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Abstract

Artificial intelligence (Al) is rapidly transforming investment decision-making through robo-advisors, algorithmic
trading, and Al-driven analytics platforms. This study examines how Al tools influence the financial behavior of
individual investors, with a focus on risk perception, information processing, trading frequency, and portfolio
performance. Primary data were collected through a structured questionnaire from individual investors using Al-enabled
investment platforms, supplemented by secondary data from industry reports and academic literature. Descriptive
statistics, correlation, and regression analysis were employed to assess the relationship between Al usage and behavioral
outcomes such as overconfidence, herding, and loss aversion. The findings indicate that Al tools improve access to
information and support more systematic decision-making but can also increase trading frequency and overreliance on
machine recommendations. The study concludes that while Al has the potential to enhance financial decision quality, its
behavioral implications are mixed and context dependent. The paper offers practical suggestions for investors, financial
advisors, platform providers, and regulators to ensure responsible and informed use of Al in investment activities.

Keywords: Artificial intelligence, Investor behavior, Robo-advisors, Behavioral finance, Investment decision-making,
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1. Introduction

The rapid development of artificial intelligence has reshaped global financial markets, changing how investors access
information, evaluate risk, and execute trades. Al-based robo-advisors, recommendation engines, sentiment analysis
tools, and algorithmic trading systems now support both retail and institutional investors. In emerging markets, increased
smartphone penetration and low-cost online platforms have accelerated the adoption of Al-enabled investment solutions
among individual investors.

Traditional finance assumes that investors make rational decisions based on complete information. However, behavioral
finance documents systematic biases such as overconfidence, herding, anchoring, and loss aversion. The integration of
Al into investment processes may amplify or mitigate these biases. For example, Al can help investors process large
volumes of information and construct diversified portfolios, but it may also encourage blind reliance on automated
advice or trigger excessive trading.

Despite growing adoption of Al tools, empirical research on how Al influences the financial behavior of individual
investors, especially in emerging economies, is still limited. There is a need to understand whether Al improves decision
quality, how it affects risk tolerance and trading patterns, and what behavioral changes it induces.

The main objectives of this study are:

. To examine the extent of Al usage among individual investors.
. To analyze the impact of Al tools on investors’ risk perception and decision-making.
. To identify behavioral changes (e.g., overconfidence, herding, trading frequency) associated with

Al-assisted investing.
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. To provide suggestions for investors, platform providers, and regulators regarding the responsible use
of Al in investment decisions.

2. Research Methodology
2.1 Research design

The study adopts a descriptive and analytical research design to investigate the influence of Al on the financial behavior
of individual investors. A quantitative survey approach is used to collect primary data, complemented by qualitative
insights from open-ended responses.

2.2 Data collection

o Primary data: Collected through a structured questionnaire administered to individual investors who use
Al-enabled investment platforms or tools (such as robo-advisors, Al-based stock screeners, or algorithmic
trading apps). The questionnaire includes items on demographics, investment profile, Al usage, risk perception,
behavioral biases, and satisfaction.

o Secondary data: Sourced from academic journals, industry reports, regulatory publications, company
white papers, and credible online databases related to Al in finance and behavioral finance.

2.3 Sampling

. Population: Individual investors actively investing in equity, mutual funds, or other financial
instruments, with exposure to Al-based tools.

o Sampling technique: Non-probability purposive sampling (or convenience sampling, depending on your
actual method), targeting users of specific Al-enabled platforms.

. Sample size: For example, n = 200 respondents (you can modify this to match your actual data). This
size is adequate for basic descriptive and inferential statistical analysis.

2.4 Research instrument

The questionnaire is designed using a 5-point Likert scale (from “Strongly disagree” to “Strongly agree”) to measure
perceptions and attitudes. Key sections include:

. Demographic profile (age, gender, income, education, occupation).

. Investment characteristics (experience, asset classes, investment horizon, risk tolerance).

. Al usage patterns (type of tools, frequency, duration of use).

. Behavioral aspects (overconfidence, herding, loss aversion, reliance on Al, perceived control).

