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Abstract

Investment decisions are rarely determined by information processing alone. Investors interpret market
signals through cognitive and emotional mechanisms that may systematically distort judgments
concerning expected return, risk, probability, market trends, and portfolio performance. Overconfidence,
anchoring, confirmation bias, loss aversion, recency bias, disposition effects, and herding can
consequently influence investment behavior even when extensive financial information is available. The
rapid diffusion of robo-advisors, artificial intelligence, portfolio analytics, algorithmic screeners,
automated rebalancing systems, and explainable financial models has created new opportunities to
structure investment decisions more systematically. However, technological assistance should not be
assumed to remove human bias automatically. Existing empirical evidence shows that behavioral biases
can persist among robo-advisory users, while overconfidence may itself affect the decision to adopt
automated financial advice. This study develops a technology-assisted framework for mitigating
cognitive bias in investment decision-making through a structured integrative review of behavioral-
finance, robo-advisory, human-algorithm interaction, and explainable-Al research.

The analysis distinguishes between technologies that replace discretionary judgment and
technologies that act as cognitive guardrails. Six debiasing mechanisms are identified: structured
precommitment, benchmark-based comparison, counterfactual information exposure, portfolio-level risk
visualization, explainable recommendations, and decision auditing with deliberate review intervals. The
evidence suggests that effective technological debiasing requires preserving investor agency while
making deviations from predetermined objectives visible and cognitively difficult to ignore. A published
dataset concerning robo-advisory adoption is further visualized to demonstrate why technology adoption
should not be interpreted as evidence of behavioral rationality. The paper proposes a Technology-
Assisted Investment Debiasing Framework that combines investor-defined objectives, bias-sensitive
diagnostics, independent evidence, algorithmic recommendations, human challenge, and post-decision
learning. The study concludes that the most defensible role of investment technology is not to replace
judgment completely but to create a disciplined decision environment in which intuitive judgments are
repeatedly tested against evidence, predefined rules, diversification principles, and explicit uncertainty.
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1. Introduction

Investment decision-making requires individuals to evaluate uncertain future outcomes using incomplete
information. Classical financial theory commonly models investors as actors who process available
information consistently and select portfolios according to risk-return preferences. Behavioral finance
demonstrates that actual decision-making is considerably more complex. Kahneman and Tversky's
prospect theory established that choices under risk are affected by reference points and asymmetric
evaluations of gains and losses, while subsequent research has documented systematic relationships
between investor psychology, excessive trading, portfolio selection, and investment performance.
Mahmood and colleagues' 2024 empirical study further reports significant relationships between
behavioral biases and investment decisions while emphasizing the moderating importance of financial
literacy.

The contemporary investment environment has simultaneously become increasingly technology-
mediated. Investors may use digital portfolio dashboards, mobile investment applications, automated
alerts, recommendation algorithms, machine-learning forecasts, robo-advisors, automated rebalancing,
portfolio optimizers, and generative-Al interfaces. The US Securities and Exchange Commission has
long recognized robo-advisers as investment advisers using online algorithm-based programs to provide
automated asset-management services, illustrating how algorithmic systems have become integrated into
formal investment-advisory processes.

The emergence of these systems creates an important behavioral-finance question: can
technology reduce the cognitive biases that compromise investment judgmentsExisting evidence
suggests that the answer is conditional rather than universally affirmative. Bhatia, Chandani, and
Chhateja examined robo-advice as a possible mechanism for addressing behavioral biases among
investors. Their qualitative research identified significant potential for automated advice, but later work
by Bhatia and colleagues using 172 investors found that robo-advisory usage remained insufficient to
mitigate overconfidence and loss-aversion bias. Thus, technological access does not automatically
convert psychologically biased investors into rational decision-makers.

A second complication concerns the relationship between investors and algorithms. Investors
may reject useful automated recommendations, depend excessively upon them, or selectively accept
algorithmic outputs that reinforce existing beliefs. Germann and Merkle's experimental research in
delegated investing found no general evidence of simple algorithm aversion in their setting, but
participants experienced difficulty separating intermediary skill from luck. More generally, Dietvorst,
Simmons, and Massey's work demonstrates that allowing users some ability to modify an imperfect
algorithm can increase willingness to use algorithmic advice. Technology-assisted investment decisions
therefore create a dual behavioral problem: the investor's original cognitive biases must be controlled
while new forms of human-algorithm miscalibration must also be prevented.

