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ABSTRACT

Dynamic risk assessment and portfolio optimisation have undergone
profound transformations in recent years due to the rise of data-driven
models, adaptive allocation strategies, and insights from behavioural
finance. Traditional approaches, which largely assume rational investor
behaviour, static risk preferences, and normally distributed returns, are
increasingly insufficient in capturing the complexity and heterogeneity
of real-world financial markets. Modern frameworks leverage machine
learning, real-time data analytics, and scenario-based simulations to
model time-varying risk, portfolio sensitivity, and non-linear asset
interactions. Simultaneously, behavioural finance research has provided
tools to measure investor biases, such as overconfidence, loss aversion,
and herding, and incorporate these psychological factors into portfolio
decisions. Hybrid models that integrate statistical rigour with behavioural
realism have emerged, enabling more adaptive and personalised
investment strategies. Key contributions include the development of
dynamic allocation algorithms, risk forecasting models that account for
regime shifts, and explainable Al approaches that improve transparency
and trust. Despite these advances, challenges remain, including model
interpretability, robustness under extreme market conditions, and
ethical considerations in data usage. Future research is likely to focus
on creating portfolio systems that are not only adaptive and predictive
but also behaviourally informed, interpretable, and capable of providing
actionable insights for diverse investor profiles in increasingly complex
financial environments.

KeYWOI"dS: Portfolio Sensitivity, Portfolio Sensitivity, Complexity
And Heterogeneity, Complexity And Heterogeneity

Introduction

rational expectations due to behavioural biases such as
overconfidence, herding, and loss aversion * Simultaneously,

Portfolio optimisation and financial risk management
have traditionally relied on rational and efficient-market
assumptions, as introduced in Markowitz’s mean-variance
framework. However, empirical evidence demonstrates
that investor decisions deviate systematically from

markets have evolved into dynamic and algorithmic
ecosystems characterised by high-frequency trading, real-
time data, and non-stationary risk factors ? Thus, models
must dynamically update exposure and return expectations
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while incorporating behavioural factors influencing portfolio
decisions 3 This review examines how dynamic quantitative
models and behavioural insights intersect to form hybrid
approaches for adaptive and realistic portfolio optimisation

Evolution of Dynamic Risk Assessment and
Portfolio Optimisation

From Static to Dynamic Models

Traditional mean-variance optimisation, pioneered by
Markowitz, provides static p ortfolio solutions by assuming
constant expected returns, variances, and covariances over
the investment horizon. While effective under stable market
conditions, these models are limited in their ability to
respond to evolving market dynamics, as they fail to account
for time-varying risk, liquidity constraints, or sudden
structural changes in asset behaviour.In contrast, dynamic
portfolio models continuously adjust allocations in response
to updated market information, employing frameworks
such as stochastic control, dynamic programming, and
time-consistent optimisation.*> These approaches allow
portfolios to adapt to changing expected returns and risk
profiles, reducing exposure during high-volatility periods
and taking advantage of favourable market conditions.
Dynamic risk assessment complements this evolution by
introducing time-sensitive measures, including evolving
Value-at-Risk (VaR), Conditional Value-at-Risk (CVaR), and
drawdown constraints, which capture the probabilistic
and worst-case risks under fluctuating market conditions
5 These measures are implemented through recursive
computations, rolling-window estimations, and scenario-
based simulations, enhancing the model’s responsiveness
to sudden shocks and regime shifts ’ By incorporating these
techniques, dynamic models offer improved resilience,
greater flexibility, and more realistic representations of

financial markets compared to traditional static frameworks.

