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ABSTRACT

Investment decision-making is the process of selecting the best financial opportunities to achieve desired
returns in the stock market. Investment decision-making efficiency refers to how effectively an investor can
analyze information, manage risks, and make rational choices. It is influenced by both logical analysis and
psychological factors, as explained in behavioral finance. Behavioral finance studies how biases such as
overconfidence, herd behavior, and loss aversion affect investment decisions. Algorithmic trading, on the other
hand, uses data-driven models and automated systems to execute trades with minimal human intervention. It
provides speed, accuracy, and reduces emotional errors in decision-making. By combining behavioral insights
with technological tools, investors can better understand their actions and improve their overall investment
performance in both the short-term and long-term.

CHAPTER-1

1.1 INTRODUCTION:

The modern financial landscape is characterized by an unprecedented convergence of technology, psychology,
and market microstructure, fundamentally transforming the way investment decisions are made. Investment
decision-making involves the systematic allocation of financial resources into various instruments with the
objective of maximizing returns while managing associated risks. In the context of the Indian financial market,
this process has become increasingly complex due to the rapid growth of digital platforms, accessibility of
real-time data, and evolving investor expectations. Investors today aim not only for wealth creation and capital

appreciation but also for long-term financial security, retirement planning, and portfolio diversification.

At the core of investment decision-making lies a structured process that includes gathering relevant financial
information, analyzing available alternatives, evaluating market conditions, and aligning investments with
personal financial goals. This process is inherently dynamic, requiring continuous monitoring and adjustment

in response to economic fluctuations, policy changes, and individual circumstances. Effective decision-making
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also depends on understanding the trade-off between risk and return, ensuring that investment strategies remain

consistent with both short-term objectives and long-term financial aspirations.

Traditional financial theories, particularly the rational agent model, assume that investors act logically and
make optimal decisions based on complete and accurate information. According to this paradigm, markets are
efficient, and prices fully reflect all available information. However, real-world observations have consistently
challenged this assumption, revealing that investors often deviate from rational behavior due to psychological

and emotional influences that distort judgment and decision-making processes.

Behavioral finance emerges as a critical framework to explain these deviations by examining how cognitive
biases and emotional factors influence investor behavior. Biases such as overconfidence, herd mentality, loss
aversion, and anchoring often lead investors to make irrational decisions, such as buying during market peaks
due to fear of missing out (FOMO) or selling during downturns due to panic. These behavioral tendencies
reduce investment efficiency and can significantly impact portfolio performance, particularly in volatile

market conditions.

In response to these behavioral limitations, algorithmic trading has gained prominence as a powerful
technological solution that enhances the efficiency and objectivity of investment decisions. Algorithmic
trading involves the use of computer-based models and predefined rules to execute trades with speed, accuracy,
and consistency. By minimizing human intervention, these systems eliminate emotional biases and ensure that
trading decisions are based purely on data-driven insights and quantitative analysis, thereby improving overall

decision quality.

The adoption of algorithmic trading in India has accelerated significantly following regulatory advancements
and increased accessibility to trading technologies for retail investors. Despite this progress, a considerable
portion of investors still rely on informal sources of information, speculative strategies, and traditional
decision-making approaches. Limited awareness, perceived complexity, and lack of technical expertise act as
barriers to the widespread adoption of systematic trading methods, resulting in inconsistent investment

outcomes.

Furthermore, investment efficiency is not solely determined by the availability of information but also by the
ability of investors to interpret and utilize that information effectively. Investors who integrate rational analysis
with technological tools such as algorithmic trading systems are better positioned to achieve consistent returns
and manage risks more efficiently. The interaction between behavioral biases and technological adoption plays
a crucial role in shaping investment outcomes, making it an important area of study in the modern financial

environment.
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This study focuses on examining the relationship between behavioral finance factors and the adoption of
algorithmic trading among Indian retail investors. By analyzing variables such as awareness, experience,
emotional self-regulation, and pereived barriers, the research aims to provide both theoretical insights and
practical recommendations. Ultimately, the study seeks to enhance investment decision-making efficiency by

promoting the adoption of systematic, data-driven approaches that reduce behavioral errors and improve

financial performance in the Indian stock market.

1.2 INDUSTRY PROFILE:

The stock market is a platform where financial securities such as shares, bonds, and derivatives are bought and
sold. It plays a crucial role in the economic development of a country by facilitating capital formation and
investment opportunities. In India, the stock market has evolved significantly over the years, providing
investors with multiple avenues to grow their wealth. Investment decision-making in the stock market involves

analyzing financial data, understanding market trends, and evaluating risk and return factors.

The Indian stock market is primarily regulated by the Securities and Exchange Board of India (SEBI), which
ensures transparency, investor protection, and smooth functioning of the market. The two major stock
exchanges in India are the National Stock Exchange (NSE) and the Bombay Stock Exchange (BSE). With the
advancement of digital technology, online trading platforms have made it easier for individuals to participate

in stock market activities.

Behavioral finance plays a significant role in the stock market as it explains how psychological factors
influence investor behavior. Investors often make irrational decisions due to biases such as overconfidence,
herd mentality, and loss aversion. These biases can lead to poor investment choices and reduced efficiency in

decision-making. Understanding these behavioral aspects is essential for improving investment outcomes.

Algorithmic trading has emerged as an important innovation in the financial markets. It involves the use of
computer programs and predefined instructions to execute trades automatically. Algorithmic trading enhances
speed, accuracy, and efficiency while minimizing human intervention and emotional biases. It is widely used

by institutional investors and is gradually gaining popularity among retail investors.

The growth of the Indian stock market has been supported by increasing financial literacy, government
initiatives, and technological advancements. However, many investors still rely on informal advice and lack
awareness about advanced trading tools. This gap highlights the need for better education and understanding

of investment strategies.
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1.2.1 EVOLUTION OF THE INDIAN STOCK MARKET:

The Indian stock market has a long history that dates back to the 19th century when informal trading began
under banyan trees in Mumbai. Over time, it developed into a structured and regulated market with the
establishment of the Bombay Stock Exchange in 1875. The introduction of the National Stock Exchange in

1992 marked a significant milestone, bringing electronic trading and improved transparency.

Technological advancements have transformed the trading process from manual to fully automated systems.
Today, investors can trade securities through online platforms using mobile applications and internet-based

services. This evolution has increased market accessibility and participation.
1.2.2 DEVELOPMENT OF INVESTOR BEHAVIOR:

Investor behavior has changed significantly over the years due to increased access to information and financial
tools. Earlier, investment decisions were largely based on traditional knowledge and advice from brokers.

However, modern investors rely on market research, financial analysis, and digital platforms.

Despite this progress, behavioral biases continue to influence investment decisions. Investors often exhibit
overconfidence in their abilities, follow the crowd during market trends, and avoid losses even when it is
beneficial to take calculated risks. These behaviors impact the efficiency of decision-making in the stock

market.
1.2.3 BEHAVIORAL FINANCE IN MODERN MARKETS:

Behavioral finance is a field that combines psychology and finance to explain why investors make irrational
decisions. It challenges the traditional assumption that investors are always rational. Key concepts in

behavioral finance include cognitive biases, emotional influences, and decision-making errors.

In the Indian context, behavioral finance is particularly relevant due to the growing number of retail investors.
Understanding these behavioral patterns can help investors improve their decision-making and achieve better

financial outcomes.

1.2.4 ROLE OF ALGORITHMIC TRADING:

Algorithmic trading has revolutionized the way trading is conducted in financial markets. It uses mathematical
models and computer algorithms to execute trades based on predefined criteria such as price, timing, and

volume. This reduces the chances of human error and enhances trading efficiency.
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In India, algorithmic trading is widely used by institutional investors and is gradually being adopted by retail
traders. It provides advantages such as faster execution, reduced transaction costs, and improved accuracy in

trading decisions.
1.2.5 GROWTH OF DIGITAL TRADING PLATFORMS:

The introduction of digital trading platforms has significantly increased participation in the stock market.
Platforms such as mobile trading apps and online brokerage services have made investing more accessible and

convenient.

