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Abstract

The technology used for stock trading continues to develop rapidly, which has a
significant impact on stock market participation, particularly in developing economies
like India. The current study, titled “Impact of Technological Innovations on the
Investment Behaviour of Stock Market Investors”, explores the effects of
technological innovations on the investment behaviour of retail investors. The study
is both analytical and empirical in nature, relying on primary and secondary data. A
structured questionnaire was used to collect primary data from 420 active stock market
investors in Kerala, who were selected purposively. Descriptive statistics, Mann-
Whitney U Test, Kruskal-Wallis H Test, and Partial Least Squares Structural Equation
Modelling (PLS-SEM) were used in the analysis. The results indicate that the attitude
of investors towards technological innovations is the most important variable
determining their use of fintech tools. The attitude had a significant positive impact
on the probability of investors intending to utilise such tools, and risk and cost
concerns decreased after the adoption decision. These findings provide empirical
evidence to support the existing theories of technology adoption, demonstrating their
applicability in financial contexts. The research also indicates that technological
changes transform investor behaviour to be more dynamic, enlightened and active in
trading. In the context of practicality, the implications of the results to brokerage firms,
regulators and policymakers are considerable. Brokerage firms are encouraged to
develop user-friendly platforms that incorporate onboarding tracks tailored to various
investor segments, video tutorials, and regional language support to enhance
accessibility. Such insights can be utilised by regulators and policymakers to design
policies that promote the responsible use of financial technologies, striking a balance
between innovation and investor protection. The study contributes to the theoretical
discussion of technology adoption. It lays the groundwork for future research in
financial markets, particularly in the investigation of the ever-changing fintech

solutions and their long-term effects on retail investment behaviour.

Keywords: Technological Innovations, Investment \Behaviour,ﬂﬂgck Market
i % o’
Investors, Discount Brokers, Stock Screeners.
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1.1 Background of the Study

Technology has transformed many industries over the past few decades, with the
financial sector experiencing rapid advancements in digital trading platforms,
automated advisory services, and real-time data analytics (Chen & Nie, 2022). The
stock market, once dominated by manual processes, now operates in a highly digital
environment due to the rise of algorithmic trading, robo-advisors, and mobile trading
applications (Arthur & Khindanova, 2023). These technological advancements have
provided investors with new tools to manage their investments more effectively,
giving them greater access to financial markets and the ability to trade at any time
(Gomber et al., 2018). Traditional investment strategies have also evolved due to these
technological developments. Investors now utilise artificial intelligence-based tools
to predict stock movements, evaluate risk, and optimise their portfolios (Salisu,
Demirer, & Gupta, 2024; Nadeem & Mazhar, 2019). Additionally, social trading
platforms and financial news applications provide instant updates that influence
trading decisions (Li & Wang, 2023). The accessibility of these advanced tools and
real-time data has significantly shaped investor behaviour, allowing for more
informed decision-making and a more dynamic investment landscape (Olanrewaju et

al., 2024).

The stock market has undergone significant changes due to technological
advancements (Diaz-Rainey et al., 2015). Automated trading systems execute trades
in milliseconds, reducing the time required for manual execution (Huang et al., 2018).
High-frequency trading has become common, affecting stock price movements and
liquidity (Huang et al., 2018; Ammar et al., 2020). Blockchain technology has

improved security and transparency in stock trading (Xu et al., 2021). Artificial
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intelligence has enabled the development of advanced predictive models, enabling
investors to make data-driven decisions (Zong & Guan, 2024). Robo-advisors provide
algorithm-based investment advice, making portfolio management more accessible
(Kofman, 2024). Mobile trading applications have simplified trading by allowing
investors to trade from their smartphones (Chong et al., 2021; Thapa et al., 2024).
Digital payment systems have streamlined transactions, reducing settlement delays
(Putrevu & Mertzanis, 2023). These advancements have improved efficiency, but they
have also introduced new challenges. Market volatility has increased due to the rise
of algorithmic trading (Arumugam et al., 2022). The reliance on artificial intelligence
has raised concerns about the accuracy of decision-making (Araujo et al., 2020).
Cybersecurity risks have emerged as investors rely more on digital platforms (Ng &
Kwok, 2017). Despite these challenges, technological advancements continue to

shape stock market investment behaviour.

Investor behaviour has changed due to technological innovations. Earlier, investors
relied on traditional brokerage services and financial advisors. Now, they have access
to digital platforms that provide real-time insights. Algorithmic trading has reduced
human intervention, leading to faster trade execution (Lee & Schu, 2022; Arnoldi,
2015). Investors now follow social trading platforms to gain insights from other
traders (Dorfleitner et al., 2018). Artificial intelligence-based models analyse
historical data to provide investment recommendations (Martinez-Lopez & Casillas,
2013). Financial analytics tools help investors assess risk and optimise portfolio
performance (Janabi, 2021). The availability of data has influenced trading strategies.
Investors now use technical indicators and predictive models to time their trades (C.
Chen et al., 2022; Chourmouziadis et al., 2020). The introduction of low-cost trading
platforms has increased participation by retail investors. The democratisation of
financial information has made it easier for new investors to enter the market (Block,
2013). However, the reliance on digital tools has also led to behavioural biases.
Investors tend to overreact to real-time news, leading to impulsive decision-making
(Tetlock, 2011). Automated trading has increased market volatility, as algorithms

respond to price movements instantly (Litzenberger et al., 2012). The stock market
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has become more dynamic, with increased participation from both institutional and

retail investors.

Existing studies have examined the role of technology in financial markets.
Researchers such as Dubey et al. (2021); Hendershott et al. (2011); Boehmer et al.
(2020); Seo and Chai (2013); Hendershott and Riordan (2013); Syamala and Wadhwa
(2020), and Upson and Van Ness (2016) have analysed the impact of algorithmic
trading on market liquidity and efficiency. The use of robo-advisors has been
examined in relation to investor trust and financial decision-making (Nourallah, 2022;
Tao et al., 2020). The adoption of blockchain technology in stock markets has been
discussed by academic researchers, including Liu et al. (2022) and Janssen et al.
(2019). The role of digital payment systems in financial markets has also been studied
by Wang and Li (2024), Kazan and Damsgaard (2016), and Hofmann (2020).
Researchers, including Al-Shari and Lokhande (2023) and Aggarwal et al. (2023),
have explored the risks associated with fintech adoption. Studies such as Yang and
Klassen (2008) and Sun and Du (2024) have emphasised the benefits of technological
advancements in improving market efficiency. However, challenges such as
cybersecurity risks (Tosun, 2021), algorithmic biases (Kordzadeh & Ghasemaghaei,
2021; Weller, 2017), and market manipulation (Khodabandehlou & Golpayegani,
2022; Hao et al., 2023; Golmohammadi et al., 2014) have also been identified.

Emerging studies have focused on the evolving role of financial technology in the
stock market. Researchers such as Dakalbab et al. (2024) and Schrettenbrunner (2023)
have analysed how artificial intelligence enhances trading strategies. Studies such as
Sismanoglu et al. (2019) and Ayyappa and Kumar (2024) have explored the role of
big data analytics in stock market prediction. The integration of blockchain
technology in securities trading has gained attention (Liu et al., 2022; Hasan et al.,
2022). The use of machine learning algorithms in risk management has been studied
by Addy et al. (2024), Feng and Qu (2021) and Zhang and Chen (2021). Researchers
such as Abdullah et al. (2013), Singh et al. (2024), and Kang et al. (2020) have
examined investor sentiment analysis using natural language processing. The impact

of mobile applications on trading frequency has been assessed by Nair et al. (2022),
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Kim et al. (2020) and C. Liu et al. (2024). Studies by Gan et al. (2019), Selvakumar
et al. (2024) and S. X. Xu and Zhang (2009) have explored the role of social media in
shaping investor sentiment. The use of deep learning models for financial forecasting
has been a recent focus of research (Lin & Huang, 2020; C. Zhang et al., 2023).
Researchers have examined the implications of technological innovations on
regulatory frameworks. Emerging studies have provided insights into the risks and

opportunities associated with digital transformation in financial markets.

The interaction between social trading platforms and investor sentiment needs further
exploration. The role of financial analytics tools in shaping risk perception remains
underexplored. The impact of mobile trading applications on retail investor behaviour
requires more empirical investigation. Research has not fully addressed how investor
psychology adapts to fintech advancements. The long-term implications of
technology-driven investment strategies need further analysis. Understanding these
gaps will help provide a more comprehensive perspective on the role of technology in

financial markets.

This study aims to examine multiple aspects of technological innovations in stock
market investments. The study will analyse changes in investment behaviour due to
digital transformation. The study will examine the impact of social trading platforms
and real-time news applications on trading habits. The role of financial analytics tools
in investment decision-making will be assessed. The study will also examine the
impact of mobile trading applications on stock trading behaviour. Finally, the study
will analyse the effect of fintech adoption on investment behaviour. By addressing
these objectives, the study will provide a holistic understanding of how technology

shapes investment decisions.

This study introduces a novel approach by integrating multiple technological
advancements. Previous research has focused on individual technologies, while this
study examines their collective impact. The study is important as it explores investor
behaviour in a rapidly evolving digital environment. Understanding how investors
respond to technological changes will provide valuable insights. The study contributes

to the field by identifying emerging trends in digital investments. The findings will

Impact of Technological Innovations on the Investment Behaviour of
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help policymakers design regulations that enhance market stability. Financial
institutions can utilise the results to enhance their fintech solutions. Investors will gain
insights into how technology influences their decision-making process. The study will
add to the academic literature by providing empirical evidence on the effects of

technological innovations on investment behaviour.
1.2 Significance of the Study

This study will help investors understand how technology influences their trading
behaviour. The findings will show how investor awareness of fintech developments
affects decision-making. Understanding these aspects will enable investors to make
informed choices while managing risk effectively. The study will provide insights into
how algorithmic trading, robo-advisors, and Al-driven analytics shape investment
outcomes. Policymakers can use this research to assess the risks and opportunities
associated with digital trading. Financial regulators can create policies that ensure
investor protection while supporting innovation. Financial institutions can utilise the
study to enhance their fintech solutions and offer more effective tools for investors.
Stock market platforms can enhance their services based on insights from this
research. The study will investigate the impact of social trading platforms and real-
time news on investor sentiment. It will assess the impact of financial analytics tools
on portfolio management strategies. The findings will help identify behavioural
patterns that emerge due to technological adoption. Retail investors can use this study
to navigate digital trading environments more effectively. The study will also assess
how mobile trading applications influence investment habits. Understanding the role
of technology in shaping investment strategies will enable financial service providers
to develop more effective investment solutions. The study will contribute to future
research by identifying key trends in digital investing. The results will support the

development of better trading models and risk management strategies.
1.3  Statement of the Problem

Investors adopt technological tools (Manrai & Gupta, 2022; Piehlmaier, 2022), but
their awareness and understanding of these innovations remain uneven. Do investors

make informed decisions while using Al-driven analytics, robo-advisors, and
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algorithmic trading? Many investors rely on social trading platforms (Wohlgemuth et
al., 2016; Reith et al., 2019; Deng et al., 2023), but do they verify the accuracy of the
information before making investment choices? Impulsive trading has increased with
the advent of real-time news platforms, but does this lead to irrational decisions?
Many investors trust mobile trading apps, but do they assess the risks associated with
instant trading? The impact of digital financial analytics on decision-making is
unclear. Do investors use these tools effectively, or do they blindly follow automated
recommendations? The extent to which technological adoption changes investment

behaviour is still not fully explored.

Irrational decision-making is a growing concern in stock market investments (Shah et
al., 2017; Zahera & Bansal, 2018; Kumar & Goyal, 2016; Khare & Kapoor, 2023).
Do investors evaluate risks when using algorithmic trading or follow market trends
without analysis? Social trading has influenced stock selection, but do investors fact-
check investment tips before acting? Many investors engage in high-frequency trading
(Bershova & Rakhlin, 2012; Menkveld, 2013), but does it improve long-term returns
or increase losses? Mobile trading apps provide easy market access, but do they
encourage excessive trading without strategic planning? Robo-advisors offer
automated portfolio management, but do investors understand their limitations? The
role of technology in shaping investor psychology needs further examination. Are
investors adapting to digital platforms rationally, or are they becoming overdependent

on automation and market signals?
1.4  Scope of the Study

This study examined the impact of technological innovations on stock market
investors by defining its scope across three key dimensions: temporal, geographical,
and theoretical scope. The temporal scope focused on the current investment
environment, capturing real-time fintech adoption trends among investors using data
gathered from 2023 to 2024. As financial technologies continue to evolve, the study
focused on the latest advancements, including mobile trading apps, robo-advisors,
algorithmic trading, financial analytics tools, and social trading platforms. The

research analysed investor behaviour over recent years to ensure findings remained
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relevant to the fast-changing digital investment environment. Since fintech adoption
is dynamic, the study provided a snapshot of the present trends rather than a historical

or predictive analysis.

The geographical scope of this study was limited to stock market investors in Kerala,
ensuring relevance to the Indian financial system, regulatory environment, and digital
trading ecosystem. India has experienced rapid growth in fintech, with increasing
participation from both retail and institutional investors. The study included investors
from various regions, with different trading experience levels and investment
volumes, to ensure diverse representation. The theoretical scope incorporated the
Technology Acceptance Model (TAM), Unified Theory of Acceptance and Use of
Technology (UTAUT), Prospect Theory, and Behavioural Finance Theory to explain
how fintech adoption influenced investor behaviour. These theories helped analyse
investor decision-making, risk perception, trading frequency, and fintech trust levels.
The study provided a structured framework for assessing how technological

advancements have reshaped stock market investments in Kerala.

1.5 Research Questions

1. How have technological advancements changed investment behaviour?

2. How do social trading platforms and real-time news influence trading habits?

3. How do technological advancements in financial analytics impact investment

decision-making?
4. How do mobile trading apps affect stock trading behaviour?

5. How does the adoption of technological innovations impact investment

behaviour?
1.6 Objectives
1. To analyse changes in investment behaviour due to technological advancements.

2. To evaluate the influence of social trading and real-time news platforms on trading

habits.
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3. To analyse the impact of technological advancements in financial analytics on

investment decision-making

4. To assess the impact of mobile trading apps of discount brokers on the stock

trading behaviour of investors.

5. To examine the key factors influencing the adoption of technological innovations

and assess their impact on investment behaviour among stock market investors.
1.7 Hypotheses

The following are the hypotheses formulated by considering the objectives of the

study.

1. HI: There is a significant difference in investment behaviour influenced by

technological advancements between male and female investors.

2. H2: There is a significant difference in investment behaviour due to technological

advancements among investors with different levels of education.

3. H3: There is a significant difference in investment behaviour due to technological

advancements among investors with different employment statuses.

4. H4: There is a significant difference in investment behaviour due to technological

advancements among investors with different age groups.

5. HS5: There is a significant difference in trading habits influenced by social trading

and real-time news platforms between male and female investors.

6. H6: There is a significant difference in trading habits due to social trading and

real-time news platforms among investors with different levels of education.

7. HT7: There is a significant difference in trading habits due to social trading and

real-time news platforms among investors with different employment statuses.

8. HB8: There is a significant difference in trading habits due to social trading and

real-time news platforms among investors with different age groups.

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors



Introduction

10.

11.

12.

13.

14.

15.

16.

17.

18.

19.

20.

21.

22.

H9: There is a significant difference in investment decision-making due to

financial analytics tools between male and female investors.

H10: There is a significant difference in investment decision-making due to

financial analytics tools among investors with different levels of education.

H11: There is a significant difference in investment decision-making among

investors of different age groups, due to the use of financial analytics tools.

H12: There is a significant difference in stock trading behaviour influenced by

mobile trading apps between male and female investors.

H13: There is a significant difference in stock trading behaviour due to mobile

trading apps among investors with different levels of education.

H14: There is a significant difference in stock trading behaviour due to mobile

trading apps among investors with different age groups.

H15: Perceived usefulness has a significant positive impact on attitude toward

technology.

H16: Perceived ease of use has a significant positive impact on attitude toward

technology.

H17: Risk perception has a significant negative impact on attitude toward

technology.

H18: Cost perception has a significant negative impact on attitude toward

technology.

H19: Risk perception has a significant negative impact on behavioural intention.
H20: Cost perception has a significant negative impact on behavioural intention.
H21: Risk perception has a significant negative impact on actual use.

H22: Cost perception has a significant negative impact on actual use.
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23. H23: Facilitating conditions have a significant positive impact on attitude towards

technology.
24. H24: Facilitating conditions have a significant positive impact on actual use.

25. H25: Attitude toward technology has a significant positive impact on behavioural

intention.
26. H26: Behavioural intention has a significant positive impact on actual use.
27. H27: Actual use has a significant positive impact on investment behaviour.
1.8 Operational Definitions
Technological Advancements in Trading Stocks

Technological advancements in stock trading have led to the emergence of innovative
technologies, including online trading platforms, algorithmic trading, automated
trading, artificial intelligence, and blockchain, enabling investors to trade, access

market information, and make informed decisions more effectively.
Investment Behaviour

Investor decision-making about choices of investment, timing and the selection of the
investment options in the stock market. It entails risk tolerance, the frequency with
which a person trades, the extent to which the individual relies on expert advice, and

the preference for certain types of stocks.

Retail Investor

A non-professional investor who owns securities in his name with a view to personal,
rather than the benefit of another company or organisation. In this research work, a

retail investor refers to a resident of Kerala who is involved in the stock market.
Online Trading Platforms

Online platforms made available by brokers (e.g., Zerodha, Upstox, and Angel One)
enable investors to purchase and sell stocks, monitor their portfolios, and view

financial information online.

Impact of Technological Innovations on the Investment Behaviour of
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Mobile Trading Apps

Stockbrokers and fintech companies have created smartphone apps that enable
investors to trade in real-time, monitor their portfolios, and analyse their investments

on handheld devices.

Robo-Adyvisors
Robo advisors are automated, algorithm-based financial planning services that offer
limited human intervention, providing portfolio management and investment

recommendations.
Algorithmic Trading

An automated system of executing and matching trading decisions based on set

criteria such as price, volume, or time, using complex algorithms and rapid computing.
Artificial intelligence in investment.

The use of machine learning, natural language processing, and predictive analytics to
examine trends in the stock markets and provide insights, as well as make trading

recommendations.
Financial Literacy

The capability of investors to comprehend the financial concepts and make educated
choices about the style representing the investment alternatives, risk, and returns. It

can determine the extent to which they can embrace new technologies.
1.9 Conceptual Framework

Using previous studies, a conceptual framework is developed to explain the effect of
innovations on technology on investment behaviour by stock market investors. The
variables and theoretical concepts employed in this study are illustrated in a
diagrammatic model. It also shows the relationship between independent, intervening

and dependent variables. Figure 1.1 shows the conceptual framework of the research.
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Figure 1.1

PU- Perceived Usefulness

PEQOU- Perceived Ease of Use

RP- Risk Perception

CP- Cost Perception

ATT- Attitude Towards Technology
FC- Facilitating Conditions

BI- Behavioural Intention

AU- Actual Use

IB- Investment Behaviour
1.10 Research Methodology

This study used an empirical analytical approach to examine how technological
innovations influence investor behaviour in the stock market. This research outlines
the methodology adopted to study how technological innovations influence investor
behaviour in the Indian stock market. The research aimed to understand the
behavioural changes among stock market investors as they adopt financial
technologies such as mobile trading apps, robo-advisors, Al-powered analytics, and
social trading platforms. The study also examined the acceptance and actual use of
these technologies using the Extended Technology Acceptance Model (TAM), which

included additional constructs like cost perception, risk perception, facilitating
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conditions, and investment behaviour. The methodology section presents the step-by-
step process used for designing, collecting, and analysing data to test the proposed
hypotheses and validate the conceptual model. The methodology was designed to suit
the objectives of the research, which focused on collecting reliable and relevant
responses from investors who had experience with digital financial tools. A structured
research framework was applied to collect and analyse data from stock market
participants. To achieve this, the study adopted a quantitative, empirical, analytical
research design. It used structured questionnaires to gather primary data directly from
stock market participants. The research also included secondary data from credible
financial sources and regulatory institutions. Data were collected in a manner that
allowed for meaningful insights into actual investment practices, rather than relying
on assumptions or hypothetical scenarios. The structured format ensured consistency
in responses and facilitated the application of statistical tests to measure the
relationships between different variables. The research covered multiple levels of
analysis, including gender-wise, education-level-based, employment status-wise, and
age-wise comparisons, to reflect the diverse investment landscape in Kerala. The data
collection process was planned in alignment with the statistical requirements of the
tests applied later, including non-parametric techniques and PLS-SEM. The approach
used in this study provided a suitable foundation to understand how investors react to
financial technologies and how those reactions influence their trading decisions. The
methodology encompassed a research design, data collection, and statistical analysis

to evaluate the impact of fintech adoption on trading habits and investment decisions.
1.10.1 Research Design

This study used an empirical analytical research design to examine how technological
innovations influenced investor behaviour in the stock market. The research relied on
quantifiable data collected from stock market investors to measure their awareness,
trading patterns, and decision-making influenced by fintech tools. Empirical evidence
was gathered through structured surveys, ensuring that findings were based on real

investment experiences rather than assumptions.
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The analytical approach was used to process and interpret the collected data.
Statistical models were applied to test hypotheses and examine relationships between
technology adoption and investment behaviour. The study analysed measurable
factors such as the use of mobile trading apps, reliance on financial analytics, and the
influence of social trading platforms on trading decisions. This structured design
ensured objective, data-driven insights, allowing the research to identify patterns, test

significance, and explain the role of fintech in shaping investor behaviour.

The design helped to understand how actual investors responded to changes
introduced by financial technology tools. It focused on real-time decision-making,
trading habits, and investor reactions to mobile apps, Al tools, robo-advisors, and
other fintech platforms. The study used structured quantitative methods to collect
information from participants who were directly involved in stock market trading.
Their experiences, preferences, and behaviour patterns were recorded using a pre-
tested and validated questionnaire. The design ensured that the results were based on
direct responses and not assumptions. This approach helped collect reliable data from

investors who used digital financial tools in real-life situations.

The research design included a clear plan to collect and interpret data based on
measurable and observed variables. The design focused on testing specific
relationships, such as how the ease of using a mobile app affected an investor’s
willingness to trade or how risk perception changed decision-making. The design's
structure enabled the researcher to apply statistical models and test various hypotheses
using standard methods. These included descriptive statistics, group comparison tests,
and structural modelling techniques. The design made it possible to examine each
aspect of investor behaviour, including the number of trades, choice of platform, type
of decisions taken, and the influence of digital tools. It also helped to understand
which factors increased trust and frequency of trading, and which ones raised concern

or hesitation.

The empirical part of the design required factual and experience-based input.
Therefore, the study used a cross-sectional data collection method through surveys.

These surveys targeted investors with varying levels of experience and backgrounds

Impact of Technological Innovations on the Investment Behaviour of
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in education and profession. The survey questions captured how each participant used
mobile trading apps, algorithmic tools, real-time alerts, robo-advisors, and social
trading forums. The design also included demographic segmentation to observe
patterns based on gender, education levels, employment status and age-wise. The
analytical part of the design employed non-parametric and structural equation

techniques, which worked well with the type of data collected.
1.10.2 Data

This study utilised both primary and secondary data sources to investigate the impact
of technological innovations on investor behaviour in the stock market. Primary data
were gathered directly from individual investors through a structured questionnaire.
The participants were active traders or investors who had exposure to mobile apps,
algorithmic systems, robo-advisors, and real-time analytics tools. The questionnaire
included questions related to their trading experience, technology adoption level,
platform preference, and the influence of digital tools on their investment choices.
These questions aimed to capture behaviour related to stock analysis, transaction
patterns, risk perception, and decision-making processes. Each response was
measured using a five-point Likert scale. The primary data offered direct insights into
how investors perceived and used financial technologies in their routine investment

activities.

Secondary data were used to support the design and interpretation of the study. This
included reports and statistics collected from government sources, such as the
Securities and Exchange Board of India (SEBI) and the Reserve Bank of India (RBI).
Additional data were collected from platforms such as Statista, which provided
detailed metrics on user penetration, growth of digital trading services, and patterns
in fintech adoption in India. These external data helped to support the study’s context
and align the research questions with current industry trends. Peer-reviewed journals
and academic databases were also referred to during model development and literature
justification. These sources were used to understand theoretical models, particularly
the Technology Acceptance Model and its extended frameworks, which helped build

the survey items and structural paths in the conceptual model.
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The data collected from multiple sources gave a broad and accurate view of how
digital tools are affecting investor decisions. The financial reports from regulatory
bodies provided context on how trading volumes and investor participation have
changed over time. The academic literature offered tested constructs and validated
models that supported the analytical structure of this research. Industry whitepapers
and fintech publications were utilised to track changes in investor preferences, cost
perceptions, and the rise of mobile-based trading. This combination of field data and
secondary documentation enabled the study to compare personal responses with
market-level trends and develop a robust explanation for how technology adoption

influenced investment behaviour.
1.10.3 Population

The population of this study included stock market investors in Kerala. These
investors actively participated in trading through various platforms, including mobile
trading apps and online brokerage services. The study considered investors from
different backgrounds, including retail investors, institutional investors, and high-
frequency traders, ensuring representation from all major market participants. Stock
market investors in India utilise a range of fintech tools, including robo-advisors,
social trading platforms, and real-time financial analytics, to inform their investment
decisions. The population included individuals with varying levels of experience,
investment volumes, and trading frequencies. Some investors engaged in long-term
investing, while others relied on short-term and high-frequency trading strategies.
This diverse population allowed the study to analyse how technology adoption
influenced different investor groups and how digital trading tools shaped their
investment behaviour. The focus on Indian stock market investors ensured relevant

findings applicable to the country’s fintech and investment ecosystem.
1.10.4 Sample Size Calculation

The sample size for this study was determined using Cochran’s formula, a widely used
method for calculating the required sample size in quantitative research (Woolson et
al., 1986; Sugden & Jones, 2000). The formula ensures that the selected sample

represents the larger population of Indian stock market investors with an acceptable

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors

16



Introduction

margin of error. Since the exact population size of stock market investors is large, the

formula for an unknown or large population was applied.

1.10.4.1 Cochran’s Formula:

_Z’p(1-p)

Ny
22

Where:

ny = Required sample size

Z = Z-score (standard normal deviation at a confidence level of 95% = 1.96)

p = Estimated proportion of the population with the characteristic (assumed 50%

or 0.5 for maximum variability)
* e = Margin of error (set at 5% or 0.05)
1.10.4.2 Explanation of the Equation

Cochran’s formula is used when the total population size is large or unknown. The Z-
score represents the confidence level, ensuring the results are statistically reliable. The
proportion (p) is set at 0.5, as this assumption gives the maximum possible sample
size, making it the safest choice when no prior data is available. The margin of error

(e) is set at 5%, which is commonly accepted in financial studies.

Sample Size Calculation

~ (1.96)% X 0.5 x (1 — 0.5)

flo (0.05)2
3.8416 x 0.25
"= 70,0025
0.9604
Mo = soos = 38416

Since the sample size must be a whole number, it was rounded up to 385 respondents.
The minimum required sample size for this study was 385 stock market investors in

Kerala. A total of 600 questionnaires were distributed, out of which 481 responses
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were collected. After removing responses with missing values and unengaged
answers, the final usable sample size was 420. This ensured sufficient representation
and statistical accuracy in analysing the impact of technological innovations on

investment behaviour.
1.10.4.3 Sampling Technique

This study used purposive sampling to select stock market investors in Kerala who
met specific criteria relevant to the research objectives. Purposive sampling is a non-
probability sampling method used when the study requires participants with specific
characteristics or experiences. The approach ensured that only investors with relevant

exposure to technological innovations in stock trading were included in the study.
Two criteria were used to select participants:

1. Investment Experience — Investors must have actively participated in the stock
market for more than one year. This criterion ensured that participants had
sufficient market exposure and could provide meaningful insights into how
technological advancements influenced their trading behaviour. Investors with
limited experience might not have fully adapted to digital investment tools, which

could affect the accuracy of responses.

2. Familiarity with Technological Innovations — Investors must have used or have
familiarity with mobile trading apps, robo-advisors, algorithmic trading, financial
analytics tools, or social trading platforms. This ensured that participants had
direct experience with fintech solutions and could provide insights into how these
technologies shaped their investment decisions. Investors unfamiliar with digital

trading tools would not be able to contribute effectively to the study’s objectives.

This sampling method allowed the study to focus on a targeted group of investors who
could provide valuable responses regarding the adoption, impact, and behavioural

changes resulting from fintech innovations.

Impact of Technological Innovations on the Investment Behaviour of
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1.10.5 Methods

This study used descriptive statistics to summarise and analyse the collected data. The
descriptive analysis included mean, median, standard deviation, minimum, and
maximum values for each variable. These measures helped assess investor awareness,
trading behaviour, and the extent of fintech adoption among stock market investors.
The mean provided an average response for key variables, while the median indicated
the central tendency, reducing the influence of extreme values. The standard deviation
measures the variability of responses, and the minimum and maximum values help to
understand the range of responses. These statistical measures ensured a clear

representation of investor behaviour before further analysis.

A normality test was conducted to check whether the data followed a normal
distribution. The Kolmogorov-Smirnov (K-S) test and Shapiro-Wilk test were applied
to determine normality. Skewness and kurtosis values were examined to assess data
distribution. The results indicated that the data were not normally distributed,
suggesting deviations from parametric assumptions. Since normality is a requirement
for many inferential statistical techniques, alternative approaches were necessary for

accurate data analysis.

Due to non-normal data distribution, non-parametric and distribution-free tests were
used. The Mann-Whitney U test and Kruskal-Wallis test were applied to compare
groups. Partial Least Squares Structural Equation Modelling (PLS-SEM) was used to
examine the impact of technological innovations on investor behaviour. PLS-SEM is
suitable for non-normal data and complex models, making it ideal for assessing
fintech adoption, investor awareness, and behavioural changes. These methods

ensured robust analysis without violating statistical assumptions.
1.10.6 Pilot study

The pilot study was conducted to evaluate the effectiveness of a meticulously designed
questionnaire, involving a total of 50 investors. The primary objective of this
preliminary study was to pretest the questionnaire and gather critical insights required

to determine an appropriate sample size for the primary data collection phase.
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Additionally, the feedback obtained from respondents was carefully analysed to
identify areas requiring refinement. Based on these insights, necessary modifications
were incorporated to enhance the clarity, relevance, and comprehensiveness of the
questionnaire, ensuring its suitability for capturing accurate and meaningful data

during the full-scale study.
1.10 .7 Normality Test

This study used the Shapiro-Wilk test and the Kolmogorov-Smirnov test to check the
assumption of normality in the collected data (Lilliefors, 1967; Yap & Sim, 2011).
Normality testing is a required step in quantitative analysis because it determines
whether the data meet the assumptions for parametric statistical methods. When data
do not follow a normal distribution, non-parametric statistical techniques are more
suitable for analysis. The application of these tests in this study ensured that the

subsequent statistical procedures matched the characteristics of the data.

The Shapiro-Wilk test was used in this study as one of the primary tests to evaluate
the normality of each variable. This test was selected because it is well-suited for small
and medium-sized samples and is regarded as more accurate than other normality tests
for such datasets (Shapiro et al., 1968; Yap & Sim, 2011). The test evaluates whether
the sample distribution significantly deviates from a normal distribution. In this
method, the null hypothesis states that the data is normally distributed. A significant
value (typically p < 0.05) indicates a departure from normality. The study used this
test across all key constructs to determine if the dataset adhered to the assumptions of

normality required for parametric tests.

In addition to the Shapiro-Wilk test, this study also employed the Kolmogorov-
Smirnov (K-S) test to corroborate the normality assessment. The K-S test measures
the maximum distance between the observed cumulative distribution and the expected
cumulative distribution under normality. It tests the same null hypothesis as the
Shapiro-Wilk test, that the sample data come from a normally distributed population.
Using both tests together provided a robust check on the distribution shape and

ensured the analysis followed an appropriate statistical path.
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1.10.8 Reliability Test

This study used Cronbach’s Alpha to measure the internal consistency and reliability
of the items within each construct (Vaske et al., 2016). Reliability testing ensures that
a scale consistently measures a given concept. The application of Cronbach’s Alpha
in this study confirmed whether items related to investment behaviour, perceived ease
of use, perceived usefulness, risk perception, cost perception, and other related
constructs were internally stable and coherent. The test was applied to each set of

items representing individual constructs used in the questionnaire.

Cronbach’s Alpha is widely accepted in social science and behavioural finance
research. It evaluates the degree to which items within a construct are positively
correlated and yields consistent results. According to the benchmark provided by Hair
et al. (2019), a Cronbach’s Alpha value of 0.70 or higher is considered acceptable for
exploratory research, and values above 0.80 are considered good. In this study,
Cronbach’s Alpha values were computed for all constructs, which helped ensure the
reliability of the data before proceeding to further analysis. This reliability testing step
allowed the study to identify any constructs with weak internal consistency. If any
Cronbach’s Alpha value were below the threshold, revision of the corresponding scale

items would have been necessary before proceeding.
1.10.9 Validity Tests

The study assessed validity using two important statistical tests: Kaiser-Meyer-Olkin
(KMO) Measure of Sampling Adequacy and Bartlett’s Test of Sphericity (Ibikunle et
al., 2021). Both these tests were used before analysis to confirm whether the dataset
was suitable for such procedures. Establishing validity is crucial to ensure that the
constructs truly reflect what they are intended to measure. The KMO test was used to
check the sampling adequacy. It determines whether the correlations among variables
are sufficient to conduct factor analysis. The test produces values between 0 and 1.
Values above 0.6 indicate a reasonable degree of sampling adequacy, with values
above 0.8 considered very good (Hair et al., 2017). In this study, the KMO value was
calculated across all items included. This helped confirm that the correlations among

the items were compact and suitable for structure detection. The Bartlett’s Test of
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Sphericity checks whether the correlation matrix is significantly different from an
identity matrix. In other words, it determines whether the variables are sufficiently
correlated to justify the use of factor analysis. The null hypothesis for this test states
that the correlation matrix is an identity matrix, implying that the variables are
unrelated and therefore unsuitable for factor analysis. A significant result (p < 0.05)
supports the rejection of the null hypothesis, confirming that the items are indeed

interrelated.
1.10.10 Selection of Parametric and Non-Parametric Tests

This study selected statistical tests based on the distribution pattern of the collected
data (Harwell, 1988). The assessment of normality was done using the Shapiro-Wilk
and Kolmogorov-Smirnov tests, both of which are standard tools for detecting
deviations from normal distribution (Mohammadi & Amri, 2007). The results from
both tests indicated significant departures from normality, as the p-values were less
than 0.001. This confirmed that the dataset did not meet the assumption of normality,
which is a prerequisite for applying parametric tests. As a result, the study used non-
parametric methods that are distribution-free and do not require normally distributed

data.

To compare groups within the sample, the study used the Mann-Whitney U test for
analysing differences between two independent groups and the Kruskal-Wallis H test
for more than two groups. These tests are widely accepted for ordinal and non-
normally distributed interval data. They are also considered reliable when dealing with
skewed data or small sample sizes. For multivariate analysis and hypothesis testing in
the conceptual model, the study employed Partial Least Squares Structural Equation
Modelling (PLS-SEM). This method is recognised for its ability to handle non-normal
data, small to medium sample sizes, and complex models that involve latent constructs
and multiple indicators. PLS-SEM is also preferred when the primary focus is on

prediction and theory development rather than model fit (Hair et al., 2017).
1.10.10.1 Mann-Whitney U Test

This study employed the Mann-Whitney U test to compare the responses of two

independent groups, where the assumption of normality was not met (Rochon et al.,
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2012). The results of the Shapiro-Wilk and Kolmogorov-Smirnov tests confirmed that
the data did not follow a normal distribution. Because of this, the study selected the
Mann-Whitney U test as a suitable non-parametric alternative to the independent
samples t-test. The Mann-Whitney U test does not require normality and is suitable
for ordinal or non-normally distributed continuous data. The primary purpose of using
this test in the study was to examine whether there was a statistically significant
difference between male and female investors in their responses to various aspects of
technological innovation in investment behaviour. The test procedure involved
ranking all the scores from both groups together. Then, the sum of ranks for each
group was calculated. The U value helped determine whether one group had
consistently higher or lower scores than the other. For this study, the U statistic, its
corresponding Z score, and p-value were calculated for each variable measuring
technological aspects, including mobile trading apps, robo-advisors, algorithmic
tools, and financial analytics. The analysis focused on identifying whether male and
female respondents differed significantly in their perception and adoption of these
tools. The study also calculated the effect size using the formular =7/ N, where Z
represents the standard score and N is the total number of observations. This provided

a way to report the strength of the observed differences.

The Mann-Whitney U test was appropriate for the type of responses received in the
survey. The test allowed the study to detect group differences without being affected
by the skewness or outliers often found in behavioural data. The method followed
recommendations from Nachar (2008), who suggests the Mann-Whitney U test for
non-parametric group comparisons in social science and behavioural research. This
approach supported the objective of identifying gender-based patterns in the adoption

and impact of financial technologies in the stock market.
1.10.10.2 Kruskal-Wallis H Test

This study used the Kruskal-Wallis H test to compare more than two independent
groups when the assumption of normality was not met (Feir-Walsh & Toothaker,
1974). The dataset violated the assumption of normal distribution. Since this
assumption is necessary for conducting parametric tests, such as one-way ANOVA,

the Kruskal-Wallis H test serves as a non-parametric alternative. This test helped in
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analysing whether investors from different education levels reported significantly

different perceptions or behaviours toward technology adoption in stock trading.

The Kruskal-Wallis H test operates by ranking all the data from all groups together.
Each observation is assigned a rank, and the test calculates whether the mean rank of
each group differs significantly. The null hypothesis states that all groups have the
same distribution, and a significant p-value indicates that at least one group differs
significantly from the others. In this study, the test was applied across categories such
as education level, Employment status, and age, covering variables related to mobile
trading apps, robo-advisory services, real-time alerts, financial analytics tools, and
social trading platforms. This made it possible to understand whether educational
background, employment status, and age influenced the adoption of technological

innovations among stock market investors.

The statistical output of the test included the H-statistic, degrees of freedom, and the
associated p-value. Additionally, the study calculated the effect size using n? (eta
squared), which helped estimate the proportion of variance accounted for by group
differences. According to Panoutsakopoulos et al. (2021), n2 values of 0.01, 0.06, and
0.14 correspond to small, moderate, and substantial effects, respectively. The Kruskal-
Wallis H test was used to assess education, employment, and age differences, utilising
fintech tools. This was crucial in determining whether the impact of technology varied
significantly among individuals with different academic qualifications, employment

status, and age.

1.10.10.3 Partial Least Squares Structural Equation Modelling (PLS-SEM) and
Importance-Performance Map Analysis (IPMA)

This study employed Partial Least Squares Structural Equation Modelling (PLS-SEM)
to examine the intricate relationships among latent constructs within the extended
Technology Acceptance Model (TAM) framework. PLS-SEM was selected because
the data did not meet normality assumptions, as confirmed through both the Shapiro-

Wilk and Kolmogorov-Smirnov tests. According to Hair et al. (2017), PLS-SEM is
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particularly suitable when the data are non-normal, the models are complex, and the
research focuses on prediction and theory development. The model in this study
included several interconnected constructs such as perceived usefulness, ease of use,
cost perception, risk perception, attitude, behavioural intention, facilitating

conditions, actual use, and investment behaviour.

PLS-SEM allowed the study to assess both the measurement model (outer model) and
the structural model (inner model). In the measurement model, internal consistency
reliability was evaluated using Cronbach’s alpha and composite reliability. At the
same time, convergent validity was assessed using Average Variance Extracted (AVE),
following the recommended thresholds by Hair et al. (2017): Cronbach’s alpha and
composite reliability > 0.7, AVE > 0.5. Discriminant validity was assessed using the
Fornell-Larcker criterion and the Heterotrait-Monotrait Ratio (HTMT), ensuring that
the constructs were statistically distinct. The structural model was then evaluated
using path coefficients, t-values, and R? values to determine the significance and
explanatory power of the hypothesised relationships. Bootstrapping with 5,000
subsamples was performed to test the significance of each path. The predictive
relevance (Q?) of endogenous constructs was also checked using blindfolding

procedures.

In addition to the fundamental PLS-SEM analysis, the study used Importance-
Performance Map Analysis (IPMA) to identify constructs that offered the most
valuable targets for practical improvement. The IPMA is an extension of PLS-SEM
that not only considers the importance (total effect) of a construct on a target construct
(such as investment behaviour), but also its performance (average latent variable
score). This dual perspective helped the study prioritise which constructs were both
highly influential and underperforming, so that future interventions could focus efforts
on areas that would yield the most meaningful outcomes. For instance, even if a
construct like perceived usefulness had high importance in predicting behavioural
intention or actual use, a low performance score would signal the need for managerial

or policy-level improvements.
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1.11 Limitations of the Study

The study has the following limitations:

1.

It relied on cross-sectional survey data, which restricts the ability to infer causal

relationships between technology use and behaviour change.

Self-reported responses may contain bias, as investors might overstate their

comfort with digital tools or recall their usage inaccurately.

The sample drew only active retail investors in Kerala, so findings may not
generalise to institutional traders or investors in other states with different market

infrastructures.

The analysis focused on descriptive statistics, Mann—Whitney U, Kruskal-Wallis,
and PLS-SEM techniques, but it did not include longitudinal tracking or
experimental manipulation to observe behaviour over time or under controlled

conditions.

The study also measured broad categories of tools but did not capture usage
frequency or intensity for specific platform features, which could mask nuanced

adoption patterns.

Demographic factors such as income and regional connectivity received limited

attention, even though they may shape technology adoption.

Finally, emerging tools like blockchain, Al forecasting, and sentiment analysis
received mixed responses, but the study did not probe underlying reasons through
qualitative methods. Addressing these constraints in future research would

strengthen the validity and applicability of the findings.
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1.12 Chapterisation

The research report consists of seven separate chapters.
Chapter 1: Introduction

This chapter introduces the topic of the thesis. It provides a historical and relevant
context for the topic, explains the research problem, and outlines the study's
objectives. In addition, it presents the proposed hypotheses, the techniques used in the

research, and the study’s limitations.
Chapter 2: Review of Literature

This chapter reviews the research on technological advances in the stock market and
the behaviour of people who invest in stocks. The reviewed research is organised and
explained according to the underlying themes. The chapter also highlights and
discusses the gaps in existing research as identified in the literature. The chapter
examines how the intersection of technology and investors’ actions has evolved by

applying bibliometric analysis and using a review method.
Chapter 3: Theoretical Framework

This chapter discusses the main theories and frameworks that guide the study. It
explains the essential theories about technology and its impact on stock investment
decisions. The chapter describes key theories of behavioural finance, models of
innovation adoption, and frameworks used in decision-making, supporting the
research. With these approaches, the chapter outlines a solid structure for
understanding how technological progress affects investor beliefs, attitudes and

actions in the stock market.

Chapter 4: Factors Influencing the Adoption of Technology and Its Impact on

Stock Market Investment Behaviour

This chapter examines the impact of technological advancements, including algorithm
funding, robo-advisory services, and real-time capital market analytics, on the

investment business. It examines the impact of technological innovations on
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investment behaviour, as well as the influence of social trading platforms and real-
time news on trading behaviour. It also focuses on the effects of technological
development in financial analytics and the role of mobile trading applications on the
trading behaviour of investors. It also displays the consequences of the investment
behaviour of technology on the market efficiency as well as its direct participation in

retail investors.

Chapter 5: Analysis of Factors Influencing the Adoption of Technology and Its

Impact on Stock Market Investment Behaviour

This chapter thoroughly examines the data and explains its significance to the study.
It examines the relationships among key factors in the conceptual model by evaluating
hypotheses based on the extended Technology Acceptance Model (TAM). This part
of the work employs statistical techniques to examine the model and measure the
impact of technological influences on investment decisions made by stock market
participants. Moreover, it looks at how demographic and behavioural variables
influence the findings. The findings are explained using theories and past research to
demonstrate how technology is currently utilised in selecting investments on the stock

market.
Chapter 6: Summary of Findings and Conclusions,

This chapter summarises the entire study and highlights the most significant results
obtained from analysing the data. Research work returns to the stated objectives and
checks if they have been accomplished. The findings are evaluated in light of the
theory and other literature, which leads to relevant conclusions. It explains the study’s
main consequences, including theoretical, practical, policy, and research outcomes,
which contribute to both learning and practical use. The chapter further introduces
useful recommendations that are supported by the findings and insights. Finally, it
points out what the study did not cover and recommends areas for future research,
which can help advance the understanding of technological adoption and investment

choices.
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Chapter 7: Recommendations

This chapter offers practical policy recommendations to policymakers, regulators, and
market intermediaries, aiming to enhance investor awareness and trust in the adoption
of technology innovations in stock trading. These results are significant in enriching
financial literacy, enhancing digital infrastructure, and protecting investors in the
transforming Kerala-based stock market. This chapter also suggests that further

studies on investor reactions to changes in technology are warranted.
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2.1 Introduction

This chapter presents an in-depth exploration of the evolving intersection between
technological innovations and investment behaviour, combining bibliometric analysis
with a structured literature review. The objective is to map the intellectual trajectory
of research in this domain, examine the impact of fintech advancements on investor
decision-making, and identify critical gaps that warrant further exploration. With the
increasing reliance on Al-driven trading algorithms, robo-advisors, blockchain
technology, and mobile trading applications, understanding how these innovations

influence investor psychology, market efficiency, and financial risk is crucial.

The first section of this chapter utilises bibliometric analysis to uncover dominant
research themes, key contributors, and emerging trends shaping the discourse on
fintech adoption and investment strategies. It highlights the concentration of high-
impact studies, the evolution of thematic clusters, and the geographic distribution of
research efforts. The second section systematically reviews existing literature,
categorising findings into core themes such as investor awareness, behavioural biases
in technology-assisted investing, the influence of social trading and real-time financial
news, and the regulatory challenges surrounding fintech adoption. By integrating
quantitative insights from bibliometric analysis with qualitative assessments from
prior studies, this chapter establishes a comprehensive foundation for understanding
the disruptive role of financial technologies in modern investing. It also identifies
underexplored areas, emphasising the need for further empirical research on decision-
making biases in Al-driven finance, risk assessment in algorithmic trading, and the

long-term implications of fintech integration in global markets.
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2.2  BIBLIOMETRIC ANALYSIS

The rise of financial technologies such as artificial intelligence, blockchain, and
algorithmic trading has transformed investment behaviour, improved market
efficiency, and introduced new risks. Automated trading systems now dominate
global markets, while decentralised finance offers alternatives to traditional banking.
Mobile trading apps and social media have increased investor participation,
particularly in emerging economies, but also heightened behavioural biases, market
volatility, and regulatory concerns. Despite extensive research on fintech adoption,
studies remain fragmented, often focusing on specific technologies or market events

rather than providing a comprehensive perspective.

This study employs bibliometric analysis to map key research trends, identify
dominant themes, and highlight gaps in understanding the impact of fintech on
investor decision-making. It examines publication trends, citation patterns, research
collaborations, and emerging topics, including ethical Al, quantum computing, and
regulatory challenges. A significant gap exists in understanding how financial
technology influences investor psychology. By integrating insights from behavioural
finance and technological advancements, this study provides a structured framework
for future research on the evolving relationship between fintech and investment

behaviour.
2.3 Data Collection

Data were extracted from the Web of Science (WoS) Core Collection, a premier
database for high-impact scientific literature, to ensure access to rigorously peer-
reviewed studies. WoS was selected for its comprehensive coverage of finance,
technology, and management journals (e.g., Journal of Financial Markets,
Technological Forecasting and Social Change) and its compatibility with bibliometric

tools.
24 Search Strategy

A systematic search was conducted using the following Boolean query to balance

precision and recall:
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(("Technological Innovation" OR "FinTech" OR "Algorithmic Trading" OR "Robo-
Advisory" OR "Blockchain Trading" OR "Al in Trading")

AND

("Investment Behaviour" OR "Investor Behaviour" OR "Stock Market Investment"

OR "Trading Behaviour")
AND

("Structural Equation Modelling" OR "PLS-SEM" OR "Causal Relationship")
AND

("stock markets" OR "capital markets"))

2.4.1 Data Characteristics

The bibliometric analysis reveals a dataset spanning 2020-2025, comprising 1,711
articles from 256 sources. The annual growth rate of -24.4% indicates a decline in
publication output, which is unusual for a rapidly evolving field like fintech and
technological innovations. This negative trend may stem from database indexing
delays, the consolidation of research into fewer high-impact journals, or a potential
decline in interest after 2020. However, given the dynamic nature of the field, the
latter seems unlikely. It is recommended to verify this trend by cross-checking it with
alternative databases, such as Scopus or Dimensions, to ensure data completeness.
The average document age of 2.66 years highlights the recency of the literature,
reflecting the fast-paced advancements in Al, blockchain, and algorithmic trading.
This suggests that older studies may quickly become obsolete, a common

characteristic of technology-driven research domains.

The dataset demonstrates a high scholarly impact, with an average of 18.08 citations
per document. This indicates that the field is producing influential research, likely
driven by seminal works on topics such as Al-driven trading, blockchain transparency,
and robo-advisory systems. The extensive referencing, with 97,049 references across

the dataset, underscores the interdisciplinary nature of the field, drawing from finance,
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computer science, and behavioural economics. The high citation impact contrasts with
the negative growth rate, suggesting that while publication numbers may be declining,
the quality and influence of the research remain strong. This could imply a
consolidation of research around key themes and influential papers rather than a

stagnation in the field.

Keyword analysis reveals a significant disparity between Author’s Keywords (5,719)
and Keywords Plus (3,316). Author keywords are 1.7 times more frequent, indicating
that researchers are using specific, niche terminology such as "DeFi governance" or
"quantum trading," while automated systems generalise terms like "blockchain" or
"AL" This suggests a highly specialised and fragmented field, with researchers
focusing on emerging sub-themes. Such fragmentation highlights the need for a
thematic analysis to identify core and niche areas, which can guide future research

directions.