Quantitative Advances in Dynamic Risk
Assessment

Recent years have witnessed significant quantitative
advancements in dynamic risk assessment, driven by the
availability of high-frequency financial data, improved
computational power, and sophisticated statistical
techniques. Traditional risk measures, such as historical
volatility or static Value-at-Risk (VaR), are often insufficient to
capture the evolving nature of market uncertainty. Modern
approaches address this limitation by incorporating time-
varying parameters, stochastic processes, and multivariate
dependency structures.One key development is the use of
stochastic volatility and jump-diffusion models, which better
represent sudden market shocks and heavy-tailed return
distributions. These models allow risk measures to adapt
continuously, capturing non-linear dependencies between
assets and extreme events that static models typically
underestimate. Another advancement is the integration of
dynamic Conditional Value-at-Risk (CVaR), which focuses on
tail risk under changing market conditions, enabling more
robust risk-limiting strategies for portfolios exposed to rare
but severe losses.Machine learning and statistical learning
techniques, such as Kalman filters, hidden Markov models,
and regime-switching models, have also been increasingly
applied to identify evolving risk patterns, detect structural
breaks, and forecast volatility clusters. Additionally, high-
dimensional covariance estimation methods, including
shrinkage techniques and factor models, enhance the
accuracy of risk estimation for large, diversified portfolios.
Collectively, these quantitative advances provide investors
with more precise, adaptive, and predictive risk assessment
frameworks, allowing for informed decision-making even
in highly volatile and complex financial environments.

Table |.Evolution of Portfolio Optimization Paradigms

Period Model Type

Key Techniques

Assumptions Limitations

1950s—1990s Static mean-variance

Covariance matrices,
efficient frontier

Rational investor,
Gaussian returns

Ignores time variation,
behavioral effects

Dynamic mean-
variance, stochastic
control

2000s-2010s

HJB equations,
dynamic programming

High computational

Adaptive markets demand

R ML- Reinf Data-dri . -
2010s-2020s ObUSt'. based el'n orcement ata drlyen Low interpretability
dynamic models learning, deep nets adaptation
2020s—Present Hyb.r|d quant- Bias qua_ntlﬁcatu.)n, Het.erogeneous Complex calibration
behavioral models hybrid risk metrics investors
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Dynamic Mean-Variance and Stochastic Control

Dynamic mean-variance optimisation models, introduced by
Basak and Chabakauri* generalise static MPT by including
time-varying constraints and recursive expectations. These
models allow continuous rebalancing based on predicted
risk and expected return trajectories.

Robust and Distributionally Aware Optimisation

Robust optimisation frameworks handle parameter
uncertainty by optimising portfolios under worst-case
distributional scenarios 2 They provide protection against
model misspecification and fat-tailed risk, improving out-
of-sample stability.

Machine Learning and Deep Learning
Approaches

Deep learning architectures such as LSTM, CNN, and
reinforcement learning have been used for predictive
portfolio optimisation and dynamic hedging ° ML enhances
adaptability to nonlinear and high-dimensional data but
raises interpretability challenges.

For example, “DeepVaR” models use probabilistic neural
networks to estimate risk measures directly from price
sequences ¥

Behavioural Insights and Portfolio Decision-
Making

While quantitative models have significantly advanced
dynamic risk assessment, they often assume fully rational
investors with stable risk preferences. Behavioural finance
challenges this assumption by demonstrating that investor
decisions are systematically influenced by cognitive biases,
emotions, and heuristics. Incorporating these behavioural
insights into portfolio decision-making enhances the realism
and effectiveness of investment strategies.

Key behavioural factors include overconfidence, which
can lead investors to underestimate risk and overtrade;
loss aversion, which causes disproportionate sensitivity to
losses compared to gains; and herding behaviour, where
investors mimic market trends rather than relying on

independent analysis. Recognising these biases enables
the design of portfolios that are better aligned with actual
investor behaviour and market dynamics.

Behavioural models have been integrated with traditional
optimisation frameworks in several ways. Prospect
theory-based models adjust utility functions to account
for asymmetrical attitudes toward gains and losses, while
adaptive expectation models allow risk preferences to
evolve over time in response to realised outcomes. Recent
research also explores hybrid frameworks, combining
statistical rigour with psychological realism, where machine
learning algorithms detect behavioural patterns and adjust
allocations dynamically to mitigate bias-driven errors.

By incorporating behavioural insights, portfolio management
can become more personalised and resilient, capturing
both market complexity and investor heterogeneity. This
approach not only improves risk-adjusted returns but
also enhances investor satisfaction by accounting for the
psychological dimensions of financial decision-making.

Behavioural Biases Affecting Investors

Behavioural finance identifies systematic deviations from
rationality—such as overconfidence, anchoring, mental
accounting, and herding—that affect asset allocation ?,
12 Empirical studies show that investors exhibiting high
overconfidence trade excessively and achieve lower returns
13- A recent meta-review identified 11 key behavioural bias
factors and 29 measurable indicators influencing portfolio
construction .*2

Behavioural Portfolio Theory (BPT)

Behavioural Portfolio Theory (BPT) extends classical utility
theory by incorporating aspiration levels and loss aversion
. Investors structure portfolios as layers targeting security
and aspiration goals rather than a single mean-variance
optimum.

