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Global Sensitivity Analysis Is Not Always | M)
Beneficial for Evolutionary Computation: | @&
A Study in Engineering Design

Elena Raponi, Ivan Olarte Rodriguez, and Niki van Stein

Abstract In this chapter, we critically examine the application of global sensitiv-
ity analysis (GSA) techniques for variable screening in evolutionary optimization,
particularly focusing on their effectiveness in reducing dimensionality for problems
optimized via CMA-ES. We assess the use of the GSAreport tool, which generates
sensitivity reports aimed at identifying what parameters are influential on a target of
a given problem and their interactions. We analyze two test cases from engineering
design: (1) a star-shaped crash box subjected to axial impact, evaluating crashwor-
thiness, and (2) a sheet metal forming application, assessing the drawability of metal
components. While GSA methods can identify variables with significant impact on
model outputs, we find that relying solely on GSA for dimensionality reduction may
limit optimization effectiveness when using adaptive algorithms like CMA-ES. In
these case studies, we demonstrate that while GSA aids in understanding variable
importance, the exclusion of “less influential” variables may oversimplify the prob-
lem space, potentially hindering CMA-ES’s capacity to explore and adapt to complex
landscapes.
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1 Introduction

In the wider field of Explainable Artificial Intelligence (XAI), Global Sensitivity
Analysis (GSA) [1, 2] has emerged as a fundamental tool for the analysis of complex
systems in fields ranging from machine learning (ML) and, more broadly, artificial
intelligence (Al), to engineering design [3, 4]. XAl seeks to provide transparency
in ML and AI models, addressing one of the major challenges in Al deployment,
i.e., trust in the prediction. As ML models grow in complexity, domain experts and
decision-makers are increasingly concerned not just with the accuracy of a model’s
predictions but also with understanding the reasoning behind how the model arrives
at those predictions (e.g., model intermediate behavior, decision rules, causal and
counterfactual explanations, feature importance, global vs. local model prediction).
Sensitivity analysis (SA) methods, particularly global approaches [5], aim to explain
how input features influence a model’s output by attributing the uncertainty in the
system’s output to variations in different input sources. As such, GSA is considered
a model-agnostic approach to XAl, making it applicable across various fields where
interpretability is critical.

When applied to optimization, GSA is able to reveal how input variables inter-
act and contribute to the overall variability of the output. This provides crucial
insights into where efforts should be focused to effectively define an optimization
problem—such as selecting relevant variables, reducing dimensionality, or prop-
erly setting constraints and objectives—thereby accelerating algorithm convergence
toward optimal solutions, increasing solution robustness, and enhancing overall
algorithm performance.

In engineering design, GSA plays a dual role: first, as a tool for understanding
model behavior, and second, as a method for optimizing designs through variable
screening [6—8]. Variable screening [5] is the process of identifying the most influen-
tial parameters in a design problem and focusing computational resources on them,
thereby reducing dimensionality and computational cost. In many engineering prob-
lems, this is particularly important because insights about the target that is optimized
and the constraints that must be fulfilled are extracted from computationally expen-
sive simulations, such as finite element (FE) analyses. To evaluate each parameter
configuration of a mechanical design, one simulation must be performed, which
takes hours or even days to complete. However, running such simulations across
high-dimensional parameter spaces, where many parameter combinations must be
evaluated, can be prohibitively expensive. This is where GSA provides significant
value.

In the broader family of gradient-free optimization algorithms, also known as
black-box algorithms, evolutionary algorithms (EAs) [9] have been widely used in
engineering design over the past three decades [10]. This popularity stems from
several key advantages: EAs do not require any specific conditions on the objective
or fitness landscape characteristics (such as continuity, differentiability, or convex-
ity), they can efficiently handle discrete and mixed variables, and they are capable
of addressing multiple objectives simultaneously. Additionally, EAs allow for the
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parallelization of evaluations, which is particularly beneficial in simulation-based
optimization, where simulations can be distributed across multiple computing nodes
to reduce time-to-solution. These advantages, coupled with the continuous advance-
ment in computational power, have significantly expanded their use in both research
and industry.

The focus of this chapter is on evaluating the role of GSA in variable screening
for evolutionary optimization, with an emphasis on mechanical design applications.
While GSA techniques are often employed to identify influential variables, we adopt
a critical perspective on their utility when used for dimensionality reduction for
optimization, especially when algorithm from evolutionary computation (EC) with
efficient adaptation rules, like CMA-ES [11, 12], are used. Using the open-source
tool GSAreport [2, 13], which automates the generation of sensitivity reports, we
assess whether GSA can effectively streamline optimization by focusing on key
variables without constraining the optimizer’s flexibility. This critical evaluation is
illustrated through two practical mechanical design case studies: a star-shaped crash
box under axial impact and a sheet metal forming process. Through these examples,
we question whether GSA-driven variable screening truly enhances optimization in
complex design landscapes or if it risks oversimplifying problems in ways that may
hinder adaptive search algorithms.