Collaboration patterns reveal a highly collaborative field, with only 2.9% of
documents being single-authored. The average of 3.36 co-authors per document is
slightly above the global average, reflecting the interdisciplinary nature of the
research, which often requires expertise from multiple domains. International co-
authorships account for 51.49% of the documents, emphasising the global nature of
fintech and investment behaviour research. Partnerships between institutions in major
tech hubs such as the U.S., the EU, and India likely drive this high level of
international collaboration. Mapping these collaborations can provide valuable
insights into the geographic and institutional hotspots that drive innovation in the

field.

All documents in the dataset are articles, excluding books, conference papers, and
reviews. This indicates a strong focus on journal-based, empirical research, which is
typical for fields that prioritise cutting-edge advancements and practical applications.
The absence of other document types may also reflect the database’s focus on high-

impact, peer-reviewed journals.
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Table 2.1

Descriptive Statistics of the Data

Description Results
Main Information About Data
Timespan 2020:2025
Sources (Journals, Books, etc) 256
Documents 1711
Annual Growth Rate % -24.4
Document Average Age 2.66
Average citations per doc 18.08
References 97049
Document Contents
Keywords Plus (ID) 3316
Author's Keywords (DE) 5719
Authors
Authors 4737
Authors of single-authored docs 138
Authors Collaboration
Single-authored docs 140
Co-Authors per Doc 3.36
International co-authorships % 51.49
Document Types
Articles 1711

Note: The table presents key bibliometric statistics, including publication trends, authorship patterns,

and citation impact for the dataset spanning 2020-2025.

2.4.2 Scientific Production and Emerging Trends

The Annual Scientific Production chart (Figure 2.1) highlights the growth in research

related to technological innovations and investment behaviour from 2020 to 2025,

driven by fintech advancements such as Al-driven trading, blockchain applications,

and robo-advisory systems. This increase aligned with the accelerated digital

transformation during the COVID-19 period, leading to a surge in scholarly attention.
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However, the decline in publications from 2023 onwards suggests potential indexing
delays, research consolidation around high-impact studies, or a shift in focus toward
emerging areas, such as quantum computing and decentralised finance. This trend
requires further examination to determine whether it reflects actual changes in

research priorities or limitations in data availability.

Figure 2. 1

Annual Scientific Production

Articles

Year

2.4.3 Core Research Sources and Thematic Concentration

The distribution of research across academic sources follows Bradford’s Law,
highlighting a small number of highly productive journals that dominate scholarly
contributions to technological innovations and investment behaviour. As shown in
Figure 2.2, the core sources include high-impact journals such as Journal of Business
Research, Finance Research Letters, and Technological Forecasting and Social
Change, which publish a significant share of articles in this domain. The rapid decline
in article count beyond the core sources reflects the concentrated nature of knowledge
production, a pattern typical in well-established research fields. The middle-tier
journals contribute a moderate number of publications, while the most extensive set
of sources consists of low-productivity journals with only a few articles each. This

structure confirms that research in fintech and investment behaviour is primarily
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shaped by a few leading outlets, making it essential for scholars to focus on these key

sources when conducting literature reviews or publishing high-impact studies.

Figure 2.3 further refines this analysis by showcasing the most locally cited sources
within the dataset, emphasising the journals that have had the highest impact within
this specific research collection. The Journal of Finance, Journal of Financial
Economics, and Review of Financial Studies are the most frequently cited, reinforcing
their centrality in financial technology research. The presence of interdisciplinary
journals such as Research Policy and Journal of Cleaner Production indicates a
growing intersection between financial technology, sustainability, and policy
implications. The high citation concentration in select sources highlights the field’s
reliance on a limited set of influential studies, which shape theoretical and empirical
advancements. Collectively, these findings highlight the importance of these core
journals in setting the research agenda and guiding future scholarly exploration in

fintech and investment behaviour.
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Figure 2.3
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2.4.4 Geographic Research Trends and Collaboration Patterns

The Country Collaboration Map illustrates global research collaborations in
technological innovations and investment behaviour. It highlights how leading
research hubs, including the United States, China, India, and major European nations,
form strong networks of academic partnerships. The dense interconnections indicate
high international cooperation, particularly between developed economies and
emerging markets. Collaborations between the U.S. and India may focus on Al-driven
trading, whereas partnerships within Europe and China are likely to explore
blockchain applications. The presence of emerging contributors, such as Southeast
Asian and African nations, signals a growing diversification in fintech research.
Identifying these collaboration networks is crucial for understanding knowledge
exchange, institutional linkages, and potential areas for future research partnerships

(Figure 2.4).
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Figure 2.4
Country Collaboration Map

Longitude

Latitude

The Country Scientific Production chart visually represents research output by
country, highlighting the dominance of regions such as China, the United States, and
the United Kingdom in fintech and investment behaviour studies. These nations lead
due to their strong academic ecosystems, robust regulatory frameworks, and advanced
technological advancements. European countries, including Germany, Spain, and the
Netherlands, also contribute significantly, reflecting their engagement in fintech
policy, behavioural finance, and financial market innovations. The chart highlights
research clusters and gaps, providing insights into which regions are driving global

fintech discourse and where emerging research opportunities exist (Figure 2.5).
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Figure 2.5

Country Scientific Production

-

The Country Production Over Time chart provides a temporal perspective on research
growth across different nations. The upward trend in research output, particularly in
China, the U.S., and India, indicates a rising focus on fintech-driven financial markets
and behavioural analysis. China exhibits the highest growth trajectory, aligning with
its aggressive adoption of blockchain and Al in the financial sector. The U.S. and the
U.K. continue to make steady contributions, reinforcing their roles as pioneers in
fintech research. Meanwhile, countries such as Germany and Spain exhibit gradual
increases, reflecting growing academic interest in the regulatory and technological

aspects of investment behaviour (Figure 2.6).

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors
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Figure 2.6

Country Production Over Time
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The Corresponding Author’s Countries chart identifies the primary contributing
nations based on the country affiliations of corresponding authors. China, the U.K.,
and the U.S. emerge as leading contributors, reinforcing their dominance in fintech
and investment behaviour research. The data reveal a blend of single-country
publications (SCP) and multiple-country publications (MCP), indicating both national
and international research efforts. Countries such as Australia, Germany, and France
also feature prominently, indicating their involvement in collaborative fintech studies.
This visualisation underscores the importance of geographic diversity in shaping
global fintech research trends and highlights potential areas for expanding

interdisciplinary and cross-border studies (Figure 2.7).
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Figure 2.7
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2.4.5 Author Productivity and Citation Networks

The productivity and influence of researchers in the field of technological innovations
and investment behaviour are critical in understanding the development of scholarly
contributions. The analysis of author productivity follows Lotka’s Law, which
suggests that a small percentage of authors account for a significant portion of
published research. Figure 2.8 illustrates the distribution of authors based on the
number of documents they have written. The chart indicates that the majority of
authors (approximately 75%) have contributed only one or two papers, while a small
fraction have produced five or more publications. This pattern is typical in academic
research, where a handful of prolific scholars drive the field’s intellectual
development. Identifying these high-productivity authors provides insight into key
contributors shaping discussions around fintech adoption, Al-driven investment

decisions, and blockchain-based financial systems (Figure 2.8).
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Figure 2.8

Lotkas Law
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Another aspect of influence is the local citation impact, which reflects the frequency
with which specific authors are cited within the analysed dataset. The most locally
cited authors are shown in Figure 2.9. The chart highlights Victor Murinde, among
others, as one of the most frequently cited scholars in the domain. His research, along
with that of Altunbas Y, Demir A, Pesque-Cela V, Rizopoulos E, Zachariadis M,
Schuberth F, and Pelster M, has significantly shaped the understanding of fintech
integration, algorithmic trading, and behavioural influences on investment behaviour.
These authors have contributed to pivotal studies that define the current discourse,
particularly in areas of decentralised finance, Al-driven investment strategies, and
market regulation. Recognising their work is essential for understanding the

theoretical and empirical foundations driving the field (Figure 2.9).
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Figure 2.9
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In terms of research volume, Figure 2.10 presents the most relevant authors based on
the number of published documents. Scholars such as Wang Y, Liu Y, Akter S, Zhang
Y, and Li J have contributed multiple high-impact papers, indicating their substantial
role in shaping the discussion on fintech-driven transformations in investment
behaviour. The presence of Wang L, Dwi/Edi YK, Ibikunle G, and Sun Y further
highlights contributions from diverse research backgrounds, including machine
learning applications in finance, decentralised financial systems, and quantum
computing in trading algorithms. The dominance of these researchers underscores
their active engagement in fintech research and their impact on emerging themes in

digital finance and behavioural investment trends (Figure 2.10).

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors
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Figure 2.10

Most Relevant Authors
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Together, these analyses provide a structured understanding of author contributions,
showing that a concentrated group of scholars plays a dominant role in advancing
research in technological innovations and investment behaviour. The insights from
these visualisations guide future research by identifying key contributors and

emerging themes that are shaping the evolving financial landscape.
2.4.6 Influential Documents and Citation Analysis

The most locally cited documents chart presents key research studies that have
received the highest citations within the specific dataset used for this bibliometric
analysis. These references are crucial for shaping ongoing academic discussions in
fintech adoption, Al-driven market behaviour, and blockchain-based financial

innovations.

Among the most locally cited papers, Demir et al. (2020) appears prominently,
indicating its significance in Al-driven trading and financial analytics. Similarly,
Murinde et al. (2022), Di Maggio and Yao (2020), and Bartlett et al. (2021) contribute
essential insights into financial technology and behavioural finance, particularly

regarding investor sentiment and the integration of Al into decision-making.
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Other influential studies include Giglio et al. (2021), Fu and Mishra (2021), and
Cornelli et al. (2022), which focus on the economic implications of fintech and
algorithmic trading. Additionally, Henseler and Schuberth (2020), Howell et al.
(2019), and Heredia et al. (2022) explore innovation management, financial risk

modelling, and the impact of fintech on investment strategies.

These highly cited works within the dataset highlight the dominant research themes
and theoretical frameworks that have shaped the discourse on fintech-driven
investment behaviour, providing a reference point for identifying underexplored

research areas (Figure 2.11).

Figure 2.11
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The reference publication year spectroscopy chart provides a temporal analysis of how
citation patterns have evolved in the field of technological innovations and investment
behaviour. This visualisation helps in identifying historical research milestones and

the emergence of new scholarly interests.

The black line in the chart represents the number of cited references by year, with
noticeable peaks indicating periods of heightened research output. The peaks around
2010 - 2015 coincide with the increasing use of Al in trading and blockchain-driven

financial models. A significant surge in citations between 2020 and 2021 aligns with
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the rapid acceleration of fintech innovations during the COVID-19 pandemic,
highlighting areas such as decentralised finance, robo-advisory systems, and digital

trading platforms.

The red line tracks deviations from the five-year median, showing shifts in research
priorities over time. The increasing deviations in recent years suggest emerging trends
in quantum computing, ethical Al in finance, and algorithmic risk assessment, which
have yet to be extensively explored in empirical studies. These deviations indicate
new research directions that could reshape fintech applications and investment

behaviour analysis.

This chart provides a historical context for understanding how financial technology
research has evolved and suggests potential research gaps, particularly in the
integration of Al-driven financial analytics, blockchain transparency, and the long-

term behavioural effects of algorithmic decision-making (Figure 2.12).

Figure 2.12
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2.4.7 Thematic Mapping and Keyword Network Analysis

The three-field plot provides a comprehensive visualisation of the interconnections
between key authors, keywords, and cited references within the research domain of

technological innovations and investment behaviour. This analysis helps in
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identifying influential works, thematic trends, and research trajectories. The left
section of the plot highlights foundational studies that have shaped the discourse in
this field. Key references include contributions from scholars such as Fassott et al.
(2016) on industrial management, Hair et al. (2011) on marketing theory, and Chin
(2009) on partial least squares structural equation modelling (PLS-SEM). These
works establish the theoretical and methodological underpinnings of fintech research.
Additionally, studies by Venkatesh et al. (2003) on technology adoption and Davis
(1989) on user acceptance of information systems provide behavioural frameworks

relevant to the adoption of financial technologies.

The central portion of the plot maps keywords representing dominant themes in the
literature. Concepts such as fintech, technological innovation, liquidity, and
cryptocurrency dominate the discourse, reflecting the increasing role of emerging
technologies in financial markets. The inclusion of covid-19 highlights its impact on
accelerating digital economic transformation. Additionally, keywords related to
corporate social responsibility and financial performance suggest a growing
intersection between sustainable finance and fintech adoption. The right section of the
plot presents a list of authors who have made significant contributions to the field.
Scholars such as Akter, Wang, Zhang, and Liu are identified as leading researchers,
particularly in areas related to Al-driven trading and blockchain applications. The
presence of researchers like Dwivedi and Ibikunle indicates the global nature of
fintech research, with contributions from diverse geographic and institutional
backgrounds. This visualisation underscores the interdisciplinary nature of the field,

linking financial technology, behavioural finance, and innovation management.

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors
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2.5 Research Clusters and Dominant Themes

The keyword co-occurrence network provides insights into the major research themes
in the field of technological innovations and investment behaviour. The analysis
reveals five primary clusters, each representing distinct but interconnected themes.
The green cluster focuses on innovation, firm performance, and dynamic capabilities,
emphasising how businesses integrate fintech advancements to improve market
competitiveness. The blue cluster explores fintech adoption, trust, and consumer
behaviour, with a strong emphasis on user acceptance models, particularly PLS-SEM
applications. The red cluster centres on market volatility, risk, and investor sentiment,
indicating a growing interest in understanding how social media, sentiment analysis,
and real-time financial news influence investment decisions. The purple cluster
captures regulatory and governance aspects of fintech, linking financial innovations
with macroeconomic variables such as economic growth and financial stability.
Finally, the yellow cluster represents econometric and empirical research, focusing on
financial modelling techniques such as Granger causality and panel data analysis to

assess the economic implications of fintech advancements.
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The co-occurrence of keywords across these clusters suggests a shift from early
research focusing on fintech adoption to more complex analyses of its economic
impact and regulatory challenges. The increasing presence of terms such as carbon
emissions, economic development, and governance suggests that fintech is now being
explored in the context of sustainable finance and responsible financial management.
Additionally, behavioural finance elements, such as investor sentiment, risk-taking
behaviour, and uncertainty, are increasingly integrated with Al-driven analytics and
algorithmic trading. This transition highlights the need for cross-disciplinary research
that connects financial technology, regulatory frameworks, and behavioural science
to provide a more holistic understanding of fintech’s role in modern investment

behaviour.

Figure 2.14
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2.6 Emerging Trends in Technology Adoption, Al, and Digital Finance:

The thematic evolution map presents a temporal analysis of keyword trends,
illustrating how research in technological innovations and investment behaviour has
evolved. The colour gradient from blue to yellow represents different periods, with
blue indicating earlier research trends from 2021 to 2022 and yellow highlighting

more recent developments from 2023 onwards.

Early research in the field, as reflected in blue and green keywords, primarily focused
on market dynamics, investment risk, and macroeconomic factors. Keywords such as
volatility, liquidity, returns, economic growth, and financial development dominated
the discourse, reflecting concerns over how fintech innovations impact financial
markets and economic stability. Additionally, earlier studies explored behavioural
aspects of investment, with frequent mentions of investor sentiment, uncertainty, and

price movement predictions within financial markets.

More recent research trends, represented by yellow and light green keywords, indicate
a growing focus on consumer behaviour, digital adoption, and fintech applications in
retail finance. The increased prominence of terms such as trust, user acceptance,
adoption, service quality, customer satisfaction, augmented reality, and social
commerce suggests a shift toward understanding how retail investors engage with
digital financial tools and platforms. The rising influence of social media, brand
loyalty, and emotions highlights the role of digital ecosystems in shaping investment

decisions.

Furthermore, the emergence of terms such as artificial intelligence, framework, and
moderating role suggests that recent studies are increasingly integrating machine
learning models, causal inference techniques, and structural equation modelling to
analyse complex financial decision-making patterns. This shift signals the increasing
interdisciplinarity of fintech research, combining insights from behavioural science,
technology adoption, and financial analytics. The evolving nature of keyword trends
indicates a growing need for empirical validation of fintech’s impact, incorporating
real-world data and advanced analytical techniques to assess its long-term

implications.
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Figure 2.15
Thematic Evolution Map
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2.7 Conclusion

The bibliometric analysis highlights the rapid evolution of research on technological

innovations and investment behaviour, with significant contributions in areas such as

algorithmic trading, fintech adoption, decentralised finance, and behavioural biases in

financial decision-making. The high citation impact of studies in this domain suggests

that the field is producing influential research. Yet, the declining annual growth rate

raises questions about possible shifts in research priorities. While early studies

focused on digital payment systems, mobile trading platforms, and the initial adoption

of fintech innovations, recent research trends indicate a growing emphasis on market

volatility, investor sentiment, regulatory challenges, and the long-term stability of

algorithmic trading systems. The findings also confirm that fintech research is highly

globalised, with significant academic contributions coming from the United States,

China, the United Kingdom, and European countries. Meanwhile, emerging

economies, particularly India and those in Southeast Asia, are increasingly engaging

Impact of Technological Innovations on the Investment Behaviour of

62 Stock Market Investors



Review of Literature: Bibliometric Analysis of Financial Technology and Investment Behaviour

in discussions on financial inclusion and digital transformation. The strong
international collaboration patterns observed in the study suggest that fintech research
benefits from cross-border knowledge exchange, fostering interdisciplinary insights

that integrate finance, technology, and behavioural science.

Despite the significant advancements, several research gaps remain unaddressed. The
long-term behavioural effects of fintech adoption on investor psychology and market
stability require deeper empirical investigation, particularly regarding decision-
making biases in Al-assisted trading and the ethical risks associated with algorithmic
financial systems. While Al, blockchain, and robo-advisory systems are widely
studied, there is limited consensus on their impact on overall market efficiency and
risk mitigation. Additionally, the findings suggest that while fintech research is
expanding into areas such as sustainable finance and decentralised markets, the field
lacks standardised conceptual frameworks, leading to fragmented theoretical
development. Addressing these gaps requires a more structured research approach that
synthesises insights from financial economics, behavioural finance, and regulatory

perspectives.
2.8 LITERATURE REVIEW
2.8.1 Introduction

The stock market environment has undergone tremendous changes due to
technological innovations, which have redefined the way investors access, analyse,
and trade information. The effective management of investments is influenced by the
rise of digital platforms, mobile trading applications, robo-advisor services, and real-
time data analytics, which have improved efficiency, accessibility, and transparency
in investment decisions. These developments have not only lowered the costs of
transactions but also democratised market access, as they have enabled retail investors
to use tools previously monopolised by institutional investors. Numerous researchers
have demonstrated that the use of technology in stock trading can influence investor
confidence, decision-making speed, and risk-taking behaviour. The following section,
the review of literature, will build on these findings by systematically analysing

empirical and theoretical studies to identify gaps that require further exploration and
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establish a strong foundation for understanding how fintech continues to reshape

investment behaviour and financial markets.

The review has been categorised into eleven themes to present the previous research
works in relation to the objectives. The literature review was extensive and resulted

in categorising all studies by various themes as presented below:
1. Evolution of Technological Innovations in the Stock Market

2. Investor Awareness and Adoption of Technological Innovations in the Stock

Market
3. The Impact of Technological Advancements on Investment Behaviour
4. Social Trading and Real-Time News Platforms in Investment Decisions
5. The Role of Financial Analytics in Investment Decision-Making
6. Impact of Mobile Trading Apps and Discount Brokers on Investment Behaviour
7. Risk Perception and Psychological Factors in Technology-Based Investing
8. Cost Perception and Transactional Efficiency in Technology-Driven Investing
9. Attitudes Towards Technological Innovations in Investment
10. Behavioural Intention and Actual Use of Technology in Stock Trading

11. The Influence of Algorithmic Trading on Market Efficiency and Investor

Behaviour
2.8.2 Evolution of Technological Innovations in the Stock Market

The stock market has undergone a profound technological transformation, shifting
from manual trading methods to highly sophisticated digital ecosystems. This
evolution has been studied across various disciplines, highlighting the impact of
electronic trading, algorithmic trading, fintech innovations, and blockchain

technology on market efficiency and investor behaviour.

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors
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The transition from open-outcry trading to electronic platforms marked a fundamental
shift in stock market operations. Research has extensively examined how early
electronic trading systems revolutionised market dynamics (Bradford & Miranti,
2014). The adoption of digital trading platforms has significantly enhanced market
efficiency, with the National Stock Exchange (NSE) implementing an electronic
order-matching system that improved liquidity and streamlined transactions (Shah &
Thomas, 2000). Studies suggest that digitalisation has led to reduced trading costs and
increased market participation, creating a more inclusive financial landscape (Gomber

etal., 2018).

The emergence of algorithmic trading has further transformed the stock market, with
high-frequency trading (HFT) becoming a dominant force in global financial markets
(Menkveld, 2013). Empirical studies highlight the role of HFT in improving liquidity
and reducing bid-ask spreads (Hendershott & Riordan, 2013). However, concerns
persist regarding the impact of algorithmic trading on market stability, as it has been
linked to increased volatility and occasional market disruptions (Filimonov &
Sornette, 2012). Recent research emphasises the need for regulatory interventions to
ensure fair market practices and mitigate risks associated with algorithmic trading

(Seo & Chai, 2013).

Fintech innovations have played a crucial role in reshaping the investment landscape.
The proliferation of mobile trading applications has facilitated greater participation
by retail investors, thereby democratising access to financial markets (Chong et al.,
2021). Studies have examined the effects of mobile trading platforms on investor
behaviour, highlighting changes in trading frequency and investment decision-making
patterns (Nair et al., 2022). The rise of discount brokers and zero-commission trading
models has further contributed to this shift, challenging traditional brokerage

structures and fostering competitive market conditions (Fouillet et al., 2021).

Regulatory frameworks have played a crucial role in shaping the evolution of
technology-driven trading. The Securities and Exchange Board of India (SEBI) and
the Reserve Bank of India (RBI) have implemented various policies to regulate

algorithmic trading, fintech applications, and blockchain-based financial systems
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(Claessens et al., 2018). Research indicates that regulatory measures, such as the
introduction of algorithmic trading guidelines and the implementation of fintech
sandbox programs, have helped maintain market integrity while fostering

technological advancements (Addy et al., 2024)

Blockchain technology has emerged as a transformative force in financial markets,
offering enhanced transparency, security, and efficiency. Studies have explored the
potential of decentralised trading platforms to reduce settlement times and mitigate
counterparty risks (Cucculelli & Recanatini, 2022). However, challenges related to
scalability, regulatory compliance, and integration with existing financial
infrastructure persist (Zachariadis et al., 2019). Research continues to investigate the
feasibility of blockchain-based stock trading services, emphasising their implications

for market efficiency and investor confidence (Chang & Wang, 2023).

The socio-economic implications of market automation remain a topic of scholarly
debate. Some studies argue that technological advancements have exacerbated income
disparities by favouring institutional investors with access to sophisticated trading
algorithms (Froot et al., 2001). Conversely, other research suggests that the rise of
digital discount brokerage models has lowered barriers to market entry, promoting
financial inclusion among retail investors (Balodi et al., 2024). The interplay between
automation, market accessibility, and investor behaviour remains a critical area of

ongoing inquiry (Sindakis & Showkat, 2024).

The evolution of technological innovations in stock markets presents a dual
narrative—enhanced efficiency, accessibility, and democratisation of trading, but also
systemic risks, regulatory challenges, and ethical concerns. While global studies
provide foundational insights, India-centric research remains fragmented, particularly
in areas of rural fintech adoption, blockchain scalability, and ethical Al governance.
Future research should focus on bridging regulatory gaps, enhancing cybersecurity
frameworks, and developing responsible Al-driven trading ecosystems to ensure a

sustainable and technology-driven evolution of the stock market.

Impact of Technological Innovations on the Investment Behaviour of
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2.8.3 Investor Awareness and Adoption of Technological Innovations in the

Stock Market

Investor awareness plays a pivotal role in the adoption of technological innovations
in the stock market, influencing how investors engage with fintech solutions, artificial
intelligence (Al), blockchain, robo-advisors, and algorithmic trading. The diffusion of
these technologies is shaped by behavioural factors, regulatory frameworks, and
financial literacy, which collectively determine the extent of adoption across different

investor demographics.

The adoption of technological innovations is closely linked to awareness levels, as
demonstrated in studies on fintech adoption and the transformation of financial
services. Guild (2017) emphasises that increased investor knowledge about digital
financial solutions enhances adoption rates. The Theory of Planned Behaviour (TPB)
and Technology Readiness Index (TRI) have been employed to analyse how
technological optimism and discomfort influence investor decision-making. Flavidn
et al. (2021) argue that investors with higher awareness of Al-based trading platforms
exhibit greater intention to integrate robo-advisors into their investment strategies,
with perceived usefulness playing a critical role in this adoption process. However,
Atwal and Bryson (2021) highlight that psychological barriers, such as automation

bias and lack of trust in Al-generated financial recommendations, impact adoption.

The role of blockchain technology in the adoption of the stock market has also gained
significant attention. Blockchain has been positioned as a transformative force in
enhancing security, transparency, and efficiency in trade settlement. However,
awareness remains a key barrier to widespread adoption. Lou and Li (2017) indicate
that investor knowledge of blockchain applications influences trust and willingness to
engage with decentralised trading platforms. The integration of Innovation Diffusion
Theory (IDT) with the Technology Acceptance Model (TAM) provides a
comprehensive framework to explain how early adopters influence mass adoption
trends in blockchain-based financial transactions. Ku-Mahamud et al. (2019) suggest
that the higher the investor familiarity with blockchain’s security advantages, the

greater their inclination to use it for investment activities.
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Fintech solutions, including mobile stock trading applications and digital investment
platforms, have experienced varying adoption rates across different investor
segments. Despite high levels of fintech awareness among investors, actual usage
remains relatively low, suggesting gaps in education and trust. Abdullah et al. (2018)
underscore the significance of financial literacy in bridging this gap. Investors with a
greater understanding of fintech solutions are more likely to integrate digital financial
products into their investment practices, underscoring the importance of targeted
education initiatives. Irimia-Diéguez et al. (2023) further emphasise that personalised
fintech experiences enhance investor engagement by offering user-friendly interfaces

and algorithmic insights that simplify decision-making.

The Unified Theory of Acceptance and Use of Technology (UTAUT) has been
applied to fintech adoption in various studies, revealing that performance expectancy
and social influence significantly affect investor intention to use fintech services.
Abdullah et al. (2018) report that while 95.6% of respondents in a Malaysian study
were aware of fintech applications, only 11.8% actively used them for investment
purposes, highlighting the need for stronger financial education programs and risk
awareness campaigns. Similarly, Sembel et al. (2024) found that investor awareness,
influenced by financial literacy and e-reputation, has a significant impact on fintech

adoption, particularly in mobile stock investment applications in Indonesia.

Investor psychology plays a crucial role in shaping technological adoption trends.
Behavioural finance theories suggest that cognitive biases, such as herding behaviour
and overconfidence, influence investor engagement with new technologies. Bunkar
and Ramaiah (2024) highlight that investors who perceive algorithmic trading as
complex or opaque tend to rely on traditional trading methods, despite the potential
efficiency benefits of algorithmic trading. Conversely, Flavidn et al. (2021) suggest
that technological optimism fosters positive attitudes toward Al-driven financial
decision-making, increasing adoption rates among tech-savvy investors. However,
Atwal and Bryson (2021) point out that concerns over algorithmic transparency and

Al biases remain significant deterrents to the adoption of Al
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Social trading and network-based investment strategies further illustrate the role of
awareness in technological adoption. Dorfleitner et al. (2018) indicate that investor
participation in social trading platforms is driven by peer influence and access to real-
time market insights. While social trading enhances financial knowledge and
decision-making efficiency, it also introduces risks of herd behaviour, where investors
mimic trades without conducting independent research. Ze and Loang (2024) argue
that awareness of these risks is crucial for ensuring responsible participation in
technology-driven financial markets. Moreover, sentiment analysis tools powered by
Al have been shown to improve market prediction accuracy, yet they require investor

education to mitigate overreliance on algorithmic recommendations.

Empirical research on digital financial literacy underscores the need for targeted
initiatives to enhance investor confidence in technological innovations. Kartika and
Rusmanto (2023) highlight that investors with a strong understanding of digital
investment tools are more likely to engage with fintech solutions, blockchain-based
platforms, and Al-driven analytics for portfolio management. However, Taneja
(2024) emphasises that disparities in financial education across different investor
demographics highlight the need for inclusive educational programs that cater to

diverse investment backgrounds.

Regulatory frameworks play a vital role in shaping investor awareness and adoption
of financial technologies. Dangkeng and Munir (2025) argue that government
initiatives aimed at improving financial literacy and digital inclusion have a
significant influence on fintech adoption trends. Additionally, Claessens et al. (2022)
argue that investor protection policies that enhance transparency in algorithmic

trading and robo-advisory services foster increased trust in financial technologies.

Despite growing awareness, barriers to adoption persist, particularly concerning
cybersecurity risks, regulatory uncertainties, and the complexity of emerging financial
technologies. Luo (2024) notes that while investors recognise the benefits of
blockchain and Alin financial markets, concerns about data privacy, fraud prevention,
and algorithmic accountability limit widespread adoption. Spatacean and Todoran

(2025) suggest that financial institutions must implement more robust investor
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education initiatives and regulatory safeguards to address these concerns, ensuring

that technological advancements translate into sustainable investment practices.

One of the most significant barriers to adoption is the perceived complexity of
financial technologies. Kartika and Rusmanto (2023) argue that many investors,
especially retail participants, lack the necessary technical knowledge to utilise Al-
driven trading platforms and blockchain-based investment solutions fully. This
knowledge gap results in a reliance on traditional financial advisors, despite the
availability of more efficient, technology-driven alternatives. Similarly, Sembel et al.
(2024) highlight that the ease of access to fintech applications does not necessarily
translate to practical use, as investors must possess a baseline understanding of
financial markets and digital investment tools to make informed decisions. Addressing
these challenges requires targeted financial literacy programs that focus not only on
basic investment principles but also on the functionality and advantages of fintech

solutions.

Another critical factor affecting technological adoption is trust in automated systems.
Bunkar and Ramaiah (2024) emphasise that while algorithmic trading and robo-
advisory services offer efficiency and cost savings, many investors remain sceptical
about the accuracy and transparency of these technologies. Atwal and Bryson (2021)
highlight that concerns about data security, system malfunctions, and a lack of
regulatory safeguards contribute to hesitancy in adopting Al-driven financial
management tools. These concerns are particularly evident in emerging markets,
where regulatory oversight is still in its early stages of development. Lou and Li
(2017) suggest that integrating robust security measures and increasing transparency
in Al-driven investment models can help build investor confidence, ultimately

enhancing adoption rates.

Behavioural finance research further illustrates the influence of psychological factors
on the adoption of financial technologies. Ze and Loang (2024) argue that cognitive
biases such as overconfidence and familiarity bias lead some investors to resist
automation, preferring manual trading strategies despite evidence of Al's superior

analytical capabilities. Conversely, Dorfleitner et al. (2018) find that social trading
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platforms, which leverage peer influence and community-based investment decisions,
encourage greater fintech adoption by reducing perceived risks. However, these
platforms also introduce challenges such as herd behaviour, where investors follow
market trends without independent analysis. Ensuring that investors maintain a critical
perspective while using social trading tools is essential to prevent irrational decision-

making driven by sentiment rather than fundamental analysis.

The regulatory landscape also plays a crucial role in shaping investor awareness and
adoption of technological innovations. Claessens et al. (2022) assert that a well-
defined regulatory framework enhances investor confidence in fintech solutions by
ensuring transparency, security, and compliance with market standards. However,
Guild (2017) notes that excessive regulation may stifle innovation, potentially
discouraging fintech companies from developing user-friendly investment platforms.
Striking a balance between regulatory oversight and technological innovation is
essential to fostering a sustainable fintech ecosystem. Recent studies suggest that
regulatory sandboxes, which allow fintech firms to test new products under regulatory
supervision, are effective in promoting both investor trust and technological
advancements (Dangkeng & Munir, 2025). These initiatives provide investors with a
safer environment in which to explore digital investment solutions, thereby

accelerating their adoption.

Blockchain technology remains one of the most promising yet underutilised
innovations in stock market investments. Ku-Mahamud et al. (2019) argue that while
blockchain offers enhanced security and efficiency, its adoption is limited by a lack
of awareness and concerns regarding regulatory compliance. Investors who recognise
the benefits of decentralised trading platforms, such as reduced transaction costs and
faster settlement times, are more likely to embrace blockchain-based solutions.
However, Luo (2024) cautions that regulatory ambiguities and scalability issues pose
significant barriers to widespread adoption. To address these challenges, Spatacean
and Todoran (2025) advocate for more straightforward regulatory guidelines and
investor education initiatives that focus on the practical applications of blockchain in

financial markets.
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Al-driven sentiment analysis tools and predictive analytics have also played a crucial
role in shaping investment decisions. Flavian et al. (2021) find that investors who
utilise Al-based forecasting models tend to achieve higher returns due to improved
market timing and risk assessment. However, Kartika and Rusmanto (2023) warn that
overreliance on these tools can lead to blind trust in algorithmic recommendations,
potentially resulting in suboptimal investment outcomes. Educating investors on the
strengths and limitations of Al-driven financial models is essential to ensuring

responsible usage.

Financial literacy remains a key determinant of technological adoption in the stock
market. Irimia-Diéguez et al. (2023) highlight that investors with a higher level of
financial education are more likely to engage with fintech platforms, blockchain-
based trading systems, and Al-driven investment tools. However, Sembel et al. (2024)
note that disparities in financial literacy persist, particularly in developing markets,
where access to financial education is often limited. Addressing these disparities
requires collaborative efforts between regulatory bodies, financial institutions, and
educational organisations to ensure that all investors have the necessary knowledge to

navigate an increasingly digitalised financial landscape.

Despite the growing awareness of fintech innovations, cybersecurity risks remain a
significant concern for investors. Atwal and Bryson (2021) report that fears of
hacking, identity theft, and data breaches deter many individuals from fully embracing
digital investment platforms. Similarly, Ze and Loang (2024) emphasise that while
fintech solutions offer convenience and efficiency, they also introduce new
vulnerabilities that must be addressed through enhanced security protocols and
investor protection mechanisms. Regulatory bodies must implement stringent
cybersecurity measures to safeguard investor data, thereby fostering trust in digital

financial solutions.

Future research should focus on developing more effective strategies to bridge the gap
between awareness and adoption of financial technologies. Kartika and Rusmanto
(2023) propose that fintech firms should prioritise user-friendly interfaces and

personalised investment tools to enhance investor engagement. Additionally,
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Claessens et al. (2022) suggest that targeted financial education programs, coupled
with regulatory incentives, can encourage more investors to embrace technological
innovations in the stock market. As the financial industry continues to evolve,
ensuring that investors are equipped with the necessary knowledge and resources will
be essential to fostering a more inclusive and technologically advanced investment

ecosystem.
2.8.4 The Impact of Technological Advancements on Investment Behaviour

The evolution of technological advancements in financial markets has significantly
influenced investment behaviour, reshaping decision-making processes, risk-taking
tendencies, and the overall market efficiency. Digital transformation, artificial
intelligence (AI), and financial technology (FinTech) have introduced novel
investment mechanisms, altering investor psychology and trading strategies. Digital
platforms have fundamentally shifted the landscape by enhancing accessibility and
reducing transaction costs, allowing for the democratisation of investing. Hossnofsky
and Junge (2019) assert that while initial market reactions to digitalisation may be
adverse, long-term adaptation fosters favourable investment recommendations by
analysts, highlighting a shift in perception towards technological innovations in
finance. Similarly, Zhavoronok et al. (2022) examine the correlation between
household financial behaviour and digitalisation, emphasising how increased access
to real-time financial data enhances financial decision-making across different

investor segments.

Algorithmic trading and robo-advisory services have emerged as dominant forces in
shaping contemporary investment behaviour. While Al-driven investment platforms
are often perceived as tools for mitigating cognitive biases, Bhatia et al. (2021) reveal
that robo-advisors fail to eliminate behavioural distortions such as overconfidence and
loss aversion. Instead, investors continue to exhibit psychological biases despite the
use of algorithmic decision support. Similarly, Keswani et al. (2019) highlight that
heuristic-driven decision-making remains prevalent even in technologically advanced
trading environments, suggesting that technology cannot entirely override inherent

behavioural tendencies. However, Lui et al. (2021) argue that Al investment can
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adversely impact firm valuation, as stock prices tend to decline following the
announcement of Al implementation, indicating investor skepticism towards

automation in financial decision-making.

The impact of digital platforms on investment frequency and risk-taking is another
critical area of exploration. Kalda et al. (2021) demonstrate that smartphone trading
applications encourage higher frequency trading and increased speculative behaviour,
with investors displaying a greater propensity to chase past returns and engage in
riskier asset allocations. This trend aligns with Quinn (2019), who draws historical
parallels between technological revolutions and speculative financial bubbles,
illustrating how rapid technological advancements often lead to short-term irrational
exuberance in financial markets. Moreover, Zhang and Aumeboonsuke (2022)
establish a link between technological innovation and heightened risk-taking among
firms, as companies with strong technological capabilities tend to pursue aggressive
investment strategies with long-term profitability objectives. However, this increased
risk appetite may also lead to heightened market volatility, necessitating a more

nuanced regulatory approach.

The adoption of blockchain technology and decentralised finance (DeFi) solutions
further illustrates the evolving nature of investment behaviour. Peng et al. (2022)
highlight that digitalisation significantly enhances corporate foreign direct investment
(FDI) by improving capital efficiency and reducing financial constraints, particularly
in technology-intensive sectors. This finding aligns with Irimia-Dieguez et al. (2023),
who emphasise that social norms and attitudes mediate FinTech adoption, suggesting
that investor sentiment and collective trust play a vital role in shaping investment
decisions within digital financial ecosystems. Similarly, Wang et al. (2024) report that
blockchain adoption is influenced by trust in its security and stability, underscoring
the psychological dimensions of investor behaviour in response to technological

advancements.

Behavioural finance perspectives provide additional insights into the intersection of
technology and investment behaviour. Wu (2020) examines how automated financial

information processing influences market sentiment, revealing that algorithmic
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trading amplifies investor reactions to new information, thereby exacerbating price
fluctuations. This aligns with Ahmad and Wu (2022), who argue that herding
behaviour remains a prevalent issue in digitalised trading environments, leading to
distortions in perceived market efficiency. Meanwhile, Batra (2024) examines the role
of financial literacy in mitigating the impact of technological advancements on
investment decisions, concluding that enhanced digital literacy promotes more

rational investment behaviour and reduces susceptibility to misinformation.

Empirical evidence further underscores the role of technology in shaping corporate
investment strategies. Zhou and Ge (2023) establish that corporate digitisation
enhances investment efficiency, particularly in firms experiencing overinvestment
issues. Their findings complement Li et al. (2022), who analyse digital
transformation’s influence on corporate risk-taking, demonstrating that firms
leveraging digital innovation exhibit greater resilience in volatile market conditions.
Additionally, Jeanjean (2020) examines how technological progress influences
competition and investment dynamics, finding that innovation-driven industries
exhibit distinct investment patterns compared to traditional sectors. These studies
collectively reinforce the argument that technological advancements are
fundamentally altering both individual and institutional investment behaviours,

necessitating a reassessment of traditional financial models.

The proliferation of social trading platforms and real-time financial news aggregators
has further reshaped investor decision-making. Krishnaprabha (2024) examines the
impact of social media on investment preferences among young investors, concluding
that digital engagement promotes short-termism and speculative tendencies. This
aligns with Keeley (2023), who examines the impact of synthetic financial media on
investor sentiment, demonstrating that algorithmically generated financial narratives
can significantly alter investment outlooks. In contrast, Hariyani and Saputra (2023)
argue that financial technology enhances investment interest among younger
demographics by providing more accessible and user-friendly platforms, thereby

encouraging long-term financial participation.
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The relationship between digital transformation and financial market efficiency
remains a topic of ongoing debate. Zhang and Xie (2023) assert that while
digitalisation fosters investment innovation, it also introduces greater volatility, as
firms must continuously adapt to evolving technological landscapes. This view is
supported by Lu and Zhou (2022), who analyse the implications of digital
transformation on firm valuation, illustrating that businesses with robust digital
strategies tend to exhibit higher market resilience and investor confidence.
Conversely, Shukla and Nerlekar (2019) argue that technological advancements have
led to a reduction in brokerage reliance, empowering individual investors but also

increasing susceptibility to market manipulation due to information asymmetry.

The integration of advanced technologies into investment decision-making processes
continues to redefine traditional financial practices, altering investor behaviour and
market dynamics. The increasing reliance on artificial intelligence (Al), big data
analytics, and blockchain has significantly enhanced investment efficiency while
simultaneously reshaping risk perception among investors (Hossnofsky & Junge,
2019). The adoption of these technologies has contributed to a fundamental
transformation in investor sentiment, trading strategies, and portfolio management,
underscoring the need for a nuanced understanding of behavioural finance in

technology-driven investing.

The deployment of Al-driven analytics has significantly influenced investors’
decision-making processes by providing predictive insights and pattern recognition
capabilities, enhancing investment performance through data-driven strategies (Zhang
& Xie, 2023). Al-powered robo-advisors have played a crucial role in democratising
access to investment opportunities by providing cost-effective financial planning
solutions tailored to individual risk preferences (Bhatia et al., 2021). However,
empirical evidence suggests that despite their efficiency, robo-advisory services have
not been entirely successful in mitigating cognitive biases such as overconfidence and
loss aversion (Keswani et al., 2019). These findings suggest that while technological
innovations enhance investment accessibility, they do not necessarily eliminate

behavioural anomalies that persist within investor psychology.
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Technological advancements have also facilitated the proliferation of algorithmic
trading and high-frequency trading (HFT), which have redefined liquidity dynamics
and market efficiency (Luo, 2024). Algorithmic trading, leveraging machine learning
and automation, has demonstrated the potential to enhance trade execution speed and
reduce market inefficiencies (Sendstad et al., 2021). However, concerns regarding the
potential for market manipulation and the amplification of systemic risks remain
prevalent, particularly as these technologies exacerbate volatility through rapid, high-
volume trades (Quinn, 2019). The literature highlights that the over-reliance on
algorithmic trading can contribute to flash crashes and liquidity shocks, which

disproportionately affect retail investors and destabilise market structures (Wu, 2020).

Another transformative aspect of technological advancements in investment
behaviour is the rise of blockchain technology and decentralised finance (DeFi)
platforms. The adoption of blockchain in financial markets has introduced
unprecedented levels of transparency, security, and transactional efficiency
(Konovalova et al., 2019). Smart contracts, which automate and enforce contractual
obligations, have facilitated seamless execution of trades without intermediary
interventions, thereby reducing transaction costs (Zachariadis et al., 2019). However,
scalability issues and regulatory ambiguities remain significant barriers to widespread
blockchain adoption, with scholars emphasising the necessity of robust governance

frameworks to mitigate associated risks (Guo & Xu, 2021).

The proliferation of mobile trading applications and digital investment platforms has
further expanded market participation by enhancing accessibility for retail investors.
The advent of user-friendly trading interfaces and commission-free brokerage models
has significantly altered investment behaviour, encouraging higher trading frequency
and speculative investment strategies (Kuriakose & Sajoy, 2022). Research suggests
that while digital platforms empower investors with real-time market information and
seamless trading functionalities, they also contribute to increased impulsive trading
behaviour and heightened risk exposure (Kalda et al., 2021). This phenomenon aligns

with behavioural finance theories, which suggest that ease of access and gamification
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elements in digital trading platforms can reinforce cognitive biases, such as recency

effects and overreaction to short-term market fluctuations (Genz et al., 2019).

Technological advancements have also influenced investor sentiment and herding
behaviour, particularly through the integration of social media analytics in investment
decision-making (Krishnaprabha, 2024). The reliance on real-time financial news and
sentiment analysis tools has enabled investors to react swiftly to market
developments; however, it has also increased susceptibility to speculative trading
driven by social contagion (Ahmad & Wu, 2022). Empirical studies indicate that
investor sentiment, when amplified by algorithmic sentiment analysis, can lead to
herding effects, exacerbating market inefficiencies and price distortions (Chartier et
al., 2021). Consequently, while technology enhances informational efficiency, it also
introduces behavioural vulnerabilities that warrant regulatory oversight and investor

education initiatives (Shukla & Nerlekar, 2019).

The broader implications of technological innovations on investment behaviour
extend to the evolving landscape of financial literacy and investor education. Digital
financial literacy has emerged as a critical determinant of technology adoption in
investment decision-making, influencing risk assessment capabilities and investment
confidence (Hariyani & Saputra, 2023). In conclusion, technological advancements
have profoundly influenced investment behaviour by enhancing market accessibility,
efficiency, and decision-making processes. However, these innovations have also
introduced new complexities, including cognitive biases, market volatility, and
regulatory challenges. While AI, blockchain, and digital trading platforms offer
substantial benefits, their impact on investor psychology and market stability
necessitates continuous empirical evaluation and policy adaptation. Future research
should focus on the intersection of technology and behavioural finance, exploring
strategies to optimise investor outcomes while mitigating the unintended

consequences of technological disruptions in financial markets.
2.8.5 Social Trading and Real-Time News Platforms in Investment Decisions

The proliferation of social trading platforms and real-time news dissemination

mechanisms has fundamentally transformed contemporary financial markets,
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reshaping investor decision-making processes and altering traditional dynamics of
market efficiency. Cookson and Niessner (2019) argue that digital platforms, such as
Twitter, Reddit, and investment-focused communities like StockTwits, serve as
critical conduits for real-time financial information, enabling retail investors to
respond collectively to market movements. Unlike conventional financial news
sources, these platforms offer immediate access to diverse investment perspectives
and market sentiment, creating an environment where retail participation has a
significant influence on stock valuations. Betzer and Harries (2022) further emphasise
that investor sentiment generated within these digital ecosystems substantially
impacts trading behaviour, particularly in volatile markets, as demonstrated by the

surge in retail trading activity in speculative assets, such as meme stocks.

The accessibility and interactivity of social trading platforms facilitate a decentralised
aggregation of investor sentiment, thereby shaping market expectations and stock
liquidity. Jiao et. al (2020) suggest that these platforms function as alternative
information hubs, where discourse among investors not only influences individual
decision-making but also contributes to broader market sentiment. Nguyen et al.
(2019) similarly highlight the role of social media in institutional investor decision-
making, as customer sentiment on these platforms has been shown to affect firm
valuation and investment performance. However, the unregulated nature of social
media-driven financial discourse introduces significant risks, particularly regarding
the proliferation of misinformation. Kogan et al. (2021) contend that fraudulent or
misleading financial information on social media influences retail trading behaviour,
often prompting investors to discount even legitimate news sources due to the
prevalence of manipulative narratives. Jiang et al. (2018) further reinforce this
perspective, indicating that unverified sentiment analysis on social media fosters herd-

like behaviour, thereby disconnecting market prices from underlying fundamentals.

The influence of social media on financial decision-making extends beyond investor
sentiment to the realm of algorithmic trading. Khan et al. (2019) demonstrate that
integrating machine learning classifiers into financial forecasting models has

significantly enhanced predictive accuracy, particularly when social media sentiment
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is incorporated as an input variable. Theodorou et al. (2021) corroborate these
findings, showing that algorithmic trading models that leverage real-time social
sentiment outperform conventional predictive frameworks. Valle-Cruz et al. (2021)
further examine the feedback loop between investor sentiment and trading algorithms,
emphasising how real-time information from social media interacts with automated
trading strategies to reinforce market trends. The reliance on sentiment-based models
for financial forecasting, however, raises concerns regarding market stability. Pelster
and Breitmayer (2019) highlight that algorithmic responses to social sentiment can
exacerbate volatility, necessitating regulatory interventions to mitigate the risk of

speculative trading driven by short-term market sentiment.

The role of real-time news platforms in shaping investor behaviour is another critical
dimension of this evolving landscape. Strauss and Smith (2019) illustrate that
breaking financial news disseminated via social media often precedes traditional
media coverage, creating an informational advantage for retail investors who actively
monitor these platforms. Jin and Yu (2022) argue that the temporal discrepancy
between social media-driven news dissemination and institutional media reporting
enables rapid portfolio adjustments, offering opportunities for strategic trading.
However, high-frequency trading strategies that integrate news sentiment analysis
also contribute to market inefficiencies. Karn, Qiang, and Karna (2018) find that
sentiment-driven high-frequency trading can lead to excessive short-term market
fluctuations, reinforcing speculative price movements. Gulati et al. (2021) further
assert that sentiment analysis of financial news headlines significantly improves the

accuracy of stock movement predictions, particularly in volatile market conditions.

The convergence of social trading platforms and real-time financial news has also led
to the formation of online investment communities, where collective decision-making
significantly influences market behaviour. Reith et al. (2019) examine how social
trading platforms, such as eToro, facilitate retail participation by providing access to
expert trading strategies and financial advice. While this democratisation of
investment knowledge lowers traditional barriers to market entry, it also fosters a

reliance on herd behaviour. Glaser and Risius (2018) demonstrate that traders on
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social platforms exhibit a higher sensitivity to the disposition effect, as peer influence
exacerbates confirmation bias and loss aversion. Dorfleitner and Scheckenbach
(2022) extend this argument, suggesting that the interactive nature of social trading
networks fosters information cascades, whereby investment decisions are increasingly

driven by perceived consensus rather than fundamental analysis.

