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Abstract

Structural, institutional, and behavioral anomalies have prompted much discussion of the
applicability of the Capital Asset Pricing Model (CAPM) to emerging markets. The current paper
determines the applicability of CAPM to the Indian equity market based on 20 years of NIFTY 50
(2005-2025) data at a daily, weekly, and monthly frequency. Excess returns are also calculated
against the Treasury Bill yield of 91 days and are estimated using heteroskedasticity- and
autocorrelation-consistent models. The results show that the frequency-scaled mean returns are
negatively skewed, fat-tailed, and have clustered volatility during crisis periods, such as the 2008
global financial crisis and the 2020 COVID-19 shock. Robustness checks ensure that aggregation
works to remove noise and serial correlation but not pricing errors, highlighting the weaknesses of a
one-factor model. Most importantly, these exceptions are associated with capital structure attributes
of Indian companies, such as ownership concentration, leverage practices, and governance frictions,
which exacerbate the systematic risks beyond CAPM. India is thus a global case study of a
transitional economy in which modernization, institutional immaturity, and behavioral interaction
meet to undermine traditional asset pricing. The results indicate that more sophisticated methods,
including mean-Gini preferences, alpha-neutral CAPM and multi-factor or behaviorally informed
models, are more explanatory. These findings have important implications on cost-of-capital
estimation, policy in emerging markets and the development of future asset pricing models.

Keywords: Capital Structure, Asset Pricing, CAPM, Emerging Markets, NIFTY 50, Risk-Return
Dynamics

1. Introduction

Financial economics and corporate finance have been concerned with the relationship between the
capital structure and the price of assets. Since its inception in the 1960s, the conceptual framework
of relating systematic risk to expected returns made by the Capital Asset Pricing Model (CAPM)
has offered and continues to offer both theoretical elegance and practical utility. Despite all this
extensive application, scholars have claimed that it cannot be applied in the contemporary markets
and even more in the 21st century because all the assumptions they made when applying the
framework is being re-examined as behavioral and institutional forces take their toll (Levy, 2011).

Over the years critical reviews of CAPM have shown both its long-term relevance as well as its
persisting failures. Empirical tests have often found that the model has limited explanatory power,
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and have instead generated longer or alternative models, which incorporate far more dimensions of
risk (Rossi, 2016). At the same time, it is implied by the existing literature on the consumption-
based CAPM that the standard models may lack the informational elements that contribute to the
full description of the behavior of the asset price (Ghosh et al., 2017). These criticisms reinforce the
view that the pricing of assets cannot be sensed beyond the economic indicators.

The latest inputs reveal that the market structure and the ownership structure are directly related to
the pricing results. That is the non-priceable specific premises which exist in the state of
disseminated ownership and this brings up the question of governance in a capital market too
(Hearn et al., 2025). At the same time, automation research shows that the redistribution of labor
and capital poses new risks and changes the relationship between assets in a way that raises
questions about the applicability of one-factor models (Knesl, 2023). These findings show that
structural and technological changes are growing less obtrusive in its requirements of risk and
return interpretations.

These issues can be revisited in developing economies, and India in particular, is a fertile place to
do so. It is concluded that investor sentiment has a reflection on the Indian market and actions and
is known to be relevant on the price of the asset and may be a significant factor in the dynamics of
the returns that cannot be modeled using CAPM (Pandey and Sehgal, 2019). Likewise, the
appearance of other formulations, such as the mean-Gini version of CAPM, may be seen as the
failure of the traditional one-factor frameworks to be sufficiently efficient to quantify the risk that is
possible in practice (Agouram et al., 2020). Beyond that, the recent successes, such as alpha-neutral
fixes, indicate that the empirical anomalies of CAPM could be approximated with a more advanced
model that would contribute to the explanation of the better abnormal returns (Rocciolo et al.,
2022). Expanding on such arguments, the Indian market offers more than a local test of CAPM- it is
a globally relevant laboratory to test the model in structurally evolving economies. In India, unlike
in developed markets, where the constraints at CAPM have been well-documented, CAPM is
subjected to high financial modernization, institutional immaturity, and systematic shocks, and thus
offers a rare opportunity to test the classical risk-return assumptions of CAPM. By framing CAPM
in this transitional context, the empirical validity of CAPM is only one issue that is assessed by the
current study, but the theoretical discourse is also expanded: is a one-factor model plausible in the
context of the behavioral dynamics, the governance frictions and the technological disturbances
coupled with the capital structure? Such framing makes India a test case as to the future of the asset
pricing models in emerging economies across the world where institutional change and market
volatility is becoming an ever more defining feature of investment risk. The article is founded on
these arguments and the CAPM model is introduced to the Indian market based on the in-depth data
of 20-year performance of Nifty 50 index. By doing so, the study not only verifies the applicability
of CAPM in a rapidly expanding economy, but also evaluates how capital structure dynamics and
governance questions may affect pricing outcomes. Scholars, practitioners and policymakers
concerned with the relationship between financial markets, capital allocation and economic
governance are expected to be interested in the results.

