hirshleifer, and Subrahmanyam (1998)

developed a theoretical model explaining investor
overconfidence and biased self-attribution. Their
findings suggested that such biases lead to
predictable price patterns, including momentum and
reversals, reinforcing behavioral finance theories.

e Barberis, Shleifer, and Vishny (1998) explored

investor sentiment and its impact on stock prices.

A Peer Reviewed Referred Journal 22



B fmicr

Volume-XV, Special Issue-| (d)

OPEN 8ACCESS

Using a behavioral model, the study demonstrated
that investors tend to underreact to new information
initially and overreact later, contributing to
anomalies like momentum and crashes.

e Hong and Stein (1999) proposed a gradual
information diffusion model, highlighting that
different types of investors process information at
varying speeds. Their findings supported the
persistence of momentum effects and linked them to
bounded rationality.

e Daniel and Moskowitz (2016) specifically

examined momentum crashes and found that these
crashes occur during periods of market stress when
investors rapidly reverse positions. Their empirical
analysis highlighted the role of panic and herd
behavior in amplifying losses.
These studies collectively demonstrate that
behavioral biases play a crucial role in explaining
market anomalies, reinforcing the need for further
empirical investigation into their persistence and
implications.

Need of the Study:

e To address the gap between traditional financial
theories and observed market anomalies driven by
investor psychology.

e To provide empirical insights into behavioral biases
affecting investment decisions in equity markets.

e To assist investors in developing strategies that
account for irrational market behavior.

e To contribute to policymaking by highlighting
systemic  risks arising  from  behavioral
inefficiencies.

Scope of the Study:

e The study covers a five-year period from 2020 to
2025.

o It focuses on major equity markets, particularly
emerging markets like India.

e The analysis is based on secondary data from stock
indices and financial databases.
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e The study examines variables such as stock returns,
trading volume, and volatility in relation to
behavioral factors.

Limitations of the Study:

e The study relies on secondary data, which may limit
control over data accuracy and consistency.

e Behavioral variables are difficult to quantify
precisely, leading to proxy-based measurement.

e The selected time period may not capture long-term
structural changes in markets.

o Findings may not be fully generalizable across all
global markets due to regional differences.

Research Methodology:
The study adopts a quantitative research design to
examine behavioral finance anomalies in equity
markets. It primarily utilizes secondary data collected
from reputable financial databases such as stock
exchange reports, Bloomberg, and Yahoo Finance.
The sample consists of selected large-cap and small-
cap stocks listed on major indices such as NIFTY 50
and BSE SmallCap. The study period spans from 2020
to 2025, allowing for a comprehensive analysis of
market trends.
The dependent variable in the study is stock return,
while independent variables include calendar effects
(January dummy variable), momentum indicators, and
proxies for investor behavior such as trading volume
and volatility.
Model Specification for Regression Analysis:
To empirically examine the relationship between
behavioral biases, the January Effect, and momentum
crashes in equity markets, the study employs multiple
regression models. The models are designed to test the
impact of independent behavioral and market-related
variables on stock returns and market volatility.

Model 1: January Effect and Behavioral Bias:

This model evaluates the influence of investor

behavioral biases on abnormal returns observed during

the month of January.
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Ryt = a + B1JAN + B BVie + BsVOL; + €5

Where:

e R;= Return on stock i at time t (Dependent
Variable)

e JAN,= Dummy variable for January (1 if January, O
otherwise)

e BV;;=Behavioral variables (proxy measures such as
trading volume, investor sentiment index)

e VOL;:= Market volatility

e a= Intercept term

e [, B2, B3= Regression coefficients

o ¢;;= Errorterm

Model 2: Momentum Strategy and Crash Risk

This model examines the impact of momentum trading

strategies on market volatility and the likelihood of

momentum crashes.

CRASH;; = a + B;MOM;, + B,VOL;, + f3HERD;;
+ €t

Where:

e CRASH;;= Proxy for momentum crash risk
(Dependent Variable, e.g., extreme negative returns
or downside volatility)

Data Analysis and Interpretation:

PART 1: JANUARY EFFECT ANALYSIS (Hypothesis 1)

Step 1: Secondary Data (Monthly Returns %o)
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e MOM;;= Momentum returns (difference between
winner and loser portfolios)

e VVOL;:= Market volatility

e HERD;;= Herd behavior proxy (e.g., trading
concentration or co-movement index)

e = Intercept term

e f31, 8., Bs= Regression coefficients

e ¢;;= Error term

Interpretation:

A significant positive S;suggests that momentum

strategies increase crash risk, while Bsreflects the role

of herd behavior in amplifying market instability.

Model 3: Combined Behavioral Finance Model

To provide a comprehensive analysis, a combined

model is specified:

Rit = a + B1JAN; + BMOM; + B3VOLy + ByBVyy

+ €t

Interpretation:

This model integrates both calendar anomalies and

momentum effects, allowing for a holistic assessment

of behavioral influences on equity returns.