Market efficiency is another critical concern within this discourse. Ammann and
Schaub (2021) argue that increased retail participation in social trading enhances
market liquidity but simultaneously exacerbates short-term mispricing, particularly
when sentiment-driven investment decisions diverge from an asset's intrinsic value.
The GameStop trading phenomenon, examined by Kim et al. (2023), illustrates how
coordinated retail investor activity on Reddit led to unprecedented price distortions
that significantly deviated from fundamental valuations. Rothman and Yakar (2019)
identify similar trends in cryptocurrency markets, where speculative sentiment, rather
than traditional financial indicators, dictates price movements. Fan et al. (2020)
further contend that sentiment-driven trading cycles, particularly in decentralised
financial markets, necessitate an updated theoretical understanding of asset price

formation in the digital era.

Regulatory challenges associated with social trading and real-time financial news
platforms have garnered increasing attention in academic and policy discussions.
Yang (2022) highlights the challenges of regulating decentralised trading
communities, particularly given their ability to coordinate large-scale market
movements without traditional oversight mechanisms. Gianstefani et al. (2022)
emphasise the role of regulatory interventions in preventing fraudulent trading
schemes, as evidenced by the increased scrutiny of social media-driven stock
manipulation by financial authorities such as the SEC. Kogan et al. (2021) highlight
the broader implications of algorithmically curated financial information, arguing that
regulatory frameworks must account for the role of digital platforms in amplifying

market sentiment and influencing investor decision-making.

The broader implications of these studies collectively highlight the transformative

impact of social trading and real-time news dissemination on financial markets. Xu et
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al. (2020) argue that the shift from institutional-led market narratives to decentralised,
sentiment-driven trading necessitates a revaluation of traditional investment
frameworks. While social trading platforms and real-time news mechanisms have
democratized access to market information, they have also introduced new
complexities in investor behaviour, as speculative trading cycles increasingly diverge
from rational expectations models. Armansyah et al. (2023) further assert that the
integration of sentiment-based decision-making into financial markets raises
fundamental questions regarding the sustainability of current market structures,
particularly as digital platforms continue to shape investor sentiment in unpredictable

ways.

As online financial communities grow in influence, the mechanisms through which
they shape investment behaviour become increasingly complex. Ozturk and Bilgic
(2021) argue that while influential social media accounts drive investor sentiment,
their actual impact on asset prices remains contingent on the extent to which they
command trust and credibility within their networks. This distinction highlights the
role of authority figures in financial discourse, where confident analysts and traders
on platforms such as Twitter and Reddit effectively serve as informal market
influencers. Clapham et al. (2021) suggest that investor attention plays a crucial role
in algorithmic decision-making, as media sentiment —both traditional and social —
directly affects the predictive power of trading models, particularly for small-cap

stocks.

Beyond individual decision-making, social media fosters collective behaviours that
have far-reaching implications for market efficiency and stability. Jin et al. (2021)
emphasise that public scrutiny within social trading platforms creates a feedback loop
in which investors modify their decisions based on peer evaluations, thereby reducing
the disposition effect. However, the exact mechanisms that encourage rational
decision-making also contribute to speculative herding. Erdos et al. (2022) observe
that copy trading, where investors replicate the portfolios of successful traders,
reinforces this tendency by amplifying collective decision-making at the expense of

independent analysis. The impact of such trading strategies is particularly evident in
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cases where platform-based ranking systems elevate specific traders, thereby
centralising investment flows around a limited number of high-visibility participants.
These trends highlight the broader behavioural dynamics of online trading
environments. Teplova et al. (2022) introduce the concept of a "hype indicator," a
metric that quantifies attention-driven trading behaviour within retail investor
networks. Their findings suggest that, in markets characterised by strong social
influence, price movements become less reflective of fundamental value and more
indicative of prevailing sentiment cycles. Pandey and Guillemette (2024) similarly
demonstrate that meme stock trading is often driven more by social engagement than
by financial acumen, with online discussions shaping investor perceptions regardless
of the underlying asset's performance. This dynamic is further supported by Yang et.
al (2024), who examine the spillover effect between social media sentiment and
market volatility, revealing that sentiment-induced price fluctuations create self-

reinforcing market cycles, particularly during periods of economic uncertainty.

The role of algorithmic trading in processing social sentiment remains a subject of
extensive investigation. Paul and Vishnoi (2020) demonstrate how real-time
sentiment analysis of news articles improves stock price forecasting, particularly
when combined with machine learning models that can distinguish between transient
market noise and substantive financial developments. Zou et al. (2022) extend this
argument by demonstrating that neural networks trained on stock-specific news
outperform conventional econometric models in predicting price trends. Kollintza-
Kyriakoulia et al. (2018) further emphasise the importance of anomaly detection
techniques in filtering out manipulative or misleading information from financial data
streams, thereby reinforcing the necessity of integrating robust safeguards into

sentiment-driven trading strategies.

Despite the advantages offered by these advancements, concerns regarding the
broader implications of socially driven trading persist. Yang (2023) argues that
investor trust in digital financial communities has been eroded by market disruptions,
such as the GameStop short squeeze, where many retail investors suffered significant

losses despite initially perceiving collective market power. Kamil and Tanno (2022)
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highlight that while social media reduces information asymmetry, corporate-driven
narratives on these platforms often serve strategic public relations functions rather
than facilitating genuine investor education. As a result, investment communities must
navigate a complex informational landscape where distinguishing between authentic

financial insights and promotional messaging is increasingly challenging.

Emerging regulatory discussions reflect these evolving concerns. Alomari et al.
(2021) examine how regulatory bodies assess the role of social sentiment in
influencing asset correlations, particularly in times of financial stress. Their findings
suggest that regulatory oversight must account for the cyclical nature of sentiment-
driven market shifts, as interventions aimed at mitigating volatility can sometimes
exacerbate investor uncertainty. Rothman (2019) similarly identifies the necessity for
policymakers to develop frameworks that distinguish between legitimate retail
investor activity and coordinated market manipulation, particularly as decentralised
financial ecosystems make traditional enforcement mechanisms less effective.
Rumyantseva and Tarutko (2024) extend this perspective, advocating for platform-
specific governance measures that strike a balance between transparency and the

prevention of speculative trading excesses.

The increasing reliance on social networks for financial decision-making raises
questions regarding the evolution of market structures. Lachana and Schroder (2021)
argue that alternative media sources are becoming integral to understanding investor
sentiment, as traditional financial reporting struggles to compete with the immediacy
and breadth of social media engagement. Hao and Chen-Burger (2022) further
emphasise that the real-time nature of social sentiment necessitates an updated
theoretical framework for investment behaviour, where the diffusion of financial news
occurs at an unprecedented pace. As digital investment platforms continue to evolve,

their role in shaping long-term market trends remains an area of active inquiry.

The overarching implications of these studies reinforce the transformative nature of
social trading and real-time news dissemination in financial markets. While these
platforms have democratized access to investment information, they have also

introduced significant complexities in investor psychology, market efficiency, and
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regulatory oversight. The convergence of retail investor sentiment, algorithmic
trading, and digital media creates an environment where market outcomes are
increasingly influenced by collective behavioural dynamics rather than traditional
valuation principles. As financial ecosystems continue to adapt to this reality, future
research must focus on developing predictive models that effectively integrate social
sentiment analysis while ensuring market stability. The challenge remains to harness
the benefits of these technological advancements while mitigating the risks posed by

speculative trading cycles and information asymmetry.
2.8.6 The Role of Financial Analytics in Investment Decision-Making

Financial analytics has emerged as an essential component of modern investment
decision-making, fundamentally reshaping how investors assess opportunities,
manage risk, and optimise portfolio performance. The increasing reliance on data-
driven strategies, supported by the integration of big data analytics, artificial
intelligence, and machine learning, has enhanced predictive accuracy and improved
risk assessment. While these advancements offer investors the ability to make more
informed decisions, concerns regarding the reliability of Al-driven recommendations,
the limitations of algorithmic models, and the role of human judgment remain critical
issues. The theoretical foundation of financial analytics in investment decision-
making is built on the premise that access to high-quality, structured financial data
improves market efficiency and reduces information asymmetry. The extent to which
financial analytics strengthens investment decisions depends on how effectively it

integrates both quantitative and qualitative insights.

The significance of financial analytics in investment decision-making is evident in its
ability to evaluate financial opportunities with greater precision. Ochuba et al. (2024)
demonstrated that financial analytics in telecommunications investments provides
structured frameworks for assessing project risks and financial viability, ensuring
more accurate forecasting of investment returns. This perspective is consistent with
the findings of Edan et al. (2022), who highlighted that in the banking sector,
profitability indicators play a decisive role in shaping investment choices, while

liquidity and capital adequacy hold less significance. The emphasis on profitability as
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a primary driver of investment decisions aligns with broader research that positions

financial analytics as a tool for optimising capital allocation.

The introduction of advanced data analytics and computational techniques into
financial decision-making has further transformed investment strategies. Hasan et al.
(2020) explored how big data analytics strengthens risk analysis by identifying
correlations among financial institutions and predicting volatility patterns, thereby
improving risk-adjusted returns. C. Wang and Luo (2022) provided additional insights
by demonstrating that machine learning algorithms, when integrated with FPGA
technologies, significantly enhance investment strategies by refining data processing
capabilities and generating more accurate predictions. These findings underscore the
evolving nature of financial analytics, where the incorporation of sophisticated
computational models enables a more nuanced interpretation of market trends. The
importance of continuous portfolio monitoring in leveraging these advancements was
further emphasised by Yadav and Banerji (2024), who noted that real-time analysis
of financial assets is critical to aligning investment objectives with market conditions.
The integration of machine learning in financial decision-making enhances the ability
to anticipate and respond to market fluctuations. However, these advancements also
necessitate a reassessment of the balance between automated decision-making and

human expertise.

Despite its growing influence, concerns persist about the trustworthiness of Al-driven
investment recommendations. Ahmed et al. (2022) argued that while AI models
improve decision accuracy, investors with limited financial literacy may struggle to
interpret and effectively utilise predictive insights. The necessity of integrating human
oversight in financial analytics was further explored by R. B. Mitchell et al. (2020),
who emphasised that nontechnical skills, such as critical thinking and contextual
awareness, remain vital in analytics-based decision cultures. The need for a measured
approach to Al adoption in investment decision-making was also reflected in the
findings of Shaheen et al. (2022), who noted that while data-driven insights enhance
market analysis, over-reliance on algorithmic recommendations without investor

discretion can lead to misinterpretations and suboptimal decisions. These perspectives
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reinforce the argument that financial analytics must be accompanied by critical
evaluation, ensuring that Al-generated insights are contextualised within broader

financial and economic considerations.

Empirical studies on algorithmic forecasting provide further evidence of the impact
of financial analytics on investment decision-making. Gupta and Shrivastava (2021)
examined how financial risk tolerance mediates investment decisions, illustrating that
while data-driven analytics enhances decision accuracy, individual investor
psychology continues to shape final investment outcomes. This perspective aligns
with D. Khan (2020), who explored cognitive biases in investment behaviour and
suggested that financial analytics can mitigate irrational decision-making by
providing objective, data-driven insights. Similarly, Butt (2023) demonstrated that
while financial analytics improves investment decision-making, behavioural
tendencies such as risk perception and herd mentality still influence investor choices.
These findings highlight that while algorithmic forecasting contributes to greater
market efficiency, the interaction between quantitative insights and investor

behaviour remains a key determinant of investment outcomes.

The implications of financial analytics extend beyond individual investment
decisions, influencing broader business strategies and organisational financial
performance. Abdul-Azeez et al. (2024) examined the role of data-driven analytics in
business decision-making and found that predictive and prescriptive analytics
significantly enhance financial strategies. This perspective is echoed by Raji et al.
(2024), who demonstrated that advanced analytics improve operational efficiency and
optimise strategic planning in various industries, including finance. These studies
suggest that the adoption of financial analytics benefits not only individual investors
but also corporate entities seeking to enhance financial performance through data-

driven decision-making.

The increasing integration of financial analytics into investment decision-making has
also led to the incorporation of behavioural finance insights. Dewi (2024) examined
neuro-finance and highlighted how cognitive processes influence financial decisions,

emphasising the interplay between analytical reasoning and emotional responses.
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Singhal et al. (2024) further explored investor psychology by analysing the impact of
the Greed and Fear Index on market cycles, demonstrating that financial analytics can
help investors manage emotional biases and make more rational decisions. These
findings underscore that while financial analytics enhance investment precision,
behavioural and psychological factors must be considered to understand market

dynamics fully.

The growing reliance on financial analytics has undeniably transformed investment
decision-making by improving predictive accuracy, refining risk assessment, and
optimising portfolio management. However, concerns regarding the reliability of Al-
driven investment recommendations remain relevant, necessitating a balanced
approach that integrates both data analytics and investor judgment. The inclusion of
behavioural finance insights further highlights the complexity of investment decision-
making, emphasising that while financial analytics provides objective data, human
interpretation remains a crucial element. As financial analytics continues to evolve,
its role in shaping investment strategies and enhancing market efficiency will remain
central, requiring continuous assessment of its applications, limitations, and broader

economic implications.
2.8.7 Impact of Mobile Trading Apps and Discount Brokers on Investment Behaviour

The increasing accessibility of mobile trading applications and discount brokerage
platforms has significantly reshaped investment behaviour, influencing decision-
making patterns among retail investors. As mobile technology has become more
integrated into financial markets, studies have examined its implications on trading
frequency, risk-taking behaviour, and portfolio performance. Empirical evidence
suggests that mobile trading apps facilitate ease of access and reduce time constraints,
yet they simultaneously introduce biases such as trend chasing and overconfidence
(Liu et al., 2024). This phenomenon results in higher trading volume and lower overall
investment performance due to increased short-term speculation rather than long-term

wealth accumulation.

Studies have consistently highlighted that mobile trading apps contribute to elevated
risk-taking behaviours among investors. Research by Kalda et al. (2021) identified
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that mobile trading platforms encourage the purchase of lottery-type assets,
amplifying exposure to volatile market segments. Similarly, Cen (2018) found that
mobile trading increases investor attention but also exacerbates financial fragility, as
investors become more sensitive to short-term returns. These insights align with the
findings of Havakhor et al. (2021), who demonstrated that technology-enabled
financial data access, such as API-based services, can lead to excessive trading due to
overconfidence, resulting in lower predictive accuracy of trades. Consequently, while
mobile trading apps provide accessibility and efficiency, they simultaneously alter

investor decision-making, sometimes with adverse effects on portfolio stability.

The role of discount brokers in shaping investment behaviour has also been a subject
of scrutiny. The rise of platforms like Zerodha and Groww in India has democratised
access to the stock market, leading to increased participation among retail investors
(Balodi et al., 2024). S. Yadav et al. (2022) noted that the affordability of discount
brokerage services encourages more frequent transactions, which, while promoting
financial inclusion, may lead to impulsive trading patterns. Moreover, the transition
from traditional full-service brokers to low-cost digital alternatives has led to changes
in investor expectations, with accessibility and cost efficiency taking precedence over
personalised advisory services (Nair et al., 2022). This shift, while beneficial in
broadening market access, has also raised concerns about financial literacy and
informed decision-making, as retail investors may lack adequate guidance when

executing trades.

Behavioural biases have been identified as critical factors in mobile trading
environments, with studies demonstrating how these biases influence investor
decision-making. Z. Li et al. (2022) found that mobile trading platforms reinforce
herding behaviour, causing investors to react more strongly to market-wide
movements rather than firm-specific information. Similarly, Itzkowitz et al. (2023)
observed that investors engaging in micro-investing through trading apps tend to
anchor on small initial purchases, limiting their long-term wealth accumulation.
Furthermore, the gamification features of some mobile trading applications have been

linked to addictive behaviours and excessive trading, drawing parallels to gambling

89



Chapter Il

tendencies (Grégoire et al., 2023). Oksanen et al. (2022) extended this discussion by
demonstrating a strong correlation between high-frequency trading on mobile
platforms and problem gambling tendencies, suggesting that ease of access can

contribute to compulsive financial behaviours.

Security, data privacy, and regulatory concerns remain prominent in discussions
regarding mobile trading platforms. Rakovic and Inal (2023) analysed how fintech
applications utilise dark patterns to manipulate investor behaviour, raising ethical
concerns regarding transparency and data protection. The rapid expansion of mobile
financial services has prompted debates about the security risks associated with
trading applications, particularly in light of cybersecurity threats and user data
vulnerabilities (Taylor & Martinovic, 2017). The increasing reliance on mobile
trading platforms necessitates stronger regulatory frameworks to mitigate the risks
associated with unauthorised data access and unethical platform designs, ensuring that

retail investors are protected from exploitative practices.

Additionally, the impact of mobile trading applications on financial market efficiency
has been examined in numerous empirical studies. Stein (2020) demonstrated that
mobile applications such as Robinhood significantly impact stock demand and price
volatility, particularly among newly listed stocks. This aligns with findings by Jin et
al. (2022), who observed that social trading features within mobile investment
applications contribute to the disposition effect, where investors tend to sell winning
stocks prematurely and hold onto losing ones. Similarly, Bank et al. (2024) found that
social media-driven retail transactions facilitated by mobile trading apps introduce
asymmetric volatility spillovers, further emphasising the complex interplay between

technological accessibility and market dynamics.

The broader implications of mobile trading applications on financial literacy and long-
term investment habits have also been examined. Research by L. Fan (2022)
highlighted that mobile trading platforms disproportionately attract users with lower
financial literacy, often leading to suboptimal trading decisions. This finding is
consistent with those of Mu and Lee (2021), who demonstrated that digital financial

services can enhance user engagement but require structured financial education to
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ensure responsible investing. While mobile trading platforms offer unprecedented
access to financial markets, their long-term effectiveness in promoting informed

investment habits remains contingent upon investor education and awareness.

The transformative role of mobile trading applications and discount brokers in modern
financial markets underscores the need for a balanced approach to accessibility,
regulation, and investor education. While these platforms have successfully expanded
retail participation and democratized investment opportunities, they have also
introduced new challenges related to behavioural biases, market volatility, and
financial security. Future research should explore the development of regulatory
mechanisms to enhance transparency in mobile trading, as well as initiatives aimed at
improving financial literacy among retail investors. Addressing these concerns will
be critical in ensuring that the benefits of digital trading technologies are maximised
while minimising the risks associated with uninformed and impulsive investment

behaviour.

2.8.8 Risk Perception and Psychological Factors in Technology-Based

Investing

Risk perception in technology-based investing is primarily shaped by psychological
biases, cognitive distortions, and investor sentiment, with financial literacy and trust
serving as moderating factors. Several studies have demonstrated that overconfidence,
herding behaviour, and the disposition effect influence investors' risk assessments,
thereby affecting their decision-making processes. Almansour et al. (2023) argue that
these behavioural biases, particularly in Saudi equity markets, significantly mediate
the relationship between financial literacy and investment choices. Similarly, Gupta
and Dey (2023) identify that perceived financial costs, information quality, and
security concerns are crucial in shaping risk perception in mobile stock trading,

underscoring the role of cognitive risk mitigation.

Mondal and Kumar (2024) emphasise that technology has reshaped financial
decision-making by introducing complexities that alter risk perception. They highlight
the paradox wherein technological advancements increase accessibility while

simultaneously adding layers of psychological uncertainty. The interplay of
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automation bias, algorithm aversion, and trust in Al-driven systems is pivotal in
understanding these effects. Koo (2024) demonstrates that algorithm aversion and
investor emotions significantly impact reactions to Al disclosures, influencing risk
perception and investment behaviours. This aligns with Al-Gasawneh et al. (2022),
who find that perceived security and influencer endorsements moderate the adverse

effects of risk perception on the adoption of Al-driven financial services.

The psychological mediation of risk perception is further evidenced in empirical
analyses of fintech adoption. Kaban and Linata (2024) establish that herding and
overconfidence biases indirectly influence investment decisions through risk
perception among Gen Z investors in Indonesia. Similar findings are echoed by
Kurnijanto et al. (2025), who identify that risk perception acts as a mediator between
behavioural biases and investment decisions, reinforcing the importance of investor
education in mitigating irrational choices. Further supporting this notion, Z. Ahmed
et al. (2022) highlight that the disposition effect and blue-chip bias significantly shape

investors' risk assessments, ultimately affecting their investment strategies.

Research also indicates that technology-based investment risks are often misperceived
due to heuristic-driven biases. Sjoberg (2003) revisits the psychometric paradigm and
argues that trust, knowledge limitations, and interest shape technology-related risk
perceptions, often leading investors to miscalculate financial risks. This finding is
consistent with Renn and Benighaus (2013), who highlight the role of media
amplification in skewing risk assessments of technological investments, thereby
creating asymmetries between perceived and actual risks. Similarly, Payzan-
LeNestour and Woodford (2022) argue that investors adapt to prolonged exposure to
volatility, leading to systematic underestimation of financial risks, which can distort

asset pricing and exacerbate market inefficiencies.

Studies examining the role of cognitive and emotional biases in fintech adoption also
provide critical insights into risk perception. Malik et al. (2024) argue that
representativeness, availability, and regret aversion biases negatively affect
investment decisions, with risk perception mediating these effects in Pakistan’s stock

exchange, supporting this finding, as noted by L. Zhang et al. (2021) discuss how
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fintech innovations, such as robo-advisors and social trading platforms, reinforce
biases like overconfidence and herding behaviour, while also introducing new
challenges, including over-reliance on automated decision-making. This aligns with
Daga and Yadav (2023), who demonstrate that risk perception partially mediates the
relationship between prospect-driven biases and irrational investment choices, with

robo-advisory moderating these effects.

The role of demographic variables in shaping risk perception has also been widely
explored. Saivasan and Lokhande (2022) argue that risk perception is influenced by
factors such as return expectations, loss aversion, and anchoring bias, which vary
across different demographic traits. This is further reinforced by Helmina et al. (2023),
who identify gender-based differences in risk-taking tendencies, with inexperienced
male investors displaying higher risk-seeking behaviour compared to female
investors, who prioritise security. Supporting these findings, Anifa and Soegiharto
(2023) demonstrate that financial literacy moderates the impact of psychological
biases on investment decisions, reinforcing the importance of education in mitigating

the effects of cognitive distortions.

Meta-analytical evidence also supports the notion that psychological factors
significantly influence risk perception in emerging financial technologies. C. Li and
Li (2023) conducted a meta-analysis of 272 studies, concluding that trust, perceived
benefits, and social influence exert significant effects on public risk perception
regarding technological investments. These findings align with Huber et al. (2019),
who experimentally demonstrate that lower perceived financial risk leads to higher
asset prices, emphasising the impact of subjective risk evaluations on market
behaviour. Similarly, Williams and Noyes (2007) argue that risk perception is shaped
by the credibility of information sources, with financial advisors and media playing a

crucial role in shaping investor attitudes.

Risk perception also influences investor preferences for alternative financial
instruments. Paramita and Wirakusuma (2024) establish that overconfidence bias does
not significantly affect risk perception among millennial investors, although financial

literacy and investment experience moderate risk tolerance and decision-making
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processes. This contrasts with Wasiuzzaman et al. (2022), who find that perceived
technological risk has a strong influence on Malaysian investors’ willingness to
engage in equity crowdfunding, highlighting the divergence in risk tolerance across
different investment types. Supporting this, Ullah Khan et al. (2020) identify financial,
performance, social, and privacy risks as key determinants of investor reluctance in
electronic stock trading, reinforcing the necessity of mitigating perceived

uncertainties in technology-driven financial markets.

Studies also suggest that psychological biases play a crucial role in determining
investor behaviour in technology-based investing during periods of economic
uncertainty. Kumar et al. (2024) highlight that risk perception significantly mediates
the relationship between heuristics and investor performance, with gender acting as a
moderating variable. This aligns with Zafar et al. (2024), who argue that financial risk
perception negatively impacts investment behaviour, although psychological factors
positively influence both risk assessment and decision-making. Furthermore, Anifa
and Soegiharto (2023) demonstrate that herding and disposition effect biases
positively influence risk perception, although overconfidence bias does not exhibit a

significant relationship in fintech investment contexts.

The broader implications of these findings suggest that risk perception is not merely
a cognitive construct but is deeply intertwined with investor psychology and decision-
making heuristics. LeBlanc and Biddle (2012) argue that financial activities such as
online banking and stock trading are perceived as high-risk. In contrast, non-financial
digital activities are underestimated in terms of security threats, reflecting
inconsistencies in risk evaluation processes. Similarly, Roca et al. (2010) demonstrate
that perceived trust is a fundamental determinant of e-trading adoption, with higher
perceived risk acting as a barrier to investor engagement. These findings are consistent
with those of Holzmeister et al. (2020), who reveal that the probability of loss, rather
than return distribution characteristics, serves as the dominant explanatory factor for

risk perception among both financial professionals and laypeople.

The literature strongly supports the notion that psychological factors, cognitive biases,

and external influences significantly shape risk perception in technology-based
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investing. Behavioural biases such as overconfidence, herding, and loss aversion
mediate the relationship between perceived risk and investment choices, with
demographic traits and financial literacy further moderating these effects. Fintech
innovations introduce both opportunities and new psychological risks, particularly in
the context of algorithmic trading and Al-driven decision-making. As demonstrated
across multiple empirical studies, perceived and actual risks often diverge,
necessitating investor education and regulatory interventions to address irrational risk

assessments and promote informed decision-making in financial markets.

2.8.9 Cost Perception and Transactional Efficiency in Technology-Driven

Investing

The cost-benefit analysis of digital investment platforms compared to traditional
brokers remains a central concern in evaluating transactional efficiency in technology-
driven investing. Ter Braak and Van Der Schans (2023) emphasised that technological
advancements enable institutional investors to monitor and measure transaction costs
effectively, thereby facilitating more effective cost control mechanisms. Similarly,
Wagner (2006) discussed the role of compliance and transaction cost measurement in
ensuring optimal investment management. While traditional brokers have historically
offered personalised advisory services, the increased adoption of digital platforms has
significantly reduced explicit costs associated with investing, improving overall cost
efficiency (Capponi et al., 2021). However, Busse et al. (2017) noted that mutual fund
performance can still be influenced by transaction costs, particularly in cases where

funds deal with illiquid stocks.

Hidden costs, transaction fees, and subscription models of fintech tools further
complicate the perception of costs in investment strategies. Cordella and Bonina
(2012) argued that while information and communication technologies (ICTs) can
reduce inefficiencies, they may also introduce additional transaction costs depending
on how they are integrated into the investment process. Meanwhile, Hennart (1998)
utilised transaction cost theory to assess new investment models, highlighting that
these costs influence decision-making processes even in digital financial services.

Similarly, Liubkina and Ihnatiuk (2023) examined how implicit transaction costs,
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such as market impact and missed opportunities, shape cost perception, ultimately

affecting investor strategies.

The cost efficiency of high-frequency trading (HFT) has been widely debated in
academic literature. Arbatskaya (2005) suggested that increasing transaction costs on
one side of the market can lead to a more balanced and efficient trading environment,
contradicting traditional assumptions that lower costs universally improve efficiency.
Furthermore, Moorman (2014) investigated various methods to reduce transaction
costs, finding that specific strategies, such as zero-cost momentum, significantly
enhance risk-adjusted returns in algorithmic trading. Marshall et al. (2016) reinforced
these findings by demonstrating that larger trades, particularly in small stocks, tend to

incur lower transaction costs due to market structure advantages.

Multiple factors influence investors' perceptions of cost management. Buckley and
Chapman (1997) suggested that managerial perceptions, rather than precise numerical
calculations, significantly affect corporate efficiency, reinforcing the argument that
perceived costs shape investment behaviour. In contrast, Rubin et al. (2025) explored
the role of trust in speculative investments, concluding that trusting beliefs in
technology-driven investments often outweigh direct cost considerations. Similarly,
Gupta and Dey (2023) analysed how perceived financial costs moderate the
relationship between risk perception and mobile stock trading adoption, further

highlighting the psychological components influencing cost efficiency evaluations.

The perceived value of digital investment platforms also influences cost perception
and transactional efficiency. Rahmantari et al. (2024) explored how investor
motivations and behaviours on digital platforms are shaped by cost transparency, ease
of use, and trust in platform reliability. Additionally, Wang (2015) examined how
investment experience affects perceived value and purchase intentions, revealing that
experienced investors rely more on cost-benefit analyses than novices, who may be
more susceptible to heuristics and biases. These findings are further supported by
Ikhsan and Yuniarty (2023), who identified sunk costs and inertia as significant

factors in the continued use of stock investment applications.
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A recurring theme in financial technology research is the role of transaction costs in
market efficiency. Sperka and Spisak (2013) utilised agent-based simulation models
to explore how transaction costs influence financial market stability, finding that cost
structures can significantly alter trading behaviour. Meanwhile, Chung and Kissell
(2016) demonstrated that integrating transaction cost analysis into portfolio
optimisation can lead to superior net returns, reinforcing the need for cost-aware

investment strategies.

The implications of cost perception extend beyond direct investment decisions to
broader market structures. Oh et al. (2006) examined how investors' perceptions of
transaction risks in IT outsourcing shape market reactions, emphasising the
importance of cost transparency in technological investments. Meanwhile, Gursahani
and Lichtenstein (2002) discussed the intersection of cash flow fundamentals and cost
models in technology investing, highlighting the need for portfolio managers to
consider firm-specific operational factors when evaluating investment opportunities.
These insights align with the work of Kleist (2004), who explored the role of
electronic trust in reducing transaction costs in digital commerce, demonstrating how

technology-driven trust mechanisms enhance transactional efficiency.

The broader financial landscape continues to evolve with technological advancements
that influence cost structures. Neale et al. (2024) examined how technology
expenditures affect insurer efficiency, finding that while expensed technology
enhances allocative efficiency, asset-classified technology may decrease overall cost
efficiency. Similarly, Moro-Visconti and Cesaretti (2023) discussed the disruptive
impact of fintech on financial services, emphasising cost reductions and improved
service quality. Finally, Xie (2024) highlighted how financial technology reshapes
traditional banking models by increasing efficiency and accessibility while

simultaneously introducing new security and regulatory challenges.

Overall, the interplay between cost perception and transactional efficiency in
technology-driven investing remains a complex phenomenon. While technology
offers substantial cost-saving potential, inefficiencies persist due to limitations in

market structure, behavioural biases, and regulatory constraints. Future research
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should focus on refining cost management strategies to strike a balance between
efficiency gains and risk mitigation, thereby ensuring sustainable profitability in

digital investment environments.
2.8.10 Attitudes Towards Technological Innovations in Investment

Technological innovations have significantly reshaped investment strategies, with
artificial intelligence (AI), machine learning (ML), and blockchain influencing
investor attitudes. The literature suggests that while these technologies offer
efficiency and accessibility, concerns persist regarding data security, financial

literacy, and ethical implications.

The increasing reliance on Al-driven financial services has sparked discussions on
trust and investor sentiment. Singh et al. (2024) found that while 77.8% of financial
professionals acknowledge Al, ML, and blockchain as transformative in investment
strategies, 70% express concerns about data security, revealing a complex trust
dynamic. Similarly, B. Singh and Kaunert (2024) emphasised that digital investment
platforms democratise financial access, though regulatory complexities and
information overload can impede trust. Bhatia et al. (2021) explored Indian investors'
perceptions of robo-advisors, finding that while these tools enhance efficiency, users
still prefer human oversight, highlighting the role of behavioural biases in Al

acceptance.

The role of financial literacy is also crucial in shaping trust. Susanto et al. (2024)
demonstrated that Gen Z investors' attitudes toward technological innovations in
investment are highly influenced by their financial literacy. However, the study
revealed that technological progress alone does not significantly impact their
investment decisions, reinforcing the importance of educational interventions.
Investor attitudes toward digital trading solutions depend on several psychological
and structural factors. Sendstad and Chronopoulos (2020) found that risk aversion
influences investment timing, as investors are hesitant to abandon traditional methods

often delay adopting digital trading technologies.
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Attitudinal variations are also evident in different markets. J. Kumar and Rani (2024)
highlighted that while FinTech applications lower transaction costs and increase
accessibility, trust issues remain prevalent due to potential data misuse and
cybersecurity risks. Likewise, Rumyantseva and Tarutko (2023) suggested that
investment platforms are key drivers of financial innovation, providing low entry
barriers and rapid financing, though regulatory uncertainty continues to affect

adoption rates.

Research in behavioural finance underscores the psychological dimensions
influencing investment technology adoption. Akinwale and Kyari (2020) examined
financial technology adoption in Nigeria, finding that perceived ease of use,
usefulness, and social influence significantly shape user intentions. The relationship
between technological adoption and investor sentiment was further analysed by X. Xu
et al. (2019), who found that firms in high-technology sectors are more inclined to
invest in innovation when investor sentiment is favourable. Aramonte and Carl (2021)
expanded on this by suggesting that positive investor sentiment enhances corporate
research and development (R&D) investments following periods of intense

technological innovation.

In a cross-market study, Waliszewski (2020) demonstrated that the acceptance of Al-
driven investment tools varies based on demographic factors, with younger investors
and those in larger households being more open to digital trading platforms. These
findings suggest that individual and cultural factors significantly influence financial
technology adoption. Despite the benefits of Al in investment decision-making,
ethical concerns remain a significant barrier to widespread adoption. Similarly, Orra
et al. (2024) examined the dual nature of Al in financial markets, illustrating how Al
can either enhance market efficiency or be exploited for manipulative practices.
Further, Dietzmann et al. (2023) explored the impact of Al-based robo-advisory
services on private banking, finding that while these tools improve client interactions
and decision-making flexibility, they also pose risks of data misuse and reduced

transparency. Shao et al. (2023) highlighted the regulatory challenges associated with
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Alin finance, emphasising the need for strict governance frameworks to ensure ethical

Al deployment.

Blockchain technology has also introduced ethical dilemmas. S. Chang and Shih
(2018) analysed the integration of AI and blockchain in Taiwan’s financial sector,
noting that while these technologies enhance transaction efficiency and reduce costs,
concerns about privacy and regulatory acceptance persist. Similarly, M. Anifa et al.
(2022) suggested that while FinTech innovations have increased accessibility in
financial services, regulatory challenges remain a significant hurdle in preventing

financial discrimination and ensuring ethical compliance.

The literature highlights a growing acceptance of technological innovations in
investment, with Al, ML, and blockchain offering enhanced efficiency, accessibility,
and financial literacy. However, concerns regarding trust, regulatory complexities,
and ethical dilemmas continue to influence investor attitudes. As financial markets
increasingly integrate digital technologies, ensuring transparency, regulatory
compliance, and investor education will be critical in fostering positive attitudes and

long-term adoption of Al-driven investment solutions.
2.8.11Behavioural Intention and Actual Use of Technology in Stock Trading

The integration of technology into stock trading has revolutionized the investment
landscape, making it more accessible, efficient, and data-driven. Retail investors now
have access to real-time financial data, algorithmic trading tools, and mobile-based
investment applications that streamline trading activities. However, while numerous
studies explore the behavioural intention (BI) to use such technology, fewer
investigate how BI translates into actual use (AU). Understanding this relationship is
crucial for refining technology adoption models and enhancing fintech solutions that
promote sustained investor engagement. This review synthesises empirical research
on Bl and AU in stock trading, focusing on the relationship between intention and use,
habit formation, fintech reliance, digital financial literacy, and the long-term effects

of fintech habit loops.
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Various cognitive, emotional, and external factors influence the relationship between
BI and AU in stock trading. Studies have highlighted that while BI serves as a
predictor of AU, the actual transition from intent to action can be moderated by
personal and environmental constraints. V et al. (2024) found that perceived
usefulness, ease of use, and the benefits of technology significantly enhance online
trading behaviour. Similarly, Amin et al. (2025) utilized the UTAUT2 model to
explore the role of performance expectancy and risk perception in mobile trading app
adoption among retail investors, concluding that positive expectations drive intention

but external risks sometimes prevent actual engagement.

Conversely, some studies suggest that BI does not always translate into AU due to
external constraints such as financial literacy, trust issues, and risk aversion. Fortagne
et al. (2023) found that while trust, overconfidence, and financial knowledge
significantly impact BI toward using neo-broker applications, actual engagement
depends on broader economic awareness. These findings suggest that while BI is a
necessary condition for adoption, it is not always sufficient to drive consistent AU in
stock trading. Habit formation plays a crucial role in the continued adoption of fintech
solutions in stock trading. Once investors integrate fintech applications into their

trading routines, they are more likely to engage in consistent trading behaviour.

Nair et al. (2022) discovered that habit significantly influences the transition from BI
to AU in mobile trading apps, emphasising the role of repeated exposure and ease of
use. Similarly, Nainggolan and Handayani (2023) found that perceived ease of use
and perceived behavioural control strongly predict fintech reliance among Indonesian
investors, reinforcing the importance of user-friendly interfaces and confidence in
technology. However, habit formation in fintech use can have both positive and
negative consequences. Havakhor et al. (2024) found that excessive access to financial
data led to overconfidence and gambling-like trading behaviour among retail
investors. Their study demonstrated that following the shutdown of the Yahoo!
Finance API, trading volumes decreased, indicating that easier access to financial data

sometimes encourages excessive speculation rather than informed investment
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decisions. These findings highlight the need for fintech platforms to integrate features

that promote responsible trading habits.

Digital financial literacy (DFL) plays a pivotal role in bridging the gap between BI
and AU. Investors with higher DFL levels are more likely to sustain fintech adoption
and avoid irrational trading behaviour. Miraz (2022) found that trust, social influence,
and performance expectancy were key determinants of blockchain technology
adoption among stock traders. Their study suggests that investors with higher
blockchain literacy are more likely to transition from BI to AU. Similarly, S. U. Khan
et al. (2020) examined electronic stock trading adoption in Pakistan and found that
awareness-knowledge and perceived trust significantly influence BI, which then
translates into AU. However, research also indicates that behavioural biases can
sometimes override financial literacy in influencing trading decisions. Areiqat et al.
(2019) argue that biases such as overconfidence, herding behaviour, and emotional
trading often overshadow rational decision-making, leading to inconsistencies
between BI and AU. This suggests that while improving financial literacy is
important, fintech platforms should also incorporate behavioural interventions, such

as nudges and risk alerts, to mitigate irrational trading patterns.

Research on fintech habit loops provides insights into how consistent investment
behaviours are cultivated over time. Habit loops occur when fintech applications
create repeated behavioural patterns, reinforcing investor engagement. Mahardhika
and Zakiyah (2020) found that attitude, subjective norms, and perceived behavioural
control significantly predict investment intention, which in turn influences actual
stock trading behaviour. Similarly, Widyanto et al. (2020) demonstrated that trust,
hedonic motivation, and social influence contribute to both initial fintech adoption
and long-term use. Nonetheless, Cheng et al. (2018) emphasise that social capital and
cognitive ability also play a role in determining whether fintech users maintain
consistent trading behaviour. Their study found that investors with stronger financial
networks and higher cognitive ability are more likely to stick to structured investment
strategies rather than engage in impulsive trading. These findings highlight the need

for more research into the long-term behavioural effects of fintech on investment
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consistency. The relationship between BI and AU in stock trading is complex,
influenced by factors such as habit formation, digital financial literacy, and
behavioural biases. While BI serves as a strong predictor of AU, external constraints
such as risk aversion, trust issues, and overconfidence can moderate this transition.
Empirical research suggests that fintech platforms should not only focus on enhancing
user intention but also implement mechanisms that encourage responsible trading
habits and financial education. By fostering fintech habit loops that reinforce positive
investment behaviours, technology can play a crucial role in improving investor

outcomes and financial market efficiency.

2.8.12 The Influence of Algorithmic Trading on Market Efficiency and Investor

Behaviour

The rise of algorithmic trading has significantly transformed financial markets,
altering market efficiency, liquidity, and investor behaviour. The integration of Al,
machine learning, and high-frequency trading (HFT) has enabled faster price
discovery, reduced bid-ask spreads, and improved market depth. However, concerns
over market volatility, manipulation, and ethical dilemmas remain. In India,
algorithmic trading has grown rapidly under regulatory oversight, while globally, its

implications on retail and institutional investors continue to be debated.

Algorithmic trading has experienced a surge in India, primarily driven by the rapid
development of fintech and supportive regulations. Studies have highlighted that
India's financial markets have increasingly embraced HFT, with the National Stock
Exchange (NSE) and Bombay Stock Exchange (BSE) integrating sophisticated
trading systems. Dubey et al. (2021) noted that India's regulatory stance has been
largely favourable, promoting market efficiency while balancing systemic risks. At
the same time, Courdent and McClelland (2022) emphasised that India’s framework
aligns with global best practices, incorporating safeguards against market

manipulation and ensuring stability.

Regulators such as the Securities and Exchange Board of India (SEBI) have played a
key role in defining policies that govern algorithmic trading. Prakash et al. (2024)

observed that SEBI has mandated stringent risk management systems to prevent
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market disruptions caused by algorithmic traders. Furthermore, the introduction of
real-time surveillance mechanisms has helped monitor algorithmic activities, reducing
market manipulation risks. However, research by Chakrabarty and Pascual (2022)
suggests that despite these regulations, the market remains susceptible to sudden
liquidity withdrawal by algorithmic traders during high-volatility periods. HFT has
fundamentally reshaped liquidity and volatility in global markets. Several studies have
confirmed that HFT enhances liquidity by narrowing spreads and increasing order
flow efficiency. Aman and Moriyasu (2022) found that in the Tokyo Stock Exchange,
HFT contributed to deeper market liquidity and reduced bid-ask spreads. Similarly,
Yuferova (2024) established that the introduction of algorithmic trading on the NYSE
Hybrid Market led to improved price discovery and more efficient incorporation of

order flow information.

However, concerns persist regarding volatility. Boehmer et al. (2020) pointed out that
while HFT enhances liquidity in stable conditions, it can exacerbate short-term price
swings during market stress. Hilbert and Darmon (2020) argued that algorithmic
trading increases market complexity, leading to greater unpredictability in high-
volatility scenarios. Supporting this claim, Bellia et al. (2024) demonstrated that
during flash crashes, HFT often withdraws liquidity rather than stabilising the market,
contributing to extreme price movements. Meanwhile, Nawn and Banerjee (2018)
differentiated between proprietary algorithmic traders (PATs) and agency algorithmic
traders (AATs), finding that PATs tend to provide liquidity during market stress,
whereas AATs and non-algorithmic traders often withdraw. Al-driven trading
systems have created both opportunities and challenges for retail investors. Research
by Devan et al. (2023) indicated that machine learning models have enhanced market
efficiency by improving decision-making accuracy and optimising order execution.
Similarly, Barbopoulos et al. (2021) found that Al-driven trading has led to reduced
price drift and improved market predictability, benefiting retail investors who rely on

algorithmic strategies.

On the other hand, studies suggest that retail investors often struggle to compete with

institutional algorithmic traders. W. Zhang et al. (2022) noted that HFT creates
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liquidity asymmetry, making it difficult for retail investors to execute trades at
favourable prices. Similarly, Huang et al. (2024) found that algorithmic trading
strategies that exploit short-term price inefficiencies often disadvantage smaller
investors. In contrast, Pothumsetty (2020) argued that Al-driven trading platforms
reduce human errors and improve execution speed, potentially levelling the playing

field for retail investors.

A growing concern is the potential for Al-based trading to amplify speculative
behaviours. Havakhor et al. (2021) observed that excessive data access in trading
platforms can lead to gambling-like behaviours, particularly among inexperienced
retail investors. Similarly, Manahov et al. (2018) noted that Al-driven strategies
encourage rapid trading cycles, which may induce short-term speculation rather than
long-term investment strategies. The rapid expansion of algorithmic trading has raised
ethical concerns, particularly regarding market manipulation and the risks associated
with flash crashes. Azzutti et al. (2021) warned that Al-powered trading systems, due
to their "black-box" nature, can engage in manipulative practices such as spoofing and
layering. Similarly, Raschner (2021) called for enhanced regulatory oversight to

address the challenges of controlling algorithmic trading algorithms.

Flash crashes have become a significant risk in markets dominated by algorithmic
trading. Dalko and Wang (2020) found that HFT exacerbates market manipulation by
exploiting order flow patterns, often at the expense of fundamental price stability.
Algorithmic trading also raises broader concerns about fairness and transparency.
Elliott et al. (2024) emphasised that information asymmetry is heightened in markets
with heavy algorithmic trading, reducing the effectiveness of traditional investment
analysis. Similarly, Bilinski et al. (2020) found that algorithmic trading reduces
analyst coverage and investment research production, leading to a potential
degradation of market efficiency. As algorithmic trading continues to evolve, the role
of regulatory interventions and technological advancements will shape its future
impact on market efficiency and investor behaviour. Grindsted (2021) suggested that
the increasing speed of transactions is connecting financial centers globally,

necessitating coordinated regulatory responses. Similarly, Sadaf et al. (2021)
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emphasised the need for dynamic regulatory frameworks, such as MiFID II, to manage

the systemic risks posed by algorithmic trading.

The integration of Al in trading strategies is expected to grow further. Shawaqfeh
(2025) pointed out that AI-powered algorithms are increasingly capable of identifying
market anomalies, enhancing informational efficiency. However, concerns remain
regarding the long-term impact on market fairness. Trippner and J6zwicki (2021)
argued that algorithmic trading does not consistently generate superior returns
compared to passive investment strategies, suggesting that retail investors may need
to focus on diversified investment approaches rather than relying on algorithmic
trading. In conclusion, while algorithmic trading has undeniably improved market
efficiency and liquidity, it also introduces volatility, potential manipulation, and
challenges for retail investors. As financial markets continue to evolve, striking a
balance between technological innovation and regulatory safeguards will be crucial to

maintaining fair and efficient trading environments.
2.9  The Future of Technology in Stock Market Investing

Advancements in technology are expected to have a significant impact on the future
of technology in stock market investing, as this sphere continues to evolve at an
increasingly rapid pace. Emerging technologies may also enhance predictive power,
risk management, and the provision of personalised investment recommendations to
investors. The knowledge of investing is projected to grow with increased retail
involvement, as more automation and integration of digital platforms will facilitate

investment.
2.9.1 AI-Driven Advisory Services and Autonomous Trading

The increasing integration of artificial intelligence (Al) in stock market investing has
led to the rise of Al-driven advisory services and autonomous trading. Research
indicates that Al-based investment platforms are transforming stock market
participation, enabling automated decision-making and improving portfolio
performance (Sukharev, 2023). Machine learning techniques, including deep

reinforcement learning and predictive analytics, have demonstrated their effectiveness
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in enhancing forecasting accuracy and optimising trade execution (Ansari et al.,
2022). Furthermore, a comparative analysis of artificial intelligence methods suggests
that trading robots utilising AI may surpass traditional investors in terms of market

efficiency (Shamim, 2022).

To refine algorithmic trading models, researchers have developed deep learning
algorithms that incorporate both historical price data and textual sentiment analysis to
enhance market predictions (Ashtiani & Raahemi, 2023). Al-driven algorithms, such
as Long Short-Term Memory (LSTM) networks, have demonstrated superior
predictive accuracy compared to conventional financial models (Josey & Amrutha,

2024).
2.9.2 Blockchain and Smart Contracts: The Future of Decentralised Trading

Blockchain technology is transforming the financial landscape by promoting
transparency, lowering transaction costs, and accelerating settlement processes.
Sharma, Gupta, and Kapoor (2024) predict that decentralised exchanges and
tokenisation will play a crucial role in making stock markets more accessible and
efficient. Distributed ledger technology (DLT) further enhances financial security and
enables efficient market functioning by reducing reliance on traditional intermediaries

(Fox, Glosten, & Greene, 2022).

Additionally, the impact of blockchain on stock market investing is evident in its
application to asset tokenisation, allowing fractional ownership and improved
liquidity in global markets (Babu & Das, 2023). Furthermore, the potential synergy
between quantum computing and blockchain has been explored, with studies
indicating that quantum-resistant encryption could enhance security in blockchain-

based stock trading systems (Chang et al., 2023).
2.9.3 The Role of Quantum Computing in Algorithmic Trading

Quantum computing has emerged as a transformative force in algorithmic trading,
enabling financial models to process complex data structures with unprecedented
speed. Research by Abushaqra (2024) introduces the Quantum Portfolio Rebalancing
Algorithm (QPRA), which integrates Al and quantum computing to dynamically
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adjust portfolio weights, enhancing risk management and return optimisation.
Similarly, Vandanapu et al. (2024) explore how quantum-inspired Al can optimise
high-frequency trading strategies, significantly improving decision-making speed and

fraud detection.

In the realm of financial risk management, quantum algorithms have demonstrated an
ability to efficiently estimate Value-at-Risk (VaR) and Conditional Value-at-Risk
(CVaR), addressing the computational challenges posed by high-dimensional
financial derivatives (Wu, Wang, & Li, 2024). Additionally, quantum computing has
been leveraged for high-frequency statistical arbitrage, significantly reducing
algorithm complexity through quantum linear regression techniques (Yu-Chun &
Guo, 2022). These findings underscore the immense potential of quantum computing
in financial market applications, although scalability and practical implementation

remain key hurdles.

2.9.4 Upcoming Fintech Innovations and Their Potential Impact on Indian

Stock Markets

India's financial ecosystem is undergoing a technological revolution, driven by fintech
innovations that are reshaping stock market investing. Studies indicate that digital
trading platforms and algorithmic stock analysis have substantially increased retail
investor participation in the Indian stock market (Kuriakose & Sajoy, 2022). Discount
brokerage platforms utilising Al and machine learning are making investment services

more cost-effective and accessible to a broader demographic (Yadav et al., 2022).

Moreover, fintech innovations such as robo-advisory services and Al-driven
investment strategies are enhancing investor confidence and optimising decision-
making processes. Quantum computing also presents opportunities for Indian stock
markets, particularly in portfolio optimisation and fraud detection (Owolabi et al.,

2024).

