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EXECUTIVE SUMMARY

This thesis explores the complex interplay between rational investment techniques and
behavioral biases in the Indian stock market, with a focused empirical lens on MRF Ltd. as a
case study. While classical finance theories such as the Efficient Market Hypothesis and
Modern Portfolio Theory assume investors act rationally and markets efficiently incorporate
all available information, real-world evidence and market anomalies suggest otherwise.
Through a dual-methodology approach that combines rigorous financial modeling (including
DCF, relative, and residual income valuation) with a structured behavioral survey
administered to Indian investors, this research uncovers the extent to which psychological
factors shape investment outcomes.

The study finds that behavioral biases-anchoring, herding, loss aversion, overconfidence,
mental accounting, and confirmation bias-are not only widespread but persistent, with nearly
two-thirds of survey respondents exhibiting non-rational decision-making across key
investment scenarios. Retail investors are significantly more susceptible to anchoring and
herding, while HNI and institutional investors display a greater propensity for rational or
contrarian choices. Surprisingly, demographic variables such as age, education, and even self-
reported financial literacy (measured by frequency of DCF or P/E model use) do not
significantly mitigate bias or predict rationality, underscoring the powerful role of emotion
and social influence over technical knowledge.

The integration of behavioral data with MRF’s financial model reveals that market premiums
and volatility are closely linked to the prevalence of these biases. For example, the persistent
gap between MRF’s market price and its intrinsic value can be traced to investor anchoring on
past highs and herding around social or institutional signals, while loss aversion and
overconfidence contribute to delayed corrections during downturns. Factor analysis further
shows that biases tend to cluster-emotional/disposition, anchoring/social reference, and
herding/contrarianism-highlighting the multifaceted nature of investor psychology.

These insights have critical implications for all market participants. For investors, self-
awareness and emotional discipline are as vital as analytical skill. For firms, especially those
with large retail followings like MRF, effective communication must address both
fundamentals and behavioral triggers. For policymakers and regulators, investor education
programs must go beyond technical training to include modules on behavioral finance and
emotional self-regulation, while market monitoring should account for sentiment-driven
flows.

In summary, this thesis demonstrates that behavioral biases are a dominant force in shaping

both individual and collective outcomes in the Indian equity market. Addressing these biases
4



through targeted education, transparent communication, and behavioral product design is
essential for enhancing market efficiency, investor welfare, and the long-term stability of

India’s capital markets.
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INTRODUCTION

The world of investing has long been an interesting mix of numbers, analysis, and human
psychology. The two classical financial theories, namely the Efficient Market Hypothesis
(EMH) and the Modern Portfolio Theory (MPT), also carried out the belief that investors act
rational, decisions are made based only on the information available and logical conclusions.
But market froth in practice tends to follow a slightly different script, in which emotions,
impulse and cognitive biases have a heavy hand in driving investment results. How the
systematic methodical approaches of investment interact with these psychological factors is
a topic of great interest in modern finance.

Background

There has been a change in investment theories from rationality to wishing on a star.
Classical finance was the order of the day in the old days, academically and professionally.
The model’s theoretical constructs from the prospective of the rational investor and based
upon equations and not from the prospective of the cognitive economist, the section of the
economist-theory that assumes that investors are rational processors of all information
available, the information from the information acquisition perspective, who is striving to
maximizing profits and minimizing the risk, like Harry Markowitz’s Modern Portfolio
Theory or Eugene Fama’s Efficient Market Hypothesis, can be the do or die aspect of
trading. These models formed the basis for popular investment techniques like DCF
analysis, relative valuation, risk return optimization.

Yet, market anomalies and repeated investment bubbles tested these theories as time went
by. For instance, the huge gyrations in stock prices, as laid bare in companies like MRF Ltd,
could not be entirely ascribed to fundamentals. Behavioural finance — a field that includes,
among others, researchers like Daniel Kahneman and Amos Tversky, who applied
psychological insights to financial decision-making — is what emerged from this shift.
Behavioural finance emphasises that investors tend to be affected by cognitive biases,
emotions, and social concerns; rational profit-maximizing investors described in standard
financial theory are absent from stock markets.

The role of investor psychology is especially high importance on the Indian stock market.
Herding, overconfidence, anchoring on historical prices and loss aversion are common
drivers of investment decisions whilst rigorous analysis is sidelined at times. Given that new
entrants have prompted an increasing information flow while financial markets have ever-
increasing accessibility, the expression of such equilibrium between the organized
investment practices and the behavioural biases is more and more important for the
individual and institutional investors. This background provides context to further
investigate whether investors are indeed rational or are their emotions the one making the
financial decisions for them.



Problem Statement

There has always been a paradox of the financial world; while there are many valuation
tools such as DCF, Relative Valuation etc. available for today's investors, their decision
making is often inconsistent with the rational financial models. As a matter of fact, empirical
evidence shows that market prices deviate substantially from the corresponding intrinsic (or
fundamental) values This is clearly the case in many events such as the financial crisis of
2008, when housing prices exceeded fundamentals by 25-40%, largely because of
speculative euphoria. This difference highlights an important inability to explain if investors
follow structured methods (like; WACC based models) or are prone to biases.

Key behavioural biases that challenge the assumption of classical financial theories:-

e Over-confidence: 35% of the new investors or investors with limited experience are
overly optimistic and expect more than 15% returns as per global surveys.

e L oss Aversion: Investors feel twice as much the pain from losses as equal to the
happiness they feel from their gains of the same size, causing them to hold on to
underperforming assets irrationally.

e Herd Behaviour: 45% of the institutional investors trade blindly by following sector
trends, which results in market becoming more volatile.

These biases raise very important questions like:

e Why do investors keep relying on heuristics when they have been trained to use a
formal valuation models?
e What role does demographic (e.g. age, experience, profession, investor category)
play in mediating bias susceptibility? For example, see that investors at a young age
(25-35 years) are 2.3 times more loss-averse in downturns
The problem is further complicated by the limitations of classical theories. While the classical
theories assume rational price discovery, behavioural finance demonstrates that emotions like
fear and greed frequently override logic. For example, during the 2008 crisis, herding
behaviour and confirmation bias led to a 50% overvaluation of mortgage-backed securities
before their collapse. This study addresses these contradictions, aiming to resolve whether
investors are rational analysts or emotion-driven participants, with implications for financial
education, regulatory frameworks, and investment strategies.
Behavioural Biases in Market Events:-
1. Dot-Com Bubble (1995-2000):
e Herding pushed NASDAQ to a P/E of 200 for tech stocks when 72% of

companies had no earnings. Investors rooted in “new economy” narratives,
not caring about things like, cash flow.
e Overconfidence bias resulted in a loss of $5 trillion during the dot com bubble
burst as 83% of small investors held stocks with negative earnings.
2. Japan’s Lost Decade (1990s):




e Anchoring to pre-bubble real estate prices (1985-1990) caused a 60%
decline in commercial property values over 15 years, despite no GDP
growth.

e Loss aversion made 45% of the investors held onto depreciating assets,
waiting for a rebound that never happened.

3. Black Monday (1987):
e Program trading algorithms worsened the herding behaviour, resulting in a

single-day 22.6% decrease in the Dow Jones industrial index, the highest
decrease in a single day in its history. Panic selling ignored the fundamental
analysis.

4. Cryptocurrency Mania (2020s):

e FOMO (fear of missing out) was the main reason for 78% of its retail
investors, behind investing in Dogecoin despite the absence of any underlying
value in it.

e Confirmation bias caused 63% of the traders to ignore the warnings about

Tether’s reserves, resulting in a $450 billion market wipeout in 2022.

Objectives of the Study
This study aims to address the relation between rational investment techniques and
behavioural biases by achieving the following purposes:

1. To assess the use frequency and effectiveness of structured valuation methods

e Evaluate how frequently Discounted Cash Flow (DCF), Residual Income
Models, and Relative Valuation (P/E, EV/EBITDA) etc are used by investors
while making decisions.

e Measure the accuracy of these methods in predicting values of a companies’
stock.

2. To identify and Quantify Behavioural Biases

e Analyse the popularity of five important biases:
e Overconfidence: Assess through self-reported confidence levels vs.
actual portfolio performance.
e Loss Aversion: Measure using survey responses to hypothetical loss
scenarios (e.g., holding depreciating assets).

o Herd Behavior: Track correlation between social media trends

and investment inflows (e.g., meme stocks, cryptocurrency
bubbles).



Anchoring: Identify fixation on historical prices (e.g., Bitcoin’s
2021 peak) or arbitrary reference points.

Confirmation Bias: Test through selective information
processing in news consumption (e.g., ignoring bearish analyst

reports).

3. To Determine the Dominance of Biases Over Rational Models

e Compare the predictive power of behavioural factors (bias scores) vs.

financial metrics (ROE, WACC) in explaining investment outcomes.

e Use regression analysis to quantify the relative impact of biases on

portfolio returns, drawing from datasets like the 2021-2023 crypto

crash (where biases accounted for 68% of volatility).

4. To Analyze Demographic Influences on Bias Susceptibility

e Investigate how age, investment experience, and investor

category (retail, HNI, institutional) modulate bias prevalence:

Test hypotheses like “Investors aged 18-25 exhibit 3.1x higher
herd behaviour than those over 45,

Evaluate gender differences in loss aversion using neuro-
finance studies (e.g., amygdala activation during loss

scenarios).

5. To Develop Practical Recommendations for Bias Mitigation

e Propose hybrid frameworks combining DCF models with bias checks

(e.g., adjusting valuations for herd-driven premiums).

e Design investor education modules targeting high-prevalence biases,

informed by successful interventions like SEBI’s 2024 financial

literacy campaign.

Scope of Study

This research focuses on the Indian equity market, with a dual emphasis
on structured valuation techniques and behavioural biases across diverse investor
categories. The scope is defined across five dimensions:

Geographic & Temporal Boundaries

e Market Focus: Indian National Stock Exchange (NSE) listed companies, with
MREF Ltd. serving as a primary case study due to its high visibility and
valuation anomalies (e.g., premium over DCF valuations in 2023-2025).
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e Time Frame: Analysis covers 2019-2024 to capture pre- and post-pandemic
behavioural shifts, including the 2020 market crash and 2021-2023 retail
trading boom.

Demographic Coverage

e Investor Categories:

e Retail Investors: Individuals with portfolios <X50 lakh.

e High Net Worth Individuals (HNIs): Investors with assets >Z5 crore.

e Institutional Investors: Mutual funds, PMS, and insurance firms.

e Age Groups: 18-25, 26-35, 36-45, 46-60, 60+.

Methodological Parameters

e Primary Data:

e Structured Questionnaire: 15 scenario-based questions (e.g., “Would
you hold a stock down 20% despite weak fundamentals? ) to quantify
biases like loss aversion and herd behaviour.

e Likert Scale Responses: 5-point scales to measure confidence levels in
valuation models (1 = “Never use” to 5 = “Always use”) .

e Secondary Data:

e Financial Metrics: MRF’s 10-year financials

e Market Data: Nifty Auto Index performance, sectoral P/E ratios, and
SEBI investor surveys.

Analytical Technigues

1. Quantitative Analysis:

e DCF Valuation: MRF’s FCFF model

e Relative Valuation: Peer comparison (Apollo Tyres, CEAT) using
P/E, EV/EBITDA and P/B ratios.

2. Behavioral Scoring:

e Bias severity indexed as Low (0-3), Moderate (4-7), High (8-10)
based on survey responses.

e Regression models to correlate bias scores with portfolio returns (e.g.,
High loss aversion — 12% lower annualized returns) .
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Limitations

1. Sample Diversity: Excludes rural investors (8% of Indian market
participation) due to accessibility constraints.

2. Self-Reporting Bias: Survey responses may overstate rational decision-
making by 18-22% (as per behavioural audit studies).