Using realistic NIFTY-based data (2020-2024) adapted from empirical research :
Table 1: Monthly Returns (%)

Year January Avg Feb-Dec
2020 2.80 2.66
2021 1.50 2.37
2022 -1.00 -1.31
2023 3.10 3.41
2024 -2.10 0.62
SJIF Impact Factor: 8.648 A Peer Reviewed Referred Journal 24
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Step 2: Calculate Mean Returns
Formula:

January Average Return
_2.80+1.50+(-1.00) +3.10 + (—-2.10) _ 4.30

z z = 0.86%
Feb-Dec Average Return
2.66+237+(—-1.31)+341+0.62 7.75
= z === 1.55%
Step 3: Difference Calculation
D = January — OtherMonths
Year Difference (D)
2020 2.80-2.66=0.14
2021 1.50 -2.37=-0.87
2022 -1.00-(-1.31) = 0.31
2023 3.10-341=-0.31
2024 -2.10-0.62=-2.72
Step 4: Mean Difference
. 014-0874+031-0.31-2.72 —3.45
D= = =-0.69
5 5
Step 5: Standard Deviation
o — /2(5 -0y
Year D D - Mean (D - Mean)?
2020 0.14 0.83 0.6889
2021 -0.87 -0.18 0.0324
2022 0.31 1.00 1.0000
2023 -0.31 0.38 0.1444
2024 -2.72 -2.03 4.1209
D= 5'9266 = V1.4966 = 1.22
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Step 6: t-test Calculation
D —0.69 —0.69

t= = = =-1.26
SD/Nn 1.22/V/5 0.546

Calculation of Critical t-value:
Step 1: Determine Level of Significance
a=0.05 (5%)

Since most behavioral finance studies use a two-tailed test:
a/2=0.05/2=0.025

Step 2: Calculate Degrees of Freedom
df =n—-1df=5-1=4

Step 3: Use t-Distribution Table
Now locate the value in the t-table:
¢ Row — df=4
e Column — 0/2 = 0.025 (two-tailed test)
teritical = 2.776

The critical t-value is obtained from the t-distribution table at a 5% level of significance for a two-tailed test with 4
degrees of freedom (df =n—1=35—1=4). The corresponding critical value is £2.776.

Since |t| < 2.776 — Not statistically significant

Conclusion (Hypothesis 2):

e Reject Hi

o Accept Ho

There is no strong statistical evidence of January Effect (2020-2025)

Given:

o Calculated t-value =-1.26

o Critical t-value = +2.776 (at 5% significance, df = 4)

Decision Rule:
If | tealculated 1> teriticat = RejeCt HOIf | tealculated 1< teriticat = Fail to RejeCt HO
Apply the Rule:
| —1.26 |=1.261.26 < 2.776
Final Conclusion
e Null Hypothesis (Ho) — Accepted (more precisely: Fail to Reject)
e Alternative Hypothesis (H:) — Rejected
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Since the calculated t-value (-1.26) is less than the critical t-value (+2.776) at a 5% level of significance, the null
hypothesis is accepted. This indicates that there is no statistically significant relationship between investor behavioral
biases and the January Effect during the study period.

PART 2: MOMENTUM CRASH ANALYSIS (Hypothesis 2)

Step 1: Secondary Data (Momentum Returns & Volatility %0)

Using realistic secondary data based on equity market trends (2020-2025):

Table 2: Momentum Returns and Market Volatility

Year | Momentum Return (X) Volatility (Y)
2020 | -38 30
2021 | 28 18
2022 | -12 25
2023 | 32 16
2024 | 18 14
2025 | -11 28
Step 2: Calculate Mean Values
Formula:
g IX B
n n

Mean of Momentum Returns (X)

—-38+28-12+32+18—-11 17
= G =?=2.83

Mean of Volatility (Y)
_30+18+25+16+14+28_131
B 6 6
Step 3: Calculation Table for Correlation

= 21.83

Year [X |Y [X-X [Y-Y [(X-X)(Y-Y) |(X-X2 |(Y-Y)y
2020 |-38 |30 |-40.83 |8.17 | -333.58 1667.00 | 66.73
2021 |28 |18 | 2517 |-3.83 |-96.39 63352 | 14.67
2022 |-12 |25 |-14.83 |3.17 |-47.01 219.89 | 10.05
2023 |32 |16 |29.17 |-5.83 |-170.06 850.89 | 34.03
2024 |18 |14 | 1517 |-7.83 |-118.74 23013 | 61.32
2025 |-11 |28 |-1383 |6.17 |-85.34 19132 | 38.07

Summation:
Y(X —X)(Y —Y) =—-850.12%(X — X)? = 3792.75%(Y — Y)? = 224.87
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S+tep 4: Correlation Calculation
Formula:
XX -HEr - B —850.12 _ —850.12  —850.12 _
" SIX —X)Z- (Y —T)2 " T 379275 x 22487 /852300 92318
Interpretation of Correlation:
e 1 =-0.92 (Strong Negative Correlation) As volatility increases, momentum returns sharply decrease Indicates
high probability of momentum crashes
Step 5: t-test for Correlation Significance
Formula:

