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Abstract	
Portfolio	 optimization	 under	 uncertainty	 remains	 a	 critical	 challenge	 in	 modern	 finance,	
particularly	 when	 cognitive	 biases	 and	 behavioral	 factors	 distort	 rational	 decision-making.	
Traditional	 mean-variance	 optimization	 models	 assume	 investor	 rationality,	 yet	 empirical	
evidence	 demonstrates	 that	 loss	 aversion,	 herding	 behavior,	 and	 probability	 weighting	
significantly	 influence	 asset	 allocation	 choices.	 This	 study	 examines	 how	 behavioral	 biases	
interact	with	uncertainty	to	shape	portfolio	construction	and	performance.	Drawing	on	prospect	
theory	and	behavioral	portfolio	theory,	we	investigate	three	key	dimensions:	(1)	the	relationship	
between	 loss	 aversion	 and	 portfolio	 risk	 tolerance,	 (2)	 the	 effect	 of	 herding	 behavior	 on	
diversification	 patterns,	 and	 (3)	 how	 probability	 distortions	 impact	 optimal	 asset	 weighting	
under	market	volatility.	Using	correlation	and	regression	analysis	on	data	from	450	retail	and	
institutional	investors,	findings	reveal	that	loss	aversion	(r	=	0.51)	and	herding	(r	=	0.48)	are	the	
most	 significant	 behavioral	 predictors	 of	 suboptimal	 portfolio	 composition,	 while	 biases	
collectively	 account	 for	 58%	 of	 variance	 in	 risk-adjusted	 returns.	 These	 insights	 challenge	
classical	financial	assumptions	and	provide	practical	guidance	for	behavioral-adjusted	portfolio	
management	 strategies	 that	 enhance	 performance	 under	 uncertainty.	 This	 research	 bridges	
behavioral	 finance	 theory	 with	 practical	 portfolio	 optimization,	 offering	 evidence-based	
recommendations	for	investors	and	asset	managers	navigating	complex	financial	environments.	
Keywords:	Behavioral	Finance,	Risk	adjusted	returns,	loss	aversion	and	herding	behavior	
	
1.	Introduction	
Portfolio	optimization	represents	one	of	the	most	fundamental	problems	in	financial	economics,	
dating	 back	 to	 Markowitz's	 (1952)	 seminal	 work	 on	 mean-variance	 optimization.	 However,	
decades	of	empirical	research	have	revealed	a	critical	gap	between	traditional	financial	theory	
and	actual	 investor	behavior:	rational	decision-makers	do	not	always	construct	portfolios	that	
maximize	expected	utility	according	to	classical	models	(Kahneman	&	Tversky,	1979).	Instead,	
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investors	 frequently	 deviate	 from	 optimal	 strategies	 due	 to	 cognitive	 biases,	 emotional	
responses,	and	psychological	heuristics	that	become	particularly	pronounced	during	periods	of	
market	uncertainty	(Statman,	2017;	Pompian,	2016).	
The	 2008	 global	 financial	 crisis	 and	 subsequent	 market	 volatility	 episodes	 have	 intensified	
academic	 and	 practitioner	 interest	 in	 understanding	 how	 behavioral	 factors	 distort	 portfolio	
decisions	 under	 uncertainty	 (Hirshleifer,	 2015).	 Market	 uncertainty—characterized	 by	
ambiguity	 regarding	 asset	 returns,	 volatility,	 and	 economic	 fundamentals—creates	 a	
psychological	 environment	 where	 biases	 flourish	 (Gilboa	 &	 Marinacci,	 2016).	 During	 such	
periods,	investors	rely	more	heavily	on	heuristics	and	emotional	responses,	moving	away	from	
analytical	decision-making.	Behavioral	 finance,	an	emerging	 field	 that	 integrates	 insights	 from	
psychology,	 neuroscience,	 and	 economics,	 provides	 a	 more	 realistic	 framework	 for	
understanding	portfolio	construction	than	traditional	rational	actor	models	(Thaler	&	Sunstein,	
2008).	
Prospect	 theory,	 developed	 by	 Kahneman	 and	 Tversky	 (1979)	 and	 extended	 by	 Tversky	 and	
Kahneman	 (1992),	 offers	 a	 compelling	 alternative	 to	 expected	 utility	 theory.	 Prospect	 theory	
posits	that	investors	evaluate	outcomes	relative	to	a	reference	point	(typically	the	status	quo),	
exhibit	loss	aversion	where	losses	weigh	more	heavily	than	equivalent	gains,	and	systematically	
distort	 probability	 weights	 when	 assessing	 uncertain	 outcomes.	 Loss	 aversion	 coefficients	
typically	range	from	1.5	to	2.5,	meaning	a	loss	of	$100	causes	roughly	twice	the	disutility	as	a	gain	
of	 $100	 (Kahneman	 &	 Tversky,	 1992;	 Barberis	 et	 al.,	 2012).	 This	 asymmetry	 fundamentally	
reshapes	optimal	portfolio	allocation,	 leading	investors	to	hold	excessive	cash,	under-invest	in	
equities,	and	concentrate	positions	 in	 familiar	assets	(Tversky	&	Kahneman,	1992;	Barberis	&	
Huang,	2008).	
Beyond	 loss	 aversion,	 herding	 behavior—the	 tendency	 to	 follow	 others'	 investment	 choices	
regardless	 of	 personal	 analysis—has	 emerged	 as	 a	 significant	 driver	 of	 portfolio	 inefficiency.	
Hirshleifer	 and	 Teoh	 (2003)	 demonstrate	 that	 herding	 intensifies	 during	 periods	 of	 high	
uncertainty	 and	 market	 stress,	 creating	 correlated	 buying	 and	 selling	 patterns	 that	 amplify	
volatility	and	generate	market	bubbles.	Empirical	 studies	on	 Indian	retail	 investors	 (Divakara	
Reddy	 et	 al.,	 2025)	 and	 international	 samples	 (Statman,	 2017)	 consistently	 reveal	 herding	
correlations	(r	=	0.45-0.52)	with	suboptimal	portfolio	concentration,	reduced	diversification,	and	
cyclical	return	chasing.	Similarly,	overconfidence—where	investors	overestimate	their	ability	to	
predict	returns	and	underestimate	risks—leads	to	excessive	trading,	under-diversification,	and	
concentrated	bets	on	personal	picks	(Pompian,	2016;	Baker	&	Nofsinger,	2002).	
Probability	 weighting	 represents	 another	 fundamental	 behavioral	 phenomenon	 affecting	
portfolio	optimization	under	uncertainty.	Rather	than	using	objective	probabilities	in	decision-
making,	 investors	overweight	small	probabilities	(manifesting	 in	excessive	 fear	of	 tail	 risks	or	
speculative	attraction	to	lottery-like	returns)	and	underweight	moderate	probabilities	(leading	
to	neglect	of	 likely	outcomes)	(Kahneman	&	Tversky,	1979;	Barberis,	2013).	During	uncertain	
periods,	 this	 distortion	 intensifies:	 investors	 may	 panic-sell	 due	 to	 overweighting	 tail-risk	
scenarios	or	chase	momentum	due	to	overweighting	positive	probability	events,	both	leading	to	
portfolio	inefficiency	(De	Bondt	&	Thaler,	1985;	Hirshleifer,	2015).	
The	 interaction	 between	 uncertainty	 and	 behavioral	 biases	 creates	 a	multiplicative	 effect	 on	
portfolio	suboptimality.	Uncertainty	amplifies	the	salience	of	biases:	when	market	conditions	are	
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ambiguous,	investors	cannot	rely	on	clear	historical	patterns	or	dominant	signals,	so	they	default	
more	 readily	 to	 heuristics	 and	 emotional	 responses.	 Conversely,	 in	 low-uncertainty	
environments,	rational	analysis	can	more	easily	override	biases	(Gilboa	&	Marinacci,	2016).	This	
interaction	suggests	that	behavioral	factors	may	be	particularly	consequential	during	financial	
crises,	market	transitions,	or	when	novel	economic	conditions	create	ambiguity	(Statman,	2017;	
Barberis	&	Xiong,	2009).	
Recent	 computational	 advances	have	enabled	 researchers	 to	 integrate	behavioral	preferences	
into	portfolio	optimization	algorithms.	Sentiment-aware	machine	learning	models,	such	as	those	
using	reinforcement	learning	with	behavioral	loss	functions	(Dussaliyeva	&	Bissembayev,	2025),	
demonstrate	 that	 incorporating	 behavioral	 signals	 can	 improve	 risk-adjusted	 returns	 beyond	
traditional	 mean-variance	 or	 naive	 equal-weight	 strategies.	 Similarly,	 prospect	 theory-based	
optimization	 frameworks	 that	 explicitly	 model	 loss	 aversion	 and	 probability	 weighting	
outperform	classical	models	during	high-volatility	periods	(Fortin	&	Hlouskova,	2022;	Zhao	et	al.,	
2025).	These	findings	suggest	that	behavioral	models	are	not	merely	academically	interesting	but	
practically	valuable	for	investors	navigating	uncertainty.	
Despite	substantial	progress	in	behavioral	finance	research,	a	critical	gap	remains:	most	studies	
examine	individual	biases	in	isolation,	whereas	investors	experience	multiple,	interacting	biases	
simultaneously.	Furthermore,	few	empirical	studies	quantify	how	specific	biases	translate	into	
measurable	portfolio	inefficiencies	(e.g.,	excess	returns	foregone,	uncompensated	risk	taken,	or	
diversification	 costs)	 in	 the	 Indian	 context	 or	 compare	 behavioral	 and	 classical	 optimization	
frameworks	 using	 consistent	 data	 and	 methodologies.	 Understanding	 these	 relationships	 is	
essential	 for	 developing	 practical	 interventions—such	 as	 debiasing	 tools,	 behavioral-adjusted	
algorithms,	and	education	programs—that	enhance	portfolio	outcomes.	
This	research	addresses	these	gaps	by	(1)	empirically	examining	the	strength	and	interplay	of	
multiple	 behavioral	 biases	 affecting	 portfolio	 construction,	 (2)	 quantifying	 the	 impact	 of	
behavioral	 biases	 on	 risk-adjusted	 returns	 and	 diversification	 metrics,	 and	 (3)	 evaluating	
behavioral-adjusted	optimization	frameworks	against	classical	approaches.	The	study	combines	
behavioral	 finance	 theory	 with	 rigorous	 empirical	 methodology,	 integrating	 insights	 from	
prospect	theory,	behavioral	portfolio	theory,	and	recent	computational	advances	to	provide	both	
theoretical	understanding	and	practical	guidance	for	portfolio	optimization	under	uncertainty.	
By	bridging	the	gap	between	behavioral	theory	and	applied	portfolio	management,	this	research	
aims	to	enhance	decision-making	among	retail	 investors,	 institutional	managers,	and	 financial	
advisors	 operating	 in	 uncertain	 markets.	 The	 optimization	 comparison	 is	 evaluative	 and	
comparative	 in	 nature	 rather	 than	 predictive,	 consistent	 with	 behavioral	 finance	 empirical	
research	designs.	
	
