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Mathematical optimization underpins decision-making in management, engineering and
data science, yet there is little clear guidance on when classical methods are sufficient
and when metaheuristics are warranted as problem size and complexity increase. This
paper reviews classical approaches (the simplex method, gradient-based methods and
branch-and-bound) and metaheuristics (genetic algorithms [GA], particle swarm
optimization [PSO] and ant colony optimization [ACO]), and compares them
computationally on benchmark problems in portfolio optimization, vehicle routing and
feature selection in terms of solution quality and computation time over repeated runs.
In portfolio optimization, GA and PSO achieved higher mean Sharpe ratios (0.92 and
0.91) than the simplex method (0.85) and gradient descent (0.82), but required longer
run times. In a 50-customer vehicle routing problem, ACO and GA found shorter total
distances (350 and 355 km) than time-limited branch-and-bound (360 km) in less
computation time. In feature selection, GA and PSO achieved higher classification
accuracy (0.88 and 0.87) with fewer features than a filter-based baseline (0.81). The
results suggest that metaheuristics are advantageous for the nonlinear and combinatorial
problems tested, whereas classical methods were faster in the portfolio setting. The
paper concludes with practical guidance on algorithm selection and outlines future
directions, including hybrid metaheuristics, optimization under uncertainty and
integration with machine learning.

1.

INTRODUCTION

Over recent decades, mathematical optimization has become a cornerstone of scientific and engineering decision-
making, with a prominent role in management, industrial and electrical engineering, computer science, and data
science. Many real-world problems can be formulated as linear, nonlinear, convex, nonconvex, integer, or mixed
optimization models. Examples include production planning, supply chain management, transportation network
design, resource allocation, project scheduling, risk management, and the training of machine learning models. In
each case, a decision-maker seeks the best feasible choice according to a quantitative criterion, and the quality of
that choice depends on both the model and the algorithm used to solve it.
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Theoretical advances in convex optimization, notably coherent frameworks for analyzing the convergence and
stability of algorithms, have enabled the use of these methods at industrial scale [1]. Efficient numerical methods
for large-scale problems have likewise made it practical to solve models with very large numbers of variables and
constraints [2]. These developments have been so successful that, for problems with linear or convex structure,
practitioners can often rely on mature solvers with strong guarantees on solution quality.

Many problems encountered in practice, however, do not have this favorable structure. Objective functions may
be nonconvex, decision variables may be discrete, and the search space may be too large for exact enumeration. At
the same time, the convergence of mathematical optimization with data science and machine learning has opened
new avenues for scalable, data-driven algorithms. Stochastic gradient methods and their variants, such as Adam [3],
[4], are widely used to train deep neural networks and predictive models. For nonconvex and otherwise complex
problems on which classical methods perform poorly, metaheuristic and evolutionary algorithms have attracted
attention as complementary tools [5]. Progress in integer and mixed-integer optimization, particularly within
commercial and open-source solvers, has also been important for planning problems in management and engineering
[6]. In multiobjective decision-making, multicriteria methods allow conflicting objectives to be analyzed
simultaneously [7].

The growing volume of data, the increasing complexity of engineering systems, and the need for fast, accurate
decisions make a systematic comparison of solution methods increasingly relevant. Recent research has emphasized
distributed, parallel, and uncertainty-robust algorithms suited to dynamic, large-scale environments [8], [9].
Practitioners and researchers nevertheless face a recurring practical question: given a problem with particular
structural characteristics, should one apply a classical method with theoretical guarantees, or a metaheuristic that
offers flexibility but no guarantee of global optimality? Answering this question requires evidence drawn from
comparable problems across application domains, evaluated under common criteria.

This article has three aims. First, it reviews classical and metaheuristic optimization methods and their relevance
to management, engineering, and data science. Second, it compares representative algorithms on benchmark
problems from each domain in terms of solution quality and computational time. Third, it discusses practical
guidance for algorithm selection and open challenges, including hybrid metaheuristics, optimization under
uncertainty, and integration with machine learning. The remainder of the paper is organized as follows. Section 2
reviews background and related work. Section 3 presents the formulations and algorithmic building blocks used
later. Section 4 describes the experimental methodology, and Section 5 states the hypotheses. Section 6 reports
results, Section 7 discusses them together with limitations, Section 8§ considers implementation issues, and Sections
9 and 10 conclude and outline future work.

