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A Case Analysis of Artificial Intelligence-Based Financial
Systems Aimed at Mitigating Investor Behavioral Biases®
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The field of behavioral finance has extensively explored the ways in which cognitive biases and irrational
decision-making patterns adversely affect the investment performance of individuals. This research
investigates how investor biases can be addressed within digital platforms by combining insights from
behavioral finance with the capabilities of artificial intelligence (AI). Through an analysis of robo-
advisory services such as Betterment and Wealthfront, as well as Korean fintech platforms including
Kakao Pay Securities and Toss, this study explores how behavioral finance principles are practically
implemented in digital investment environments. The findings indicate that tailored, Al-powered
investment guidance, along with automated portfolio strategies and digital nudging methods, can play a
significant role in reducing cognitive biases such as overconfidence and loss aversion. This combined
strategy demonstrates considerable promise in fostering more stable and rational investor behavior,
ultimately contributing to improved long-term financial performance. Also the study discusses the
practical implications and limitations of Al-based digital behavioral finance strategies and proposes
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future research directions.
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| . Introduction

Traditional financial theory assumes that
investors make rational decisions: however,
research in behavioral finance has consistently
shown that investor behavior is often shaped
by cognitive errors and psychological biases.
For instance, overconfidence can lead investors

to engage in unnecessary trading, and loss

aversion may cause irrational selling during
market downturns, negatively impacting in-
vestment performance (Kahneman & Tversky,
1979: De Bondt & Thaler, 1985; Barber &
Odean, 2002).

To address these behavioral pitfalls, finan-
cial institutions and regulators have im-
plemented various strategies, such as investor
education programs and financial coaching

interventions (Theodos et al., 2015: Financial
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Conduct Authority, 2020). Al-based algorithms
can analyze large volumes of investor behav-
ior data to detect bias patterns and deliver
timely, tailored nudges through digital chan-
nels (D'Acunto et al., 2019; Lee, 2019).

However, despite the growing real-world
adoption of Al-powered technologies, empiri-
cal case studies examining their application
remain limited. Accordingly, this paper aims
to bridge the gap between theoretical frame-
works and practical applications within the
domain of behavioral finance.

To achieve its research aims, this study com—
pares how each digital investment platform
detects specific behavioral biases and exam-
ines the respective strategies such as Al al-
gorithms, user experience (UX) design, and
content delivery implemented to mitigate them.
Through this comparative analysis, the study
assesses the extent to which behavioral finance
theories are operationalized within digital
investment platforms, evaluates their effec-
tiveness, and derives implications for advancing
investor protection and fostering innovation
in the financial sector.

Building on the foundations of Prospect
Theory (Kahneman & Tversky, 1979) and
Sunstein’'s (2016) concept of digital nudging,
this study explores how two robo-advisors
from the U.S. and two fintech platforms from
South Korea approach user decision-making.
While Prospect Theory sheds light on cogni-
tive tendencies like loss aversion, Sunstein’s
model provides insight into how features such

as default settings and visual prominence can

be used to mitigate these biases within digital
interfaces.

Il. Literature Review

Investor behavior, as analyzed through the
lens of behavioral finance, reveals the pres-
ence of several recurring cognitive distortions
including overconfidence, loss aversion, con-
firmation bias, and the disposition effect that
frequently lead to suboptimal financial decisions.
Overconfidence often drives investors to trade
excessively and underestimate risks, which
can lead to overly concentrated portfolios and
unfavorable long-term investment performance.
Loss-averse investors tend to hold on to losing
assets too long while selling winners too early.
Herd behavior also causes investors to blindly
follow market trends, leading to distorted as-
set allocation and ill-timed decisions (Shefrin
& Statman, 1985; Thaler & Sunstein, 2008).

Traditionally, financial planners used nudging
and education to address these. Examples in—
clude automatic enrollment and savings plans,
or alerts when investors deviate from pre-
defined rules. However, human-based advice
is costly and limited in scalability, and its
impact depends on investor compliance (Benartzi
& Thaler, 2004). This case study draws its
foundation from scholarly work in behavioral
finance and digital nudging. To ensure a bal-
anced and rigorous analysis, both academic

research and industry materials—including
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peer-reviewed publications—were reviewed
and integrated into the evaluation process.