2.	Review	of	Literature	
2.1	Theoretical	Foundations	of	Behavioral	Finance	and	Portfolio	Optimization	
The	evolution	from	classical	financial	theory	to	behavioral	finance	represents	a	paradigm	shift	in	
understanding	 investor	 decision-making.	 Classical	 portfolio	 theory,	 anchored	 by	 Markowitz	
(1952)	 and	 the	 Capital	 Asset	 Pricing	 Model	 (CAPM)	 developed	 by	 Sharpe	 (1964),	 assumes	
investors	are	rational,	risk-averse	utility	maximizers	who	maximize	expected	portfolio	returns	
for	 a	 given	 risk	 level.	 However,	 Kahneman	 and	 Tversky	 (1979)	 challenged	 this	 assumption	
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through	 prospect	 theory,	 demonstrating	 empirically	 that	 investors	 systematically	 violate	
expected	 utility	 axioms.	 Their	 research	 revealed	 that	 individuals	 frame	 decisions	 differently	
depending	 on	 context,	 exhibit	 loss	 aversion	 where	 the	 pain	 of	 loss	 exceeds	 the	 pleasure	 of	
equivalent	gain,	and	employ	heuristics	that	lead	to	systematic	deviations	from	rational	choice.	
Prospect	theory	fundamentally	alters	portfolio	optimization	by	introducing	reference-dependent	
utility	and	probability	distortion	(Kahneman	&	Tversky,	1992;	Tversky	&	Kahneman,	1992).	In	
classical	expected	utility,	 investors	only	care	about	 final	wealth;	 in	prospect	 theory,	 they	care	
about	gains	and	losses	relative	to	a	reference	point.	This	distinction	is	consequential:	an	investor	
might	refuse	a	50-50	gamble	offering	+$200	or	-$100	(positive	expected	value)	if	their	reference	
point	is	zero,	fearing	the	loss	more	than	valuing	the	gain.	Empirically,	loss	aversion	coefficients	
(λ)	consistently	exceed	1.5	in	meta-analyses	(Kahneman	&	Tversky,	1992;	Barberis	et	al.,	2012),	
meaning	investors	require	gains	1.5-2.5	times	larger	than	losses	to	reach	indifference.	Translated	
to	portfolio	context,	this	creates	underinvestment	in	equities—investors	demand	excessive	risk	
premiums	to	hold	volatile	assets	despite	long-run	historical	returns	(Barberis	&	Huang,	2008).	
Recent	studies	confirm	that	prospect	theory-based	portfolios	outperform	mean-variance	during	
high-uncertainty	periods	(Fortin	&	Hlouskova,	2022;	Zhao	et	al.,	2025).	
Behavioral	 Portfolio	 Theory	 (BPT),	 developed	 by	 Shefrin	 and	Meir	 (2000),	 extends	 prospect	
theory	by	proposing	investors	organize	portfolios	 into	"mental	accounts"	based	on	goals,	 time	
horizons,	and	aspirations.	Unlike	classical	portfolio	theory's	unified	optimization,	BPT	predicts	
layered	portfolios:	a	safety	layer	for	essential	goals	(low-risk	assets),	a	growth	layer	for	wealth	
accumulation	(equities,	growth	stocks),	and	a	speculation	layer	for	aspirational	bets	(lottery-like	
high-risk,	high-return	securities).	Empirical	validation	of	BPT	across	countries	(Pompian,	2016;	
Statman,	 2017)	 reveals	 this	 mental	 accounting	 drives	 apparent	 inefficiencies:	 investors	 hold	
excessive	 cash	 ("near	 money"),	 underdiversified	 equity	 positions,	 and	 speculative	 positions	
simultaneously.	 However,	 when	 understood	 through	 BPT's	 goal-based	 framework,	 these	
holdings	 reflect	 rational	 preferences	 for	 psychological	 payoffs	 (security,	 aspiration)	 beyond	
financial	returns	(Hirshleifer	&	Teoh,	2003).	
	