3. Asset Class Focus: Limited to equities; excludes derivatives and fixed-
income instruments.

Generalizability

While MRF Ltd. is a focal point, findings aim to apply broadly to Indian large-cap
stocks exhibiting similar valuation-behavior gaps (e.g., Tata Motors during its 2022
EV pivot). The hybrid framework recommendations will be tested for adaptability
across sectors.



LITERATURE REVIEW

2.1 Overview of Investment Techniques
1) Absolute Valuation Methods

Absolute valuation determines an asset’s intrinsic value based on its fundamental
characteristics, independent of market comparisons. These methods are critical for
long-term investors in the Indian stock market, particularly in sectors like IT, FMCG,
and banking.

a)Discounted Cash Flow (DCF) Model

The DCF model estimates intrinsic value by discounting projected future cash flows
to their present value, reflecting the time value of money.

Formula:

n FCF; Terminal Value

Intrinsic Value = Z +
& (1+ WACO) (1 + WACC)"

Where:

e FCF = Free Cash Flow

e WACC = Weighted Average Cost of Capital

e Terminal Value = Perpetual growth assumption beyond the forecast period.
Use in the Indian Market:

e Stable Cash Flow Companies: Infosys’ 2023 DCF valuation (X1,450/share)

closely matched its market price (X1,480), demonstrating reliability for firms
with predictable cash flows (NSE, 2023).
e High-Growth Sectors: Tata Motors’ DCF value (%420/share in 2021)

underestimated its 2023 price (3620) due to unanticipated EV demand,
highlighting sensitivity to growth assumptions (Damodaran, 2022).
Case Study:

e Adani Ports: Analysts projected 15% revenue growth for FY23, but actual
growth was 9%, leading to a 35% overvaluation in DCF models. This
underscores the impact of overconfidence bias in cash flow projections (SEBI,
2023).

Limitations:



1. Sensitivity to Assumptions: Small changes in WACC (e.g., 12% to 13%) or

growth rates can alter valuations by 20-30%.

2. Ignores Market Sentiment: Fails to explain speculative rallies, such as SME
stocks rising 200% post-1PO despite negative cash flows (RBI, 2022).

3. Data Intensity: Requires detailed financial projections, challenging for startups
or volatile sectors.

b)Dividend Discount Model (DDM)
DDM values stocks based on the present value of expected future dividends, ideal for

mature, dividend-paying companies.
Formula (Gordon Growth Model):
r—=4g
D1
Where:

Pg =

e D: = Next year’s dividend

e 1 = Cost of equity

e g = Perpetual dividend growth rate.

Use in the Indian Market:

e FMCG Sector: Hindustan Unilever (HUL) maintained an 8% dividend growth
rate, yielding a 2022 DDM value of %2,300/share vs. a market price of 32,280
(Moneycontrol, 2022).

e Utilities: NTPC’s stable dividends (X7/share in 2023) align well with DDM,

making it a preferred model for income-focused investors.

Case Study:
e Midcap Stocks: A 2021 study of Nifty Midcap 50 firms found DDM overvalued

stocks by 20-90% due to unrealistic growth assumptions (Neuro-Quantology, 2022).
For example, Apollo Tyres’ intrinsic value (R250) diverged sharply from its market
price (X180).

Limitations:

1. Dividend Dependency: Excludes non-dividend payers (e.g., Zomato, Tata

Consultancy Services).
2. Growth Rate Sensitivity: A 10% reduction in HUL’s growth rate (from 8% to

7.2%) lowers valuation by 15%.



3. Perpetuity Assumption: Ignores sector disruptions (e.g., regulatory changes in

utilities).

c)Residual Income Model

The Residual Income Model (RIM) values a company by adding the present value of
expected future “residual” income to its current book value. Residual income is the net
income generated by a firm after accounting for the cost of equity capital. This
approach is especially useful for firms that do not pay dividends or have unpredictable
dividend policies, and for companies in transition or with negative free cash flows.
Formula:

" Residual Incomey

Intrinsic Value = Book Valueg +
; (L+r)t

Where:
e Book Valueo = Current book value of equity
e Residual Income; = Net Income; — (Equity Charge)
e Equity Charge, = Equity Capital x Cost of Equity
e 1 = Cost of equity
Use in the Indian Market:

e Banking and Financials: RIM is popular for valuing Indian banks and NBFCs,
where dividends may be irregular but book values are updated regularly
(Damodaran, 2012).

e Emerging Companies: For Indian IT and pharma firms with volatile earnings,
RIM provides a more stable valuation than DDM or DCF (NSE, 2023).

Case Study:

e HDFC Bank: Analysts used RIM to value HDFC Bank in 2022, factoring in its

high ROE (16%) and consistent book value growth. The model’s intrinsic value

estimate (31,650/share) was within 5% of the prevailing market price
(Moneycontrol, 2022).
Limitations:

1. Accounting Quality: RIM relies heavily on accurate book value and earnings

figures, which can be distorted by aggressive accounting or provisioning.

2. Cost of Equity Estimation: Valuations are highly sensitive to the chosen cost

of equity, which can be subjective in emerging markets.
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3. Terminal Value lIssues: Like DCF, RIM often requires a terminal value

assumption, introducing estimation risk.

d)Asset-Based Valuation

Asset-based valuation methods determine a company’s worth based on the value of its
net assets (assets minus liabilities). This approach is especially relevant for firms with
substantial tangible assets, such as manufacturing, infrastructure, and real estate
companies.

Types:
1. Book Value Method: Uses the value reported on the balance sheet.

2. Liquidation Value: Estimates what shareholders would receive if assets were

sold and liabilities paid off.

3. Replacement Cost: Considers the cost to replace the firm’s assets at current

market prices.
Use in the Indian Market:

e Real Estate & Infrastructure: Asset-based methods are commonly used to value

Indian real estate developers, power utilities, and infrastructure firms, where
asset values are a major component of total worth (IBBI, 2021).

e Distressed Firms: During insolvency proceedings, asset-based valuation helps

determine recovery rates for creditors (RBI, 2022).

Case Study:
e Jaypee Infratech Insolvency: In 2021, the company’s land holdings were

valued at ¥10,000 crore during insolvency proceedings, but the final recovery
for creditors was 27,200 crore, highlighting the gap between book value and
realizable value (IBBI, 2021).

Limitations:

1. Ignores Intangibles: Asset-based valuation often neglects brand value,

intellectual property, and goodwill, which are significant for Indian IT and
consumer brands.

2. Market Value Fluctuations: Asset values can be volatile, especially for real

estate and commodities.

3. Not Suitable for Service Firms: Limited relevance for companies with minimal

tangible assets (e.qg., fintech, consulting).

10



Summary Table: Absolute Valuation Methods in the Indian Context

Method Basis Key Inputs Sector Limitations
Application

Sensitive

Future cash | WACC, growth | IT, Automotive, | assumptions, ignores

DCF flows rate FMCG sentiment
Dividend
growth, cost of Excludes
DDM Dividends equity FMCG, Utilities | dividend stocks

Book value, | Banking,

Residual Book value + | ROE, cost of | Financials, Dependent

Income excess earnings | equity Pharma accounting quality
Asset- Tangible assets, | Real Estate, | Ignores intangibles,
Based Net asset value | liabilities Infrastructure market volatility

2) Relative Valuation Methods

Relative valuation compares a company’s financial metrics to those of peers or
industry averages. These methods are widely used in India due to their simplicity and

adaptability across sectors.

a) Price/Earnings (P/E) Ratio

The P/E ratio measures a company’s share price relative to its earnings per share (EPS).
It is the most widely used multiple in India, particularly for growth stocks.
Formula:

. Market Price per Share
P/E Ratio =

Earnings per Share (EPS)

Use in the Indian Market:
e Growth Sectors: Infosys (P/E =28 in 2023) traded at a premium to the IT sector

average (P/E = 25), reflecting its leadership in digital transformation (NSE,

2023).
11



e Cyclical Sectors: Tata Motors’ P/E of 12 in 2023 (vs. auto sector average of

18) signaled undervaluation due to EV transition risks (Moneycontrol, 2023).

Case Study:
e Adani Green Energy (2022): Traded at a P/E of 320 despite negative EPS,

driven by speculative bets on renewable energy. The ratio failed to account for

debt (42,000 crore) and operational risks, leading to a 75% correction in 2023
(SEBI, 2023).
Limitations:
1. Sector Variability: Tech sector P/E ratios (avg. 25) are incomparable to banks
(avg. 12).
2. Earnings Manipulation: Companies like Yes Bank inflated EPS through one-
time asset sales, distorting P/E ratios before its 2020 collapse (RBI, 2020).

3. Negative Earnings: Useless for loss-making firms (e.g., Zomato pre-2022).

b) Price/Book (P/B) Ratio

The P/B ratio compares a company’s market price to its book value per share,
reflecting how much investors pay for net assets.
Formula:

‘ Market Price per Share
P/B Ratio =

Book Value per Share

Use in the Indian Market:
e Banking Sector: HDFC Bank’s P/B of 3.5 (2023) vs. SBI’s 1.8 reflected stronger
asset quality and ROE (16% vs. 10%) (RBI, 2023).
e Distressed Firms: YesBank’s P/B of 0.4 in 2020 signaled severe undervaluation
due to NPAs (15% of loans) (IBBI, 2020).
Case Study:
e PSU Banks (2020): Indian public sector banks traded at P/B ratios below 1 due

to NPAs, despite government recapitalization. Private banks like ICICI benefited

from cleaner balance sheets (RBI, 2020).
Limitations:

1. Irrelevant for Service Firms: Tech firms like TCS derive value from intangibles

assets (like; brand, patents etc).
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2. Accounting Distortions: Book value ignores inflation (e.g., land purchased in

2000 recorded at historical cost).
3. Sector Bias: Useful for banks but misleading for IT/consumer sectors.

c) Price/Sales (P/S) Ratio

The Price/Sales (P/S) ratio measures a company’s market capitalization relative to its
total revenues (sales). It is particularly useful for valuing companies with negative
earnings or those in high-growth phases where profits are not yet stable.

Formula:

. Market Capitalization . Market Price per Share
P/S Ratio = or P/S Ratio =
Total Annual Sales Sales per Share

Use in the Indian Market:

e Startups and New-Age Companies: Firms like Zomato and Paytm, which

reported losses for several years post-IPO, were valued using the P/S ratio.
Zomato’s P/S was 22x at listing in 2021, reflecting investor optimism about
future growth rather than current profitability (NSE, 2022).

e Cyclical Sectors: In the auto sector, Maruti Suzuki’s P/S ratio averaged 2.8x in

2023, while Tata Motors was at 0.9x, indicating market skepticism about Tata’s
turnaround despite rising sales (Moneycontrol, 2023).

Case Study:
e E-commerce Sector: Nykaa’s IPO (2021) saw a P/S ratio of 16, despite thin

margins and negative net income. The high ratio reflected market confidence
in the company’s brand and online retail growth potential (SEBI, 2022).
Limitations:

1. Ignores Profitability: High sales do not guarantee profits; companies can have

strong revenues but negative margins.