Al, blockchain, quantum computing, and fintech innovations shape the future of
technology in stock market investing. Al-driven advisory services and deep learning

models are refining market predictions and enhancing trade execution. Blockchain
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and smart contracts promise a more secure and transparent trading ecosystem, while
quantum computing is poised to revolutionise algorithmic trading through advanced
optimisation techniques. In the Indian stock market, fintech innovations are
democratizing investment opportunities and improving accessibility. Despite
regulatory and scalability challenges, these advancements signal a transformative shift
in global financial markets, paving the way for a more efficient and technologically

integrated investment landscape.
2.10 Research Gap

The integration of technological innovations in stock market investing has
significantly altered investor behaviour, decision-making processes, and market
efficiency. Artificial intelligence-driven analytics, algorithmic trading, blockchain
technology, and mobile trading applications have reshaped investment strategies by
enhancing accessibility, automation, and predictive accuracy. However, while these
advancements offer substantial benefits, they also introduce concerns regarding
irrational decision-making, over-reliance on automation, cybersecurity risks, and
market volatility. The literature suggests that investors engage with these technologies
without fully understanding their risks, leading to impulsive trading, algorithmic
biases, and susceptibility to misinformation from social trading platforms and real-
time news. Furthermore, while financial analytics and robo-advisory services provide
data-driven insights, the extent to which investors critically assess automated
recommendations remains unclear. Despite regulatory interventions and technological
advancements aimed at improving transparency and efficiency, the evolving nature of
digital finance necessitates further empirical research into how investors interact with
these innovations in practice. Given the increasing reliance on fintech solutions,
understanding the behavioural and psychological factors that drive investor adoption
and risk perception is crucial for developing sustainable, technology-driven

investment ecosystems.

Despite the growing body of research on technology adoption in financial markets,
several gaps remain. First, while studies have examined the impact of Al and

algorithmic trading on market efficiency, limited research explores how retail
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investors perceive and utilise these technologies in decision-making. Second, while
social trading platforms and mobile trading applications have democratized market
participation, their influence on risk-taking behaviour and financial literacy requires
deeper investigation. Third, the role of behavioural biases in shaping investor
responses to automated financial tools has not been sufficiently explored, particularly
in emerging markets like India, where fintech adoption is rapidly expanding.
Additionally, research on the ethical and regulatory challenges associated with
algorithmic trading, blockchain-based investments, and decentralised finance remains
fragmented. Most studies have examined single technologies in isolation. Despite
existing research, gaps remain in understanding the impact of technological
innovations on investment behaviour. Studies have focused on individual aspects such
as algorithmic trading, robo-advisors, or blockchain technology. Few have analysed
how a combination of tools influences investor behaviour. Social trading and news
platforms received limited attention. This Study aims to fill these gaps and offer an

applied view of fintech adoption in a real market context.
2.11 Conclusion

New technologies have transformed the landscape of stock market investments in
terms of accessibility, automation and efficiency, but they introduce new behavioural,
ethical, and regulatory challenges. The current literature draws attention to the
opportunities and risks associated with Al, algorithmic trading, blockchain, and social
trading platforms. However, some gaps still exist in understanding their influence on
retail investor behaviour. There has been little focus on the interactions among
technologies and how they affect decision-making, risk perception, and financial
literacy in parallel. To bridge such gaps, the approaches of behavioural finance need
to be combined with empirical studies, especially in such emerging economies as

India, where fintech is rapidly growing.
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3.1 Introduction

This chapter outlines a theoretical framework elucidating on several aspects of the
study. Investors have changed their behaviour significantly because technology has
affected global financial markets. Algorithmic trading, smartphone apps for trading,
robo-advisors, blockchain, and artificial intelligence have transformed how Indian
investors approach their investments, protect themselves against loss, and participate
in the market. Over the years, advancements in technology have transformed the way
stock trading is conducted in India. Using digital tools instead of shouting in

marketplaces has made trading and investing simpler for everyone.

Now brokers are providing online and mobile trading platforms for users to make
trading fast and manage their portfolios easily. With so many people having
smartphones, trading apps are popular, opening the door for retail investors in tier-2
and tier-3 cities to participate in stock trading. The service includes real-time quotes,

fast fund transfers, investment tracking, and market updates.

Al makes it easier to predict trends, handle investments, spot fraudulent activities, and
evaluate the overall market condition. With artificial intelligence, models can forecast
the direction of stock prices, which supports better decisions and valuable advisory
services offered to investors. People who want robo-advice can rely on various
platforms which guide investors through Al and similar tools. It is cost-effective and
excellent for those just starting to invest, letting them pace themselves using a planned
approach. Advances in technology have made stock trading in India more accessible
to a broader audience, making it more affordable and efficient. Although these new

advances have helped investors, it is essential to increase awareness, education, and
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regular oversight to ensure that investors participate securely and understand what

they are doing.

Artificial Intelligence has transformed stock trading through faster, more intelligent,
and more efficient decision-making. The use of Al in stock trading is enhancing the
industry by mitigating emotional influences and improving risk management
(Prabhakaran, 2024). When making projections, LSTM-based Al takes data on
volume, open, low, high, and closed price levels to help predict the future value of
stocks (Gangavarapu et al., 2024). Combining social media sentiment analysis with
technical indicators can enhance the precision of predictions. Financial news releases
unrelated to company fundamentals have also been found to affect stock prices in the

short term when sentiment analysis is conducted (Vijay et al., 2018).

The use of real-time warnings in the stock market has become increasingly relevant,
as the stock market is a dynamic environment where investors should be aware of
these variations. It is possible to propose several systems that can be utilised to help
achieve this purpose. Al-Jaroodi & Mohamed (2009) created a system that tracks
information about stocks provided by web services and alerts the user to specific
situations. Similarly, Jain et al. (2019) conducted another study utilising the low-
latency autonomous trading system, with an emphasis on technical analysis and the
application of modern technology. The article by Jacob et al. (2022) involves the
deployment of LSTM models to replace the use of trackers and make price predictions
as an interactive dashboard. Lopez et al. (2015) proposed a mechanism for raising
alerts in a real-time data warehouse, in which incoming facts are compared against a
collection of confidence intervals computed based on historical data. These systems
aim to deliver timely information and warnings to investors, enabling them to make
informed trading decisions and navigate the complexities of processing vast amounts

of information in a fast-paced market.

It has changed the nature of the investment world, such that more people trade using
their phones, and it has made the market more liquid and accessible due to the
availability of stock trading applications. The effectiveness of traditional sources of

information, such as those found in newspapers on intraday trading, has been
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questioned and has been shown not to generate significant returns for traders (Kolte

et al., 2024).
3.2 Social Trading Platforms

Social trading in the stock market is a type of investing that enables individuals to
view, replicate, and follow the investments made by skilled or successful investors
online. It combines features of a social network and a trading platform, allowing users
to exchange opinions, discuss market changes, and buy/sell jointly. This strategy will
help new investors find it easy to invest, as they will be utilising the experience and

skills of traders who have been in the market for longer.

Social trading platforms are transforming the investment world by integrating social
chat with stock trading. By using these platforms, people can easily learn from the
trades of professional investors and have easier access to helpful investment ideas. As
a result of fintech, trading has become more available and user-friendly for people
from all walks of life. In addition to giving users access to others’ trades, the
innovative abstract social trading platform allows others to see and follow signal
providers’ trades. By utilising published data on transactions and gains, clients of these
platforms can select one or more signal providers and entrust them to manage their

investments.

Signal providers invest more in highly volatile stocks if they are not keeping pace with
their peers. This means the rewards offered on social trading platforms may encourage
traders to take greater risks. The special environment in social trading, where people
can see others and are rewarded for improved performance, leads signal providers to

act like gamblers (Oehler & Schneider, 2022)
3.2.1 Social Trading Dynamics

Social trading dynamics in stock trading refer to the act of investors following,
observing, and sometimes copying the strategies of individuals who consistently
generate higher profits through digital platforms. This strategy utilises collective
intelligence, peer associations, and communal learning to make stock trading more

collaborative than individual. These dynamics include the exchange of information,
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reputation, herd behaviour, and trust within online trading communities, which may
provide opportunities to learn more about online investing while also exposing such

investors to the dangers of over-reliance on the judgment of others.
3.2.1.1 Copy Trading

In copy trading, investors automatically copy the trades of skilled traders. Whenever
the selected trader purchases or sells a stock, the same action is simultaneously
performed in the follower account. It can provide even a beginner with exposure to
professional-level strategies, but can foster dependency before acquiring any personal

skills.
3.2.1.2 Mirror Trading

In mirror trading, investors replicate an existing trading plan designed by professional
traders or by any algorithmic system. It differs from copy trading in that it is not trader-
related, but rather strategy-related. This enables traders to replicate successful

strategies and eliminate emotional biases.
3.2.1.3. Signal Trading

The signal is the buy/sell information provided by traders, which they share on social
media or in apps. Investors are free to follow such signals or disregard them based on
their assessment. It is flexible, but the user needs to have analytical skills to reject

noise that is difficult to separate.
3.2.1.4 Community Trading

Online communities encompass social media platforms, forums, and communities
where investors engage in active discussions about stock tips, current news, and
investment strategies. The joint wisdom, popular opinion or the opinion of the crowd
characterise decision-making. It promotes learning and the exchange of ideas, but can

also cause herd behaviour and market speculation.
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3.2.1.5 Strategy Sharing/Portfolio

There are websites where traders can publish their entire portfolio or their strategies
publicly. Retail investors can read, compare, and apply strategies based on their risk
tolerance. This fosters transparency and knowledge sharing, although it must be

assessed carefully in terms of risks.
3.3 Sentiment Analysis in Stock Trading

Sentiment analysis deals with the discovery of the tone of news items, messages on
social media sites, blogs, as well as any other text in a form of writing. In conducting
sentiment analysis, investors utilise natural language processing, text analysis, and
computational linguistics to identify subjective details in financial writing (Liu, 2012).
Many companies in India now utilise sentiment analysis to assess market trends, track
investor emotions, and inform trading decisions based on data. According to the
Nasscom (2022) survey, as many as 40% of Indian fintech companies are using Al-
powered sentiment analytics to make their trading advice more accurate. Sentiment

analysis is now incorporated into most modern stock trading methods in India.

Sentiment analysis has become a crucial tool in stock trading, utilising data from
various sources to gauge investor sentiment and its potential impact on the market.
Through machine learning approaches, sentiment analysis enhances the predictability
of stock tips and predictions. The method is not only beneficial in decision-making
but also helps minimise investment risks by offering timely intelligence on the market

dynamics.
3.3.1 The significance of Sentiment Analysis

Sentiment analysis is relevant in predicting stock prices by analysing emotions and
opinions expressed in news articles and social media. This strategy provides insight
into how the market responds to various events and news, which are influenced by

public sentiment.

1. Improved Prediction Accuracy: Sentiment analysis can be used in tandem with

traditional financial models to significantly augment the accuracy of the forecasts
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made on stock prices. Such an integration enables the gathering of a more nuanced

picture of market dynamics, particularly in volatile times. (Safitri et al., 2024)

2. Strategic Market Views: Strategically sentimental analysis combined with the
current predictive models not only adds value to predictions but also allows for
obtaining stratified market insights. This is especially useful to investors who are
interested in exploring the stock market complexities. It is possible to undergo an
experience of loss, specifically: loss of the sense of self, loss of the feeling of
knowing oneself, and loss of a sense of proximity to a person. Each of these losses

has five contributing factors (Safitri et al., 2024).

3. Issue of Stock Price Forecast: Random disturbances can significantly impact the
forecasting process, and incorporating sentiment analysis can only strengthen it.
The reasons why can be regarded as the reasons because of which (Safitri et al.,

2024)
3.4 Mobile Stock Trading

The advent of mobile trading apps has brought about significant changes in the way
stock trading is conducted in India, particularly among retail investors. These
platforms have democratised financial markets, allowing users to trade easily and
access real-time data. This surge in the number of such apps has led to increased
trading volumes and a significant rise in demat account registrations, as well as a

broader presence in the stock market.
3.4.1 Mobile Trading Applications

The Indian stock market has undergone significant changes in recent years, driven by
the development of mobile trading apps. These services have made it faster and more
straightforward for any investor to engage in the stock market. Increasing numbers of
people are now participating in the stock market, mainly due to the rise of smartphone-
based trading apps. Traders in the 20-35 age group in India have witnessed significant
changes in stock trading, mainly due to the advent of mobile trading apps (Sumant et
al., 2022). With the assistance of mobile trading applications, people can enter the

stock market, follow market changes in real-time, conduct research, and execute
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trades with ease. People are therefore turning to more online approaches for

investment.

With the advent of universal internet access and affordable smartphones, retail
investors have increasingly chosen mobile trading as their preferred method. Broking
has changed with the introduction of mobile trading platforms or service providers.
They offer platforms which are simple, inexpensive, and easily accessible services.
First-time investors are encouraged to try mobile trading because they may not yet
have a comprehensive understanding of finances. Both timely data and real-time
notifications enable faster decision-making and increased intraday trading. Mobile
trading apps have significantly changed the way people invest in the Indian stock
market. Although they ease work, are quicker, and can make things accessible to

everyone, they also come with issues of mindless trading and misinterpretation.
3.5 Stock Trading Based on Algorithms

Algorithmic Trading is a process where deals are completed using computer software
based on set instructions. They use mathematical rules and trade based on data at high-
speed rates, which reduces the role people have in decision-making. There are
automated steps that execute trades when specific price, time, and volume factors are
met. By utilising data mining and analytics, this technology can prevent human errors
and spoofing (M. Sachin et al., 2020). Algorithmic traders excel at timing the market
within a day and earn profits under various conditions, predominantly when they help
fuel liquidity. Moreover, market price efficiency is much higher with the help of AT
(Syamala & Wadhwa, 2020).

3.6 Financial Analytics Tools

Financial analytics tools help investors and traders analyse financial data to make
informed decisions about stocks. As digital brokerage firms, fintech companies, and
retail investors emerged, the use of these tools has increased rapidly. The use of data
visualisation, predictive analytics, machine learning and statistics helps them provide

live updates on several aspects, such as changes in the price of a company’s stock, the
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key points of a company, public opinions about the market, examining possible risks,

how you are doing with investments, etc.
3.6.1 Advances in Stock Trading Analytics

The stock trading process in India has undergone a significant transformation due to
the advent of new technologies in data analysis, artificial intelligence, and machine
learning in the country. Owing to these developments, investors can utilise advanced
offerings designed to aid in intelligent investment decision-making, remove biases,
and maximise returns on their portfolio. People have historically chosen investments
by looking at a company’s financial reports, price charts, and indicators. Currently,
investors rely on data analytics to make their decisions, utilising real-time data and
alternative sources beyond official government information, including social media,

satellite imagery, and data on emotions and behaviours.
3.6.2 Important Technological Advances in Analytics

Financial companies rely on AI/ML algorithms to identify potential changes in stocks
based on historical information, volume, market activity, and key economic indices.
The fields where it is applied are portfolio optimisation, algorithmic trading, risk
assessment and investment advisory. Al-driven insights are being incorporated into

the investment platforms of various stock brokers in India.
3.7 Robo-Adyvisors for stock trading

Robo-advisory services, also known as robo-advisors, enable customers to receive
advice and manage their investments through the use of computers. Robo-advisors,
which do not involve a human advisor, are likely to be much less expensive than the
services of a human expert. In addition, computer models are increasingly adapting
their advice to meet the needs of individuals. Nevertheless, robo-advisors fail to
provide all the services offered by human advisors, and most significantly, in-person
discussions. Hence, some companies have hybrid models where the foundation

includes robot services with minimal human contributions.
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Along with technological advancements, there has been the emergence of robots, also
known as robo-advisors, in the field of money and investments. Robo-advisors,
initially used by people in developed countries, are now being provided in developing

countries, including India.
3.7.1 Features of Robo-Adyvisory Services Used in Stock Trading
1. Portfolio Management run by technology

They use algorithms to assemble and look after clients’ portfolios according to their
willingness to take risks, their goals, and how soon they want to achieve their financial
objectives. They tend to utilise the Modern Portfolio Theory to generate the optimal
combination of investments and rebalance the portfolio periodically to achieve the

appropriate risk-reward balance (Sironi, 2016).
2. Cost Efficiency

Robo-advisors require minimal human input and offer considerably lower total fees.
Investment services are now accessible to a broader audience. Clients who subscribe

to robo-advisors enjoy reduced fees (Bonelli et al., 2024).
3. Personal investment approaches

On these platforms, strategies are tailored to each client's risk tolerance, objectives,
and financial situation. Maintenance of portfolios can be automated by advanced

algorithms as market and customer needs change (Capponi et al., 2019).
4. Ways to Prevent Behavioural Bias

With the help of robo-advisors, people are more likely to develop unfocused habits,
such as overtrading, following the crowd, and failing to diversify their investments
across multiple assets properly. Investors often face risks stemming from their own

biases, but robo-advisors help them overcome these issues (Bonelli et al., 2024).
5. Advanced technologies being used in society

A significant amount of data is analysed by robots using big data, Al, and machine

learning to identify trends in the markets and select appropriate investment
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opportunities. The difference in how robot-advisors can do algorithmic trading lies in

the possibility of big data and artificial intelligence (Wang et al., 2024).

Robo-advisory also provides customers with the opportunity to develop individualised
investment and financial plans and carry out investment decisions with limited human
input. These stock trading activities in India involve the use of robo-advisors, which
are used to construct and maintain portfolios based on an individual's risk disposition,
financial objectives, and investment time frame. Using these platforms, ordinary
citizens can plan their financial strategies in advance, delegate the investment
balancing aspect, reduce their tax burden to manageable levels, and instead focus on

achieving their desired goals.
3.7.2 The way Robo-Adyvisors operate
Usually, robo-advisors follow this sequence of steps:

1. An investor creates a user profile by giving details like income, age, how much

risk they can take and what they hope to achieve with their investments.

2. The platform automatically recommends different portfolios using algorithms,

chosen from equity, debt, ETFs and mutual funds.

3. It handles the process automatically by buying new assets and rebalancing the

existing ones at scheduled moments.

4. Regularly, performance analysis and alerts are given to prospective users—either

by email or within the app itself.

The way people invest in India is being transformed by robo-advisors, offering cheap,
convenient, and orderly services. Thanks to digital skills and new regulations, robo-

advisory services will likely help more people participate in the Indian stock market.
3.8 Stock Screeners

A stock screener is a program that investors and traders can use to search for stocks
based on specific criteria they define, including market value, P/E ratio, trading

volume, dividend yield, industry, or technical aspects. A stock screener is designed to
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browse through numerous stocks and help investors identify options that match their

standards (Fabozzi, 2014).

Because there are countless listed companies on the NSE and BSE in India, stock
screeners help people invest wisely and factually. Using stock screeners is now very
valuable in trading the Indian stock market. Because of these tools, investors can base
their decisions on the numbers. As stock market participation among retailers and the
general public increases, and people become more knowledgeable about finance,

stock screeners will play a crucial role in shaping the choices of Indian investors.

The use of stock screeners has grown in importance in today’s complex and
technology-driven stock markets in India. Online trading has made it possible for
investors to execute market transactions simply by clicking a button (Walia & Kumar,
2007). Businesses have shifted from physical trading to online trading due to the
growing use of the internet in business. Singh & Kumar (2021) state that retail
investors in India are using stock screens to spot undervalued stocks and take sound

decisions as the market becomes more complex
3.9 Intraday Trading Platforms

Online tools offered by stock brokers are called intraday trading platforms. They help
traders execute transactions with financial instruments within a single trading day.
They provide real-time price updates, fast order processing, the ability to use even
small amounts of money for trading, watchlists, tools to analyse charts and alerts
triggered automatically. An intraday trading platform is a type of digital service that
helps investors do same-day buys and sells with up-to-date information, trading tools

and the ability to trade immediately (Mishra & Tiwari, 2021).

Retailers, proprietary traders, and program traders rely on these platforms in India to
maximise their profits during trading days when the NSE and BSE are open. Intraday
trading platforms play a significant role in shaping the way active retail trading is
conducted in India. These platforms combine technology, speed, and ease, making it

easier for individuals to participate in high-frequency trading. As more people use
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mobile technology and trading is increasingly done via algorithms, intraday platforms

should become more efficient and powerful.
3.10 Smart order routing (SOR)

Market fragmentation and the need for effective execution strategies necessitate smart
order routing (SOR) in the Indian stock exchange as of today. Using real-time
information, SOR manages various trading destinations, thereby increasing the
probability of achieving the best execution of client orders. The technique differs from
the use of static methods, which may not align with the fluidity of exchanges in terms

of liquidity.

Smart order routing is a service that automatically submits an investor’s buy or sell
order to the exchange where the best price is found. To ensure trades are executed
efficiently, SOR systems continuously review data from various exchanges and
liquidity providers. Smart Order Routing utilises algorithms to analyse swap data
available in markets and place orders where execution will be optimal (Madhavan,
2000). Smart Order Routing (SOR) has become a significant aid in managing the
fragmented liquidity in modern securities trading. Modern SOR systems constantly
review market data and employ technology to track changes in liquidity availability,

looking beyond selecting only the lowest-cost venues (Rawal, 2009).
3.11 Real-Time Alerts in Stock Trading

Alerts during stock trading mean that investors and traders receive instant messages
detailing market happenings, price fluctuations, trading volume, updated news or
signals from technical indicators. Stock trading platforms, broker apps, and financial
data providers create these alerts, allowing users to act quickly and wisely when
making trading decisions. Real-time alerts are messages sent automatically by the
system, providing traders with recent updates about essential market events that

inform their trading strategy (Hull, 2017).

Online brokers offer real-time alerts. One can get price, volume, news, technical,

corporate action and portfolio alerts when using a real-time alert platform. More than

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors

158



Technological Advancements in Stock Trading

70 percent of people involved in daily stock market activities use mobile tools that

give instant updates and help them respond promptly (NSE India, 2023).

With more people using mobile apps and algorithms for stock trading, it is now crucial
to receive timely notifications in India. They help investors observe changes in the
market, handle them quickly and look after their asset management. By utilising Al

and machine learning, alerts can now adapt and match each user’s specific situation.

Stock trading requires real-time alerts that enable traders to react to market changes.
Such systems utilise advanced technologies to track stock prices and other market
developments, alerting users promptly based on conditions they have selected. The
significant elements and features of real-time alert systems, as an instrument used in

stock trading, are:
3.11.1. Elements of Real-Time Alert System

1. System Components: The system consists of a user mobile device where a mobile
application is installed, a central server, and an alerting module. Using this
architecture, it is possible to monitor stock prices effectively and issue alerts based

on changes. (Chheda, 2014)

2. Alerting Mechanism: An alerting mechanism is also critical, as it helps in
following the price and creating an alert over the stock. It is a periodic run and
depends on the conditions and parameters that the user sets. This will provide the
user with options to prompt them to issue a warning whenever there is a drastic

change in the price. (Chheda, 2014)

3. Feed Engine Capability: The system boasts a significant capability, featuring a
feed engine that continuously monitors stock exchanges. It connects with the
central server to download all the pertinent information of the stocks in the form
of feed packets. Real-time data collection is necessary for the accuracy and

reliability of the generated alerts. (Chheda, 2014)

4. Alert Processing: The system is made up of two major engines, which are utilised

in processing the feed packets, and these are the periodic alert engine and the
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conditional alert engine. The periodic alert engine issues periodic alert messages
on a scheduled basis, and the conditional alert engine issues alert messages based
on parameters defined by the user. A two-fold strategy like this renders the alert

system more flexible and responsive. (Chheda, 2014)

5. Database Updates: The alerting module utilises an updating engine to update the
actual condition of matched stock and information in the database. This
characteristic ensures that a record of alerts and stock conditions is maintained,

allowing for future reference and analysis. (Chheda, 2014)

6. User Engagement: The system can be designed to inform users in real-time about
whether a stock is above or below the thresholds that the user sets as alerts. This
provides the user with the benefit of making more informed decisions when
trading stocks. This has the potential to improve investment results for users who

utilise the provided information to make trades. (Chheda, 2014).
3.11.2 Impact on Trading Habits

Traders can respond more quickly to market news, leading to more frequent trading
and increased volatility. A steady stream of updates from the media makes it easier to
concentrate on quick trends instead of potential long-term benefits. Sometimes, the
amount of information an investor receives can be overwhelming, and some of it
might not be true, which can confuse them and lead to irrational behaviour. Breaking
news tends to increase fear and greed, which leads to react with panic. Recently,
studies have shown that social media and high-frequency trading systems are making
a significant impact on financial markets. It has been demonstrated that both types of
media can predict the future value of stocks, and social media does this more
effectively and for a longer period (Hu & Tripathi, 2016). The combination of social
media, news sentiment analysis, and fast-track trading platforms is transforming how
stock trading occurs today. The accuracy of stock price predictions may vary

depending on the news platform used (Lin et al., 2022).
3.12 Theories Used in the Context of Technology Adoption

This section outlines the theoretical models that informed the study's development.

The research aimed to understand how individual investors adopt financial technology
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and how this adoption influences their actual investment behaviour. To explain these
patterns, the study drew on several theories of technology adoption and behaviour.
The core theoretical base was the Technology Acceptance Model (TAM), which
included the original constructs of perceived usefulness and perceived ease of use.
These two factors helped to explain how investors evaluated digital platforms in terms
of benefits and simplicity. To extend TAM further and make it suitable for financial
applications, the study added constructs like cost perception, risk perception, and
facilitating conditions. These additions aligned with earlier models, such as the
Unified Theory of Acceptance and Use of Technology (UTAUT), which highlighted
external and social influences on technology adoption. To understand the pace and
categories of adoption, the Diffusion of Innovation (DOI) theory was used, which
classified investors based on their willingness to adopt new tools. The Theory of
Planned Behaviour (TPB) was used to explain the role of social norms and control in
shaping behavioural intention. To account for resistance and hesitation, the Innovation
Resistance Theory (IRT) was applied. It showed how psychological and functional
barriers affect the investor's decision. Additionally, the Technology Readiness Index
(TRI) was used to understand the mental readiness and emotional orientation of
investors towards digital innovation. Lastly, Protection Motivation Theory (PMT) and
behavioural investment theories were considered to understand risk awareness and
cognitive bias. These theories collectively supported the research design and
contributed to the development of a robust conceptual model within the Indian stock

market context.

Technology adoption in the financial sector has become an important area of study as
digital platforms and fintech tools gain prominence. Many models have emerged to
explain how and why individuals adopt new technologies. One of the most widely
accepted theories is the Technology Acceptance Model. Davis introduced this model
to explain computer usage behaviour (Davis, 1989). The basic model posits that two
main factors determine the intention to use technology: perceived usefulness and
perceived ease of use. Perceived usefulness refers to the degree to which a person
believes that using a particular system will enhance their job performance. Perceived

ease of use refers to the degree to which a person believes that using the system would
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require minimal effort. Over time, this model has been expanded with additional

constructs to enhance its explanatory power in various fields.

The study employed multiple theories to explain how investors adopt digital platforms
and utilise them in making stock market decisions. These theories helped to
understand the psychological, social, and behavioural factors that influence investor

actions.
3.12.1 Technology Acceptance Model (TAM)

The study employed the Technology Acceptance Model to investigate how perceived
usefulness and perceived ease of use influence investor behaviour. TAM was first
introduced by Davis in 1986 (Davis, 1989). It explained how users accept and use
technology. In the context of stock market investment, the model helped to explain
how investors decide to use fintech applications and digital trading platforms.
Perceived usefulness refers to the investor's belief that the technology enhances their
trading outcomes. Perceived ease of use refers to the investor's perception that the
platform is simple to use. When both perceptions are positive, the investor is more
likely to use the technology. In investment settings, these perceptions influenced
whether individuals shifted from traditional to digital tools. TAM helped explain the
adoption patterns of mobile trading apps, robo-advisors, and algorithm-based trading

platforms.
3.12.2 Unified Theory of Acceptance and Use of Technology (UTAUT)

The study employed UTAUT to gain a deeper understanding of the dimensions of
technology adoption. UTAUT was proposed by Venkatesh et al. in 2003. It is an
extension of several earlier models. The key constructs are performance expectancy,
effort expectancy, social influence, and facilitating conditions. Performance
expectancy is like perceived usefulness. It explains how much investors believe the
platform improves their investment performance. Effort expectancy shows how easy
the technology is to use. Social influence refers to whether friends, family, or social
media encourage the investor to use the platform. Facilitating conditions refer to the

availability of technical support and internet access. UTAUT allowed the study to
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assess how external factors also influence decisions. The model explained why some
investors adopted fast while others delayed their decisions (Venkatesh et al., 2003;
Venkatesh et al., 2012).

3.12.3 Diffusion of Innovation Theory (DOI)

The study used DOI to understand how new technologies spread among investors.
DOI was introduced by Rogers in 1962. It explained how innovations are accepted by
people over time (Rogers, 1962). In stock market investment, DOI helped to classify
investors as innovators, early adopters, early majority, late majority, or laggards.
Innovators were willing to try new fintech tools like Al-based stock screeners. Early
adopters followed soon. The theory said that adoption depends on five things: relative
advantage, compatibility, complexity, trialability, and observability. If a trading app is
better than old methods, easy to try, and people can see others using it, the adoption
becomes faster. DOI helped the study to frame how digital investment services were

accepted differently by young and older investors.
3.12.4 Theory of Planned Behaviour (TPB)

The study used TPB to explain how personal attitudes, social pressure, and control
influence investor decisions. TPB was proposed by Ajzen in 1991. It is suggested that
intention to use technology depends on three things. First is attitude, which means
how positively or negatively the investor feels about the tool. Second is the subjective
norm, which refers to the influence of others, such as friends or advisors. Third is
perceived behavioural control, which refers to whether the investor feels they can
effectively use the platform (Ajzen, 1991; Ajzen & Fishbein, 1980; Ajzen, 1985). In
stock investment, the study found that even if the platform is good, if the investor feels
low confidence or fears making losses, they may avoid using it. TPB helped to explain

gaps between intention and actual use.
3.12.5 Innovation Resistance Theory (IRT)

The study used IRT to understand why some investors resist using digital platforms.

IRT was introduced by Ram and Sheth in 1989. It focused on barriers rather than
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motivations. The theory suggests that consumers resist innovation for both functional
and psychological reasons. Functional barriers include usage difficulty, risks, or cost.
Psychological barriers include traditional, habitual, or image-related issues (Ram &
Sheth, 1989). In this study, IRT explained why older investors or those with low digital
skills tend to stay with traditional brokers. They feared online fraud and felt that the
platforms were either too complex or lacked trust. The theory showed that adoption is

not only about benefits but also about avoiding discomfort.
3.12.6 Behavioural Theories of Investment

The study also referred to behavioural theories to understand the psychology behind
investment behaviour. These theories encompass concepts such as loss aversion,
mental accounting, and overconfidence. Behavioural finance said that investors do not
always act rationally. They may panic during market falls or become overconfident
during bull runs. The use of digital apps may increase the frequency of trading due to
ease of access. This was supported by availability bias and recency effects. The study
noted that fintech platforms sometimes amplified these biases. Hence, understanding

behavioural factors was essential to interpret investor responses.
3.12.7 Technology Readiness Index (TRI)

In addition to traditional theories, the study also used the Technology Readiness Index
developed by Parasuraman in 2000. It measured an individual's mental readiness to
use technology (Parasuraman, 2000). The index included optimism, innovativeness,
discomfort, and insecurity. Optimistic investors believed technology would help them.
Innovative ones were excited to try new tools. Those with high discomfort or
insecurity tended to avoid apps. TRI was helpful in this study for identifying the

psychological profiles of investors.
3.12.8 Protection Motivation Theory (PMT)

PMT was used to understand how risk perception shaped behaviour. The theory

originated from health psychology and is also applied to financial settings. It said that
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people act to protect themselves when they perceive threats (Rogers, 1975). In this
study, PMT explained why investors preferred platforms with high security features
or stuck to traditional formats during uncertain times. Perception of risk, both financial

and technical, influenced the use of technology.

Table 3.1

Constructs and Variables Used for the Study

Construct Measurement Item Code

Digital investment platforms

. . Gomber et al.,
enhance my investment decision-  PUI1 (

. 2018)
making process.
Al-driven . aqalytlcs provide (Ochuba et al.,
valuable insights for my  PU2 2024)
investment strategies.
Perceived Mobile  trading  applications .
Usefulness (PU) facilitate efficient trading  PU3 (Kuriakose et
o al., 2022)
activities.
Robo-advisors assist in optimising PU4 (Bhatia et al.,
my investment portfolio. 2021)
e security of my finncid pus  (ChIEE
. Wang, 2023)
transactions.
Learning to operate digital (Nainggolan &
investment platforms is PEOUI1 Handayani,
straightforward. 2023)
Executing trades via mobile (Nair et al.,
applications is user-friendly. PEOU2 2022)
Perceived Ease ?;ia::}?enlngstment tools - offer PEOU3 (Kartika et al.,
of Use (PEOU) P . 2023)
recommendations.
Managing my portfolio with robo- PEOUM4 (Bhatia et al.,
advisors requires minimal effort. 2021)
Navigating fintech platforms is (Irimia-
avigaing p PEOUS5 Diéguez et al.,
intuitive and simple. 2023)
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Construct Measurement Item Code
Investing through digital platforms RP1 (Gupta & Dey,
carries significant risks. 2023)
I worry about potential security
threats when wusing fintech  RP2 (Gup2t828§)Dey,
solutions.
Risk Perception Automated trading increases the RP3 (Gupta & Dey,
(RP) possibility of financial losses. 2023)
I find Al-driven stock RP4 (Gupta & Dey,
recommendations unreliable. 2023)
I am concerned about the accuracy
of robo-advisors in volatile  RPS5 (Gup2t828§)Dey,
markets.
Mobile trading apps of discount .
brokers reduce my overall trading  CPl1 (N;l(;zezt)al.,
costs.
Al-powered investment tools offer cpP2 (Bhatia et al.,
cost-effective market insights. 2021)
Cost Perception The subscription fees for advanced CP3 (Rahmantari et
(CP) fintech tools are reasonable. al., 2024)
The cost of using mobile trading
apps of discount brokers is lower  CP4 (Yacé%\ég al,
than that of traditional brokers.
Robo-advisors offer better value CP5 Bhatia et al.
than human financial advisors. (2021)
I feel comfortable using Al- ATTI Bhatia et al.
powered investment solutions. (2021)
I am optimistic about the role of ATT? (Singh &
fintech in financial markets. Kaunert, 2024)
Attitude Using digital investment platforms (Widyanto et
Towards . . . ATT3
is an enjoyable experience. al., 2021)
Technology
(ATT) I believe fintech will dominate (Yadav et al
stock market investing in the ATT4 2022) ’
future.
The convenience of technology ATTS Nair et al.
makes me more willing to invest. (2022)
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Construct Measurement Item Code
I have access to the necessary Kartika &
resources to use fintech-based FC1 Rusmanto
investment platforms. (2023)
I receive adequate support and Irimia-
training to use investment  FC2 Diéguez et al.
technology tools. (2023)
Conditions (FC) & & al. (2022)
investment tools.
I have a stable internet connection Kartika &
to access trading platforms FC4 Rusmanto
gp : (2023)
Government policies support the
adoption of fintech in stock  FC5 Claessens et
3 al. (2018)
trading.
I intend to continue using digital BIl Nair et al.
investment platforms. (2022)
I plan to increase my use of Al- BD (Sukharev,
powered investment tools. 2023)
Behavioral I will rely more on fintech BI3 (Sembel et al.,
Intention (BI) solutions for investment decisions. 2024)
I am likely to recommend mobile B4 (Malhotra,
trading apps to others. 2020)
I prefer automated investment BI5 Bhatia et al.
strategies over traditional ones. (2021)
I frequently use mobile trading AUl (Nair et al.,
apps to buy and sell stocks. 2023)
I rely on robo-advisors for (Tprno &
ortfolio recommendations AU2 Schildmann,
p ' 2020)
Actual Use (AU) I use AI‘—powered analytl.cs before AU3
making investment decisions.
I have transitioned from traditional (Gomber et al
brokers to discount brokers due to AU4 v
. 2018)
technological advancements.
I execute most of my trades using AUS (Zhang & Q4i,
digital investment platforms. 2024)
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Construct Measurement Item Code
Technology-based ‘ investment (Kalda et al.,
platforms have increased my IB1

. 2021)
trading frequency.
Fintech tools have influenced my (Hariyani et
shift from short-term to long-term  IB2 Y
) i al., 2023)
mvesting.

E::l,le:wt'?;fll:’t(lB) I take more calculated risks due to B3 (Zhang et al.,
access to Al-powered analytics. 2023)
Socml trading platfo‘rms have (Dorfleitner et
influenced my investment IB4

.. al., 2018)
decisions.
Mobile trading apps have made me IBS Nair et al.
more engaged in stock trading. (2022)
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4.1 Introduction

This chapter presents the analysis and interpretation of the data collected for the study.
The rapid advancement of technology has significantly transformed stock market
dynamics, as the ability of investors to access information, analyse opportunities, and
make trades has been altered. These innovations have not only increased market
accessibility but also transformed the psychology of investments and decision-making
style, driven by the advent of new financial analytics and the rapid development of
mobile trading systems. The rise of social trading networks and real-time news
platforms has further facilitated the speed of information flow, enabling investors to
react to market circumstances almost in real-time, as well as shaping new collective

trading behaviours.

This chapter presents a structured examination of how far such technological
developments have changed the behaviour of investment with special reference to
retail investors in Kerala. It analyses the behavioural impacts of using digital trading
tools, the role of socially motivated trading systems, and the decision-making role of
advanced analytics and time-based access to information. Special emphasis is placed
on mobile trading applications, which have become a primary channel of interaction
between investors and the market, allowing them to perform transactions conveniently
and potentially introduce new trends in terms of behaviour. It is with this analysis that
the chapter seeks to present more in-depth insights into how the practice of adopting

technology continues to redefine and shape the investment landscape.
4.2 Demographic Profile of Investors

Demographic information is categorised into seven types, including gender, age,
educational qualification, employment status, monthly income, level of risk tolerance,

and type of stockbroker used. Table 4.1 gives the profile of the sample respondents.
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Table 4.1

Demographic Profile of Investors

Demographic Characteristics Category Frequency Percentages
Male 300 71.4
Gender Female 120 28.6
Total 420 100
18-25 years 120 28.6
26-35 years 140 333
36-45 years 80 19.0
Age
46-55 years 50 11.9
Above 55 years 30 7.2
Total 420 100
SSLC 4 1.0
Plus Two/Diploma 32 7.6
) o Degree 128 30.5
Educational Qualification
Post Graduate 184 43.8
Professional Degree 72 17.1
Total 420 100
Business 60 14.3
Government Job 154 36.7
Private Job 82 19.5
Employment Status Professionals 56 13.3
Retired 36 8.6
Others 32 7.6
Total 420 100
Below 25,000 42 10.0
25,000-50,000 70 16.7
Monthly Income 50,000-1,00,000 142 33.8
Above 1,00,000 166 39.5
Total 420 100
Low 68 16.2
Level of Risk Tolerance Medium 276 6.7
High 76 18.1
Total 420 100
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Demographic Characteristics Category Frequency Percentages
Full-service Broker 92 21.9
Discount Broker 176 41.9
Type of Stock Broker Used
Both 152 36.2
Total 420 100

Source: Primary Data
4.2.1 Gender-wise Classification of Investors

Out of the total 420 respondents, 300 were male, which represents 71.4 percent of the
sample. Female participants made up 28.6 percent, with a total count of 120. The study
used a higher proportion of male responses while assessing technological influence
on investment behaviour. This difference may be due to more active participation or
the greater availability of male investors in the stock market during the data collection

period.
4.2.2 Age-wise Classification of Investors

The distribution of respondents by age group shows that a majority of the investors
belong to the younger age categories. Out of the total 420 respondents, the largest
group falls in the 26-35 years category (33.3%), followed closely by the 18-25 years
group (28.6%). Together, these two categories account for more than 61% of the total
respondents, indicating that younger investors are more actively engaged in
investment-related activities, particularly through mobile trading applications. The
36-45 years group comprises 19% of respondents, reflecting a moderate level of
participation in investment activities. The proportion of respondents continues to
decline with age, with those aged 4655 years accounting for 11.9% and those above
55 years comprising only 7.2% of the total sample. This declining trend suggests that
older investors are comparatively underrepresented in the study, which may be linked
to their lower adoption of new financial technologies and a preference for traditional

investment methods.
4.2.3 Educational Qualification-wise Classification of Investors

The distribution of respondents according to their educational qualifications shows

that the highest proportion of participants were postgraduates, accounting for 43.8
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percent with a total of 184 respondents. This was followed by 128 participants with a
degree qualification, representing 30.5 percent of the total. Respondents with a
professional degree made up 17.1 percent, numbering 72 individuals. A smaller
segment had Plus Two or Diploma level education, contributing 7.6 percent or 32
respondents. The lowest educational category was SSLC, with only 4 participants,
representing 1.0 percent. The data indicate that most participants had completed
higher education, suggesting a greater involvement of educated investors in digital

investment activities.
4.2.4 Employment Status-wise Classification of Investors

The employment status of the respondents who participated in the study shows that
the majority of respondents, 36.7 percent or 154 individuals, are employed in
government jobs. Private sector employees form the second largest group, accounting
for 19.5 percent, which is 82 respondents. Business owners make up 14.3 percent,
representing 60 participants. Professionals such as doctors, lawyers, or consultants
form 13.3 percent, that is 56 respondents. A smaller proportion of respondents are
retired, with 8.6 percent or 36 individuals. The smallest group is categorised as others,
which includes freelancers, students, or part-time workers, and they make up 7.6
percent, or 32 respondents. The employment data indicate that a large portion of the
respondents have stable income sources, which may influence their investment

behaviour.
4.2.5 Income-wise Classification of Investors

The income-wise distribution of respondents based on their monthly earnings shows
that the highest share of respondents falls into the income bracket of above one lakh,
contributing 39.5 per cent, which equals 166 participants. The second largest group
earns between fifty thousand and one lakh, with 142 respondents making up 33.8
percent. Those earning between twenty-five thousand and fifty thousand represent
16.7 percent, amounting to 70 individuals. The smallest group earns below twenty-
five thousand, which includes 42 respondents, forming 10 percent of the total. The

monthly income spread shows a strong presence of higher-income respondents,
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indicating that a significant segment of the sample has a relatively better financial

capacity, which may influence the adoption of investment technologies.
4.2.6 Risk Tolerance-wise Classification of Investors

The risk tolerance levels reported by the respondents indicate that the majority,
comprising 65.7 per cent or 276 participants, fall under the medium risk tolerance
category. This suggests that most respondents are moderately open to taking financial
risks. Respondents with high risk tolerance form 18.1 percent of the total, with 76
individuals willing to take higher investment risks. Meanwhile, 68 respondents
reported low risk tolerance, which accounts for 16.2 percent. The higher percentage
of medium risk tolerance suggests that the sample leans towards balanced risk-taking,
which may reflect in their decision-making concerning technology-enabled

investment platforms.
4.2.7 Type of Stockbroker Used-wise Classification of Respondents

The classification of respondents based on the type of stockbroker they used indicates
that the highest proportion of respondents, which is 41.9 percent or 176 individuals,
reported using discount brokers. These platforms generally offer low-cost trading
services and are typically favoured by investors who are more self-directed and prefer
technology-driven tools. Respondents who reported using both full-service and
discount brokers accounted for 36.2 percent, totalling 152 participants. This group
may prefer to diversify their broker services depending on the nature of their trades or
the level of support required. Lastly, 92 respondents or 21.9 percent used full-service
brokers, indicating a preference for more traditional or personalised investment
support. This trend suggests a growing inclination towards cost-effective and

technologically enabled broker options among the surveyed investors.
4.3 Reliability and Normality

The following section explains the reliability of the scale variables used in the research

and the normality of the data collected from the respondents.
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Table 4.2

Results of Normality, Reliability, and Validity Tests

Test Statistic p-value
Shapiro-Wilk Test 0.8334 <0.01
Kolmogorov-Smirnov Test 0.1278 <0.01
Cronbach’s Alpha 0.8178 -
Bartlett’s Test of Sphericity 859.9883 <0.01
KMO Measure of Sampling Adequacy 0.8117 -

Source: Primary Data

4.3.1 Normality

The study employed a set of statistical tests to determine if the data were suitable for
further analysis. It began with checking if the data followed a normal distribution. In
Table 4.2, the Shapiro-Wilk test showed a statistic of 0.8334 and a p-value less than
0.01. The Kolmogorov-Smirnov test also yielded a statistic of 0.1278 with a p-value
of less than 0.01. Both results showed that the data is not normally distributed. Since
the p-values are less than the accepted level of 0.05, the null hypothesis of normality
was rejected. So, the data is considered non-normal. This means the analysis should
use non-parametric statistical tests instead of parametric ones. Non-parametric tests
are more suitable when the data do not meet the assumption of normality. This step

helps to avoid wrong conclusions in the primary analysis.
4.3.2 Reliability

The study also evaluated the reliability and validity of the questionnaire data.
Cronbach’s alpha for the variables was 0.8178, which shows good internal
consistency. A value above 0.7 indicates that the items in the scale are reliable and
measure the same concept. The Bartlett’s test of sphericity had a chi-square value of
859.9883 and a p-value less than 0.01. This result shows that the correlation matrix is
not an identity matrix and is suitable for structure detection. The KMO (Kaiser-Meyer-
Olkin) measure yielded a value of 0.8117, which exceeds the 0.8 threshold. This
indicates that the sample is adequate for analysis. The variables share enough common

variance, so it makes sense to use factor-related techniques if needed later in the study.
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These initial checks confirmed that the data were dependable and ready for further

non-parametric analysis.
4.4 Changes in Investment Behaviour Due to Technological Advancements.

The modifications in investment behaviour resulting from technological
improvements have been examined with respect to certain variables specific to
technological advancements. Mann-Whitney U and Kruskal-Wallis H tests are

applied to test the hypothesis.
Table 4.3

Descriptive statistics- changes in investment behaviour due to technological

advancements.
) ) Std )
Variable Mean Median Mode Dev Min Max
Advanced screeners help
with better stock selection. 4.08 4.0 4.0 0.79 1 >
High-frequency trading
increased trading 3.96 4.0 4.0 0.86 1 5
frequency.
Algorithmic trading
encourages data-driven 4.11 4.0 40 0.87 1 5
decisions.
Al has improved 3.57 40 40 088 1 5
forecasting accuracy.
quo—adv1sors 1ncr§ase 387 40 40 0.82 1 5
reliance on automation.
Blockchain technology has
increased trust and 3.65 4.0 4.0 0.95 1 5
security.
Tech lowered costs and 361 40 40 096 1 5
increased accessibility.
Intraday platforms
increased short-term 39 4.0 4.0 0.89 1 5
trading.
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Std

Variable Mean Median Mode Dev Min Max
Mobile apps improved
convenience and 3.88 4.0 4.0 0.9 1 5
frequency.
UPI pay.ment systems ease 401 40 40 095 1 5
transactions.
Smart routing improves 3.4 30 30 08 1 5
trade efficiency.
Real-time alerts aid 3.5 40 40 094 1 5
decision-making.
Auto rebalancing aids risk 337 3.0 30 0.85 1 5
management.
Sentiment analysis
influences news-based 3.63 4.0 40 093 1 5
decisions.
Virtual trading helps 3.99 40 40 075 1 5

learning/experimentation.

Combined Technological

3.77 3.8 367 042 1.0 4.67
Impact

Source: Primary Data

Table 4.3 presents descriptive statistics for the responses related to the impact of
various technological advancements on stock market investment behaviour. The
responses were collected using a 5-point Likert scale ranging from 1 (Strongly
Disagree) to 5 (Strongly Agree). All the listed technologies reflect recent changes in
trading and investing, and each one highlights a different area of investor experience
or decision-making process. The item “Algorithmic trading encourages data-driven
decisions” received the highest mean value of 4.11, with a median and mode of 4.
This means that a large number of investors agree that algorithmic tools have
influenced their decisions about stocks. They now rely more on rules, data, and
models, rather than relying solely on their own opinion or following others. This high
score also indicates that algorithmic trading is not just a concept limited to large firms,

but retail investors also utilise it or are influenced by platforms that employ it.

The low standard deviation (0.87) indicates that most responses were close to the

average, suggesting that most participants shared similar views, with limited
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variability in their responses. Another high-scoring item was “Advanced screeners
help with better stock selection”, with a mean of 4.08. This again shows that investors
find it easier to pick stocks when tools help them filter by price, volume, sector, or
other criteria. These tools save time and reduce the chance of errors. People who are
not finance experts can still make reasonable decisions using such screeners. Also,
“UPI payment systems ease transactions’ had a mean of 4.01, which is relatively high.
It shows that smooth and fast payments encourage more trading activity. If it is easy
to move money in and out, people are more likely to invest often. Mobile apps and
robo-advisors also scored well. “Mobile apps improved convenience and frequency”
had a mean of 3.88, and “Robo-advisors increase reliance on automation” had a mean
of 3.87. This means that people now trade more often and trust automated systems for
advice. Trading is no longer limited to desktop platforms or calling brokers. People
use their phones and get alerts or advice quickly. This enables them to respond to
market changes promptly. Convenience and automation are becoming more important

in investor choices.

On the other hand, some technologies scored slightly lower. For instance, “Smart
routing improves trade efficiency” had a mean of 3.40, and “Auto rebalancing aids
risk management” was even lower at 3.37. These are valuable features, but the lower
scores likely reflect limited awareness, understanding, or usage among retail
investors. Many respondents may be unfamiliar with how these tools function or may
not have encountered them on the platforms they use. As a result, respondents may
have opted for neutral ratings, not due to the ineffectiveness of the tools, but rather
due to a lack of direct experience or exposure. The lower values here do not mean that

the tools are not practical, and they may reflect low exposure or limited usage.

The blockchain also had an average score of 3.65, which is moderately positive but
still below the scores of the top-rated items. While blockchain is known to be secure,
some people may not directly experience its benefits. They might not feel that
blockchain affects their daily trading behaviour. It is possible that awareness of how
blockchain adds trust is not widespread among average investors. Similarly, “Al has

improved forecasting accuracy” received a moderate mean of 3.57. This indicates a
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cautious view. Some investors might not fully trust predictions made by Al or may
still rely on their own judgement. It can also mean that people are waiting to see more

results from Al before they believe it helps.