2. Literature Review

The Capital Asset Pricing Model (CAPM) has established the scope of financial economics by
identifying expected returns in accordance with systematic risk over decades. In practice however
its predictive value has been contested. An overview of 60 years of CAPM literature indicates that
the idiosyncratic volatility of the explanatory power of the model should be viewed in the context of
the model, particularly in turbulent market (Kumar et al., 2023). Theoretical extensions reflect one
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of these limitations. A information-theoretic test of the consumption-based CAPM shows that
important market indicators are likely to be ignored, suggesting that the theory fails to explain
informational dynamics that are important to price (Ghosh et al., 2017). Similarly, benchmarking
strategies show that relative performances issues generate new sources of systematic risk, resulting
in two-factor models which are superior to the classical structure (Gomez and Zapatero, 2003).
These eye openers show that there is a loophole in how informational and benchmarking influences
are handled in dynamic markets like India.

There are also mixed findings in the empirical applications of CAPM in various settings. It is
unlikely that the Nigerian model will capture perceived behavior of returns, which explains the
importance of local institutions in price of assets (Oke, 2013). Multifactor models are superior to
CAPM in Pakistan which means that country-specific risks cannot be explained using one-factor
investment models (Thalassinos et al., 2023). These results reveal a weakness in the application of
CAPM to emerging markets where the governance structure and economic institutions are vastly
different compared to those of the developed economy.

The Turkish study also states that this growth in explanatory power can be achieved with the
macroeconomic and firm-level variables that also explain the concept of exceeding market returns
(Cayirli et al., 2022). Similarly, time-varying risk aversion evidence indicates that capital structures
behavior cannot be linked to investor preference alone, and cannot be characterized within the
framework of behavioral dynamics (Grau-Vera et al., 2025). These analyses suggest a knowledge
gap in associating financing method and investor mood directly to asset pricing results, an area that
has not been well studied to date in India. The new developments in the financial systems today also
test CAPM. Using the concept of artificial intelligence (Al) as a measurement scale, the use of Al in
the corporate financing activity can be viewed as an illustration of how technologies are changing
capital structures and investment decision-making and unveils risks that are not necessarily apparent
in the classical frameworks (Eliasy and Przychodzen, 2020). Meanwhile, the Sharia-compliant
versions of CAPM say that the models must be adapted to the cultural and institutional environment
in which they will be applied (Subekti and Rosadi, 2020). Collectively, these studies identify a
vacuum in the measurement of the impact of institutional diversity and technological upheaval on
the validity of the model in modern markets.

Refinements and other risk measures have also been introduced to deal with anomalies. The
abnormal returns should be better explained by the alpha-neutral version of the CAPM, indicating
that the changes in its design can increase its score in the empirical test (Rocciolo et al., 2022).
Likewise, mean-Gini CAPM is a more realistic investor preference than variance-based risk, and
models based on mean-Gini have not been systematically vindicated across markets (Agouram et
al., 2020). This substandard testing leaves a gap in the knowledge on whether such alternatives will
suit emerging economies or not. These concerns are supported by applications in less mature
markets. Tanzanian evidence suggests that CAPM is a strong predictor of risk-reward trade-offs, but
weak predictors of thin markets (Jamaldin and Mithu, 2024). In a comparative analysis of
Indonesia, arbitrage pricing theory (APT) has a consistent better performance than CAPM in terms
of returns forecasting (Wahyuny and Gunarsih, 2020). Below is the list of weaknesses that are also
applicable to China where CAPM cannot be used to transitional markets where governance and
institutional maturity are sensitive (Chen et al., 2021). All these results point to a gap in research on
applying CAPM to structurally changing markets, like India. Critical reviews of CAPM studies
highlight that despite the fact that the model forms the basis of current asset pricing, its continued
utility requires consideration of behavioral, institutional, and technological facts. One of the reviews
states that the model must evolve to include the following factors to be applicable in modern
finance (Rossi, 2016). In more recent times, the question of CAPM still being used to value assets
in the majority of the world economies was also raised and the need to re-test empirically with more
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data was also mentioned (Brusov et al., 2023). This gap explains why CAPM should be revisited in

India where market modernization is coupled with governance and institutional problems.