The present study argues that investment technologies should consequently be designed as
cognitive guardrails rather than unquestioned substitutes for judgment. The central research problem
concerns how digital systems can interrupt predictable bias pathways before an investment action
becomes irreversible. The study integrates behavioral finance with robo-advisory and explainable-Al
research to develop a Technology-Assisted Investment Debiasing Framework. Its novelty lies in linking
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individual biases with specific technological interventions while recognizing the secondary risks created
by automation, opacity, and inappropriate reliance.

2. Objectives of the Study

2.1 Identification of Bias-Sensitive Investment Processes

The first objective is to identify major cognitive and behavioral biases capable of influencing
technology-assisted investment decisions, with particular attention to overconfidence, confirmation bias,
anchoring, loss aversion, disposition effects, recency bias, and herding behavior.

2.2 Evaluation of Technology-Based Debiasing Mechanisms

The second objective is to examine how robo-advisors, automated portfolio rules, digital decision-
support systems, explainable Al, risk visualizations, benchmarking tools, and structured prompts can
reduce the influence of biased investor judgment.

2.3 Development of an Integrated Debiasing Architecture

The third objective is to formulate a practical investment-decision framework that combines
technological support with investor accountability, explicit uncertainty, independent evidence, human
review, and post-decision learning instead of relying upon unrestricted algorithmic delegation.

3. Review of Literature

3.1 Behavioral Biases and Investment Judgment

Behavioral finance challenges the assumption that investors consistently convert information into
optimal financial choices. Prospect theory demonstrates that the evaluation of gains and losses depends
upon reference points and that losses may exert a disproportionate psychological influence. This
provides a theoretical basis for understanding phenomena such as reluctance to realize losses, excessive
risk-taking following losses, and resistance to portfolio rebalancing.

Overconfidence represents another important distortion. Investors may overestimate the precision
of their information, forecasting ability, or investment knowledge. Barber and Odean's influential
research connected intensive trading activity with inferior net investment outcomes, while subsequent
behavioral-finance research has continued to associate excessive confidence with trading, stock
selection, and inadequate diversification.

Technology does not necessarily remove this mechanism. Piehlmaier examined 2,000 active
investors from the 2015 National Financial Capability Study and reported that overconfident investors
demonstrated a significantly greater propensity to adopt robo-advice. His matching analysis estimated
that above-average overconfidence increased robo-advice usage by 9.27 percentage points in the studied
pre-mass-market setting. This finding is particularly important because it demonstrates that the adoption
of investment technology can itself occur within a biased behavioral process.

Recent empirical evidence continues to show that behavioral biases remain materially related to
investment choices. Mahmood and colleagues found that behavioral factors influence investment
decisions and examined financial literacy as a moderating mechanism. These findings support a
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distinction between information availability and decision quality: giving investors more data does not
guarantee that they will interpret those data without bias.

3.2 Robo-Advisory as a Behavioral Intervention

Robo-advisors offer automated investment guidance according to investor characteristics, financial
objectives, risk profiles, and programmed portfolio rules. Their behavioral potential arises from their
ability to apply the same decision procedure repeatedly without experiencing fear, excitement, regret,
social pressure, or other human emotional states.

Jung and colleagues developed robo-advisory approaches specifically for risk-averse and low-
budget investors, demonstrating the potential for digital systems to provide structured financial guidance
to users who may not traditionally obtain individualized professional advice.

However, robo-advisory should not be treated as inherently debiasing. Bhatia and colleagues'
empirical study of 172 investors found that behavioral biases significantly influenced irrational
investment decisions and that robo-advisory usage did not successfully mitigate the two biases
evaluated—overconfidence and loss aversion.

Similarly, the systematic consolidation by Namyslo, Jung, and Sturm reviewed 14 years of robo-
advisory research and identified six categories of design requirements and eight categories of design
recommendations. Their findings emphasize that effective robo-advisory depends on deliberate design
rather than the mere presence of automated financial recommendations.

3.3 Explainability, Algorithm Reliance, and Secondary Bias

Artificial intelligence introduces an additional problem: investors may receive recommendations
generated through models whose internal processes are difficult for non-specialists to evaluate.
Explainable Al has consequently become important within financial applications because model
interpretation can support scrutiny of automated predictions and recommendations.

Khan and colleagues' 2025 systematic review of model-agnostic explainable-Al approaches in
finance demonstrates the expanding use of interpretability techniques across financial prediction, risk
assessment, forecasting, fraud detection, and related applications. Their review also documents
continuing limitations and research challenges. Cernevidien¢ and Kabaginskas similarly provide a
dedicated systematic review of XAl in finance, illustrating the growing importance of transparent
financial machine-learning models.