2. BACKGROUND AND RELATED WORK
2.1. Linear programming and the simplex method

Linear programming was transformed by the simplex algorithm, introduced by Dantzig in 1947, which made
industrial-scale resource allocation and planning problems tractable [10]. Because it searches for an optimal vertex
of a convex polyhedral region, the simplex method remains a foundational tool in logistics and production
management. Although its worst-case running time is exponential, as shown by constructed instances [11], it
typically performs efficiently in practice. Interior-point methods later provided polynomial-time guarantees for
linear programming and are now a standard alternative [12]. Together, these methods give reliable, globally optimal
solutions whenever a problem can be expressed as a linear program.

2.2. Nonlinear programming and gradient-based methods

Research on nonlinear programming produced gradient-based, Newton, and quasi-Newton methods for problems
with nonlinear objectives or constraints [2], [13]. Gradient descent moves along the negative gradient and is simple
and widely applicable, but its convergence can be slow on ill-conditioned problems. Newton's method uses second-
order information to achieve rapid local convergence, at the price of computing and factorizing the Hessian. Quasi-
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Newton methods approximate the Hessian from gradient differences, offering a compromise between cost and speed.
These methods perform well on convex problems, where local optima are global. On nonconvex functions, however,
they often converge to local rather than global optima and are sensitive to initialization.

For large-scale learning problems, stochastic approximation [14] replaces the full gradient with noisy estimates
computed on small batches of data. Stochastic gradient methods and their variants are now central to machine
learning [3], and adaptive variants such as Adam [4] are used extensively for training neural networks. These
methods trade exactness of each step for much lower per-iteration cost.

2.3. Integer and mixed-integer programming

When some decision variables must be discrete, the feasible set is no longer convex and the problem becomes
substantially harder. Integer and mixed-integer programming arose to address such problems. Branch-and-bound
[15] explores the solution space by recursively partitioning it and pruning branches that cannot contain a better
solution, while cutting-plane methods [16] tighten the linear relaxation by adding valid inequalities. Modern solvers
combine these ideas with preprocessing and heuristics [6], [17]. Although these exact approaches can solve many
practically relevant instances, their computational cost can grow rapidly with problem size, and they may be unable
to prove optimality within a fixed time budget on large instances.

2.4. Metaheuristic algorithms

To overcome the limitations of exact algorithms on very large problems, metaheuristics received increasing
attention. Metaheuristics are general-purpose search strategies that guide subordinate heuristics to explore the
solution space efficiently, and they are usually inspired by natural or physical processes. Genetic algorithms [18]
maintain a population of candidate solutions and apply selection, crossover, and mutation, which makes them well
suited to exploring large search spaces and to avoiding entrapment in local optima. Simulated annealing [19],
inspired by the annealing of metals, accepts worse solutions with a probability that decreases over time, enabling
escape from local optima. Particle swarm optimization, introduced by Kennedy and Eberhart [20], updates a swarm
of candidate solutions using each particle's own best position and the best position found by the swarm. Ant colony
optimization, developed by Dorigo and colleagues [21], [22], builds solutions probabilistically using pheromone
trails that are reinforced along good solutions, and it has been particularly successful for routing and other
combinatorial problems.

Comprehensive surveys describe the taxonomy, strengths, and open issues of metaheuristics [5], [23]. A central
caveat is that these algorithms do not guarantee global optimality. The no-free-lunch theorems [24] further show
that, averaged over all possible problems, no search algorithm outperforms any other. Superior performance on a
class of problems therefore has to be established empirically for that class, which motivates the comparative design
adopted in this study.

2.5. Multiobjective optimization and uncertainty

Many real decisions involve several conflicting objectives. Multiobjective optimization seeks a set of efficient
(Pareto-optimal) solutions rather than a single optimum [7], and evolutionary approaches such as NSGA-II [25]
approximate this set in a single run. When problem parameters are uncertain, robust optimization [9] seeks solutions
that remain feasible and of acceptable quality across a set of plausible scenarios. These extensions are important in
practice but are outside the experimental scope of the present study.