Quantifying and Integrating Behavioural Factors

Recent studies use regression and clustering to infer
behavioural biases from observed portfolios.'* For example,
over-diversification and home bias can be estimated using

Table 2.Summary of Quantitative Techniques for Dynamic Risk Assessment

Method Representative Models Advantages Challenges
Dynamic Mean- . . . . . .
¥ Variance Time-consistent allocation*® | Theoretically grounded High computational cost

Robust Optimization Joint uncertainty sets®

Resilient to estimation

Conservative results
errors

Deep Learning LSTM, CNN, Transformer®1°

Learns complex

dynamics Low interpretability

Multi-Objective (ESG) | Risk-return-ESG trade-offs!!

Reflects investor values

Multi-dimensional complexity
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deviation from benchmark weights. Inverse optimisation
techniques further estimate investor risk preferences by
reconstructing objective functions from actual allocations .

Behavioural-Quantitative Hybrid Models

Hybrid frameworks embed behavioural features—such
as reference dependence and probability distortion—
into dynamic optimisation. Yu et al.?® proposed an inverse
optimisation approach where risk preferences evolve with
observed portfolio adjustments, bridging quantitative
modelling and investor psychology.

Integrative Framework: Behavioral-
Quantitative Synergy

Recent developments in portfolio theory emphasize the
integration of quantitative risk assessment with behavioral
insights, creating a hybrid framework that leverages both
statistical rigor and psychological realism. Traditional
guantitative models excel at capturing market dynamics,
estimating volatility, and optimizing allocations under well-
defined constraints. However, they often neglect the human
element—investor biases, shifting risk preferences, and
sentiment-driven market behaviors—that can significantly
influence portfolio outcomes.The behavioral-quantitative
synergy framework addresses this gap by embedding
behavioral factors directly into quantitative models. For
example, adaptive allocation strategies may incorporate
loss aversion coefficients, overconfidence adjustments, or
sentiment indicators into risk-return optimization. Machine
learning algorithms can detect deviations from rational
behavior, adjust expected returns or risk estimates, and
dynamically rebalance portfolios to mitigate behavioral
distortions. Regime-switching models can further integrate
market states with behavioral tendencies, allowing
portfolios to respond to both structural market changes
and investor psychology.This integrative approach also
emphasizes explainability and interpretability, ensuring that
adaptive strategies are not only mathematically robust but
also transparent to investors. By combining dynamic risk
measures, stochastic optimization, and behavioral insights,
the framework enables more resilient, personalized, and
context-aware portfolio management. Ultimately, it bridges
the gap between data-driven decision-making and real-
world investor behavior, paving the way for next-generation
adaptive portfolio systems that are both predictive and
psychologically informed.The next generation of portfolio
systems blends dynamic quantitative modeling with
behavioral adaptation across three layers:

e Market layer — Forecasting return distributions,
volatility, and correlations using ML.

e Investor layer — Measuring and updating investor
biases, sentiment, and psychological states.

Optimization layer — Dynamic rebalancing

under both risk constraints and behavioral
parameters.

This integration creates portfolios that not only respond
to market volatility but also mitigate cognitive distortions
affecting investor choices .32

Empirical Applications

Empirical studies show that combining dynamic risk
assessment, quantitative models, and behavioral insights
improves portfolio performance in real markets. Dynamic
asset allocation using rolling-window volatility, stochastic
control, or machine learning adapts to changing conditions
and outperforms static benchmarks, especially during market
turbulence. Behavioral adjustments—such as accounting for
loss aversion, overconfidence, and herding—help reduce
downside risk and better align portfolios with investor
behaviour. Hybrid frameworks tested across equities,
bonds, and alternative assets demonstrate enhanced
diversification, drawdown control, and adaptive responses
to extreme events. Overall, these applications confirm that
integrating quantitative rigour with behavioural realism
creates more resilient and effective portfolio management
strategies.

e Dynamic Allocation: Basak and Shapiro ® demonstrated
that incorporating VaR constraints leads to realistic
risk-control policies.

e Optimisation: Distributionally robust portfolio
frameworks outperform conventional models under
uncertainty &

e Behavioural Bias Measurement: Recent meta-reviews
quantify costly behavioural biases across investor
groups *2

e Deep Learning Portfolios: LSTM-based systems
improve Sharpe ratios by learning dynamic risk—return
structures®

e These findings highlight the feasibility and value of
integrating behavioural and quantitative components
in real-world portfolio management.