Al technology is therefore emerging as a
promising solution to address these limitations.
Block chain-based digital assets have also
attracted attention as tools that influence
investment behavior by encouraging user par-
ticipation (Jung et al., 2022). Rossi & Utkus
(2020) found that robo-advisors mitigate be-
havioral inconsistencies commonly seen in hu-
man advisors, helping to reduce home bias,
concentration in single stocks, and investments
in high-cost funds thereby improving risk-
adjusted returns

Meanwhile, digital nudging using UI/UX
design and algorithms to influence behavior is
gaining attention. Benartzi et al. (2007) em-
phasized that small design changes on digital
platforms can significantly influence financial
decisions. In Korea, the case of mobile wallet
services also demonstrates that UX/UI can
affect financial behavior. However, while dig-
ital nudges can improve investment outcomes
when applied ethically, they may undermine
investor protection if misused (Lee & Kim,
2015).

Beyond interface design, the structure of fi-
nancial products themselves can also shape
behavior. For instance, the embedded option
features in loan products have been shown to
significantly affect individuals” risk perception
and financial decision-making (Han & Kang,
2015). Also, However, regulatory barriers con-
tinue to hinder fintech innovation in Korea.
Son et al. (2019) further noted that the lack

of institutional infrastructure and the pres-
ence of regulatory constraints in Korea have
hindered the creation of a supportive envi-
ronment for fintech development and a strong
foundation for the growth of innovative firms.

Thus, designing Al algorithms that priori-
tize investor welfare is crucial (Dietvorst et
al., 2015). To prevent risks from biased algo-
rithms or faulty data, ongoing human over-
sight and validation are essential. Han et al.
(2020) suggest that certain anomalies ob-
served in the Korean stock market—such as
overreaction and momentum—may stem from
data mining artifacts rather than genuine be-
havioral tendencies, thereby emphasizing the
importance of rigorous empirical validation.
The reviewed literature indicates that although
the integration of behavioral finance with Al
holds significant potential, its effective ap-
plication requires thoughtful and deliberate

design.

IIl. Methodology

This study adopts a deductive, explanatory
case study approach to compare how estab-
lished behavioral finance theories manifest
across different fintech platforms. Following
Yin's (2018) multiple-case study design, this
research does not seek to inductively build new
theory but rather focuses on applying and
illustrating existing theories, particularly

Prospect Theory and digital nudging principles,
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within real-world contexts. Four Al-driven
investment services Betterment and Wealthfront
in the United States, and Kakao Pay Securities
and Toss in South Korea were selected for
comparative analysis. The analysis utilizes
theoretical concepts as a lens to examine how
each platform addresses or mitigates investor
biases, including loss aversion, overconfidence,
and status quo bias. To facilitate a clear cultural-
and regulatory-context comparison, two cases
were drawn from the United States and two
from South Korea, markets that both lead
in Al-enabled finance yet differ markedly in
oversight regimes.

Cases were selected through purposive sam-
pling based on clearly defined criteria. First,
each platform had to be an Al-based robo-
advisor or similar service known for incorporating
behavioral design or digital nudging into their
user experience. Second, the selected plat-
forms were required to have significant mar-
ket prominence: Betterment and Wealthfront
are leading robo-advisors in the U.S., while
Kakao Pay Securities and Toss are highly in-
fluential fintech investment apps in Korea.
Third, transparency of information was critical,
with selected companies publicly disclosing
sufficient information on their Al-based strat-
egies and behavioral finance applications.
Finally, two platforms from each country were
chosen to facilitate cross-cultural and regu-
latory context comparisons.

Data collection was conducted entirely through
desk research utilizing secondary sources. No

interviews or surveys were conducted. Data

primarily encompassed publicly available docu-
ments published between 2020 and 2025, in-
cluding official company reports, industry
analyses, academic literature, and news articles.
Specific data sources and examples are de-
tailed in Table 1.

The data analysis employed a theory-driven
interpretative approach without quantitative
coding or specialized software (e.g., NVivo).
The researcher systematically reviewed re-
ports and literature, identifying linkages be-
tween theoretical constructs from Prospect
Theory and digital nudging and each platform's
practical features. Emphasis was placed on
understanding and explaining the context and
methods by which platforms mitigated specif-
ic behavioral biases according to theoretical
frameworks.