Explainability, however, is not equivalent to correctness. A persuasive explanation can increase
user confidence even when the underlying model is inappropriate. Technology-assisted debiasing must
therefore combine explainability with independent validation, uncertainty communication, benchmark
comparison, and clearly defined conditions for human override.

4. Research Methodology

4.1 Research Design

The study adopts a structured integrative literature-review and conceptual-framework methodology. This
design was selected because no original investor dataset or administered questionnaire was supplied for
the present manuscript.
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Accordingly, the study does not report invented respondents, experimental treatments, regression
coefficients, portfolio returns, or statistical significance values as original findings.

The analytical evidence was drawn primarily from peer-reviewed research on behavioral finance,
robo-advisory, algorithm use, financial decision support, explainable artificial intelligence, and
investment technology.

4.2 Evidence ldentification and Selection

The principal review window covered research from 2018 through August 2026, supplemented by
foundational behavioral-finance studies required to establish the theoretical basis of cognitive bias.
Search concepts included combinations of:

“cognitive bias investment decision,” “behavioral bias investor,” “robo advisor behavioral bias,”
“overconfidence robo advice,” “algorithm aversion investment,” “Al investment decision support,”
“explainable Al finance,” and “technology-assisted financial decision.”

Priority was assigned to peer-reviewed journal articles, systematic reviews, empirical studies,
experimental research, and relevant regulatory guidance. Recent evidence was cross-checked through
publisher records and DOI metadata.

4.3 Analytical Coding and Framework Construction

Each source was examined according to four analytical dimensions: the cognitive mechanism being
studied, the investment behavior affected, the role of technology, and whether the technological
intervention reduced, preserved, or potentially introduced decision bias.

Table 1: Methodological Protocol

Methodological

Component Specification

Research orientation Conceptual-analytical

Primary method

Structured integrative literature review

Core evidence period

2018—-August 2026

Foundational evidence

Earlier behavioral-finance and decision-theory studies

Main domains

Cognitive bias, investor behavior, robo-advisory, human-algorithm
interaction and XAl

Unit of analysis

Bias-sensitive investment decision

Evidence preference

Peer-reviewed empirical, experimental and review research

Original investor survey

Not conducted

Synthesis procedure

Bias—mechanism—intervention mapping
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5. Analysis

5.1 Mapping Cognitive Biases to Technology-Based Controls
The review indicates that technology can reduce bias most effectively when a particular system feature
addresses a clearly specified cognitive mechanism.

A generic recommendation engine is unlikely to eliminate overconfidence. A more effective
intervention would compare an investor's forecast with historical prediction accuracy, portfolio
benchmarks, and alternative scenarios.

Similarly, confirmation bias requires more than supplying additional information. The system
should deliberately expose the investor to credible evidence that contradicts the preferred investment

thesis.

Table 2: Cognitive Bias Mitigation Matrix for Technology-Assisted Investing

Cognitive Bias

Typical Investment
Distortion

Technology-Assisted
Mitigation

Required Safeguard

Overconfidence

Excessive trading,
concentrated positions,
excessive belief in
forecasting skill

Performance calibration,
diversification alerts,
confidence-versus-accuracy
feedback

Do not equate
investor confidence
with expertise

Confirmation
bias

Searching primarily for
information supporting an
existing position

Counterargument generation,
contradictory-news retrieval,
bear-case prompts

Require diverse and
independently
sourced evidence

Anchoring

Excessive dependence on
purchase price, analyst
target, or previous market
level

Multi-reference valuation
ranges and scenario
comparison

Prevent one default
value from becoming
dominant

Loss aversion

Avoiding rational loss
realization or taking
excessive risk to recover
losses

Rule-based exit criteria,
rebalancing and goal-based
reporting

Permit review for
exceptional market
conditions

Disposition
effect

Selling winners too early
while retaining losing
assets

Portfolio-level performance
attribution and predefined
review rules

Compare holdings
with opportunity cost

Recency bias

Extrapolating recent
market movements
excessively

Long-horizon historical
visualization and regime
comparison

Display multiple
market periods

Following popular trades

Independent valuation prompts

Delay social

Herding without independent and crowd-sentiment indicators until
evaluation separation fundamental review
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. . Typical Investment Technology-Assisted .
Cognitive Bias yp . . . _gy . Required Safeguard
Distortion Mitigation
. Accepting algorithmic Confidence intervals, model Human verification
Automation . .. . . .
bias output without sufficient limitations, alternative for consequential
challenge recommendations decisions
. Rejecting useful Transparent performance Avoid presenting
Algorithm . . .
. automated evidence after history and controlled user algorithms as
aversion . . X .
observing error adjustment infallible

Source: Author's synthesis based on behavioral-finance and robo-advisory research. Evidence that robo-
advisory does not inherently eliminate behavioral biases is supported by Bhatia et al., while research by
Dietvorst et al. and Germann and Merkle demonstrates the importance of how users interact with
algorithmic recommendations.