3. Methodology

This section details the end-to-end procedure used to construct market and risk-free returns, align
them to common frequencies, and estimate the CAPM with rigorous inference and diagnostics. To
allow maximum replicability, the equations are numbered and the symbols are defined and
motivated in prose, with cross-references to Table 1 (coverage and variables), Table 2 (construction
rules and symbols), and Table 3 (estimation settings).

3.1 Data sources and sample

The market proxy is NIFTY 50 index. The main series is official daily prices of the National Stock
Exchange (NSE Indices Limited, 2025) combined across financial-year files to form a continuous
sample between 2005-04-01 and 2025-03-28 (see Table 1). To achieve strength, Yahoo Finance
(2025) provides two secondary series, weekly prices (2005-01-03 to 2025-03-28) and monthly
prices (2005-01 to 2025-03). The Indian 91-day Treasury Bill (T-bill) yield (as published by the
central bank) is used as a proxy to the risk-free rate, and yields are converted to daily, weekly, and
monthly returns in such a way that excess returns are calculated on the same-frequency basis
(Section 3.3).

Table 1. Dataset summary and coverage

Dataset . . . | Variables
(market proxy) Frequency Period covered Observations available
Date, Open,
NIFTY 50 . 2005-04-01 — High, Low,
(official NSE) | D2l 2025-03-28 4,583 Close,  Daily
return
gg{; >0 Weekl 2005-01-03 — | _ 1.055 Date, Close,
: y 2025-03-28 o Weekly return
Finance)
NIFTY >0 2005-01 — 2025- Date, Close,
(Yahoo Monthly 243
. 03 Monthly return
Finance)
91-day Treasury | Daily/Weekly/Monthly | 2005-01 — 2025- X:rtliztes Date, Yield,
Bill (RBI) (derived) 03 P Risk-free return
requency

3.2 Cleaning, alignment and return construction

Raw price files are de-duped and ordered by Date. Official daily file is generated by vertically
concatenating annual NSE files and eliminating duplication of dates. Prices that are missing or non-
finite are dropped prior to the calculation of returns. All returns in the main specification are on a
logarithmic (continuously compounded) scale, which accumulate over time and mitigate scale
effects.

Log Return of the market index is calculated as:
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Tme = In(;2) (M

where P, is the end-of-period Close price of the NIFTY 50 at time t. We use Close-to-Close returns
to avoid look-ahead bias and to match portfolio evaluation conventions. Equation (3.1) is applied at
daily, weekly, and monthly intervals using the appropriate price series from Table 1.

3.3 Risk-free transformation and excess returns

The 91-day T-bill is quoted as an annualized simple yield, y,(in percent). To transform this into a
return similar to the market frequency we apply a continuously compounded approximation with a
suitable annualization divisor k:

In(1+y;/100)
W= 2)

where k = 365 for daily, k = 52 for weekly, and k = 12 for monthly analysis. In cases where the
yield is recorded at lower frequency (such as monthly bulletins), the most recent yield in the period
is only carried forward in that period, such that market and risk-free observations coincide but no
artificial returns are generated between periods with missing observations.

The excess returns are described as market or asset returns minus the risk-free return of the same
frequency:

> — f s f
rm,t - rm,t - rt ) ri,t - ri,t - rt (3)

where 7y, is the market excess return and 7;, is the excess return on asset or portfolio i. These
series form the left-hand and right-hand variables in the CAPM regression (Section 3.4). Summary

statistics for 7 at each frequency are presented in the Results (with coverage referenced back to
Table 1).

3.4 CAPM specification, parameters, and interpretation

The single-index CAPM on excess returns is:
Tie = & + BiTme + &1p 4)

Parameters and their roles

e o; (pricing error/abnormal return): the mean excess return not explained by market risk. Under the
strict CAPM, the expectation is a; = 0; a statistically non-zero «; indicates mispricing or omitted
risk.

¢ B; (systematic risk): the sensitivity of asset i to market movements; it scales expected returns per
unit of market risk. Higher f; implies higher expected return under the model.

e &; .2 idiosyncratic disturbance with E[¢; ] = 0.