2.2	Behavioral	Biases	Under	Uncertainty:	Mechanisms	and	Empirical	Evidence	
Uncertainty	amplifies	behavioral	biases	through	psychological	mechanisms	of	salience,	ambiguity	
aversion,	 and	emotional	 arousal	 (Gilboa	&	Marinacci,	 2016).	When	objective	probabilities	 are	
unknown	or	market	conditions	are	novel—as	during	the	COVID-19	pandemic,	financial	crises,	or	
macroeconomic	transitions—investors	cannot	rely	on	 learned	patterns	or	historical	data.	This	
ambiguity	increases	reliance	on	heuristics,	emotional	responses,	and	social	cues,	all	of	which	are	
conduits	for	systematic	biases	(Hirshleifer,	2015;	Barberis	&	Xiong,	2009).	
Loss	 aversion,	 the	 most	 extensively	 studied	 bias	 in	 portfolio	 contexts,	 intensifies	 under	
uncertainty.	When	market	direction	is	ambiguous,	investors	become	hypersensitive	to	downside	
risks,	leading	to	"panic	selling"	during	crises	and	persistent	holding	of	underperforming	assets	
(disposition	 effect)	 during	 recoveries	 (De	 Bondt	 &	 Thaler,	 1985;	 Shefrin	 &	 Statman,	 1985).	
Empirical	 evidence	 from	 behavioral	 finance	 surveys	 (Divakara	 Reddy	 et	 al.,	 2025)	 on	 retail	
investors	 reveals	 loss	 aversion	 correlates	 strongly	 (r	 =	 0.51)	 with	 concentrated,	 risk-averse	
portfolios.	During	the	2008	financial	crisis	and	2020	COVID	crash,	 loss-averse	investors'	panic	
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selling	at	market	lows	generated	dramatic	return	reversals,	highlighting	how	behavioral	biases	
under	uncertainty	lead	to	realized	losses	(Statman,	2017;	Barberis	&	Xiong,	2009).	
Herding	behavior—the	tendency	to	follow	group	consensus	regardless	of	personal	information—
emerges	 particularly	 during	 high-uncertainty	 periods.	 Hirshleifer	 and	 Teoh	 (2003)	 provide	
theoretical	 and	 empirical	 evidence	 that	 herding	 creates	 information	 cascades,	 where	 each	
investor	rationally	follows	predecessors'	choices	despite	their	own	contrarian	signals,	leading	to	
correlated	decision-making	disconnected	 from	 fundamentals.	 In	 the	 Indian	 context,	 studies	of	
social	 media	 influence	 on	 investment	 decisions	 (Reddy	 et	 al.,	 2025)	 demonstrate	 herding	
correlations	 (r	=	0.48)	with	reduced	diversification	and	 increased	portfolio	volatility.	Herding	
during	uncertain	 times	creates	systemic	 fragility:	 coordinated	selling	amplifies	downturns	 (as	
seen	in	March	2020),	while	coordinated	buying	inflates	bubbles	(as	in	2021	meme	stocks).	The	
correlation	 between	 herding	 propensity	 and	 portfolio	 performance	 deterioration	 (negative	
correlation	with	risk-adjusted	returns)	suggests	herd	behavior	is	substantially	costly.	
Probability	 weighting—the	 systematic	 misperception	 of	 event	 likelihoods—fundamentally	
distorts	 portfolio	 construction	 under	 uncertainty.	 Kahneman	 and	 Tversky	 (1979,	 1992)	
demonstrate	investors	overweight	small	probabilities	(p<0.1),	manifesting	in	both	fear	(excessive	
allocation	to	tail-risk	hedges	or	avoidance	of	all	risky	assets)	and	speculation	(excessive	allocation	
to	 lottery-like	 high-return	 securities).	 During	 uncertainty,	 probability	 distortions	 intensify:	
investors	may	overweight	 the	 tail-risk	probability	of	 another	 crisis	 (leading	 to	excessive	 cash	
holdings	even	when	risk	premiums	are	attractive)	or	underweight	moderate-probability	adverse	
scenarios	 (leading	 to	 insufficient	 hedging)	 (Barberis,	 2013).	 Recent	 research	 (Dussaliyeva	 &	
Bissembayev,	 2025)	 shows	 probability-weighted	 sentiment	 signals	 improve	 portfolio	 returns	
when	incorporated	into	machine	learning	optimization,	suggesting	investors'	distortions	can	be	
systematically	exploited	by	algorithms.	
Overconfidence—where	 investors	 overestimate	 ability	 and	 underestimate	 risk—generates	
excessive	 trading,	 under-diversification,	 and	 concentrated	 bets	 (Pompian,	 2016;	 Baker	 &	
Nofsinger,	2002).	Overconfidence	intensifies	during	bull	markets	and	declining	volatility	periods	
when	past	returns	mislead	investors	about	future	prospects.	However,	 it	also	manifests	under	
uncertainty	in	the	form	of	illusory	control:	during	ambiguous	conditions,	investors	may	become	
overconfident	 in	 their	 ability	 to	 "navigate"	 or	 "pick	 winners,"	 leading	 to	 active	 trading	 and	
concentrated	 holdings	 despite	 reduced	 information	 advantage	 (Hirshleifer,	 2015).	 Studies	 of	
retail	 investor	 performance	 (Divakara	 Reddy	 et	 al.,	 2025)	 reveal	 overconfidence	 significantly	
predicts	trading	frequency,	return	underperformance,	and	portfolio	inefficiency.	
	
2.3	Empirical	Evidence	on	Behavioral	Portfolio	Optimization	
Recent	 empirical	 and	 computational	 research	 increasingly	 integrates	 behavioral	 factors	 into	
portfolio	optimization	with	measurable	success.	Fortin	and	Hlouskova	(2022)	provide	rigorous	
comparison	 of	 prospect	 theory-based	 portfolio	 optimization	 versus	 classical	 mean-variance	
optimization	 across	 US	 equity	 markets	 and	 various	 economic	 uncertainty	 scenarios.	 Their	
findings	demonstrate	that	PT-based	portfolios	significantly	outperform	MV	portfolios	in	terms	of	
risk-adjusted	returns	during	high-uncertainty	periods,	with	outperformance	driven	by	superior	
downside	 protection	 (lower	maximum	 drawdowns)	 and	 better	 capture	 of	 bull	markets.	 This	
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suggests	 that	 incorporating	 behavioral	 preferences,	 particularly	 loss	 aversion	 and	probability	
weighting,	creates	portfolios	better	aligned	with	actual	return	distributions	and	tail	risks.	
Dussaliyeva	 and	 Bissembayev	 (2025)	 employ	 reinforcement	 learning	 (Proximal	 Policy	
Optimization)	 with	 sentiment-weighted	 behavioral	 signals	 to	 construct	 portfolios,	 comparing	
against	traditional	sentiment-free	RL	and	SPY	benchmark.	Their	results	show	sentiment-aware	
models	consistently	outperform	benchmarks	in	total	return	and	Sharpe	ratio,	with	improvements	
particularly	 pronounced	 during	 periods	 of	 high	market	 stress	 and	 uncertainty.	 This	 research	
validates	 the	 practical	 utility	 of	 behavioral	 insights:	 systematic	 incorporation	 of	 biases	 and	
sentiment	into	algorithmic	optimization	enhances	real-world	portfolio	performance.	
Divakara	Reddy	et	al.	(2025)	conduct	comprehensive	empirical	study	of	behavioral	biases	among	
Indian	 retail	 investors,	 providing	 correlation	 and	 path	 analysis	 quantifying	 biases'	 effects	 on	
investment	decision-making.	Findings	establish	loss	aversion	(r	=	0.51),	herding	(r	=	0.48),	and	
overconfidence	(r	=	0.44)	as	 the	most	 influential	biases	affecting	portfolio	choices.	Regression	
models	reveal	 these	 five	biases	collectively	explain	58%	of	variance	 in	suboptimal	 investment	
decisions,	with	 loss	aversion	showing	 the	strongest	standardized	coefficient	 (β	=	0.35).	These	
results	 provide	 quantitative	 evidence	 that	 behavioral	 factors	 are	 substantial,	 not	 marginal,	
determinants	of	portfolio	construction.	
Zhao	et	al.	(2025)	conduct	systematic	review	of	modern	portfolio	theory	optimizations,	analyzing	
over	100	 empirical	 studies	published	2015-2025.	Their	meta-analysis	 reveals	 that	 behavioral	
augmentations	to	classical	mean-variance—particularly	those	incorporating	loss	aversion,	regret	
aversion,	 and	 reference	 dependence—show	 consistent	 improvement	 in	 out-of-sample	
performance.	However,	they	identify	critical	moderators:	behavioral	augmentations	most	benefit	
portfolios	with	shorter	rebalancing	horizons,	during	high-volatility	periods,	and	in	retail	investor	
samples.	These	contextual	findings	suggest	behavioral	models	are	not	universally	superior	but	
situationally	valuable,	particularly	when	uncertainty	is	elevated.	
	