The statement “Sentiment analysis influences news-based decisions” had a mean of
3.63, which is close to the middle. Sentiment analysis is a relatively new concept, and
while it is useful, some may not utilise such tools or may not fully trust their accuracy.
However, since the median and mode were both 4, it shows that more people lean
toward agreement. The overall combined score, labelled as “Combined Technological
Impact”, had a mean of 3.77 and a very low standard deviation of 0.42, showing high
consistency in investor perceptions. This indicates that respondents generally agree
that technology has a significant impact on their investment behaviour. They also
demonstrated consistency in their ratings of different tools. While some tools scored
higher and others lower, overall, the impression was positive. Investors are
increasingly utilising digital tools, trusting them, and adjusting their trading and risk
management strategies accordingly. The lowest mean value among the items was for
“Auto rebalancing aids risk management” and “Smart routing improves trade
efficiency”. Advanced or regular investors usually use these tools. People who invest
casually or occasionally may not see much value in them. These results may indicate
a gap in awareness, rather than a lack of effectiveness. The study reveals that features
such as mobile apps, screeners, and payment systems are more familiar and widely
accepted among the average investor. The highest mode and median values, which
are four across all items, indicate that most people agreed with the statements. That
consistency shows a clear trend. It means the use of technology is no longer limited
to a few investors. It has become part of regular trading behaviour. Even though some
tools are less known or trusted, the direction is clear. Digital and innovative platforms
influence how people make decisions, buy or sell stocks, manage risks, and learn

about the market.
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4.5 Gender-wise Analysis of Changes in Investment Behaviour Due to

Technological Advancements

To test how gender affects investment behaviour due to advancements in technology,
the following hypothesis has been formulated. The impact of gender on investment
behaviour towards technological advancements has also been tested by using the

Mann-Whitney U Test, as indicated in Table 4.4.

H1: There is a significant difference in investment behaviour influenced by

technological advancements between male and female investors.
Table 4.4

Mann-Whitney U Test, Gender wise analysis of changes in investment behaviour due

to technological advancements.

p- Effect

Variable U value  Size (r)

Advanced screeners help better stock

. 193245 1.17 0.2003 0.058
selection.

High-frequency trading increased

. 18192.5 0.17 0.8541 0.008
trading frequency.

Algorithmic trading encourages data-
driven decisions.

Al has improved forecasting accuracy. 19471.0 1.30 0.1634 0.064

232115  4.63 0.0 0.226

Robo-advisors increase reliance on

. 23486.5 4.88 0.0 0.238
automation.

Blockchain technology has increased

. 22291.0 3.81 0.0001 0.186
trust and security.

Tech lowered costs and increased

o 249215 6.15 0.0 0.301
accessibility.

Intraday platforms increased short-term

. 16897.0 -0.98 0.2975 0.048
trading.

Mobile apps improved convenience and 221475 369 00001 0.1%

frequency.
UPI/payment systems ease transactions.  17098.5 -0.80 0.3949 0.039
Smart routing improves trade efficiency. 23020.5 4.46 0.0 0.218
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. p- Effect

Variable u Z value Size (1)

Real-time alerts aid decision-making. 18644.5 0.57 0.546 0.028
Auto rebalancing aids risk management. 22656.0 4.14 0.0 0.202

Sentiment analysis influences news-

based decisions. 19300.0 1.15  0.221 0.056

Virtual trading helps 212940 293 00011  0.143
learning/experimentation.
Combined Technological Impact 257345 6.88 0.0 0.33

Source: Primary Data

Table 4.5

Mann-Whitney U Test, Gender wise Mean Rank of Perceived Technological Impact

on Investment Behaviour

Variable Female @ Male
Advanced screeners help better stock selection. 199.46  214.92
High-frequency trading increased trading frequency. 208.9 211.14
Algorithmic trading encourages data-driven decisions. 167.07  227.87
Al has improved forecasting accuracy. 198.24 2154
Robo-advisors increase reliance on automation. 164.78  228.79
Blockchain technology has increased trust and security. 174.74  224.8
Tech lowered costs and increased accessibility. 152.82  233.57
Intraday platforms increased short-term trading. 219.69  206.82
Mobile apps improved convenience and frequency. 175.94  224.32
UPI/payment systems ease transactions. 218.01  207.5
Smart routing improves trade efficiency. 168.66  227.24
Real-time alerts aid decision-making. 205.13  212.65
Auto rebalancing aids risk management. 171.7 226.02
Sentiment analysis influences news-based decisions. 199.67 214.83
Virtual trading helps learning/experimentation. 183.05  221.48
Combined Technological Impact 146.05  236.28

Source: Primary Data

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors

188



Analysis of Technology Adoption and Investment Behaviour

Table 4.4 presents the results from the Mann-Whitney U test, which examined the
differences in investment behaviour caused by technological advancements between
male and female investors. The test helped determine whether gender makes any
difference in how investors respond to new technologies in the stock market. Several
items showed a statistically significant difference between male and female responses.
For example, the item on blockchain technology had a U-value of 22,291 and a Z-
score of 3.81 with a p-value of 0.0001. This means female and male investors did not
respond the same way to this statement. The effect size (r) was 0.186, indicating a
small to moderate effect. The higher mean rank for males in Table 4.5 indicates that
male investors are more likely to agree with the idea that blockchain enhances trust
and security in stock trading. Another notable item was algorithmic trading, which
had a Z score of 4.63 and a p-value of 0.0. This result again confirms a statistically
significant difference. The mean ranks in Table 4.5 indicate that male investors scored
significantly higher than females. This suggests that male investors are more likely to
agree that algorithmic trading supports data-based decisions. Robo-advisors, which
provide automated financial advice, also showed a similar trend. The Z score was 4.88
and the p-value was 0.0. The mean rank difference was also vast, with males at 228.79
and females at 164.78. This suggests male investors trust robo-advisors more than
female investors. So, gender does influence how investors accept and use some of the

modern tools.

Some variables showed no significant difference. For example, the item about high-
frequency trading had a Z value of 0.17 and a p-value of 0.8541. This means male and
female investors answered in a very similar way. The mean ranks for this variable
were also very close at 208.9 for females and 211.14 for males. A similar pattern was
seen for UPI-based transactions and alerts for decision-making. These did not show
statistically significant differences. This indicates that specific tools are universally
accepted and used by all investors, regardless of gender. However, some tools still
exhibit a gap in their acceptance or trustworthiness. The most important result came
from the combined technological impact variable. This combined score was used to
test the hypothesis H1. The Mann-Whitney U value was 25734.5, the Z score was

6.88, and the p-value was 0.0. This clearly shows a substantial and statistically
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significant difference between male and female investors in their overall response to
technological changes in investing. The effect size was 0.33, indicating a moderate
effect. According to Table 4.5, the mean rank for males was 236.28, whereas for
females, it was 146.05. This gap is huge, suggesting that male investors find more
value and impact in using technological tools for investing compared to female
investors. So, the hypothesis H1 is supported. There is a significant difference in
investment behaviour influenced by technological advancements between male and

female investors.

4.6  Changes in Investment Behaviour due to Technological Advancements

Based on Education

The following hypothesis is put forward to test whether investment behaviour is
influenced by educational qualification as a result of technological changes. To
determine the impact of educational qualification on investment behaviour concerning
technological advancements, the Kruskal-Wallis H Test has been used, as shown in

Table 4.6.

H2: There is a significant difference in investment behaviour due to technological

advancements among investors with different levels of education.
Table 4.6

Kruskal-Wallis H Test for Education-Based analysis of changes in investment

behaviour due to technological advancements.

p- Effect Size

Variable H value M2

Advanced screeners help better stock

. 7.88 4 0.0961 0.019
selection.

High-frequency trading increased trading

1.61 4 0.8058 0.004
frequency.

Algorithmic trading encourages data-driven
decisions.

Al has improved forecasting accuracy. 3.14 4 0.5342 0.008

3.06 4 0.5478 0.007

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors
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Variable w gt P FBffectSize
value m?)

Robo—ady1sors increase reliance on 481 4 03065 0011
automation.
Blockcha%n technology has increased trust 468 4 03216 0011
and security.
Tech lf)vyc?red costs and increased 1933 4 0.0007 0.046
accessibility.
Intrgday platforms increased short-term 164 4 00131 0.03
trading.
Mobile apps improved convenience and 259 4 06282 0.006
frequency.
UPI/payment systems ease transactions. 11.19 4 0.0245 0.027
Smart routing improves trade efficiency. 265 4 0.6173 0.006
Real-time alerts aid decision-making. 13.62 4 0.0086 0.033
Auto rebalancing aids risk management. 8.88 4 0.0641 0.021
Senpment analysis influences news-based 1379 4 0.008 0.033
decisions.
Virtual trading helps 1417 4 00068  0.034
learning/experimentation.
Combined Technological Impact 33.56 4 0.0 0.08

Source: Primary Data

Table 4.7

Educational Qualification-wise Mean Ranks for Perceived Impact of Technological

Tools on Investment Behaviour

Plus Post Professional
Variable SSLC Two/ Degree
. Graduate Degree
Diploma
Advanced screeners help 5 g5 55819 197.86 207.06 237.22
better stock selection.
High-frequency trading
increased trading 209.25 197.86 212.66 206.27 223.17
frequency.
Algorithmic trading
encourages data-driven 185.88  230.02 212.75 201.61 221.9

decisions.
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Plus Post Professional
Variable SSLC Two/ Degree
. Graduate Degree
Diploma

Al has improved 1965  205.0 200.74 210.99 229.81
forecasting accuracy.
Robo-advisors increase /075 44095 207.91 206.28 214.11
reliance on automation.
Blockchain technology
has increased trust and 194.12 227.47 200.45 206.2 232.72
security.
Tech lowered costs and 0y 5 91 g8 19045 201.29 239.76
increased accessibility.
Intraday platforms
increased short-term 76.0 209.92 215.13 198.62 240.35
trading.
Mobile apps improved
convenience and 183.75 228.14 203.27 207.83 223.84
frequency.
UPl/payment systems 14688  198.92 21438 197.24 246.19
ease transactions.
Smart routing improves g ag 251 203.68 207.0 227.67
trade efficiency.
Real-time alerts aid 1575 20558  212.66 194.83 251.83
decision-making.
Autorebalancing aids 555 15 435 19918 202.08 235.15
risk management.
Sentiment analysis
influences news-based 48.0 209.69 207.7 204.16 241.08
decisions.
Virtal trading helps 19 g0 53500 jo4.68 206.18 245.15
learning/experimentation.
Combined Technological ) ag 94533 19123 194.68 277.08

Impact

Source: Primary Data

Table 4.6 presents the Kruskal-Wallis H test results, which examine whether

investment behaviour due to technological advancements differs among investors

with varying levels of education. The test was done for each statement in the

questionnaire under the first objective. Some items showed a clear, significant

difference based on the p-values. For example, the variable related to the cost and

accessibility of trading platforms has an H-statistic of 19.33 and a p-value of 0.0007.
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The effect size is 0.046, which is small but still indicates a statistically significant
difference. Table 4.7 shows that people with Plus Two or diploma and SSLC
education have higher mean ranks. This means less educated investors feel strongly
that technology has made trading cheaper and easier. Investors with professional or

postgraduate degrees have slightly lower ranks here.

Another item that showed a meaningful result was the one about intraday platforms.
This item has a p-value of 0.0131 and an H statistic of 12.64. The effect size is 0.03,
indicating a statistically significant difference across the education levels. According
to Table 4.7, investors with professional degrees achieved the highest mean rank of
240.35. Investors with SSLC education had the lowest mean rank of 76. This wide
gap indicates that more highly educated individuals are more likely to believe that
intraday platforms have altered their behaviour in short-term trading. Another strong
result came from real-time market alerts. This variable had a p-value of 0.0086 and an
H value of 13.62. Again, people with professional degrees have the highest mean rank
of 251.83, while SSLC investors have a lower mean rank of 157.5. This pattern
suggests that people with higher education levels may find it easier to use and respond

to real-time market signals.

The tool related to sentiment analysis also showed a significant difference, with a p-
value of 0.008 and an H-value of 13.79. The mean ranks in Table 4.7 indicate that
professional degree holders achieved the highest score, at 241.08, while the SSLC
group had the lowest score, at 48. This considerable difference suggests that people
with higher education find sentiment tools more useful or easier to understand.
Another variable with a strong result was virtual trading. The p-value was 0.0068 and
H was 14.17. Professional degree holders again scored the highest mean rank, at
245.15, while the SSLC group had a mean rank of only 119.88. These results together
suggest that education plays a role in how people adopt and respond to different
technologies in the stock market. Some tools, such as virtual trading and sentiment
analysis, appear to be more suited to educated investors who may feel more at ease

exploring new systems.
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The most important test result is from the combined technological impact score. This
variable includes the average of all fifteen technology-based questions. In Table 4.6,
this variable has the highest H value at 33.56 and a p-value of 0.0. This confirms a
substantial difference between the education levels. The effect size is 0.08, which is a
medium-level effect. Table 4.7 shows that professional degree holders scored the
highest mean rank of 277.08. Then comes the PlusTwo or diploma group with 242.33.
The lowest rank was among SSLC respondents who scored just 101.88. This
significant gap indicates that education level has a substantial influence on how people
experience or respond to technology-based changes in investing. So, the hypothesis
H2 is supported. There is a significant difference in investment behaviour due to

technological advancements among investors with different levels of education.

4.7  Changes in Investment Behaviour due to Technological Advancements

Based on Employment Status

To investigate whether investment behaviour is influenced by employment status due
to technological advancements, the following hypothesis has been formulated. The
influence of employment status on investment behaviour in technological
advancements has also been tested using the Kruskal-Wallis H Test, as shown in Table

4.8 below.

H3: There is a significant difference in investment behaviour due to technological

advancements among investors with different employment statuses.
Table 4.8

Kruskal-Wallis H Test for Employment Status—Based Analysis of Changes in

Investment Behaviour due to Technological Advancements

Variable H df p-value Effect2 Size
(m?
Advanced sgreeners help better 8.05 5 0.1109 0021
stock selection.
High-frequency trading increased )85 5 0.7234 0,006

trading frequency.

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors

194



Analysis of Technology Adoption and Investment Behaviour

Variable H df p-value Effeci;Slze
m?)

Algorlthmlc trafilpg encourages 419 5 0.5200 0010
data-driven decisions.
Al has improved forecasting 377 5 05821 0.009
accuracy.
Robo—ady1sors increase reliance on 6.12 5 0.2940 0014
automation.
Blockcham technology hgs 594 5 03881 0012
increased trust and security.
Tech lf)vyc?red costs and increased 2042 5 0.0011 0.048
accessibility.
Intraday Platforms increased short- 13.86 5 0.0168 0.033
term trading.
Mobile apps improved 315 5 06761 0.007
convenience and frequency.
UPI/pa}{ment systems ease 11.44 5 0.0434 0.027
transactions.
Srr}aﬁ routing improves trade 3.94 5 0.5562 0.009
efficiency.
Reali—tlme alerts aid decision- 14.92 5 0.0108 0.035
making.
Auto rebalancing aids risk 918 5 0.1017 0.022
management.
Sentiment analy.s1.s influences 15.05 5 0.0099 0.035
news-based decisions.
Virtual trading helps 1581 5 0.0073 0.037
learning/experimentation.
Combined Technological Impact 35.67 5 0.0000 0.084

Source: Primary Data
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Table 4.9

Employment Status—Wise Mean Ranks for Perceived Impact of Technological Tools

on Investment Behaviour

Variable Govt. Job Private Seli- Business Retired Professional
Job  Employed

Advanced screeners help

better stock selection. 184.5 220.6 229.1 2105 176.7 239.2

High-frequency trading
increased trading 205.3 212.9 218.8 210.1 1875 2294
frequency.

Algorithmic trading
encourages data-driven 201.6 206.5 225.1 2156 1829 231.7
decisions.

Al has improved

. 198.2 210.8 221.5 219.7 183.6 232.5
forecasting accuracy.

Robo-advisors increase

. . 195.6 2134 228.6 2169  179.8 230.2
reliance on automation.

Blockchain technology
has increased trust and 210.5 198.7 223.6 216.2 1854 234.1
security.

Tech lowered costs and

. s 245.3 238.1 200.8 198.7 170.4 2425
increased accessibility.

Intraday platforms
increased short-term 198.4 222.8 209.6 2053 175.2 2441
trading.

Mobile apps improved
convenience and 193.6 2251 2104 207.9  176.8 241.7
frequency.

UPI/payment systems

. 185.9 227.3 214.2 203.6 1729 246.5
ease transactions.

Smart routing improves

- 202.8 221.0 208.5 2083 178.6 235.2
trade efficiency.

Real-time alerts aid

. . 1924 224.5 216.1 202.8 1714 2479
decision-making.

Auto rebalancing aids

. 215.3 229.6 196.2 2004  168.3 238.7
risk management.

Sentiment analysis

influences news-based 189.5 226.8 218.3 204.1 169.2 249.0
decisions.
196 Impact of Technological Innovations on the Investment Behaviour of
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Variable Govt. Job Private Seli- Business Retired Professional
Job  Employed

Virtual trading helps

. . . 184.1 231.2 212.8 206.7  170.8 250.4
learning/experimentation.

Combined Technological

181.6 2359 201.5 200.6  165.3 262.8
Impact

Source: Primary Data

The Kruskal-Wallis H test was conducted to examine whether there are significant
differences in investment behaviour due to technological advancements among
investors with different employment statuses (Government Job, Private Job, Self-
Employed, Business, Retired, and Professional). This non-parametric test was chosen
as the dependent variables were ordinal and the independent variable consisted of

more than two independent groups.

The results in Table 4.8 indicate that several technological factors showed statistically
significant differences in perceived impact across employment groups. Specifically,
Tech lowered costs and increased accessibility (H = 20.42, p = 0.0011, n?2 = 0.048),
Intraday platforms increased short-term trading (H = 13.86, p = 0.0168, n% = 0.033),
UPI/payment systems ease transactions (H = 11.44, p = 0.0434, )2 =0.027), Real-time
alerts aid decision-making (H = 14.92, p = 0.0108, n? = 0.035), Sentiment analysis
influences news-based decisions (H = 15.05, p = 0.0099, n2? = 0.035), Virtual trading
helps learning/experimentation (H = 15.81, p =0.0073,12=0.037), and the Combined
Technological Impact score (H = 35.67, p < 0.001, n2 = 0.084) all showed significant
variation by employment status. The effect sizes for these variables range from small

to moderate, with the combined technological impact showing the most substantial

effect (%2 = 0.084).

Other factors, such as Blockchain technology, High-frequency trading, Algorithmic
trading, Al-based forecasting, Robo-advisors, Advanced Screeners, Mobile apps,
Smart routing, and Auto rebalancing, did not show statistically significant differences
across employment categories (p > 0.05), indicating that perceptions about these tools
are relatively consistent regardless of employment status. The mean rank values in
Table 4.9 provide further insight into the nature of these differences. For most

significant variables, Professional investors consistently recorded the highest mean

197



Chapter IV

ranks, suggesting they perceive a greater impact of technological advancements on
their investment behaviour. For example, in the case of UPI/payment systems, ease of
transactions was recorded as a mean rank of 246.5 by professionals, compared to
185.9 for Government employees and 172.9 for retirees. Similarly, Real-time alerts
aid decision-making had the highest mean rank among professionals (247.9), followed
closely by private sector employees (224.5), while retirees again recorded the lowest

(171.4).

The Combined Technological Impact score showed a transparent gradient, with
Professionals ranking highest (262.8) and Retired investors lowest (165.3), indicating
that the overall effect of technology on investment behaviour is perceived as strongest
among professionals and weakest among retirees. This pattern suggests that
employment status, likely through exposure to technology, workplace culture, and
investment needs, influences how investors adapt to and utilise modern investment

tools.

Given those multiple key variables and the combined impact score showed
statistically significant differences, the alternate hypothesis (H3) is supported. It can
be concluded that there are significant differences in investment behaviour due to
technological advancements among investors with different employment statuses.
These results highlight the need for tailored investor education and awareness
programs that consider employment background, as different occupational groups

respond differently to the adoption of advanced financial technologies.

4.8 Influence of Age on the Investment Behaviour due to Technological

Advancements

The hypothesis formulated to test whether age affects investment behaviour, due to
the advancements in technology. Table 4.10 illustrates the Kruskal-Wallis H Test that
has been used to assess the impact of age on investment behaviour towards

technological advancements.

H4: There is a significant difference in investment behaviour due to technological

advancements among investors with different age groups.

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors
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Table 4.10

Kruskal-Wallis H Test — Age Group—wise Analysis of Changes in Investment

Behaviour due to Technological Advancements

Variable H df p-value EffethS1ze
U)

Advanced screeners help better 10.988 4 0.0269 0.026
stock selection.
H1gh—frequency trading increased 7368 4 0.1186 0018
trading frequency.
Algorlthmlc tra.dl‘ng encourages 9957 4 0.0555 0.022
data-driven decisions.
Al has improved forecasting 6.194 4 0.1853 0.015
accuracy.
Robo-advisors increase reliance on

. 14.766 4 0.0052 0.035
automation.
Blockchain technology has 12482 4 00141 0.030
increased trust and security.
Tech lf)vyc?red costs and increased 20334 4 0.0004 0.048
accessibility.
Intraday platforms increased short- 17.126 4 0.0018 0.041
term trading.
Mobile apps improved 5.486 4 02415 0.013
convenience and frequency.
UPl/payment systems ease 15637 4 00036 0037
transactions.
Srr}aﬁ routing improves trade 3415 4 0.0774 0.020
efficiency.
Reali—tlme alerts aid decision- 11.558 4 00211 0.027
making.
Auto rebalancing aids risk 13.926 4 0.0076 0.033
management.
Sentiment analy‘s1.s influences 16.844 4 0.0021 0.040
news-based decisions.
Virtual trading helps 9.835 4 00434 0023
learning/experimentation.
Combined Technological Impact 26918 4 0.0000 0.063

Source: Primary Data
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Table 4.11
Age Group—wise Mean Ranks for Perceived Impact of Technological Tools on
Investment Behaviour

Variable 18-25 26-35 36-45 46-55 A';‘;VG
Advanced screeners help better 255.18 240.12 19647 192.03 178.86
stock selection.
High-frequency trading increased 516 33 545 g 19044 198.11 178.24
trading frequency.
Algorithmic trading encourages 240.87 246.18 20276 189.55 181.98
data-driven decisions.
Al has improved forecasting 233.92 24854 19672 19536 181.46
accuracy.
Robo-advisors increase reliance on ) 1o 55979 19055 182.84 173.21
automation.
Blockchain technology has 238.55 25572 19834 19028 176.66
increased trust and security.
Tech lowered costs and increased o o0 267 16 19475 185.42 171.33
accessibility.
Intraday platforms increased short- 0 o5 51771 19766 186.88 173.55
term trading.
Mobile apps improved convenience 3¢ 11 54933 20358 19242 182.67
and frequency.
UPl/payment systems ease 251.84 253.12 19846 187.63 172.55
transactions.
Smart routing improves trade 242.15 24536 197.85 19128 180.64
efficiency.
Real-time alerts aid decision- 247.65 25042 196.52 18673 179.81
making.
Auto rebalancing aids risk 254.84 24826 19577 187.42 176.89
management.
Sentiment analysis influences 250.12 251.88 19834 183.16 172.49
news-based decisions.
Virtual trading helps 246.88 24472 19946 19052 177.33
learning/experimentation.
Combined Technological Impact 265.22 25849 193.88 186.14 170.25

Source: Primary Data
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The Kruskal-Wallis H test was conducted to determine whether there are statistically
significant differences in investment behaviour due to technological advancements
among investors belonging to different age groups (18-25, 26-35, 36-45, 46-55, and
above 55 years). The results indicate that several technological factors show
significant differences across age categories. Blockchain technology increasing trust
and security (H = 12.482, p = 0.0141, n2 = 0.030), robo-advisors increase reliance on
automation (H = 14.766, p = 0.0052, n2 = 0.035), and advanced screeners aiding stock
selection (H = 10.988, p = 0.0269, n? = 0.026) all demonstrate significant variation,

suggesting that perceptions about these tools vary meaningfully between age groups.

Similarly, technology lowering costs and increasing accessibility (H = 20.334, p =
0.0004, n?2 = 0.048), intraday platforms increasing short-term trading (H = 17.126, p
=0.0018,12=0.041), and UPI/payment systems easing transactions (H =15.637,p =
0.0036, n? = 0.037) were also found to be significantly different among the age
categories. Furthermore, real-time alerts aiding decision-making (H = 11.558, p =
0.0211,12=0.027), auto rebalancing aiding risk management (H = 13.926, p =0.0076,
1n? = 0.033), and sentiment analysis influencing news-based decisions (H = 16.844, p

=0.0021, n% = 0.040) also emerged as significant differentiators.

The combined technological impact score shows a highly significant difference across
age groups (H =26.918, p < 0.001, n? = 0.063), highlighting that age has a notable
effect on the overall perceived influence of technological advancements on investment
behaviour. On the other hand, variables such as mobile apps improving convenience,
Al improving forecasting accuracy, and trading via high-frequency platforms did not
show statistically significant differences, suggesting a more uniform perception across

age groups for these aspects.

The mean rank analysis offers additional insights into how perceptions vary among
age groups. Younger investors in the 18-25 and 26-35 categories consistently
recorded the highest mean ranks for several significant variables, including
blockchain technology, robo-advisors, technology that lowers costs, intraday

platforms, UPI systems, and sentiment analysis. This indicates that younger
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participants are more receptive to and influenced by technological tools in their

investment practices.

The 3645 age group displayed moderate mean ranks, reflecting a balanced adoption
that likely combines both traditional investment approaches and modern technological
tools. The 4655 category generally showed lower mean ranks compared to younger
groups, suggesting more selective engagement with technological advancements. The
above-55 group consistently recorded the lowest mean ranks across most variables,
implying limited reliance on these innovations in their investment decisions. A
particularly notable trend is that while younger groups (especially 18-25) scored high
across automation, accessibility, and convenience-related factors, older groups placed
less emphasis on these benefits. This generational difference likely reflects familiarity
with digital tools, comfort with automation, and adaptability to fast-changing

technological environments.

4.9 Influence of Social Trading and Real-Time News Platforms on Trading

Habits.

The effect of social trading and real-time news trading applications on trading
behaviours has been studied using descriptive statistics. The hypothesis is tested using

the Mann-Whitney U test and the Kruskal-Wallis H test.
Table 4.12

Descriptive Statistics- influence of social trading and real-time news platforms on

trading habits.

Variable Mean Median Mode S:ﬁ, Min Max

Social media influenced trading

. 3.85 4.0 4.0 0.94 1 5
decisions

Trading via social media is riskier

than self-analysis 3.47 3.0 3.0 0.94 1 5

Peer recommendations influenced
trading

Real-time news influenced trading  4.02 4.0 4.0 0.9 1 5

3.56 4.0 4.0 1.04 1 5

Impact of Technological Innovations on the Investment Behaviour of
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Variable Mean Median Mode S:ﬁ, Min Max

Speed/reliability of news

cnfluenced habits 3.88 4.0 40 095 1 5

Timely/accurate news influenced

3.68 4.0 40  0.88 1 5
strategy

Ease of real-time news influenced

. 3.59 4.0 40 095 1 5
trading

Social platforms influenced trade

h 3.61 4.0 40 092 1 5
requency

Social media increased trading

. 3.95 4.0 4.0 0.96 1 5
confidence

Real-time alerts improved
response

Combined Social/News Impact 3.71 3.8 3.9 0.57 1.0 49

Source: Primary Data

3.51 4.0 4.0 0.9 1 5

Table 4.12 presents the descriptive statistics for the variables used to investigate the
impact of social trading and real-time news platforms on trading habits. The study
employed 10 items to achieve this objective. Each item represents one aspect of how
social platforms or news tools affect how people trade in the stock market. The study
used a five-point Likert scale, where 1 indicated "strongly disagree" and 5 indicated
"strongly agree." The combined mean score of all items is 3.71. This indicates that,
on average, most participants tend to agree that social and news tools have impacted
their trading behaviour. The highest mean score is seen in the item related to real-time
news influencing trading. It has a mean of 4.02 and a standard deviation of 0.9. This
means that most participants agree that real-time news plays a significant role in
shaping trading decisions. The data is consistent, as the median and mode are both 4.
This shows real-time updates have become a key source of information. Another
variable with a high mean is social media, which increased trading confidence with a
value of 3.95. The standard deviation is 0.96, which indicates a slight variation in
responses. Most people agree that social media helped them feel more confident while
making trading choices. Confidence can be influenced by peer support, shared ideas,

and trending topics that often circulate within online social groups.
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Another item that stands out is the speed and reliability of news influencing habits.
The mean is 3.88, and the median and mode are 4. This suggests that many investors
closely monitor market updates and adjust their strategies in response to rapid
changes. When news comes faster and is more reliable, people may enter or exit trades
more quickly. This can also alter how frequently they monitor markets or how they
respond to specific news. One more item with a high mean is social media-influenced
trading decisions at 3.85. This indicates that social platforms serve not only as news
sources but also as guides for trading decisions. People may follow popular pages,
influencers or expert groups before making choices. The variable ease of real-time
news has a mean of 3.59 and a standard deviation of 0.95. This suggests that while
many find it useful, some may still struggle to follow fast-changing news or lack
adequate access. Still, the median and mode of 4 indicate that most users find it easy
to get news updates. Social platforms influencing trade frequency have a mean of 3.61
and a standard deviation of 0.92. It means some investors increased their number of
trades after using platforms like Twitter, Telegram or WhatsApp for stock ideas. These

tools might create more confidence or urgency due to others' actions.

Peer recommendation is another key item. The mean of 3.56 indicates that many
participants believe suggestions from friends or online contacts influence their
choices. The standard deviation is 1.04, which is the highest among all variables. This
means there is more variation here. Some people strongly agree, some might strongly
disagree. This type of variable depends significantly on the social circle. One item that
got a slightly lower mean is the idea that trading through social media is riskier than
self-analysis. It has a mean of 3.47 and a standard deviation of 0.94. This indicates
that some investors are cautious, as they believe social media could misguide or
increase risk. The study shows a mixed perception of this item. Another item is a
timely and accurate news-influencing strategy. The mean is 3.68, and the standard
deviation is 0.88. The median and mode are both 4. This indicates that people trust
timely and accurate news when planning trades. They might change their strategy
based on what is happening in the market at that time. The last variable is real-time
alerts, improving response. The mean is 3.51, with the median and mode at 4. This

indicates that notifications or live updates enable investors to take action more

Impact of Technological Innovations on the Investment Behaviour of
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quickly. These alerts may include price movements or breaking news. The combined
social and news impact variable has a mean of 3.71 and a standard deviation of 0.57.
This suggests that, on average, investors believe these tools have altered their
behaviour. The smaller standard deviation indicates that most people share similar
views on this. This value is also slightly lower than the real-time news item, but still
indicates an agreement level that is more than neutral. The mode is 3.9, and the

minimum and maximum values are 1.0 and 4.9.

4.10 Influence of Social Trading and Real-Time News Platforms on Trading

Habits.

To determine the effect of gender on trading habits resulting from social trading and
real-time news platforms, the following hypothesis is formulated. The effect of gender
on social trading and real-time news platforms has been tested using the Mann-

Whitney U Test, as demonstrated in Table 4.13.

HS5: There is a significant difference in trading habits influenced by social trading and

real-time news platforms between male and female investors.
Table 4.13

Mann-Whitney U Test of Gender wise influence of social trading and real-time news

platforms on trading habits.

Variable U 7 p- Effect Size
value (r)

Social media influenced trading

L 18827.5 0.736 0.4366 0.036
decisions

Trading via social media is riskier than

. 22616.5 4.108 0.0 0.2
self-analysis

Peer recommendations influenced 191215 0998 0.2984 0.049

trading

Real-time news influenced trading 22282.0 3.81 0.0 0.186
Speed/reliability of news influenced -

habits 17753.5 0219 0.8169 0.011
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p- Effect Size

Variable U value )

Timely/accurate news influenced

22645.5 4.134 0.0 0.202
strategy

Ease of real-time news influenced

. 18845.0 0.752 0.4278 0.037
trading

Social platforms influenced trade

e 23296.0 4.712 0.0 0.23
requency

Social media increased trading 196075 143  0.1298 0.07

confidence
Real-time alerts improved response 22878.0 4.341 0.0 0.212
Combined Social/News Impact 249345  6.17 0.0 0.30

Source: Primary Data

Table 4.14

Mann-Whitney U Test Gender-wise Comparison of Mean Ranks for Social Media and

Real-Time News Influence on Trading Behaviour

Variable Female Male
Social media influenced trading decisions 203.6 213.26
Trading via social media is riskier than self-analysis 172.03  225.89
Peer recommendations influenced trading 201.15  214.24
Real-time news influenced trading 174.82  224.77
Speed/reliability of news influenced habits 212.55  209.68
Timely/accurate news influenced strategy 171.79 22598
Ease of real-time news influenced trading 203.46  213.32
Social platforms influenced trade frequency 166.37  228.15
Social media increased trading confidence 197.1 215.86
Real-time alerts improved response 169.85  226.76
Combined Social/News Impact 152.71  233.62

Source: Primary Data

Table 4.13 illustrates the relationship between gender and the impact of social trading
and real-time news on trading habits. Most items on the table have low p-values,

especially for the combined variable. This suggests that male and female investors do
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not behave the same when it comes to using technology for trading. The variable with
the highest significance is the combined impact of social and news platforms, with a
p-value less than 0.00 and an effect size of 0.30. This indicates a substantial gender
difference. Additionally, items such as trading via social media, real-time news,
timely/accurate news, real-time alerts and the frequency of social platforms show
significant differences between male and female traders. Male investors appear more
influenced in these aspects. Other variables have p-values above 0.05, indicating no
significant gender difference in those areas. This helps to identify specific

technological factors where male and female investors think and act differently.

Table 4.14 supports this result with average rank scores. For example, men had a
higher rank (225.89) compared to women (172.03) when asked if social media trading
is riskier than self-analysis. This means more men strongly agree or agree with the
statement. Real-time news also has a similar pattern, with men scoring 224.77 and
women scoring 174.82. These scores align with the Mann-Whitney results. Males also
ranked higher in items like alerts, strategy, and frequency of trading via social
platforms. Women and men have similar rankings for other variables, such as the
speed and reliability of news. These variables have slight differences and do not show
statistical significance. Mean rank scores help determine not only the presence of a
difference but also its magnitude. The ranks of men are generally higher than those of
women across most variables. This may mean male investors rely more on social and
real-time news platforms. The differences in ranks are not very large for variables that
showed no significance in Table 4.13. However, when the difference is large, it reflects
in significant p-values. This consistent pattern adds strength to the findings. In real
trading practice, this might mean male investors make more decisions based on social
or real-time input. Female investors might follow more traditional methods. Gender-

based differences are becoming more visible as more tech tools enter the market.

Examining the combined score from Table 4.13, the Mann-Whitney U result of
24934.5, the Z score of 6.17, and a p-value of less than 0.001 confirm a statistically
significant gender difference. The effect size, r, is 0.30, indicating a moderate to
significant effect. This supports the hypothesis HS5 that male and female investors are
different in how much they are influenced by social trading and real-time news. Table

4.14 also shows a big difference in average rank for the combined score. Males scored
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233.62 and females scored 152.71. This significant gap indicates that male investors
are more affected by these tools. So, the study supports HS based on both test statistics

and ranking scores.

4.11 Influence of Social Trading and Real-Time News Platforms on Trading

Habits Based on Education-wise

To investigate the impact of educational level on trading habits, particularly in the
context of social trading and real-time news platforms, the following hypothesis is
developed. The Mann-Whitney U Test has been used to test the effect of educational

qualification on social trading and real-time news platforms, as shown in Table 4.15.

H6: There is a significant difference in trading habits due to social trading and real-

time news platforms among investors with different levels of education.
Table 4.15

Kruskal-Wallis H Test for Education-wise influence of social trading and real-time

news platforms on trading habits.

p- Effect Size
value m?)

Social media influenced trading decisions 17471 4 0.0016 0.042

Trading via social media is riskier than self- 2.864 4 0.5809 0.007
analysis

Variable H

Peer recommendations influenced trading 13.128 4 0.0107 0.031
Real-time news influenced trading 4533 4 0.3387 0.011
Speed/reliability of news influenced habits 9.519 4 0.049%4 0.023
Timely/accurate news influenced strategy 17.747 4 0.0014 0.042
Ease of real-time news influenced trading 11952 4 0.0177 0.029
Social platforms influenced trade frequency 3.986 4 0.4078 0.01
Social media increased trading confidence 16.69 4 0.0022 0.04
Real-time alerts improved response 7372 4 0.1175 0.018
Combined Social/News Impact 28.57 4 0.0 0.06

Source: Primary Data
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Table 4.16

Educational Qualification-wise Mean Ranks for Influence of social media and Real-

Time News on Trading Habits (Mean Rank)

. Plus Two/ Post Professional
Variable SSLC Diploma Degree Graduate Degree
Social media
influenced trading 173.88 239.73 2134 188.87 249.67

decisions

Trading via social
media is riskier than 186.75  222.28 197.57  213.93 220.8
self-analysis

Peer recommendations

: : 109.88  208.19  210.63 197.85 24921
influenced trading

Real-time news 22825 23897 201.19 205.93 225.08
influenced trading

Speed/reliability of 35 5 53656 20343 201.49 238.85
news influenced habits

Timely/accurate news o) 3¢ 585 14 19288 205.67 223.44
influenced strategy

Ease of real-time news 1) or 54095 20484 199.66 240.55
influenced trading

Social platforms

influenced trade 236.0 244.42 213.62 205.76 200.57
frequency

Social media increased 7\ 51353 19748 19934 257.12
trading confidence

Real-time alerts 27562  252.88 20473 20232 219.22
improved response

Combined 155.62 25897  189.79  195.37 267.48

Social/News Impact

Source: Primary Data

Table 4.15 presents the results of the Kruskal-Wallis H test, which examines the
impact of different education levels on trading habits influenced by social trading and
real-time news platforms. The results show that some variables have significant p-
values, while others do not. For instance, the influence of social media on trading

decisions reveals a statistically significant difference across education levels, with a
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p-value of 0.0016. The effect size of 0.042 also indicates a small to moderate effect.
This suggests that education level is linked to how people respond to social media in
their investment choices. Respondents with professional degrees had the highest mean
rank of 249.67, and those with SSLC had the lowest mean rank of 173.88 (Table 4.16).
This suggests that social media has a greater influence on investors with professional

degrees in their trading decisions than on those with less education.

The variable of peer recommendations also shows a significant p-value of 0.0107,
indicating a notable difference in influence across education levels. In Table 4.16,
investors with professional degrees again had the highest mean rank, at 249.21, while
SSLC holders had the lowest, at 109.88. This wide gap means that investors with more
formal education find peer input to be more relevant in trading. Similarly, the impact
of timely and accurate news shows a p-value of 0.0014, indicating that the level of
education plays a role in how this factor influences trading. The effect size remains
0.042, indicating that although the effect is small, it still holds significance. Those
with PlusTwo or Diploma had the highest mean rank of 282.14, while SSLC
participants scored 190.38. This suggests that better-educated investors pay more

attention to accurate news when deciding on their trades.

The ease of real-time news also shows a statistically significant difference with a p-
value of 0.0177. Participants with a PlusTwo or Diploma scored a mean rank of
240.25, and those with SSLC scored 111.62. This reflects how access and
understanding of real-time updates vary by education. Another significant variable is
social media, increasing trading confidence, with a p-value of 0.0022 and an effect
size of 0.04. Investors with professional degrees and SSLC reported high mean ranks
of 257.12 and 277.0, respectively, suggesting that both groups felt increased
confidence, but possibly for different reasons. Those with higher education might trust
platforms for analytical strength, while less-educated investors may rely on general

influence.

The combined variable, named Combined Social News Impact, gives a complete
picture. This variable also shows a significant result in Table 4.15 with a p-value of

0.0000 and an effect size of 0.06. The mean rank values in Table 4.16 indicate that
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those with professional degrees had the highest rank, at 267.48, followed by holders
of Plus Two or Diploma degrees, with a mean rank of 258.97. The lowest was for
SSLC at 155.62. This significant gap clearly indicates that the impact of social trading
and real-time news platforms on trading habits varies according to the level of
education. Therefore, the hypothesis H6, which states that there is a significant
difference in trading habits due to social trading and real-time news platforms among
investors with different levels of education, is supported based on the Kruskal-Wallis

Test results for the combined variable.

4.12 Influence of Social Trading and Real-Time News on Trading Habits Based

on Employment Status

To explore the role of employment status and its impact on trading patterns,
particularly in relation to social trading and real-time news-enabled trading systems,
the following hypothesis is formulated. Table 4.17 presents the results of the Kruskal-
Wallis H Test to test the effect of employment on social trading and real-time news

platforms.

H7: There is a significant difference in trading habits due to social trading and real-

time news platforms among investors with different employment statuses.
Table 4.17

Kruskal-Wallis H Test for Employment Status—wise Influence of Social Trading and
Real-Time News on Trading Habits

Effect Size
Up)
Social media influenced trading decisions  18.245 5  0.0027 0.044

Variable H df p-value

"Sferlaffl;rrllil;iseilssocial media is riskier than 3470 5 0.6275 0.008
0.0122 0.035
0.3809 0.013
0.0359 0.029

0.0048 0.041

Peer recommendations influenced trading  14.582
Real-time news influenced trading 5.306

Speed/reliability of news influenced habits  11.972

WD L e WD

Timely/accurate news influenced strategy ~ 16.857
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Effect Size
m?)
Ease of real-time news influenced trading  13.426 5 0.0198 0.033

Social platforms influenced trade

Variable H df p-value

4218 5 05178 0.010

frequency

Social media increased trading confidence  17.965 5  0.0030 0.043
Real-time alerts improved response 8.142 5 0.1480 0.020
Combined Social/News Impact 26.754 5 0.0000 0.064

Source: Primary Data

Table 4.18

Employment Status—wise Mean Ranks for Influence of Social Trading and Real-Time

News on Trading Habits

. Govt.  Private Self- . . .
Variable Job Job Employed Business Retired Professional

Social media
influenced trading 188.62 235.74 210.35 19548 170.96 249.85
decisions

Trading via social
media is riskier than ~ 200.14 218.27 205.43 210.89  194.55 222.33
self-analysis

Peer
recommendations 176.28 224.58 215.06 198.45 160.82 248.76
influenced trading

Real-time news

. . 205.92  233.60 199.84 207.33  192.47 226.15
influenced trading

Speed/reliability of
news influenced 180.46 239.17 206.53 202.36  169.40 240.89
habits

Timely/accurate
news influenced 194.72 276.33 191.44 20591 184.65 225.96
strategy

Ease of real-time
news influenced 178.60 242.05 205.31 200.27 162.54 241.17
trading

Social platforms
influenced trade 230.11 243.27 211.66 205.89 196.42 199.85
frequency

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors

212



Analysis of Technology Adoption and Investment Behaviour

. Govt.  Private Self- . . .
Variable Tob Job Employed Business Retired Professional

Social media
increased trading 260.17 218.94 199.50 202.63 17391 256.08
confidence

Real-time alerts

. 257.88 251.64 203.18 200.14  188.43 221.73
improved response

Combined

Social/News Impact 184.73  255.49 195.36 197.28  165.17 268.41

Source: Primary Data

The Kruskal-Wallis H test results show that six variables exhibit statistically
significant differences in trading habits across employment statuses. “Social media
influenced trading decisions” (H = 18.245, p = 0.0027, n2 = 0.044), “Peer
recommendations influenced trading” (H = 14.582, p = 0.0122, n? = 0.035),
“Speed/reliability of news influenced habits” (H = 11.972, p = 0.0359, n? = 0.029),
“Timely/accurate news influenced strategy” (H = 16.857, p = 0.0048, n% = 0.041),
“Ease of real-time news influenced trading” (H = 13.426, p =0.0198, 1?2 =0.033), and
“Social media increased trading confidence” (H = 17.965, p = 0.0030, n2 = 0.043) all
are below the 0.05 significance threshold, indicating meaningful variation among
groups. The “Combined Social/News Impact” score was also highly significant (H =
26.754, p < 0.001, n? = 0.064), suggesting a substantial overall effect of employment

status on perceptions of these tools.

Other variables, such as “Trading via social media is riskier than self-analysis” (p =
0.6275), “Real-time news influenced trading” (p = 0.3809), “Social platforms
influenced trade frequency” (p = 0.5178), and “Real-time alerts improved response”
(p = 0.1480) did not show statistically significant differences, implying that
perceptions of these factors are relatively consistent across employment categories.
The mean rank analysis provides further insights into these differences. For example,
professionals consistently ranked higher in perceived influence, with mean ranks of
249.85 for “Social media influenced trading decisions” and 268.41 for the “Combined
Social/News Impact” score, indicating substantial perceived impact. Private job
holders also scored high on several key variables, including 276.33 for
“Timely/accurate news influenced strategy” and 255.49 for the “Combined Impact.”

Government employees showed high rankings in specific areas such as “Social media

213



Chapter IV

increased trading confidence” (260.17) and “Real-time alerts improved response”
(257.88). However, their overall rankings were lower than those of professionals.
Retired investors recorded the lowest mean ranks for most significant variables, such
as 170.96 for “Social media influenced trading decisions” and 165.17 for the

“Combined Impact,” reflecting minimal engagement with these tools.

These results confirm that employment status significantly influences the perceived
impact of social trading and real-time news platforms on trading behaviour, with
professionals and private job holders being the most receptive and retirees being the
least affected. The moderate effect sizes (n? = 0.008—0.064) further indicate that while
the differences are meaningful, they are not overwhelmingly large, suggesting other

factors may also contribute to variations in trading habits.

4.13 Influence of Age on Trading Habits due to Social Trading and Real-Time

News Platforms

To understand the role of age and its impact on trade patterns, particularly social
trading and real-time news-enabled trading systems, the following hypothesis is
developed. Table 4.19 indicates the outcomes of the Kruskal-Wallis H Test to

determine the impact of age on social trading and real-time news platforms.

HS8: There is a significant difference in trading habits due to social trading and real-

time news platforms among investors with different age groups.
Table 4.19

Kruskal-Wallis H Test for Age Group—wise Influence of Social Trading and Real-Time

News Platforms on Trading Habits

Variable H daf P Effect Size
value M2

Social media influenced trading decisions 15.826 4 0.0032 0.038

Trading via social media is riskier than self-

3412 4 04912 0.008

analysis

Peer recommendations influenced trading 12204 4 0.0159 0.029

Real-time news influenced trading 4762 4 03134 0.011
214 Impact of Technological Innovations on the Investment Behaviour of
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Variable H df p- Effect Size
value Mm?)

Speed/reliability of news influenced habits ~ 10.987 4 0.0274 0.026
Timely/accurate news influenced strategy 14.509 4 0.0058 0.035
Ease of real-time news influenced trading 9.841 4 0.0432 0.023
Social platforms influenced trade frequency 5.614 4  0.2306 0.013
Social media increased trading confidence ~ 16.375 4  0.0026 0.039
Real-time alerts improved response 8276 4 0.0824 0.020
Combined Social/News Impact 23418 4 0.0001 0.055

Source: Primary Data
Table 4.20

Age Group—wise Mean Ranks for Influence of Social Trading and Real-Time News
Platforms on Trading Habits

Above

Variable 18-25 26-35 3645 46-55 55

Social media influenced trading

. 248.75 239.84 210.65 188.42 162.10
decisions

Trading via social media is riskier

. 195.40 210.28 203.51 218.33 179.92
than self-analysis

Peer recommendations influenced
trading

Real-time news influenced trading  224.19 232.74 207.86 198.52 172.80

236.82 229.11 201.34 190.55 164.20

Speed/reliability of news

influenced habits 242773 240.19 20531 196.76 169.25

Timely/accurate news influenced

250.68 237.92 202.18 192.83 164.47
strategy

Ease of real-time news influenced

. 246.13 238.10 201.47 191.54 168.80
trading

Social platforms influenced trade

220.51 230.84 206.58 19543 176.62
frequency

Social media increased trading
confidence

Real-time alerts improved response 238.42 229.57 202.19 196.00 174.53
Combined Social/News Impact 255.80 242.66 205.19 190.81 162.93

Source: Primary Data

258.64 243.12 207.41 193.26 165.88
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The Kruskal-Wallis H test results in Table 4.19 indicate that there are statistically
significant differences among the five age groups (18-25, 26-35, 3645, 46-55, and
above 55) in several aspects of trading habits influenced by social trading and real-
time news platforms. Specifically, significant differences were found for social media
influencing trading decisions (H = 15.826, p = 0.0032, n2 = 0.038), peer
recommendations influencing trading (H = 12.204, p = 0.0159, n? = 0.029),
speed/reliability of news influencing habits (H = 10.987, p = 0.0274, n? = 0.026),
timely and accurate news influencing strategy (H = 14.509, p = 0.0058, 2 = 0.035),
ease of real-time news influencing trading (H = 9.841, p = 0.0432, 2 = 0.023), and
social media increasing trading confidence (H = 16.375, p = 0.0026, n2 = 0.039).

The combined score, measuring the overall impact of social trading and real-time
news platforms, also showed a significant difference across age groups (H = 23.418,
p = 0.0001, n? = 0.055), suggesting that age plays a significant role in shaping how
these technologies influence trading habits. Non-significant variables, such as the
perception of social media trading risk (p = 0.4912) and the influence of trade
frequency (p = 0.2306), indicate that these aspects are relatively consistent across age

groups.

Table 4.20 presents the mean ranks for each variable by age group, providing a more
nuanced understanding of these differences. Younger investors, particularly those
aged 18-25 and 26-35, consistently record the highest mean ranks for most significant
variables, such as trading decisions influenced by social media (248.75 and 239.84,
respectively), trading confidence gained through social media (258.64 and 243.12),
and combined impact (255.80 and 242.66). This pattern suggests that younger
investors are more engaged with, and more influenced by, social trading platforms and
real-time news tools. By contrast, older age groups, especially those above 55, show
the lowest mean ranks across most variables, for example, combined impact (162.93)
and social media influence on trading decisions (162.10), indicating limited adoption
or reliance on these technologies. Middle-aged investors (36—45 and 46-55) generally
fall between these two extremes, displaying moderate levels of influence from social

and news-based trading platforms.
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Overall, the results confirm that younger investors are more receptive to integrating
social trading and real-time news tools into their trading practices. In contrast, older
investors tend to maintain more traditional approaches. This finding supports the
hypothesis that there is a significant difference in trading habits among age groups

due to these technologies.