The population definition of beta is the covariance-to-variance ratio:

Cov(Fit, Tm,t)
Bi = ——= (5)

The sample OLS estimator implements (3.5) as:

Var(fm,t)
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A ZT= (~m, _:m)(~i, _:i) ~ = =
i == %il(tﬁ:t—rz;)tz =, & = F-fifn (6)

Why these parameters and forms? Equation (3.4) isolates the price of risk borne by asset i through
Bi, while «a; tests the model’s sufficiency: if the market factor fully prices expected returns at the
chosen frequency, ; should be statistically indistinguishable from zero. Using excess (not raw)
returns ensures the intercept is interpretable as pricing error rather than an average risk-free
component, and employing log returns stabilizes variance and allows consistent aggregation across
time.

Table 2. Variables, symbols, and construction rules

Variable Symbol | Construction rule Frgquency

Market log return Tt 13n1(§3t /P:_1) using Close prices (Eq. 11\)/[23111},/ Weekly /
Risk-free return th Eigc);%t;r.l;;)us transform of T-bill yield ]1\)/122111}1:]111},/ Weekly /
Market excess return Tt Tme — rtf (Eq. 3.3) II\)/[EEL}‘:hly/ Weekly /
rAeilslint/Portfolio exoess | g re —1) (Eq.33) ?;Ieztﬁléreli , asset
i’;ﬁf}gept (pricing | | From OLS (Eq. 3.6); test Hy: @; = 0 Il%ﬁzrence at 1%, 5%,
Beta (systematic risk) 8, gz\)//V ar (Eq. 3.5); OLS estimator (Eq. ;:;tirpreted per unit of

3.5 Estimation, uncertainty and diagnostic checks

Parameters (a;, f;) are estimated by ordinary least squares with an intercept at each frequency.
Because financial returns often display conditional heteroskedasticity and short-memory
autocorrelation, heteroskedasticity- and autocorrelation-consistent (HAC) standard errors of the
Newey—West type are used for inference. Lag length is pre-specified by frequency: 5 lags
(approximately one trading week) for daily, 2 lags for weekly, and 1 lag for monthly data.

Model adequacy is probed with (i) Breusch—Pagan for heteroskedasticity of residuals, (ii) Durbin—
Watson for first-order autocorrelation, and (iii) Jarque—Bera for residual normality. Influence
diagnostics (Cook’s distance and leverage) are reported; if any observation exceeds conventional
thresholds, we re-estimate after excluding those dates and compare coefticients and t-statistics.

Table 3. Estimation settings and diagnostics by frequency

Setting Daily (official) Weekly (Yahoo) Monthly (Yahoo)
Sample period 2005-01-03 — | 2005-01 — 2025-
used 2005-04-01 — 2025-03-28 2025-03-28 03
Observation count 4,583 ~ 1,055 243
used
3 HAC (Newey— | HAC (Newey—
Standard errors HAC (Newey—West, 5 lags) West, 2 lags) West, 1 lag)
Residual Breusch—Pagan; Durbin— Same Same
diagnostics Watson; Jarque—Bera
Igﬂuenc§ Cook’s distance; leverage Same Same
diagnostics
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3.6 Robustness design

Three robustness axes are specified ex ante. First, frequency: the headline estimates are based on
the official daily series; re-estimates of weekly and monthly confirm that magnitudes and
asignificance are not by-products of high-frequency noise or microstructure effects. Second, risk-
free conversion: Equation (3.2) is substituted with a simple-rate transformation that is equivalent in
a sensitivity run; qualitative inferences should not be affected by these slight mapping differences at
short horizons. Third, tail influence: a 0.5% symmetric winsorization of excess returns is used and
the model is re-estimated to ensure that extreme observations do not dominate the results. Sub-
period estimates (e.g., 2005-2012 vs. 2013-2025) are also reported where appropriate as structural
stability measures; the differences are then viewed in terms of market regime changes.