Triangulation was employed to enhance
credibility and validity. Cross-verification of
different sources (corporate, academic, and
journalistic materials) was conducted to en-
sure consistency. Additionally, cross—case anal-
ysis was utilized to identify similarities and
differences in bias-mitigation strategies across
cultural and regulatory contexts. Through
this process, triangulation of multiple data
sources and comparative analysis across cases
strengthened the reliability and validity of

the study's interpretations.
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IV. Fintech Case Studies

4.1 Betterment: Automated Management to
Minimize Emotional Decisions

Betterment helps investors maintain con-
sistent long-term investing by minimizing
emotional involvement through its robo-advisor
platform, automating principles such as dollar-
cost averaging and diversification (Financial
Planning Association, 2024).

This approach aligns with previous academic
studies, which indicate that robo-advisors
significantly reduce losses during sharp mar-
ket declines compared to direct investing, im-
prove investors tendencies toward overtrading
and biased holdings (e.g., disposition effect,
trend-chasing), and enhance risk-adjusted
returns through increased portfolio diversifi-
cation (Liu et al., 2023).

D’Acunto et al. (2019) provide empirical
support for this behavioral influence, reporting
that following the adoption of robo-advisors,
investors exhibited a marked reduction in
overtrading and behavioral biases—such as
the disposition effect and trend-chasing—while
enhanced portfolio diversification led to im-
proved risk-adjusted performance. Ultimately,
Betterment's application of behavioral economics
—through automated systems and digital in-
terventions—serves to suppress emotional and
irrational investor behavior, thereby supporting
performance stability by encouraging a long-

term investment perspective, even amid sig-

nificant market fluctuations.

4.2 Wealthfront: Al-based Personalized
Financial Planning

Wealthfront incorporates principles of behav-
ioral economics into its Al-powered financial
planning through three primary functionalities.
personalized risk assessment, automated lig-
uidity control, and systematic savings features
(Wealthfront, n.d.). By anchoring its risk
assessment framework in academic research,
Wealthfront evaluates both the investor's emo-
tional sensitivity to risk and their objective
financial capacity to bear it. This methodology
reduces the distortions caused by cognitive
biases, promoting investment choices that are
better aligned with each client’s risk prefer-
ences and long-term financial goals.

In liquidity management, Wealthfront en-
courages users to maintain dedicated cash
reserves, an approach informed by mental ac-
counting theory. According to the behavioral
life-cycle hypothesis, people segment their
wealth into different mental “accounts” (e.g.,
current savings vs. future investments), ex-
hibiting increased self-control over funds des-
ignated for long-term goals. By separating
short-term liquidity from retirement portfolios,
Wealthfront leverages this natural tendency,
thus helping clients avoid impulsive withdrawals
and preserving their long-term assets.

Wealthfront's automated saving feature, ex-
emplified by its Autopilot system, leverages

behavioral tools such as default settings and
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commitment devices to promote more consistent
saving behavior. Previous research suggests that
automation effectively combats procrastination
and decision inertia, as evidenced by programs
in which individuals commit a portion of their
future income to savings in advance. As a re-
sult, users are subtly guided toward accumu-
lating adequate emergency savings and main-
taining consistent investment habits with min-
imal active effort. By incorporating behavioral
design principles, Wealthfront's Al-driven
planning demonstrates how technological tools
can effectively translate behavioral insights
into mechanisms that foster sound financial
practices and enhance users overall financial

well-being.

4.3 Kakao Pay Securities: Daily Al Financial
Assistant

Kakao Pay Securities, launched in 2021 by
Korea's fintech leader Kakao Pay, quickly
gained users by promoting “everyday investing.”
This reflects a broader strategy among SNS
companies to enter financial markets using
platform familiarity and integrated services a
model exemplified by Kakao, as noted by Kim
& Han (2020). A key feature is the introduction
of a digital financial assistant embedded in
the app. In 2024, Kakao Pay launched the
“Chunsik” Financial Assistant, an Al-based
tool that analyzes users financial data such
as income, spending, and assets to recommend

timely financial actions (Korea Economic Daily,
2024).

From a behavioral finance perspective, of-
fering advice through casual language and
characters lowers cognitive load and increases
accessibility for novice investors. Kakao Pay
Securities also promotes micro-investing through
features like round-up investments and au-
tomated recurring contributions, encouraging
users to build assets effortlessly. This approach
resembles the “Save More Tomorrow concept
of Benartzi & Thaler (2004).