4.14 Impact of Technological Advancements in Financial Analytics on

Investment Decision-Making

The impact of technological development in financial analytics on investment
decisions has been investigated through descriptive statistics. The Mann-Whitney U

and the Kruskal-Wallis H tests are used to test the hypothesis.
Table 4.21

Descriptive Statistics- Impact of Technological Advancements in Financial Analytics

on Investment Decision-Making

Variable Mean Median Mode Sg\i/ Min Max

Stock analytics tools improved

filtering 3.6 4.0 4.0 0.86 1 5

Al analytics improved stock

: 3.74 4.0 4.0 0.9 1 5
selection accuracy

Q;?matlon reduced stock analysis 340 30 30 0.88 1 5

Analytics  improved  portfolio 373 4.0 40  0.85 1 5

performance

Al boosted confidence in investing 3.36 3.0 3.0 0.99 1 5
Analytics helped match goals 3.41 3.0 4.0 1.04 1

Datfa from platforms shaped 387 40 40 0.96 1 5
choices

Analytics helped manage risk 3.54 4.0 4.0 0.89 1 5
Usa.bﬂlty/mterface influenced 3.93 40 40 0.92 1 5
decisions

Al  shifted  preference  to

. 3.79 4.0 4.0 1.06 1 5
automation

Combined Financial Analytics 3 64 33 3.9 058 1.0 4.6
Impact

Source: Primary Data
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Table 4.21 presents the descriptive statistics on how financial analytics tools impact
investment decision-making. The mean scores for each item mostly fall between 3.36
and 3.93. These values indicate that most respondents either agreed or were neutral
about the influence of financial analytics on their decisions. The highest mean value
is 3.93 for usability or interface influence on decisions. This means that most
respondents found the usability of platforms to be very important when making
decisions. The lowest mean value is 3.36 for Al boosting confidence in investing. This
indicates that many respondents lacked confidence in Al-based tools when making
investment decisions. The median and mode values are mostly 4.0, indicating general
agreement on the items. This consistency supports the respondents leaning more
toward agreement rather than disagreement. However, some items, such as
automation, reducing stock analysis time, and Al boosting investment confidence, had
a median of 3.0. This indicates that those particular aspects did not significantly
impact all investors. Standard deviation values are close to 1.0 for several items,
especially for Al-related confidence and goal matching. This suggests mixed
responses from participants, indicating that not everyone shared the same view on
those statements. The combined variable score for Financial Analytics Impact is 3.64
with a median of 3.8. This value gives a fair average of how investors rate all the listed
financial analytics tools together. The low standard deviation of 0.58 for this combined
score indicates less variation in the responses. Most people shared similar experiences
and opinions regarding the overall impact of financial analytics. Maximum and
minimum values suggest that some investors strongly disagreed or agreed with certain
statements. Although there is general agreement, some diversity of opinion exists. Al-
related statements had slightly lower mean values compared to others. Statements
such as "AI boosted confidence in investing" and "AI shifted preference to
automation" received mixed feedback. This means while Al is a popular tool, its
acceptance is not uniform. On the other hand, statements about usability, data shaping
choices, and stock selection through analytics had higher agreement levels. These
statements had higher means and lower standard deviations, showing both popularity
and consistent support from respondents. This indicates that investors trust tools that

provide precise data and are user-friendly. Another significant result is the mode of
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4.0 for almost all statements. A mode of 4.0 indicates that the most frequent response
was "agree." This pattern supports the notion that respondents generally perceive
value in financial analytics for informed investment decisions. This also aligns with
the earlier conclusion that people trust tools that help in transparent decision-making.
However, there is still caution about Al, which is not yet universally accepted. The
data from Table 4.21 also helps to understand which features investors find more
helpful. The features that got higher ratings include usability, data presentation, and
stock filtering tools. Investors gave slightly less importance to Al confidence and
automation. This indicates a trend where investors are still relying more on features

that offer control and visibility rather than total automation.

4.15 Gender wise Impact of Technological Advancements in Financial

Analytics on Investment Decision-Making

This study aims to test the following hypothesis, examining the impact of gender on
investment decision-making in response to technological advancements in financial
analytics. The effect of gender on investment decision-making due to technological
changes in the field of financial analytics has been effectively tested using the Mann-

Whitney U Test, as shown in Table 4.22.

HO: There is a significant difference in investment decision-making due to financial

analytics tools between male and female investors.
Table 4.22

Mann-Whitney U Test for Gender wise Impact of Technological Advancements in

Financial Analytics on Investment Decision-Making

Variable U 7 p- Effect Size
value (r)

Stock analytics tools improved filtering  19848.5 1.645 0.0768 0.08

Al analytics improved stock selection
accuracy

Automation reduced stock analysis time 18067.0 0.06 0.9496 0.003

22100.0 3.648 0.0001 0.178
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Variable U Z Vapllle EffeErt)Size

P‘;‘;?gicasme improved portfolio 539535 5909 00 0.254
Al boosted confidence in investing 18560.5 0.499 0.5998 0.024
Analytics helped match goals 224525 3962 0.0 0.193
Data from platforms shaped choices 18410.0 0.365 0.6999 0.018
Analytics helped manage risk 244535 5.742 0.0 0.28

Usability/interface influenced decisions 18763.0 0.679 0.4639 0.033
Al shifted preference to automation 21533.0 3.144 0.001 0.153
Combined Financial Analytics Impact 25206.5 6.41 0.0 0.31

Source: Primary Data

Table 4.23

Gender-Wise Comparison in Perceptions of Financial Analytics Tools in Trading

Decisions (Mean Ranks)

Variable Female Male
Stock analytics tools improved filtering 195.1 216.66
Al analytics improved stock selection accuracy 176.33 224.17
Automation reduced stock analysis time 209.94 210.72
Analytics improved portfolio performance 161.72 230.01
Al boosted confidence in investing 205.83 212.37
Analytics helped match goals 173.4 225.34
Data from platforms shaped choices 207.08 211.87
Analytics helped manage risk 156.72 232.01
Usability/interface influenced decisions 204.14 213.04
Al shifted preference to automation 181.06 222.28
Combined Financial Analytics Impact 150.45 234.52

Source: Primary Data

Table 4.22 presents the Mann-Whitney U test results, comparing how males and
females respond to financial analytics tools in investment. The variable Al analytics

improved stock selection accuracy, as indicated by a U value of 22100.0 and a p-value

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors

220



Analysis of Technology Adoption and Investment Behaviour

of 0.0001. This indicates a statistically significant difference between genders. Male
investors show a higher mean rank of 224.17 compared to the female mean rank of
176.33, as shown in Table 2.23. This suggests that male participants believe Al
analytics are more helpful in selecting the right stocks. Similarly, the variable
Analytics improved portfolio performance has a p-value of 0.0 and a high effect size
of 0.254. Male investors again have a higher mean rank of 230.01 against the female
rank of 161.72. This indicates that males are more strongly inclined to agree that
analytics improve the performance of their portfolio. Another substantial difference is
seen in the variable Analytics, which helped match goals with a p-value of 0.0. Males
report stronger agreement in this area, too. In contrast, variables such as automation
reduce stock analysis time. Data from platforms that shape choices do not show
substantial gender differences, as their p-values are greater than 0.05. Examining the
variable Analytics, which helped manage risk, the p-value is 0.0, and the effect size is
0.28. This is a statistically significant finding, indicating that males have a stronger
belief in the role of analytics in managing investment risks. Mean rank for males is
232.01, while for females it is 156.72. The variable Al, which shifted preference to
automation, also has a p-value of 0.001 and an effect size of 0.153. Mean ranks again
show that males tend to lean more toward automation due to Al tools. Female rank is
181.06, and male rank is 222.28. The variable "Usability or interface influenced
decisions" does not show a substantial difference, with a p-value of 0.4639 and a low
effect size. This indicates that both genders share a similar opinion about the usability
of financial tools. Overall, most variables suggest that males find analytics and Al

tools more helpful in making investment decisions.

The variable Stock analytics tools improved filtering shows a p-value of 0.0768,
which is slightly above 0.05. So, it is not statistically significant, but still close to
significance. The male mean rank is higher again, at 216.66, than the female's at 195.1.
The variable Al boosted confidence in investing has a p-value of 0.5998, indicating
no significant gender difference. The difference in ranks is slight. Data from platforms
shaped choices is also not significant. Variables that are not significant show similar

responses by males and females. However, significant variables, such as Al analytics,
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improved stock selection accuracy, Analytics improved portfolio performance,
Analytics helped match goals, and Analytics helped manage risk, show that financial
analytics tools have a more significant influence on males in investment decisions.

The patterns suggest that male investors rely more on tech-based analytics.

Hypothesis testing for H9 used the combined variable of Financial Analytics Impact.
Table 4.22 reports a p-value of 0.0 and a U value of 25206.5 for this variable. This
indicates that the overall perception of financial analytics in decision-making differs
significantly between male and female investors. The effect size is 0.31, which is a
moderate to strong effect. Table 4.23 supports this with a mean rank of 234.52 for
males and 150.45 for females. Male investors rate the impact of financial analytics
much higher than female investors. Therefore, the result supports the alternative
hypothesis H9. There is a significant difference in investment decision-making
between male and female investors, particularly in terms of the use of financial

analytics tools.

4.16 Education-wise Impact of Technological Advancements in Financial

Analytics on Investment Decision-Making

To investigate the impact of educational qualification on investment decision-making
in response to technological advancements in the field of financial analytics, this study
will test the following hypothesis. The effect of educational qualification on the
decision-making process in investment, due to changes in technology in financial
analysis, has been effectively tested using the Kruskal-Wallis H Test, as shown in
Table 4.24.

H10: There is a significant difference in investment decision-making due to financial

analytics tools among investors with different levels of education.

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors
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Table 4.24

Kruskal-Wallis H Test for Education-wise Impact of Technological Advancements in

Financial Analytics on Investment Decision-Making

Variable Hoodar P Eff‘zf]';fize
Stock analytics tools improved filtering 6.874 4 0.1427 0.016
aACICUfgls;ytics improved stock selection 2306 4 0.676 0.006
Automation reduced stock analysis time 24.039 4 0.0001 0.057
Analytics improved portfolio performance  5.697 4  0.2229 0.014
Al boosted confidence in investing 15.187 4 0.0043 0.036
Analytics helped match goals 3.682 4 0.4507 0.009
Data from platforms shaped choices 6.763 4 0.1489 0.016
Analytics helped manage risk 5400 4 0.2478 0.013
Usability/interface influenced decisions 1098 4 0.0268 0.026
Al shifted preference to automation 6.407 4 0.1708 0.015
Combined Financial Analytics Impact 2861 4 0.0 0.06

Source: Primary Data

Table 4.25

Educational Qualification—Wise Differences in Perceptions of Financial Analytics

Tools in Investment Decision (Mean Ranks)

) Plus Two/ Post Professional

Variable SSLC Diploma Degree Graduate Degree
Stock analytics tools 17 15 23103 19727 209.44 235.57
improved filtering
Al analytics improved
stock selection 183.88 230.16 200.98 212.03 216.26
accuracy
Automation reduced ¢\ o5 o934 13954 208.08 261.9
stock analysis time
Analytics improved 191.5 22692 19157 216.68 222.12

portfolio performance

223



Chapter IV

‘ Plus Two/ Post Professional
Variable SSLC - piploma P Graduate  Degree

.AI.boost.ed confidence 108.25 218.3 195.67 205.38 252.18

1n 1vesting

Analytics helped 278.62 23745 20643 20545 214.87

match goals

Data from platforms 27775 197.5 201.2 207.21 237.5

shaped choices

Analytics helped 187.0 23416  193.05 215.24 220.2

manage risk

Usablllty/lnterfage 67.25 205.80 20547  207.48 237.16

influenced decisions

Al shifted Preference 2105 22703 190.27 215.12 227.32

to automation

Combined Financial 154.5 226.88 177.13  208.81 269.97

Analytics Impact

Source: Primary Data

Table 4.24 presents the Kruskal-Wallis H Test for education-wise comparison of
responses related to the impact of financial analytics tools on investment decision
making. The variable Stock analytics tools improved filtering shows a chi-square
value of 6.874 and a p-value of 0.1427. It does not show a significant difference
between education groups. The mean rank in Table 4.25 for this variable is highest
among respondents with a professional degree and a Plus Two diploma. Al analytics
improved stock selection accuracy, with a p-value of 0.676, which is also not
significant. The highest rank for this variable is for the Plus Two diploma group.
Automation reduced stock analysis time, showing a strong significance with a p-value
of 0.0001 and a chi-square value of 24.039. The professional degree group has the
highest rank, while the SSLC group has the lowest rank. This shows that investors
with professional qualifications use automation to reduce their analysis time more

than those with a school-level education.

Analytics improved portfolio performance has a p-value of 0.2229, which is not
significant. The highest mean rank for this variable is seen among the professional
degree group. Al boosted confidence in investing shows a significant p-value of

0.0043 and a chi-square of 15.187. This variable received the highest rank among

Impact of Technological Innovations on the Investment Behaviour of
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professional degree holders, suggesting that this group feels more confident due to Al
features in analytics tools. Analytics helped match goals, which does not show a
significant difference with a p-value of 0.4507. However, its mean rank is highest for
the SSLC group, which is unusual and may indicate other factors affecting their
responses. Data from platforms shaped choices have no significant difference between
groups with a p value of 0.1489, but the SSLC group shows the highest rank, which

again may reflect reliance on platform data by those with lower education.

The impact of analytics on risk management is also not significant, with a p-value of
0.2478. However, Plus Two diploma holders have the highest mean rank. The usability
interface influenced decisions, showing a significant p-value of 0.0268. The
professional degree group has the highest mean rank, and the SSLC group has the
lowest. This shows that better-educated investors are more responsive to usability
features in analytics tools. Al shifted preference to automation is not significant, with
a p-value of 0.1708, but Plus Two and Professional degree holders scored the highest.

It may reflect their familiarity and confidence in tech-based investment tools.

The final combined variable, Combined Financial Analytics Impact, has a p-value of
0.0 and a chi-square of 28.61, which is highly significant. The professional degree
group has the highest mean rank at 269.97, followed by the Plus Two diploma at
226.88. The lowest rank is with the SSLC group at 154.5. This indicates that the
perceived impact of financial analytics tools on investment decision-making is
significantly different among groups with different educational qualifications.
Therefore, based on the combined variable, the study tested the hypothesis H10, which
stated that there is a significant difference in investment decision-making due to
financial analytics tools among investors with different levels of education. The result

supports this hypothesis since the difference is statistically significant.

4.17 Impact of Technological Advancements in Financial Analytics on

Investment Decision-Making Based on Age

To investigate the impact of age on investment decisions in the context of a
technological shift in financial analytics, the following hypothesis will be tested. The

influence of age on the investment decision-making process, due to technological
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changes in financial analysis, has been adequately tested using the Kruskal-Wallis H

Test, as shown in Table 4.26.

H11. There is a significant difference in investment decision-making among investors

of different age groups, due to the use of financial analytics tools.
Table 4.26

Kruskal-Wallis H Test for Age Group—Wise Impact of Technological Advancements in

Financial Analytics on Investment Decision-Making

Variable H df p-value Effect281ze
M

S‘tocl.< analytics tools improved 7914 4 0.1245 0.017
filtering
Al anglytlcs improved stock 3.862 4 0.4248 0.009
selection accuracy
Automatlon reduced stock analysis 18.742 4 0.0009 0.044
time
Analytics improved portfolio 6214 4 0.1832 0015
performance
Al boosted confidence in investing ~ 14.128 4 0.0069 0.033
Analytics helped match goals 4.325 4 0.3642 0.010
Datfa from platforms shaped 8156 4 0.0859 0.019
choices
Analytics helped manage risk 5.412 4 0.2465 0.013
Usqb%llty/lnterface influenced 12.678 4 0.0129 0.029
decisions
Al sh1fte;d preference to 9583 4 0.0478 0.022
automation
Combined Financial Analytics 75438 4 0.0000 0.060

Impact

Source: Primary Data
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Table 4.27

Age Group—Wise Differences in Perceptions of Financial Analytics Tools in

Investment Decision (Mean Ranks)

Above

Variable 18-25 26-35 36-45 46-55 55

Stock analytics tools improved

S 245.68 228.34 202.45 190.27 176.45
filtering

Al analytics improved stock

. 240.12 225.18 200.76 194.56 180.33
selection accuracy

Automation reduced stock analysis

. 262.34 250.27 196.48 182.56 170.45
time

Analytics improved portfolio 23802 22645 204.68 192.17 180.29

performance
Al boosted confidence in investing 255.43 240.12 198.27 184.68 172.36
Analytics helped match goals 234.18 229.45 202.17 196.38 182.14

Data from platforms shaped 248.12 23625 20034 190.18 178.23

choices

Analytics helped manage risk 241.67 22892 202.17 19432 180.15
Usability/interface influenced 25845 242.16 19874 182.45 171.23
decisions

Al shifted preference to

. 250.16 238.45 200.45 188.24 174.38
automation

Combined Financial Analytics

260.84 24472 19548 182.12 170.65
Impact

Source: Primary Data

The Kruskal-Wallis H test results indicate statistically significant differences in
certain aspects of financial analytics tools across different age groups of investors.
Specifically, automation reduces stock analysis time, showing a significant difference
(H=18.742, p = 0.0009, n2 = 0.044), with the 18-25 age group recording the highest
mean rank (262.34) compared to the group above 55 (170.45). Al boosting confidence
in investing is also significant (H = 14.128, p = 0.0069, n? = 0.033), with younger
investors (18-25 mean rank = 255.43) reporting higher confidence than the oldest age
group (mean rank = 172.36).
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Similarly, usability/interface influencing decisions (H = 12.678, p = 0.0129, n? =
0.029) shows that younger investors (18-25, mean rank = 258.45) place more
emphasis on user-friendliness than older groups. The shift in preference towards
automation by Al is also significant (H = 9.583, p = 0.0478, n? = 0.022), with the
highest mean rank in the 18-25 age group (M = 250.16). The combined financial
analytics impact score shows the most considerable difference (H = 25.438, p =
0.0000, n2 = 0.060), again with the 18-25 group (mean rank = 260.84) rating these
tools much higher than the above 55 group (mean rank = 170.65).

Other variables, such as stock analytics tools improving filtering (p = 0.1245), Al
analytics improved stock selection accuracy (p=0.4248), Analytics improved portfolio
performance(p=0.1832), Analytics helped match goals(p=0.3642) and analytics
helped manage risk (p = 0.2465), do not show statistically significant differences,
indicating that these perceptions are relatively consistent across age groups. Overall,
the statistical results confirm that younger investors place significantly greater
importance on automation, confidence-building with Al, and usability, while older

investors exhibit lower engagement with these tools.

4.18 Impact of Mobile Trading Apps of Discount Brokers on the Stock Trading

Behaviour of Investors

The descriptive statistics have been utilised to explore the effects of mobile trading
applications of discount brokers on the stock trading behaviour of investors. The

hypothesis is tested using the Mann-Whitney U and Kruskal-Wallis H tests.

Table 4.28

Descriptive Statistics - the impact of mobile trading apps on the stock trading

behaviour of investors.

Variable Mean Median Mode ggl] Min Max

Mobile apps impacted trading

3.51 4.0 4.0 0.98 1 5
frequency

Lower brokerage fees influence

trading activity 3.95 4.0 4.0 0.92 1 5

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors
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Variable Mean Median Mode S:i Min Max
Real-time info from apps 343 30 30 092 1 5
influenced decisions
Convemence. of apps influenced 3.66 40 40 0.99 1 5
platform choice
Apps improved stock trading 364 40 40 085 1 5
accessibility
Apps encourage self-directed 379 40 40 0.87 1 5
mvesting
User—fnendly interfaces enhanced 406 40 40 0.79 1 5
experience
Secgnty concerns influence 3.92 40 40 1.06 1 5
trading confidence
Apps influenced risk-taking 3 46 35 40 0.85 1 5
willingness
Apps helped track/manage 397 40 40 089 1 5
investments
Apps improved investment 36 40 40 0.98 1 5
knowledge
Apps influenced IPO participation  3.38 3.0 4.0 0.99 1 5
Margin trading via apps affected 3 86 40 40 1.02 1 5
volume
Apps shaped perception of 388 40 40 10 1 5
trading's future
Combined Mobile App Impact 3.72 3.79 378 047 10 50

Source: Primary Data

Table 4.28 shows the descriptive statistics on the impact of mobile trading apps of

discount brokers on the stock trading behaviour of investors. The statement Mobile

apps impacted trading frequency recorded a mean of 3.51 and a standard deviation of

0.98, indicating moderate agreement among respondents that mobile apps affect how

often they trade. The median and mode both being 4 suggest that most respondents

agreed with the statement. The statement "Lower brokerage fees influence trading

activity" scored a higher mean of 3.95, indicating that investors perceive low

brokerage charges as a strong motivator for more trading through apps. Real-time

information from apps influenced decisions, with a lower mean of 3.43, a median of
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3, and a mode of 3. This indicates that respondents held mixed views on whether real-

time data in apps aids their decision-making.

The statement "Convenience of apps influenced platform choice" had a mean of 3.66
and a standard deviation of 0.99, indicating that most investors consider app
convenience a crucial factor when selecting a trading platform. Apps that improved
stock trading accessibility had a mean of 3.64 and a mode of 4, indicating that many
users believe apps make stock trading more accessible. Apps encourage self-directed
investing, with a mean of 3.79 and a standard deviation of 0.87, indicating that
respondents tend to lean more toward managing their investments due to these
platforms. User-friendly interfaces that enhanced the experience had the highest mean
of 4.06 and the lowest standard deviation of 0.79, indicating that ease of use plays a
significant role in user satisfaction and trading engagement. Security concerns
influence trading confidence, with a mean of 3.92, indicating that while users are
generally confident, they still highly value security features. The statement "Apps
influenced risk-taking willingness" had a mean of 3.46 and a standard deviation of
0.85, indicating moderate opinions about whether apps make users take more risks.
Apps that helped track or manage investments had a higher mean of 3.97, indicating
a strong agreement that mobile platforms assist in monitoring and managing
portfolios. Apps that improved investment knowledge had a mean of 3.6, indicating
that users find them informative. The mean of 3.38 for Apps influenced IPO
participation is slightly lower, indicating that the impact of apps on new public
offering involvement is less significant compared to other factors. Margin trading via
apps affected the volume recorded, with a mean of 3.86, suggesting that many
respondents believe mobile apps encourage higher trade volumes through margin.
Lastly, the variable "Apps" shaped perception of trading's future, with a mean of 3.88,

indicating a positive attitude about the role of apps in future trading behaviour.

The final variable in Table 4.28, Combined Mobile App Impact, had a mean of 3.72
and a standard deviation of 0.47. This indicates a consistent and generally positive
view among respondents that mobile apps have a significant influence on various

aspects of stock trading. The median of 3.79 and the mode of 3.78 confirm that most

Impact of Technological Innovations on the Investment Behaviour of
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responses were above the neutral point, leaning towards agreement. Taken together,
the descriptive statistics suggest that mobile trading apps have made a noticeable
impact on how investors approach stock trading. These platforms are viewed as
valuable tools that aid in various areas, including trading frequency, cost savings,
information access, decision support, and self-reliance. The variation in standard
deviation across items also points out that some features of mobile trading are more
consistently valued than others. For example, features such as user interface and
tracking functions have a stronger consensus than aspects like risk-taking or IPO

engagement.

In this context, the interpretation of data in Table 4.28 reflects that mobile trading apps
are not just technical tools but are shaping investor behaviour in real ways. Investors
find them easy to use and trust them to make timely decisions and execute trades. The
mean scores indicate that the influence extends beyond a single aspect, encompassing
convenience, accessibility, cost-effectiveness, confidence building, and future
readiness. Although a few variables, such as real-time information or IPO
participation, had slightly lower scores, overall responses indicate a strong acceptance

and perceived usefulness of trading apps in the stock market environment.

4.19 Gender-wise the Impact of Mobile Trading Apps of Discount Brokers on

the Stock Trading Behaviour of Investors

To determine the influence of gender on stock trading behaviour as a result of mobile
trading applications, the following hypothesis is made. The Mann-Whitney U Test has
been used to examine the effect of gender on stock trading behaviour, particularly with

the advent of mobile trading apps, as shown in Table 4.29.

H 12: There is a significant difference in stock trading behaviour influenced by mobile

trading apps between male and female investors.
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Table 4.29

Mann-Whitney U Test for gender-wise the impact of mobile trading apps on the

stock trading behaviour of investors.

i Effect
Variable U p Size
value
(r)

Mobile apps impacted trading frequency 20335.5 2.078 0.0291 0.101
LOWE}I‘ brokerage fees influence trading 219365 3503 0.0002 0.171
activity
Rea.l—‘tlme info from apps influenced 17324.0 - 05258 0029
decisions 0.602
Coqvemence of apps influenced platform 927050 4.187 0.0 0204
choice
Apps improved stock trading accessibility 19596.5 1.421 0.1292 0.069
Apps encourage self-directed investing 23144.0 4.577 0.0 0.223
User—fnendly interfaces enhanced 181765 0.157 08651 0.008
experience
Secupty concerns influence trading 22175.0 3715 00001 0.181
confidence
Apps influenced risk-taking willingness 20885.0 2.567 0.0058 0.125
Apps helped track/manage investments 22534.5 4.035 0.0 0.197
Apps improved investment knowledge 18497.0 0.442 0.6427 0.022
Apps influenced IPO participation 21296.0 2.933 0.0021 0.143
Margin trading via apps affected volume 18459.0 0.408 0.668 0.02
Apps shaped perception of trading's future 22349.0 3.87 0.0 0.189
Combined Mobile App Impact 25580.0 6.74 0.0 0.32

Source: Primary Data
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Table 4.30

Gender-Based Differences in Perceptions of Mobile App Features on Trading
Behaviour (Mean Ranks)

Variable Female Male
Mobile apps impacted trading frequency 191.04 218.28
Lower brokerage fees influenced trading activity 177.7 223.62
Real-time info from apps influenced decisions 216.13 208.25
Convenience of apps influenced platform choice 171.29 226.18
Apps improved stock trading accessibility 197.2 215.82
Apps encouraged self-directed investing 167.63 227.65
User-friendly interfaces enhanced experience 209.03 211.09
Security concerns influenced trading confidence 175.71 224.42
Apps influenced risk-taking willingness 186.46 220.12
Apps helped track/manage investments 172.71 225.62
Apps improved investment knowledge 206.36 212.16
Apps influenced IPO participation 183.03 221.49
Margin trading via apps affected volume 206.68 212.03
Apps shaped perception of trading's future 174.26 225.0
Combined Mobile App Impact 147.33 235.77

Source: Primary Data

Table 4.30 shows the Mann-Whitney U Test results for gender-wise differences in
stock trading behaviour due to mobile trading apps. The variable "Mobile apps
impacted trading frequency" had a U value of 20335.5 with a Z score of 2.078 and a
p-value of 0.0291. The effect size (r) was 0.101, indicating a small effect. The mean
ranks from Table 4.30 indicate that females had a rank of 191.04, while males had a
rank of 218.28. This shows that male investors generally agreed that mobile apps
increased their trading frequency. The variable "Lower brokerage fees influenced
trading activity" had a U value of 21936.5 with a significant p-value of 0.0002 and an
effect size of 0.171. The mean ranks also support this, with the male mean rank
223.62,higher than the female rank 177.7. The variable "Convenience of apps

influenced platform choice" had a significant Z score of 4.187 and an effect size of
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0.204. Male investors again ranked higher, at 226.18, than female investors, at 171.29.
These results indicate that mobile apps have a greater impact on male investors in

several key areas.

According to Table 4.29, the variable Apps encouraged self-directed investing had a
strongly significant result. The U value was 23,144.0 with a Z value of 4.577 and a p-
value of 0.0000. The effect size r was 0.223. This suggests that gender played a role
in the extent to which mobile apps encouraged self-investing. In Table 4.30, female
investors had a lower mean rank of 167.63, whereas male investors had a higher mean
rank of 227.65. This confirms that male investors are more likely to feel that apps help
them invest independently. The variable Apps helped track and manage investments,
also showed strong significance with a p-value of 0.0000 and an effect size of 0.197.
Male rank was 225.62, and female was 172.71. This means males use apps more to
manage portfolios. Another variable, Apps, influenced the perception of trading
futures, with a p-value of 0.0000 and an effect size of 0.189. Males again had a much
higher rank of 225.0 than females, 174.26. This indicates that male investors are more

convinced than others that mobile apps will shape the future of trading.

Table 4.29 also shows some variables that did not have a significant difference
between genders. The variable "Real-time info from apps influenced decisions" had a
p-value of 0.5258, a Z-value of -0.602, and a small effect size of 0.029. The mean
ranks in Table 4.30 were close, with females at 216.13 and males at 208.25. This
suggests that both genders consider real-time data from apps almost equally when
making trading decisions. Another variable, User-friendly interfaces enhanced
experience, had a p-value of 0.8651 and a negligible effect size of 0.008. This implies
both groups had similar experiences using apps. Other variables, like Apps improved
investment knowledge and Margin trading via apps, affected volume, and also did not
show substantial differences. This means both male and female investors feel similarly

about these functions.

The last row of Table 4.29 shows the test result for the Combined Mobile App Impact.
The U-value was 25,580.0, and the Z-score was 6.74. The p-value was 0.0000, and

the effect size was 0.32, indicating a moderate effect. The mean ranks in Table

Impact of Technological Innovations on the Investment Behaviour of
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4.30were 147.33 for females and 235.77 for males. These results confirm that male
investors, overall, reported a greater influence of mobile trading apps on their trading
behaviour than female investors. Based on this, the study tested H12 that there is a
significant difference in stock trading behaviour influenced by mobile trading apps
between male and female investors. Since the combined variable showed significance,
this hypothesis is accepted. This means there is a difference in how mobile trading

apps affect investor behaviour according to gender.

4.20 Education-wise Impact of Mobile Trading Apps on the Stock Trading

Behaviour of Investors

This research used the following hypothesis to determine the effect of education on
stock trading behaviour resulting from the use of mobile trading applications. The
impact of education on the behaviour of stock trading, as a result of mobile trading

apps, has been tested using the Kruskal-Wallis H Test, as reflected in Table 4.31.

H 13: There is a significant difference in stock trading behaviour due to mobile trading

apps among investors with different levels of education.
Table 4.31

Kruskal-Wallis H Test for education-wise the impact of mobile trading apps on the

stock trading behaviour of investors.

Variable H df p- Effect Size
value Mm?
Mobile apps impacted trading frequency 10.698 4 0.0302 0.026

Lower brokerage fees influenced trading

. 8.168 4 0.0856 0.019
activity

Real-time info from apps influenced

. 11.085 4 0.0256 0.026
decisions

Convenience of apps influenced platform 12987 4 00113 0.031

choice
Apps improved stock trading accessibility ~ 8.224 4 0.0837 0.02
Apps encouraged self-directed investing 2.887 4 0.577 0.007
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Variable H df :5;16 Effe(;tz)s ize
gxs;;iféine;dly interfaces enhanced 18442 4 0001 0.044
Sgﬁ;ﬁg s;)ncerns influenced trading 5588 4 02321 0.013
Apps influenced risk-taking willingness 24.171 4 0.0001 0.058
Apps helped track/manage investments 3216 4 0.5223 0.008
Apps improved investment knowledge 9.2906 4 0.0541 0.022
Apps influenced IPO participation 9.56 4 0.0485 0.023
Margin trading via apps affected volume 7.114 4 0.13 0.017
Apps shaped perception of trading's future ~ 7.023 4 0.1347 0.017
Combined Mobile App Impact 29.10 4 0.0 0.06

Source: Primary Data

Table 4.32

Educational Qualification-wise Differences in Perceived Impact of Mobile Trading

Applications on Investment Behaviour (Mean Ranks)

. Plus Two/ Post Professional
Variable SSLC Diploma Degree Graduate Degree

Mobile apps impacted

i 203.5 211.22 199.95  202.17 250.6
trading frequency

Lower brokerage fees
influenced trading 281.25 257.45 201.88  205.23 214.5
activity

Real-time info from
apps influenced 99.88 196.09 198.65 211.2 242.33
decisions

Convenience of apps
influenced platform 136.62 258.94 19294 207.18 232.77
choice

Apps improved stock

. - 185.5 218.41 208.8  198.31 242.55
trading accessibility

Apps encouraged self-

. . . 234.88 214.03 199.16  211.1 226.2
directed investing

Impact of Technological Innovations on the Investment Behaviour of
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. Plus Two/ Post Professional
Variable SSLC Diploma Degree Graduate Degree

User-friendly interfaces

. 50.5 22291 222.59 193.15 236.72
enhanced experience

Security concerns
influenced trading 206.0 242.89 200.8 204.8 228.16
confidence

Apps influenced risk-

: 1 71.75 197.77 204.46  199.38 263.04
taking willingness

Apps helped
track/manage 246.25 229.03 198.38  211.25 21991
investments

Apps improved
investment knowledge

Apps influenced IPO
participation

168.5 199.83 203.98  203.32 247.51

232.12 239.59 197.82  223.71 185.15

Margin trading via

140.0 208.94 205.21 2043 240.37
apps affected volume

Apps shaped
perception of trading's ~ 200.25 253.08 197.37  207.44 223.31
future

Combined Mobile App

124.62 243.72 183.15  202.37 269.91
Impact

Source: Primary Data

Table 4.31 shows the Kruskal-Wallis H Test results, which analysed how mobile app-
based stock trading behaviour varied across education levels. The variable "Mobile
apps" impacted trading frequency, with a H value of 10.698 and a p-value of 0.0302,
which is statistically significant. The mean rank for this statement is highest for
participants with a Professional Degree at 250.6, followed by SSLC at 203.5. This
implies that both more educated and less educated participants report a stronger
agreement about the impact of apps on trading frequency. Participants with Plus Two
or Diploma also show a moderately high rank of 211.22. This difference suggests that
the frequency of trading, facilitated by mobile app availability, is not uniformly

experienced across all educational levels.
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The variable Real-time info from apps influenced decisions showed a significant
result with a p-value of 0.0256. Participants holding Professional Degrees had the
highest mean rank of 242.33, followed by Postgraduates at 211.2, while SSLC
respondents had a very low rank of 99.88. This indicates that individuals with higher
qualifications utilise real-time information in a more actionable manner. Likewise, the
Convenience of apps influenced platform choice, showing an H value of 12.987 and
a p-value of 0.0113. Participants with Plus Two or Diploma scored the highest mean
rank of 258.94, indicating a substantial impact on their platform decisions.
Participants with Professional Degrees also scored high. This implies that different
education groups experience convenience differently when it comes to choosing

trading platforms.

Another significant variable was the user-friendly interface, which enhanced the
experience, with a substantial H value of 18.442 and a very low p-value of 0.001.
Participants with a Professional Degree and Plus Two had high mean ranks of 236.72
and 222.91, respectively. Interestingly, the SSLC group had the lowest rank at 50.5,
indicating that participants with less education may not find the interfaces as helpful
or use the apps frequently enough to evaluate interface quality. Another significant
variable was Apps, which influenced willingness to take risks, with a substantial H
value of 24.171 and a p-value of 0.0001. The highest mean rank was for Professional
Degree participants at 263.04, followed by Degree holders. SSLC group ranked the
lowest at 71.75. This suggests that more educated investors are encouraged to take on

more risks by apps, possibly due to their use of advanced features.

For hypothesis testing of H13, which states that there is a significant difference in
stock trading behaviour due to mobile trading apps among investors with different
levels of education, the Combined Mobile App Impact variable is considered. The
Kruskal-Wallis H Test shows that this combined score had an H value of 29.10 with a
p-value of 0.000, indicating statistical significance. The mean ranks indicate that the
highest impact is observed in Professional Degree holders, at 269.91, followed by Plus
Two or Diploma holders, at 243.72. SSLC respondents showed the lowest mean rank
of 124.62. This confirms that the study found statistically significant differences in
mobile trading behaviour across education levels. Hence, hypothesis H13 is supported

by the results from the combined impact score in Tables 4.31 and 4.32.
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4.21 Age-wise Impact of Mobile Trading Apps on Stock Trading Behaviour of

Investors

The following hypothesis will be tested to determine the effects of age on stock trading
behaviour as a result of mobile trading apps. The impact of age on stock trading
behaviour due to the influence of mobile trading apps has been well tested by the

Kruskal-Wallis H test, as reflected in Table 4.33.

H 14: There is a significant difference in stock trading behaviour due to mobile trading

apps among investors with different age groups

Table 4.33

Kruskal-Wallis H Test for Age-wise Impact of Mobile Trading Apps on Stock Trading

Behaviour of Investors

Variable H df p-value Sliizl;fe&;g)
Mobile apps impacted trading frequency 12.842 4 0.0121  0.029
Lower brokerage fees influenced trading activity 7.412 4 0.1155  0.017
Real-time info from apps influenced decisions 14206 4 0.0067  0.032
Convenience of apps influenced platform choice 15.977 4  0.003 0.037
Apps improved stock trading accessibility 9.652 4 0.0469 0.022
Apps encouraged self-directed investing 3501 4 0477 0.008
User-friendly interfaces enhanced experience 21.544 4 0.0002  0.050
Security concerns influenced trading confidence 5.901 4  0.207 0.014
Apps influenced risk-taking willingness 18.337 4 0.0011  0.043
Apps helped track/manage investments 4822 4 0.306 0.011
Apps improved investment knowledge 11.207 4 0.0244  0.026
Apps influenced IPO participation 8926 4 0.0627 0.021
Margin trading via apps affected volume 6.701 4 0.152 0.016
Apps shaped perception of trading's future 10.784 4 0.0286  0.025
Combined Mobile App Impact 2794 4 0.0000 0.065

Source: Primary Data
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Table 4.34

Age Group—Wise Differences in Perceived Impact of Mobile Trading Applications on
Stock Trading Behaviour (Mean Ranks)

18— 26— 36— 46—  Above

Variable 25 35 45 55 55

Mobile apps impacted trading

256.3 2325 1984 187.6 172.1
frequency

Lower brokerage fees influenced

: . 2489 2404 200.7 1905 176.3
trading activity

Real-time info from apps influenced

.. 261.7 235.8 1975 1839 176.6
decisions

Convenience of apps influenced

platform choice 2554 238.6 2024 18577 170.8

Apps improved stock trading

2435 2369 201.8 188.6  180.2
accessibility

Apps encouraged self-directed

. ) 230.6 2254 2003 1958 182.1
mvesting

User-friendly interfaces enhanced the

. 268.8 2403 200.6 184.5 1699
experience

Security concerns influenced trading

) 2322 229.5 198.2 192.8 180.3
confidence

Apps influenced risk-taking

i 263.4 241.77 199.9 1823 1725
willingness

Apps helped track/manage

. 229.6 227.8 2004 1915 1853
investments

Apps improved investment
knowledge

Apps influenced IPO participation 246.9 2322 197.6 1864 176.9

251.2 2341 20277 190.6 179.2

Margin trading via apps affected

240.8 2299 1984 190.1 183.7
volume

Apps shaped perception of trading's
future

Combined Mobile App Impact 265.2 239.1 198.7 1843  169.8

Source: Primary Data

249.6 2334 199.8 1889 1785
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The Kruskal-Wallis H test was conducted to examine whether age groups differ
significantly in their stock trading behaviour influenced by mobile trading
applications. The results reveal that several behavioural aspects showed statistically

significant differences among age groups.

Specifically, mobile apps impacting trading frequency (H = 12.842, p = 0.0121, n2 =
0.029) and real-time information influencing decisions (H = 14.206, p = 0.0067, n? =
0.032) indicated moderate differences across age groups. Similarly, convenience of
apps influencing platform choice (H = 15.977, p = 0.003, n? = 0.037), stock trading
accessibility improvement (H = 9.652, p = 0.0469, n? = 0.022), and user-friendly
interfaces enhancing experience (H = 21.544, p = 0.0002, n? = 0.050) also showed
notable differences, suggesting that ease of use and accessibility factors appeal

differently to investors of varying ages.

Moreover, risk-taking willingness was influenced by apps (H=18.337, p=0.0011, n?
=0.043), improvement in investment knowledge (H = 11.207, p = 0.0244, 12 = 0.026),
and perception of trading’s future shaped by apps (H =10.784, p =0.0286, 12 =0.025),
also varied significantly between age groups. The combined mobile app impact score
was highly significant (H = 27.94, p < 0.001, n2 = 0.065), indicating that, overall, age
plays a vital role in how mobile trading apps influence stock trading behaviour.
Variables such as lower brokerage fees, encouragement of self-directed investing,
security concerns, and the ability to help track/manage investments, as well as margin
trading volume, did not exhibit statistically significant differences (p > 0.05),
indicating that these aspects of mobile app usage may be perceived similarly across

all age groups.

The mean rank scores provide further insights into how different age groups perceive
the impact of mobile trading apps. Across almost all significant variables, the 18-25
age group consistently reported the highest mean ranks, indicating that younger
investors are more strongly influenced by mobile app features such as trading
frequency, real-time decision-making, convenience, user-friendly interfaces, and risk-
taking willingness. The 26-35 group generally held the second-highest ranks,

suggesting that early-career professionals also exhibit strong adoption and
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responsiveness to mobile app functionalities, albeit slightly less so than the youngest

age group.

Middle-aged groups (36—45 and 46-55) tended to have moderate mean ranks,
reflecting balanced but less intense influence from app-based trading features. The
above-55 age group consistently scored the lowest mean ranks across most variables,
suggesting lower dependency on mobile apps for trading decisions, possibly due to
lower technological adoption or a preference for traditional trading methods. The
combined mobile app impact mean ranks were highest for the 18-25 age group (265.2)
and lowest for Those Above 55 (169.8), reinforcing the pattern that younger investors

derive greater influence from mobile trading apps compared to older age groups.
4.22 Conclusion

Technical advancements have been a significant driver of investor behaviour, with the
most influential tools being algorithmic trading, advanced screeners, UPI systems,
and mobile apps, which have positively impacted aspects such as convenience,
decision-making, and trading frequency. Despite this, features such as smart routing,
auto-rebalancing, and Al forecasting achieved a low score, possibly due to lower
awareness and lower usage levels. The results support the fact that digital innovations
become an inseparable part of everyday investment processes, defining how retail
investors trade, manage risk, and make financial decisions. The findings have
indicated that social trading platforms and real-time news significantly impact
investor behaviour by increasing confidence, effective decision-making, and trading
responsiveness. Real-time news and social media improve the trader's confidence and
decision-making. Although most respondents have confidence in analytics that bring
understanding and control, there is still caution regarding Al-driven confidence and
automation, resulting in a mixed outcome. Generally, the evidence suggests that users
place greater importance on transparent, user-friendly tools compared to fully
automated ones. Mobile trading apps have considerably changed the way investors
think and act by making trading convenient, affordable, and self-managed. The most
agreement was given to features such as user-friendly interfaces, portfolio tracking,
and security, whereas IPO participation and real-time information had a relatively low

impact.

Impact of Technological Innovations on the Investment Behaviour of
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5.1 Introduction

The purpose of this chapter is to examine the relationships among constructs identified
in the conceptual framework and to evaluate the hypotheses developed based on the
extended Technology Acceptance Model. The analysis includes descriptive statistics,
reliability and validity testing, assessment of the measurement and structural models
using Partial Least Squares Structural Equation Modelling (PLS SEM), and evaluation
of direct, indirect, and total effects. The findings are interpreted in an applied manner
to support the research objectives, particularly in understanding how technological

advancements influence investment behaviour among stock market investors.

5.2 The Key Factors Influencing the Adoption of Technological Innovations and
Assessing Their Impact on Investment Behaviour Among Stock Market

Investors.

To explore the impact of technological innovations on stock market participation, it is
essential to investigate the concept of adopting technological innovations in relation
to investor behaviour. Hypotheses have been formulated to help structure the analysis
of how technological innovations may affect decision-making and trading patterns.
These hypotheses will act as the framework to justify the proposed research design

and draw relevant conclusions.

H15: Perceived usefulness has a significant positive impact on attitude toward

technology.

H16: Perceived ease of use has a significant positive impact on attitude toward

technology.
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HI17:

HI18:

H19:

H20:

H21:

H22:

H23:

H24:

H25:

H26:

H27:

Risk perception has a significant negative impact on attitude toward

technology.

Cost perception has a significant negative impact on attitude toward

technology.

Risk perception has a significant negative impact on behavioural intention.
Cost perception has a significant negative impact on behavioural intention.
Risk perception has a significant negative impact on actual use.

Cost perception has a significant negative impact on actual use.

Facilitating conditions have a significant positive impact on attitude towards

technology.
Facilitating conditions have a significant positive impact on actual use.

Attitude toward technology has a significant positive impact on behavioural

intention.
Behavioural intention has a significant positive impact on actual use.

Actual use has a significant positive impact on investment behaviour.

5.3 Constructs, Measurement Items and Code

The research utilises a series of well-formulated constructs and measurement items to

obtain the views and actions of investors concerning technological innovations in

stock trading. The specific items represent each construct and are coded to provide

clarity and ease of analysis. Table 5.1 presents these constructs, along with the

measurement items related to them, as well as the codes that will be used in the data

analysis.
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Factors Influencing the Adoption of Technology and its Impact on

Stock Market Investment Behaviour

Table 5.1

Constructs, Measurement Items and Code Used

Construct Measurement Item Code
Digital investment platforms enhance my investment
. . . PU1
decision-making process.
Al-driven analytics provide valuable insights for my PO
investment strategies.
Perceived Mobile trading applications facilitate efficient trading
Usefulness activities PU3
(PU) '
Robo-advisors assist in optimizing my investment
) PU4
portfolio.
Blockchain technology improves the security of my PUS
financial transactions.
Learning to operate digital investment platforms is
: PEOU1
straightforward.
Executing trades via mobile applications is user-friendly. PEQOU2
Perceived Al-based investment tools offer comprehensible
Ease of Use recommendations PEOU3
(PEOU) ’
Managing my portfolio with robo-advisors requires
jrasle My P 1 PEOU4
minimal effort.
Navigating fintech platforms is intuitive and simple. PEOUS
Investing through digital platforms carries significant RP1
risks.
I worry about potential security threats when using fintech RP2
solutions.
Risk
Perception  Automated trading increases the possibility of financial
RP3
(RP) losses.
I find Al-driven stock recommendations unreliable. RP4
I am concerned about the accuracy of robo-advisors in RS

volatile markets.
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Construct Measurement Item Code
Mobile trading apps reduce my overall trading costs. CP1
Al-powered investment tools offer cost-effective market CP2
insights.
Cost The subscription fees for advanced fintech tools are
. CP3
Perception  reasonable.
€P) The cost of using mobile trading apps is lower than that of
. CP4
traditional brokers.
Robo-advisors offer better value than human financial CP5
advisors.
I feel comfortable using Al-powered investment solutions. ~ ATT1
I am optimistic about the role of fintech in financial ATT?2
markets.
Attitude . .. . . .
Towards Usmg digital investment platforms is an enjoyable ATT3
experience.
Technology
(ATT) I believe fintech will dominate stock market investing in
ATT4
the future.
The convenience of technology makes me more willing to
. ATTS
mvest.
I have access to the necessary resources to use fintech-
. FCl1
based investment platforms.
I receive adequate support and training to use investment
FC2
technology tools.
Facilitating . . . . .
Conditions My financial service provider encourages the use of digital FC3
investment tools.
(FC)
I have a stable internet connection to access trading
FC4
platforms.
Government policies support the adoption of fintech in
. FC5
stock trading.
I'intend to continue using digital investment platforms. BI1
I plan to increase my use of Al-powered investment tools. BI2
Behavioural T will rely more on fintech solutions for investment BI3
Intention decisions.
(BD . . .
I am likely to recommend mobile trading apps to others. BI4
I prefer automated investment strategies over traditional BIS

ones.
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Construct Measurement Item Code
I frequently use mobile trading apps to buy and sell stocks. AUl
I rely on robo-advisors for portfolio recommendations. AU2
Actual I use Al-powered analytics before making investment AU3
decisions.
Use
(AU) I have transitioned from traditional brokers to discount
. AU4
brokers due to technological advancements.
I execute most of my trades using digital investment
AUS
platforms.
Technology-based investment platforms have increased IB1
my trading frequency.
Fintech tools have influenced my shift from short-term to B2
long-term investing.
Investrpent I take more calculated risks due to access to Al-powered
Behaviour analviics IB3
(IB) e
Social trading platforms have influenced my investment B4
decisions.
Mobile trading apps have made me more engaged in stock IB5
trading.
Figure 5.1

Conceptual Model Based on the Extended Technology Acceptance Model (TAM)
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The conceptual model in Figure 5.1 illustrates the extended Technology Acceptance
Model (TAM) framework, adapted for understanding the adoption of financial
technology tools and their impact on investment behaviour. The model includes core
constructs from TAM such as Perceived Usefulness (PU), Perceived Ease of Use
(PEOU), Attitude Toward Technology (ATT), and Behavioural Intention (BI), and it
extends the framework by integrating Risk Perception (RP), Cost Perception (CP),
Facilitating Conditions (FC), Actual Use (AU), and Investment Behaviour (IB). The
model has been tested using Partial Least Squares Structural Equation Modelling
(PLS-SEM), which is suitable for non-normal data and complex models with multiple
indicators and paths. Each construct is measured by multiple reflective items coded
accordingly (e.g., PU1-PUS5 for Perceived Usefulness), and all relationships are

hypothesised with directional arrows showing the flow of influence.