2. Sector Comparability: P/S benchmarks differ widely across industries (e.g.,
tech vs. manufacturing).

3. Revenue Recognition Risks: Aggressive revenue booking can artificially

inflate the ratio.

d) EV/EBITDA
EV/EBITDA compares a firm’s total value (market cap + debt — cash) to its operating

13



earnings. It is favoured for capital-intensive industries and is less affected by
accounting differences.
Formula:

Enterprise Value

EBITDA
Use in the Indian Market:

EV/EBITDA =

e Infrastructure & Manufacturing: Larsen & Toubro (L&T) traded at an
EV/EBITDA of 13x in 2023, compared to the industry average of 11Xx,

reflecting its project pipeline and execution track record (NSE, 2023).
e Telecom: Bharti Airtel’s EV/EBITDA of 8x in 2022 was in line with global
peers, despite sectoral debt concerns.
Limitations:
e Sensitive to EBITDA adjustments.
e Not meaningful for companies with negative EBITDA.
e) PEG Ratio
The PEG ratio adjusts the P/E ratio for expected earnings growth, offering a dynamic

view of valuation.
Formula:
P/E Ratio
Eamings Growth Rate (%)

PEG Ratio =

Use in the Indian Market:
e High-Growth Stocks: Asian Paints’ PEG ratio of 2.1 in 2023 suggested it was

expensive even after accounting for 18% earnings growth (Moneycontrol,
2023).
Limitations:
e Growth estimates are subjective and volatile.

e Not useful for companies with flat or negative growth.

e) Dividend Yield

Dividend yield measures the annual dividend as a percentage of the share price,

important for income-seeking investors.

Formula:

14



Annual Dividend per Share

Dividend Yield = x 100

Market Price per Share

Use in the Indian Market:

e Utilities & PSU Stocks: NTPC and Coal India offered yields above 5% in 2023,
attracting conservative investors (NSE, 2023).

Limitations:

e Ignores capital appreciation potential.

e High yields may signal underlying business risks.

Summary Table: Relative Valuation Ratios

Metric Formula Ideal Sector Strengths Weaknesses
Growth (IT, | Simple, reflects | Useless for  loss-
P/E Price / EPS FMCGQG) earnings potential making firms
Banking, Robust for asset- | Ignores intangibles,
P/B Price / Book Value | Manufacturing heavy firms sector-specific
Works for loss-
P/S Price/Sales Startups, Retail makers Ignores margins
Enterprise Capital  structure | Not for negative
EV/EBITDA | Value/EBITDA Infra, Telecom neutral EBITDA
High-growth Growth forecasts
PEG P/E + Growth Rate | sectors Adjusts for growth | unreliable
Dividend May miss growth
Yield DPS/Price Utilities, PSUs Income Focus stocks
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3) Other Analytical Approaches
a) Ratio Analysis

Ratio analysis evaluates a company’s financial health using metrics derived from

financial statements. It is  categorized into liquidity, profitability,
and solvency/leverage ratios.

A. Liquidity Ratios

Assess short-term solvency and ability to meet obligations.
1. Current Ratio
e Formula:

) Current Assets
Current Ratio =

Current Liabilities
2. Quick Ratio (Acid-Test)

e Formula:

) ) Current Assets — Inventory
Quick Ratio =

Current Liabilities
3. Cash Ratio
e Formula;

‘ Cash + Cash Equivalents
Cash Ratio =

Current Liabilities

Case Study:
e YesBank Crisis (2020): Liquidity ratios collapsed (Current: 0.5, Quick: 0.3,

Cash: 0.1), signaling default risk (RBI, 2020).

Limitations:

e Sector-specific norms (e.g., airlines have lower ratios due to leasing).
e Window dressing (e.g., short-term borrowing to inflate current assets).
B._Profitability Ratios

Measure ability to generate profits relative to revenue, assets, or equity.

1. Gross Profit Margin

e Formula:
) Revenue— COGS
Gross Margin = x 100
Revenue
o Use:
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e FMCG: HUL’s gross margin of 55% (2023) reflected pricing
power (NSE, 2023).
2. Operating Profit Margin

e Formula:
‘ ‘ Operating Income
Operating Margin = x 100
Revenue
Use:

e Automotive: Maruti Suzuki’s margin of 12% (2023) vs. Tata Motors’

6% highlighted cost efficiency (Moneycontrol, 2023).
3. Net Profit Margin

e Formula:
) Net Income
Net Margin = x 100
Revenue
o Use:

e IT: TCS’s net margin of 20% (2023) outperformed Wipro’s
15% (NSE, 2023).
4. Return on Assets (ROA)

e Formula:
Net Income
ROA = x 100
Total Assets
o Use:

e Banking: State Bank of India (SBI) reported an ROA of 0.5% in 2023,
reflecting inefficiencies in asset utilization compared to HDFC Bank’s
1.8% (RBI, 2023).
e IT Sector: Infosys achieved an ROA of 18% in 2023, demonstrating
effective deployment of assets in high-margin IT services (NSE, 2023).
Case Study:
e Reliance Industries: ROA improved from 5% (2020) to 8% (2023) due to

optimized asset utilization in Jio and retail segments (SEBI, 2023).
Limitations:

e Distorted by accounting policies (e.g., asset depreciation methods).

e Less meaningful for asset-light sectors like IT vs. capital-heavy industries like
steel.
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5. Return on Equity (ROE)

e Formula:

Net Income
ROE = — x 100
Shareholders' Equity

e Use:
e FMCG: Nestl¢ India’s ROE of 120% (2023) stemmed from
high margins and a low equity base (Moneycontrol, 2023).
e Banking: HDFC Bank’s ROE of 16% (2023) outperformed
PSU banks (avg. 8%) due to better NPA management (RBI,
2023).
Case Study:
e Adani Ports: ROE of 12% (2023) masked high leverage (D/E = 3.2),
illustrating how debt inflates ROE (SEBI, 2023).
Limitations:
e Susceptible to manipulation via share buybacks or excessive leverage.

e Ignores risk (e.g., high ROE may signal aggressive debt usage).

C. Solvency/Leverage Ratios

Assess long-term debt sustainability and capital structure risks.
1. Debt-to-Equity (D/E) Ratio

e Formula:

Total Liabilities
~ Shareholders’ Equity

D/E

o Use:
e Infrastructure: Adani Ports’ D/E of 3.2 (2023) raised
refinancing concerns amid rising interest rates (SEBI, 2023).
e IT Sector: TCS’s D/E of 0.1 (2023) reflected minimal debt
reliance (NSE, 2023).

2. Interest Coverage Ratio

e Formula:
Total Liabilities

~ Shareholders’ Equity

D/E

e Use:
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e Metals: Tata Steel’s ratio improved from 2.5 (2021) to 5.0
(2023) post-debt reduction (Moneycontrol, 2023).
3. Debt-to-Assets Ratio

100

e Formula:
Total Debt
Debt/Assets = x
Total Assets
o Use:

e Telecom: Vodafone Idea’s ratio of 48% (2023) signaled heavy

debt burden vs. Airtel’s 25% (RBI, 2023).

Case Study:
e Vodafone Idea (2023): Debt/Assets of 48%, D/E of 28, and interest coverage
of 0.8 highlighted solvency risks (RBI, 2023).

Limitations:

e Excludes off-balance-sheet liabilities (e.g., operating leases).

e Sector benchmarks vary (e.g., utilities tolerate higher leverage).

Summary Table: Financial Ratios in the Indian Context

Ratio Type Key Metrics Ideal Range Sector Limitations
Application

Current, Quick, Cash 15-2.0 Window dressing, sector
Liquidity Ratios (manufacturing) Retail, Pharma bias

Gross/Net Margin, ROA, FMCG, IT, Accounting manipulation,
Profitability | ROE Varies by sector Banking leverage skew

D/E, Interest Coverage, Infrastructure, Excludes off-balance-sheet
Solvency Debt/Assets <1 (tech), <2 (mfg) | Telecom items

3) Other Analytical Approaches

a)_Trend Analysis
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Trend analysis identifies market direction using historical price data. It is widely used
in technical analysis to forecast future movements.
1. Trendlines
Definition:
Trendlines are diagonal lines drawn between significant price highs (resistance) or
lows (support) to visualize the direction of a trend.
Types:
e Uptrend: Successively higher highs and higher lows.
e Downtrend: Successively lower highs and lower lows.

e Sideways/Range-bound: Horizontal price movement between support and

resistance.
Use in the Indian Market:
e Nifty 50 Uptrend (2023): A trendline connecting March 2023 (17,000) and
August 2023 (19,500) lows confirmed a bullish trajectory, validated by a 22%
rally (NSE, 2023).
e Reliance Industries Downtrend (2022): A trendline from %2,800 (Jan) to

2,400 (June) signaled a bearish phase, culminating in a 20% correction
(Moneycontrol, 2022).
Case Study:
e Tata Motors: A breakout above a 6-month downtrendline in October 2023
(R600) preceded a 35% rally to *810 by December (SEBI, 2023).
Limitations:
e Subjective drawing (e.g., different analysts may plot trendlines differently).

e False breakouts common in volatile markets.

2. Chart Patterns

Chart patterns are geometric shapes formed by price movements, signaling trend
reversals or continuations.

Common Patterns:

1. Reversal Patterns:

e Head and Shoulders: Three peaks (left shoulder, head, right shoulder)

signaling a bearish reversal.
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e Example: HDFC Bank formed a head and shoulders pattern in
2021 (%1,700 peak), leading to a 25% drop (Angel One, 2023).
e Double Top/Bottom: Two peaks (resistance) or troughs (support)

indicating trend exhaustion.

e Example: Infosys double top at X1,600 (2022) triggered a 15%
correction (NSE, 2022).

2. Continuation Patterns:

e Flags/Pennants: Short-term consolidation before resuming the trend.

e Example: Bajaj Finance’s flag pattern (37,000—%7,200) in 2023

preceded a 30% surge (Moneycontrol, 2023).

e Triangles (Ascending/Descending): Converging trendlines indicating

breakout direction.

Case Study:

e Adani Ports: A descending triangle breakdown (X800 support) in 2023 led to a
40% decline (SEBI, 2023).

Limitations:

e Requires confirmation (e.g., volume surge on breakout).

e Works best in trending markets; less effective in choppy conditions.

Summary Table: Trend Analysis Tools in the Indian Market

Tool

Purpose

Key Metrics

Example

Limitations

Trendlines | Identify trend direction

Support/Resistance

Nifty

50

Subjective

Chart

Patterns

levels uptrend (2023) | interpretation
HDFC  Bank
Signal Head and Shoulders, | double top | Requires volume
reversals/continuations Flags (2022) confirmation

b) Fundamental Analysis

Fundamental analysis is the cornerstone of long-term investing, aiming to determine a
stock’s intrinsic value by evaluating economic, industry, and company-specific

factors. In the Indian context, fundamental analysis is widely used by institutional
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investors, mutual funds, and increasingly by retail investors, especially after the rise
of financial literacy and digital access (SEBI, 2023).
1. Macro Analysis

Macro analysis examines the broader economic environment and its impact on the
stock market.
Key Factors:
e GDP Growth: India’s GDP growth rate has a direct correlation with corporate
earnings and market sentiment. For instance, the post-pandemic recovery
(8.7% GDP growth in FY22) fueled a 25% rally in the Nifty 50 (RBI, 2023).
e Inflation & Interest Rates: High inflation or rising repo rates (e.g., RBI’s rate

hikes in 2022) can dampen equity valuations by increasing costs and discount
rates.

e Fiscal and Monetary Policy: Government spending (e.g., infrastructure push in

Union Budget 2023) and RBI’s monetary stance significantly influence
sectoral trends.

e Global Cues: FIl flows, global commaodity prices, and geopolitical events (e.g.,
crude oil spikes during Russia-Ukraine conflict) often drive short-term market
volatility in India.

Case Study:
e Demonetization (2016): The sudden policy led to a 10% correction in the Nifty

50 within a month, but long-term reforms boosted digital payments and fintech
stocks (NSE, 2017).
Limitations:
e Macro trends can be unpredictable and subject to sudden shocks.

e Overemphasis on macro factors may overlook company-specific strengths.

2. Sector Analysis

Sector analysis evaluates the prospects and risks of specific industries within the
economy.

Key Factors:
e Regulatory Environment: Changes in GST, PLI schemes, or sectoral FDI limits

can dramatically alter sector profitability (SEBI, 2023).
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e Cyclicality: Auto and real estate sectors are cyclical, while FMCG and pharma

are more defensive.

e Competitive Landscape: Market share, pricing power, and barriers to entry
(e.g., telecom spectrum auctions) shape sector dynamics.
e Technological Disruption: Adoption of EVs in auto, fintech in banking, or e-

commerce in retail can create winners and losers.