2 Background

The study presented in this chapter builds upon the foundational concepts of GSA
and EC, exploring their interplay in the context of engineering optimization. GSA
helps identify the most influential variables in complex models, while EC provides
powerful tools for solving black-box optimization problems. To establish the nec-
essary background, we introduce these key concepts and provide the reader with a
brief overview of their theoretical foundations and practical relevance.

2.1 Global Sensitivity Analysis and GSAreport

SA methods can be divided into global and local approaches. GSA assesses the
influence of input variations across their entire range to determine each variable’s
overall contribution to output variability, while local SA (LSA) examines the impact
of small, localized changes in inputs around specific points. GSA considers variable
interactions and is independent of any nominal point, whereas LSA is typically used
to explain individual predictions. Additionally, SA methods can be classified into
derivative-based, variance-based, and density-based approaches. In this section, we
will focus on GSA, as it provides a better global understanding of the importance of
different parameters, allowing for improved problem formulation through variable
screening.
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Fig. 1 Rastrigin function (f3) of the BBOB benchmark with n = 2. The last parameter (in this
case X 1) is the most influential

Several attempts have been made in the literature to provide an overview of avail-
able GSA methods [1, 2, 14, 15]. Among them, van Stein et al. [2] provide a compre-
hensive comparison of popular GSA methods, as well as pseudo-GSA methods (i.e.,
methods that can be applied for GSA even if it is not their primary purpose). They
evaluate these methods both qualitatively and quantitatively, testing their robustness
across different sample sizes and their accuracy on a large set of randomly generated
linear functions with varying dimensions. Besides the review, the authors propose
an open-source library GSAreport! [13] that allows users to create GSA reports for
any model or dataset. As we will run GSAreport on selected test cases from compu-
tational mechanics, we here survey the GSA methods that are included in the report
generated by this tool.

For demonstration purposes, to explain the different methods of SA, we use a 20-
dimensional Rastrigin function ( f3) from the Black-Box Optimization Benchmarking
(BBOB) test suite within the COCO framework [16] as the function we want to
analyze, which is defined as follows:

f2@) =101+ [z = 10c0s@mz)] + fop: )
i=1

Figure 1 shows a surface plot of the function with n = 2 input parameters.

! https://github.com/nikivanstein/GS Areport.


BBOB
 -1678 46691 a -1678 46691 a
 
https://numbbo.github.io/coco/testsuites/bbob
https://github.com/nikivanstein/GSAreport
https://github.com/nikivanstein/GSAreport
https://github.com/nikivanstein/GSAreport
https://github.com/nikivanstein/GSAreport
https://github.com/nikivanstein/GSAreport
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Variance-Based Methods Variance-based methods operate under the assumption
that output uncertainty can be effectively described by variance alone, as discussed
by Saltelli et al. [17]. These methods determine the sensitivity of input parameters
through an ANOVA-like decomposition of the function, partitioning the total vari-
ance into contributions from individual inputs and their interactions. This approach
provides a straightforward means of quantifying the influence of each parameter and
their combinations on the output variability.

Here, we focus on two widely used variance-based techniques: Sobol’ indices
and the Random Balance Designs Fourier Amplitude Sensitivity Test (RBD-FAST).
Sobol’ indices are well-regarded for their ability to capture both main and inter-
action effects comprehensively, making them suitable for high-dimensional prob-
lems where input interactions play a significant role. However, Sobol’ methods are
often computationally demanding. To balance accuracy and efficiency, we also con-
sider RBD-FAST, a method that approximates sensitivity indices with fewer function
evaluations by leveraging a Fourier decomposition approach.

Sobol’. The popular Sobol’ method [18], also known as Sobol’ indices, decom-
poses output variance into portions attributable to individual inputs or groups of
inputs. This method allows for calculating first-order sensitivities (variance con-
tribution of a single input) as well as higher-order sensitivities, often focusing on
first, second, and total order effects. Sobol’ indices are computed via Eq. (2), where
Var(Y) represents output variance, decomposed with respect to input sets X;. This
set-based approach enables Sobol’ to assess sensitivity across individual or grouped
inputs.

Var(Y) :ZVi +Zvij+-n+V12...na )
i=1 i<j
where
Vi = Vary, (Ex_ (Y|X))), 3)
Vij = Varx, (Ex_; (Y|Xi, X)) = Vi = V;, )

and X~; denotes the set of all input variables except X;.

The Sobol’ indices plot output by GSAreport on the 20-dimensional Rastrigin
function is shown in Fig.2. Sobol’ can calculate the first, second, and total order
sensitivity of the parameters.