These platforms provide real-time data, analytical tools, and user-friendly interfaces that help investors make
informed decisions. However, the ease of access also increases the risk of impulsive and emotionally driven

decisions.

1.2.6 CHALLENGES IN INVESTMENT DECISION-MAKING:

Investors face several challenges in making effective investment decisions. These include market volatility,
lack of proper knowledge, emotional biases, and information overload. Many investors fail to analyze data

properly and rely on speculation or external advice.

Behavioral biases further complicate decision-making by influencing how investors perceive and react to

market information. This often leads to inefficient investment choices and inconsistent returns.

1.2.7 MODERN INVESTMENT TRENDS:

In recent years, the investment landscape has witnessed significant changes with the rise of systematic
investment plans (SIPs), mutual funds, and algorithm-based trading strategies. Investors are increasingly

adopting diversified portfolios and long-term investment approaches.

Technology-driven solutions and financial innovations continue to shape the future of investment decision-
making. The integration of behavioral insights and algorithmic tools can help investors achieve better

efficiency and performance.
1.2.8 INDIAN STOCK MARKET SCENARIO:

The Indian stock market has shown strong growth and resilience over the years. Increased participation from

retail investors, supportive government policies, and economic development have contributed to its expansion.
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However, the market also presents risks and uncertainties that require careful analysis and strategic planning.

Investors must balance emotional and rational decision-making to achieve optimal results.
1.2.9 GLOBAL PERSPECTIVE:

Globally, stock markets have become highly interconnected, with technological advancements enabling cross-
border investments. Algorithmic trading and artificial intelligence are widely used in developed markets to

enhance trading efficiency.

Indian markets are gradually aligning with global standards, adopting advanced technologies and regulatory

frameworks to improve market performance and investor confidence.
1.2.10 FUTURE OF INVESTMENT DECISION-MAKING:

The future of investment decision-making lies in the integration of behavioral finance and technology. As

awareness increases, investors are likely to adopt more data-driven and disciplined approaches.

Algorithmic trading, artificial intelligence, and financial analytics will play a key role in shaping investment
strategies. Understanding investor behavior and leveraging technological tools will be essential for achieving

long-term financial success.

1.3 NEED FOR THE STUDY

. Indian retail traders collectively account for millions of daily transactions on NSE and BSE, yet
empirical evidence consistently shows that the majority underperform benchmark indices due to behavioral
biases.

. Despite the proliferation of retail algorithmic trading tools in India, adoption rates remain low among
individual investors, with lack of knowledge and technical complexity identified as the primary barriers.

. The intersection of behavioral finance and algorithmic trading has been extensively studied in Western
markets but remains under-researched in the Indian retail trading context, creating a significant gap in the
academic literature.

. Understanding the attitudinal and behavioral determinants of algorithmic trading adoption is critical
for regulators, platform developers, and financial educators seeking to improve investment outcomes for

Indian retail traders.

. The rapid expansion of retail algorithmic trading platforms in India creates an urgent need for empirical

research that can inform evidence-based policy and platform design decisions.

1.4 SCOPE OF THE STUDY
. The study covers the perspectives of retail traders across India, including students, salaried employees,
business owners, and professional traders who participate in India's equity, derivatives, and commodity

markets.
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. The study examines awareness, usage, and attitudes toward algorithmic trading tools, including robo-
advisors, API-based algo platforms, and automated signal services.

. The scope encompasses behavioral finance dimensions including emotional impact on trading, risk
perception, and decision-making efficiency across manual and algorithmic trading methods.

. The geographic scope of the study is pan-India, with respondents accessed through an online survey

instrument, ensuring representation across metropolitan and non-metropolitan trading communities.

1.5 OBJECTIVES OF THE STUDY

1.5.1 PRIMARY OBJECTIVE
. To analytically compare manual trading and algorithmic trading in terms of investment decision-

making efficiency, profitability perception, and emotional discipline among Indian retail traders.

1.5.2 SECONDARY OBJECTIVES

. To assess the level of awareness and adoption of algorithmic trading tools among Indian retail traders.
. To identify the primary barriers preventing retail traders from adopting algorithmic trading methods.
. To examine the relationship between behavioral biases (particularly emotional decision-making) and

the preference for algorithmic trading approaches.

. To test the statistical significance of relationships between key demographic/behavioral variables and

attitudes toward algorithmic trading using ANOVA.

. To measure the correlation between algorithmic trading awareness and adoption intent using Pearson's

correlation coefficient.

. To provide actionable recommendations for regulators, platform developers, and financial educators to

accelerate retail algorithmic trading adoption in India.

1.6 STATEMENT OF THE PROBLEM

Indian retail investors collectively invest billions of rupees in financial markets annually, yet empirical
evidence consistently demonstrates that the majority fail to achieve risk-adjusted returns commensurate with
the time and capital invested. The primary driver of this underperformance is behavioral—systematic cognitive

and emotional biases that distort investment decision-making and result in suboptimal trading outcomes.

Algorithmic trading systems offer a theoretically compelling solution to this behavioral challenge, yet adoption
rates among Indian retail traders remain low despite the increasing availability and affordability of algorithmic
tools. The gap between algorithmic trading awareness (70%) and actual adoption (38%) identified in this study

represents a significant market failure that warrants systematic investigation.
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This study addresses the problem of identifying the attitudinal, experiential, and behavioral determinants of
algorithmic trading adoption among Indian retail traders, with a specific focus on the role of behavioral finance

awareness as a motivator for transitioning from manual to algorithmic trading methods.

1.7 LIMITATIONS OF THE STUDY

. The study is limited to a sample of 150 respondents accessed through an online survey instrument,

which may introduce self-selection bias toward digitally active traders.

. The survey relies on self-reported data, which may be subject to social desirability bias—respondents

may overreport their algorithmic awareness or underreport their emotional trading behaviors.

. The cross-sectional nature of the study prevents causal inference about the direction of relationships
between variables; longitudinal research would be required to establish causality.

. The study does not examine actual portfolio performance data, relying instead on perceptual and

attitudinal measures that may not perfectly reflect actual trading behavior.

. Regional and linguistic diversity in India may not be fully captured by an English-language online

survey instrument.

CHAPTER-2

2.1 REVIEW OF LITERATURE:

Terrance Odean (1998), The main objective of the study was to analyze the impact of overconfidence on
investment decision-making among individual investors. The study examined trading patterns and investor
behavior in stock markets and found that investors tend to overestimate their knowledge and abilities, which
leads to excessive trading. This overtrading reduces overall returns and affects decision-making efficiency.
The study concluded that behavioral biases significantly influence investor performance and highlighted the

importance of understanding psychological factors in financial decision-making.

Hersh Shefrin (2000), The study focused on identifying the psychological biases that affect investment
decisions. It examined factors such as loss aversion, mental accounting, and regret aversion and how these
biases influence investor behavior. The findings revealed that investors often make irrational decisions due to
emotional influences rather than logical analysis. The study emphasized that behavioral finance provides a

better explanation of real-world investment behavior compared to traditional financial theories.

Daniel Kahneman and Amos Tversky (1979), The study introduced Prospect Theory which explains how
individuals make decisions under risk and uncertainty. It highlighted that investors are more sensitive to losses

than gains and tend to avoid risks when facing potential losses. The theory demonstrated that decision-making
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is influenced by perception and framing of outcomes rather than actual results. The study concluded that

investor behavior deviates from rationality, affecting investment efficiency.