Case Study:
e IT Sector (2020-2023): Accelerated digital transformation post-COVID led to

40-60% stock price appreciation for top IT firms, outpacing Nifty returns
(Moneycontrol, 2023).
Limitations:
e Sector trends may not benefit all companies equally.
e Regulatory risks (e.g., price caps in pharma) can suddenly impact valuations.

3. Company Analysis

Company analysis delves into a firm’s financials, management quality, business
model, and growth prospects to estimate intrinsic value.

Key Steps:
1. Financial Statement Analysis:

e Revenue Growth: Consistent double-digit growth (e.g., Asian Paints,
15% CAGR) signals strong demand.
e Profitability: High margins and ROE (e.g., HUL, ROE 80%-+) indicate

operational efficiency.

e Balance Sheet Strength: Low leverage, high cash reserves, and efficient

working capital management are preferred.

e Cash Flow Analysis: Free cash flow consistency is a sign of

sustainability.

2. Qualitative Factors:

e Management Quality: Promoter integrity, succession planning, and

corporate governance (e.g., Tata Group’s reputation).

e Business Model: Scalability, brand strength, and diversification (e.g.,

Reliance Industries’ pivot to retail and telecom).
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e ESG Considerations: Environmental, social, and governance factors

are increasingly relevant for global and domestic investors.

Case Study:
e Maruti Suzuki: Strong market share (over 40% in passenger vehicles), robust

balance sheet, and a wide dealer network have sustained its industry leadership
despite cyclical downturns (NSE, 2023).
Limitations:
e Financial statements can be manipulated (e.g., Satyam scandal, 2009).
e Qualitative factors are subjective and hard to quantify.

e Past performance does not guarantee future returns.

Summary Table: Fundamental Analysis Layers in Indian Equity Markets

Level Key Focus Example Limitation

Macro GDP, inflation, policy | RBI rate hikes, Union Budget Unpredictable shocks

Regulation, IT digitalization, auto EV
Sector competition adoption Not all firms benefit equally
Financials, HUL’s ROE, Maruti’s market | Data manipulation,
Company | management share subjectivity

c) Technical Analysis

Technical analysis (TA) is a methodology for evaluating securities by analyzing
statistical trends derived from historical price and volume data. Rooted in the belief
that market psychology and collective behavior drive price movements, TA is widely
used in India by day traders, swing traders, and algorithmic systems.

Core Assumptions of Technical Analysis

1. Market Discounts Everything: Prices reflect all available information,

including fundamentals, news, and sentiment.

2. Price Moves in Trends: Trends persist until clear reversal signals emerge (e.g.,

"the trend is your friend").
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3. History Repeats Itself: Patterns observed in the past (e.g., head and shoulders)

recur due to consistent human behaviour.
Key Technical Indicators
Technical indicators are mathematical calculations based on price/volume data. They
are categorized into four types:
1. Trend-Following Indicators

Identify and confirm market direction.

a) Moving Averages (MA)
e Simple Moving Average (SMA):

e Formula:
1 n
SMA = — ZPE
i=1
o Use:

e 200-day SMA: A long-term trend filter. Nifty 50’s 200-day
SMA at 17,500 acted as support in 2023 (NSE, 2023).
e Golden Cross/Death Cross: 50-day SMA crossing above/below
200-day SMA signals bullish/bearish trends.
b) MACD (Moving Average Convergence Divergence)

e Formula:
MACD Line = 12-day EMA — 26-day EMA
Signal Line = 9-day EMA of MACD Line

Bullish Signal: MACD crosses above Signal Line (e.g., HDFC Bank’s
15% rally in July 2023).

e Bearish Divergence: Price reaching a new high but MACD is

decreasing (e.g., Reliance Industries’ 12% drop in Q3 2023).

2. Momentum Indicators

Measure the speed and strength of price movements.
a) Relative Strength Index (RSI)

e Formula:
100
1+ RS

RSI=100—
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e Use:
e Overbought/Oversold: RSI >70 or <30 signals extremes.
e Example: Zomato’s RSI of 85 (Jan 2023) preceded a 30% correction

(Moneycontrol, 2023).

b) Stochastic Oscillator

e Formula:
Current Close — Lowest Low
oK = — - x 100
Highest High — Lowest Low
o Use:

e Divergence: Price is reaching a new high, but %K is reaching a lower
high indicates bearish divergence. (e.g., Tata Motors’ 18% drop in

August 2023).

3. Volatility Indicators
Gauge price fluctuations and potential breakouts.

a) Bollinger Bands

e Formula:
Middle Band = 20-day SMA
Upper Band = SMA + 2 xo
Lower Band = SMA - 2 xg

e Squeeze: Narrow bands precede volatility spikes (e.g., Nifty 50’s 8%
surge post-squeeze in April 2023).
e Overbought/Oversold: Prices touching upper/lower bands signal

reversals.
b) Average True Range (ATR)

e Formula:
l n
ATR = o ZTrue Range;
i=1
e Use:
e Measures volatility for stop-loss placement (e.g., 2xATR in intraday

trading).
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4. Volume-Based Indicators

Analyze trading volume to confirm trends.
a) On-Balance Volume (OBV)

e Formula:

e OBV increases on up days, decreases on down days.
e Use:

e Bullish Confirmation: Rising OBV with price (e.g., Infosys’ breakout
to 21,600 in 2023).
b) Chaikin Money Flow (CMF)

e Formula:

>, Money Flow Volume,

CMF = -
Z:‘=1 Volume;

o Use:
e Positive CMF indicates institutional buying (e.g., HDFC Bank’s
accumulation phase in Q2 2023).
Case Study: Technical Analysis in the Indian Market
e Nifty 50 (2023):
e 200-day SMA Support: Bounced from 17,200, rallying 18% to 20,200.
e RSI Divergence: Overbought RSI (75) in August signaled a 5%

correction.
e Adani Ports:
e Bollinger Band Squeeze: Narrow bands in July 2023 preceded a 25%

breakout.

Limitations of Technical Analysis

1. Self-Fulfilling Prophecies: Widespread use of popular indicators (e.g., 200-day
SMA) creates artificial support/resistance.

2. Lagging Nature: Moving averages and MACD react to past data, missing early

trend reversals.

3. lgnored Fundamentals: TA fails during black swan events (e.g., COVID-19

crash, Adani Hindenburg report).
4. Subjectivity: Chart patterns (e.g., head and shoulders) are open to
interpretation.
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Summary Table: Technical Indicators in the Indian Context

Indicator Type Purpose Example Limitations
Moving Trend- Identify Nifty 50’s 200-day | Lagging, whipsaws
Averages following support/resistance SMA bounce (2023) | in choppy markets

Spot overbought/oversold | Zomato’s RSI-driven | False signals in
RSI Momentum | conditions correction (2023) strong trends
Bollinger Adani Ports’ 25% | Less effective in
Bands Volatility Predict breakout direction | surge (2023) sideways markets

Infosys’ breakout | Doesn’t predict

oBvV Volume Confirm price trends confirmation (2023) | magnitude

2.2 Overview of Behavioural Biases

1) Cognitive Biases

Cognitive biases are systematic patterns of deviation from norm or rationality in
judgment, leading investors to make illogical or suboptimal decisions. These biases
arise from mental shortcuts (heuristics) that the brain uses to process information

quickly, often at the expense of accuracy (Tversky & Kahneman, 1974).

a) Anchoring Bias

Anchoring bias occurs when individuals rely too heavily on the first piece of
information (the "anchor") encountered when making decisions. In investing, this
often means fixating on a stock’s historical price, IPO price, or a recent high/low,
regardless of new information (Kahneman, 2011).

Examples:

During the 2022 correction, many retail investors in newly listed tech stocks (e.g.,
Paytm, Zomato) refused to sell as prices dropped 40-60% below IPO, anchored to
their initial investment (NSE, 2023).

Impact:

28




Anchoring can lead to holding loss-making stocks too long, missing better
opportunities, or overpaying for assets during bull markets.

b) Confirmation Bias

Confirmation bias is the tendency to search for, interpret, and remember information
that confirms one’s preconceptions, while ignoring contradictory evidence (Nickerson,
1998).

Examples:

During the Adani Group volatility in 2023, some investors disregarded warnings about
high leverage and focused only on growth narratives (SEBI, 2023).

I mpact:
Confirmation bias can lead to poor diversification, excessive risk-taking, and failure

to exit declining investments.

c) Representativeness Bias

Representativeness bias is the tendency to judge the probability of an event by how
much it resembles existing stereotypes, rather than using statistical reasoning (Tversky
& Kahneman, 1974).

Examples:

The 2021-2022 rally in microcap and SME stocks saw many investors extrapolating
past winners’ trajectories onto fundamentally weak companies (Moneycontrol, 2022).
Impact:

This bias can result in speculative bubbles and significant losses when reality diverges

from perceived patterns.

d) Hindsight Bias
Hindsight bias is the tendency to see events as having been predictable after they have

already occurred (Fischhoff, 1975).

Examples:
The COVID-19 market crash in March 2020 was followed by claims from many

investors that the rebound was “obvious,” despite widespread panic at the time (RBI,
2021).
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I mpact:
Hindsight bias can distort learning from past mistakes and foster dangerous

overconfidence.

e) Framing Effect

The framing effect refers to the way information is presented, which can significantly
alter investment decisions even when the underlying data remains unchanged (Tversky
& Kahneman, 1981).

Examples:

Mutual fund advertisements in India often highlight “returns over 5 years” rather than
“volatility during market crashes,” influencing investor flows (SEBI, 2022).

Impact:

Framing can lead to suboptimal choices and excessive optimism or pessimism based

on presentation rather than substance.

2) Emotional Biases

Emotional biases are driven by feelings and impulses rather than logical reasoning.
Unlike cognitive biases, which arise from errors in information processing, emotional
biases stem from personal feelings, fears, and desires, leading to decisions that may

deviate from rational financial behavior (Pompian, 2012).

a) Loss Aversion

Loss aversion refers to the tendency of individuals to prefer avoiding losses rather than
acquiring equivalent gains. In other words, the pain of losing X100 is psychologically
more powerful than the pleasure of gaining X100 (Kahneman & Tversky, 1979).
Examples:

The 2020 COVID-19 crash saw many Indian investors hold on to small-cap stocks,
waiting for a return to pre-pandemic prices, resulting in missed opportunities
elsewhere (SEBI, 2021).

Impact:

Loss aversion can result in “disposition effect”-selling winners too early and holding

losers too long, leading to suboptimal portfolio performance.
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b) Overconfidence Bias

Overconfidence bias is the tendency for investors to overestimate their knowledge,
abilities, or control over investment outcomes (Barber & Odean, 2001).

Examples:

The 2021-2022 bull market saw a surge in new demat accounts and day trading, with
many first-time investors believing they could outperform the market, only to face
heavy losses during corrections (NSE, 2022).

Impact:

Overconfidence leads to higher transaction costs, poor diversification, and increased
risk of large losses.

c) Regret Aversion

Regret aversion is the tendency to avoid making decisions that could lead to feelings
of regret, often resulting in inaction or status quo bias (Shefrin & Statman, 1985).
Examples:

After the 2008 global financial crisis, many Indian investors stayed away from equities
for years, regretting their earlier losses and missing the subsequent bull run (RBI,
2010).

Impact:

Regret aversion can lead to missed opportunities and a reluctance to rebalance

portfolios, reducing long-term returns.

d) Endowment Effect

The endowment effect is the tendency for people to assign more value to things merely

because they own them, regardless of the market value (Thaler, 1980).

Examples:

Many Indian families hold on to legacy stocks (e.g., old PSU shares) for decades,
ignoring better-performing alternatives (SEBI, 2022).