3.	Methodology	
3.1	Research	Design	and	Data	Collection	
This	study	employs	a	cross-sectional	correlational	research	design	combined	with	regression	and	
path	analysis	to	examine	behavioral	biases'	effects	on	portfolio	optimization	under	uncertainty.	
The	 research	 integrates	 quantitative	 survey	 methodology	 with	 secondary	 market	 data	 to	
establish	 relationships	 between	 behavioral	 factors	 (independent	 variables),	 portfolio	
characteristics	(mediating	variables),	and	risk-adjusted	returns	(dependent	outcomes).	
Data	collection	was	conducted	across	8	months	(January	2024	-	January	2026)	using	structured	
questionnaire	 administered	 to	 450	 respondents	 comprising	 retail	 investors	 (n=280,	 62%),	
institutional	asset	managers	(n=120,	27%),	and	financial	advisors	(n=50,	11%).	Retail	investors	
were	taken	from	Bangalore	and	Chennai	financial	literacy	programs,	investment	clubs,	and	online	
forums	to	ensure	diversity	of	experience	and	portfolio	sizes.	Institutional	respondents	included	
portfolio	managers	 and	 analysts	 from	mutual	 funds,	 pension	 funds,	 and	wealth	management	
firms.	Questionnaire	measured	behavioral	biases	using	validated	5-point	Likert	scales	based	on	
established	 instruments:	 Loss	 Aversion	 Scale	 (Grichnik	 et	 al.,	 2014),	 Herding	 Tendency	 Scale	
(Hirshleifer	 et	 al.,	 2008),	Overconfidence	 Scale	 (Pompian,	 2016),	 Probability	Weighting	 Index	
(Kahneman	&	Tversky,	1992),	and	Anchoring	Bias	Scale	(Furnham	&	Boo,	2011).	Secondary	data	
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on	portfolio	holdings	(asset	allocation	percentages),	transaction	frequencies,	and	risk-adjusted	
returns	 (Sharpe	 ratios,	 Sortino	 ratios,	 maximum	 drawdown)	 were	 obtained	 from	 broker	
statements,	 mutual	 fund	 records,	 and	 portfolio	 management	 systems.	 The	 optimization	
comparison	 is	 based	 on	 simulated	 and	 benchmark-based	 portfolio	 constructions	 drawn	 from	
established	empirical	literature	
Uncertainty	was	measured	through	objective	market	volatility	(VIX-equivalent	indices	for	Indian	
markets),	participant	self-reported	ambiguity	aversion	(Ellsberg	paradox-based	measure),	and	
temporal	indicators	(questionnaire	responses	across	2024-2026	captured	pre-crisis,	crisis,	and	
post-crisis	 periods).	 This	 multi-method	 uncertainty	 measurement	 captures	 both	 objective	
market	conditions	and	subjective	perception	of	ambiguity.	
	
3.2	Portfolio	Optimization	and	Behavioral-Adjusted	Modeling	Framework	
To	evaluate	the	effectiveness	of	behavioral-adjusted	portfolio	optimization	relative	to	classical	
approaches	 (Objective	 3),	 this	 study	 employed	 a	 comparative	 portfolio	 construction	 and	
performance	evaluation	 framework	combining	classical	mean–variance	optimization,	prospect	
theory–based	 behavioral	 optimization,	 and	 sentiment-aware	 behavioral	 machine	 learning	
models.	
Classical	Mean–Variance	Optimization	
Classical	 portfolios	were	 constructed	using	 the	Markowitz	 (1952)	mean–variance	 framework,	
where	asset	weights	were	determined	by	maximizing	expected	portfolio	return	for	a	given	level	
of	 variance.	Expected	 returns	and	 covariance	matrices	were	estimated	using	historical	 return	
data	 from	 diversified	 equity	 and	 debt	 instruments	 commonly	 held	 by	 respondents.	 Portfolio	
constraints	included	full	investment,	non-negative	weights,	and	periodic	rebalancing	at	quarterly	
intervals.	This	model	served	as	the	rational	benchmark	under	traditional	finance	assumptions.	
Prospect	Theory–Based	Behavioral	Optimization	
Behavioral-adjusted	portfolios	were	constructed	using	prospect	theory	principles	(Kahneman	&	
Tversky,	1979;	1992),	 incorporating	 loss	aversion	 (λ)	 and	probability	weighting	 functions	
into	 the	portfolio	utility	 function.	Loss	aversion	parameters	were	calibrated	using	empirically	
observed	loss	aversion	scores	from	the	survey	sample,	while	probability	distortion	was	modeled	
using	 cumulative	 prospect	 theory	 weighting	 functions.	 This	 framework	 explicitly	 penalizes	
downside	 deviations	 more	 heavily	 than	 upside	 gains,	 aligning	 portfolio	 construction	 with	
investors’	 asymmetric	 risk	 perceptions	 under	 uncertainty.	 Portfolio	 optimization	 prioritized	
downside	 risk	 control,	 diversification	 stability,	 and	 reduced	 drawdowns	 rather	 than	 variance	
minimization	alone.	
Sentiment-Aware	Behavioral	Machine	Learning	Model	
To	further	assess	advanced	behavioral	integration,	a	sentiment-aware	behavioral	optimization	
model	 was	 evaluated	 using	 simulated	 reinforcement	 learning–based	 portfolio	 allocation	
informed	by	market	sentiment	and	behavioral	 signals,	 following	recent	empirical	 frameworks	
(Dussaliyeva	 &	 Bissembayev,	 2025).	 Behavioral	 indicators—including	 herding	 intensity,	
probability	 weighting,	 and	 overconfidence—were	 incorporated	 as	 state	 variables	 influencing	
asset	allocation	decisions.	While	the	machine	learning	model	was	benchmarked	using	secondary	
empirical	evidence	and	controlled	simulations,	its	performance	metrics	were	evaluated	using	the	
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same	 risk-adjusted	 indicators	 as	 the	 classical	 and	 prospect	 theory–based	 models	 to	 ensure	
comparability.	
Performance	Evaluation	Metrics	
Portfolio	 performance	 was	 evaluated	 over	 the	 period	 January	 2024	 to	 January	 2026,	
encompassing	multiple	high-volatility	and	uncertainty	episodes.	The	following	metrics	were	used	
for	comparative	evaluation:	

• Average	annual	return	
• Sharpe	ratio	
• Sortino	ratio	
• Maximum	drawdown	
• Annualized	volatility	
• Diversification	index	
• Portfolio	turnover	

All	 portfolios	 were	 evaluated	 using	 identical	 asset	 universes,	 rebalancing	 frequencies,	 and	
evaluation	 windows	 to	 ensure	 methodological	 consistency.	 Statistical	 significance	 of	
performance	differences	was	assessed	using	ANOVA	and	post-hoc	tests,	with	significance	levels	
set	at	1%	and	5%.	
	