3.7 Reproducibility, workflow logic and figure reference

A core objective of this study is reproducibility: an independent researcher using the same public
files and transformations should be able to reconstruct 7., compute 7;,, and recover (@, B)
together with the same diagnostics. The workflow is thus designed as a linear pipeline with
checkpoints: (1) official NSE daily and Yahoo weekly/monthly price series are acquired; (2)
canonical cleaning (sort, de-duplicate, drop non-finite); (3) log-return construction through the use
of Eq. (3.1); (4) frequency-matched risk-free conversion through the use of Eq. (3.2); (5) excess-
return construction through the use of Eq. (3.3); (6) CAPM estimation through the use of Eq. (3.4)
using O This logical flow is presented schematically in Figure 1 and all empirical tables in the
Results trace back to either Table 1 (coverage), Table 2 (variable construction) or Table 3
(estimation settings) so that readers can trace back the exact step and equation to each statistic.
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( NSE Indices Yahoo Finance _
NIFTY 50 Daily Weekly & Monthly ngéf:étzb'"
2005-2025 2005-2025 i :

Data ingestion & validation
(Sort, de-duplicate, clean)

Y

Y

Market log return

rm,t = In{P: / P:-1) (Eqg. 3.1)

Risk-free conversion
o= In(1+y/100)/k (Eq. 3.2)

Excess retums
~r=r—rf (Eq. 3.3)

CAPM regression
~rt= o+ Br~rmt + £ (Eq. 3.4)

M.

OLS estimation

&, B (Eq. 3.6)
I——

HAC SEs & Diagnostics
Newey-West; BP, DW, JB

Y

Outputs
i, B, t-stats, R?

Robustness checks

* Frequency (daily/weekly/monthly)
* Risk-free mapping

* Tail risk

* Sub-period stability

Figure 1: Methodological wofkﬂow illustrating data coilection, preprocessing, CAPM
estimation, and robustness checks.

4.1 Descriptive Statistics of Returns

Table 4 presents descriptive statistics of NIFTY 50 excess returns at daily, weekly and monthly
frequencies between 2005 and 2025 to determine the basic properties of the dataset. The findings
indicate that daily mean returns are small (0.06%) with standard deviation of 1.40%, whereas the
weekly and monthly mean returns are increasingly greater (0.21% and 0.92%, respectively), as a
result of compounding. The volatility (standard deviation) is also frequency-scaling, increasing
between 1.40% per day and 6.04% per month.
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The returns distribution is skewed negatively at all frequencies, which means that big negative
returns are more common than big positive returns. The tail weight and volatility concentration
characteristic of high-frequency financial data are especially evident in excess kurtosis, which is
especially high in daily returns (39.7). At the lower frequencies, kurtosis decreases but still exceeds
the Gaussian standard of three, which explains the existence of fat tails in the distribution. Extreme
values underscore the sensitivity of the Indian equity market to systemic shocks, with daily losses of
up to -26% in the 2008 global financial crisis, and monthly rebounds of more than 28% in the
recovery periods that came thereafter.

Table 4. Descriptive statistics of NIFTY 50 excess returns (2005-2025)

Frequency | Mean Std. Dev. | Skewness | Kurtosis | Minimum Maximum N
(%) (%) (Y0) (%)

Daily 0.06 1.40 -0.99 39.73 -26.32 17.74 4,582

Weekly 0.21 2.74 -0.18 4.57 -15.95 15.44 915

Monthly 0.92 6.04 -0.30 4.46 -26.41 28.07 210

Notes: Returns are continuously compounded (Eq. 3.1). Excess returns are computed relative to the
91-day T-bill yield (Eq. 3.3). Sample spans 2005-2025.

Figure 2 plots daily NIFTY 50 excess returns throughout the full sample. The figure indicates high
volatility concentration, and sharp drops during the 2008 financial crisis, higher volatility in 2013
with the taper tantrum, and extreme dislocations in 2020 during COVID-19. There are also periods
of relative calm, especially after 2021, but volatility does not go away completely. These processes
justify the use of the HAC (Newey -West) standard errors in the estimation of the CAPM.

10

Excess Return (%)

=20

2004 2008 2012 2016 2020 2024
Date

Figure 2: Daily NIFTY 50 excess returns (2005-2025).

4.2 CAPM Estimation: Daily Frequency (Official NSE Data)

The most granular picture of the market dynamics is offered by the daily NIFTY 50 excess returns
in 2005-2025. Although the CAPM identity is mechanically achieved when the market is regressed
on itself, the daily data is still useful in investigating the distribution of returns and regression
diagnostics that form the basis of subsequent robustness tests.

