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This study investigates Particle Swarm Optimization (PSO) application to portfolio
optimization under realistic investment constraints. Using 48 liquid assets' market data
(2019-2024), we compare PSO against classical Markowitz optimization and equal-weight
benchmarks. The PSO algorithm incorporates weight limits (20%), sector concentration
(40%), volatility targeting (18%), and diversification requirements. Results demonstrate
PSO's superior performance with Sharpe ratio of 0.9192 versus 0.7281 for constrained
Markowitz and 0.7499 for equal-weight portfolios, achieving 26.2% improvement in risk-

adjusted returns.
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1. Introduction

Portfolio optimization remains a cornerstone problem in finance, traditionally
addressed by Markowitz's mean-variance framework (Markowitz, 1952). However, real-
world investment constraints such as weight limits, sector concentration, and volatility
targeting complicate the optimization landscape, often rendering gradient-based
methods inefficient or infeasible (Fabozzi, Kolm, Pachamanova, & Focardi, 2007).

The gap between theory and practice has become increasingly evident. DeMiguel,
Garlappi, and Uppal (2009) demonstrated that sophisticated mean-variance strategies
often underperform simple equal-weight portfolios due to parameter estimation errors
and optimization instability. Jagannathan and Ma (2003) showed that practical
constraints can improve performance by mitigating estimation uncertainty, highlighting
the importance of optimization methodology beyond parameter estimation.
Mathematical complexity introduced by realistic constraints poses significant challenges.
Cardinality constraints render the problem NP-hard (Mansini, Ogryczak, & Speranza,
2003), while sector limits create non-convex feasible regions where traditional methods
frequently converge to suboptimal local solutions (Chang, Meade, Beasley, & Sharaiha,
2000). These limitations have motivated research into metaheuristic algorithms capable
of navigating complex, non-convex search spaces.

This study explores the use of Particle Swarm Optimization (PSO), a population-based
heuristic algorithm inspired by social behaviors, to optimize portfolios under such
complex constraints (Eberhart & Kennedy, 1995). PSO's social learning mechanism and
population-based search strategy make it well-suited for portfolio applications, offering
natural constraint handling capabilities and reduced susceptibility to local optima.

We empirically evaluate PSO performance on a diversified set of real market assets,
benchmarked against classical optimization and equal-weight portfolios. Using 48 liquid
assets across multiple sectors over a five-year period, our analysis incorporates
comprehensive practical constraints including weight limits, sector concentration
restrictions, volatility targeting, and minimum diversification requirements.

Modern portfolio theory, established by Markowitz (1952), provides the mathematical
foundation for portfolio optimization through mean-variance analysis. The framework
was extended by Sharpe (1964) with the Capital Asset Pricing Model, creating the
theoretical basis for risk-return optimization. However, practical implementation faces
significant challenges.

Merton (1972) identified estimation error problems where small parameter changes lead
to unstable portfolio weights. DeMiguel et al. (2009) demonstrated that simple equal-
weight portfolios often outperform sophisticated mean-variance strategies, highlighting

the theory-practice gap. When realistic constraints are introduced, the optimization
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problem becomes significantly more complex. Frost and Savarino (1988) showed that
cardinality constraints render the problem NP-hard, while Mansini et al. (2003)
demonstrated that sector limits create non-convex feasible regions unsuitable for
gradient-based methods.

Real-world portfolio management involves multiple constraint types that complicate
optimization. Jobst, Horniman, Lucas, and Mitra (2001) categorized these into regulatory,
risk management, operational, and strategic constraints. Weight bounds, particularly
upper limits on individual assets, have been shown by Jagannathan and Ma (2003) to
improve out-of-sample performance by reducing estimation errors. Fan, Zhang, and Yu
(2012) developed frameworks for sector concentration limits, while Moreira and Muir
(2017) demonstrated the benefits of volatility targeting for risk-adjusted returns.
Traditional optimization methods struggle with these constraints. Chang et al. (2000)
showed that multiple local optima are common in constrained portfolio problems, while
Bienstock (1996) demonstrated computational intractability for large universes using
exact methods. The sensitivity to initialization, highlighted by Cornuejols, Pefia, and
Titlinct (2018), further limits the reliability of classical approaches.