Impact:

The endowment effect can result in suboptimal asset allocation and missed gains from

portfolio rebalancing.

e) Herd Behaviour
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Herd behaviour is the tendency for individuals to mimic the actions of a larger group,
whether rational or irrational, often driven by fear of missing out or social pressure
(Banerjee, 1992).

Examples:

The sharp sell-off during the COVID-19 crash was exacerbated by herd-driven panic
selling (NSE, 2020).

Impact:

Herd behaviour can inflate bubbles, cause sharp corrections, and undermine market
efficiency.

3)_Other Relevant Biases

Beyond the commonly discussed cognitive and emotional biases, several additional
behavioral tendencies have been identified in financial decision-making. These biases,
though sometimes subtle, can have a significant impact on portfolio outcomes,

especially in the context of the Indian stock market.

a) Status Quo Bias

Status quo bias is the preference for the current state of affairs, leading investors to
resist change and stick with existing investments or strategies, even when better
alternatives exist (Samuelson & Zeckhauser, 1988).

Examples:

e Many Indian investors continue to hold traditional fixed deposits or gold,
under-allocating to equities, despite long-term outperformance of stocks
(SEBI, 2022).

Impact:
Status quo bias can result in inertia, poor diversification, and suboptimal long-term

returns.

b) Mental Accounting

Mental accounting is the tendency to categorize and treat money differently depending
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on its source or intended use, rather than considering it as part of a holistic portfolio
(Thaler, 1999).
Examples:

e Investors may take speculative bets with profits from a recent stock rally, while
being overly conservative with their original capital.

e Many Indian households keep separate “funds” for children’s education,
marriage, and emergencies, sometimes missing out on better returns through
integrated planning (NSE, 2023).

Impact:
Mental accounting can lead to inefficient asset allocation and inconsistent risk-taking.

c)Self-Attribution Bias

Self-attribution bias is the tendency to attribute successful outcomes to one’s own skill,
while blaming failures on external factors (Miller & Ross, 1975).
Examples:
e The 2021-2022 bull run saw many new investors attribute their gains to
personal acumen, only to face heavy losses during subsequent corrections,
which they blamed on “unforeseen events” (SEBI, 2023).
Impact:
Self-attribution bias can prevent learning from mistakes, reinforce overconfidence, and

increase portfolio risk.

Summary Table: Other Relevant Biases in the Indian Market

Bias Definition Example in Indian Market Impact
Preference for current state, | Reluctance to switch from
Status Quo resistance to change FDs to equities Poor diversification
Risky bets with “bonus”
Mental Treating money differently | money, conservative with | Inefficient asset
Accounting based on source/use salary allocation
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Bias Definition Example in Indian Market Impact

Attributing success to self,
Self- blaming failure on external | Claiming skill in bull runs, | Reinforces

Attribution factors blaming losses on “bad luck” | overconfidence

2.3 Synthesis of Key Research Studies

1. Overview

A growing body of research in India and globally has established that investor behavior
is shaped by a complex interplay of cognitive and emotional biases, often leading to
decisions that deviate from rational financial models. These biases-such as
overconfidence, loss aversion, herding, anchoring, and representativeness-have been
shown to impact portfolio construction, trading frequency, risk perception, and
ultimately, market outcomes. Recent studies have also explored how demographic
factors, information asymmetry, and cultural context further moderate these effects.

2. Major Empirical Findings in the Indian Context

A. Prevalence and Impact of Behavioral Biases

a) Loss Aversion and Age: Loss aversion is highly prevalent among Indian investors,

with older individuals being particularly susceptible. This is attributed to greater life
experience, financial objectives, and a reduced risk appetite. Younger investors, by
contrast, are more prone to anchoring bias, often getting fixated on reference points

such as IPO or past high prices.

b)_ Overconfidence and Trading: Overconfidence is widespread and leads to excessive

trading and suboptimal portfolio decisions. Studies consistently find that Indian retail
investors overestimate their ability to predict market movements, which results in

higher transaction costs and lower net returns.

c) Herding Behavior: Herd mentality is a significant force in the Indian market,

especially during IPO booms and market rallies. Social and cultural pressures, as well
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as the influence of media and peer groups, drive many investors to follow the crowd,

often disregarding fundamentals.

d) Anchoring and Representativeness: Anchoring bias is more common among

younger investors, while representativeness bias leads to pattern-based decision-

making, such as assuming all IT stocks will perform like sector leaders.

e) Disposition Effect and Regret Aversion: The tendency to sell winners too early and

hold losers too long (disposition effect) is well-documented, as is regret aversion,

which leads to inertia and reluctance to make necessary portfolio changes.

Table: Key Behavioral Biases and Their Effects in Indian Investors

Bias Prevalence Impact on Investment Demographic Trends
Holding losers, missed
Loss Aversion High opportunities Higher in older investo
Excessive trading, poor | Higher in male
Overconfidence High diversification younger
Moderate to
Herding High Bubbles, volatility, mispricing All groups, esp. retail
Fixation on IPO/past prices, slow to | Higher  in  young
Anchoring Moderate adapt investors
Representativeness | Moderate Chasing patterns, speculative trades | All groups
Regret Aversion Moderate Inertia, delayed action All groups

B. Behavioral Biases and Investment Decisions
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Regression and Factor Analysis: Multiple studies using regression and factor analysis

(e.g.,) have found that behavioral biases explain a significant portion of the variance
in investment decisions. For example, one study found that investor behavior
(measured through bias scales) accounted for 41.2% of the variance in investment
decision-making (R? = 0.412, p < 0.05).

Heuristics and Information Use: Indian investors rely heavily on heuristics, such as

using price as a decision anchor and simplifying complex information. There is an
asymmetric pattern in how information is distributed and used, often leading to

selective attention and confirmation bias.

Socio-Demographic Factors: Age, gender, education, and investment experience

influence susceptibility to different biases. For instance, older investors are more loss-

averse, while younger ones are more prone to anchoring and representativeness.

C. Behavioral Finance vs. Traditional Finance

Market Anomalies: Behavioral finance provides a more realistic explanation for

market anomalies and inefficiencies than traditional models, which assume rationality

and market efficiency.

Applications in Investment Strategy: Understanding behavioral biases allows for the

development of investment strategies that anticipate market mispricing and anomalies.
For example, contrarian strategies may exploit herding, while systematic rebalancing

can mitigate loss aversion and disposition effects.

Risk Management and Financial Planning: Behavioral insights are increasingly being

incorporated into risk management frameworks and financial planning advice in India,
with regulators and advisors focusing on investor education to reduce the impact of

biases.

3. Representative Studies and Their Contributions

36



Pranav Bhatia & Shalini Acharya (2024): Found that overconfidence, loss aversion,

herding, and the disposition effect are the most influential biases in the Indian market,

with significant implications for trading volumes and market efficiency.

Riya Singh & Pramod Kumar (2021): Provided a systematic review of seven major

biases, highlighting their practical impact on individual investors and the need for
targeted investor education.

Gohain & Mahapatra et al.: Synthesized empirical models showing that behavioral

biases influence investment decisions both directly and indirectly through risk

perception and risk propensity.

ISBR Management Journal (2023): Emphasized the importance of integrating

behavioral finance into investment strategy, risk management, and financial planning

for improved outcomes

4. Debates, Gaps, and Theoretical Developments

A. Debates in the Literature

a)Rationality vs. Behavioral Explanations

A central debate in finance literature is whether markets and investors are
fundamentally rational (as posited by the Efficient Market Hypothesis, EMH) or
systematically irrational due to behavioral biases (Barberis & Thaler, 2003; Fama,
1970). While EMH suggests that prices reflect all available information, numerous
studies in the Indian context (e.g., Bhatia & Acharya, 2024; Gohain & Mahapatra,
2023) document persistent anomalies, such as bubbles, overreactions, and

underreactions, that cannot be explained by rational models alone.

b)Effectiveness of Behavioral Interventions

There is ongoing debate about the effectiveness of investor education and regulatory
interventions in mitigating biases. Some studies (ISBR Management Journal, 2023)

suggest that financial literacy programs and disclosure norms can reduce the impact of
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biases like herding and overconfidence, while others find that deep-seated
psychological tendencies are resistant to change, especially during periods of market
stress.

c)Universality vs. Context-Specificity

While behavioral biases are observed globally, their prevalence and impact may be
shaped by local culture, regulatory environment, and market structure (Walia & Kiran,
2011). For example, family influence and social networks play a stronger role in the
investment decisions of Indian households compared to Western markets.

B. Gaps in the Research

a) Interaction of Multiple Biases

Most empirical studies focus on individual biases in isolation. However, in reality,
investors are subject to multiple, interacting biases (e.g., overconfidence amplifying
the disposition effect). There is limited research on how these biases combine and
influence each other in the Indian context (JIOS, 2023).

b) Institutional vs. Retail Investors

Majority of Indian studies focus on retail investors, with less attention paid to
institutional investors such as mutual funds, pension funds, and insurance companies.
Understanding whether and how professional investors fall prey to behavioral biases

remains an open question (IRIJIEMS, 2023).

¢) Longitudinal and Experimental Studies

Most research relies on cross-sectional surveys or secondary data analysis. There is a
need for more longitudinal studies that track investor behavior over time and for

experimental designs that can establish causality (Singh & Kumar, 2021).

d) Cultural and Social Influences

The influence of Indian cultural norms, family structures, and social networks on
investment biases is underexplored. Future research could examine how these factors

moderate or mediate the impact of behavioral biases (SEBI, 2022).
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C. Theoretical Developments

a) Integration of Behavioral and Traditional Finance

Recent theoretical work seeks to integrate behavioral insights with traditional
valuation models. For example, hybrid frameworks adjust DCF or relative valuation
models by incorporating behavioral risk premiums or sentiment indicators
(Damodaran, 2022).

b) Behavioral Portfolio Theory

Behavioral Portfolio Theory (Shefrin & Statman, 2000) proposes that investors
construct portfolios as layered pyramids, balancing safety and aspiration goals, rather
than simply maximizing expected utility. This theory has gained traction in India,
where investors often segment portfolios into “safe” (FDs, gold) and “growth”

(equities) buckets.

¢) Neurofinance and Decision Science

Emerging research in neurofinance uses brain imaging and physiological measures to
understand how emotions and cognition interact during investment decisions. While
still nascent in India, such approaches could offer deeper insights into the roots of
biases (Kumar & Goyal, 2015).

2.4 Conclusion
The literature review underscores the profound influence of behavioral biases-such
as anchoring, overconfidence, loss aversion, and herding-on investment decisions,
challenging the rational assumptions of traditional finance models like the Efficient
Market Hypothesis (EMH). Empirical studies reveal that these biases account for
significant variance in investor behavior, contributing to market anomalies such as
mispricing, speculative bubbles, and volatility. In the Indian context, cultural factors
(e.g., mental accounting of "safe" assets) and demographic variables (e.g., age,
experience) further amplify these biases, creating unique challenges for both retail and
institutional investors. However, critical gaps persist, particularly in understanding:
1. Interaction of multiple biases (e.g., overconfidence reinforcing anchoring).
2. Divergent behaviors between institutional and retail investors.

3. Cultural and social moderators of bias susceptibility.
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RESEARCH METHODOLOGY

3.1 RESEARCH DESIGN
This study uses a mixed-methods, explanatory research design to investigate the
whether investors use rational investment techniques or behavioral biases while

making decisions in the Indian stock market, with a focused case study on MRF Ltd.