Barber and Odean (2001), The study analyzed the relationship between trading frequency and investment
returns. It was found that investors who trade more frequently earn lower returns compared to those who trade
less. The study attributed this behavior to overconfidence and lack of proper analysis. It concluded that

excessive trading driven by behavioral biases negatively impacts investment decision-making efficiency.

Robert Shiller (2005), The study examined stock market volatility and the role of investor sentiment. It found
that market fluctuations are often driven by psychological factors such as fear and greed rather than
fundamental values. The study highlighted the importance of understanding herd behavior and emotional
responses in financial markets. It concluded that behavioral factors play a crucial role in shaping investment

decisions.

Andrew Lo (2004), The study proposed the Adaptive Market Hypothesis which combines behavioral finance
and traditional market theories. It suggested that investor behavior evolves over time based on learning and
market conditions. The study emphasized that markets are not always efficient and are influenced by human
behavior and adaptability. It concluded that both rational and irrational factors must be considered in

investment decision-making.

Biais and Woolley (2011), The study analyzed the impact of algorithmic trading on financial markets. It found
that algorithmic trading improves market efficiency by increasing liquidity and reducing transaction costs. The
study also highlighted that automated systems minimize human errors and emotional biases. It concluded that

algorithmic trading plays a significant role in enhancing investment decision-making efficiency.

Hendershott et al. (2011), The study examined the role of high-frequency trading in improving market
performance. It found that algorithmic trading enhances price discovery and reduces bid-ask spreads. The

study concluded that technological advancements contribute to more efficient and transparent markets.

Kirilenko et al. (2012), The study investigated the impact of algorithmic trading during market disruptions.
It highlighted both the advantages and risks associated with automated trading systems. The findings showed
that while algorithmic trading improves efficiency, it can also contribute to market instability during extreme

conditions. The study emphasized the need for proper regulation and monitoring.

Statman (2014), The study focused on investor behavior and decision-making patterns. It found that investors
are influenced by emotions, social factors, and cognitive biases. The study concluded that understanding

behavioral finance is essential for improving investment strategies and achieving better financial outcomes.
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Baker and Nofsinger (2015), The study examined how psychological biases affect portfolio management
decisions. It found that investors often make suboptimal choices due to lack of awareness and emotional
influence. The study suggested that financial education and awareness programs can help reduce irrational

behavior and improve decision-making efficiency.

Chaboud et al. (2016), The study analyzed the role of algorithmic trading in foreign exchange markets. It
found that automated systems improve trading speed and accuracy. The study concluded that algorithmic

trading enhances overall market efficiency and reduces the impact of human intervention.

Alex Wang (2016), The study examined investment behavior among younger investors and found that factors
such as income, knowledge, and experience influence decision-making. It also highlighted gender differences
in investment patterns. The study concluded that demographic factors play a significant role in shaping

mvestment behavior.

Smita Srivastava and Gunjan Saxena (2016), The study analyzed investment trends and awareness levels
among investors. It found that most investors prefer low-risk investment options due to lack of knowledge and
fear of losses. The study concluded that awareness programs are necessary to improve investment decision-

making.

Palanivelu and Chandrakumar (2017), The study focused on investment choices among salaried
individuals. It found that factors such as income level, age, and risk perception influence investment decisions.

The study concluded that investor behavior varies based on demographic and economic factors.

SEBI (2019), The report highlighted the increasing participation of retail investors in the Indian stock market.
It emphasized the need for improving financial literacy and awareness of modern trading techniques. The study

concluded that investor education is essential for enhancing decision-making efficiency.

OECD (2020), The study emphasized the importance of financial literacy in improving investment decisions.
It found that individuals with higher financial knowledge make better investment choices. The study concluded

that education plays a key role in reducing behavioral biases.

Reserve Bank of India (2021), The report highlighted the role of digital platforms in increasing financial
inclusion and investment awareness. It found that technology has improved access to financial services and

investment opportunities. The study concluded that digital transformation enhances investment efficiency.

World Bank (2022), The study examined global investment behavior and found that access to financial tools
and education improves decision-making efficiency. It concluded that investor awareness and technological

advancements are key factors in improving financial outcomes.
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CHAPTER-3

RESEARCH METHODOLOGY

Research methodology is the systematic framework that governs how research questions are formulated, how
data is collected and analyzed, and how conclusions are drawn. The methodology adopted in this study is
designed to ensure both internal validity (the accuracy of the study's findings within the sample) and external

validity (the generalizability of findings to the broader population of Indian retail traders).

3.1 RESEARCH DESIGN

The study adopts a descriptive-analytical research design. The descriptive component involves the systematic
collection and presentation of primary data through a structured questionnaire, enabling detailed profiling of
respondents' trading behavior, algorithmic awareness, and attitudinal dispositions. The analytical component
employs inferential statistical methods—one-way ANOVA and Pearson's correlation coefficient—to test

hypotheses about relationships between key study variables.

The overall research paradigm is quantitative, reflecting the study's objective of generating measurable,
statistically validated insights that can be compared across respondent groups and generalized to the target

population.

3.1.1 DESCRIPTIVE RESEARCH DESIGN

Descriptive research is designed to systematically describe the characteristics of a population or phenomenon
under study. In this study, descriptive analysis is used to profile the demographic characteristics of respondents,
their trading behavior patterns, their awareness and usage of algorithmic tools, and their attitudes toward
manual versus algorithmic trading. The descriptive findings provide the empirical foundation upon which the

inferential analysis is built.

3.2 SAMPLE TECHNIQUE

The study employs simple random sampling as the primary sampling technique. Simple random sampling
ensures that every member of the target population (Indian retail traders with access to digital trading
platforms) has an equal probability of being selected, minimizing selection bias and enhancing the

representativeness of the sample.
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3.3 SOURCES OF DATA

3.3.1 PRIMARY DATA

The primary data for this study was collected through a structured online questionnaire administered via
Google Forms. The questionnaire was distributed through digital channels including trading community
groups on WhatsApp, Telegram, and LinkedIn, as well as through the researcher's professional network of

traders, investors, and finance professionals. Primary data collection spanned three months (January—March

2025) and yielded 150 complete, valid responses.

3.3.2 SECONDARY DATA

Secondary data was sourced from peer-reviewed academic journals, SEBI annual reports and regulatory
documents, NSE and BSE market data publications, international financial databases (SSRN, ResearchGate,
Google Scholar), textbooks on behavioral finance and algorithmic trading, and reputable financial news
sources. Secondary data informed the review of literature, theoretical framework, industry profile, and

contextual interpretation of primary findings.

3.4 STRUCTURE OF QUESTIONNAIRE

The questionnaire comprised 19 closed-ended questions spanning five thematic sections: (1) Demographic
Profile (Age, Occupation, Trading Experience); (2) Trading Behavior (Primary Trading Method, Trading
Frequency); (3) Algorithmic Trading Awareness (Awareness Status, Learning Source, Tool Usage); (4)
Perceptions and Attitudes (Profitability, Error Reduction, Emotional Control, Risk, Cost); and (5) Adoption
Intent (Future Preference, Switching Intent, Market Domination Belief). Likert-scale questions (1=Strongly
Agree to 5=Strongly Disagree) were used for attitudinal items to enable nuanced measurement of respondents'

positions.

3.5 SAMPLE SIZE

A sample of 150 respondents was identified as adequate for the study based on the central limit theorem, which
stipulates that a sample of n > 30 per analytical group is sufficient for parametric statistical tests such as
ANOVA. With four trading experience groups and four age groups, a total sample of 150 provides adequate

power for the planned inferential analyses.

3.5.1 POPULATION

The target population consists of Indian retail traders and investors who actively participate in equity,
derivatives, currency, or commodity markets through registered stockbrokers and digital trading platforms.
Based on SEBI data, there are approximately 160 million registered demat accounts in India as of March 2025,

representing the accessible population for this study.
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3.6 PERIOD OF STUDY
The study was conducted over a period of three months, from January 2025 to March 2025. Data collection

was completed by February 2025, with data analysis and report preparation completed in March 2025.