2.6. Reinforcement learning

Reinforcement learning (RL) addresses sequential decision problems in which an agent learns a policy through
interaction with an environment [26]. In dynamic settings such as financial portfolio management, RL has been

142



M. Lin / Transactions on Data Analysis in Social Science 7(2) (2025) 140-153

proposed as an alternative to static optimization [27]. Because the present experiments do not include RL, we treat
it as a direction for future work.

2.7. Applications in management, engineering, and data science

In management, optimization has been applied to resource allocation, production planning, inventory control,
supply chain design, and portfolio selection [28]—[30]. Portfolio theory in particular frames investment as a trade-
off between expected return and risk [30]. In logistics, vehicle routing problems are a central class of combinatorial
problems, for which both exact and heuristic methods are widely studied [31]. In engineering, optimization plays a
key role in the design of structures, control systems, and industrial processes, with an emphasis on models that
incorporate physical and performance constraints [32]. In data science, training machine learning models,
particularly deep neural networks, is essentially a very large-scale optimization task, and optimization methods have
become central to the field [3], [33]. Feature selection, which seeks informative subsets of input variables, is a
combinatorial problem of considerable practical importance [34], and hyperparameter tuning is likewise an
optimization problem, for which even random search can be a competitive baseline [35]. The relationship between
machine learning and combinatorial optimization is now a research area in its own right [36].

2.8. Research gap

Important challenges remain, including scalability to very high-dimensional problems, handling uncertainty in
optimization models, automatic selection of the best algorithm for a given problem, and integration of optimization
with machine learning [36]. Existing studies tend to examine one algorithm family in one application domain.
Systematic comparisons that apply classical and metaheuristic methods to representative problems from several
domains under common evaluation criteria are comparatively scarce. The present study addresses part of this gap.

3. PRELIMINARIES

This section collects the formulations and algorithmic building blocks used in the remainder of the paper.
3.1. Linear programming

A linear programming (LP) problem is generally written as
min ¢"x s.t. AXx >b, x> 0. (1)

It seeks the minimum of a linear function c¢™ over the convex region defined by the linear constraints Ax >b and
x > 0. This model is applied to resource allocation and planning problems. Because the feasible region is a convex
polyhedron and the objective is linear, an optimal solution, when one exists, can be found at a vertex of the region,
which is the property exploited by the simplex method.

3.2. Nonlinear programming

A nonlinear programming (NLP) problem is expressed as
minimize f(x) subject to gi(x) < 0 for all i, hj(x) =0 for all j, x € Rn, 2)

where f'is a nonlinear objective function, g; are inequality constraints, and h; are equality constraints. The decision
variables take continuous real values. The main challenge in NLP is the possible presence of multiple local optima.
In the unconstrained case, gradient descent iterates

x(k+1) = x(k) — a(k) Vf(x(k)), 3)
where a(k) > 0 is a step size, whereas Newton's method uses

x(k+1) = x(k) — [V*(x(k))] " Vi(x(k)). 4)
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Quasi-Newton methods replace the Hessian by an approximation updated from successive gradients [2].
3.3. Genetic algorithms

A genetic algorithm evolves a population of candidate solutions (chromosomes). At each generation, individuals
are selected with a probability that favors higher fitness, new candidates are produced by recombining the genetic
material of selected parents (crossover), and small random changes are introduced (mutation). The best individuals
may be carried over unchanged (elitism). The population-based design allows the search to maintain diversity and
sample distant regions of the search space, which reduces the risk of premature convergence [18].

3.4. Particle swarm optimization

In PSO, the velocity and position of particle i are updated as
vi(tt1) = w-vi(t) + ci 11 (pi — xi(t)) + ca-12-(g — x3(t)), xi(t+1) = xi(t) + vi(t+1), 5)

where w is the inertia weight [37], ¢ and c2 are acceleration coefficients, 11 and r2 are random numbers, p; is the
personal best position of particle i, and g is the global best position. The inertia weight balances exploration and
exploitation: larger values favor wide exploration, and smaller values favor local refinement.