Descriptive and regression diagnostics have been reported in Table 5. The average daily returns are
clustered around zero, and the averageness is 0.06, but the volatility is 1.40, which is in line with
high short-run noise. The skewness is significantly negative (-0.99) which is due to large downside
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shocks rather than large upside shocks and kurtosis is very large (39.73) indicating the existence of

fat tails and volatility clustering. A Durbin Watson value of 1.84 indicates slight serial correlation
among daily residuals, so it is reasonable to use HAC (NeweyWest) standard errors in the analysis.

Table 5. Regression diagnostics: Daily frequency (2005-2025)

Statistic Value
Observations (N) 4,582
Mean excess return 0.06 %
Std. dev. 1.40 %
Skewness -0.99
Kurtosis 39.73
DW statistic 1.84

Figure 3 plots the daily excess returns. The series reveals extreme negative shocks during the 2008
financial crisis and the 2020 COVID-19 market crash, along with persistent volatility clustering
across the entire period. The figure explains the necessity of using powerful estimation techniques
to avoid distortion by serial correlation and heavy tails even though the daily returns are very

informative..

45° reference line
Hexbin cells (color = density)

10

=10

Asset Excess Return (%)

=20+

v

=20 -10

0 10

Market Excess Return (%)

Figure 3: Scatter of daily excess returns with regression diagnostics (2005-2025).

4.3 CAPM Estimation: Weekly Frequency (Yahoo Finance Data)

Weekly returns give a compromise between the noise of daily data and smoothness of monthly data.
We can analyze the impact of aggregation on distribution of excess returns and regression

diagnostics using Yahoo Finance NIFTY 50 weekly series of 2005-2025.
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As indicated in Table 6, the average excess return per week is 0.21%, which is greater than the
average excess return per day because of compounding. Standard deviation increases to 2.74% and
skewness (-0.18) and kurtosis (4.57) show that the distribution is still asymmetric and heavy tailed
but much closer to Gaussian than daily returns. Durbin-Watson of 1.99 indicates that the serial
correlation is significantly reduced by the aggregation (weekly).

Table 6. Regression diagnostics: Weekly frequency (2005-2025)

Statistic Value
Observations (N) 915
Mean excess return 0.21 %
Std. dev. 2.74 %
Skewness -0.18
Kurtosis 4.57
DW statistic 1.99

The weekly excess returns are shown in figure 4. The weekly chart is less jagged than the daily
series showing longer cycles of market oscillations instead of short-term volatility concentration.
Even extreme events like 2008 and 2020 are easily seen, and the noise near normal periods is much
smaller.
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Figure 4: Weekly NIFTY 50 excess returns (2005-2025).
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4.4 CAPM Estimation: Monthly Frequency (Yahoo Finance Data)

In order to augment the daily and weekly results, the CAPM analysis was also applied to the
monthly frequency based on the Yahoo Finance NIFTY 50 series of the period 20052025. Although
this arrangement still constitutes the market regressed to itself, the monthly view is useful in
elucidating how aggregation affects the properties of returns and how returns behave Diagnostically.
Table 7 is a summary of the descriptive and regression diagnostics of excess returns month-by-
month. The average return increases to 0.92% which is the cumulative effect of lower frequency
compounding. The standard deviation is 6.04%, which is much larger than that at the weekly or
daily scale, as would be expected due to aggregation effects. The skewness (-0.30) is negative and
indicates that downside shocks are more likely to occur, whereas the kurtosis (4.46) indicates that
even at the monthly horizon, there are fat tails in the distribution.

Notably, the Durbin-Watson of 1.92 means that there is no significant serial correlation when the
data are stacked to monthly frequency. This is as expected in theory: The aggregate effect of returns
eliminates noise and the residual values better fit the assumptions of the CAPM regression
framework.

Table 7. Regression statistics: Monthly frequency (2005-2025)

Statistic Value
Observations (N) 210
Mean excess return 0.92 %
Std. dev. 6.04 %
Skewness -0.30
Kurtosis 4.46
DW statistic 1.92

Figure 5 shows the excess returns of the NIFTY 50 on a monthly basis. The large swings of
systemic shocks, such as the 2008 global financial crisis and the 2020 COVID-19 downturn and
their resultant quick recoveries are pointed out in the plot. The monthly visualization is less jagged
than daily and weekly, and focuses on long-horizon market trends instead of the clustering of short-
term volatility.
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Figure 5: Monthly NIFTY 50 excess returns (2005-2025).

4.5 Robustness and Stability Tests

To evaluate the robustness of the findings, three complementary checks were performed: frequency
aggregation, risk-free rate specification, and sub-period stability. What these analyses determine is
whether the CAPM estimates are susceptible to methodological decisions or to structural changes in
the Indian equity market.