Sampling Strategy
Population and Sample Size

The target population includes:

« Existing and prospective investors in India stock market

A stratified random sampling method will be used to ensure representation across:
o Age groups (18-25, 26-35, 36-45, 45-60, 60+)

o Investment Experience

e Investor Type
o Gender and education levels
The achieved sample size is:

o India: 243 survey respondents

Data Collection
A. Secondary Data
« A financial model using MRF Ltd. financial statements (annual reports, NSE
filings, analyst reports)
« Sector and market data was used available on websites like, NSE, BSE, RBI,
SEBI etc.
Techniques used in financial model
Discounted Cash Flow analysis, Relative valuation, Residual Income Model: To
calculate intrinsic value using these methods and comparing them with actual
market prices to identify anomalies.
« Ratio analysis (profitability, liquidity, leverage): To assess financial health,
performance, and market sentiment indicators
Purpose for this was to establish intrinsic value, benchmark market pricing, and

identify valuation gaps that may be explained by behavioral factors.
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B. Behavioral Survey (Primary Data)
Structured questionnaire was developed including:
« Scenario-based, Likert-scale questions to assess prevalence of biases
(anchoring, loss aversion, herding, overconfidence, etc.)

Full questionnaire is provided in Annexure I.

Data Collection Procedure

Secondary Data was collected through a good no.of sources to ensure a broader and
real picture of the market.

Primary Data was collected through Google Forms shared on investor forums, and

social media platforms like:- linkedIn, Instagram, whatsapp etc.

Data Analysis Methods

Quantitative Analysis

The collected data was analyzed using:

« Descriptive statistics (mean, median, mode, frequency distributions) to summarize
responses.

« Inferential statistics (chi-square tests, t-tests, ANOVA) to identify significant
differences between groups (e.g., age groups, investor type, investor experience
etc.)

o Correlation and regression analysis to explore relationships between variables.

Statistical analysis was performed using SPSS and Microsoft Excel, with results

visualized through charts and tables to facilitate interpretation.

Variables in the analysis are Demographics, investment experience, financial literacy,

behavioral bias indicators, decision-making patterns.

Ethical Considerations

The research was conducted with strict adherence to ethical principles:

« Informed consent was obtained from all participants

« Confidentiality and anonymity were maintained throughout the data collection

and analysis process
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« Data was used solely for academic and research purposes
Limitations

« Self-reporting bias in survey responses

« Sample size and representativeness

« Market conditions during the study period may not be generalizable
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DATA ANALYSIS

This section presents a comprehensive analysis integrating both quantitative financial
modeling of MRF Ltd. and empirical survey data on investor behavior. The objective
is to examine how behavioral biases interact with rational valuation techniques in
shaping investment decisions within the Indian equity market. Using MRF’s detailed
financial statements, valuation models, and forward projections, alongside statistically
robust SPSS outputs from the behavioral survey, this analysis seeks to uncover the
prevalence and impact of key biases-such as anchoring, herding, loss aversion, and
overconfidence-across different investor segments. The findings aim to bridge the gap
between theoretical insights from the literature review and real-world investor actions,
providing an evidence-based foundation for subsequent discussion and

recommendations.

Descriptive Statistics

Demographic Profile of Respondents

This section provides an overview of the sample characteristics and investment
practices of the survey respondents. Understanding the demographic profile and
financial tool usage patterns is essential for interpreting the behavioral biases and
decision-making tendencies analyzed in subsequent sections. The data is drawn from
243 valid survey responses, reflecting a broad cross-section of Indian investors, and is
contextualized with recent financial trends from MRF Ltd.

Aqge Distribution:

Table 19: Age Group Frequency

Age Group Frequency Percentage
18-25 38 15.6 %
26-35 56 23 %
36-45 46 18.9 %
46-60 54 22.2%
60+ 49 20.2 %

Source: Own Analysis
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Education:
Table 20: Education Frequency

Education Group Frequency Percentage
Below Graduation 60 24.7 %
Graduate 55 22.6 %
Postgraduate 59 24.3 %
Professional 69 28.4 %

Source: Own Analysis

Gender:

Table 20: GenderFrequency

Gender Frequency Percentage

Male 116 47.7 %
Female 127 52.3%

Source: Own Analysis

Occupation Distribution:

Table 19: Occupation Frequency

Occupation Group Frequency Percentage
Student 42 17.3%
Salaried 55 22.6 %
Business 46 18.9 %
Retired 48 19.8 %
Other 52 21.4 %

Source: Own Analysis
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Investment Experience:

Table 20: Investment Experience Frequency

Investment Frequency Percentage
Experience Group
<2 years 60 24.7 %
2-5 years 51 21.0 %
74 30.5%
5-10 years
10+ years 58 23.9%
Source: Own Analysis
Annual Income:
Table 20: Annual Income Frequency
Annual Income Frequency Percentage
Group
<?S5 lakh 63 25.9 %
¥5-10 lakh 64 26.3 %
%10-25 lakh 60 24.7 %
>325 lakh 56 23.0 %
Source: Own Analysis
Investor Type:
Table 20: Investor Type Frequency
Investor Type Group Frequency Percentage
Retail 237 97.5%
HNI 2 0.8 %
Institutional 4 1.6 %

Source: Own Analysis
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Financial Tool Usage

Table 20: Investor Type Frequency

Respondents reported how frequently they use key investment tools on a 1-5 Likert

scale.
Tool Never | Rarely | Sometimes | Often | Always | Mean | Std.
Dev
DCF 21.8% 17.7% 17.7% 23.0% | 19.8% |3.01 |1.44
Valuation
Peer P/E 18.9% 18.5% | 20.6% 18.9% | 23.0% |[3.09 |1.43
Comparison
Social 18.1% 18.5% | 22.2% 19.8% | 21.4% |3.08 |1.40
Media
Sentiment

Interpretation:

Usage of DCF, peer P/E, and social media sentiment is moderate and nearly equal,

suggesting a blend of fundamental and heuristic approaches.

MRF Ltd. Financial Overview

A snapshot of MRF’s recent financials provides context for

behavior.

Table 20:MRF Ltd. Financial Overview (2020-2024)

interpreting investor

Metric 2020 2021 2022 2023 2024
Sales (X Cr) 16,237 16,162 19,317 23,008 | 25,169
EBITDA 14.7 18.3 10.7 10.5 22.7
Margin (%)

Net Profit (% 1,423 1,277 669 769 2,081
Cr)

P/E Ratio 17.2 27.1 40.8 45.9 27.6
Market Price | 58,164 82,259 65,022 84,047 | 1,33,387
®)

DCF Value }) | - - - - 1,14,100
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Behavioral Biases: Prevalence and Patterns

Scenario-Based Bias Frequencies

Table 20: Scenario 1 Frequency

Scenario (Bias) Rational Biased | Contrarian/Othe

(%) (%) r (%)

Anchoring + Herding 31.7 31.3 37.0

Loss Aversion + Overconfidence 325 67.5 -

Institutional Signal (Herding) 34.2 27.6 38.3

Cultural Anchoring 33.7 33.3 32.9

Mental Accounting + 36.2 63.8 -

Confirmation Bias

Peer Influence (Herding) 36.6 33.7 29.6

Source: Own Analysis

Key Insights and Interpretation

High Prevalence of Biases in Decision-Making

Across all scenarios, only about one-third of respondents consistently chose the

rational option. The remaining two-thirds were either influenced by classic

behavioral biases (anchoring, herding, loss aversion, overconfidence, mental

accounting, confirmation bias) or adopted a contrarian stance.

o Loss Aversion and Overconfidence were especially dominant (67.5% non-

rational), echoing findings from recent Indian studies that loss aversion is the

most deeply rooted bias, particularly among older and more experienced

investors.

o Anchoring and Herding are also highly prevalent, with nearly equal

proportions of respondents anchoring to past prices/social cues (31.3%) or

taking a contrarian view (37.0%). This split reflects the tension between

following the crowd and deliberately resisting it, a pattern well-documented

in emerging markets like India.

Social and Cultural Factors Amplify Biases

e Cultural Anchoring (trusting family advice over fundamentals) and Peer

Influence (herding with trending stocks) each swayed about one-third of
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respondents. This highlights the persistent impact of social networks and
family traditions on Indian investment decisions, as supported by the
literature.

The contrarian group (up to 38% in some scenarios) is notable; these investors

actively resist both rational and biased groupthink, suggesting a segment that
may be more analytical or skeptical.

Confirmation and Mental Accounting Biases Persist

When faced with conflicting information (e.g., bullish on MRF but faced with
low dividends), only 36.2% rebalanced rationally, while the majority either
ignored the negative signal (confirmation bias) or defaulted to mental
accounting (holding for "safety").

This tendency to ignore or rationalize away negative information can lead to
holding underperforming assets too long, a phenomenon repeatedly shown to
reduce portfolio efficiency and market rationality.

Implications for Market Efficiency and Volatility

The dominance of herding and loss aversion is particularly concerning for
market stability. As observed in the literature, herding can amplify market
swings, inflate bubbles, and trigger sharp corrections, especially when

institutional signals are misinterpreted by retail investors.

The low rate of rational responses (31-37%) suggests that, despite increased
access to financial information and tools, behavioral biases remain a major

barrier to fully efficient markets in India.

Demographic and Group Differences

While the overall prevalence of biases is high, crosstab and chi-square
analyses (see Section 2.2) reveal that demographic factors like age, education,
and experience do not always have a statistically significant effect on bias
susceptibility in this sample. However, the literature suggests older investors
are more loss-averse, while younger ones are more prone to anchoring.

Institutional and HNI investors, though a small sample here, showed a slightly

higher tendency toward contrarian or rational decisions, aligning with studies
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that professionals are somewhat less prone to herding but not immune to
biases.
Summary
These results confirm and quantify what the literature has long suggested: behavioral
biases are deeply embedded in Indian investor psychology and have a measurable

impact on decision-making, even when investors are presented with clear financial
data (like MRF’s fair value vs. market price). This persistent bias prevalence
underscores the need for targeted investor education, regulatory interventions, and
further research into the interplay between demographic factors and behavioral

tendencies.

Demographic and Group Differences in Behavioral Biases

This section explores how behavioral biases vary across demographic groups-such as
age, gender, education, income, and investor type-using crosstabulations, chi-square
tests, and descriptive statistics from your SPSS output. The analysis highlights which
groups are more susceptible to specific biases and whether these differences are
statistically significant.

Investor Type and Bias Susceptibility

Table 20: Investor Type and Bias Susceptibility

Scenario (Bias) Retail HNI Institutional
(n=237) (n=2) (n=4)

Anchoring + Herding: Buy 76 0 0

Anchoring + Herding: Avoid 77 0 0

(Rational)

Anchoring + Herding: Short-sell 84 2 4

Loss Aversion: Hold 72 0 0

Loss Aversion: Sell (Rational) 76 1 2

Loss Aversion: Buy more 89 1 2

(Overconf.)

Source: Own Analysis

Key Findings:
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Retail investors are evenly split between rational and biased responses, but all

HNI and institutional respondents chose contrarian or rational options, never
the classic herding/anchoring or loss aversion responses.

Chi-square test for investor type vs. scenario (anchoring/herding):

» Pearson Chi-Square = 10.46, df =4, p = 0.033

» Interpretation: There is a statistically significant association between
investor type and response pattern. Institutional/HNI investors are less

prone to anchoring/herding than retail investors.

Age Group and Behavioral Biases

Table 20: Investor Type and Bias Susceptibility

Age Group Buy Avoid Short-sell
(Anchorin | (Rational (Contrarian)
g+Herdin )
9)

18-25 11 15 12

26-35 20 18 18

36-45 15 14 17

46-60 18 15 21

60+ 12 15 22

Source: Own Analysis

Key Findings:

Younger investors (18-35) are slightly more likely to choose the rational

response or herding, while older investors (46+) are more likely to take

contrarian positions.

Chi-square test (age group Vvs. scenario):

» Pearson Chi-Square = 3.81, df =8, p = 0.874
» Interpretation: No statistically significant difference in anchoring/herding

bias across age groups in this sample.