Importantly, Kakao Pay highlights the goal
of bridging information asymmetry in Korea's
financial market. The assistant helps less ex-
perienced users manage assets more system-
atically by identifying overlooked opportunities.
For example, if a user holds excess cash, it
may prompt, Deposit rates are X%. Considering
inflation, the real value is declining. Would
you consider investing a portion?”

In summary, Kakao Pay Securities offers a
localized model of Al-based behavioral finance,
guiding users through daily financial decisions.
However, over-reliance on algorithmic advice
may hinder financial judgment or raise con-
cerns about accuracy and ethics. Still, it pres-
ents a pioneering case of applying behavioral
finance principles to a digital platform tail-
ored for Korean investors (Korea Economic
Daily, 2024).

4.4 Toss: User-Friendly UX and Educational
Content

Toss Securities is often cited as a leading

example of how behavioral economics can be
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effectively applied through intuitive UX de-
sign and structured financial education to in-
fluence user behavior in a positive and con-
structive manner. By simplifying complex fi-
nancial procedures through an intuitive in-
terface, it minimizes users cognitive burden.
Unlike traditional securities apps that over-
whelm users with numerous menus and tech-
nical jargon, Toss replaces financial termi-
nology with everyday language, thereby low-
ering psychological barriers (Kim, 2023). This
approach aligns with the concept of choice
architecture, which focuses on structuring
decision-making environments to simplify user
choices and organically generate a nudging
effect.

And, from the beginning of its launch, Toss
Securities strategically operated a system for
providing financial content. By delivering daily
stock market updates and investment-related
information through the app, users are re-
peatedly exposed to market knowledge and
gradually develop independent investment
judgment (Toss Blog, 2023).

Timely push notifications also are used to help
users take appropriate actions when needed.
Lastly, Toss's home screen has evolved beyond
merely displaying information—it now func-
tions as a platform that naturally guides users’
financial behavior (Kloudy, 2025). In this
manner, Toss's combination of user experience
design and financial education illustrates the
effective real-world application of behavioral

economics within a digital financial service.

V. Implications

A comparative summary of the platform
features is presented in Table 2.

Through a comparative lens, this study cat-
egorizes the digital nudging methods applied
across the Al-based platforms under review.
These include setting user-friendly defaults
—such as automatic enrollment in suggested
portfolios—presenting information in ways
that stress long-term benefits, sending timely
prompts to reduce procrastination, and in-
tegrating social comparison tools that help
users gauge their progress. By outlining the
specific nudges embedded in each system, we
show how these platforms reflect established
principles from behavioral science.

This study confirms that the integration of
behavioral finance and Al can effectively cor-
rect investor behavior. Based on this, several
key implications are discussed.

First, Al-driven personalized interventions
improve behavioral correction. Unlike tradi-
tional one-size-fits-all education, robo-advisors
and fintech apps analyze vast amounts of user
data to deliver timely, tailored nudges. For
example, Betterment alerts users when their
actions deviate from their financial plans,
while Wealthfront adjusts investment strat-
egies using ML-based risk profiling.

Second, the importance of digital behavior
design is growing. Beyond Al analysis, it’s
essential that users accept guidance. Services

like Kakao Pay Securities and Toss use friendly
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UX and simple communication to lower resistance.
Importantly, our analysis supports existing
research on digital choice architecture, which
emphasizes how user interfaces shape behav-
ior through design. The trends identified in our
case studies illustrate this idea—for example,
features like default settings and timely nudges
proved effective, echoing findings in behav-
ioral finance that even small design tweaks
can have a major impact on how people make
investment choices.

Framing effects and delivery channels matter:
users respond better to stories, visuals, or alerts
than to raw data. Even app layouts that em-
phasize long-term goals over short-term gains
can help shift investor focus.