Challenges and Future Research Directions

Challenges and Future Research Directions

Despite the remarkable advances in dynamic risk assessment
and behaviourally informed portfolio optimisation, several
persistent challenges limit their full practical adoption and
effectiveness. A key challenge is model complexity and
interpretability. Advanced techniques, such as stochastic
control, regime-switching models, and machine learning-
based allocation, often operate as “black boxes”. While
these models may improve predictive accuracy, their
lack of transparency can undermine investor trust and
complicate regulatory compliance. Ensuring that models
are explainable, while maintaining performance, remains
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an open research problem.Data quality and availability
present another significant obstacle. Dynamic models rely
on timely, high-frequency data covering market prices,
volatility, macroeconomic indicators, and behavioural
signals. Missing, noisy, or biased data can compromise
the reliability of risk forecasts and allocation strategies. In
addition, behavioural factors—such as overconfidence, loss
aversion, and herding—are heterogeneous across investor
types and contexts, making them difficult to measure and
incorporate precisely.Robustness under extreme market
events is also critical. While hybrid frameworks adapt
to changing conditions, rare or unprecedented shocks—
such as flash crashes or geopolitical crises—may still
lead to substantial deviations from expected outcomes.
Developing models that are resilient under extreme stress,
while maintaining adaptability, is a pressing area for future
research.

Future research directions include:

e Explainable and interpretable Al for adaptive portfolio
strategies to bridge the gap between predictive power
and transparency.

e Real-time behavioural monitoring, integrating
sentiment analysis, social media signals, and investor
feedback into dynamic allocation models.

e Hybrid multi-asset optimisation, which combines
guantitative rigour and behavioural realism across
equities, bonds, alternatives, and ESG-compliant assets.

e Ntegration of sustainability and ESG factors, aligning
dynamic risk assessment with long-term societal and
environmental objectives.

e Stress-testing frameworks that explicitly model rare
events and tail risks while accounting for behavioural
feedback loops.

Addressing these challenges will allow next-generation
portfolio systems to be not only adaptive and predictive
but also resilient, explainable, and aligned with the complex
behaviours and preferences of real-world investors. Such
advances could transform portfolio management into a
more personalised, robust, and behaviourally coherent
practice, capable of navigating increasingly complex and
volatile financial markets.

Conclusion

Dynamic risk assessment and behavioural finance are
increasingly converging, creating a more comprehensive
and nuanced understanding of portfolio decision-making.
Traditional models, which largely assume static risk
preferences and rational behaviour, are no longer sufficient
to capture the complexity, volatility, and heterogeneity of
modern financial markets. Quantitative models—including
stochastic control, regime-switching frameworks, and
machine learning-based risk assessment—provide predictive

rigour and adaptive mechanisms, allowing portfolios to
respond to evolving market conditions and extreme events.

At the same time, behavioural finance highlights the
importance of psychological factors such as overconfidence,
loss aversion, and herding, demonstrating that investor
behaviour often deviates from the assumptions of classical
finance. Incorporating these insights enables the design
of portfolio strategies that are not only mathematically
optimised but also alignhed with real-world investor
behaviour, improving both risk management and investor
satisfaction.The integration of quantitative rigour with
behavioural realism supports adaptive, personalised, and
resilient investment strategies, capable of dynamically
adjusting to market changes while accounting for human
biases. Hybrid frameworks, empirical studies, and real-
world applications suggest that this synergy can enhance
diversification, tail-risk control, and long-term performance
across various asset classes.

Looking forward, the next frontier in financial research
and practice lies in developing explainable, behaviourally
informed, and robust portfolio systems that combine
predictive analytics with psychological insights, paving
the way for more intelligent, transparent, and investor-
centred portfolio management in increasingly complex
and volatile markets.
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