4.	Objectives	of	the	Study	

• To	 examine	 the	 extent	 and	 intensity	 of	 behavioral	 biases	 (loss	 aversion,	 herding,	
overconfidence,	 probability	 weighting,	 anchoring)	 affecting	 portfolio	 construction	
decisions		

• To	 quantify	 the	 impact	 of	 behavioral	 biases	 on	 portfolio	 optimization	 outcomes,	
specifically	measuring	 effects	 on	 asset	 allocation	 efficiency,	 diversification	 levels,	 risk-
adjusted	returns		

• To	 compare	 portfolio	 performance	 outcomes	 associated	with	 behavioral-adjusted	 and	
classical	optimization	approaches	using	secondary	and	simulated	benchmarks.	

	
5.	Findings	of	the	Study	
Table	5.1:	Descriptive	Statistics	of	Behavioral	Biases	Among	Investors	
Behavioral	Bias	 Mean	 Std.	Dev.	 Skewness	 Kurtosis	 Cronbach's	α	
Loss	Aversion	(LA)	 3.78	 0.92	 -0.42	 0.38	 0.82	
Herding	Behavior	(HB)	 3.65	 0.88	 -0.35	 0.22	 0.79	
Overconfidence	(OC)	 3.41	 0.95	 -0.18	 -0.15	 0.81	
Probability	Weighting	(PW)	 3.28	 0.91	 0.12	 -0.08	 0.76	
Anchoring	Bias	(AB)	 3.15	 0.87	 0.28	 0.31	 0.78	
Table	 1:	 Descriptive	 Statistics	 of	 Behavioral	 Biases	 (n=450,	 Scale:	 1=Strongly	 Disagree	 to	
5=Strongly	Agree)	
	
The	descriptive	statistics	reveal	that	behavioral	biases	are	substantially	prevalent	among	the	450	
investors	surveyed,	with	mean	scores	ranging	 from	3.15	 to	3.78	on	a	5-point	scale,	 indicating	
moderate-to-high	manifestation	of	each	bias	(Divakara	Reddy	et	al.,	2025).	Loss	aversion	emerges	
as	the	most	pronounced	bias	(M=3.78,	SD=0.92),	consistent	with	prospect	theory	predictions	that	
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loss	aversion	is	a	fundamental,	universal	feature	of	decision-making	(Kahneman	&	Tversky,	1992;	
Barberis	et	al.,	2012).	The	relatively	low	negative	skewness	(-0.42)	indicates	most	respondents	
cluster	 toward	 higher	 loss	 aversion	 scores,	 with	 fewer	 showing	 low	 loss	 aversion.	 Herding	
behavior	 ranks	 second	 (M=3.65,	 SD=0.88),	 aligning	 with	 empirical	 findings	 on	 Indian	 retail	
investors	(Divakara	Reddy	et	al.,	2025;	Reddy	et	al.,	2025)	where	social	media	influence	and	herd	
dynamics	substantially	shape	decisions.	
Overconfidence	 (M=3.41,	 SD=0.95)	 shows	 greater	 variability	 than	 loss	 aversion	 and	 herding	
(higher	SD),	suggesting	individuals	differ	substantially	in	overconfidence	levels—some	investors	
maintain	realistic	self-assessments	while	others	exhibit	pronounced	overconfidence.	The	near-
zero	 skewness	 (-0.18)	 indicates	 a	 relatively	 symmetric	 distribution.	 Probability	 weighting	
(M=3.28)	and	anchoring	(M=3.15)	show	lower	mean	scores	but	remain	substantially	above	scale	
midpoints,	confirming	these	biases	are	prevalent	though	less	dominant	than	loss	aversion	and	
herding.	 All	 Cronbach's	 alpha	 coefficients	 exceed	 0.75,	 indicating	 reliable	 measurement	 of	
constructs.	The	pattern	of	means	provides	quantitative	evidence	supporting	prospect	 theory's	
emphasis	on	loss	aversion	as	a	primary	behavioral	driver,	while	highlighting	the	importance	of	
social	 and	 institutional	 factors	 (herding)	 in	 portfolio	 contexts	 (Hirshleifer	 &	 Teoh,	 2003;	
Pompian,	2016).	
	
Table	5.2:	Correlations	Between	Behavioral	Biases	and	Investor	Category	

Behavioral	Bias	
Retail	 Investors	
(n=280)	

Institutional	
Investors	(n=120)	

Financial	 Advisors	
(n=50)	

Loss	Aversion	 3.92**	 3.45*	 3.12	
Herding	Behavior	 3.81**	 3.32	 2.98	
Overconfidence	 3.28	 3.68**	 3.55*	
Probability	
Weighting	

3.42*	 3.08	 3.15	

Anchoring	Bias	 3.28*	 2.95	 2.88	
Table	2:	Mean	Bias	Scores	by	Investor	Category	(**p<.01;	*p<.05,	ANOVA)	
	
ANOVA	analysis	reveals	significant	differences	 in	behavioral	biases	across	 investor	categories,	
with	 implications	 for	 portfolio	 optimization	 strategies	 tailored	 to	 investor	 type	 (Fortin	 &	
Hlouskova,	2022;	Divakara	Reddy	et	al.,	2025).	Retail	investors	exhibit	significantly	higher	loss	
aversion	(M=3.92)	and	herding	(M=3.81)	compared	to	institutional	investors	and	advisors,	with	
mean	differences	significant	at	p<.01	level.	This	pattern	aligns	with	behavioral	 finance	theory:	
retail	 investors	 face	 greater	 psychological	 and	 social	 pressures,	 have	 less	 sophisticated	 risk	
management	infrastructure,	and	rely	more	heavily	on	peers'	experiences	and	social	media	cues	
(Hirshleifer	&	Teoh,	2003;	Statman,	2017).	The	amplified	herding	among	retail	investors	(3.81	vs.	
3.32	for	 institutional)	reflects	social	media	 influence,	real-world	 investment	clubs,	and	mutual	
imitation	observed	in	Indian	financial	markets	(Reddy	et	al.,	2025).	
Conversely,	 institutional	 investors	 exhibit	 significantly	 higher	 overconfidence	 (M=3.68)	
compared	 to	 retail	 investors	 (M=3.28),	 likely	 reflecting	 professional	 confidence,	 competitive	
incentives	 to	make	active	bets,	and	potential	 survivorship	bias	 in	manager	selection	(Baker	&	
Nofsinger,	 2002;	 Pompian,	 2016).	 Financial	 advisors	 demonstrate	 lowest	 bias	 scores	 across	
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categories,	suggesting	professional	training,	ethical	guidelines,	and	goal-based	advisory	models	
reduce	bias	manifestation	(Shefrin	&	Meir,	2000).	These	differential	patterns	suggest	behavioral-
adjusted	 optimization	 should	 employ	 category-specific	 interventions:	 retail	 investors	 require	
loss	aversion	awareness	and	herding-resistance	education,	while	institutional	managers	require	
overconfidence	assessment	and	active	management	justification	(Zhao	et	al.,	2025).	
	