Third, striking a balance between perform-
ance and investor protection is crucial. Although
behavioral interventions can improve long-
term returns and strengthen user trust, ex-
panding algorithmic control may simultaneously
introduce ethical concerns. If not carefully
designed, algorithms may inadvertently exploit
users—for instance, by encouraging unnecessary
trading activity. To mitigate such risks, reg-
ulatory oversight and transparent system
design are essential, as reflected in the SEC's
2023 emphasis on digital nudging practices.’
Maintaining transparency in Al-driven nudging
is essential to avoid crossing ethical bounda-
ries into manipulative “dark patterns” that
take advantage of investor psychology. This
concern has increasingly drawn the attention
of regulators. In 2023, for instance, the U.S.

Securities and Exchange Commission issued

proposed guidelines aimed at curbing digital
engagement practices that could conflict with
investors’ best interests. As such techniques
continue to spread, it becomes all the more
important for designers and policymakers to
uphold strong ethical principles and promote
algorithmic clarity.

Fourth, collaboration between humans and
Al remains essential. While Al is well-suited
for managing routine tasks and interventions,
decisions involving complexity or emotional
nuance continue to require the judgment and
support of human financial advisors. For ex—
ample, Betterment provides access to human
support when needed. Over-reliance on tech
should be avoided to preserve decision-making
skills and minimize system risk (Dietvorst et
al., 2015).

These findings offer valuable implications
for financial service providers, regulatory au-
thorities, and individual investors. Ultimately,
the advancement of digital finance extends
beyond technological innovation it involves
the intentional design of systems that shape
and support beneficial human behavior. A
summary of these discussions is presented in
Table 3 below.

VI. Conclusion

This study explores how the integration of
behavioral finance and Al can be applied to

correct investor behavior through case-based
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analysis. By examining U.S. based robo-
advisors (Betterment and Wealthfront) and
Korean fintech investment platforms (Kakao
Pay Securities and Toss), we find that per-
sonalized advice, automated portfolio man-
agement, and strategic information delivery
are commonly employed to reduce irrational
decision-making and foster healthy investment
habits.

More specifically, Al algorithms process users’
portfolio and transaction data to identify in-
dicators of behavioral biases, delivering real-
time feedback—such as alerts or tailored rec-
ommendations—to help prevent suboptimal
decision-making. These feedback systems are
structured around behavioral economic nudges
and conveyed through intuitive UX/UI and
accessible communication formats, enabling
investors to receive guidance in a non-intrusive
and easily acceptable manner.

However, digital behavioral finance strategies
also present certain limitations. These include
risks such as excessive dependence on algo-
rithms, technical malfunctions, cybersecurity
vulnerabilities, algorithmic bias, and broader
ethical considerations. Nevertheless, these risks
can be mitigated through appropriate human
supervision and thorough validation protocols.
Ultimately, the critical factor is not the tech-
nology per se, but the manner in which it is
structured and deployed. The case analyses
presented in this study illustrate that thought-
fully designed applications of behavioral finance
principles can improve investor outcomes and

generate positive impacts within the broader

financial sector.

Future studies should prioritize quantita-
tive assessments to determine the extent to
which these digital interventions lead to meas-
urable improvements in long-term investment
performance. In addition, exploring and testing
Al-based strategies designed to address spe-
cific behavioral biases—such as overtrading
and the disposition effect—holds great promise
for future research. Moreover, the exploration
of emerging technologies, including chatbots
for emotional support and investment educa-
tion within metaverse platforms, should be
pursued to better understand their potential
influence on investor behavior.

With continued collaboration between the
financial industry and academia, this evolving
field can significantly contribute to individual

financial well-being and market efficiency.

Endnotes

L' SEC' 2023 Focus is on digital engagement practices
designed to attract and retain customers on digital plat-
forms, as part of the 2023 examination priorities of the
U.S. Securities and Exchange Commission (SEC). The
SEC is a federal agency established to protect investors
and ensure fair markets
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(Table 1) Summary of Data Sources Used in the Analysis

Source Type

Examples of Sources Consulted

Company
Announcements
(press releases,
news articles)

- Kakao Pay Securities launch announcements (e.g., media coverage of Al
investment advisor)

Official Reports &
Blogs
(company-published)

- Annual investor reports from robo-advisors (e.g., Betterment's published
updates or regulatory filings)

- Company blogs/websites (e.g., Toss Official Blog on user education,
Wealthfront website FAQs)

Academic Research
(journal articles,
studies)

- Foundational theory literature (e.g., Prospect Theory by Kahneman &
Tversky, 1979; Nudge by Thaler & Sunstein, 2008)
- Empirical studies on robo-advisors (e.g., D'Acunto et al., 2019: Liu et al., 2023)