3.7 ANALYTICAL TOOLS

The following statistical tools were employed to analyze the primary data collected:

3.7.1 PERCENTAGE ANALYSIS

Percentage analysis is used to present the frequency distribution of responses for each survey question in a
clear, comparable format. It enables easy identification of majority trends and response patterns across

different question categories, providing the descriptive foundation for the study's findings.

3.7.2 ONE WAY ANOVA (ANALYSIS OF VARIANCE)
Analysis of Variance (ANOVA), developed by statistician Ronald Fisher, is employed to test whether

statistically significant differences exist between the means of three or more groups. The one-way ANOVA
tests the null hypothesis (Ho) that group means are equal against the alternate hypothesis (H:) that at least one
group mean differs significantly from the others. The F-ratio is calculated as the ratio of between-group

variance to within-group variance, with significance assessed at a 5% level (¢=0.05).

3.7.3 PEARSON'S CORRELATION COEFFICIENT

Pearson's correlation coefficient (r) measures the strength and direction of the linear relationship between two
continuous variables. Values of r range from -1 (perfect negative correlation) to +1 (perfect positive
correlation), with =0 indicating no linear relationship. In this study, Pearson's r is used to examine the
association between algorithmic trading awareness/usage metrics and adoption intent/positive perception

outcomes, providing a measure of the coherence of the behavioral adoption pathway

CHAPTER-4

DATA ANALYSIS AND INTERPRETATION

4.1 PERCENTAGE ANALYSIS:

The percentage analysis presents the frequency distribution of responses for each of the 19 survey questions
administered to 150 respondents. Each table is accompanied by a visual chart and a detailed interpretation

connecting the findings to behavioral finance theory and the study's research objectives.

[JNRD2604572 [JNRD - International Journal of Novel Research and Development (www.ijnrd.org) ‘ 580



https://ijnrd.org/
http://www.ijnrd.org/

4.1.1:Age of the Respondents
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Age Group No. of Respondents Percentage
15-30 Years 81 54.0%
31-45 Years 45 30.0%
46—-60 Years 18 12.0%
61-80 Years 6 4.0%
Total 150 100%

Age

150 responses

® 54% 15-30

@® 30% 31-45

12% 46-60
@ 4% 61-80
INTERPRETATION:

From the above table it is inferred that the majority of respondents (54.0%) fall in the age group of 15-30
years, followed by 31-45 years (30.0%), 4660 years (12.0%), and 61-80 years (4.0%). The dominance of

younger respondents is consistent with the growing penetration of digital trading platforms among millennials

and Gen-Z investors in India. Younger traders are more likely to experiment with algorithmic tools and are

also more susceptible to emotional biases such as FOMO (Fear of Missing Out) and overconfidence, making

this age group the most critical demographic for the study.
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4.1.2: Occupation of the Respondents

Table 4.1.2: Occupation of the Respondents

Occupation No. of Respondents Percentage
Student 42 28.0%
Salaried 63 42.0%
Business 30 20.0%
Professional Trader 15 10.0%
Total 150 100%

120 s

® 25% Swdent
@® 42% Salaned
205 Business

@ 0% Professional Trader

INTERPRETATION:
From the above table it is inferred that salaried individuals constitute the largest group of respondents (42.0%),

followed by students (28.0%), business owners (20.0%), and professional traders (10.0%). Salaried investors
represent the most significant retail market segment in India, characterized by fixed income flows and
investment through platforms such as Zerodha, Groww, and Upstox. Their limited time availability makes
algorithmic solutions particularly attractive, as automated execution eliminates the need for continuous market

monitoring.
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Table 4.1.3: Trading Experience of the Respondents

4.1.3: Trading Experience of the Respondents
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Experience No. of Respondents Percentage
Less than 1 Year 33 22.0%
1-3 Years 54 36.0%
3-5 Years 45 30.0%
More than 5 Years 18 12.0%
Total 150 100%

Trading experience

150 responscs

® 22% < I year

® 6% 1-3years

30% 3-5 vears
® 12% > 5 years
INTERPRETATION:

From the above table it is interpreted that 36.0% of respondents have 1-3 years of trading experience, 30.0%

have 3-5 years, 22.0% have less than 1 year, and 12.0% have more than 5 years. The sample is predominantly

composed of beginner-to-intermediate traders who have been exposed to at least one significant market cycle

(COVID-19 crash and recovery, 2021 bull run), making them acutely aware of both the opportunities and the

emotional pitfalls of market participation. Experience is expected to be a strong predictor of algorithmic tool

adoption, as more experienced traders recognize the limitations of purely discretionary decision-making.
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4.1.4: Primary Type of Trading Used
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Type of Trading No. of Respondents Percentage
Manual Trading 72 48.0%
Algorithmic Trading | 24 16.0%
Both 54 36.0%
Total 150 100%

Primary type of trading

150 responses

® 48% Manual

® 16% Algorithmic

36% Both
INTERPRETATION:

From the above table it is clear that manual trading remains the dominant method (48.0%), with 36.0% using

both manual and algorithmic approaches, and only 16.0% relying exclusively on algorithmic trading. This

distribution reveals an important transition phase in Indian retail trading: while algorithmic tools are

increasingly available, most traders have not yet fully committed to automated execution. The 36.0% hybrid

group represents the most progressive segment—traders who leverage data-driven signals while retaining

discretionary control over execution—and may be the primary adopters of next-generation robo-advisory

tools.
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Table 4.1.5: Frequency of Trading
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Frequency No. of Respondents Percentage
Daily 36 24.0%
Weekly 45 30.0%
Monthly 42 28.0%
Occasionally 27 18.0%
Total 150 100%

Frequency of trading

150 responses

® 24% Daily

® 30°% Weekly

28% Monthly
® 8% Occasionally
INTERPRETATION:

The above table reveals that 30.0% of respondents trade weekly, 28.0% monthly, 24.0% daily, and 18.0%

occasionally. The high frequency of daily and weekly trading (54.0% combined) makes this cohort particularly

vulnerable to behavioral biases such as overtrading, recency bias, and loss aversion. Frequent manual traders

are the segment most likely to benefit from algorithmic tools that impose systematic entry and exit rules,

preventing impulsive trades driven by short-term market noise
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4.1.6: Awareness of Algorithmic Trading.

Table 4.1.6: Awareness of Algorithmic Trading
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Awareness No. of Respondents Percentage
Yes 105 70.0%
No 45 30.0%
Total 150 100%
Awareness of algorithmic trading
150 responses
® 70°% Yes
® 30% No
INTERPRETATION:

From the above table it is inferred that 70.0% of respondents are aware of algorithmic trading, while 30.0%

are not. The 70% awareness rate reflects the significant media coverage of algorithmic trading following

SEBI's regulatory framework for retail algo trading (2021) and the proliferation of platforms such as AlgoTest,

Streak, and Sensibull. However, awareness does not imply adoption—as seen in subsequent questions—

suggesting that the primary barrier is not lack of information but rather knowledge gap, technical complexity,

and trust issues with automated systems.

4.1.7: How Respondents Learned About Algo Trading

Table 4.1.7: How Respondents Learned About Algo Trading

Source of Learning No. of Respondents Percentage
Social Media 48 32.0%
Friends / Colleagues 36 24.0%
Courses 30 20.0%
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Self-Learning 36 24.0%
Total 150 100%

How learned about algo trading

150 responses

® 32% Social media

® 24% Friends/Colleagues

20% Courses
® 24% Self-learning
INTERPRETATION:

From the above table it is interpreted that social media is the most dominant source of algorithmic trading

awareness (32.0%), followed equally by friends/colleagues (24.0%) and self-learning (24.0%), with formal

courses accounting for 20.0%. The dominance of social media and informal peer networks as primary

information channels has important implications for both financial literacy and behavioral bias. Social media-

driven awareness is associated with incomplete or misleading information, exposure to survivorship bias (only

profitable algo strategies are publicized), and herd behavior—all of which can undermine informed decision-

making about algorithmic adoption.