Table	5.3:	Pearson	Correlations	Between	Behavioral	Biases	and	Portfolio	Characteristics	

Behavioral	Bias	 Portfolio	
Concentration	

Cash	
Holdings	
(%)	

Equity	
Allocation	
(%)	

Diversification	
Index	

Behavioral	Bias	

Loss	 Aversion	
(LA)	

0.51**	 0.58**	 -0.42**	 -0.38**	
Loss	 Aversion	
(LA)	

Herding	
Behavior	(HB)	

0.48**	 0.45**	 0.22	 -0.52**	
Herding	
Behavior	(HB)	

Overconfidence	
(OC)	

0.44**	 0.12	 0.35*	 -0.41**	
Overconfidence	
(OC)	

Probability	
Weighting	
(PW)	

0.38**	 0.49**	 -0.28*	 -0.36**	
Probability	
Weighting	
(PW)	

Anchoring	 Bias	
(AB)	

0.32*	 0.21	 -0.15	 -0.29*	 Anchoring	 Bias	
(AB)	

Table	 3:	 Pearson	 Correlations	 Between	 Behavioral	 Biases	 and	 Portfolio	 Outcomes	 (n=450,	
**p<.01;	*p<.05)	
	
Correlation	 analysis	 provides	 quantitative	 evidence	 that	 behavioral	 biases	 translate	 into	
measurable	portfolio	 inefficiencies,	validating	the	theoretical	predictions	of	behavioral	 finance	
(Kahneman	 &	 Tversky,	 1992;	 Barberis	 &	 Huang,	 2008).	 Loss	 aversion	 shows	 the	 strongest	
positive	correlation	with	portfolio	concentration	(r=0.51,	p<.01),	indicating	loss-averse	investors	
hold	 concentrated	 positions	 despite	 reduced	 diversification	 benefits.	 This	 seemingly	
counterintuitive	 finding	 reflects	 loss	 aversion	 psychology:	 concentrated	 positions	 in	 familiar,	
well-researched	 assets	 reduce	 the	 subjective	 fear	 of	 ambiguity,	 even	 though	 they	 increase	
objective	risk	(Gilboa	&	Marinacci,	2016).	Loss	aversion	also	correlates	strongly	with	excessive	
cash	holdings	(r=0.58,	p<.01)—loss-averse	investors	maintain	high	cash	reserves	as	loss	buffers,	
reducing	equity	exposure	below	optimal	levels	given	historical	risk	premiums.	
Herding	 behavior	 shows	 strongest	 correlation	 with	 reduced	 diversification	 (r=-0.52,	 p<.01),	
reflecting	herd	dynamics	where	investors	coordinate	on	popular	stocks,	sectors,	or	asset	classes,	
creating	concentrated	exposures	(Hirshleifer	&	Teoh,	2003).	Herding's	moderate	correlation	with	
portfolio	 concentration	 (r=0.48)	 and	 cash	 holdings	 (r=0.45)	 suggests	 herd	 investors	 either	
cluster	around	popular	stock	picks	(concentration)	or,	during	crisis	periods,	collectively	rush	to	
safety	(cash),	generating	systemic	fragility	observed	in	market	crashes.	
Overconfidence	 exhibits	 distinct	 pattern:	 positive	 correlation	 with	 equity	 allocation	 (r=0.35,	
p<.05)	 reflects	overconfident	 investors'	belief	 in	 their	picking	ability,	 leading	 to	higher	equity	
exposure;	 however,	 strong	 negative	 correlation	 with	 diversification	 (r=-0.41)	 indicates	
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concentrated	equity	holdings,	creating	uncompensated	risk	(Baker	&	Nofsinger,	2002;	Pompian,	
2016).	 Probability	 weighting	 shows	 intermediate	 effects,	 with	 moderate	 correlations	 across	
outcomes.	 The	 consistent	 negative	 correlations	 between	 all	 biases	 and	 diversification	 index	
demonstrate	behavioral	factors	systematically	reduce	portfolio	efficiency	through	concentration	
and	under-diversification	(Fortin	&	Hlouskova,	2022).	
	
Table	5.4:	Impact	of	Behavioral	Biases	on	Risk-Adjusted	Returns	and	Volatility	

Behavioral	Bias	
Sharpe	 Ratio	
Impact	

Sortino	 Ratio	
Impact	

Maximum	
Drawdown	(%)	

Annual	Volatility	
(%)	

Low	 Bias	
(Quartile	1)	

0.68**	 0.95**	 -12.4	 14.2	

Low-Moderate	
Bias	(Q2)	

0.52*	 0.72*	 -18.6	 16.8	

Moderate-High	
Bias	(Q3)	 0.38	 0.48	 -24.3	 19.5	

High	 Bias	
(Quartile	4)	

0.22	 0.28	 -31.2**	 22.1**	

Difference	 (Q1	
vs	Q4)	

0.46**	 0.67**	 -18.8	pp**	 -7.9	pp**	

Table	 4:	 Risk-Adjusted	 Returns	 by	 Behavioral	 Bias	 Quartile;	 pp=percentage	 points;	 **p<.01;	
*p<.05,	ANOVA	
	
Stratification	 analysis	 comparing	 low-bias	 (quartile	 1)	 versus	 high-bias	 (quartile	 4)	 investor	
groups	reveals	 substantial	performance	consequences	of	behavioral	biases	under	uncertainty.	
Investors	in	the	low-bias	quartile	achieve	average	Sharpe	ratio	of	0.68,	while	high-bias	investors	
achieve	 0.22—a	 68%	performance	 differential	 (0.46-point	 difference,	 p<.01).	 This	 represents	
economically	significant	underperformance:	over	a	20-year	investment	horizon	with	compound	
returns,	 a	 0.46-point	 Sharpe	 difference	 compounds	 into	 return	 disparities	 exceeding	 5-7%	
annually	(Fortin	&	Hlouskova,	2022).	Similarly,	Sortino	ratio	advantage	 for	 low-bias	 investors	
(0.95	 vs.	 0.28)	 shows	 behavioral	 factors	 particularly	 harm	 downside-adjusted	 performance,	
consistent	with	prospect	theory's	prediction	that	biases	create	inefficient	downside	protection	
(Kahneman	&	Tversky,	1992).	
Maximum	drawdown	analysis	reveals	behavioral	biases'	specific	 impact	during	market	stress:	
low-bias	 investors	experience	-12.4%	maximum	drawdowns	while	high-bias	 investors	suffer	-
31.2%—a	18.8	percentage	point	difference	(p<.01).	This	suggests	biases	compound	risk	during	
uncertainty	 through	 procyclical	 behavior:	 herding	 and	 overconfidence	 during	 bull	 markets	
amplify	concentration;	panic	and	loss	aversion	during	crashes	trigger	forced	selling	at	bottoms	
(Hirshleifer	&	Teoh,	2003;	Statman,	2017).	Volatility	increases	from	14.2%	(low-bias)	to	22.1%	
(high-bias),	 55%	 higher,	 suggesting	 biases	 create	 unnecessary	 portfolio	 volatility	 beyond	
fundamental	 risk	 exposure.	 These	 quantitative	 results	 demonstrate	 behavioral	 biases	 are	 not	
minor	frictions	but	primary	determinants	of	realized	portfolio	performance	under	uncertainty.	
	
	



International	Insurance	Law	Review	
		ISSN:	0968-2090	

Vol	34	S1	(2026):	Special	Issue		
https://lumarpub.com/iilr	

 

371	
Citation:	Basha	S,	M.;	Madhu	Shree,	P.R.;	Kaleeswaran,	K.;	Kurup,	R.	R.	&	Govindan,	V.	(2026).	Portfolio	
Optimization	 under	Uncertainty:	 Evidence	 from	Behavioural	 Biases	 and	Risk-Adjusted	 Performance.	
International	Insurance	Law	Review,	34	(S1),	360-378.	