The limitations of classical methods motivated research into population-based
metaheuristic algorithms. Genetic algorithms were pioneered by de Amaral and
Parrondo for portfolio optimization with cardinality constraints, showing superior out-
of-sample performance. Cura (2009) extended this to multi-objective problems
optimizing return, risk, and liquidity simultaneously.

Other metaheuristics including simulated annealing and ant colony optimization
(Kamolsin & Visutsak, 2024) have shown promise for portfolio applications, particularly
in handling complex constraint structures and avoiding local optima.

Particle Swarm Optimization, introduced by Eberhart and Kennedy (1995), has gained
attention for financial optimization due to its effectiveness with complex constraints and
correlation structures. Early applications by Cura (2009) demonstrated PSO's competitive
performance against genetic algorithms with faster convergence.

Recent developments focus on constraint handling and hybridization. Lwin, Qu, and
Kendall (2014) developed penalty-based constraint handling specifically for portfolio
contexts, while Kaucic (2019) created hybrid PSO variants achieving superior risk-
adjusted returns. Zhu, Wang, Wang, and Chen (2011) proposed multi-swarm approaches
for simultaneous optimization of multiple portfolio objectives under practical
constraints.

Despite extensive research, gaps remain in practical metaheuristic applications. Most
studies use simplified constraints or synthetic data, limiting real-world relevance.

Comparative analyses often ignore implementation complexity and computational
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requirements. The interaction between multiple constraint types and their combined
algorithmic impact remains underexplored.

This study addresses these gaps by comprehensively comparing PSO with classical
methods using real market data and complete practical investment constraints, providing
insights relevant to both researchers and practitioners in contemporary portfolio

management contexts.

2. Methodology
2.1. Portfolio Optimization Framework
The classical mean-variance portfolio optimization problem seeks to maximize the
expected return for a given level of risk or minimize risk for a target return. The
fundamental portfolio return R, and risk o2 are defined as:
Ry = I wipt; = Wit (1)
02 = L= L1 wiwioj = WTEw (2)
where:
e W=[wy, Wy, ..., Wy]" is the vector of portfolio weights
o u=[py, M2 ..., Un]" is the vector of expected asset returns
e X isthen xn covariance matrix of asset returns
o nis the number of assets in the universe
The Sharpe ratio, our primary objective function, is expressed as:
SR = (R, - T'e)/0p = (W - To) N(WTEW) (3)
where r. is the risk-free rate.
2.2. Constraint Formulation
Our constrained optimization problem incorporates multiple realistic investment
constraints that reflect real-world portfolio management requirements.
2.3. Weight Constraints
Individual asset weight bounds prevent excessive concentration: 0 < wi < Wpay, Vi=1, 2,
., (4)
Portfolio weight normalization: X%= wi=1 (5)
2.4.Sector Concentration Constraints
Yi€Ss wi < O, Vs (6)
where S denotes the set of assets belonging to sector s, and 05 is the maximum
allowable exposure to sector s.
2.5.Volatility Targeting
\/(WTZW) - Otarget < € (7)
where 0O.,ge is the target volatility and e is the tolerance level.
2.6. Cardinality Constraint
L= Iwi>d 2 Kiyin (8)
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where 1w;>0 is an indicator function and K, is the minimum number of active assets.
2.7.Particle Swarm Optimization Algorithm
PSO maintains a swarm of N particles, where each particle k represents a potential
portfolio solution. The velocity and position updates are:
Vit = WOV O + 1, O(pr® - X, ) + 610(g® - X, ) (9)
Xk ®D = X, + v D (10)
Adaptive parameter control: w® = Wy - (Wmax - Wmin) * t/T (11)
2.8. Data Collection and Preprocessing
A carefully curated cross-sector set of 48 initially selected liquid assets was compiled to
ensure broad market representation. Historical daily closing prices spanning from
January 2019 to January 2024 were systematically collected using Yahoo Finance APL
Return calculation: ri,¢ = (Pi,¢ - Pi,t-1)/Pie1 (12)
Annual expected returns and covariance matrix: ;=252 - (1/T)ZT= 13,¢ (13) ofj= 252 -
((T-1) T (riye - )1y - 1) (14)
2.9.Investment Constraints
The optimization framework incorporates realistic investment constraints:

e Maximum individual asset weight: wpax = 0.20 (20%)

o Maximum sector exposure: 05 = 0.40 (40%)

¢ Minimum number of active assets: Kpin =1

Target portfolio volatility: Oarger = 0.18 (18%)

3. Results

3.1.Data Summary

The rigorous data selection process resulted in a final dataset comprising 30 highly
liquid assets representing diverse sectors. Table 1 presents the statistical characteristics
of our final asset universe.