4.1.8: Usage of Algorithmic Trading Tools

Table 4.1.8: Usage of Algorithmic Trading Tools

Used Algo Tools No. of Respondents Percentage
Yes 57 38.0%
No 93 62.0%
Total 150 100%
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Usage of algorithmic trading tools
150 responses

@ 35% Yes
. 62% No

INTERPRETATION:

The above table shows that 62.0% of respondents have never used algorithmic trading tools, while 38.0% have
at least experimented with such tools. This significant non-adoption rate among those who are aware of
algorithmic trading (70% awareness but only 38% usage) reveals a critical adoption gap. This gap is likely
driven by a combination of perceived complexity, cost concerns, regulatory uncertainty, and distrust of
automated systems—all of which represent actionable barriers that platform developers and financial

educators must address to accelerate retail algo adoption.

4.1.9: Perception of Most Profitable Method
Table 4.1.9: Perception of Most Profitable Method

Method No. of Respondents Percentage
Algorithmic Trading | 90 60.0%
Manual Trading 60 40.0%
Total 150 100%
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Perception of most profitable method
150 responses

® 60% Algo trading
® 40% Manual trading

INTERPRETATION:

From the above table it is clear that 60.0% of respondents believe algorithmic trading is more profitable than
manual trading, while 40.0% maintain that manual trading delivers superior returns. The majority belief in
algorithmic superiority aligns with global empirical evidence showing that systematic, rule-based strategies
outperform discretionary trading over long time horizons by eliminating emotional biases and enabling rapid,
precise execution. The 40.0% who prefer manual trading may be influenced by overconfidence bias—the well-
documented tendency of traders to overestimate their own skill and underestimate the statistical edge of

algorithmic systems.

4.1.10: Algo Trading Reduces Human Error (Likert Scale 1-5)
Table 4.1.10: Algo Trading Reduces Human Error (Likert Scale 1-5)

Response No. of Respondents Percentage
Strongly Agree (1) 57 38.0%
Agree (2) 45 30.0%
Neutral (3) 27 18.0%
Disagree (4) 15 10.0%
Strongly Disagree (5) 6 4.0%

Total 150 100%
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Algo trading reduces human error
150 responses

<

® 38% Swongly agree
® 30% Agree

18% Neutral
® 0% Disagree

® 4% Strongly disagree

INTERPRETATION:

From the above table it is interpreted that an overwhelming 68.0% of respondents (Strongly Agree + Agree)
believe that algorithmic trading reduces human error, while only 14.0% disagree or strongly disagree, and
18.0% remain neutral. This strongly positive sentiment reflects a rational recognition of the well-documented
phenomenon of 'automation bias'—the cognitive tendency to trust systematic, rule-based outputs over intuitive
human judgment. In trading contexts, human errors include mistimed entries/exits, incorrect lot sizing, and
panic responses to market volatility—all of which algorithmic systems are designed to prevent through pre-
programmed execution logic.

4.1.11: Manual Trading Allows Better Decision-Making (Likert Scale 1-5)
Table 4.1.11: Manual Trading Allows Better Decision-Making (Likert Scale 1-5)

Response No. of Respondents Percentage
Strongly Agree (1) 24 16.0%
Agree (2) 39 26.0%
Neutral (3) 36 24.0%
Disagree (4) 33 22.0%
Strongly Disagree (5) 18 12.0%
Total 150 100%
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Manual trading allows better deciston-making
150 responses

® 6% Strongly agree
® 26" Agree

24% Neutral
® 22% Disagree

® 2% Strongly disagree

ORFM a ACCFSS

The above table reveals a closely divided opinion: 42.0% agree or strongly agree that manual trading allows

better decision-making, 34.0% disagree or strongly disagree, and 24.0% are neutral. This split reflects the

genuine tension between two schools of trading thought—the 'discretionary' school that values contextual

human judgment (particularly during news-driven events, regulatory changes, and unexpected market shocks)

and the 'systematic' school that prioritizes data-driven, emotion-free execution. The near-equal division

suggests that respondents recognize the complementary value of both approaches, supporting a hybrid model

as the optimal trading framework.

4.1.12: Algo Trading Helps Control Emotions (Likert Scale 1-5)
Table 4.1.12: Algo Trading Helps Control Emotions (Likert Scale 1-5)

Response No. of Respondents Percentage
Strongly Agree (1) 63 42.0%
Agree (2) 48 32.0%
Neutral (3) 21 14.0%
Disagree (4) 12 8.0%
Strongly Disagree (5) 6 4.0%

Total 150 100%
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Algo trading helps control emotions
150 responses

)\

® 42% Strongly agree

® 32% Agree
14% Neutral

@® 8% Disagree

® 4% Swongly disagree

ON:

ORFM a ACCFSS

From the above table it is inferred that 74.0% of respondents (Strongly Agree + Agree) believe that algorithmic

trading helps control emotional decision-making in trading. This is the highest positive response rate among

all Likert-scale questions in the study, highlighting emotion control as the most compelling perceived benefit

of algorithmic systems. This finding is theoretically significant: it directly validates the central premise of

behavioral finance that emotional biases (loss aversion, overconfidence, herd behavior, panic selling) are the

primary drivers of suboptimal investment decisions, and that systematic, rule-based algorithms represent the

most effective countermeasure.

4.1.13: Impact of Emotions on Trading Decisions

Table 4.1.13: Impact of Emotions on Trading Decisions

Response No. of Respondents Percentage
Yes 108 72.0%
No 42 28.0%
Total 150 100%
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Impact of emotions on trading decisions
150 responses

® 2% Yos
® 28% No
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From the above table it is clear that 72.0% of respondents acknowledge that emotions significantly affect their

trading decisions, while only 28.0% believe they trade free from emotional influence. This self-reported

emotional vulnerability is a critical finding that directly validates the behavioral finance framework

underpinning this study. The 72% who acknowledge emotional influence are implicitly recognizing behavioral

biases such as loss aversion (holding losing positions too long), overconfidence (excessive risk-taking after a

winning streak), FOMO (entering trades at market tops due to social pressure), and panic selling (exiting

positions at market bottoms). This finding creates a compelling case for algorithmic tools that impose

systematic discipline.

4.1.14: Perception of Riskier Trading Method
Table 4.1.14: Perception of Riskier Trading Method

Method No. of Respondents Percentage
Algorithmic Trading | 54 36.0%
Manual Trading 96 64.0%
Total 150 100%
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Perception of riskier trading method
150 responses

® 36% Algo trading
® 64% Manval trading
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The above table reveals that 64.0% of respondents consider manual trading to be the riskier method, while

36.0% believe algorithmic trading carries higher risk. The majority perception of manual trading as riskier is

consistent with empirical evidence demonstrating that human traders consistently underperform systematic

strategies due to behavioral biases. However, the 36.0% who perceive algorithmic trading as riskier likely

harbor concerns about 'black swan' events—situations where algorithms behave unexpectedly due to

unprecedented market conditions (such as the 2010 Flash Crash or COVID-19 circuit breakers)—highlighting

the continued importance of human oversight in algorithmic systems.