5.2 Technology Adoption Is Not Evidence of Debiasing

Piehlmaier's study provides an instructive empirical example. The underlying NFCS investor subsample
contained 2,000 active investors. Of these, 257 reported having used robo-advice, 1,692 reported no use,
48 responded “don't know,” and three preferred not to answer.

Figure 1: Robo-Advice Use in the 2015 NFCS Investor Sample
Preffamftokiosay

Used robo-advice

No robo-advice use

The relevance of this distribution is not that robo-advice usage was uncommon in a historical early-
adoption sample. More importantly, PiehImaier found that above-average overconfidence increased the
estimated probability of robo-advice use by 9.27 percentage points, with a reported 95% confidence
interval of 6.07—12.47 percentage points.
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Technology adoption therefore cannot itself be treated as evidence that cognitive bias has declined. An
investor can simultaneously adopt an automated investment platform and remain behaviorally
overconfident.

5.3 Technology-Assisted Investment Debiasing Framework

Based on the synthesis, this study proposes the Technology-Assisted Investment Debiasing Framework
(TAIDF).

Stage 1 — Objective Precommitment

Before viewing individual securities or market recommendations, investors define the purpose of the
portfolio, investment horizon, liquidity requirements, risk capacity, diversification limits, and
permissible loss boundaries.

Stage 2 — Bias-Sensitive Diagnostic

The system identifies potential behavioral vulnerabilities rather than merely determining risk tolerance.
Repeated excessive trading, concentrated positions, resistance to realizing losses, repeated forecast
errors, or dependence on recent returns can trigger a behavioral warning.

Stage 3 — Independent Evidence Expansion

Technology provides information both supporting and contradicting the proposed decision. A purchase
decision should therefore be accompanied by downside scenarios, alternative securities, benchmark
comparisons, and evidence capable of falsifying the original investment thesis.

Stage 4 — Explainable Algorithmic Assessment
The recommendation should state the major variables influencing the result, important assumptions,
model limitations, uncertainty, and conditions under which the recommendation may no longer remain
appropriate.

Research in financial XAl demonstrates the expanding methodological capacity to make
complex models more interpretable, although continuing limitations prevent explainability from being
treated as proof of model validity.

Stage 5 — Deliberate Human Challenge

Investors should be required to state why they accept or override important recommendations. This
creates cognitive friction at precisely the stage where intuitive impulses are most likely to become
investment actions.

Stage 6 — Post-Decision Calibration
After an appropriate period, the system compares the original thesis, predicted probability, expected
return, confidence level, actual outcome, and benchmark outcome.

This converts investment history into behavioral feedback rather than allowing investors to
remember successful decisions selectively and reinterpret unsuccessful ones retrospectively.
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6. Discussion

6.1 Technology Should Create Friction at the Right Moment

Financial technologies are generally designed to minimize friction and make investment decisions faster
and more convenient. Rapid account opening, simplified interfaces, real-time notifications, automated
execution, and one-click transactions can substantially improve usability. However, from a behavioral-
finance perspective, reducing every form of friction may not always produce better decisions. When
investors experience sharp market declines, dramatic price appreciation, or unusually strong confidence
in a familiar security, rapid execution may encourage emotionally driven or insufficiently considered
choices. In such situations, a carefully designed interruption can create an opportunity for reflection
without preventing the investor from exercising legitimate autonomy.

Technology-assisted debiasing should therefore introduce selective cognitive friction at moments
when the probability or potential cost of biased decision-making is elevated. A system might ask
investors to compare an intended transaction with their stated portfolio objectives, display the
transaction's effect on diversification, request a brief investment rationale, present evidence that
challenges the initial assumption, or provide an optional cooling-off period when a proposed trade
represents an unusually large deviation from the established investment strategy. The purpose of these
mechanisms is not to restrict investment activity but to improve the informational and reflective quality
of decisions immediately before execution. In this sense, appropriate friction becomes a behavioral
design mechanism that supports disciplined judgment while preserving investor choice.