Table 1: Dataset Statistical Summary

Metric Minimum Maximum
Expected Annual Return  -0.4% 38.9%
Annual Volatility 19.7% 48.3%

Pairwise Correlation 0.104 1.000
Source: Authors' calculations using Yahoo Finance data (2019-2024)

Note: The wide range in expected returns reflects diverse market conditions during the analysis
period, including COVID-19 volatility and subsequent recovery phases. The volatility spectrum
from 19.7% to 48.3% indicates the heterogeneous risk profiles across different asset classes,
providing excellent opportunities for optimization algorithms to exploit risk-return trade-offs
(Doumpos & Zopounidis, 2020).
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3.2. PSO Convergence Analysis
The PSO algorithm demonstrated robust and efficient convergence behavior. Key

convergence performance indicators:

o [Initial best score: 0.7842

o Final best score: 0.9103

e Improvement magnitude: +16.1%

o Convergence achievement: Iteration 80

» Stagnation events: None requiring intervention
3.3. Optimization Outcomes

Table 2 summarizes the key performance metrics for all three approaches.

Table 2: Portfolio Performance Comparison

Method |Sharpe Ratio|Return (%)|Volatility (%)||Active Assets
PSO 0.9192 19.86 18.35 11
Markowitz 0.7281 17.61 20.07 30
Equal Weight|  0.7499 18.74 20.99 30

Source: Authors’ calculations

Note: The PSO algorithm demonstrates superior risk-adjusted performance with a Sharpe ratio of 0.9192,
significantly outperforming both classical approaches. This 26.2% improvement over Markowitz
optimization aligns with recent findings in metaheuristic portfolio optimization literature (Kalayci et al.,
2019). The concentrated portfolio structure (11 vs. 30 assets) suggests that PSO effectively identifies the
optimal subset of assets that maximize risk-adjusted returns while maintaining computational efficiency
(Metaxiotis & Liagkouras, 2012).

3.4.Detailed Performance Analysis

Table 3: Detailed Performance Analysis

Metric PSO |Markowitz||Improvement
Sharpe Ratio 0.9192| 0.7281 +26.2%
Expected Return 19.86%| 17.61% +12.8%
Portfolio Volatility |18.35%| 20.07% -8.6%
Maximum Weight | 20.0% 5.0% -
Active Positions 11 30 -63.3%
Concentration (HHI)|| 0.118 0.033 -

Source: Authors’ calculations
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Note: The comprehensive performance metrics reveal PSO’s multifaceted advantages. The simultaneous
achievement of higher returns (19.86%) with lower volatility (18.35%) places the PSO portfolio in the
superior northwest quadrant of the efficient frontier (Kolm et al., 2014). The HHI concentration measure
of 0.118 indicates strategic concentration that balances diversification benefits with the advantages of
focused investment in high-quality assets. This finding corroborates recent research on optimal portfolio

concentration levels in constrained optimization problems (DeMiguel et al., 2009).

3.5.Portfolio Weight Distribution
Table 4: Top 5 Holdings - PSO Portfolio

Asset |[Weight (%) Sector
NVDA 20.0 Technology
LLY 20.0 Healthcare
MSEFT 17.2 Technology
AAPL 12.8 Technology
META 9.4 Technology

Source: Authors' calculations

Note: The portfolio composition reveals PSO’s strategic sector allocation with 59.4% in
technology and 20% in healthcare. The maximum allocation to NVDA and LLY (20% each)
reflects the algorithm's assessment of their superior risk-adjusted return potential during the
analysis period. This concentration pattern is consistent with recent findings on optimal portfolio
weights in technology-heavy markets (Sood et al., 2023). The cross-sector diversification between
technology and healthcare provides natural hedging against sector-specific risks while
maintaining exposure to high-growth opportunities (Qu & Zhang, 2023).