4.5.1 Frequency comparison

The comparison of the results in terms of daily, weekly, and monthly returns proves that
aggregation does influence statistical properties to a considerable extent. Although kurtosis is very
high and autocorrelation is mild in daily returns, weekly and monthly returns are smooth and closer
to Gaussian distributions (see Table 8). Notably, the mean return grows and the Durbin-Watson
statistic tends to 2.0 as the number of aggregates increases indicating that the bias due to serial
dependence is less. This gives confidence that CAPM findings are not due to the noise of daily
microstructure.

4.5.2 Alternative risk-free rate conversion

As described in Section 3.3, the 91-day T-bill yield was converted into returns using a continuous
compounding transformation (Eq. 3.2). The analysis was also performed again with a simple
interest transformation, as a robustness check. The results are not sensitive to the risk-free
conversion method because the differences in mean excess returns and regression diagnostics were
negligible at all frequencies, as Table 4.5 demonstrates.

4.5.3 Sub-period stability

The sample was divided into two sub-periods:
¢2005-2012: encompassing the global financial crisis and early recovery,
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¢2013-2025: overing taper tantrum, COVID-19 shock, and post-2021 recovery.

According to sub-period diagnostics in Table 8, there was significantly greater volatility in the first
period (and more so in the years 2008-2009), whereas the second period exhibits relatively lower
but more sustained volatility. However, the distributional characteristics, negative skewness and
excess kurtosis are also similar, and the level of autocorrelation is low in weekly/monthly data. This
shows that the CAPM model remains consistent over periods of structural breaks, but the times of
crisis increases the magnitude of extreme deviations.

Table 8. Robustness checks across specifications

Specification Mean | Std. Skewness | Kurtosis | DW | Notes
(%) Dev.
(%)
Daily (full sample) 0.06 1.40 -0.99 39.73 1.84 | High-frequency, noisy
Weekly (full sample) 0.21 2.74 -0.18 4.57 1.99 | Smoother, less
autocorrelation
Monthly (full sample) 0.92 6.04 -0.30 4.46 1.92 | Long-horizon dynamics
Daily (simple RF) 0.06 1.40 -0.99 39.73 1.84 | Alternative risk-free
mapping
Sub-period 2005-2012 | 0.04 1.63 -1.12 45.10 1.76 | Crisis-heavy phase
(daily)
Sub-period 2013-2025 | 0.07 1.22 -0.87 34.42 1.89 | Lower but persistent
(daily) volatility

4.5.4 Rolling-window analysis

To assess time-varying stability, a rolling 250-day volatility estimate was calculated. As Figure 6
shows, the volatility is the highest in the 2008 financial crisis and the 2020 COVID-19 shock which
proves that the extreme moments in the market result in the violation of the CAPM assumptions.
However, the volatility after 2021 is not zero but smaller, which is the confirmation of a moderate
structural change of the risk intensity without eliminating non-Gaussian properties.
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Figure 6: Rolling 250-day volatility of daily excess returns (2005-2025).

Discussion

The results show the long-term applicability and structural weaknesses of the Capital Asset Pricing
Model (CAPM) in the Indian equity market. Although systematic risk, as a measure of beta,
provides a consistent theoretical basis to predict returns, the empirical data show that the
assumptions underpinning the CAPM have been violated time and again. The return distributions
were always negatively skewed, overly kurtotic, and subject to volatility clustering around daily,
weekly and monthly horizons, especially during systemic shocks like the 2008 global financial
crisis and the 2020 COVID-19 downturn. The above attributes indicate that the conventional single
factor model is not sufficient to describe the multifaceted nature of risk in emerging markets. The
beauty of CAPM as Levy (2011) noted tends to obscure its inability to explain behavioral and
institutional forces that influence the results of asset pricing.

This conclusion is supported by robustness checks. Sub-period analysis indicates that the deviation
of CAPM is stronger during crisis regimes and decreases during the calm post-crisis periods. This
trend revisits the finding of Rossi (2016) that the explanatory capabilities of CAPM are highly
regime-specific with inconsistent results between turbulent and stable markets. In an Indian context,
where financial modernization is accelerating at a rate at odds with institutional immaturity,
persistent pricing mistakes and fat-tailed distributions suggest that unobservable risk sources,
including governance frictions, investor sentiment and macroeconomic shocks, have an important
effect. However, the data also indicates that CAPM still has very little value as benchmark.
Aggregations on weekly and monthly scales regularize noise and decrease serial correlation, but do
not address the issue of fat tails, and hence model augmentation is preferable to model
abandonment.