6.2 Robo-Advisors Need Behavioral Architecture, Not Only Portfolio Algorithms

The evidence reviewed in this study does not support the assumption that automated portfolio
construction by itself constitutes a comprehensive debiasing mechanism. Robo-advisors can automate
asset allocation, portfolio rebalancing, risk assessment, and other investment processes, thereby reducing
some forms of discretionary trading. Nevertheless, behavioral biases can remain active at several points
in the investment journey. Overconfidence may influence the selection of an initial risk profile,
interpretation of investment performance, decisions to add capital, or willingness to override automated
recommendations. Loss aversion may similarly affect whether investors remain committed to an
investment strategy during periods of market decline.

These observations suggest that effective robo-advisory systems require a behavioral architecture
in addition to a portfolio-allocation algorithm. The system should monitor decision patterns, identify
potential inconsistencies between stated objectives and actual behavior, and provide context-sensitive
interventions when meaningful deviations occur. Behavioral diagnostics, reflective prompts, evidence
comparison, and explanations of alternative outcomes can complement conventional portfolio
optimization. Rather than assuming that automation removes human irrationality, robo-advisory design
should recognize that human judgment remains present before, during, and after algorithmic
recommendations. A stronger system therefore combines financial optimization with mechanisms
designed to support calibrated human decision-making.
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6.3 Avoiding the Replacement of Human Bias with Automation Bias

Technology can standardize investment analysis and process large amounts of financial information, but
algorithms are not inherently free from error or uncertainty. Historical training data may not adequately
represent emerging market conditions, model assumptions can become inappropriate under structural
changes, and financial forecasts remain uncertain even when they are presented with numerical
precision. Furthermore, interface design can unintentionally give algorithmic recommendations
excessive authority, encouraging users to accept system outputs without sufficient scrutiny. This creates
the possibility that human cognitive biases are replaced or supplemented by automation bias, in which
investors place disproportionate trust in algorithmic recommendations.

The appropriate objective is therefore calibrated reliance rather than unconditional acceptance or
rejection of automated advice. Investors should be able to understand why a recommendation has been
generated, recognize the limitations of the underlying model, and assess the degree of uncertainty
associated with the prediction. Explainable artificial intelligence can support this process by making
complex model outputs more interpretable, although explainability itself does not eliminate
methodological limitations. Responsible investment technology should consequently present
recommendation, explanation, and uncertainty together. A recommendation without explanation may
encourage passive acceptance; an explanation without uncertainty may generate false confidence; and
uncertainty without meaningful reasoning may become too difficult to interpret. Combining these
elements can establish a more balanced relationship between human judgment and algorithmic
assistance.

7. Conclusion

Cognitive biases remain a fundamental challenge in investment decision-making because uncertainty,
emotional significance, incomplete information, and market volatility create conditions in which
intuitive judgment can systematically diverge from disciplined financial reasoning. Overconfidence,
confirmation bias, anchoring, loss aversion, disposition effects, recency bias, and herding can influence
investment selection, timing, portfolio concentration, and decisions to retain or sell financial assets. The
increasing use of digital investment technologies creates meaningful opportunities to address these
behavioral challenges. Robo-advisors can standardize portfolio rules, automated rebalancing can reduce
discretionary reactions to market movements, decision-support systems can broaden the evidence
considered, portfolio analytics can make concentration risks more visible, and explainable artificial
intelligence can improve scrutiny of complex financial recommendations.

However, technology should not be regarded as an automatic solution to investor irrationality.
Behavioral biases can persist among users of automated investment systems, while overconfidence may
also influence the decision to adopt and subsequently trust algorithmic advice. This paper therefore
proposes a Technology-Assisted Investment Debiasing Framework based on objective precommitment,
behavioral diagnostics, independent evidence expansion, explainable algorithmic assessment, deliberate
human challenge, and post-decision calibration. Its central principle is that investment technology should
make behavioral biases easier to recognize and more difficult to translate into impulsive action without
eliminating legitimate human judgment. The present study is conceptual and literature-based and does
not claim original investor-level empirical findings.
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Future research should experimentally compare conventional investment interfaces with bias-sensitive
designs and examine their effects on portfolio turnover, diversification, loss realization, forecast
calibration, risk-adjusted performance, and investors' willingness to question automated
recommendations. Longitudinal research would further clarify whether technological debiasing produces
durable behavioral improvements or whether users gradually adapt to and circumvent decision
safeguards. Ultimately, effective investment technology should not seek to create perfectly rational
investors or perfectly reliable algorithms. Its more realistic purpose is to establish a transparent decision
architecture in which intuition, evidence, algorithmic analysis, uncertainty, and accountability
continuously challenge one another before financial capital is committed.
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