Table	5.5:	Multiple	Regression:	Behavioral	Biases	Predicting	Portfolio	Inefficiency	Index	
Predictor	
Variable	

Unstandardized	β	 Standardized	β	 t-value	 Significance	

Loss	Aversion	 0.38	 0.35	 7.82	 **<.001	
Herding	
Behavior	

0.32	 0.28	 6.15	 **<.001	

Overconfidence	 0.25	 0.22	 4.89	 **<.001	
Probability	
Weighting	

0.18	 0.16	 3.52	 **<.001	

Anchoring	Bias	 0.12	 0.10	 2.18	 *<.05	
Market	
Volatility	(VIX)	

0.42	 0.19	 4.32	 **<.001	

Uncertainty	
(Self-Reported)	

0.35	 0.17	 3.88	 **<.001	

Model:	R²	=	0.58;	Adjusted	R²	=	0.56;	F(7,442)	=	87.34,	p<.001	
Table	5:	Multiple	Regression	Model	Predicting	Portfolio	Inefficiency	Index	(Dependent	Variable:	
Composite	Inefficiency	Score	from	Concentration	+	Suboptimal	Allocation)	
	
The	multiple	 regression	model	 explains	 58%	 of	 variance	 in	 portfolio	 inefficiency	 (R²	 =	 0.58,	
p<.001),	providing	robust	quantitative	evidence	that	behavioral	biases	are	primary	determinants	
of	suboptimal	portfolio	construction	(Divakara	Reddy	et	al.,	2025).	Loss	aversion	emerges	as	the	
strongest	 predictor	 (standardized	 β	 =	 0.35,	 t	 =	 7.82,	 p<.001),	 confirming	 prospect	 theory's	
emphasis	 on	 loss	 aversion	 as	 a	 fundamental	 behavioral	 driver	 (Kahneman	 &	 Tversky,	 1992;	
Barberis	 et	 al.,	 2012).	 Each	 standard	 deviation	 increase	 in	 loss	 aversion	 increases	 portfolio	
inefficiency	by	0.35	standard	deviations,	representing	substantial	practical	impact.	
Herding	behavior	 (β	=	0.28,	 t	 =	6.15,	p<.001)	 is	 the	 second-strongest	predictor,	 aligning	with	
evidence	 on	 Indian	 investor	 behavior	 where	 social	 coordination	 and	 social	 media	 influence	
systematically	amplify	inefficiency	(Reddy	et	al.,	2025;	Hirshleifer	&	Teoh,	2003).	Overconfidence	
(β	=	0.22),	probability	weighting	(β	=	0.16),	and	anchoring	(β	=	0.10)	show	decreasing	influence,	
though	all	remain	significant	predictors.	Notably,	market	volatility	(β	=	0.19)	and	self-reported	
uncertainty	(β	=	0.17)	significantly	predict	inefficiency,	and	their	inclusion	strengthens	model	fit,	
confirming	 that	 behavioral	 biases'	 effects	 are	 amplified	under	uncertain	 conditions—the	 core	
theoretical	proposition	of	this	research	(Gilboa	&	Marinacci,	2016).	
The	standardized	coefficients	indicate	behavioral	biases	collectively	outweigh	market	conditions	
as	 inefficiency	 drivers:	 combined	 behavioral	 predictors	 (0.35+0.28+0.22+0.16+0.10	 =	 1.11)	
exceed	market	factors	(0.19+0.17	=	0.36)	in	predictive	weight,	suggesting	investor	psychology	is	
more	consequential	than	external	market	conditions	for	portfolio	suboptimality.	This	challenges	
rational	market	efficiency	assumptions	and	supports	behavioral	market	microstructure	theories	
(Pompian,	2016;	Statman,	2017).	
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Table	 5.6:	 Performance	 Comparison	 -	 Behavioral-Adjusted	 vs.	 Classical	 Portfolio	
Optimization	
Performance	
Metric	

Classical	 Mean-
Variance	

Behavioral-
Adjusted	(PT)	

Behavioral-ML	
(Sentiment)	

Outperformance	
(%)	

Average	 Annual	
Return	

9.2%	 11.8%**	 12.4%**	 +35%	

Sharpe	Ratio	 0.54	 0.72**	 0.78**	 +44%	
Sortino	Ratio	 0.68	 0.96**	 1.08**	 +59%	
Maximum	
Drawdown	

-22.3%	 -16.8%*	 -14.2%**	 +36%	

Annual	Volatility	 18.4%	 16.2%*	 15.8%**	 -14%	
Diversification	
Index	

0.68	 0.74*	 0.79**	 +16%	

Turnover	
(Annual)	

24%	 18%	 22%	 Comparable	

Performance	Period:	Jan	2024	-	Jan	2026	(n=120	portfolios	per	model,	**p<.01;	*p<.05)	
Table	 6:	 Comparative	 Portfolio	 Performance:	 Classical,	 Prospect	 Theory-Based	 Behavioral	
Optimization,	and	Machine	Learning-Sentiment	Behavioral	Models	
	
Comparative	 performance	 analysis	 demonstrates	 that	 behavioral-adjusted	 optimization	
frameworks	 substantially	 outperform	 classical	mean-variance	models,	 particularly	 during	 the	
24-month	evaluation	period	which	included	heightened	market	uncertainty	(March-May	2024,	
October	 2024,	 and	 January	 2026	 volatility	 spikes).	 Behavioral-adjusted	 prospect	 theory	 (PT)	
portfolios	achieve	average	annual	return	of	11.8%	versus	9.2%	classical	(3.6	percentage	point	
advantage,	 +39%	 outperformance,	 p<.01),	 translating	 to	 substantially	 larger	 end-wealth	 over	
multi-decade	horizons	(Fortin	&	Hlouskova,	2022).	More	remarkably,	Sharpe	ratio	advantage	of	
0.72	versus	0.54	(+33%)	indicates	behavioral-adjusted	models	generate	superior	return-to-risk	
tradeoffs,	not	merely	leveraged	risk.	
Sortino	ratio	advantage	is	most	pronounced	(0.96	vs.	0.68,	+41%),	reflecting	behavioral	models'	
superior	downside	protection—confirming	prospect	theory's	emphasis	on	loss	aversion	creates	
better	tail	risk	management	(Kahneman	&	Tversky,	1992).	Maximum	drawdown	reduction	from	
-22.3%	(classical)	to	-16.8%	(PT)	and	-14.2%	(ML-sentiment)	demonstrates	behavioral	models'	
critical	advantage	during	market	crashes	when	emotional	biases	drive	forced	selling	in	classical	
portfolios.	 These	 differences	 compound:	 a	 portfolio	 experiencing	 -22%	 drawdown	 requires	
+28%	return	to	recover	to	break-even,	while	-14%	requires	+16%,	reducing	recovery	time	by	25-
33%	(Dussaliyeva	&	Bissembayev,	2025;	Zhao	et	al.,	2025).	
Machine	 learning	 sentiment-aware	 models	 achieve	 highest	 performance	 (12.4%	 return,	 0.78	
Sharpe,	 -14.2%	 drawdown),	 suggesting	 algorithmic	 debiasing	 through	 real-time	 sentiment	
weighting	captures	behavioral	biases	more	accurately	than	static	PT	models.	However,	practical	
considerations	 matter:	 ML	 models	 show	 comparable	 turnover	 (22%)	 to	 classical	 (24%),	
indicating	 feasibility;	 PT	models	 reduce	 turnover	 to	 18%,	 suggesting	 behavioral	 frameworks	
improve	buy-and-hold	characteristics.	These	results	provide	evidence-based	recommendation:	
practitioners	 should	adopt	behavioral-adjusted	 frameworks,	with	 implementation	 choice	 (PT-
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analytical	vs.	ML-algorithmic)	depending	on	operational	capacity	and	data	infrastructure	(Fortin	
&	Hlouskova,	2022;	Zhao	et	al.,	2025).	
	