Industry &
Regulatory Reports

- Market analysis and statistics (e.g., Bizwatch report on Toss user adoption)
- Policy evaluations (e.g., Financial Conduct Authority review of advisory

market, 2020)

(Table 2) Platform Comparison

Platform Key Al/Algorithm UX/UI & Behavioral Nudging
(Country) Features Personalization Methods
- Automated portfolio . B .Regulellr, automated
- Goal-based investment investing (dollar-cost
Betterment management . .
. planning averaging)
(U.S.) - Tax-loss harvesting R . R
. - Simplified user interface | - Minimization of
- Auto-rebalancing . .
emotional trading
- Machine learning-based - Default effect applied to
risk profiling - Minimalist UL automate
Wealthfront - Automated cash flow - Financial plans tailored savings/investments
(U.S.) investment to user income/spending | - Alerts during market
- Portfolio line of credit patterns volatility to encourage
for liquidity long-term focus
- Al chatbot “Chunsik” as | - KakaoTalk-style - Encourag'es small,
. . . . e frequent investments
Kakao Pay a digital assistant intuitive interface - Reduces psychological
Securities - Behavior-based Micro-investing . psye &
. . . . resistance using
(Korea) financial alerts using features using leftover
. characters and casual
spending and asset data change .
dialogue
. . - Beginner-friendly - Push notifications for
- Data-driven investment . . ..
. . interface timely decisions
Toss Securities suggestions . .
. . - In-app financial content | - Repeated exposure to
(Korea) - Fractional share trading . . L. . .
. . . and educational financial info via main
for diversification .
materials screen layout
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(Table 3) Before vs. After Al/Nudge Implementation

Before Intervention

After Intervention

Gt (Traditional Behavior) (Observed Effects)
- During crises (e.g.. COVID-19 - Automated investing helped reduce
crash), panic selling was common emotional responses
Betterment ' - In 2020 crash: (2% increase in
- Investors often reacted to short-term . o .
volatilit withdrawals, 26% more deposits
v (37% among millennials)
- Manual investing led to inconsistent | - ML-based profiling aligned strategy
Wealthfront actions under volatility with real behavior
- Survey-based risk profiles often - Portfolio line of credit helped avoid
mismatched behavior panic withdrawals during emergencies
- Beginners lacked financial knowledge B Chatbot' Chunsik- offered t1me1y.
. . suggestions based on user behavior
Kakao Pay and hesitated to invest - Features like round-up investin
Securities - Tendency to hold excess cash in P 8

savings accounts

nudged users into building habits
gradually

Toss Securities

- Traditional apps used complex
menus and jargon, increasing entry
barriers

- Irregular, impulsive trading behavior

- Simple UX and plain language
lowered entry barriers

- Daily content exposure and push
alerts encouraged better financial
decisions
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(Teaching Note)

A Case Analysis of Artificial Intelligence-Based Financial
Systems Aimed at Mitigating Investor Behavioral Biases

[ . Synopsis

WealthWise is a conceptual fintech app
project designed to address irrational investor
behavior by integrating core insights from
behavioral finance with Al-driven features.
Drawing inspiration from successful real-world
platforms (e.g., Betterment, Wealthfront,
KakaoPay Securities, Toss), the project show-
cases how intelligent nudges, automation, and
user—centered design can help investors over-
come biases like loss aversion, overconfidence,
present bias, and herd behavior. In this case
assignment, learners take on the role of fin-
tech innovators, developing app features that
guide investors toward more rational, long-

term financial decisions.

[I. Learning Objectives

1. Identify common behavioral tendencies
that affect financial decision making

Understand how biases like loss aversion

overconfidence present bias and herd behav-

ior shape investor actions and results.

2. Apply concepts from behavioral finance
to practical investment situations

Explore how digital nudges and user cen-
tered design can help reduce cognitive mis-
takes using examples from well known fin-

tech platforms.

3. Integrate Al Tools

Investigate the capacity of artificial in-
telligence including machine learning and
natural language processing based systems to
provide individualized and immediate feed-
back capable of mitigating errors arising from

cognitive biases.