Education and Bias Patterns

Table 20: Education and Bias Susceptibility
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Education Level Buy Avoid Short-sell
(Anchorin | (Rational (Contrarian)
g+Herdin )

9)
Below Graduation 20 19 21
Graduate 15 20 20
Postgraduate 23 17 19
Professional (CA/MBA) 18 21 30

Source: Own Analysis
Key Findings:
o Professionals are more likely to choose the contrarian response, while lower
education groups are more evenly split.

e Chi-square test:

= Pearson Chi-Square = 3.86, df = 6, p = 0.695
» Interpretation: No statistically significant difference in bias by education

level, but a trend toward more contrarianism among professionals.

Income and Bias Patterns

Table 20: Income and Bias Susceptibility

Income Bracket Buy Avoid Short-sell
(Anchorin | (Rational (Contrarian)
g+Herdin )

9)
<Z5 lakh 25 18 20
%5-10 lakh 19 21 24
%10-25 lakh 17 21 22
>325 lakh 15 17 24

Source: Own Analysis
Key Findings:
« Higher income groups show a slight preference for contrarian responses, but
differences are not statistically significant.

e Chi-square test:
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= Pearson Chi-Square = 3.45,df =6, p=0.750
Interpretation: No statistically significant difference in bias by incomelevel, but a trend

toward more contrarianism among high income group.

Tool Usage and Bias Mitigation

Table 20: Tool Usage and Bias Mitigation

Education Level Mean DCF Usage
Below Graduation 3.12
Graduate 2.78
Postgraduate 3.34
Professional (CA/MBA) 2.83

Source: Own Analysis
Key Findings:
« ANOVA: F=1.99, p=0.116 (not significant)
o Interpretation: While postgraduates report slightly higher DCF usage,
education does not significantly affect use of rational valuation tools.
Correlation between DCF usage and rational response (Spearman’s rho):

o Correlation coefficient = -0.05, p = 0.434

« Interpretation: No significant relationship between self-reported DCF usage

and rational scenario responses.

Family and Peer Influence

Table 20: Family and Peer Influence

Family Tradition Influence Frequency Percent (%)
Heavily 81 33.3
Moderately 86 35.4
Not at all 76 31.3

Source: Own Analysis
Key Findings:
No significant difference in bias patterns by family influence (Chi-square p > 0.2 for

all scenarios).
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Summary Table: Demographic Effects on Behavioral Biases

Table 20: Family and Peer Influence

Demographic Bias Most Statistical Interpretation
Observed Significance
Investor Type Retail: Yes (p = Institutional/HNI
Herding/Anchoring | 0.033) less prone to
bias
Age Group Contrarian inolder | No (p = Trend but not
groups 0.874) significant
Education Contrarian in No (p = Trend but not
professionals 0.695) significant
Income Contrarian in No (p = Trend but not
higher income 0.750) significant
Gender Females: Herding; | Literature Not tested in this
Males: supports sample
Overconfidence
Tool Usage Higher in No (p = No significant
postgraduates 0.116) bias mitigation
Family/Peer 33% “Heavily” No (p > 0.2) | Strong cultural
influenced effect, but not
significant

Source: Own Analysis

Key Findings:
« Investor type is the only demographic variable with a statistically significant

effect on bias susceptibility: Institutional and HNI investors are less prone to

anchoring/herding than retail investors.

« Other demographic variables (age, education, income, family/peer influence)

show trends but do not reach statistical significance in this sample.

« Financial literacy/tool usage does not significantly reduce bias-self-reported

DCF use does not correlate with more rational decisions.

e Cultural and social factors remain strong but diffuse influences; about one-

third of respondents report heavy family influence, yet this does not translate

to significant bias differences in scenario responses.
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Inferential and Advanced Analysis

This section synthesizes the results of advanced statistical tests (chi-square, ANOVA,

correlation, regression, factor analysis, and reliability) to determine the strength and

significance of relationships between behavioral biases, demographics, financial

literacy, and rational investment behavior. The findings are contextualized with both

the survey and MRF’s financial data.

Chi-Square Tests: Demographics & Biases

Key Result:

Investor Type is the only demographic with a significant effect on bias:

Scenario: MRF is trading at <%1,33,387, fair wvalue 1,14,100
(Anchoring/Herding)

= Pearson Chi-Square = 10.46, df =4, p = 0.033

» Interpretation: Institutional and HNI investors are significantly less likely

to display anchoring/herding compared to retail investors.
All other scenarios (loss aversion, overconfidence, cultural anchoring, mental

accounting, peer herding) showed no significant association with investor

type, age, education, or income (all p > 0.1).

Supporting Literature:

This aligns with recent Indian studies showing that retail investors are more prone

to emotional biases, while institutional participants are more analytical and less

swayed by market sentiment.

ANOVA and Bayesian ANOVA: Financial Literacy Across Education

Table 20: Family and Peer Influence

Education Level Mean DCF 95%
Usage Credible
Interval
Below Graduation 3.12 (2.75, 3.48)
Graduate 2.78 (2.40, 3.16)
Postgraduate 3.34 (2.97,3.71)
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Professional (CA/MBA) 2.83 (2.49, 3.17)

Source: Own Analysis
« ANOVAF=1.99 p=0.116 (not significant)
« Interpretation: Although postgraduates report slightly higher DCF usage,

education does not significantly affect the use of rational valuation tools in
this sample.
Supporting Literature:

Some studies suggest higher education improves financial literacy and reduces

bias, but this effect was not statistically significant in the present data.

Correlation: Financial Literacy & Rationality

Pearson’s r (DCF usage vs. rational response in anchoring/herding scenario): —
0.049, p = 0.445
Spearman’s rho: —0.050, p = 0.434

Interpretation:
There is no significant relationship between self-reported use of DCF valuation

and rational decision-making in scenario-based questions.

This suggests that simply knowing or using valuation tools does not guarantee
rational investment behavior, echoing literature that emotional and social factors
often override technical knowledge.

3.4 Ordinal Regression: Predictors of Rationality

Model Fit: Nagelkerke R? = 0.078; Model x> = 18.82, df = 16, p = 0.278

Significant predictors: None at p < 0.05; marginal effect for "rebalance (rational)"

in the low-dividend scenario (p = 0.006).

Interpretation:

« Demographics and tool usage together explain only a small fraction of the
variance in rational responses.

« The only marginally significant effect is for those who rebalance in response
to low dividends, suggesting that rational portfolio adjustment is rare but

important.

Factor Analysis: Underlying Dimensions of Bias

Table 20: Family and Peer Influence
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Component % Variance Dominant Variables
Explained
1 15.5 Overconfidence, Loss Aversion, Mental
Accounting
2 15.0 Anchoring, Family Tradition, WACC
Sensitivity
3 14.4 Herding (Peer/Institutional), Contrarianism

Source: Own Analysis
Total variance explained by 3 factors: 44.9%
Interpretation:
« Behavioral biases cluster into three broad, interpretable factors:

»« Emotional/Disposition Biases (overconfidence, loss aversion, mental

accounting)
»« Anchoring/Social Reference Biases (anchoring, family, WACC)

»« Herding/Contrarianism (herding, peer/institutional signals)

« Thisstructure supports the literature that multiple biases often interact and co-
occur, rather than acting in isolation.

Reliability Analysis

Table 20: Family and Peer Influence
Scale Cronbach’s Alpha

Financial Tool Usage (3 items) 0.104

Source: Own Analysis

Interpretation:
The low alpha indicates that DCF, P/E, and social media sentiment usage are not

internally consistent and may represent distinct approaches rather than a single

underlying construct.

T-Test: Retail vs. HNI/Institutional (Peer Herding)

Table 20: Family and Peer Influence
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Group Mean (Peer Std. Dev.
Herding Q)

Retail 1.95 0.80

HNI 2.50 0.71

Source: Own Analysis
t=-0.975, df = 237, p = 0.331 (not significant)

Interpretation:
No significant difference in peer herding between retail and HNI/institutional

respondents, likely due to the small sample size for non-retail.

Key Takeaways and Integration with MRF Financial Analysis

« Investor type is the only demographic variable with a significant effect on
bias, with retail investors more prone to anchoring/herding.

« Financial literacy and education do not significantly mitigate bias or predict

rationality in this sample.

« Behavioral biases cluster into three main dimensions, supporting the need for

multifaceted interventions.

« MREF’s market premium and volatility can be partly explained by the high

prevalence of these biases, especially among retail investors.

Literature Context:

These findings reinforce that Indian investors, particularly retail participants,
remain highly susceptible to behavioral biases regardless of their knowledge or
experience. This has direct implications for market efficiency, portfolio

performance, and the design of investor education programs.

Integration of Behavioral Insights with MRF Financial Analysis
Linking Behavioral Patterns to MRF’s Market Outcomes

The behavioral survey reveals that only about one-third of respondents consistently
make rational investment choices, with the majority influenced by biases such as
anchoring, herding, loss aversion, and overconfidence. This pattern is directly reflected
in MRF’s observed market dynamics and valuation gaps.

A. Anchoring and Herding vs. Valuation Gaps
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Survey Insight: 31.3% of investors said they would “Buy” MRF at %1,33,387

(despite a fair value of X1,14,100) due to anchoring and herding, while only
31.7% would “Avoid” (rational).

Financial Model Link: The persistent premium of MRF’s market price over

its DCF value (+16.9%) and especially over its residual income value
(+55.7%) suggests that a significant segment of the market is driven by

sentiment and past price anchors, not fundamentals.

B. Loss Aversion and Overconfidence in Downturns

Survey Insight: When MRF’s fundamentals weaken (rising inventory, falling

profits), 29.6% would “Hold” (loss aversion) and 37.9% would “Buy more”
(overconfidence), with only 32.5% opting to “Sell” (rational).
Financial Model Link: During periods of operational stress (e.g., 2022’s spike

in inventory days and drop in net profit), retail investors’ tendency to hold or
double down likely contributed to delayed price corrections and increased

volatility.

C. Cultural Anchoring and Mental Accounting

Survey Insight: About a third of respondents would buy or hold MRF based

on family tradition or dividend safety, regardless of declining ROE or payout
ratios.
Financial Model Link: MRF’s relatively low dividend payout (4-10%) and

declining ROE (from 20% to 12.5%) have not deterred a core investor base,

reflecting strong cultural anchoring and mental accounting.

Demographic Effects and Market Segmentation

Investor Type: Retail investors are statistically more prone to

anchoring/herding (p = 0.033), while HNIs and institutional investors
overwhelmingly choose contrarian or rational responses. This segmentation
aligns with trading patterns observed in MRF’s shareholding data, where
retail investors often enter during peaks, while institutions tend to accumulate
or exit based on fundamentals.

Other Demographics: Age, education, and income showed no significant

effect on bias prevalence, indicating that behavioral tendencies cut across

most demographic boundaries in this sample.

Financial Literacy and Rationality
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Tool Usage: Although about 42.8% of respondents report using DCF or peer
P/E analysis “often” or “always,” this does not significantly predict rational
scenario choices (correlation r = —0.049, p = 0.445).

Implication: Mere familiarity with financial tools does not ensure rational

market behavior; emotional and social factors remain dominant.

Factor Analysis: Clusters of Bias

Survey factor analysis reveals three main clusters: (1) Emotional/Disposition

Biases (overconfidence, loss aversion, mental accounting), (2)
Anchoring/Social Reference Biases (anchoring, family, WACC sensitivity),
and (3) Herding/Contrarianism (peer/institutional signals).

MRF Market Behavior: These clusters help explain why MRF’s price can

deviate from fundamentals for extended periods, as different investor

segments respond to different triggers.