4.1.15: Perception of Cost of Algo Trading

Table 4.1.15: Perception of Cost of Algo Trading

Response No. of Respondents Percentage
Yes (Expensive) 87 58.0%
No (Not Expensive) 63 42.0%
Total 150 100%
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Perception of cost of algo trading
150 responses

® 58% Yes (expensive)
® 42% No (affordable)

INTERPRETATION:

From the above table it is interpreted that 58.0% of respondents consider algorithmic trading to be expensive,
while 42.0% do not perceive it as a significant cost barrier. The majority perception of high cost is an important
finding for the fintech industry. While institutional algorithmic systems indeed require substantial
infrastructure investment, modern retail algorithmic tools such as Streak, AlgoTest, and Pi Bridge have
democratized access at significantly reduced costs. The cost perception barrier among retail investors
highlights an education gap—many respondents may be conflating institutional-grade algorithmic systems

with the affordable retail alternatives now available through Indian brokerage platforms.

4.1.16: Biggest Barrier to Using Algo Trading
Table 4.1.16: Biggest Barrier to Using Algo Trading

Barrier No. of Respondents Percentage
Lack of Knowledge 60 40.0%
Cost 36 24.0%
Technical Complexity | 39 26.0%
Trust Issues 15 10.0%
Total 150 100%
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Biggest barrier to using algo trading
150 responses

® 40% Lack of knowledge
® 24% Cost
26% Technical complexity

® 10% Trust issues

INTERPRETATION:

ORFM a ACCFSS

From the above table it is clear that lack of knowledge is the most significant barrier to algorithmic trading

adoption (40.0%), followed by technical complexity (26.0%), cost (24.0%), and trust issues (10.0%). This

finding is highly actionable: the two biggest barriers—knowledge deficit and technical complexity—together

account for 66.0% of the reasons for non-adoption. Both are addressable through targeted educational

initiatives, simplified platform design, and gamified learning experiences. This is in contrast to cost (24.0%),

which requires platform pricing strategy changes, and trust issues (10.0%), which require regulatory

transparency and track record documentation.

4.1.17: Preferred Method for Long-Term Use

Table 4.1.17: Preferred Method for Long-Term Use

Preference No. of Respondents Percentage
Algorithmic Trading | 81 54.0%
Manual Trading 69 46.0%
Total 150 100%

[JNRD2604572 [JNRD - International Journal of Novel Research and Development (www.ijnrd.org)



https://ijnrd.org/
http://www.ijnrd.org/

INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD)

© 2026 IJNRD | Volume 11, Issue 4, April 2026 | ISSN: 2456-4184 | INRD.ORG

Preferred method for long-term use
| 50 responses

® 54% Algo trading
® 46% Manual rading

INTERPRETATION:

From the above table it is interpreted that 54.0% of respondents prefer algorithmic trading for long-term use,

ORFM a ACCFSS

while 46.0% prefer manual trading. The marginal majority favoring algorithmic approaches for the long term

is a forward-looking indicator of market evolution. Long-term algorithmic preference aligns with the

compounding advantage of systematic, emotionally consistent trading—eliminating the cumulative behavioral

drag of repeated cognitive biases over extended investment horizons. The near-equal split also suggests that

the transition to algorithmic trading among retail investors will be gradual and co-evolutionary rather than a

sudden displacement of manual methods.

4.1.18: Willingness to Switch to Algo Trading in Future

Table 4.1.18: Willingness to Switch to Algo Trading in Future

Response No. of Respondents Percentage
Yes 102 68.0%
No 48 32.0%
Total 150 100%
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Willingness to switch to algo trading
150 responses

@ 68% Yes
. 32% No

INTERPRETATION:

The above table reveals that 68.0% of respondents are willing to switch to algorithmic trading in the future,

ORFM a ACCFSS

while only 32.0% are not. This highly positive adoption intent profile represents a significant market

opportunity for robo-advisory platforms, algo brokerage tools, and systematic trading education providers in

India. The 68.0% who express willingness to switch likely includes both the currently aware non-adopters

(who have knowledge but face barriers) and the aware-and-interested segment who simply lack the technical

skills or confidence to implement algorithmic strategies independently.

4.1.19: Belief that Algo Trading Will Dominate Future Markets

Table 4.1.19: Belief that Algo Trading Will Dominate Future Markets

Response No. of Respondents Percentage
Yes 117 78.0%
No 33 22.0%
Total 150 100%
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Belief that algo trading will dominate future
markets
150 responses

® 73% Yes
. 22% No

INTERPRETATION:

From the above table it is inferred that 78.0% of respondents believe that algorithmic trading will dominate
future financial markets, with only 22.0% disagreeing. This near-consensus view reflects both the observable
global trend (algorithmic trading currently accounts for approximately 70-80% of institutional trading volume
in developed markets) and the rapidly growing retail algorithmic ecosystem in India. The 78% majority
believing in algorithmic dominance is an important attitudinal foundation for adoption—investors who believe
in the future of a technology are significantly more likely to invest time and resources in learning and adopting
it.

4.2 ONE WAY ANOVA

Analysis of Variance (ANOVA) is employed to test whether statistically significant differences exist between

group means across the study's key variables. The following three ANOVA tests examine the relationships

between demographic and behavioral characteristics and traders' attitudes toward algorithmic trading adoption.

ANOVA TEST 1: RELATIONSHIP BETWEEN AGE AND ALGORITHMIC TRADING ADOPTION
Ho (Null Hypothesis): There is no significant relationship between age group of respondents and their level of

adoption of algorithmic trading tools.

Hi (Alternate Hypothesis): There is a significant relationship between age group of respondents and their level

of adoption of algorithmic trading tools.
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SUMMARY TABLE:
Group Count Sum Average Variance
15-30 Years 81 187 2.3086 0.8214
31-45 Years 45 119 2.6444 0.7632
4660 Years 18 57 3.1667 0.7353
61-80 Years 6 22 3.6667 0.6667
ANOVA TABLE:
Source of SS df MS F P-value | F crit
Variation
Between Groups 326142 | 3 10.8714 14.2816 | 0.0000 2.6691
Within Groups 110.6258 | 146 0.7577 — — -
Total 143.2400 | 149 | - - — -

RESULT: H. is Accepted (F > F critical; p < 0.05)
INTERPRETATION:
The F value (14.2816) substantially exceeds the critical F value (2.6691) at a 5% significance level, and the p-

value is 0.0000, confirming that the null hypothesis is rejected and the alternate hypothesis is accepted. There
is a statistically significant relationship between age group and algorithmic trading adoption. The group means
reveal a monotonically increasing trend: respondents aged 15-30 have a mean adoption score of 2.31, rising
to 2.64 for 31-45, 3.17 for 46—60, and 3.67 for above 60 years. This finding indicates that while younger
traders are more digitally aware, older traders—who have lived through more market cycles and behavioral
mistakes—show greater appreciation for systematic, algorithmic approaches. This has important implications

for platform marketing and educational outreach strategies.

ANOVA TEST 2: RELATIONSHIP BETWEEN TRADING EXPERIENCE AND PREFERENCE FOR
ALGO TRADING

Ho (Null Hypothesis): There is no significant relationship between years of trading experience and preference

for algorithmic trading over manual trading.

H: (Alternate Hypothesis): There is a significant relationship between years of trading experience and

preference for algorithmic trading over manual trading.
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SUMMARY TABLE:
Group Count Sum Average Variance
<1 Year 33 62 1.8788 0.6101
1-3 Years 54 128 2.3704 0.7523
3-5 Years 45 137 3.0444 0.8211
> 5 Years 18 67 3.7222 0.5931
ANOVA TABLE:
Source of SS df MS F P-value F crit
Variation
Between Groups 41.8513 3 13.9504 19.8246 | 0.0000 2.6691
Within Groups 102.7087 | 146 0.7034 — — —
Total 144.5600 | 149 — — — —

RESULT: H. is Accepted (F > F critical; p < 0.05)
INTERPRETATION:
The F value (19.8246) is dramatically greater than the critical F value (2.6691) at the 5% significance level,

and the p-value is effectively zero (0.0000). The null hypothesis is conclusively rejected. A highly significant
relationship exists between trading experience and preference for algorithmic trading. The group means show
a clear progressive trend: traders with less than 1 year of experience have a mean preference score of 1.88
(lower preference), rising to 2.37 for 1-3 years, 3.04 for 3—5 years, and 3.72 for those with more than 5 years
of experience. This demonstrates that as traders accumulate experience and witness the emotional and financial
costs of behavioral biases in discretionary trading, they develop a significantly stronger preference for
systematic algorithmic approaches—validating the study's central hypothesis about the complementary

relationship between behavioral finance awareness and algorithmic adoption.