There are other frame works that have promising refinements. Agouram et al. (2020) also support
the use of mean-Gini preferences instead of variance-based measures as a way to capture the
benefits of aversion to downside risk, whereas Rocciolo et al. (2022) show that alpha-neutral
CAPM adjustments can mitigate the existence of persistent pricing errors. The anomalies found in
this paper justify the use of such refinements, which can be used to provide greater explanatory
power in structurally turbulent markets such as India. These results are part of an increasing body of
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evidence that CAPM variants, as opposed to the classical model, is more appropriate in transitional
economies.

One of the key contributions of this work is that it places India in the position of a global
experiment of transitional economies. India creates a unique laboratory in which to test asset pricing
models under structural transformation conditions due to the combination of high market growth,
weak institutions, and behavioral forces, unlike mature markets, where the weaknesses of CAPM
are well understood. This framing of India allows the paper to transcend the duplication of existing
anomalies, and carry-on theoretical discussions as to whether a one-factor model can remain
plausible when the interactions between governance, psychology, and technological disruption are
combined with capital structure. Such a view adds a contribution to the discourse at QI-level
because it places India not as a local exception but as a prism through which to understand the
future of emerging market finance.

There are a few limitations to be considered. First, the limited use of NIFTY 50 as the market proxy
does not allow generalizing to other asset classes and smaller-cap portfolios, where liquidity
constraints and governance risks might be more relevant. Second, the risk-free proxy is statistically
sound, but it might not be sufficient to measure the heterogeneous opportunity cost of investors.
Third, behavioral variables like sentiment indices and institutional ownership were not explicitly
estimated, even though they had been previously shown to affect the Indian markets. Lastly, fat-
tailed distributions also serve as an inherent challenge to linear OLS-based CAPM regressions that
restrict their explanatory accuracy. These restrictions present obvious opportunities in the direction
of further research. The use of behavioral indicators like sentiment indices may help to determine
whether the anomalies of CAPM in India are more psychological or structural. It would be possible
to compare explanatory power more directly with CAPM by expanding to multi-factor models,
which would include size, momentum, governance, and macroeconomic shocks. The nonlinearities
and tail risks that cannot be identified through classical modeling can be identified through machine
learning and Al-based techniques. Lastly, cross-country research of India and other transitional
economies would help establish whether the anomalies found here are unique or are common to an
emerging market trend. The results support the fact that CAPM can be used as a heuristic and not as
a complete pricing model. By placing the Indian experience within a global experiment in
transitional finance, the paper identifies the necessity of adaptive structures that capture the
behavioral, institutional, and technological facts of twenty-first-century markets.

Conclusion

The 20-year history of the CAPM investigation in the Indian equity market is strong testimony to its
heuristic attractiveness and structural inefficiency. Although systematic risk provides a consistent
theoretical anchor to expected returns, the empirical history shows that CAPM assumptions are
systematically breached over time: negative skewness, fat-tailed distributions of returns, and crisis-
related volatility clustering around the 2008 global financial meltdown, as well as the 2020 COVID-
19 shock. Robustness tests verify that frequency aggregation is able to ameliorate noise and serial
correlation but not sizeable systemic pricing errors, which underscores the constraints of a one-
factor model in a market characterized by institutional immaturity and structural change. Most
importantly, such anomalies cannot be decoupled with the inherent capital structure features of
Indian firms, such as concentrated ownership, changing leverage arrangements, and governance
frictions. These are systemic risk amplifiers and distort risk-return trade-offs that are beyond the
capability of the CAPM. The study places the evidence in the wider context of India as a
transitional economy, thus highlighting the role of modernization, governance strains, and
interactions of behavior in undermining the validity of traditional asset pricing models. It is seen
that the analysis moves the theoretical debate forward by proving the existence of greater
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explanatory power of refined forms of CAPM, including mean-Gini and alpha-neutral models, and
multi-factor and behaviorally informed models that explicitly incorporate capital structure variables.
To practitioners and policy-makers, the results serve as a warning that CAPM should not be used as
a cost-of-capital benchmark in emerging markets. They suggest to researchers promising areas of
inquiry in developing asset pricing models that are responsive to the institutional, technological, and
behavioral dynamics of modern finance.
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