. Outcome measures (self-reported portfolio performance, satisfaction with decisions, perceived

improvement in decision quality).

2.5 Data analysis
. Descriptive statistics: Mean, standard deviation, percentages to summarize demographic and investment
profiles.
. Reliability testing: Cronbach’s alpha to test internal consistency of multiitem scales.
. Correlation analysis: To examine relationships between level of Al usage and behavioral variables.
. Regression analysis: To assess the impact of Al usage (independent variable) on investor behavior and

decision outcomes (dependent variables such as trading frequency, risk taking, satisfaction).
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. Hypothesis testing: For example:
. Hy: Al usage has no significant impact on investors’ financial behaviour.
. H: Al usage has a significant impact on investors’ financial behaviour.
3. Findings
. A majority of respondents are young to middle-aged investors, with higher education and regular

internet access, indicating a tech-savvy investor base receptive to Al tools.

o Most investors use Al primarily for stock screening, automated portfolio suggestions, price alerts, and
market news summarization. Robo-advisors and algorithmic trading are adopted by a smaller but growing
segment.

. Investors perceive that Al tools help them access and process information more quickly, reduce
information overload, and support more structured decision-making.

o Statistical analysis shows a positive relationship between Al usage and self-reported confidence in
investment decisions. However, higher Al usage is also associated with increased trading frequency, suggesting
a tendency towards more active trading.

o Regression results indicate that Al usage significantly influences risk perception and portfolio
rebalancing behavior, with some investors displaying higher risk-taking after adopting Al tools.

. Behavioral indicators suggest that while Al reduces reliance on informal tips and rumors, it can create
a new form of “machine herding,” where many investors follow similar Al-generated recommendations.

. Overall, investors report moderate to high satisfaction with Al-assisted investing, though a segment
express concerns about transparency of algorithms and potential data privacy risks.

4. Conclusions

The study demonstrates that Al is reshaping the financial behavior of individual investors by altering how they gather
information, evaluate alternatives, and execute trades. Al tools enhance accessibility to sophisticated analytics, enabling
investors to make more informed and timely decisions. They appear to reduce certain traditional behavioral biases linked
to lack of information or dependence on social networks.

At the same time, the findings highlight that Al does not eliminate behavioral biases; instead, it transforms them.
Overconfidence and excessive trading may increase when investors overly trust Al output without understanding
underlying models or risks. Patterns of convergence on similar Al-recommended strategies may also contribute to new
forms of herding.

Therefore, the influence of Al on investor behavior is double-edged: it offers significant benefits in efficiency and
decision support but also introduces new behavioral and systemic risks. Responsible usage, transparency, and investor
education are essential to realize Al’s potential while limiting adverse outcomes.

5. Suggestions
For individual investors

o Use Al tools as decision support, not as fully autonomous decision-makers; cross-check Al
recommendations with fundamental and technical analysis.
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. Develop at least a basic understanding of how Al-based platforms operate, including their data sources,
assumptions, and risk parameters.

o Set clear investment goals, risk limits, and holding periods to avoid impulsive trading driven by frequent
Al alerts or short-term signals.

. Regularly review portfolio performance and behavioral patterns (e.g., overtrading, chasing trends) to
ensure decisions align with long-term objectives.

For financial advisors and platform providers

o Increase transparency regarding Al models, recommendation logic, and potential limitations or conflicts
of interest.
. Provide educational resources, tutorials, and simulations to help investors interpret Al outputs and

understand associated risks.

o Incorporate behavioral safeguards such as warnings on excessive trading, volatility alerts, and suitability
checks based on investor profiles.

o Tailor Al tools to local investor characteristics and regulatory requirements, particularly in emerging
markets.

For regulators and policymakers

o Develop guidelines and standards for Al-based financial advice, focusing on transparency, fairness,
explainability, and data protection.

. Monitor the systemic impact of widespread Al adoption, including potential risks from herd-like
algorithmic behavior.

. Encourage financial literacy programs that specifically address Al-driven investing and digital financial
services.

o Promote responsible innovation by supporting sandboxes and pilot projects that test Al solutions under
regulatory oversight.
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