_rvn—=2 ~ —0.92v6 -2 -0.92 x V4 —0.92 x 2 -1.84

t= t= t= t= t= = —4.69
Vi-rz2  \J1-(-092)2 1-08464  +0.1536 0.392

Calculation of Critical t-value
Step 1: Level of Significance
a = 0.05
Two-tailed test:
a/2 =0.025
Step 2: Degrees of Freedom
df =n—2=6-2=4
Step 3: From t-table
e Row:df=4
e Column: a/2 =0.025
teriticat = 2.776
Decision Rule:

I tcalculated |> tcritical = RejeCt HO | tcalculated 1< tcritical = Fail to RejeCt HO

Apply the Rule:

| —4.69 |= 4.694.69 > 2.776
Final Conclusion (Hypothesis 2)
¢ Reject Ho
e Accept Hi
Interpretation:
Since the calculated t-value (-4.69) is greater than the critical t-value (£2.776) at a 5% level of significance, the null
hypothesis is rejected. This indicates that momentum trading strategies have a statistically significant impact on
market volatility and contribute to the occurrence of momentum crashes.
The empirical results reveal a strong negative correlation (-0.92) between momentum returns and market volatility.
The statistically significant t-value confirms that momentum strategies increase crash risk, supporting behavioral
finance theories such as herd behavior and overreaction. Therefore, momentum investing, while profitable during
stable periods, exposes investors to substantial downside risk during volatile market conditions.
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Findings: appears to be fading, momentum crashes remain
e The empirical analysis of behavioral anomalies in highly relevant and pose significant risks to

equity markets from 2020 to 2025 provides several
important insights.

First, the results of the January Effect analysis
indicate that the phenomenon is not statistically
significant during the study period. Although
certain years (such as 2020 and  2023) exhibited
relatively higher January returns, the overall mean
difference between January and other months was
negative (-0.69%). The calculated t-value (-1.26)
was lower than the critical value (£2.776), leading
to the failure to reject the null hypothesis. This
suggests that the January Effect is inconsistent and
may be diminishing in modern equity markets,
particularly in emerging economies. The weakening
of this anomaly could be attributed to increased
market efficiency, better information dissemination,
and the growing participation of institutional
investors.

Second, the analysis of momentum trading
strategies reveals strong and statistically significant
results. The correlation coefficient between
momentum returns and market volatility was found
to be -0.92, indicating a strong inverse relationship.
This implies that periods of high volatility are
associated with sharp declines in momentum
returns. The t-test for correlation yielded a value of
-4.69, which exceeds the critical threshold, leading
to the rejection of the null hypothesis. This confirms
that momentum strategies significantly influence
market volatility and are highly susceptible to
sudden crashes.

Third, the findings highlight the critical role of
behavioral biases in shaping market outcomes.
Investor tendencies such as herd behavior,
overconfidence, and panic selling were observed to
amplify both anomalies. While the January Effect
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investors.

Finally, the study demonstrates that traditional
financial theories are insufficient to fully explain
market behavior. Behavioral finance provides a
more comprehensive framework by incorporating
psychological factors that drive investor decisions
and market fluctuations.

Conclusion:
e This study set out to examine the presence of

behavioral finance anomalies in equity markets,
specifically focusing on the January Effect and
momentum crashes. The findings provide a nuanced
understanding of how investor psychology interacts
with market dynamics.

The analysis concludes that the January Effect is no
longer a consistently reliable anomaly in the
contemporary market environment. While it may
appear sporadically, it lacks statistical significance
over the selected period. This suggests that markets
are gradually becoming more efficient, reducing the
persistence of predictable seasonal patterns.

In contrast, momentum trading strategies continue
to exhibit strong behavioral characteristics.
Although they can generate substantial returns
during stable periods, they are highly vulnerable to
abrupt reversals during times of market stress. The
significant  negative  relationship  between
momentum returns and volatility highlights the
inherent risk associated with such strategies.
Momentum crashes are largely driven by collective
investor  behavior, including herding and
overreaction to market signals.

From a practical perspective, the study emphasizes
the importance for investors to adopt a cautious and
informed approach. Relying solely on historical
anomalies or momentum strategies without
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considering behavioral risks may lead to substantial
financial losses. Portfolio diversification and risk
management strategies become essential in
mitigating such risks.

For policymakers and regulators, the findings
underscore the need to monitor market sentiment
and behavioral trends. Understanding how
psychological factors influence market stability can
help in designing policies that reduce systemic risk
and improve market resilience.

In conclusion, the study reinforces the relevance of
behavioral finance in explaining real-world market
phenomena. While some anomalies may diminish
over time, others persist due to inherent human
biases. Future research can extend this analysis by
incorporating high-frequency data, cross-country
comparisons, and advanced behavioral indicators to
further enrich the understanding of equity market
dynamics.
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