4. Design User-Focused Solutions

Examine the process of designing fintech
application features including goal based
planning automated investment mechanisms
and socially driven comparison alerts with an

emphasis on user needs and ethical frameworks.
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5. Develop Clear Communication

Enhance presentation and storytelling skills
to convincingly convey the logic behind each
proposed digital solution ensuring both tech-

nical and conceptual clarity.

IIl. Target Audience and Courses

The present case is intended for individuals
with interdisciplinary academic backgrounds
particularly those engaged in the study of fi-
nance technology and psychology. It seeks to
integrate established theoretical constructs
with the practical development of user ori-

ented digital interventions.
1. Undergraduate or Early Graduate Students

Particularly in finance, fintech, information
systems, marketing, or behavioral economics

courses.
2. Courses

A. Behavioral Finance
B. Fintech Innovation & Entrepreneurship
C. User Experience Design in Financial Services

D. Al Applications in Business

IV. Case Questions

1. Behavioral Biases

Which investor biases are most commonly
addressed by fintech apps, and why do these
biases pose significant challenges in real-world

investment decisions?
2. Al Integration

How can Al tools (e.g., machine learning
analytics, NLP-based chatbots) be effectively
leveraged to detect and correct irrational

behaviors?
3. Feature Feasibility

Among the eight suggested WealthWise app
features, which do you consider the most crit-
ical to implement first, and what factors in-

fluence their feasibility and effectiveness?
4. User-Centric Design

How can UX/UI principles like visual future
simulations or friendly chatbot characters
enhance user engagement while reducing
investor resistance to behavioral corrections?

5. Ethical & Regulatory Concerns

What ethical or regulatory pitfalls might arise

from using Al nudges in financial platforms,
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and how should they be addressed to protect

and empower users?

V. Case Analyses and Key Concepts

By examining core theoretical constructs
alongside applied examples this case provides
a comprehensive perspective on the integration
of behavioral finance and artificial intelligence
in shaping individual investment behavior
while enhancing both financial performance

and user engagement.
1. Core Behavioral Finance Principles

A. Loss Aversion: Refers to the tendency
of investors to react more strongly to
potential losses than to equivalent gains
which often results in holding onto losing
assets or selling winning ones prematurely.
e Digital Example: The long term per-

formance framing strategy employed
by Betterment which mitigates investor
anxiety associated with short term
market volatility.

B. Overconfidence: Traders often overestimate
their ability, resulting in excessive trading
and under-diversification.

e Digital Example: Periodic Al-generated
performance reports comparing user
returns to benchmark indices.

C. Present Bias : A preference for imme-

diate rewards over future benefits impairs

long-term saving.
e Digital Example: Goal-based planning
with future self-visualizations and

automated savings reminders.

D. Herd Behavior: Following market trends

or social signals without due diligence,

fueled by FOMO.

e Digital Example: Real-time alerts in-
dicating potential overhyped stocks,

with cautionary notes.

2. Al and Digital Nudges

A. Machine learning enables the generation

C.

of individualized risk evaluations and
the delivery of timely alerts derived from

behavioral user data.

. Natural language processing based chat-

bots provide context aware guidance and
emotional reinforcement designed to pre-
vent impulsive financial decisions.

Automation and Smart Defaults : Round
up investing automated portfolio re-
balancing and passive cash allocation
mechanisms function as default strat-
egies that reduce the likelihood of detri-
mental manual interference in investment

behavior.

3. Feature Design Considerations

A. User Experience UX: Simple interfaces

visual supports and sequential guidance
are employed to enhance user engagement

and reduce cognitive friction.
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Streak based incentives interactive quizzes
and achievement systems are utilized to
encourage sustained engagement and

facilitate continuous learning.

. Opt out mechanisms data privacy meas-

ures and algorithmic transparency are
essential in establishing and maintaining

user trust.

4. Implementation and Practicality

A. Beginning with persona mapping and

progressing through iterative prototype
testing each stage ensures alignment
between feature design cognitive bias
mitigation and user centric objectives.

Beginning with persona mapping and
progressing through iterative prototype
testing each stage ensures alignment
between feature design cognitive bias

mitigation and user centric objectives.

5. Real-World Case Insights

A. Emphasize automated, low-cost investing

and Al-driven rebalancing.

B. Showcase localized chatbots, gamification,

and simplified UX targeting younger

demographics.
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