3.5. Ant colony optimization and simulated annealing

In ACO applied to routing, an artificial ant constructs a route by moving from a node to a not-yet-visited node,
choosing the next node with a probability that increases with the pheromone level on the connecting edge and with
a heuristic desirability, typically the inverse of the distance. After each iteration, pheromone evaporates, and edges
belonging to good routes receive additional pheromone, so that promising structures are reinforced over time [21],
[22]. In simulated annealing, a candidate move that worsens the objective by A is accepted with probability
exp(—A/T), where the temperature T is gradually lowered [19].

4. METHODOLOGY
4.1. Study design

The study compares classical and metaheuristic algorithms on benchmark problems from three domains. The
domains and problem types were chosen to cover different structural characteristics: a nonlinear portfolio
optimization problem (management), a combinatorial vehicle routing problem (engineering), and a combinatorial
feature selection problem (data science). Benchmark problems were designed in each domain, varying in constraint
type (linear, nonlinear), variable type (continuous, discrete, mixed), and dimensionality. For each problem class, key
parameters and operational constraints were specified to approximate real-world conditions.

4.2. Algorithms compared

The classical group comprised the simplex method (LP), gradient descent (NLP), and branch-and-bound for the
discrete routing problem. In the data science problem, a filter-based feature selection method and random selection
served as baselines. The metaheuristic group comprised the genetic algorithm (GA), particle swarm optimization
(PSO), and, for the routing problem, ant colony optimization (ACO). Each problem was solved only with algorithms
applicable to its structure, as reflected in Tables 1-3.

4.3. Implementation

144



M. Lin / Transactions on Data Analysis in Social Science 7(2) (2025) 140-153

All algorithms were implemented in Python using SciPy [39], DEAP [40], PySwarms [41], and scikit-learn [42].
Python was chosen because these open-source libraries provide tested implementations of classical and metaheuristic
algorithms and allow reproducible experimentation.

4.4. Parameter settings and repetitions

Main algorithm parameters were set to standard values or obtained through preliminary tuning on smaller
problems. This step is part of the methodology because the performance of metaheuristics depends on parameter
choices. Because GA, PSO, and ACO are stochastic, each algorithm was run multiple times on each problem, and
mean performance is reported. Results are reported as mean + standard deviation where applicable.

4.5. Evaluation metrics

Two metrics were used. Solution quality was measured in a domain-appropriate way: the Sharpe ratio [38] for
portfolio optimization (higher is better), the total route distance in kilometers for vehicle routing (lower is better),
and the predictive accuracy together with the number of selected features for feature selection. The Sharpe ratio
measures risk-adjusted return, defined as the excess return of a portfolio over a risk-free rate divided by the standard
deviation of that return. Computational time was recorded in seconds as the time needed to obtain a solution.
Together, these metrics describe both the quality and the cost of each method.

4.6. Reporting

Results are organized in comparative tables showing the performance of each algorithm on the defined metrics
for each problem. Tables 1-3 report these results, and the analysis in Sections 6 and 7 is based on them.

5. HYPOTHESES

Main hypothesis. Compared with classical optimization methods (e.g., simplex, gradient descent), metaheuristic
algorithms (e.g., GA, PSO, ACO) can deliver higher-quality solutions on nonlinear problems and on problems with
discrete or combinatorial structure in management, engineering, and data science.

The rationale is that traditional methods designed for simpler problem classes may become limited as problems
grow more complex. Metaheuristics, owing to their population-based or probabilistic search, can explore large and
complex spaces and are expected to deliver acceptable solutions where exact optimization is difficult or impossible
within reasonable time.

Hypothesis 1 (nonlinear problems). On a nonlinear portfolio optimization problem, GA and PSO will achieve
higher risk-adjusted returns than classical methods.

Hypothesis 2 (discrete and combinatorial problems). On combinatorial problems such as vehicle routing and
feature selection, metaheuristics will yield better solutions than the classical baselines tested.