The model assumes that PU and PEOU influence users’ ATT toward financial
technology. ATT, along with RP and CP, affects the user’s intention to adopt (BI) and
directly affects actual use (AU) as well. FC plays a supporting role by influencing
both ATT and AU. RP and CP have a more complex role with direct negative impacts
hypothesised on ATT, BI, and AU, reflecting concerns about trust, cost, and perceived
risk with emerging tech platforms. Behavioural Intention leads to Actual Use, and
Actual Use leads to Investment Behaviour (IB), which captures how technology has
altered the way investors engage in trading, risk-taking, and platform usage. Finally,
education level is modelled as a control variable influencing AU, acknowledging the

potential impact of user background on technology adoption.
5.4 Construct reliability and validity

Table 5.2 presents the construct reliability and validity values obtained from the
measurement model. The analysis includes Cronbach’s alpha, Composite reliability

(rho A), composite reliability (rho C), and average variance extracted (AVE).
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Table 5.2

Construct reliability and validity Results

. . Average
\ Composite Composite .
Cronbach's o 1t o variance
Path reliability reliability

alpha (tho_a) (rho_c) extracted

- - (AVE)
ATT 0.886871 0.889734 0.916984 0.688517
AU 0.927258 0.939299 0.944752 0.773965
BI 0.893599 0.894413 0.921532 0.701415
CP 0.807738 0.814167 0.866528 0.565522
FC 0.771584 0.786161 0.841607 0.51585
IB 0.815327 0.820949 0.871414 0.576369
PEOU 0.809048 0.819036 0.86476 0.561494
PU 0.799898 0.843948 0.857699 0.549226

RP 0.908346 0.909404 0.931668 0.73171

As per the standard suggested by Hair et al. (2019), a Cronbach’s alpha value above
0.70 indicates acceptable internal consistency. In the table, all constructs exceed this
threshold. Actual Use (AU) shows the highest reliability with an alpha of 0.927,
followed by Risk Perception (RP) with 0.908, and Attitude Toward Technology (ATT)
with 0.886. Other constructs, such as Behavioural Intention (BI), Investment
Behaviour (IB), and Cost Perception (CP), also exhibit high internal consistency, with
values ranging from 0.81 to 0.89. Perceived Ease of Use (PEOU) and Perceived
Usefulness (PU) show alpha values of 0.80 and 0.79, respectively, which are within
the acceptable range. Facilitating Conditions (FC) has the lowest alpha value of 0.77,

but still meets the benchmark, suggesting the measurement items are consistent.

The composite reliability values (rho C) for all constructs are also higher than the
benchmark value of 0.70, recommended by Hair et al. (2019), indicating good
construct reliability. AU again scores the highest (0.944), followed closely by RP
(0.931) and ATT (0.916), confirming the strong reliability of these measures. rho A
values also follow the same trend and support the consistency of the constructs. The

AVE values for all constructs exceed 0.50, meeting the minimum threshold for
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convergent validity (Hair et al., 2019). This indicates that more than 50 percent of the
variance is explained by the constructs. AU has the highest AVE at 0.773, which
suggests the measurement items strongly represent the underlying construct. RP and
ATT also have AVEs of 0.731 and 0.688, respectively, which shows perfect
convergent validity. BI and IB report acceptable AVE values of 0.701 and 0.576. Other
constructs such as CP (0.565), PEOU (0.561), and PU (0.549) are also above the
benchmark. FC shows the lowest AVE of 0.515, but it is still within the acceptable
range. These values confirm that the model used in this study has adequate levels of
internal consistency and convergent validity for all constructs as per the guidelines by

Hair et al. (2019).
5.5 Discriminant Validity Using Heterotrait-Monotrait Ratio (HTMT)

Table 5.3 presents the HTMT values used to assess discriminant validity for the
constructs in the extended TAM framework, along with the investment behaviour

construct.

Table 5.3

Discriminant Validity Assessment Using Heterotrait-Monotrait Ratio (HTMT)

ATT AU BI CP FC 1B LE PEOU PU RP

ATT

AU 0.625757

BI  0.773446 0.744588

CP  0.554434 0.345957 0.340726

FC 0.579716 0.525463 0.647055 0.280837

IB  0.687197 0.804722 0.856017 0.303563 0.655907

LE 0.101923 0.083623 0.105858 0.075289 0.063355 0.122325

PEOU 0.67521 0.638195 0.806369 0.310393 0.805116 0.77205 0.10039

PU 0.594466 0.495558 0.504013 0.237083 0.430814 0.51986 0.089432 0.773048

RP 0.519254 0.368808 0.411457 0.59098 0.190111 0.358689 0.077375 0.213087 0.170299
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According to Hair et al. (2019), an HTMT value below 0.85 is considered acceptable
to confirm discriminant validity between two constructs. All the HTMT values in the
matrix fall below this threshold, which indicates that each construct in the study
measures something different and does not overlap significantly with the other
constructs. The HTMT value between Attitude Toward Technology (ATT) and
Behavioural Intention (BI) is 0.773, which is among the highest in the table but still
under the 0.85 limit. Similarly, the HTMT value between BI and Investment
Behaviour (IB) is 0.856, which is slightly above the threshold but still can be
considered acceptable in more lenient cases if the confidence intervals do not include
one. In general, the study maintains discriminant validity across all relationships. The
value between PU and PEOU is 0.773, suggesting that Perceived Usefulness and
Perceived Ease of Use are conceptually close, but the value still respects the standard
guideline. The relationship between PEOU and BI is also high at 0.806, but remains
below the upper boundary. Relationships such as ATT with RP (r = 0.519) and AU
with RP (r = 0.368) are distinct, exhibiting low HTMT values.

The lowest HTMT values are seen between the Level of Education (LE) and other
constructs. For example, the values between LE and PU are 0.089, and between LE
and IB are 0.122. These values are far below the 0.85 benchmark, indicating that the
demographic moderator is distinct from the conceptual constructs. Similarly,
Facilitating Conditions (FC) exhibits acceptable HTMT values in relation to other
constructs, with the highest relationship observed with BI at 0.647. Risk Perception
(RP) has a high HTMT value with Cost Perception (CP) at 0.590, which is logical
since both constructs may conceptually align in the context of technology adoption.
Still, the values are within acceptable limits. The HTMT values for IB and PEOU
(0.772) and IB and FC (0.655) are below the recommended threshold. These findings
support the establishment of discriminant validity among all the constructs in this
model. Therefore, the constructs used in this study are not redundant, and each one

contributes uniquely to the conceptual model as supported by Hair et al. (2019).
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5.6 Discriminant Validity Assessment Using Fornell-Larcker Criterion

Table 5.4 presents the Fornell-Larcker criterion results, which test discriminant

validity across the model constructs.

Table 5.4

Discriminant Validity Assessment Using Fornell-Larcker Criterion

ATT AU BI CP FC 1B LE PEOU PU RP

ATT 0.829769
AU 0.575639 0.879753
BI  0.692958 0.690125 0.837505
CP -0.46714 -0.31343 -0.29598 0.752012
FC 0.508748 0.468328 0.573341 -0.24518 0.718227
IB 0.587762 0.713136 0.735908 -0.25271 0.554412 0.759189
LE -0.09687 0.015557 -0.06343 0.046262 -0.01166 -0.06162 1
PEOU 0.595289 0.553145 0.703412 -0.26457 0.644794 0.637302 -0.02872 0.749329
PU 0.534865 0.435456 0.464125 -0.21245 0.370097 0.444139 -0.05674 0.66954 0.741098

RP -0.46915 -0.34582 -0.37512 0.508701 -0.15987 -0.3097 0.075277 -0.19225 -0.1265 0.855401

Table 5.4 presents the Fornell-Larcker criterion results, which test discriminant
validity across the model constructs. According to Hair et al. (2019), for adequate
discriminant validity, the square root of the average variance extracted (AVE) of each
construct, shown diagonally in the table, should be higher than the correlation values
in its row and column. The table shows that this condition is satisfied for all constructs.
For example, the square root of the AVE for Attitude Toward Technology (ATT) is
0.829, which is greater than its correlations with other constructs, such as Behavioural
Intention (BI) at 0.692 and Actual Use (AU) at 0.576. This indicates that ATT shares
more variance with its indicators than with other constructs. Similarly, the value for
Actual Use (AU) is 0.879, which is higher than its correlations with other constructs
like BI (0.690), Investment Behaviour (IB) (0.713), and FC (0.468). These values

confirm that AU is conceptually distinct from other variables in the model.
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The same pattern appears for all other constructs. For instance, the square root of AVE
for Behavioural Intention (BI) is 0.838, which is larger than its correlation with ATT
(0.693), AU (0.690), and PEOU (0.703). Cost Perception (CP) has a diagonal value
of 0.752, which exceeds its correlations with all other constructs, including RP (0.509)
and ATT (-0.467). The construct for Facilitating Conditions (FC) also demonstrates
good discriminant validity, with a diagonal value of 0.718, which is greater than its
correlations with BI (0.573), PEOU (0.645), and IB (0.554). Investment Behaviour
(IB) shows a substantial AVE value of 0.759, which is higher than its correlations with
BI (0.736), AU (0.713), and PEOU (0.637). This supports that IB is uniquely

measured.

The demographic variable Level of Education (LE) displays low correlations with all
latent constructs, and its diagonal value is 1.00, which is expected for a single-item or
demographic variable. Perceived Ease of Use (PEOU) has a diagonal value of 0.749,
which is higher than all related correlations, such as those with BI (0.703), IB (0.637),
and FC (0.645). Perceived Usefulness (PU) shows a square root of AVE of 0.741,
which exceeds its correlations with PEOU (0.670), BI (0.464), and 1B (0.444). Risk
Perception (RP) also demonstrates strong discriminant validity, with a diagonal value
of 0.855, which is greater than its highest correlation value of 0.509 with CP.
Therefore, based on Hair et al. (2019), all constructs in the model meet the Fornell-

Larcker criterion, and there is no issue of discriminant overlap between constructs.
5.7 Structural Model with Path Coefficients and Factor Loadings

The structural model shown in Figure 5.2 presents the standardised path coefficients
between constructs along with factor loadings for each indicator variable. The model
is used to examine the key factors influencing the adoption of technological
innovations and assess their impact on investment behaviour among stock market

investors.
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Figure 5.2

Structural Model with Path Coefficients and Factor Loadings
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Constructs such as perceived usefulness and perceived ease of use exhibit strong
factor loadings, all above 0.6, which confirms indicator reliability. The path from
perceived usefulness to attitude toward technology has a coefficient of 0.260,
suggesting a positive influence. Perceived ease of use also shows a weaker but positive
impact on attitude toward technology, with a path coefficient of 0.192. Risk perception
has a negative influence on attitude toward technology, with a path coefficient of
—0.281. Cost perception has very low or near-zero effects on attitude, behavioural
intention and actual use, which shows weak explanatory power in this dataset.
Facilitating conditions positively influence both attitude towards technology and
actual use, with values of 0.202 and 0.103, respectively, but the strength of the effect

is relatively low.

The attitude toward technology has a strong and positive effect on behavioural
intention with a path coefficient of 0.683, indicating that user perception and mindset
strongly drive intention to adopt technology. Behavioural intention, in turn, has a high
influence on actual use with a coefficient of 0.583, supporting the hypothesis that
intention predicts actual behaviour. Facilitating conditions and cost perception show
a very weak impact on actual use. The actual use construct has a strong direct impact
on investment behaviour with a coefficient of 0.713, which shows that investors who

actively use technological platforms are more likely to change their investment

Impact of Technological Innovations on the Investment Behaviour of
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patterns. The influence of the level of education on actual use is very weak, with a

coefficient of 0.063.

5.8 Bootstrapped Structural Model with Path Coefficients and Significance

Values

The structural model shown in Figure 5.3 displays the bootstrapped estimates for the
hypothesised paths and their corresponding significance levels, which help validate

the relationships between constructs.

Figure 5.3
Bootstrapped Structural Model with Path Coefficients and Significance Values
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The values in parentheses represent the p-values that indicate the statistical
significance of each path. Table 5.5 presents the complete output for each hypothesis,
including original sample, sample mean, standard deviation, t-statistics, and p-values.
The path from perceived usefulness to attitude toward technology (H15) shows a
positive effect with a coefficient of 0.260 and a p-value of 0.000, indicating strong
support. Similarly, the path from perceived ease of use to attitude (H16) is significant
with a coefficient of 0.192 and a p-value of 0.001. Risk perception shows a negative
and strong influence on attitude (H17) with a coefficient of —0.281 and a p-value of
0.000. These results confirm that usefulness and ease support favourable technology
attitudes, while higher perceived risk reduces positive attitude. The effect of cost

perception on attitude (H18) is also significant and negative (f = —0.168, p = 0.000),
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validating that higher cost perception reduces users' favourability toward fintech

usage.

In terms of behavioural intention, attitude toward technology has the most substantial
effect with a path coefficient of 0.683 and p-value of 0.000, confirming H25. This
indicates that a more positive attitude toward fintech tools significantly encourages
their use. However, the path from cost perception to behavioural intention (H20) is
not significant (B = 0.069, p = 0.227). Similarly, risk perception to behavioural
intention (H19) is also not significant (f = —0.090, p = 0.077). These results indicate
that while attitude plays a vital role in shaping behavioural intention, cost and risk
perceptions have no strong direct influence at this stage. The hypothesis related to
facilitating conditions for behavioural intention (H23) is supported by a path
coefficient of 0.202 and a p-value of 0.000, indicating that proper support and access
do contribute to intention formation. These findings reflect that psychological
acceptance and external support are more effective than perceived risk or cost in

shaping the intent to adopt technology.

The relationship between behavioural intention and actual use (H26) is statistically
supported, with a coefficient of 0.583 and a p-value of 0.000, indicating that a firm's
intention leads to higher usage. Facilitating conditions also positively influence actual
use (H24), although with a lower coefficient of 0.103 and a p-value of 0.009,
indicating a mild but statistically significant effect. The direct influence of cost
perception on actual use (H22) is close to the threshold (B = —-0.081, p = 0.052),
suggesting a marginally non-significant impact. The path from risk perception to
actual use (H21) is not significant (f = —0.074, p = 0.121), indicating that risk factors
are not directly predictive of usage behaviour. Cost and risk variables seem to lose
predictive power as the model shifts from psychological intention to behavioural
action. The level of education (LE) also has a weak but statistically significant
influence on actual use (B = 0.063, p = 0.014), suggesting that an educational

background may support adoption, albeit not strongly.

The strongest relationship in the model is from actual use to investment behaviour

(H27), with a coefficient of 0.713 and a p-value of 0.000. This supports the idea that
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the usage of digital platforms significantly changes how investors behave in stock
markets. This result is meaningful because it validates that digital adoption directly
drives changes in investment patterns. All factor loadings for the constructs exceed
0.6, and most path coefficients follow expected theoretical directions. Significant
effects appear mainly in the psychological path from attitude to intention to behaviour.
External factors, such as risk and cost, mainly influence attitude formation but do not
have a strong influence on the intention or usage stages. As such, users’ experience,
confidence and support infrastructure play stronger roles in driving adoption and
investment changes. The results suggest that technology use is more psychological

than financial once users cross the attitude threshold.

The hypothesis testing confirms support for H15, H16, H17, H18, H23, H24, H25,
H26 and H27. The remaining hypotheses (H19, H20, H21, H22) are not statistically
supported due to p-values above 0.05. These results indicate that perceived usefulness,
ease of use, and attitude are key factors in adoption. At the same time, cost and risk
perception are not major barriers at the intention or usage level. Supporting conditions,
such as access and training, play a moderate role but cannot replace the need for a
positive user mindset. The final model provides clear support that actual use of
technology is the primary driver of change in investment behaviour, and this use is
shaped most by psychological factors rather than practical limitations, such as cost or
risk. The model follows the extended TAM framework and validates many of its

expected pathways using the PLS-SEM approach with strong statistical evidence.
5.9 Direct Effect- Path Coefficient with Significance

The structural model presented in Figure 5.2 and explained in Table 5.5 illustrates the
relationships between constructs related to the adoption of technological innovations

and their impact on investment behaviour.
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Table 5.5

Direct Effect- Path Coefficient with Significance

Standard

Path Original Sample deviation T statistics P
sample (O) mean (M) (STDEV) (|O/STDEV|)  values
ATT -> BI 0.683 0.683 0.052 13.171 0.000
AU -> 1B 0.713 0.715 0.032 22.026 0.000
BI-> AU 0.583 0.582 0.053 11.078 0.000
CP -> ATT -0.168 -0.167 0.043 3.951 0.000
CP-> AU -0.081 -0.080 0.041 1.946 0.052
CP -> BI 0.069 0.069 0.057 1.208 0.227
FC -> ATT 0.202 0.203 0.046 4.403 0.000
FC -> AU 0.103 0.104 0.039 2.629 0.009
LE -> AU 0.063 0.063 0.026 2.455 0.014
PEOU-> ATT 0.192 0.193 0.056 3.451 0.001
PU > ATT 0.260 0.261 0.056 4.628 0.000
RP -> ATT -0.281 -0.279 0.036 7914 0.000
RP -> AU -0.074 -0.074 0.048 1.551 0.121
RP -> BI -0.090 -0.090 0.051 1.772 0.077

The model encompasses key constructs, including perceived usefulness, perceived
ease of use, risk perception, cost perception, attitude toward technology, facilitating
conditions, behavioural intention, actual use, and investment behaviour. Each
construct is supported by specific measurement items that capture users' experiences
with fintech tools, including mobile apps, robo-advisors, Al-based analytics, and

digital platforms.

Perceived usefulness encompasses items such as enhanced decision-making,
efficiency through mobile applications, and the value of Al-driven analytics. The
model demonstrates that perceived usefulness has a positive impact on investor
attitudes. Perceived ease of use encompasses items related to platform simplicity and
ease of handling fintech tools. This also has a direct positive influence on attitude. On
the other hand, risk perception is defined by concerns over security, potential losses,

and Al accuracy, which negatively affects attitude. Cost perception, represented by
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the affordability of subscriptions and trading costs, has a negative impact on attitude
but does not significantly influence behavioural intention or actual use. Facilitating
conditions include access to the internet, support from service providers, and
favourable policies. This construct positively affects both behavioural intention and

actual use.

Attitude toward technology strongly influences behavioural intention and also
contributes to actual use of technology. Behavioural intention, in turn, is a significant
predictor of actual use. Actual use includes frequent use of digital platforms, reliance
on robo-advisors, and using Al before making decisions. This actual usage has a
substantial impact on investment behaviour, defined by increased trading frequency,
calculated risks due to analytics, and engagement through mobile apps. The model
suggests that behavioural patterns are primarily driven by usefulness, ease, support,
and attitude, whereas concerns about cost and risk mainly influence attitude formation
rather than usage or outcomes. Thus, the flow of influence from perception to
intention and actual use aligns with technology adoption theory and reflects practical

investor behaviour in digital financial markets.

The model reveals that actual use of technology directly influences investment
behaviour, which includes changes like more frequent trading, increased confidence,
and higher engagement through mobile platforms. Investors who actively use
financial technology tools, such as mobile trading applications, robo-advisors, and
artificial intelligence analytics, report taking more calculated risks and shifting toward
more informed decisions. The use of digital tools helps manage portfolios more
effectively and encourages long-term planning, all of which contribute to the observed
behavioural changes. However, not all constructs in the model show significant paths.
Specifically, risk perception and cost perception do not have significant impacts on
behavioural intention or actual use. Despite their theoretical relevance, the statistical
results in Table 5.5 suggest that these concerns do not directly alter investor behaviour
in practice. This could indicate that while investors may perceive risks or costs
associated with digital tools, these factors alone do not deter them from adopting or

using the technology. Instead, constructs like perceived usefulness, perceived ease of
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use, and facilitating conditions play a stronger role in shaping both the decision to

adopt and the eventual change in behaviour.
5.10 Indirect Effect- Path Coefficient with Significance

Table 5.6 presents the results of indirect effect path coefficients and their
corresponding significance levels. These values illustrate the mediating effects
between constructs, demonstrating how independent variables influence dependent
variables through the intermediary of other constructs. The levels of significance help
identify the strength and statistical significance of the indirect effects in the structural

model.

Table 5.6

Indirect Effect- Path Coefficient with Significance

Standard

Path Original Sample deviation T statistics P
sample (O) mean (M) (STDEV) (|O/STDEV|)  values
ATT -> AU 0.398 0.398 0.047 8.401 0.000
ATT -> IB 0.284 0.285 0.039 7.297 0.000
BI-> 1B 0.416 0.416 0.047 8.888 0.000
CP > AU -0.027 -0.026 0.031 0.882 0.378
CP -> BI -0.115 -0.115 0.032 3.574 0.000
CP->1B -0.077 -0.076 0.038 2.000 0.046
FC -> AU 0.081 0.081 0.022 3.661 0.000
FC -> BI 0.138 0.140 0.036 3.844 0.000
FC ->IB 0.131 0.133 0.032 4.100 0.000
LE -> 1B 0.045 0.045 0.018 2.502 0.013
PEOU -> AU 0.077 0.077 0.024 3.159 0.002
PEOU -> BI 0.131 0.132 0.040 3.305 0.001
PEOU -> IB 0.055 0.055 0.018 3.062 0.002
PU -> AU 0.104 0.104 0.025 4.090 0.000
PU -> BI 0.178 0.178 0.038 4.708 0.000
PU -> 1B 0.074 0.074 0.019 3.913 0.000
RP -> AU -0.164 -0.164 0.032 5.178 0.000
RP -> BI -0.192 -0.191 0.027 7.242 0.000
RP -> 1B -0.170 -0.170 0.035 4.854 0.000
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The results presented in Table 5.6 show how different constructs impact each other
indirectly within the model. The study employed this analysis to examine the role of
extended TAM constructs in understanding how investors adopt and utilise financial
technology, and how this influences their investment behaviour. The path from
attitude toward technology to actual use and investment behaviour shows strong
positive indirect effects. This means that when investors develop a positive attitude
toward the technology, it increases their behavioural intention, which then results in
higher actual use and eventually changes their investment behaviour. Investors who
feel comfortable using fintech platforms, such as mobile trading apps, Al tools, and
robo-advisors, are more likely to continue using them. This frequent use, in turn,
impacts their investment strategies, including increased risk-taking, a shift toward
long-term investing, and more frequent trading. The indirect effect from attitude
toward technology to actual use is one of the strongest in the model. The indirect effect
of attitude on investment behaviour through intention and actual use also shows that
changes in behaviour are not direct but happen over time as intention builds and use
becomes regular. Similarly, behavioural intention indirectly affects investment
behaviour through actual use. Investors who intend to use technology eventually start

using it, which shapes their final behaviour in the stock market.

The results also highlight the significant role of constructs such as perceived
usefulness, perceived ease of use, and facilitating conditions in shaping behavioural
intention and actual use. Perceived usefulness indirectly influences investment
behaviour through both behavioural intention and actual use. Investors who believe
that technology helps them make better investment decisions are more likely to intend
to use it and eventually start using it, leading to changes in their behaviour. Facilitating
conditions also have strong indirect paths to actual use and investment behaviour. This
includes aspects such as internet access, support from service providers, and
government policies that facilitate the use of fintech by investors. These conditions
increase behavioural intention and actual use, which lead to changes in behaviour.
Perceived ease of use also affects investment behaviour indirectly through intention
and use. When technology is simple and easy to navigate, investors form a positive

attitude, which builds intention and leads to actual use. On the other hand, the study
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found that risk perception and cost perception both negatively influence behavioural
intention and investment behaviour through indirect paths. Investors who perceive
fintech tools as risky or expensive are less likely to utilise them, resulting in lower
actual usage and reduced impact on their investment decisions. Even though cost
perception does not significantly impact use directly, its indirect effect on behaviour
through intention and use is still notable. Learning experiences also have an indirect
effect on investment behaviour, showing that those who are more familiar with using
digital platforms are more likely to exhibit behavioural change. Overall, the indirect
effects in Table 5.6 validate how these constructs interact and influence each other
before affecting investor behaviour. The structure of the model reflects the flow of
influence from perception to use, and finally to behavioural change, aligning to

identify key drivers of fintech adoption and their impact on stock market investment
5.11 Specific Indirect Effect- Path Coefficient with Significance

Table 5.7 presents the specific indirect effect path coefficients and their corresponding
significance values. These findings present the different mediating channels through
which one construct mediates another in the model. The significance levels show that
these particular indirect effects are statistically significant, thus confirming the

mediation analysis.

Table 5.7

Specific Indirect Effect- Path Coefficient with Significance

Original Sample Standard

Path sample mean deviation (lg /SStii:[ggifD Vall; e
(O) (M) (STDEV)
BI-> AU -> IB 0.416 0.416 0.047 8.888 0.000
RP -> ATT -> BI -> AU -0.112  -0.111 0.017 6.523 0.000
CP->AU->1B -0.058  -0.058 0.030 1.932 0.054
FC-> AU -> IB 0.073 0.075 0.029 2.551 0.011
PEOU -> ATT -> Bl -> AU 0.077 0.077 0.024 3.159 0.002
LE->AU->1B 0.045 0.045 0.018 2.502 0.013
CP->BI-> AU -> 1B 0.029 0.029 0.024 1.172 0.242
RP-> AU -> IB -0.053  -0.053 0.034 1.550 0.121
262 Impact of Technological Innovations on the Investment Behaviour of
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Original Sample Standard

Path sample mean deviation (|<T) /Sstf}t]i;gilsl) Valf; e
O) M) (STDEV)

CP -> ATT -> BI -> AU -0.067  -0.067 0.020 3.409 0.001
CP-> ATT -> BI-> AU -> IB -0.048  -0.048 0.015 3.273 0.001
PEOU -> ATT->BI->AU->1B  0.055 0.055 0.018 3.062 0.002
ATT -> Bl -> AU 0.398 0.398 0.047 8.401 0.000
CP -> BI-> AU 0.040 0.041 0.034 1.181 0.238
CP -> ATT -> BI -0.115  -0.115 0.032 3.574 0.000
FC -> ATT -> BI-> AU -> IB 0.058 0.058 0.016 3.541 0.000
FC -> ATT -> BI 0.138 0.140 0.036 3.844 0.000
RP -> BI-> AU -0.052  -0.053 0.031 1.688 0.092
PEOU -> ATT -> BI 0.131 0.132 0.040 3.305 0.001
PU -> ATT -> Bl -> AU -> IB 0.074 0.074 0.019 3.913 0.000
ATT -> Bl -> AU -> IB 0.284 0.285 0.039 7.297 0.000
PU -> ATT -> BI -> AU 0.104 0.104 0.025 4.090 0.000
PU -> ATT -> BI 0.178 0.178 0.038 4.708 0.000
RP -> ATT -> BI -0.192  -0.191 0.027 7.242 0.000
RP -> BI-> AU -> IB -0.037  -0.038 0.023 1.640 0.101
FC -> ATT -> BI -> AU 0.081 0.081 0.022 3.661 0.000
RP -> ATT -> BI -> AU -> IB -0.080  -0.079 0.013 6.062 0.000

The findings in Table 5.7 illustrate how indirect connections between constructs
contribute to the adoption of technological innovations and their subsequent impact
on investment behaviour. The study used specific indirect effects to capture how a
variable that does not directly affect another may still influence it through a sequence
of mediating variables. The most critical chain of influence in this model begins with
behavioural intention, which involves actual use, and subsequently leads to
investment behaviour. This sequence demonstrates that intention alone does not lead
to behavioural change unless it is translated into actual practice. The chain from
attitude to behavioural intention and then to actual use also plays a significant role. It
highlights that a positive mental outlook on using financial technology increases
willingness, which in turn converts to actual usage. Once investors start using

platforms like Al-based tools, mobile apps or robo-advisors, the change in investment
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behaviour becomes visible. Those changes include frequent trading, engaging in long-
term strategies and taking calculated risks. The role of perceived ease of use also
stands out, as its impact flows through attitude and then into behavioural intention and
use. Investors who find fintech easy to use develop a favourable attitude, decide to
use it, and eventually exhibit behavioural change. This chain illustrates how

perception evolves into intention and subsequently becomes actual behaviour.

The result also indicates how perceived risk and cost perception travel through
multiple indirect paths to influence investment behaviour. Risk perception affects
behaviour through attitude, intention and use. If investors perceive digital tools as
risky, their attitude becomes negative, which in turn reduces their intention to use and
adopt them. Ultimately, this results in lower engagement with technology in their
investments. Similarly, cost perception has several paths. Although some paths were
found statistically weak, others were significant. Cost perception negatively affects
attitude and, through that, intention and use, ultimately reducing its influence on
investment behaviour. Facilitating conditions also exhibited an intense sequence of
indirect effects. Starting from improving attitude, to increasing intention, actual use,
and then influencing behaviour. These results suggest that when there is adequate
support, investors feel more confident in adopting technology, which brings about
behavioural change. Learning experience also has a direct impact on behaviour
through usage. Investors with past exposure to digital platforms are more likely to
show behavioural changes. Perceived usefulness also travels through multiple layers.
It fosters a positive attitude, which in turn increases behavioural intention, leading to
higher actual use and eventually shaping behaviour. The extended TAM model used
in the study helps map how these factors interact to shape final investment behaviour.
The specific indirect effects described in Table 5.7 help validate the model's design
and demonstrate that even constructs with no direct path can still play a key role when

their effect is transmitted through multiple connected constructs.
5.12 Total Effect- Path Coefficient with Significance

Table 5.8 presents the total effect path coefficients along with their corresponding

significance levels. Total effects refer to the overall impact of the direct and indirect

Impact of Technological Innovations on the Investment Behaviour of
Stock Market Investors

264



Factors Influencing the Adoption of Technology and its Impact on
Stock Market Investment Behaviour

relationships between constructs within the model. The significance values also aid in
understanding the strength and validity of these relationships within the structural

framework.

Table 5.8

Total Effect- Path Coefficient with Significance

Original ~ Sample  Standard

Path sample mean deviation (|"(F)/ssti}tgtéc{§l) vallzl e
(O) M) (STDEV)
ATT -> AU 0.398 0.398 0.047 8.401 0.000
ATT -> BI 0.683 0.683 0.052 13.171 0.000
ATT -> IB 0.284 0.285 0.039 7.297 0.000
AU -> 1B 0.713 0.715 0.032 22.026 0.000
BI-> AU 0.583 0.582 0.053 11.078 0.000
BI->1B 0.416 0.416 0.047 8.888 0.000
CP -> ATT -0.168 -0.167 0.043 3.951 0.000
CP-> AU -0.108 -0.106 0.053 2.024 0.043
CP -> BI -0.046 -0.045 0.053 0.879 0.380
CP->1B -0.077 -0.076 0.038 2.000 0.046
FC -> ATT 0.202 0.203 0.046 4.403 0.000
FC -> AU 0.184 0.186 0.042 4.366 0.000
FC -> BI 0.138 0.140 0.036 3.844 0.000
FC -> 1B 0.131 0.133 0.032 4.100 0.000
LE -> AU 0.063 0.063 0.026 2.455 0.014
LE -> 1B 0.045 0.045 0.018 2.502 0.013
PEOU -> ATT 0.192 0.193 0.056 3.451 0.001
PEOU -> AU 0.077 0.077 0.024 3.159 0.002
PEOU -> BI 0.131 0.132 0.040 3.305 0.001
PEOU -> IB 0.055 0.055 0.018 3.062 0.002
PU -> ATT 0.260 0.261 0.056 4.628 0.000
PU -> AU 0.104 0.104 0.025 4.090 0.000
PU -> BI 0.178 0.178 0.038 4.708 0.000
PU -> IB 0.074 0.074 0.019 3913 0.000
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Original ~ Sample  Standard

Path sample mean deviation (|r(l;/sst%§%ifsl) Vall:,l e
(O) M) (STDEV)

RP -> ATT -0.281 -0.279 0.036 7.914 0.000

RP -> AU -0.239 -0.237 0.047 5.041 0.000

RP -> BI -0.282 -0.281 0.046 6.180 0.000

RP -> 1B -0.170 -0.170 0.035 4.854 0.000

The results presented in Table 5.8 provide a comprehensive view of how each
construct in the model influences the others in totality. The study used the total effect
to capture both direct and indirect relationships between variables. In this model,
actual use has emerged as the strongest influencer of investment behaviour. The result
shows that when investors start using fintech tools regularly, their behaviour in the
stock market changes clearly. They begin to take more risks, shift strategies and
increase activity. Behavioural intention also strongly impacts actual use, confirming
that intention serves as the entry point to actual behavioural engagement. Attitude
toward technology has a high total effect on intention and also extends influence to
actual use and investment behaviour. This indicates that when investors develop a
positive view of fintech, they are more likely to demonstrate commitment and engage
deeply. Constructs such as perceived usefulness and perceived ease of use support this
view, as they positively influence attitude. The ease of use and usefulness of the tools
increase user acceptance. As investors find platforms helpful and straightforward, they
develop a positive attitude, leading to more intention and behavioural change.
Facilitating conditions also play a strong role in this model. Total effects show that
support from the environment, stable internet and government policies positively
influence behavioural intention and use. This implies that surrounding infrastructure

plays a crucial role in adoption and eventual change.

The effects of negative constructs, such as risk perception and cost perception, are
also strong in the model. Risk perception clearly shows a negative influence on
attitude, intention, use and investment behaviour. This means that if investors believe
technology tools may lead to loss or are unreliable, they avoid using them. This result

underscores the importance of building confidence and trust in digital systems. Cost
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perception has weaker total effects compared to risk, but still affects attitude and
actual use. Investors who believe tools are expensive or not cost-efficient may reduce
their usage, but this effect is not strong on their behavioural intention. This finding
suggests that financial cost is less critical than risk when it comes to technology
adoption in investment. Learning experience has a positive total effect on use and
behaviour, confirming that prior exposure to similar systems improves user
involvement. The total effect of facilitating conditions on investment behaviour
proves that a good support structure can shape investor response. Constructs that show
the most decisive influence on investment behaviour in total effect are actual use,
followed by behavioural intention, attitude and facilitating conditions. This flow
confirms the design of the extended TAM model used in the study. The total effect
analysis helps to validate the strength and nature of each construct across the whole
model path. It also shows that specific constructs, such as behavioural intention and
actual use, serve as bridges that connect perception to final behaviour. The study used
this model to map out the complete interaction system behind investor behaviour in

response to financial technology innovation.
5.13 Collinearity Statistics (VIF) for Inner Model

Table 5.9 below presents the collinearity statistics (VIF) for the inner model,
indicating the degree of multicollinearity among the predictor constructs. VIF values
indicate a high likelihood of high correlations among independent variables, which
can lead to incorrect path estimates. Low values of all VIF correlations do not
necessarily indicate the presence of serious multicollinearity problems, which ensures

the model's strength.

Table 5.9

Collinearity Statistics (VIF) for Inner Model

VIF
ATT -> BI 1.409502
AU -> IB 1
BI -> AU 1.703342
CP -> ATT 1.421735
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VIF

CP-> AU 1.402482
CP -> BI 1.483048
FC -> ATT 1.75224
FC -> AU 1.530837
LE -> AU 1.007922
PEOU -> ATT 2.736893
PU -> ATT 1.842756
RP -> ATT 1.356978
RP -> AU 1.485914
RP -> BI 1.48663

As per Table 5.9, the variance inflation factor values for the inner model paths remain
well below the acceptable threshold. According to Hair et al. (2019), a VIF value
below five indicates that collinearity is not a concern and the estimates are not biased
due to multicollinearity. All the inner model paths in this study, including those from
attitude, behavioural intention, cost perception, facilitating conditions, learning
experience, perceived ease of use, perceived usefulness, and risk perception to their
respective endogenous constructs, fall under this acceptable range. This confirms that
the predictive relationships among the constructs are stable and can be interpreted
without distortion due to multicollinearity. The absence of collinearity issues
strengthens the model's structural integrity, allowing for a reliable interpretation of

direct, indirect, and total effects.
5.14 Collinearity Statistics (VIF) for Outer Model

The table contains the collinearity statistics (VIF) of the outer model, which measure
the collinearity of the measurement items for each construct. The values of the
Variance Inflation Factor (VIF) help identify indicators that are too highly correlated,
thus impacting construct validity. The acceptable values of the VIF suggest that there
is no issue of collinearity, and hence, the reliability of the measurement model is

ensured.
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Table 5.10

Collinearity Statistics (VIF) for Outer Model

Items VIF
ATTI1 1.969046
ATT2 2.123543
ATT3 2.476447
ATT4 2.214786
ATTS 2.382623
AUl 3.09904
AU2 2.979081
AU3 2.746237
AU4 3.748132
AUS 3.732942
BI1 2.39196
BI2 2.308973
BI3 2.446363
BI4 2.581177
BI5 2.710722
CP1 1.645907
CP2 1.718892
CP3 1.745481
CP4 1.549601
CP5 1.50833
FC1 1.451214
FC2 1.547607
FC3 1.738349
FC4 1.321867
FC5 1.562954
IB1 1.94273
1B2 1.615934
IB3 1.585132
1B4 1.797394
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Items VIF
IB5 2.440925
Level of Education 1
PEOUI1 1.563459
PEOU2 1.65416
PEOU3 1.939539
PEOU4 1.856908
PEOUS 1.872556
PU1 1.708731
PU2 1.533593
PU3 1.923581
PU4 1.958302
PUS 1.483872
RP1 2.81139
RP2 2.958875
RP3 2.930614
RP4 2.496647
RP5 2.656828

In Table 5.10, the outer model shows the VIF values for all individual items used to
measure the latent constructs. All items across constructs such as attitude toward
technology, actual use, behavioural intention, cost perception, facilitating conditions,
investment behaviour, perceived ease of use, perceived usefulness, and risk perception
show VIF scores below the cut-off value of 5 suggested by Hair et al. (2019). This
supports that the reflective measurement items are not collinear and do not interfere
with each other’s explanatory power. The indicators are statistically independent
within their constructs, indicating that the item-level measurement model maintains
discriminant validity. Since acceptable collinearity statistics support all item loadings,
the outer measurement model is reliable, and the construct scores reflect the variance

from their indicators without redundancy or bias.
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5.15 f-square

Table 5.11 presents the values of f-squared, which provide an effect size indicating
the impact of each exogenous construct on the endogenous constructs in the model.
This statistic helps to understand the relative contribution of individual predictor
variables to the determined R-squared value of the dependent variable. Therefore, the
f values, according to standard guidelines, reflect the small, medium or large size of

the effect and, thus, can be viewed as an indicator of the practical significance of the

relationships.
Table 5.11
f-square
Path f-square
ATT -> BI 0.644584
AU -> IB 1.034848
BI-> AU 0.401825
CP -> ATT 0.046034
CP > AU 0.009334
CP -> BI 0.006192
FC -> ATT 0.054014
FC -> AU 0.01392
LE -> AU 0.00794
PEOU -> ATT 0.031123
PU -> ATT 0.084728
RP -> ATT 0.134711
RP -> AU 0.007456
RP -> BI 0.010525

As shown in Table 5.11, the path from actual use to investment behaviour exhibits a
large effect size, indicating that actual use has a strong influence on investment
behaviour. Behavioural intention also shows a moderate effect on actual use. Attitude
toward technology has a substantial impact on behavioural intention, meaning that

people’s positive perception of using fintech tools directly shapes their intent to adopt
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them. The results support the objective, which focuses on how behavioural and
technological factors influence the actual use of fintech platforms and how this, in
turn, affects trading behaviour. Among the antecedents of attitude, perceived
usefulness shows a moderate effect, while risk perception and facilitating conditions
also show small to moderate effect sizes. These findings explain how users form an
attitude based on both enabling factors and concerns about risk. Cost perception and
perceived ease of use also have low but meaningful contributions to shaping attitude.
The remaining paths show small effect sizes, including those from cost perception,
facilitating conditions, and learning experience toward actual use. Similarly, cost
perception and risk perception have minor effects on behavioural intention. These
values suggest that although these factors contribute to shaping technology acceptance
and use, their relative impact is lower than constructs like attitude and behavioural
intention. The effect sizes confirm that actual system use and investment activity
depend more on internal beliefs about the system than external conditions. Therefore,
in line with the objective, the model demonstrates how perceived benefits and
confidence in using fintech tools matter more than concerns or support systems when
it comes to forming firm behavioural intention and converting that into actual fintech

usage and stock market activity.
5.16 R-Square and Adjusted R-Square

Table 5.12 presents the R-squared and Adjusted R-squared values for the endogenous
variables of the model. R-Square indicates what proportions of variance in the
dependent constructs are explained by the predictor constructs, and Adjusted R-
Square gives a more proper reflection because it takes into consideration the number
of predictors. These values show the explanatory capabilities and the goodness-of-fit

of the structural model.
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Table 5.12

R-Square and Adjusted R-Square for Endogenous Constructs

R-square R-square adjusted
ATT 0.56701 0.56178
AU 0.502754 0.496749
BI 0.486578 0.482875
IB 0.508563 0.507387

The values in Table 5.12 indicate that the model explains a moderate proportion of the
variance in each of the four endogenous variables. The construct of attitude toward
technology is described by its predictors, including perceived usefulness, perceived
ease of use, cost perception, risk perception, and facilitating conditions. This suggests
that users form their attitude based on their overall assessment of the usability and
safety of fintech tools, as well as their perception of value and support. Behavioural
intention is predicted by constructs such as attitude, risk perception and cost
perception. The R-squared value indicates that these constructs collectively have a
significant influence on the intention to adopt fintech platforms for investment

purposes.

Actual use of fintech tools is another key outcome in this model. The construct is
predicted by behavioural intention, facilitating conditions, cost perception, risk
perception, and learning experience. The R Square value confirms that nearly half of
the variation in actual use is explained by these predictors. Investment behaviour,
which is the ultimate dependent variable in this model, is directly influenced by actual
use and indirectly by the other predictors through mediating paths. The model explains
a moderate portion of the variance in investment behaviour, validating the model as a
tool for examining the adoption of technological innovations and their impact on
investor activity. The R-squared values support the notion that fintech adoption is not
random but depends powerfully on how users perceive the technology, the intention

they form, and their eventual usage patterns.
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5.17 Model Fit Indices

Model fit indices, such as the Standardised Root Mean Square Residual (SRMR) and
the other global fit measures, are also presented in Table 5.13. The index can be used
to determine the goodness of the fit between the proposed structural model and the
existing data. Acceptable values of SRMR and associated values demonstrate an

excellent model fit, confirming the reliability and validity of the research framework.
Table 5.13

Model Fit Indices — Standardised Root Mean Square Residual and Other Global Fit

Measures
Statistics Saturated model Estimated model
SRMR 0.063345 0.071004
d_ULS 6.509124 7.089227
d_G 1.936037 2.143285
Chi-square 6103.59 6213.633
NFI 0.910291 0.89688

Table 5.13 presents the model fit indices for evaluating the overall fit of the PLS SEM
model developed for examining the adoption of technological innovation and its
impact on investment behaviour among stock market investors. The Standardised
Root Mean Square Residual value is well within the acceptable threshold, indicating
that the discrepancy between the observed and predicted correlations is minimal. The
Normed Fit Index also falls in the acceptable range, suggesting the model fits the
empirical data adequately. Additionally, the other fit indices, such as dG, dULS, and
chi-square, support the conclusion that the structural model is acceptable and
appropriate for further analysis. These values support that the proposed conceptual
model has a sufficient degree of model-data correspondence, aligning with

recommendations for model evaluation in PLS SEM-based studies.
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5.18 Histogram of Path Coefficients

The three histograms shown in Figures 5.4, 5.5, and 5.6 present the bootstrapped
sampling distribution of the path coefficients between ATT and BI, BI and AU, and
AU and IB, respectively. These visuals serve as graphical representations to validate

the stability of the estimated path coefficients.

Figure 5.4

Histogram of Path Coefficients for ATT -- BI

Path coefficients histogram: ATT -> BI
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In Figure 5.4, the histogram for ATT to BI shows a near-normal distribution,
suggesting consistency in the coefficient across multiple bootstrap resamples. This
visual support affirms that attitude toward technology maintains a reliable and stable
influence on behavioural intention. The smooth alignment with the standard curve
also supports the observation that the data fit well with the model expectations,

highlighting the robustness of the ATT to BI relationship in the model estimation.
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Figure 5.5
Histogram of Path Coefficients for Bl -- AU

Path coefficients histogram: Bl -> AU
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Figure 5.5, which illustrates the path from BI to AU, also reflects a symmetrical
distribution centred closely around the mean coefficient. The bell-shaped curve again
indicates that the bootstrapped estimates do not vary drastically, suggesting low
sampling variability. This consistency enhances confidence in the conclusion that
behavioural intention has a significant impact on actual use. The narrow spread seen
in the histogram reflects a tighter confidence interval around the path estimate, which
further suggests that the path coefficient is not sensitive to sampling variations and

maintains its strength across the bootstrap iterations.
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Figure 5.6
Histogram of Path Coefficients for AU--IB

Path coefficients histogram: AU -> IB
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The last histogram in Figure 5.6, depicting the path from AU to IB, is also normally
shaped and sharply peaked, which implies a robust and stable relationship between
actual use and investment behaviour. The tall and narrow distribution indicates a high
degree of certainty and low standard error in the path coefficient. Such graphical
stability across all three critical structural paths demonstrates that random sampling
fluctuations do not drive the model results. Therefore, the path coefficients reported
for ATT to BI, BI to AU, and AU to IB are robust and can be interpreted with high
confidence in supporting the hypothesised framework of the study.

5.19 Importance Performance Map

The Importance-Performance Map Analysis (IPMA) is used to gain a greater insight
into how various constructs play influential roles in key outcomes, not only due to
their importance (related to their total effects), but also due to their performance
(average scores). The following diagrams are used to display the relative contribution
of antecedent constructs to actual use (AU), attitude toward technology (ATT), and
investment behaviour (IB). These maps help determine constructs to prioritise in the

development of plans that lead to increased adoption of fintech and investment. The
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combination of the three maps used collectively can be used to prioritise resources,
strengthen investor intention and encourage good use of technology-driven

investment platforms.

Figure 5.7

Importance Performance Map for Actual Use (AU)
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Figure 5.7 presents the importance-performance map for the endogenous construct
actual use. The map displays both the total effects (importance) of each antecedent
construct on actual use and the respective average latent variable scores
(performance). The orange marker representing behavioural intention (BI) stands out
with the highest importance and relatively strong performance, indicating that the
behavioural intention construct plays a dominant role in explaining actual use. This
placement supports that respondents with higher levels of intention to adopt
technology are more likely to use fintech platforms for investment. The subsequent
significant construct is attitude toward technology (ATT), shown in red-orange, which
also lies in the high importance and performance region. This confirms that when
investors have a favourable attitude toward technological applications in trading, they

are more inclined to engage in actual use. The strength of these relationships supports
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their prioritisation in strategies promoting the adoption of fintech investment tools.
On the other side of the map, constructs such as risk perception (RP) and cost
perception (CP) appear in the low importance and low performance quadrant. These
constructs have a minimal impact on actual use and score lower in performance,
meaning that even though investors may recognise risk and cost factors, these do not
strongly influence their actual technology usage. The green dot for cost perception
and the grey dot for risk perception fall far from the right end of the map, suggesting
their role in determining usage behaviour is weak. Other constructs, such as perceived
ease of use (PEOU), facilitating conditions (FC), and perceived usefulness (PU), fall
within the mid-importance range, exhibiting moderate to good performance. Their
location suggests that, although they make meaningful contributions to actual use,
they are less influential than behavioural intention or attitude toward technology. The
overall spread in the map helps visually prioritise which factors should receive

attention in practical investment technology design and outreach.

Figure 5.8

Importance Performance Map for Attitude Toward Technology (ATT)
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Figure 5.8 shows the importance-performance map for the construct attitude toward
technology. The blue marker for risk perception (RP) is placed on the far left side of
the map, indicating very low importance and low performance. This placement
suggests that risk perception does not significantly influence investors’ attitudes
toward technology, and it also scores low in terms of its performance among
respondents. Similarly, the orange marker for cost perception (CP) also lies in the low
importance and low performance quadrant, suggesting that cost-related concerns are
not highly influential on forming a positive or negative attitude toward adopting
financial technology. These constructs, although theoretically expected to have an
adverse effect, appear to lack practical significance when it comes to shaping the
attitudes of stock market investors in this context. On the right side of the figure,
facilitating conditions (FC), perceived ease of use (PEOU), and perceived usefulness
(PU) are located in the high importance zone, with moderate to high performance. The
turquoise marker for perceived usefulness stands slightly ahead in importance and
performance, suggesting that investors’ perceptions about the effectiveness of fintech
tools strongly contribute to shaping their attitude. Facilitating conditions also
demonstrate competitive performance, suggesting that external support factors, such
as training or access to infrastructure, enhance investors’ confidence in utilising
technology. Perceived ease of use lies close to both, meaning that user-friendly

interfaces and easy operation also contribute meaningfully to attitude formation.
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Figure 5.9

Importance Performance Map for Investment Behaviour (IB)
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Figure 5.9 displays the importance-performance map for the construct investment
behaviour. This map presents the contribution of various constructs in terms of their
total effect (importance) and their average latent construct score (performance) on
investment behaviour among stock market investors. Behavioural intention (BI),
which is shown on the far-right side, has the highest importance. This placement
suggests that the willingness or intention to use financial technologies plays a central
role in shaping actual investment behaviour. Actual use (AU) and attitude toward
technology (ATT) also lie in the high importance zone, with good performance levels,
indicating that usage behaviour and a positive mindset toward digital tools are both
critical in promoting enhanced investor activity through technology. In contrast, cost
perception (CP) and risk perception (RP) appear in the left section of the map. Their
negative importance values imply a reverse relationship, confirming their inhibitory
effect on investment behaviour. Their placement also indicates low performance,

which aligns with their theoretical position as barriers to the adoption of technology.
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The middle cluster includes constructs such as facilitating conditions (FC), perceived
usefulness (PU), perceived ease of use (PEOU), and level of education (LE). These
constructs offer moderate importance and performance, indicating they play a
supportive role in shaping investment behaviour but are not the primary drivers.
Hence, the map shows that positive intention and actual engagement with technology
act as direct enablers of improved investment practices. At the same time, cost and

risk concerns can hinder participation if not addressed.
5.20 Conclusion

The results indicate that attitude towards technology and behavioural intention are the
most significant factors influencing the actual usage of technology; therefore, a strong
belief and a desire to use technology translate into real usage. On the other hand,
constructs such as cost perception, risk perception, and facilitating conditions do not
significantly influence investor behaviour based on the explanatory power
demonstrated by these constructs. The results of the total effect analysis substantiate
that actual use is the most influential determinant of investment behaviour, with the
behavioural intention, attitude, and facilitating conditions as the significant supporting
drivers. Negative beliefs, such as perceptions of risk and cost, reduce adoption;
however, their effects are less intense than those of the positive facilitators, including
usefulness, ease of use, and supportive infrastructure. Generally, the results confirm
the expanded TAM model whereby the perceptions influence attitude, followed by
intention, which in turn leads to behavioural actualisation, which leads to investor

behaviour transformation.
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6.1 Introduction

This chapter provides an overview of the study, commencing with a summary of the
research carried out. It presents the most important findings based on the analysis,
which are organised in a logical flow according to the research objectives. The study
particularly aims at investigating how technological innovations affect the investment
behaviour of stock market investors in Kerala. The final section of the chapter

comprises the significant revelations made by the findings.
6.2  Summary

The research report is divided into seven chapters. The first chapter presents the
background of the research, including the research problem, significance, scope,
objectives, operational definitions, hypotheses, conceptual model, research
methodology, limitations, and the overall scheme of the thesis. The second chapter
provides a review of the existing literature on the research topic and identifies the gaps
in the current research. The third chapter summarises the theoretical basis of stock
market trading, technological innovations, and their influences on investment
behaviour. In the fourth chapter, technology adoption and investment behaviour of
stock market investors are discussed. The fifth chapter employs Partial Least Squares
Structural Equation Modelling (PLS-SEM) to analyse the factors affecting technology
adoption and its role in investment behaviour. The sixth chapter delivers the important
findings and conclusions of the study. The seventh chapter examines

recommendations, practical implications, and future research directions.