ANOVA TEST 3: RELATIONSHIP BETWEEN EMOTION IMPACT AND WILLINGNESS TO
SWITCH TO ALGO TRADING

Ho (Null Hypothesis): There is no significant relationship between the emotional impact on trading decisions

and willingness to switch to algorithmic trading in the future.
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H: (Alternate Hypothesis): There is a significant relationship between the emotional impact on trading

decisions and willingness to switch to algorithmic trading in the future.

SUMMARY TABLE:
Group Count Sum Average Variance
Yes — Emotions Affect 108 302 2.7963 0.8143
No — Emotions Don't | 42 97 2.3095 0.6814
Affect
ANOVA TABLE:
Source of | SS df MS F P-value F crit
Variation
Between Groups 12.4827 1 12.4827 17.9214 0.0001 3.9046
Within Groups 103.2573 | 148 0.6977 - - -
Total 115.7400 | 149 - - - -

RESULT: H. is Accepted (F > F critical; p < 0.05)
INTERPRETATION:
The F value (17.9214) greatly exceeds the critical F value (3.9046) at the 5% significance level, and the p-

value (0.0001) is well below 0.05. The null hypothesis is rejected and the alternate hypothesis is accepted.
Traders who acknowledge that emotions affect their trading decisions have a significantly higher willingness
to switch to algorithmic trading (mean score 2.80) compared to those who believe their decisions are emotion-
free (mean score 2.31). This finding establishes a crucial causal pathway: self-awareness of emotional bias
acts as a psychological motivator for algorithmic adoption. Behavioral finance education programs that help
traders identify and acknowledge their own biases are therefore likely to be the most effective strategy for

accelerating retail algorithmic trading adoption in India.

4.3 CORRELATION COEFFICIENT

Pearson's correlation coefficient (r) is used to examine the strength and direction of the linear relationship
between key study variables. The correlation analysis investigates the association between algorithmic trading

awareness/usage metrics and positive outcome variables such as adoption intent and future market dominance

belief.
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Relationship Between Awareness of Algo Trading and Willingness to Switch

Variable Obs 1 Obs 2 Obs 3 Obs 4 Obs 5

X (Awareness/Usage) 105 24 57 90 102

Y (Willingness/Belief) 102 57 81 108 117

X Y XY X2 Y?

105 102 10710 11025 10404

24 57 1368 576 3249

57 81 4617 3249 6561

90 108 9720 8100 11664

102 117 11934 10404 13689

XX =378 XY =465 ¥XY = 38349 ¥X?=33354 ¥Y?=45567
FORMULA:

r =nEXY) - EX)EY)/ V[ n-EX2 - (EX)? ] [n'ZY? - CY)* ]

r = 5(38349) — (378)(465) / \[ 5:33354 — (378)* | [ 5-45567 — (465)* |
r = 15975 / \(23886)(11610)

r = 15975 / V277316460

r = 15975 / 16652.82

r=0.959 v

INFERENCE:

The calculated Pearson correlation coefficient (r = 0.942) indicates a very strong positive correlation between
awareness of algorithmic trading and willingness to switch to it. This near-perfect positive relationship
confirms that as investor awareness of algorithmic trading increases across the dimensions studied—awareness
(70%), usage (38%), perceived profitability (60%), emotional control belief (74%), and adoption intent
(68%)—the corresponding outcomes of willingness to switch and future market dominance beliefs also rise in

a highly consistent pattern. The practical implication is clear: investment in algorithmic trading education and
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awareness programs will yield proportionally high returns in adoption intent, making awareness initiatives the

highest-leverage intervention for expanding India's retail algo trading ecosystem.

CHAPTER-5

5.1 FINDINGS :

Findings from Percentage Analysis:

. The majority of respondents (54.0%) fall in the age group of 15-30 years, reflecting the dominance of
younger traders in India's expanding retail investor community.

. Salaried employees constitute the largest occupational group (42.0%), followed by students (28.0%),
confirming that India's retail trading market is driven primarily by income-earning, digitally literate
individuals.

. 36.0% of respondents have 1-3 years of trading experience, indicating a predominantly intermediate-
level sample with exposure to at least one complete market cycle.

. Manual trading remains the primary method (48.0%), though 36.0% use both manual and algorithmic
approaches, indicating a market in active transition toward hybrid trading methodologies.

. 54.0% of respondents trade daily or weekly, making them particularly vulnerable to the behavioral
biases associated with high-frequency manual decision-making.

. 70.0% of respondents are aware of algorithmic trading, reflecting the significant educational impact of
SEBI's regulatory framework and the proliferation of fintech platforms.

. Social media is the most dominant source of algorithmic trading awareness (32.0%), highlighting both
the reach and the potential misinformation risks of informal learning channels.

. Despite 70% awareness, only 38% of respondents have actually used algorithmic trading tools,
revealing a critical adoption gap that represents the central behavioral challenge of the study.

. 60.0% of respondents believe algorithmic trading is more profitable, while 40.0% believe manual
trading delivers superior returns—reflecting a genuine division of opinion that mirrors the academic debate.

. 68.0% of respondents agree or strongly agree that algorithmic trading reduces human error, validating
the core value proposition of systematic trading systems.

. 74.0% agree or strongly agree that algorithmic trading helps control emotional decision-making—the
highest positive response rate in the study and the most compelling perceived benefit of algorithmic systems.

. 72.0% of respondents acknowledge that emotions significantly affect their trading decisions, directly
validating the behavioral finance premise of the study.

. 64.0% consider manual trading to be the riskier method, reflecting an emerging consensus that

emotional discretionary trading carries higher behavioral risk than systematic algorithmic execution.
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. 58.0% consider algorithmic trading expensive, highlighting a cost perception barrier that is at odds
with the increasingly affordable retail algorithmic tools available in India.

. Lack of knowledge (40.0%) and technical complexity (26.0%) are the two biggest barriers to
algorithmic adoption, together accounting for 66.0% of non-adoption reasons.

. 54.0% prefer algorithmic trading for long-term use, suggesting an emerging majority recognition of
the compounding advantage of systematic strategies over extended investment horizons.

. 68.0% express willingness to switch to algorithmic trading in the future, indicating high latent demand
for accessible, user-friendly algorithmic platforms.

. 78.0% believe algorithmic trading will dominate future financial markets—a near-consensus view that

reflects the observable global trend toward algorithmic market dominance.

Findings from ANOVA Analysis:

. ANOVA Test 1 confirmed a statistically significant relationship between age group and algorithmic
trading adoption (F=14.28, p=0.0000), with older traders showing higher adoption levels despite lower digital
familiarity.

. ANOVA Test 2 confirmed a statistically significant relationship between trading experience and
preference for algorithmic trading (F=19.82, p=0.0000), with adoption preference increasing monotonically
with years of experience.

. ANOVA Test 3 confirmed a statistically significant relationship between emotional self-awareness and
willingness to switch to algorithmic trading (F=17.92, p=0.0001), demonstrating that recognizing one's own

emotional biases is a key psychological motivator for algorithmic adoption.

Finding from Correlation Analysis:

. The Pearson correlation coefficient (r=0.942) indicates a very strong positive correlation between
algorithmic trading awareness/usage metrics and positive adoption outcome variables, confirming that
investment in algorithmic education and awareness is the highest-leverage intervention for expanding retail

algo adoption in India.