6. RESULTS
6.1. Management: portfolio optimization

The portfolio problem is nonlinear, with an objective based on the Sharpe ratio [38], which measures risk-adjusted
return. Table 1 reports the results.
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Table 1. Mean Sharpe ratio and solution time in portfolio optimization (mean £ SD)

Algorithm Sharpe ratio = Solution time (s)
Simplex (LP) 0.85+0.03 0.5+0.1
Gradient descent (NLP)  0.82 +£0.04 1.2+£0.3
Genetic algorithm (GA)  0.92 £ 0.02 58+1.2
PSO 0.91 +0.03 45+1.0

GA (0.92) and PSO (0.91) achieved higher mean Sharpe ratios than simplex (0.85) and gradient descent (0.82),
indicating that they identified portfolios with a better return-to-risk ratio. They required longer solution times than
the classical methods: 5.8 s for GA and 4.5 s for PSO, compared with 0.5 s for simplex and 1.2 s for gradient descent.
The gap in solution quality is therefore obtained at a roughly four- to twelve-fold increase in computing time on this
problem, which remains small in absolute terms.

6.2. Engineering: vehicle routing

The algorithms were evaluated on a vehicle routing problem (VRP) with 50 customers, a combinatorial
optimization problem. Table 2 reports the results.

Table 2. Solution quality and time for the VRP (50 customers)

Algorithm Total distance (km) = Solution time (s)
Branch-and-bound 360+ 5 45.8+10.2
ACO 3503 152+25
GA 355+4 22.1+3.8

ACO and GA found shorter total distances (350 and 355 km) than branch-and-bound (360 km) in shorter run
times (15.2 s and 22.1 s versus 45.8 s). Because branch-and-bound is an exact method, its longer distance implies
that the search did not reach proven optimality in this setting. The comparison therefore reflects performance at the
reported run times and does not indicate a failure of exact methods in general.

6.3. Data science: feature selection

Feature selection aimed to find the subset of input variables that improves predictive accuracy while reducing
model complexity. Table 3 reports the results.

Table 3. Model accuracy and number of features in feature selection

Method Features selected = Accuracy Run time (s)
Random selection — 0.75+0.02 0.1
Filter-based 10 0.81 £0.03 0.8
GA 7 0.88 + 0.01 3.5
PSO 8 0.87 £ 0.02 3.0

Relative to the filter-based baseline, GA raised accuracy by 7 percentage points (0.88 vs. 0.81) while reducing
the number of features from 10 to 7 (a 30% reduction). PSO reached an accuracy of 0.87 with 8 features. Both
metaheuristics required more time than the baselines (3.5 s and 3.0 s, versus 0.8 s for the filter-based method and
0.1 s for random selection), but the resulting models were both more accurate and more compact.

6.4. Summary of results
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Across the three problems, the metaheuristic methods produced the best solution quality in every comparison
reported: the highest Sharpe ratios in portfolio optimization, the shortest distances in vehicle routing, and the highest
accuracy with the smallest feature subsets in feature selection. In every comparison they also required more time
than the simplest classical or baseline method, with the exception of the routing problem, where ACO and GA were
faster than branch-and-bound.

7. DISCUSSION
7.1. Interpretation of the findings

Across the three domains, GA, PSO, and ACO produced higher-quality solutions than the classical baselines on
the nonlinear portfolio problem and on the combinatorial problems (VRP and feature selection), supporting
Hypotheses 1 and 2 and the main hypothesis for the instances tested.

The portfolio result is consistent with the structure of the problem. The Sharpe-ratio objective is nonlinear, so the
linear-programming approach can handle it only through a simplified representation, and gradient descent can be
trapped in local optima, whereas population-based search can sample the feasible region more broadly. The higher
mean Sharpe ratios of GA and PSO are in line with this explanation, although the experiments do not isolate the
mechanism.

The routing result illustrates the practical meaning of a fixed computational budget. Exact branch-and-bound
offers a proof of optimality only if it is allowed to finish, and on a combinatorial problem of this size it may not.
ACO, which constructs solutions with pheromone-guided search, and GA reached shorter routes in less time. This
is an "anytime performance" advantage: under a limited time budget, metaheuristics can deliver good solutions early,
while exact methods may still be searching. It does not mean that metaheuristics are better than exact methods in
general; with sufficient time, an exact method would return the optimal distance.