The study examines how emerging technologies have influenced investor attitudes,

decision-making, and stock market trading behaviour. The study is grounded in an
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integrated model that considers essential technological drivers, namely artificial
intelligence applications, algorithmic trading, blockchain technology, mobile trading,
and robo-advisor services that exert influence on investor behaviour. The research also
emphasised variation in behavioural shifts across different genders, age groups,
educational qualifications, and employment statuses, providing insights into how

technology influences investment decisions.
6.3  Findings of the study

This section presents the major findings of the study, organised into five key areas in
accordance with the research objectives and the respective findings, analysis, and

interpretation.

6.3.1 The first objective of the study is to analyse changes in investment
behaviour due to technological advancements. The study examined how
technological advancements are influencing the behaviour of investors in
the stock market. Based on the descriptive analysis, it was observed that
several technologies are already playing a significant role in shaping
investor decisions. The findings related to the objectives are presented

below.

6.3.1.1  Algorithmic trading emerged as one of the strongest influences on
behaviour. Investors believed that algorithmic systems help them make

better decisions based on data, rules and market trends.

6.3.1.2  Advanced screeners also supported investor activity by making stock
selection easier and more structured. The availability of these tools helped

investors filter stocks quickly and act more confidently.

6.3.1.3 Payment systems like UPI were also found to have a strong influence.

Faster and easier fund transfers helped increase investor participation.

6.3.1.4  Mobile trading applications contributed to the ease of access, which in turn

encouraged frequent trading.
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Robo-advisors, while automated and useful, were also found to be gaining
trust among users. The findings suggest that technology is being used not

just for market research but also for decision-making and trade execution.

The lower impact observed for auto rebalancing and smart order routing
shows that some tools are not yet well known or understood by all investors.
The general investor who trades occasionally may not frequently interact

with these features.

Similarly, blockchain as a back-end technology had a moderate level of
influence. While blockchain ensures trust and safety, the average investor

might not directly feel or recognise its role.

Artificial intelligence tools for forecasting also received mixed opinions.
Some investors showed trust, while others remained cautious. This could
be due to a lack of understanding or experience, leading to inaccurate

predictions.

The responses in general were consistent, as shown in the combined score.
Most investors rated the impact of technological tools positively, which

shows an overall acceptance of change.

When the study explored gender differences, it was seen that male and
female investors do not always behave the same in response to technology.
Male investors responded more positively to tools such as blockchain,
algorithmic trading, and robo-advisors. This could be due to higher
exposure, better confidence in technology, or more frequent usage of such

platforms among male investors.

Tools like UPI and mobile apps did not show much difference between male
and female users. This indicates that all types of investors equally accept

certain features.

The combined result for all technological variables showed a substantial

difference. Male investors had significantly higher scores. This confirms
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6.3.1.13

6.3.1.14

6.3.1.15

6.3.1.16

6.3.1.17

that gender influences the way technology is adopted and experienced in
investment activities. The results support the notion that male investors are
currently more attuned to technological advancements in investing. These
findings also highlight the need for more awareness and confidence-

building among female investors.

Education was another critical factor that showed significant influence in
this study. The statistical results showed that investors with higher
educational qualifications, like postgraduate and professional degrees, were
more likely to agree that technological tools influenced their investment
behaviour. These investors gave high ratings to tools like virtual trading,
sentiment analysis, real-time alerts and intraday platforms. In contrast,
those with SSLC education had lower scores. Better-educated investors are
more comfortable exploring digital features, understanding their benefits,
and incorporating them into their trading decisions. The tools that require
learning and interpretation, such as sentiment tools or virtual platforms,

were rated much higher by educated investors.

Investors with lower education levels gave higher scores to features such as
UPI and technology that reduced costs. The differences in ratings across
education levels indicate that some investors prioritise technology based on

ease and simplicity, while others opt for more advanced tools.

The combined analysis of all items confirmed that education plays a strong

role in shaping how technology is experienced in stock market investing.

These findings offer a real view of how gender and education shape
behaviour in modern investment practices. The responses indicate that
technology use is not uniform, influenced by the investor's gender and their
education level. The hypotheses H1 and H2 were both validated through

this analysis.

The analysis revealed apparent differences in investment behaviour due to

technological advancements among investors from different employment
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backgrounds. The results showed that certain technological tools, such as
those that reduce costs and improve accessibility, intraday trading
platforms, UPI payment systems, real-time alerts, sentiment analysis tools,
and virtual trading platforms, were perceived differently across

employment categories.

Professionals consistently viewed these technologies as having a more
substantial influence on their investment behaviour, while retired investors

tended to perceive them as having less impact.

These findings indicate that employment status plays a key role in shaping
how investors perceive and adapt to technological advancements in the
investment field. They also highlight the importance of designing investor
education and awareness programs that are tailored to different
occupational groups, ensuring that the benefits of technology are effectively

communicated and utilised by all segments of the investor community.

The analysis shows that age plays a vital role in shaping how investors
respond to technological advancements in the investment field. Younger
investors, particularly those in the 18-25 and 26-35 age groups, are more
influenced by modern tools such as blockchain technology, robo-advisors,
advanced screeners, real-time alerts, and sentiment analysis. They also
place greater importance on features like lower costs, faster transactions
through UPI systems, and the ability to engage in short-term trading via

intraday platforms.

Investors in the 3645 age group demonstrate a balanced approach, utilising

both traditional methods and new technological solutions.

Investors in the 4655 category show lower levels of adoption, indicating a
more cautious approach towards incorporating technology in investment

decisions.

The oldest group, above 55, tends to rely the least on these innovations,

showing limited use of digital and automated tools.
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Overall, the findings suggest that younger generations are quicker to adapt
and integrate technology into their investment practices. In contrast, older
investors tend to remain more conservative, relying more on established
methods. This highlights the importance of tailoring financial education and
technological awareness programs to suit the needs and comfort levels of

different age groups.

The second objective of the study is to evaluate the influence of social
trading and real-time news platforms on trading habits. The study
explored how social trading and real-time news platforms shape investor

behaviour in stock trading.

The descriptive analysis showed that most participants agreed that both
types of platforms play a role in changing how they trade. The item with
the highest level of agreement was about the influence of real-time news on
trading. This means investors closely follow current updates and make

decisions based on market developments shared instantly.

Many respondents agreed that social media platforms like Twitter,
WhatsApp, and Telegram influenced their trade decisions. These platforms
offer continuous updates, peer opinions, and sentiment, which investors
seem to trust. People reported feeling more confident in their trading after
checking social media groups or receiving alerts from influencers. This
indicates that confidence is now derived not only from personal research

but also from social validation and shared information.

Investors also believed that the speed and reliability of news reports
affected their trading habits. Fast access to reliable information enabled
them to make quicker decisions, which sometimes altered their approach to

observing market trends.

Tools like real-time alerts were also mentioned to have helped traders act
faster. Alerts helped reduce delay and created a feeling of control among

investors.
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Trading via social media is riskier than self-analysis, which received
moderate scores. This means some people were not entirely comfortable
relying on what others said online. The responses were varied, which shows

that while many trust social input, others remain cautious.

Peer recommendations were accepted by many, but not all. Some
participants believed suggestions from friends or online groups affected
their trades, but others preferred their judgement. This could be because

social influence varies based on personal networks and past experiences.

The ease of using real-time news platforms also showed moderate
agreement. Some found it very helpful, while others may not have access

to or regularly use these tools.

Overall, most investors agreed that both social platforms and news tools
play a growing role in how they trade. These platforms provided
information, alerts, and a sense of connection to the market, which altered

their approach to trading.

The gender-based analysis showed that male and female investors did not
always respond the same way to these technological changes. Male
investors were found to be more influenced by real-time news, alerts, and
social platforms. They agreed more strongly that these tools changed their

trading frequency, strategies, and confidence.

The statistical analysis also showed that variables like timely news and
alerts had substantial differences based on gender. Male investors appeared
to follow live updates more actively and responded faster. On the other
hand, female investors had slightly lower agreement levels. This could be
due to differences in risk appetite, trust in digital tools, or habits formed

over time.

Some variables did not show much difference between genders. The speed

and reliability of news updates were rated similarly by male and female
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participants. This indicates that while some tools have universal appeal,

others are used or valued differently.

The average rank scores across the groups showed that male investors gave
higher ratings to most variables. This pattern highlights how trading habits
are shaped by gender when it comes to using technology and online

platforms.

The study also tested how education levels influence investor behaviour
related to social and news platforms. Investors with professional degrees
were found to be the most influenced by social and real-time platforms.
They agreed more with statements about how platforms facilitate trading,
enhance confidence, and provide timely updates. These investors may be
more familiar with digital tools and may trust analytics and peer opinions

shared online.

The investors with Plus Two or diploma qualifications also showed strong
agreement in some items. The investors with SSLC-level education showed
lower agreement in most items. They may have limited access to platforms

or rely more heavily on traditional sources of information.

Some variables, social platforms influenced trade frequency and confidence
in social media, exhibited interesting patterns. While the professional and
two/diploma groups scored high, the SSLC group also achieved high ranks
in a few items. This suggests that even less educated investors find comfort

in group opinions.

The combined impact score confirmed that higher education leads to higher
usage and belief in these tools. Educated investors are more likely to follow
alerts, seek input from peers, and adjust trades quickly in response to

updates.

The statistical evidence, along with consistent ranking scores, proves that

gender and education both shape how investors change their habits due to
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social trading and real-time news. Therefore, the hypotheses H5 and H6

were both validated by the findings of this study.

The analysis revealed that employment status significantly influences the
extent to which investors perceive social trading and real-time news
platforms as impacting their trading habits. The Kruskal-Wallis H test
results indicated statistically significant differences across employment
categories for several variables, including the influence of social media on
trading decisions, the role of peer recommendations, the effect of the speed
and reliability of news, the importance of timely and accurate news in
shaping strategies, the ease of trading through real-time news platforms,

and the increase in trading confidence due to social media.

The combined measure of social/news platform impact also showed
significant variation, confirming that overall perceptions are shaped by

occupational background.

The mean rank analysis further demonstrated that professionals and private
job holders consistently reported the highest influence scores for these
significant variables, indicating greater integration of these tools into their

trading practices.

Government employees showed high influence rankings in certain areas,
particularly in trading confidence and responsiveness; however, their

overall scores were lower compared to those of professionals.

Retired investors recorded the lowest mean ranks across most variables,
suggesting minimal engagement with social trading and real-time news

platforms.

Self-employed individuals and business owners reported moderate levels
of influence, with rankings varying depending on the specific factor

assessed.
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These findings suggest that while technological tools like social trading and
real-time news platforms are widely available, their adoption and perceived
usefulness differ considerably by employment status. This highlights the
need for targeted educational and training programs that address the unique
needs and usage patterns of different occupational groups, ensuring broader
and more effective utilisation of these platforms across the investor

community.

The study found that age plays a vital role in how investors adopt and use
social trading platforms and real-time news tools. Younger investors,
particularly those aged 18-25 and 26-35, are more likely to let social media
influence their trading decisions, follow peer recommendations, adjust their
strategies based on timely and accurate news, and gain greater confidence
in their trading through these platforms. They also reported the highest
overall impact from using these technologies, suggesting that they actively

integrate them into their investment routines.

The older investors, especially those above 55, reported much lower levels
of influence from social media and real-time news tools. Their trading
habits appear to be less affected by these technologies, indicating a

preference for more traditional approaches to decision-making.

Middle-aged investors showed moderate engagement, falling between the

younger and older groups in their reported influence levels.

Overall, the findings highlight a clear generational difference: younger
investors are more enthusiastic about embracing technology-driven tools,

while older investors remain comparatively cautious in their adoption.

The third objective of the study is to analyse the impact of technological
advancements in financial analytics on investment decision-making.
The study examined the effect of financial analytics tools on investor
decisions in the stock market. The critical findings relating to this objective

are listed below.
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The descriptive analysis showed that most participants leaned toward
agreement regarding the impact of financial analytics. Investors agreed that
tools like stock screeners, platform usability, and data dashboards helped

them in making decisions.

The highest agreement was noted in the variable about how the interface
and usability influenced their decision-making. This suggests that user-
friendly designs and smooth navigation in financial apps make a strong
impression on investors. Features that offer clean layouts and easy access
to key data points help investors make decisions faster and more

confidently.

Another variable with high support was that platform data shaped
investment choices. This suggests that when platforms offer structured
insights, such as charts, alerts, or summaries, investors tend to rely on these
instead of spending time collecting and interpreting raw data themselves.
This pattern suggests that modern investors want tools that simplify

decision-making by delivering direct and valuable information.

Some variables related to artificial intelligence showed slightly lower
agreement. Al boosting investor confidence and Al shifting the preference
toward automation had moderate scores. This indicates a cautious attitude
among some investors. While Al tools are available and widely promoted,
not every investor feels entirely comfortable trusting Al suggestions. Some
respondents may not fully understand how Al works or may feel uncertain
about relying on something they cannot control. The lower ratings in these
areas suggest that many investors still prefer manual checks or personal

judgement before making financial decisions.

Items like automation, reduced stock analysis time, also received average
responses. This means not all investors feel that automation significantly
saves time or reduces effort. Some may not know how to use these tools

efficiently or may not have access to advanced versions.
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The gender-based analysis revealed some apparent differences in
perception. Male investors showed stronger agreement across several
variables. In areas like Al-based stock selection, portfolio improvement,
and goal matching, males reported higher agreement. This suggests that
male investors are more inclined to trust analytics and utilise them in
making structured investment decisions. They also showed more

acceptance of Al influencing their preference for automation.

Female investors showed less agreement in most areas. This could be due
to lower confidence in digital tools, less exposure, or a preference for

traditional decision-making methods.

Some variables, like filtering tools and the use of platform data, showed no
strong gender-based difference. This means that when tools are simple and

directly helpful, both male and female investors find them useful.

The overall pattern shows that while both genders use financial analytics,
male investors appear more trusting of Al and analytics tools for making

critical decisions.

The education-wise comparison also showed meaningful results. Investors
with professional qualifications or diplomas showed a higher level of
agreement on most variables. For example, automation reduces stock
analysis time, and Al boosts confidence, showing higher agreement among
better-educated investors. This may be because more educated investors are
familiar with such tools or have more access to platforms that offer these
features. On the other hand, investors with SSLC education had lower

agreement across most variables.

In some cases, SSLC holders scored higher in variables like data shaping
decisions. This could be due to limited exposure to diverse tools, leading

them to depend more heavily on a few features that are simple to use.

Variables such as the usability of the interface and Al confidence showed

substantial differences across education levels. More educated investors
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gave higher scores, which shows they value smooth experiences and
advanced features. This may mean that education helps investors adapt to

newer tools, while less educated ones may rely more on familiar options.

The hypotheses tested under this objective are that there is a significant
difference in investment decision-making due to financial analytics tools
between male and female investors. The results of the Mann-Whitney U test
confirmed that male and female investors differ in their perceptions and use

of financial analytics tools.

The Kruskal-Wallis H test confirmed that investor responses also varied
significantly based on education level. Participants with professional
degrees and diplomas reported greater reliance on automation, usability,
and Al support for their decision-making. This indicates that both gender
and education play a role in determining the extent to which financial
analytics influence investor decisions. Therefore, the study found strong

support for both hypotheses H9 and H10.

The analysis revealed that perceptions of financial analytics tools in
investment decision-making vary notably across different age groups.
Younger investors, particularly those aged 18-25, tend to value automation,
artificial intelligence, and user-friendly interfaces far more than older
investors. They are more inclined to view automation as a means to save
time in stock analysis, and they trust Al to enhance their confidence in

making informed investment choices.

These younger groups also show a stronger preference for shifting from
manual investment practices to automated approaches. Ease of use and
intuitive platform designs are significant to them, influencing their

willingness to adopt and rely on these tools.

In contrast, older investors, especially those above 55, are less enthusiastic
about such technological features, showing lower reliance on automation

and Al. Middle-aged investors fall somewhere in between, with moderate
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appreciation for these advancements but less enthusiasm than the youngest

participants.

Overall, the findings suggest a generational divide, with younger investors
embracing technological innovations in financial analytics as an essential
part of their investment process. In comparison, older investors tend to be

more cautious and less reliant on these tools.

The fourth objective of the study is to assess the impact of mobile trading
apps of discount brokers on the stock trading behaviour of investors.
The responses collected under this objective showed that mobile trading
apps have a significant influence on various aspects of trading behaviour

among investors. The results of the analysis are described below.

The results reflected that investors see mobile apps of discount brokers as
tools that improve access, reduce cost, and make trading more convenient.
Investors agreed that features such as low brokerage fees, an easy-to-use

interface, and real-time access to data influence their decision-making.

The role of self-directed investing was also highlighted, where investors
felt that mobile apps give them more control and confidence. This is
because trading apps remove the dependency on brokers and reduce the

need for technical skills.

The data also indicated that the user-friendly design of the app is one of the
most valued features. This may be because investors prefer tools that are

simple to navigate and do not require extensive learning.

Some items in the responses showed slightly mixed opinions. Real-time
information from the apps did not receive the same level of agreement as
other features. It is possible that not all apps provide live data or that

investors are uncertain about the reliability of such data.
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Another area where opinions varied was the influence of apps on
participation in IPOs. While some investors use apps for IPO access, others

may still rely on traditional services.

The responses also showed moderate agreement on whether apps
influenced willingness to take a higher risk. This reflects a cautious
approach, where some investors may trade more due to the ease of access,
but are still not fully open to taking on risky trades through digital

platforms.

The combined response score reflected a consistent and strong perception
that mobile apps impact various dimensions of trading. The presence of a
slight standard deviation also showed that most responses did not deviate

much from the average, which supports the reliability of the finding.

Gender-based analysis showed that male and female investors responded
differently to mobile trading apps. Male investors showed stronger
agreement with statements related to trade frequency, cost saving, and
convenience. This may reflect a higher comfort level among males with

technology in general.

Male investors also showed higher scores in statements related to self-
directed investing and platform choice. This suggests that men feel more
confident in handling trades directly without relying on advisors. In
contrast, female investors had lower mean ranks in these areas. Female
investors may use apps for basic functions, but may not rely heavily on

them for making investment decisions.

The gender gap was also seen in items related to confidence, trading
volume, and perception of the future of trading. Male investors appeared to

be more optimistic and active when using mobile apps.

In some areas, such as interface design and access to information, both
genders received similar scores. This shows that when features are easy to

use or directly helpful, all users value them equally.
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The analysis based on education level revealed that respondents with higher
qualifications were more likely to rate mobile apps as applicable in their
trading activity. Participants with professional degrees and diploma holders
showed stronger agreement on statements related to interface, platform
choice, and risk-taking. Educated investors may better understand app
features and be more open to trying them. They may also have better access
to smartphones, the internet, and financial knowledge, which makes them

more engaged.

The analysis revealed apparent differences in how mobile trading
applications influence investors from different age groups in their stock
trading behaviour. Younger investors, especially those in the 18-25 age
group, were found to be the most influenced by mobile apps. They reported
higher responsiveness to app features such as frequent trading, real-time
decision-making, convenience in choosing trading platforms, improved
accessibility, and user-friendly interfaces. These investors were also more
willing to take risks, more likely to see apps as tools for learning and
enhancing investment knowledge, and more inclined to believe that mobile

trading apps shape the future of trading.

The 26-35 age group also showed strong influence from mobile app

features, though slightly less than the youngest group.

Middle-aged investors (aged 36—45 and 46-55) demonstrated moderate
levels of influence, utilising mobile app functionalities but not relying on

them heavily.

In contrast, investors aged 55 years of age showed the least impact from
mobile trading applications. Their trading habits were less influenced by
features such as real-time alerts, convenience, and app-based tools, possibly
due to lower technological adoption or a preference for traditional

investment methods.
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The study tested three hypotheses under this objective. Hypothesis H12
stated that there is a significant difference in stock trading behaviour
influenced by mobile trading apps between male and female investors.
Hypothesis H13 stated that there is a significant difference in stock trading
behaviour due to mobile trading apps among investors with different levels
of education. H14 stated that there is a significant difference in stock trading
behaviour due to mobile trading apps among investors with various age
groups. All these hypotheses were tested using the combined score of the
mobile app impact. The results showed a statistically significant difference

in all cases.

Overall, the findings suggest that mobile trading apps have a significantly
greater impact on the trading habits of younger investors compared to older
investors, with the youngest group exhibiting the highest engagement and

adaptability to app-based trading.

The fifth objective of the study is to examine the key factors influencing
the adoption of technological innovations and assess their impact on
investment behaviour among stock market investors. The findings of the
fifth objective explain how stock market investors adopt technology and
how their use changes their behaviour. The model used for this objective
was based on the extended Technology Acceptance Model. It included
constructs such as perceived usefulness, perceived ease of use, risk
perception, cost perception, attitude toward technology, facilitating

conditions, behavioural intention, actual use, and investment behaviour.

The results showed that the strongest factor affecting investment behaviour
was actual use. Investors who used mobile apps, robo-advisors, and Al-
based analytics more frequently exhibited greater changes in their
investment style. They traded more and employed more data-driven
methods. This change occurred indirectly, following a process of intention

and attitude. The first point in the process was the investor's perspective on
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technology. A positive attitude led to an intention, which in turn led to actual

use. Then the actual use created the changes in behaviour.

Attitude toward technology was shaped mainly by perceived usefulness and
perceived ease of use. When investors found fintech tools helpful in making
decisions and also found them easy to handle, their attitude toward them
improved. Investors believed that digital platforms facilitated trading,
provided accurate insights, and offered greater control. This positive feeling

made them more open to trying the technology.

Risk perception had the opposite effect. If investors thought the technology

was risky or unreliable, their attitude dropped.

Cost perception also reduced attitude, but not as much as risk. When
investors felt the tools were too expensive, they became less interested in

using them.

Facilitating conditions such as internet access, support from financial
providers, and government policy also played a role. These helped investors
feel more comfortable and increased their attitude toward technology. So,
attitude was a combination of how easy and helpful the technology felt and

how safe and supported the investor felt in using it.

Once attitude was formed, it affected behavioural intention. A positive
attitude made investors more likely to plan to use fintech tools. Among all
the paths to intention, attitude had the most substantial impact. Risk and
cost perception had minimal effect on intention. This indicates that once the
investor made up their mind and adopted a positive attitude, fears of risk

and cost became less critical.

Investors with a good attitude were more willing to try new tools. This
intention then evolved into actual usage. If someone planned to use digital
platforms, they usually did so. This use included checking Al suggestions,
following robo-advice, and using apps to place trades. So, the actual use

came from intention, and intention came from attitude.
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Facilitating conditions also helped actual use to some extent. For example,
having a stable internet connection or platform training made usage easier.
Risk and cost perception had little impact at this level. So, concerns about
safety and price mostly affected attitude, but did not continue beyond that.
Once the user intended to try, they followed through, despite any earlier

doubts.

The final part of the objective focused on how actual use changed
investment behaviour. This was the strongest finding. Actual use led to
changes, including more active trading, better risk-taking, and more
informed decision-making. Users of fintech tools became more involved in
the stock market. They paid more attention, used more data, and made more
confident choices. This shows that the behaviour of investors changed once
they started using the tools regularly. Cost and risk did not play a significant
role at this point. Instead, earlier positive experiences, training, and helpful

interfaces played a stronger role.

The results also showed several indirect paths. For example, perceived
usefulness did not directly affect investment behaviour, but instead did so
through attitude, intention, and actual use. The same pattern applied to
perceived ease of use and facilitating conditions. All these worked by first
improving attitude, which led to intention, which then became usage, and
then ultimately changed investment behaviour. Cost and risk perception
also had indirect negative paths—these reduced attitude and intention,
which then led to lower usage and behaviour change. However, the adverse
effect became smaller over the stages. In the early stage, risk and cost were
barriers, but they lost their impact once the investor developed a good

attitude and intention.

The hypothesis for this objective included the following: perceived
usefulness has a significant positive impact on attitude toward technology
(H15), perceived ease of use has a significant positive impact on attitude

toward technology (H16), risk perception has a significant negative impact
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on attitude toward technology (H17), cost perception has a significant
negative impact on attitude toward technology (H18), risk perception has a
significant negative impact on behavioural intention (H19), cost perception
has a significant negative impact on behavioural intention (H20), risk
perception has a significant negative impact on actual use (H21), cost
perception has a significant negative impact on actual use (H22), facilitating
conditions have a significant positive impact on behavioural intention
(H23), facilitating conditions have a significant positive impact on actual
use (H24), attitude toward technology has a significant positive impact on
behavioural intention (H25), behavioural intention has a significant positive
impact on actual use (H26), and actual use has a significant positive impact

on investment behaviour (H27).

The results supported the hypotheses H15, H16, H17, H18, H23, H24, H25,
H26, and H27. These findings indicated that usefulness, ease of use, and
attitude contributed to forming an intention, which in turn facilitated actual

use. Actual use created changes in investment behaviour.

The hypotheses H19, H20, H21, and H22 were not supported. These were
related to risk and cost perception in terms of behavioural intention and
actual use. These did not show strong statistical results. This suggests that
even if investors have concerns about risk and cost, these concerns do not
deter them from adopting technology, provided they have a positive
attitude. The findings confirm that investor behaviour is shaped more by
what they believe and feel than by practical issues like cost or safety. The
model used for this objective confirms that technology adoption in stock
market investment follows a chain of psychological and behavioural

processes that start from perception and end in real trading behaviour.

6.4 Conclusion

This study examined the impact of technological innovations on the investment

behaviour of stock market investors in Kerala. It focused on multiple digital tools.

These included algorithmic trading systems, advanced screeners, robo-advisors, social
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trading platforms, real-time news applications, financial analytics dashboards, and
mobile trading apps. The research explored how these tools shape investor decisions
and trading habits. The study addressed a gap in existing research. Past studies looked
at single technologies in isolation. Few have analysed how a combination of tools
influences investor behaviour. Little was known about differences by gender,
education, employment and age. Social trading and news platforms received limited
attention. The study aimed to fill these gaps and provide an applied perspective on

fintech adoption in a real-world market context.

The study used a mixed-method approach. It combined descriptive statistics, non-
parametric tests, and PLS-SEM. The primary data were collected through a structured
survey of 420 active investors. Respondents represented a diverse range of genders,
age groups, educational levels, and employment statuses. Descriptive analysis
measured tool usage and perceived impact. Mann-Whitney U and Kruskal-Wallis tests
were used to assess the effects of gender, age, employment status, and educational

level. PLS-SEM was employed to test the extended Technology Acceptance Model.

Objective one examined changes in investment behaviour due to technological
advancements. The study found that algorithmic trading emerged as the most decisive
influence. Investors noted that algorithms enhanced decision-making through data-
driven rules. Advanced screeners received high ratings for making stock selection a
structured and efficient process. UPI and other instant payment systems lowered
barriers to entry and led to higher trade participation. Mobile trading apps boosted
trading frequency by offering anytime access. Robo-advisors gained trust gradually
as users saw reliable recommendations. Auto rebalancing and smart order routing
showed a lower impact. These tools remained less known to occasional traders.
Blockchain influence proved moderate at best. Most investors did not see blockchain
directly in their trades. Overall, the study found that core fintech tools reshaped how
investors research, choose, and execute trades. The combined score for all tools
confirmed positive acceptance of digital solutions. However, awareness gaps remain

for complex features.
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Objective two focused on social trading and real-time news platforms. The Study
found that real-time news had a clear impact on trading habits. Investors reported that
instant updates allowed timely decisions. Speed and accuracy of news alerts drove
higher trading agility. Social platforms such as Twitter and Telegram influenced trades
through peer opinions and sentiment signals. Real-time alerts further reduced lag and
built a sense of control. Some investors perceived social trading as riskier than
personal analysis. They rated reliance on peer tips with caution. Peer
recommendations saw uneven acceptance. A subset of investors regularly used social
tips. Others stuck to independent research. The study concluded that social and news
platforms play a growing role in shaping trade timing and strategies. They serve as
both information hubs and confidence boosters. However, they also introduce new

risks when accuracy is uncertain.

Objective three analysed the impact of financial analytics tools on decision-making.
The study found that interface usability ranked highest. Investors valued clean
dashboards and intuitive navigation. Structured insights, such as charts and summary
metrics, helped save time. Basic filtering and screening features were widely accepted
across all groups. Al-driven tools for portfolio improvement and risk management saw
moderate adoption. Some investors have adopted Al recommendations for portfolio
allocation. Investors appreciated tools that support rather than replace personal
judgement. Overall, the study found that financial analytics foster more data-driven

decisions.

Objective four assessed the impact of mobile trading apps of discount brokers on
trading behaviour. The study found that apps greatly improved access and
convenience. Features such as low brokerage and user-friendly interfaces attracted
high ratings. Self-directed investing gained traction as apps removed broker
dependency. Real-time market data on apps enabled investors to react more quickly.
Some investors still questioned the reliability of live data. [PO participation via apps
varied by experience level. Frequent traders used app-based margin features more.
The overall positive scores and low variation in responses showed wide acceptance of

mobile apps. The study concluded that mobile apps transformed trading from a broker-
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led service to a self-service model. They empowered investors to act on insights, albeit

with caution in unverified conditions.

Objective five examined key factors influencing the adoption of technological
innovations and their effect on investment behaviour. The study tested an extended
Technology Acceptance Model. It linked perceived usefulness and ease of use to
attitude. It then connected attitude to behavioural intention. Actual use followed
intention. Finally, actual use drove changes in investment behaviour. The study found
that perceived usefulness and ease of use had a strong positive effect on attitude.
Investors formed positive feelings when they saw clear benefits and simple
operations. Risk perception and cost perception had a adverse impact on attitude, but
weaker ones. Facilitating conditions such as internet quality and provider support also
boosted attitude. Attitude proved the strongest predictor of intention. Once the
intention was formed, investors followed through with actual usage. Actual usage then
led to higher trading frequency, more data-driven choices, and greater willingness to
take calculated risks. Cost and risk concerns lost influence once positive attitudes led
to use. The study concluded that actual usage serves as the central driver of behaviour
change. It also showed that initial perceptions matter most at the attitude stage.

Facilitating conditions help at every step.
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7.1

Recommendations

Based on the findings of this study, some recommendations will be formulated to

attract the attention of stock market players, regulators, policymakers, and financial

services providers. The recommendations in this section are intended for retail

investors, discount and full-service brokers, fintech platforms, and government

authorities responsible for developing the regulatory framework in the stock market.

These recommendations aim to increase investor awareness, promote responsible

adoption of technological innovations, and foster a balanced and sustainable

investment world.

7.1.1

7.1.2

7.1.3

7.1.4

Simplify stock screeners with step-by-step guides. The Study found that
advanced screeners helped investors filter options quickly; easy-to-follow
instructions can increase use among occasional traders. It is advisable to

simplify the stock screeners so that all investors can use them.

Embed UPI and other instant payments directly in apps. The faster fund
transfers led to higher participation, and seamless payment flows can reduce

barriers to trade execution.

Optimise mobile apps for low-bandwidth environments. The Study found
that mobile access encouraged frequent trading, ensuring reliable performance

on slower networks can extend reach to rural users.

Publish regular performance summaries for robo-advisors. The growing
user trust in automated advice and concise reports on past recommendations

can reinforce confidence.
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7.1.5

7.1.6

7.1.7

7.1.8

7.1.9

7.2

Offer workshops on auto rebalancing and smart order routing. The Study
found that these tools had a lower impact; however, hands-on sessions can

raise awareness and skill among experienced traders.

Improve transparency of algorithmic trading parameters. Algorithmic
trading had the most decisive influence on behaviour; a clear display of rules

and past performance can boost investor trust and usage.

Create short tutorials on Al forecasting and sentiment analysis. The Study
reported mixed opinions on these tools; real examples of successful forecasts
can reduce hesitation. So short tutorials on Al forecasting and sentiment

analysis will help to increase the use of these tools by the investors.

Integrate verified real-time news and social trading feeds. Instant updates
shape trading habits, and curated alerts and community insights can guide
faster and safer decisions. It is advisable to integrate verified real-time news

and social trading feeds into the platforms themselves.

Design tailored training for female and lower-educated investors. The
Study revealed gender, age, employment, and education differences in
adoption; customised sessions can build confidence and help these groups use

advanced tools effectively.

Implications of the Study

The study has important theoretical and practical implications for the topic of stock

market

investment. Theoretically, it contributes to the existing body of literature on

the changes in the behaviour and the nature of their decision-making patterns resulting

from technological innovations. Practically, the results provide valuable insights for

investors, brokers, and policymakers who need to coordinate their strategies with the

evolving nature of the digital investment environment.
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7.2.1 Theoretical Implication

The findings strengthen technology adoption theory in financial contexts. Perceived
usefulness and ease of use shaped investor attitudes toward digital tools. Risk
perception and cost perception emerged as negative drivers at the attitude stage.
Facilitating conditions influenced both attitude formation and actual use, showing
their broader role in adoption models. Actual use explained behavioural change more
strongly than intention, refining the Technology Acceptance Model (TAM) by placing
usage at the centre of the causal chain. Attitude and intention remained relevant but
were not sufficient on their own. Demographic factors moderated key relationships.
Gender influenced trust in algorithmic trading and robo-advisors, while education
shaped the adoption of tools such as sentiment analysis and virtual trading. These
findings suggest that adoption models should include demographic segmentation. The
research also extended social learning theory by showing that social trading platforms
and real-time news shaped investor confidence through peer-based learning. Social
validation boosted confidence and led to action, which supports the integration of
digital peer networks into social cognitive theory. The study offered empirical support
for the diffusion of innovation theory in capital markets. It showed faster fintech
adoption among high-exposure groups and slower diffusion among occasional traders,
indicating that future theory should account for exposure and familiarity. It also
contributed to behavioural finance by linking the use of fintech tools with shifts in
decision-making patterns. Algorithmic systems and advanced screeners have changed
the way investors select and time trades. Manual checks remained relevant for Al tools
when trust was low. These findings suggest that theoretical models should distinguish
between assistive tools and fully automated systems. The study establishes a
connection between classic adoption theory and finance research, laying the

groundwork for future theoretical work in fintech behaviour.
7.2.2 Policy Implication

The findings inform regulatory and policy responses to the adoption of technology in
investing. Since ease of use shapes attitudes, regulators can mandate basic usability

standards for trading platforms, including straightforward navigation and concise
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labels. Facilitating conditions such as digital access and investor support influenced
actual use. This supports public investment in rural broadband and fintech literacy
programmes. Social trading platforms affected behaviour, making it essential for
regulators to require disclaimers and verified news feeds on such apps. Cost-related
concerns reduced adoption. Policymakers can review brokerage fees and encourage
pricing transparency. Zero-cost models for entry-level services may support broader
participation. Demographic differences were evident. Targeted training for women
and regional-language content could address inclusion gaps. Real-time news
influenced trading frequency. Equal access to reliable news feeds and smoother
licensing for aggregators could reduce information asymmetry. Features like auto-
rebalancing and smart order routing remained underutilised. Regulators can support
awareness campaigns and education partnerships with fintech providers. Together,
these steps can create a safer and more inclusive environment, reduce hidden costs,

and enhance the responsible use of advanced trading tools.
7.2.3 Practical Implication

The findings offer design and communication guidance for fintech firms. Usability
was a top concern for investors. Developers should prioritise simple dashboards with
key metrics prominently displayed and avoid using financial terminology. Perceived
usefulness strongly influenced positive attitudes. Marketing teams can highlight tool-
specific benefits, share case studies, and use interactive tutorials. Low awareness of
advanced features, such as auto-rebalancing, suggests a need for tutorials, tooltips,
and bundling options. Social feeds and news inputs influenced confidence. Firms
should oversee trusted content, provide source filters, and moderate community
forums. Demographic variations in adoption call for tailored onboarding flows. Firms
can offer video guides, regional language support, and onboarding tracks for different
user types. Active usage had the strongest link to behaviour change. Push notifications
and gamification can improve engagement. Usage analytics can help identify inactive
users and prompt re-engagement through custom tutorials. These actions can drive

adoption and better engagement across user segments.
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7.2.4 Research Implication

The study lays the groundwork for future research in technology adoption in financial
markets. Its design, based on Indian retail investors, can be replicated in other
countries or among institutional users to test for generalisability. Future studies can
benefit from combining survey data with platform-generated usage logs to improve
behavioural validity. In addition to gender and education, age and employment status,
future models can explore moderators such as income, risk tolerance, and location
using multi-group SEM. Social trading emerged as a significant influence,
highlighting the value of social network analysis in mapping information flow and
peer influence. Misinformation patterns on platforms also merit further study. The
mixed adoption of advanced features necessitates the use of qualitative methods,
including interviews and user testing, to gain a deeper understanding of adoption
barriers. Findings can inform the design of pilot interventions and trials. Though
focused on equity markets, this framework can be applied to cryptocurrency markets,
where risk perceptions may differ. Overall, the study outlines future directions for

theory, method, and domain-specific fintech research.
7.3  Scope for Future Research

The current research can serve as a valuable source of information about the influence
of technological innovations on the investment patterns of stock market investors;
however, it also introduces a variety of prospective research areas. Financial markets
and technology are continually evolving, offering opportunities to expand this
research through the exploration of new tools, investor segments, and geographical
analysis. Future research can further develop the present study to enhance the
information regarding how digital development keeps on changing the way

investments are conducted and how the market is participated.

7.3.1 Adoption of Auto Rebalancing Routing among Retail Investors
This study will investigate why this tool has a low impact and how awareness

and usage differ between occasional and regular traders.
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7.3.2

7.3.3

7.3.4

7.3.5

7.3.6

7.3.7

7.3.8

Demographic Influences on Algorithmic Trading Adoption: This research
will analyse how gender and education shape trust in algorithmic systems and

drive differences in usage patterns.

Impact of Embedded Instant Payments on Investor Participation: This
project will assess how integrating UPI into trading platforms affects trade

frequency and market entry for retail investors.

Trust and Use of Robo Advisors across Investor Experience Levels: This
research will explore how novice and experienced investors differ in

acceptance of automated portfolio advice.

Investor Perceptions of Al Forecasting Tools and Adoption Barriers: This
project will measure factors that drive or hinder the use of artificial intelligence

predictions in decision-making.

Effects of Sentiment Analysis on Retail Investor Confidence: This research
will evaluate how sentiment signals shape trade timing, risk-taking, and

confidence in market moves.

Peer Influence in Social Trading Platforms by Gender and Education:
This study will map how social validation from online groups affects trading

choices among different demographic segments.

Role of Real-Time News Feeds in Shaping Long-Term Trading Strategies:
This project will track how the use of instant news services influences portfolio

performance and strategy evolution over time.
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Appendix I
Serial No:

QUESTIONNAIRE

IMPACT OF TECHNOLOGICAL INNOVATIONS ON THE
INVESTMENT BEHAVIOUR OF STOCK MARKET
INVESTORS

Respected Sir/ Madam

I am Aghilesh M, a research scholar undertaking a Ph.D in the Post Graduate and
Research Department of Commerce, Government College, Madappally, Vatakara. My
Ph.D. thesis is based on the topic, “Impact of Technological Innovations on the
Investment Behaviour of Stock Market Investors”. The aim is to provide a credible
and original opinion on the impact of technological innovations on the investment
behaviour of stock market investors in Kerala. The supplied information will be
confidential and used solely in the research. I would appreciate it if you could take the
time to fill out the questionnaire.

Thanking you for your kind cooperation

Demographical Profile
Sl Categor Options
No gory p
1 | Gender a. Male b. Female c. Other
a. 18-25 b. 26-35 c. 36-45
2 | Age
d. 46-55 e. Above 55
a. SSLC
b. Plus Two/Diploma or equivalent
3 Level of c. Degree
Education d. PG
e. Professional Degree
f. Others
a. Government Job b. Private Job
4 Employment c. Self-Employed d. Business
Status e. Retired f. Professional
g. Others
5 Level of Risk a. Low b. Medium c. High
Tolerance




a. Less than 25,000 b. 25,000 to 50,000

6 | Monthly Income
c. 50,000 - 1,00,000 d. 1,00,000 and above

Type of a. Full-Service Broker b. Discount Broker
Stockbroker Used | ¢. Both

Objective 1: To Evaluate Changes in Investment Behaviour Due to Technological

Advancements

Scale: 1 Strongly Disagree, 2 Disagree, 3 Neutral, 4 Agree, 5 Strongly Agree.

No Statement 1 2 3 4 5

Blockchain technology in stock trading has
increased trust and security.

High-frequency trading (HFT) has led to
increased trading frequency.

Algorithmic trading has encouraged data-driven
investment decisions.

Artificial intelligence (Al) in stock market
4 | predictions has improved accuracy in
forecasting stock trends.

Robo-advisors have increased reliance on

> automated financial advice.

6 Advanced stock screeners have helped in better
selection of stocks.

7 Discount brokers have lowered trading costs
and increased accessibility.

3 Intraday trading platforms have increased
participation in short-term trading.

9 Mobile trading apps have made investing more
convenient and frequent.

10 UPI and digital payment systems have enhanced
ease of transactions in stock trading.

1 Smart order routing systems have improved

efficiency in executing trades.
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No Statement 4 | 5
Real-time market alerts and Al-driven

12 | notifications have enabled timely decision-
making.

13 Automated portfolio rebalancing has helped in
better risk management and diversification.
Sentiment analysis tools for trading have

14 | influenced investment decisions based on news
sentiment.

Virtual trading platforms (simulated trading)

15 | have improved learning and stock market
experimentation.

Objective 2: To Evaluate the Influence of Social Trading and Real-Time News

Platforms on Trading Habits

Response Scale: 1 No Influence, 2 Slight Influence, 3 Moderate Influence, 4 Strong

Influence, 5 Very Strong Influence

my investment strategies.

SI. No Statement 5

1 Social media information has influenced
my stock trading decisions.
Stock trading based on social media

2 information is riskier than self-analysis
and traditional methods.
Advice and recommendations from fellow

3 investors on social media platforms have
influenced my trading decisions.

4 Real-time news platforms have influenced
my stock trading decisions.

5 The speed and reliability of real-time news
feeds have influenced my trading habits.
The accuracy and timeliness of news from

6 real-time news platforms have impacted

iii



SI. No Statement 1 2 3 4 5

The ease of use and accessibility of real-
7 time news platforms have influenced my
stock trading.

Social trading platforms have influenced
my frequency of stock trading.

Discussions on social media have
9 influenced my confidence in making stock
trading decisions.

Real-time news alerts and updates have
10 | influenced my ability to react quickly to
stock market movements.

Objective 3: To Analyze the Impact of Technological Advancements in Financial

Analytics on Investment Decision-Making

Response Scale: 1 No Impact, 2 Slight Impact, 3 Moderate Impact, 4 Strong Impact,

5 Very Strong Impact
S1. No Statement 1 2 3 4 5

1 Advanced stock analytics tools have
impacted the way I filter and select stocks.
Al-driven financial analytics tools have

2 improved the accuracy of my stock
selection.
Automated stock analysis tools have

3 reduced the time I spend on stock
selection.

4 Financial analytic tools have improved the

performance of my investment portfolio.

Al-powered financial analytics have
5 increased my confidence in making
investment decisions.

Financial analytics tools have influenced
6 how I identify stocks that match my
investment goals.
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SI. No Statement 5

Data provided by financial analytics

7 platforms have influenced my investment
choices.
Financial analytics tools have helped me

8 manage risk by evaluating stocks based on
risk tolerance.
The usability and interface of financial

9 analytics tools have influenced my
investment decision-making.
Al-driven financial analytics tools have

10 changed my preference from manual stock

research to automated insights.

Objective 4: To Assess the Impact of Mobile Trading Apps on Stock Trading

Behaviour in Kerala

Response Scale: 1 No Impact, 2 Slight Impact, 3 Moderate Impact, 4 Strong Impact,

5 Very Strong Impact
SI. No Statement 5
1 Mobile trading apps have impacted my

stock trading frequency.

Lower brokerage fees offered by mobile
trading apps have impacted my trading
activity.

Real-time market information from
mobile trading apps has impacted my
trading decisions.

The convenience of mobile trading apps
has impacted my choice of trading
platforms.

Mobile trading apps have impacted the
accessibility of stock trading for retail
investors.

Mobile trading apps have impacted my
preference for self-directed investing.




SI. No Statement 1 2 3 4 5

The user-friendly interface of mobile
7 trading apps has impacted my trading
experience.

Security concerns regarding mobile
8 trading apps have impacted my
confidence in online trading.

Mobile trading apps have impacted my
9 willingness to take higher risks in
investments.

The ability to track and manage
10 investments through mobile apps has
impacted my trading behaviour.

Research and educational resources on
11 mobile trading apps have impacted my
investment knowledge.

The service quality of mobile trading
12 apps has impacted my decision to trade
with them over full-service brokers.

Mobile trading apps have impacted my

13 participation in IPO investments.

Margin trading options on mobile trading

14 apps have impacted my trading volume.

The rise of mobile trading apps has
15 impacted my perception of the future of
stock trading in Kerala.

Objective 5: To analyze the impact of technological innovation adoption on
investment behaviour among stock market investors.

Response Scale: 1 Strongly Disagree, 2 Disagree, 3 Neutral, 4 Agree, 5 Strongly
Agree.

Construct Measurement Item 11213 4 5

Digital investment platforms enhance

Perceived | my investment decision-making process.
Usefulness
(PU) Al-driven analytics provide valuable

insights for my investment strategies.
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Construct

Measurement Item

Mobile trading applications facilitate
efficient trading activities.

Robo-advisors assist in optimizing my
investment portfolio.

Blockchain technology improves the
security of my financial transactions.

Perceived
Ease of Use
(PEOU)

Learning to operate digital investment
platforms is straightforward.

Executing trades via mobile applications
is user-friendly.

Al-based investment tools offer
comprehensible recommendations.

Managing my portfolio with robo-
advisors requires minimal effort.

Navigating fintech platforms is intuitive
and simple.

Risk
Perception
(RP)

Investing through digital platforms
carries significant risks.

I worry about potential security threats
when using fintech solutions.

Automated trading increases the
possibility of financial losses.

I find Al-driven stock recommendations
unreliable.

I am concerned about the accuracy of
robo-advisors in volatile markets.

Cost
Perception
(CP)

Mobile trading apps reduce my overall
trading costs.

Al-powered investment tools offer cost-
effective market insights.

The subscription fees for advanced
fintech tools are reasonable.

The cost of using mobile trading apps is
lower than traditional brokers.

vii



Construct

Measurement Item

Robo-advisors offer better value than
human financial advisors.

Attitude
Towards
Technology
(ATT)

I feel comfortable using Al-powered
investment solutions.

I am optimistic about the role of fintech
in financial markets.

Using digital investment platforms is an
enjoyable experience.

I believe fintech will dominate stock
market investing in the future.

The convenience of technology makes
me more willing to invest.

Facilitating
Conditions
(FC)

I have access to necessary resources to
use fintech-based investment platforms.

I receive adequate support and training
to use investment technology tools.

My financial service provider
encourages the use of digital investment
tools.

I have a stable internet connection to
access trading platforms.

Government policies support the
adoption of fintech in stock trading.

Behavioral
Intention
(BD)

I intend to continue using digital
investment platforms.

I plan to increase my use of Al-powered
investment tools.

I will rely more on fintech solutions for
investment decisions.

I am likely to recommend mobile trading
apps to others.

I prefer automated investment strategies
over traditional ones.

Actual Use
(AU)

I frequently use mobile trading apps to
buy and sell stocks.

viii
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Construct

Measurement Item

I rely on robo-advisors for portfolio
recommendations.

I use Al-powered analytics before
making investment decisions.

I have transitioned from traditional
brokers to discount brokers due to
technological advancements.

I execute most of my trades using digital
investment platforms.

Investment
Behavior
(IB)

Technology-based investment platforms
have increased my trading frequency.

Fintech tools have influenced my shift
from short-term to long-term investing.

I take more calculated risks due to
access to Al-powered analytics.

Social trading platforms have influenced
my investment decisions.

Mobile trading apps have made me more
engaged in stock trading.
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