Table	 5.7:	 Behavioral-Adjusted	 Optimization	 Framework:	 Implementation	
Recommendations	

Investor	Category	 Key	Behavioral	Risk	
Recommended	
Framework	

Expected	Outcome	

Retail	Investors	
Loss	 aversion,	
herding,	 prob.	
weighting	

BPT	 mental	
accounting	 +	
education	

-Sharpe	0.22→0.52	

Institutional	
Managers	

Overconfidence,	
performance	chasing	

PT	 loss	 aversion	
calibration	+	limits	

-Sharpe	0.48→0.68	

Financial	Advisors	
Recommendation	
bias,	anchoring	

Goal-based	 BPT	 +	
behavioral	checklists	

Consistent	 0.70+	
Sharpe	

Implementation	Duration:	6-12	months	for	education;	3-6	months	for	algorithmic	deployment	
Table	7:	Behavioral-Adjusted	Optimization	Implementation	Strategy	by	Investor	Category	
	
The	 framework	 table	 synthesizes	 research	 findings	 into	 practical	 implementation	
recommendations	tailored	to	investor	categories	identified	in	earlier	analysis	(Objective	1).	Retail	
investors,	 characterized	 by	 elevated	 loss	 aversion	 and	 herding,	 benefit	most	 from	Behavioral	
Portfolio	Theory's	mental	accounting	approach	(Shefrin	&	Meir,	2000)	combined	with	behavioral	
education	addressing	herding	resistance	and	loss	aversion	awareness.	Implementing	BPT's	goal-
based	portfolio	layers	(safety,	growth,	speculation)	can	elevate	Sharpe	ratios	from	0.22	(high-bias	
baseline,	 Table	 5.4)	 to	 0.52	 (validated	 in	 Pompian,	 2016).	 Expected	 Sharpe	 improvement	 of	
+136%	reflects	transition	from	emotion-driven	to	goal-directed	investing.	
Institutional	 managers,	 exhibiting	 overconfidence,	 require	 prospect	 theory's	 explicit	 loss	
aversion	 parameter	 calibration	 (Fortin	 &	 Hlouskova,	 2022)	 combined	 with	 position	 limits	
constraining	concentrated	bets.	Expected	Sharpe	improvement	from	0.48	to	0.68	(+42%)	reflects	
reduced	overconfidence-driven	concentration	and	enhanced	risk	discipline.	Financial	advisors	
require	 behavioral	 checklists	 reducing	 recommendation	 biases	 and	 anchoring	 (e.g.,	 periodic	
reference	 point	 recalibration)	 while	 maintaining	 consistent	 goal-based	 guidance.	
Implementation	timelines	reflect	research	evidence:	behavioral	education	requires	6-12	months	
for	 cognitive	 integration	 (Pompian,	 2016),	 while	 algorithmic	 systems	 deploy	 in	 3-6	 months	
(Dussaliyeva	&	Bissembayev,	2025).	
	
6.	Conclusion	
This	 research	 integrates	 behavioral	 finance	 theory	 with	 rigorous	 empirical	 analysis	 and	
computational	advances	to	illuminate	how	psychological	biases	and	uncertainty	systematically	
distort	 portfolio	 optimization.	 The	 three-objective	 research	 framework	 yielded	 convergent	
evidence	supporting	behavioral	 finance's	challenge	to	classical	rational	actor	assumptions	and	
demonstrating	practical	utility	of	behavioral-adjusted	portfolio	management.	
Findings	 across	 all	 objectives	 reveal	 that	 behavioral	 biases—loss	 aversion,	 herding,	
overconfidence,	 probability	 weighting,	 and	 anchoring—are	 substantially	 prevalent	 among	
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investors	 (mean	 scores	 3.15-3.78	 on	 5-point	 scale),	 with	 differential	 manifestation	 across	
investor	 categories	 (retail	 >	 institutional	 >	 advisors	 for	 loss	 aversion/herding;	 institutional	 >	
retail	for	overconfidence).	Loss	aversion	emerged	as	the	single	most	influential	bias,	aligning	with	
prospect	theory's	foundational	proposition	that	loss	aversion	is	a	universal,	powerful	driver	of	
decision-making	under	uncertainty	(Kahneman	&	Tversky,	1992;	Barberis	et	al.,	2012).	Herding	
behavior's	 high	 prevalence	 (M=3.65)	 reflects	 the	 specific	 context	 of	 behavioral	 finance	 in	
emerging	 markets	 like	 India,	 where	 social	 coordination	 via	 social	 media	 and	 investment	
communities	substantially	shapes	decisions	(Divakara	Reddy	et	al.,	2025;	Reddy	et	al.,	2025).	
Critically,	 the	research	quantified	behavioral	biases'	performance	consequences:	 loss	aversion	
(r=0.51),	herding	(r=-0.52	with	diversification),	and	overconfidence	collectively	explained	58%	
of	portfolio	inefficiency	variance	(Table	5.5),	demonstrating	behavioral	factors	are	not	marginal	
but	primary	determinants	of	portfolio	suboptimality.	Stratified	comparison	revealed	investors	in	
high-bias	 quartile	 achieved	 Sharpe	 ratios	 68%	 lower	 than	 low-bias	 quartile	 (0.22	 vs.	 0.68),	
experienced	18.8	percentage	point	larger	maximum	drawdowns	during	crises,	and	suffered	55%	
higher	 portfolio	 volatility—measurable	 costs	 validating	 theoretical	 predictions	 (Fortin	 &	
Hlouskova,	2022;	Barberis	&	Huang,	2008).	
Most	 compellingly,	 empirical	 validation	 of	 behavioral-adjusted	 optimization	 demonstrated	
substantial	 practical	 value:	 prospect	 theory-based	 frameworks	 outperformed	 classical	 mean-
variance	 by	 39%	 in	 average	 return,	 33%	 in	 Sharpe	 ratio,	 and	 36%	 in	 maximum	 drawdown	
reduction,	 while	 machine	 learning	 sentiment-weighted	 models	 achieved	 44%	 Sharpe	
improvement.	 These	 performance	 differences	 persist	 and	 amplify	 during	 high-uncertainty	
periods—precisely	 when	 behavioral	 factors	 become	most	 consequential	 for	 investor	 welfare	
(Gilboa	&	Marinacci,	2016;	Dussaliyeva	&	Bissembayev,	2025;	Zhao	et	al.,	2025).	
The	 research	 provides	 evidence-based	 recommendations	 for	 practitioners:	 retail	 investors	
should	 adopt	 Behavioral	 Portfolio	 Theory's	 mental	 accounting	 framework	 combined	 with	
herding-resistance	 education;	 institutional	 managers	 should	 implement	 prospect	 theory	 loss	
aversion	calibration	with	position	limits;	financial	advisors	should	employ	behavioral	checklists	
reducing	recommendation	biases.	Implementation	of	these	frameworks	can	elevate	risk-adjusted	
returns	 by	 25-59%	over	 classical	 approaches	while	 improving	 downside	 protection,	which	 is	
essential	during	market	uncertainty.	
Future	 research	 should	 extend	 this	 framework	 through:	 (1)	 longitudinal	 tracking	 of	 portfolio	
performance	 and	 bias	 trajectory	 over	 multi-year	 periods;	 (2)	 cross-cultural	 comparison	 of	
behavioral	biases	and	their	optimization	impacts	across	emerging	and	developed	markets;	(3)	
investigation	 of	 dynamic	 behavioral-adjusted	 rebalancing	 rules	 that	 adapt	 to	 changing	
uncertainty;	 and	 (4)	 development	 of	 real-time	 algorithmic	 debiasing	 through	AI	 systems	 that	
detect	and	counteract	behavioral	signals.	Integration	of	behavioral	finance	insights	into	portfolio	
management	 is	no	 longer	optional	but	essential	 for	practitioners	seeking	 to	optimize	 investor	
welfare	under	uncertainty.	
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