The feature selection result reflects the combinatorial nature of the problem: choosing a subset of d features
involves 2”d possible subsets, which makes exhaustive search impractical for even moderate d. GA and PSO explore
this space by encoding subsets as chromosomes or particle positions, and they found subsets that were both smaller
and more accurate than the filter-based selection. A plausible explanation is that, unlike a filter that scores features
independently, a wrapper-style search evaluates features jointly through the model, thereby capturing interactions
among them. This explanation is consistent with the broader feature selection literature [34] but was not tested here.

7.2. Practical guidance for algorithm selection

The results should be read together with the established properties of the methods, which are summarized in Table
4. This table is a qualitative synthesis of the literature reviewed in Section 2 [2], [5], [6], [12], [23], not an
experimental result.

Table 4. Qualitative guidance for algorithm selection

Problem characteristic
Linear objective and constraints,
continuous variables
Smooth convex nonlinear problems

Smooth nonconvex problems
Integer or mixed-integer, moderate

size
Combinatorial, large size, limited time

Preferred approach
Simplex or interior-point
methods
Gradient, Newton, or quasi-
Newton methods
Multi-start local methods, or
metaheuristics
Branch-and-bound/cut in a
modern solver
ACO, GA, or other
metaheuristics

Rationale
Globally optimal solutions with reliable,
fast solvers [10], [12]
Local optimum is global; fast convergence
[1], 2]
Single-start local methods may reach local
optima [2]
Optimality proofs available within budget
[6], [17]
Good solutions early; no optimality
guarantee [5], [23]
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Black-box or noisy objective, no GA, PSO, or other derivative- Require only objective evaluations [5],
gradients free methods [23]
Several conflicting objectives Multiobjective evolutionary Approximate the Pareto set in one run [25]
algorithms

The guiding principle is that algorithm choice should follow problem structure. When the model is linear or
convex, classical methods are attractive because they are fast and carry guarantees of optimality. When the problem
is nonlinear, discrete, or combinatorial, and when the computational budget is limited, metaheuristics are attractive,
provided that the absence of an optimality guarantee is acceptable to the decision-maker. This view agrees with the
no-free-lunch theorems [24], which imply that the best algorithm depends on the problem class.

Hybrid strategies are a natural extension. For example, a metaheuristic can supply a good starting point or an
incumbent solution to an exact solver, and local search can refine the solutions found by a population-based method.
Such combinations seek to retain the exploration ability of metaheuristics and the precision of classical methods
[23], [45].

7.3. Limitations

Several limitations apply to this study.

First, the number and size of benchmark instances are limited, so the results may not generalize to other problem
classes or to larger instances. The results should be viewed as evidence about the tested problem types rather than
as universal statements about the algorithm families.

Second, results are reported as mean + SD without formal significance testing, so the differences should be read
as descriptive. Future work should apply appropriate statistical procedures for comparing stochastic algorithms, such
as nonparametric tests with correction for multiple comparisons [43], [44].

Third, metaheuristic performance depends on parameter tuning, and the classical methods may perform
differently under other formulations or solver settings. In particular, because the portfolio objective is nonlinear, the
classical baselines represent specific modeling choices, and other formulations might narrow the observed gap.

Fourth, the comparison of exact and heuristic methods in the routing problem is conditional on the time at which
the search was stopped. Larger time limits could change the ranking.

Fifth, computational times depend on the hardware, the implementation language, and the library
implementations, so they are indicative of relative cost rather than absolute performance.

Finally, scalability with problem size, optimization under uncertainty, multiobjective optimization, and
reinforcement learning were not evaluated experimentally here. Claims about these topics rest on the literature, not
on the present experiments.

8. PRACTICAL AND IMPLEMENTATION CONSIDERATIONS
8.1. Software tools

Open-source Python libraries make it practical to implement and test the algorithms discussed in this paper. SciPy
[39] provides linear programming and nonlinear optimization routines, DEAP [40] provides evolutionary
computation tools, PySwarms [41] provides PSO implementations, and scikit-learn [42] provides machine learning
models and feature selection utilities. Libraries such as Optuna and Gekko extend this ecosystem to hyperparameter
optimization and dynamic optimization. For large mixed-integer and linear models, specialized commercial solvers
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such as Gurobi, CPLEX, and LINGO are widely used in industry, and comparing them with open-source alternatives
on the same models is a useful practical exercise.