5.2 SUGGESTIONS

Based on the study's findings, the following actionable recommendations are proposed for key stakeholder
groups:

For Algorithmic Trading Platform Developers:

. Design simplified, no-code algorithmic trading interfaces that eliminate the technical complexity
barrier (26.0% of non-adopters cite this reason), making algorithmic tools as accessible as mobile banking

applications.

[JNRD2604572 [JNRD - International Journal of Novel Research and Development (www.ijnrd.org) ‘ f605



https://ijnrd.org/
http://www.ijnrd.org/

,,é, INTERNATIONAL JOURNAL OF NOVEL RESEARCH AND DEVELOPMENT (IJNRD) a
- 7‘D © 2026 IJNRD | Volume 11, Issue 4, April 2026 | ISSN: 2456-4184 | INRD.ORG R © A

. Develop freemium pricing models that allow retail traders to experiment with algorithmic strategies
without initial financial commitment, addressing the cost perception barrier (58.0% consider algo trading
expensive).

. Integrate behavioral finance assessment tools within trading platforms that help traders identify their
dominant cognitive biases, creating a personalized case for algorithmic adoption based on individual
behavioral profiles.

. Leverage social media channels—the primary source of algo awareness (32.0%)—to disseminate
accurate, balanced information about algorithmic trading, including realistic performance expectations and

risk disclosures.

For Financial Educators and Academic Institutions:

. Incorporate behavioral finance and algorithmic trading modules in MBA and finance curricula,
ensuring that future investment professionals are equipped with both the theoretical framework and practical
skills for systematic trading,

. Develop affordable online certification programs in algorithmic trading that address the knowledge
barrier (40.0% of non-adopters cite lack of knowledge), providing structured, credentialed pathways to
algorithmic trading competency.

. Conduct behavioral finance awareness workshops that help retail traders recognize and quantify the

financial cost of their behavioral biases, creating motivational alignment toward algorithmic solutions.

For SEBI and Regulatory Bodies:

. Accelerate the implementation of SEBI's retail algorithmic trading framework, providing clear
regulatory guidelines that reduce the trust and compliance uncertainty that contributes to non-adoption (10.0%
of non-adopters cite trust issues).

. Mandate behavioral finance literacy as a component of the investor awareness programs required of
all SEBI-registered brokers, ensuring that all retail investors have access to foundational knowledge about
cognitive biases.

. Establish a SEBI-regulated certification framework for retail algorithmic trading platforms, providing

the trust and transparency assurance that can convert trust-hesitant non-adopters.

For Individual Retail Traders:

. Invest time in learning the fundamentals of algorithmic trading through reputable online platforms,

starting with paper trading (simulation) before committing capital to automated strategies.
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. Conduct a personal behavioral audit to identify dominant cognitive biases and quantify their historical
impact on portfolio performance, using this self-knowledge as motivation to adopt systematic trading
disciplines.

. Adopt a hybrid approach—combining the analytical power of algorithmic signals with human

judgment for context-sensitive decisions—as an intermediate step toward full algorithmic integration.

5.3 CONCLUSION
This study provides a comprehensive empirical examination of the relationship between behavioral finance
and algorithmic trading adoption among Indian retail traders, drawing on primary data from 150 respondents

and analyzing the findings through the dual lenses of descriptive statistics and inferential analysis.

The central finding of the study—that 72% of traders acknowledge emotional influence on their trading
decisions while 74% simultaneously recognize algorithmic trading's ability to control these emotions—
establishes a powerful behavioral case for algorithmic adoption that transcends mere technological preference.
The study demonstrates that the transition from manual to algorithmic trading is not primarily a technical
challenge but a behavioral and educational one: traders who develop self-awareness about their cognitive

biases are significantly more likely to embrace the systematic discipline of algorithmic systems.

The ANOVA findings reveal that trading experience is the strongest demographic predictor of algorithmic
preference, with the progression from beginner (mean preference 1.88) to experienced trader (mean preference
3.72) representing a behavioral learning curve in which market exposure teaches the painful lessons of
emotional trading that algorithmic systems are designed to prevent. This finding has important implications
for financial education: accelerating the 'behavioral learning curve' through formal behavioral finance
education could dramatically shorten the adoption timeline without requiring traders to first suffer the financial

consequences of emotional decision-making.

The strong positive correlation (r=0.942) between awareness and adoption intent confirms that algorithmic
trading awareness programs are the highest-leverage intervention for expanding India's retail algorithmic
ecosystem. With 78% of respondents already believing that algorithmic trading will dominate future markets,
the cognitive and attitudinal foundation for mass adoption is already in place—what remains is to bridge the

knowledge gap (40%) and simplify the technological interface (26%) that currently separate intent from action.
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India's retail trading market stands at an inflection point. With 160 million demat accounts, increasing
regulatory support for retail algorithmic trading, and a young, digitally literate investor base that is
simultaneously the most behaviorally vulnerable and the most technologically adaptable, the conditions for a
transformative shift from emotional, discretionary trading to systematic, algorithmic investing have never been
more favorable. This study contributes to the empirical foundation of that transformation and provides

actionable guidance for all stakeholders in India's rapidly evolving retail investment ecosystem.
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APPEXDIX - 1

QUESTIONNAIRE:

NAME:

1. AGE:

. a)15-30 b)31-45 c¢)46-60 d)61-80

2. OCCUPATION:

. a) Student  b) Salaried c) Business  d) Professional Trader
3. TRADING EXPERIENCE:

. a) Lessthan 1 year b) 1-3years c¢)3-5years d)More than 5 years
4. WHICH TYPE OF TRADING DO YOU PRIMARILY USE?

. a) Manual Trading  b) Algorithmic Trading  c¢) Both

5. HOW FREQUENTLY DO YOU TRADE?

. a) Daily b) Weekly c¢) Monthly  d) Occasionally

6. ARE YOU AWARE OF ALGORITHMIC TRADING?
. a)Yes b)No

7. HOW DID YOU LEARN ABOUT ALGO TRADING?
. a) Social Media  b) Friends/Colleagues c) Courses  d) Self-Learning
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8. HAVE YOU EVER USED ALGORITHMIC TRADING TOOLS?

. a)Yes b)No

9. WHICH METHOD DO YOU THINK IS MORE PROFITABLE?

. a) Algorithmic Trading  b) Manual Trading

10. ALGO TRADING REDUCES HUMAN ERROR: (1=Strongly Agree to 5=Disagree)

. a) 1 (Strongly Agree) b)2 ¢)3 d)4 e)5 (Disagree)

11. MANUAL TRADING ALLOWS BETTER DECISION-MAKING: (1=Strongly Agree to
5=Disagree)

. a) 1 (Strongly Agree) b)2 ¢)3 d)4 e)5 (Disagree)

12. ALGO TRADING HELPS CONTROL EMOTIONS: (1=Strongly Agree to 5=Disagree)
. a) 1 (Strongly Agree) b)2 c¢)3 d)4 e)5 (Disagree)

13. DO EMOTIONS AFFECT YOUR TRADING DECISIONS?

. a)Yes b)No

14. WHICH METHOD DO YOU CONSIDER RISKIER?

. a) Algorithmic Trading  b) Manual Trading

15. DO YOU THINK ALGO TRADING IS EXPENSIVE?

. a)Yes b)No

16. WHAT IS THE BIGGEST BARRIER TO USING ALGO TRADING?

. a) Lack of Knowledge b) Cost c¢) Technical Complexity  d) Trust Issues

17. WHICH METHOD DO YOU PREFER FOR LONG-TERM USE?
. a) Algorithmic Trading  b) Manual Trading

18. WOULD YOU SWITCH TO ALGO TRADING IN THE FUTURE?
. a)Yes b)No

19. DO YOU THINK ALGO TRADING WILL DOMINATE THE FUTURE MARKET?
. a)Yes b)No
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