3.6.Statistical Significance Testing

The 95% confidence intervals demonstrate statistically significant performance

differences:

« PSO:[0.867,0.971]
e Markowitz: [0.681, 0.775]
o Equal Weight: [0.703, 0.797]

The non-overlapping confidence intervals between PSO and both benchmark methods

provide strong statistical evidence (p < 0.05) of PSO's superior performance.
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4. Discussion

The results demonstrate PSO's significant advantages for constrained portfolio
optimization. The 26.2% improvement in Sharpe ratio over classical Markowitz
optimization represents economically meaningful enhancement in risk-adjusted returns.
This improvement stems from PSO's ability to navigate complex, non-convex feasible
regions created by realistic investment constraints.

PSO's convergence within 80 iterations indicates computational efficiency suitable for
practical implementation. The algorithm successfully balances exploration and
exploitation phases through adaptive parameter control, avoiding premature
convergence while maintaining reasonable computational requirements.

The concentrated portfolio structure (11 active positions versus 30) suggests PSO
identifies truly optimal asset combinations rather than over-diversifying. This
concentration, combined with superior risk-adjusted returns, challenges conventional
wisdom about the relationship between diversification and performance.

Risk decomposition analysis reveals sophisticated risk management despite higher
concentration. The top 5 assets contribute 67.2% of total portfolio risk compared to their
79.4% weight contribution, indicating efficient risk budgeting where higher allocations
don't result in disproportionate risk concentration.

The statistical significance of results, confirmed through confidence interval analysis and
bootstrap resampling, provides confidence that PSO's superior performance would likely

persist in out-of-sample periods and different market conditions.
5. Conclusion

This research demonstrates the significant practical benefits of Particle Swarm
Optimization for constrained portfolio optimization using real market data. Our
empirical analysis reveals that PSO substantially outperforms traditional Markowitz
optimization and equal-weight benchmarks when realistic investment constraints are
imposed.

The key findings support three main conclusions. First, PSO achieves superior risk-
adjusted performance, delivering Sharpe ratio improvements of 26.2% over constrained
Markowitz optimization while maintaining target volatility levels. Second, PSO

demonstrates robust convergence behavior, achieving stable solutions within 80
iterations through effective balance of exploration and exploitation phases. Third, the
results have direct implications for institutional asset management, where complex
regulatory and operational constraints create optimization challenges that traditional

methods struggle to address.
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The main limitation is PSO's computational cost for high-frequency rebalancing, making
it better suited for strategic allocation rather than intraday trading. Sensitivity to
parameter tuning remains an operational consideration. Future research should explore
hybrid PSO-local search methods, transaction cost modeling, and integration with ESG
scoring for multi-objective optimization.

This study contributes evidence supporting metaheuristic approaches for financial
optimization problems characterized by complex constraints and non-convex solution
spaces, providing both theoretical insights and practical guidance for institutional

portfolio management in increasingly complex regulatory environments.
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Appendices
Table 1: PSO Hyperparameter Sensitivity Analysis

Parameter Tested Range  ||Optimal Value ;{n;gzct on Sharpe

Swarm Size (N) 50, 100,150,200 100 | = %0023 |
lInertia Weight (w_max)  ||[0.7,08,09,1.0]] 09 |  :0041 |
Inertia Weight (w_min)  [[0.2,0.3,04,05]| 04 |  :0018 |
Cognitive Coefficient (c1) || [1.520,25] | 20 | 20015 |
Social Coefficient (2) | 152025 | 20 | 0021 |
[Max Iterations | 100,150,200] || 200 |  +0.009 |
[Velocity Clamping (v_max)| [0.1,015,02] || 015 | 0012 |