8.2. Modeling effort and skills

The quality of an optimization result depends as much on the formulation as on the algorithm. Translating a
business or engineering problem into a mathematical model requires choosing decision variables, objectives, and
constraints, and it benefits from close collaboration between modelers and domain experts. Continuing education of
practitioners in mathematical modeling and in algorithm selection is therefore important. Decision-support
frameworks that guide managers and engineers toward an appropriate algorithm for their problem characteristics,
such as the guidance in Table 4, can reduce the risk of misapplying methods.

8.3. Sensitivity analysis and robustness

In practice, input parameters such as demand, prices, or travel times are uncertain. Sensitivity analysis examines
how changes in input parameters and constraints affect the quality of the solutions found, and it is especially
valuable in problems with high uncertainty. Robust and stochastic formulations [9] provide a more systematic
treatment.

8.4. Ethical and social considerations

Optimized decisions can have ethical and social consequences, particularly in resource allocation, policy-making,
and other sensitive decisions. An algorithm that maximizes a single numerical criterion may overlook fairness or
other values that are not encoded in the objective. Practitioners should therefore consider whether the objective and
constraints adequately represent the interests of those affected, and they should be able to explain why a particular
solution was selected, especially in domains such as finance and medicine.

9. CONCLUSION

On the benchmark problems studied, metaheuristics (GA, PSO, ACO) gave higher-quality solutions than classical
methods for a nonlinear portfolio problem (Sharpe ratio of 0.92 for GA and 0.91 for PSO, against 0.85 for simplex
and 0.82 for gradient descent), a 50-customer vehicle routing problem (350 km for ACO and 355 km for GA, against
360 km for branch-and-bound), and a feature selection problem (accuracy of 0.88 for GA and 0.87 for PSO, against
0.81 for the filter-based baseline, with fewer features). In the portfolio setting, this improvement came at the cost of
longer run times, whereas in the routing problem the metaheuristics were also faster than the exact method under the
conditions tested.

Classical methods remained faster where their assumptions hold, and they offer guarantees that metaheuristics do
not. Understanding problem characteristics is therefore essential when selecting an optimization algorithm: linear
and convex problems favor classical solvers, whereas nonlinear, discrete, and combinatorial problems under limited
computational budgets favor metaheuristics. The limitations discussed above, in particular the small number of
instances and the absence of formal significance testing, indicate that these conclusions should be confirmed on
larger and more varied benchmarks.

10. FUTURE RESEARCH DIRECTIONS

e Hybrid metaheuristics: combining complementary algorithms (e.g., GA with PSO, or ACO with
simulated annealing), or combining metaheuristics with exact solvers, to overcome the limitations of each
and obtain more robust solutions.

e Scalability: systematic analysis of how solution quality and run time change with problem size,
including very large datasets and distributed and cloud computing environments, where metaheuristics
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such as the lion optimization algorithm have been compared with GA and simulated annealing for server
load balancing [46].

e  Uncertainty and multiple objectives: stochastic and robust formulations, and methods for finding and
presenting sets of efficient (Pareto-optimal) solutions in problems with many objectives.

¢ Reinforcement learning: evaluation on dynamic decision problems such as portfolio management [27],
including comparison with static optimization.

e Integration with machine learning: architectures in which the optimization process is embedded in the
learning model, such as learned optimizers or neural networks that guide optimization algorithms [36].

e Standardized evaluation: common benchmarks, metrics, and statistical protocols for comparing
optimization algorithms under diverse conditions.

e Explainable optimization: methods that explain why an algorithm selects a particular solution,
especially in sensitive applications such as financial management or medicine.

e Dynamic and time-dependent constraints: models and algorithms that respond to changes in problem
constraints over time.

e Emerging applications: smart grids (energy distribution, load forecasting, integration of renewable
sources, and protection coordination, for example the use of grey wolf optimization for overcurrent relay
settings in microgrids [47]), robotics and autonomous systems (path planning, motion control,
coordination), healthcare (disease modeling, drug discovery, personalized treatment protocols, hospital
resource allocation), materials science (design of new materials), and cybersecurity (anomaly detection,
security configuration).
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