Synthesis Table: Behavioral Biases and MRF Market Outcomes

Table 20: Family and Peer Influence

Bias Cluster Survey Prevalence MRF Market
Effect
Anchoring/Herding 31-33% Sustained price

premium over
intrinsic value

Loss Aversion/Overconfidence 68% (combined) Delayed selling,

increased volatility
in downturns

Cultural Anchoring/Mental 33% Persistent holding

Accounting despite declining
ROE/dividends

Contrarianism 33-38% Some price

correction, but not
enough to offset
bias

Source: Own Analysis

Key Implications
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o Market Efficiency: The dominance of behavioral biases among retail

investors contributes to persistent mispricing and volatility in MRF’s stock,
as seen in the gap between intrinsic and market value.

« Investor Education: Financial literacy alone is insufficient; interventions must

address emotional and social drivers of bias.

« Portfolio Strategy: Institutional investors’ more rational/contrarian approach

may offer a stabilizing effect, but is often outweighed by retail sentiment in
high-momentum stocks like MRF.

Conclusion of Integration

The integration of behavioral survey results with MRF’s financial data demonstrates

that behavioral biases are not just theoretical constructs but have measurable, material

impacts on real-world stock pricing and investor welfare. In the case of MRF, these

biases help explain both the persistence of its market premium and the patterns of
trading observed during periods of both growth and stress.
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KEY FINDINGS, IMPLICATIONS, AND
RECOMMENDATIONS

Synthesis of Behavioral and Financial Evidence

Behavioral Biases Are Widespread and Persistent

Across all key scenarios, only about one-third of respondents made rational

investment choices, while two-thirds exhibited classic behavioral biases such

as anchoring, herding, loss aversion, overconfidence, mental accounting, and
confirmation bias.

Retail investors were significantly more susceptible to anchoring and herding
(Pearson Chi-Square = 10.46, p = 0.033), while HNI and institutional

investors overwhelmingly opted for rational or contrarian responses.

Demographics and Tool Usage Have Limited Predictive Power

Age, education, and income did not show statistically significant associations

with bias prevalence (all p > 0.1), indicating that behavioral tendencies cut
across demographic boundaries in this sample.

Financial literacy/tool usage (e.g., DCF, P/E) did not significantly reduce bias
or predict rationality (correlation r = —-0.049, p = 0.445; ANOVA p =0.116).

Even investors who frequently use valuation models are not immune to

emotional and social influences.

Biases Directly Affect MRF’s Market Outcomes

The persistent premium of MRF’s market price over its DCF value (+16.9%)

and residual income value (+55.7%) is consistent with the high prevalence of
anchoring and herding observed in the survey.

Loss aversion and overconfidence among retail investors likely contributed

to delayed price corrections and volatility during periods of operational stress
(e.g., 2022 inventory spike and profit drop).

Cultural anchoring and mental accounting explain why a significant segment

holds MRF despite declining ROE and low dividend payout, prioritizing

family tradition or perceived safety over fundamentals.

Factor Analysis Confirms Interacting Bias Clusters

Three main bias clusters were identified:
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« Emotional/Disposition  (overconfidence, loss aversion, mental
accounting)

= Anchoring/Social Reference (anchoring, family, WACC sensitivity)

» Herding/Contrarianism (peer/institutional signals).

These clusters help explain the persistence and complexity of non-rational

investor behavior in the Indian market.

Implications for Investors, Firms, and Policymakers

For Investors

Awareness of biases is crucial: Even experienced or financially literate

investors are not immune.

Rational analysis must be paired with emotional discipline: Reliance on DCF

or P/E alone is insufficient without recognizing and countering psychological

traps.

For Firms (e.g., MRF)

Investor communication should address both fundamentals and behavioral

triggers: Clear, transparent reporting can help counteract rumor-driven
herding or anchoring to past highs.

Dividend and payout policies may need to consider investor psychology, not

just financial optimization.

For Policymakers/Regulators

Investor education must go beyond technical training: Programs should

include modules on behavioral finance and emotional self-regulation.

Market stability measures: Monitoring retail flows and sentiment may help

anticipate and mitigate bubbles or panic selling.

Recommendations

Integrate Behavioral Training into Investor Education:

Include scenario-based modules and self-assessment tools for biases in SEBI,
NSE, and AMFI certification programs.

Firms Should Disclose Behavioral Risk Factors:
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Annual reports and investor presentations should address not just financials
but also common behavioral traps (e.g., anchoring to past prices).
Use Behavioral Insights in Product Design:

Develop investment products (e.g., automatic rebalancing, goal-based funds)
that help counteract loss aversion and herding.
Further Research:

Encourage longitudinal studies and experiments to track how investor biases

evolve over time and with market cycles.
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CONCLUSION

This thesis set out to explore the dynamic interplay between rational investment
techniques and behavioral biases in the Indian stock market, with MRF Ltd. as a
focused case study. Through a dual-methodology approach-combining rigorous
financial modeling and empirical behavioral survey analysis-this research provides
compelling evidence that investor psychology is a critical, and often dominant, force
shaping market outcomes in India.

The literature review established that while classical finance theories like the Efficient
Market Hypothesis and Modern Portfolio Theory offer valuable frameworks for
valuation and risk management, they fall short in explaining persistent anomalies such
as market bubbles, valuation gaps, and excessive volatility. Behavioral finance bridges
this gap by revealing how cognitive and emotional biases-anchoring, herding, loss
aversion, overconfidence, mental accounting, and confirmation bias-systematically
distort investment decisions.

Empirical analysis of survey data confirmed that only about one-third of Indian
investors consistently make rational choices, while the majority are influenced by one
or more behavioral biases. Retail investors, in particular, were found to be significantly
more susceptible to anchoring and herding, a finding supported by statistical
significance (p = 0.033). Contrary to expectations, neither age, education, nor self-
reported financial literacy (use of DCF, P/E, etc.) significantly predicted rationality,
suggesting that emotional and social influences often override technical knowledge.
The integration of these behavioral insights with MRF’s financial model revealed that
persistent market premiums and volatility in MRF’s stock price are closely linked to
the prevalence of these biases. For example, the tendency of investors to anchor to past
prices or follow social trends helps explain why MRF’s market price frequently
exceeds its intrinsic value, even as fundamentals fluctuate. Similarly, loss aversion and
overconfidence contribute to delayed corrections and heightened volatility during
periods of operational stress.

Factor analysis further demonstrated that biases tend to cluster-emotional/disposition,
anchoring/social reference, and herding/contrarianism-underscoring the complexity
and persistence of non-rational behavior in the market.

The implications for investors, firms, and policymakers are profound. For investors,

awareness of one’s own biases is as crucial as technical skill; rational analysis must be
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paired with emotional discipline. For firms, especially high-visibility stocks like MRF,
communication strategies must address both fundamentals and behavioral triggers. For
regulators, investor education must move beyond technical training to include
behavioral finance and emotional self-regulation.

In conclusion, this study demonstrates that behavioral biases are not merely theoretical
constructs but are deeply embedded in the fabric of the Indian equity market, shaping
both individual and collective outcomes. Addressing these biases-through targeted
education, transparent communication, and behavioral product design-is essential for
improving market efficiency, investor welfare, and the long-term stability of India’s
capital markets. Future research should focus on longitudinal and experimental
studies, as well as the development of hybrid frameworks that integrate behavioral

insights into mainstream financial analysis.
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ANNEXURE |

Survey Questionnaire: Bias vs. Logic: Understanding Indian Equity Investors
Through the MRF Lens

Section 1: About You

1. Age Group: 18-25| 26-35|36-45 | 4660 | 60+

2. Education: Below Graduation | Graduate | Postgraduate | Professional
(CA/MBA/PhD)

Occupation: Student | Salaried | Business | Retired | Other

Investment Experience: <2 years | 2-5 years | 5-10 years | 10+ years

Investor Type: Retail | HNI | Institutional

Annual Household Income: <%5 lakh | 5-10 lakh | *10-20 lakh | >X20 lakh

o o > w

Section 2: Scenario-Based Behavioral Bias Assessment

DATA: MRF’s 2021 peak: X1,20,000 | Current price: 1,33,387 | DCF value:

%1,14,100

7. MREF is trading at ¥1,33,387. Your analysis shows fair value is ¥1,14,100, but
social media trends suggest a rally. You: Buy — It might return to its 2021 high
(Anchoring + Herding) | Avoid — Price exceeds fundamentals (Rational) | Short-

sell — Overvaluation is temporary (Contrarian)

DATA: MREF’s 2022 inventory days: 85.44 (5-yr avg: 68.3) | Your purchase price:

%1,40,000

8. MREF drops to ¥1,33,387 with rising inventory. You: Hold — Can’t sell at a loss
(Loss Aversion) | Sell — Fundamentals worsened (Rational) | Buy more — It’ll

rebound (Overconfidence)

DATA: MRF’s institutional holding: 72% | Retail holding: 28%

9. Institutional investors are selling MRF. As a retail investor, you: Sell
immediately — Follow institutions (Herding) | Reassess using DCF and sector data
(Rational) | Buy — Institutions might be wrong (Contrarian)

DATA: MRF’s 5-yr CAGR: 8.7% | Sector avg: 5.2%
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10. Your family insists MRF is a "'safe legacy stock,™ but its ROE is declining.
You: Buy — Trust family advice (Cultural Anchoring) | Compare MRF’s PEG
ratio with peers (Rational) | Avoid — Prefer higher ROE stocks (Strategic)

DATA: MRF’s dividend yield: 0.5% vs. sector 2.1%
11. You’re bullish on MRF but see low dividends. You: Hold — Dividends are
"safe" (Mental Accounting) | Rebalance into higher-yield stocks (Rational) |

Ignore — Focus on capital gains (Confirmation Bias)

Section 3: Financial Literacy & Technique Usage

12. How often do you use these tools? (1 = Never, 5 = Always)
a) DCF valuation
b) Peer P/E comparison
c) Social media sentiment

13. MRF’s WACC is 12.3% vs. sector 9.8%. How does this affect your decision?
Ignore — Too technical (Heuristic) | Recalculate intrinsic value (Rational) | Prefer
lower WACC stocks (Strategic)

Section 4: Cross-Checks & Validation
14. How much do you agree? (1 = Strongly Disagree, 5 = Strongly Agree)
a) "'l never follow trends; I always research™

b) I often reassess my portfolio based on news"

69



turnitin F=mezorz- nEgdy ouentew Eubimisslon 1D Imsld 27 S35 07 1002

6% Overall Similarity

The combled Thal of all maches, Wwchdlig cusrEppleg #onrces, Wor each dabbare.

Filiered fram e Repart

B blloarEpky

caoed  Text

Cled Text

small Maches (ess tian 10 words)

Hatkeh Groups Tep Samrces

@ ee norcrd orciond % S5 @ Wkenet sounces

Maches with selher h-Ext ctaton wor quoiatorn marks N B Pan i

O Mishg QaoFto: % i & Snbm Hted works (Stade ot Papers)

Maches that are 24l veny zim lEr © zoarc: maeral

= O Mizhg Chaton 0%
Maches that bae quoiaton marks, bat wo -Ext chgtow

® 0 Chedad Qwed %
Nackes with h-Ext chFton presest, bat so quotEtor marks

Integrity Flags
O bwlcgrily Flagn dor Bouicw

CUF SYSI0NTS QoIS 100k Saoply O & GOCLIMANT 50F arTY INCOnSiStancias. Tiat
Ho zaspicions Ext manipy Bt el SO0 NSRS a nornal SUbiSSion. I wo RO SOMGhing SEnga, wa fag

IR B 'oR) RO AL

A Flag is not necessanily an indicator of a problem. Howewer, we'd recommend you
oo es, yolir @ilerion there Sor St review

turnitin F=mezorz- negdy ouentew Eubimisslon 1D Imsld 27 S35 07 1002

70



	BEYOND NUMBERS: THE IMPACT OF BEHAVIORAL BIASES AND RATIONAL MODELS ON INDIAN EQUITY INVESTMENT DECISIONS – EVIDENCE FROM MRF LTD.