Table 2: Correlation Matrix of Top 10 Assets

| INVDA|LLY |MSFT|AAPL|META||GOOGL|AMZN|BRK.B|JPM |V |
INVDA || 1.000 ](0.234]| 0.687 || 0.654 0.712 | 0.698 | 0.623 || 0.412 ||0.389]0.521]
LY | 0.234 |[1.000][ 0.298 | 0.267]| 0.189 | 0.245 || 0.201 | 0.356 ||0.412]|0.387]
IMSET || 0.687 ]0.298]| 1.000 || 0.789 || 0.734 | 0.812 | 0.756 || 0.523 ||0.467]0.612]
IAAPL || 0.654 0.267][ 0.789 | 1.000]| 0.698 | 0.745 || 0.689 | 0.489 ||0.445]j0.578]
IMETA || 0.712 ]0.189]| 0.734 | 0.698 || 1.000 | 0.756 | 0.712 || 0.398 ||0.367]0.534]
IGOOGL]| 0.698 ]0.245]| 0.812 [ 0.745 ]| 0.756 | 1.000 | 0.789 | 0.467 ||0.423]j0.589)
laMZN || 0.623 ]0.201]| 0.756 || 0.689 || 0.712 | 0.789 | 1.000 || 0.434 ||0.389]0.545]
BRK.B || 0.412 |(0.356]| 0.523 | 0.489 ] 0.398 | 0.467 || 0.434 | 1.000 ||0.687]|0.612]
PM | 0.389 |0.412]| 0.467 || 0.445] 0.367 | 0.423 | 0.389 || 0.687 ||1.000]0.734]
v | 0.521 |0.387]| 0.612][0.578 | 0.534 | 0.589 | 0.545 || 0.612 [j0.734]1.000]
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Table 3: Bootstrap Confidence Intervals (1000 replications)

|P0rtfolio HMean Sharpe“Std Devl 95% CI Lower‘ 95% CI Upper“Skewnessl‘Kurtosis‘
IPSO | 09192 | o0027] 08671 | 09713 | 0142 | 2.894 |
Markowitz | 07281 [ 00243 06805 | 07757 | -0.087 | 3.021 |
[Equal Weight| 07499 || 0.0238 | 07033 | 0795 | 0023 | 2967 |

Table 4: Risk Decomposition Analysis

|Risk Component HPSO PortfolioHMarkowitz PortfolioHEqual Weightl
SystematicRisk (%) || 678 | 72.4 | 751 ]
lldiosyncratic Risk (%) || 322 || 27.6 | 249 |
Concentration Risk (HHI)| ~ 0.118 | 0.033 | 0033 |
[Effective N | 847 | 30.0 | 300 |
|Max Drawdown (%) H -18.7 H -22.3 H -24.1 ‘
[VaR (95%) | 284% | -3.21% | -335% |
[CVaR (95%) | -367% | -4.12% | -428% |

Table 5: PSO Convergence Metrics by Iteration

|Iterati0nHBest SharpeHMean SharpeHStd Dev"ImprovementHDiversity‘
| 1 | o7sa2 | 04123 | 01876 | - | 0892 |
| 10 || 08234 | 06234 [o01234] 500% | 0756 |
| 20 | osse7r | 07123 | 00987 | 404% | 0623 |
| 30 | 08789 | 07689 | 00756 | 259% || 0512 |
| 40 || 08923 | o0so12 [o0o0623| 153% | 0423 |
| 50 | 09012 | 08234 00512 1.00% | 0356 |
| 60 || 09067 | 08412 |o00423] 061% | 0298 |
| 70 | 09089 | 08567 |00367 | 024% || 0254 |
| 80 | 09103 | 08689 |o00312] o015% | 0218 |
| 90 | 09103 | 08756 | 00289 000% | 0198 |
| 100 || 09103 | oss12 |oo02e7| 000% | 0187 |
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Table 6 : Sector Allocation Comparison

Sector IPSO (%)[Markowitz (%)|[Equal Weight (%)||S&P 500 (%)
Technology | 594 | 287 | 33.3 | 208 |
[Healthcare | 200 | 183 | 16.7 | 129 |
[Financials | 82 | 224 | 16.7 | 132 |
|Consumer Discretionary H 7.3 H 12.1 H 10.0 H 10.8 ‘
Consumer Staples | 31 | 87 | 10.0 | 61 |
[Energy | 20 | 52 | 6.7 | 43 |
|Communication Services” 0.0 “ 4.6 “ 6.6 H 8.9 |
Total | 1000 | 1000 | 1000 | 1000 |

Table 7: Sector Risk Contribution

|Sect0r HWeight (%)|Risk Contribution (%)|Risk/Weight Ratiol
Technology | 594 | 51.2 [ 0.862 |
|Healthcare H 20.0 H 16.3 H 0.815 I
[Financials | 82 | 9.7 [ 1.183 |
|Consumer Discretionary“ 7.3 H 8.9 H 1.219 I
|Consumer Staples H 3.1 H 2.4 H 0.774 ‘
[Energy | 20 | 2.8 [ 1.400 |
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