RBD-FAST. RDB-FAST [19] is an efficient variant of the classical Fourier Ampli-
tude Sensitivity Test (FAST) [20], designed to reduce computational demands while
maintaining comparable accuracy. FAST and RBD-FAST are based on conditional
variances, quantifying the main and total effect contributions of each input factor to
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Fig. 2 Left plot shows Sobol’ sensitivity indices of f3 as stacked bars for first-order (S1) and total
sensitivity (ST) with 95% confidence intervals as dark blue error bars for both S1 and ST. The right
plot is a heatmap illustrating second-order sensitivities between parameter pairs, where dark blue
indicates high sensitivity and white indicates zero sensitivity [2]
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output variance. FAST leverages Fourier series decomposition to isolate the influ-
ence of each input variable on the output variance. This is achieved by assigning
each variable a unique frequency, hence generating oscillatory patterns that make it
possible to separate and quantify the main and interaction effects of each variable
based on its distinct frequency response.

While FAST applies a periodic sampling scheme, where the number of harmonics
to sum in the Fourier series decomposition must be defined by the user, RDB-FAST
relaxes this assumption and does not require a specific sampling scheme, making it
a flexible choice for complex models.

An example of the first-order (S1) sensitivity calculated by using RBD-FAST for
f3 is given in Fig. 3.

Derivative-Based Methods. Derivative-based sensitivity analysis methods [21]
assess the impact of small variations in input parameters on the output by evalu-
ating the partial derivatives of the model with respect to each input. These methods
are particularly useful for models where outputs are smooth and differentiable func-
tions of the inputs, as they can capture the rate of change in the output resulting
from changes in each variable. Unlike global methods, derivative-based approaches
focus mainly on local sensitivity, often in the vicinity of a nominal input value. A
famous exception to this is given by the Morris method, as it samples the nominal
value within the entire input space. While precise, derivative-based GSA methods can
become computationally intensive for models with many inputs or those requiring
high-resolution gradients.

Morris method. Among derivative-based methods, the Morris method [22] stands
out as a qualitative technique that offers several practical advantages. Designed to
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Fig. 3 RDB-FAST first-order sensitivity indices of f3 with confidence as error bars

estimate the influence of factors in a computationally efficient way, the Morris method
can operate directly on discrete domains, which makes it adaptable to a wide range of
models. It utilizes multi-dimensional averaging, capturing the effect of a factor while
other variables vary, providing a more realistic measure of sensitivity in complex
systems. Additionally, it allows for factor grouping, making it effective for handling
large datasets or systems with many inputs. A modified version of the Morris method,
which calculates the absolute means of the elementary effects distribution, is also
robust against type II errors, enhancing reliability in detecting significant factors.

Given a random sampling of an input vector X = (X, X»,..., X,,) in an n-
dimensional p-level grid, the Morris method calculates a distribution of elementary
effects F; for each input X;. By generating r randomly sampled trajectories that
adjust one input at a time by A, the elementary effect of the ith input on the jth
trajectory is defined as

LY XA L XD Y] L X L X
B0y = ; A) ( ; o

Based on this definition, two sensitivity indices are computed for each factor: the
mean of the absolute value of the elementary effects
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and the standard deviation of the elementary effects

2

r

1 L1 -
o = ;Z EE[(XJ)—;Z(EE,‘(X’)) : (6)

i=1 j=1

The mean of the absolute elementary effects u} indicates the input’s influence on
output variance, while the standard deviation o; represents potential nonlinearity or
interaction effects. Results are visualized on a o vs. u* plot (Fig.4). Notably, n*,
introduced by Campolongo et al. [23], uses absolute values to prevent cancelation
effects in non-monotonic models.

Density-Based Methods Density-based SA methods assess input sensitivity by
examining the full probability density function (PDF) of the model output, allow-
ing them to capture input interactions effectively. These methods are advantageous
over variance-based approaches when input dependencies are present. However, their
feasibility decreases with high-dimensional input spaces or when model evaluation
times are lengthy. Among the other density-based SA methods, DELTA and PAWN
are widely known and used.

DELTA. The DELTA (6) method [24] is a density-based sensitivity analysis approach
that operates independently of the sampling method used. DELTA calculates both
first-order sensitivities and a total sensitivity measure, §, for each input. Unlike
variance-based methods, DELTA evaluates the influence of the entire input distribu-
tion on the output distribution, focusing on the shape rather than specific moments
(e.g., mean or variance) of the output. The moment-independent sensitivity indicator,

Worris mu_star
.
a0
.
a0
00
200
e s i 1000
III.-__ﬁ_— S S N N N

Fig. 4 Morris o versus p* plot for SA on 20 factors for f3. This plot categorizes factors into three
types: non-influential (low u* and o), linear/additive (high u*, low o), and nonlinear/interaction-
driven (low p*, high o)
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§, for each factor X;, quantifies how changes in the distribution of X; impact the over-
all output distribution, making it especially useful in capturing nonlinear and inter-
action effects across the entire output range. The moment-independent sensitivity
indicator § for a factor X; is defined as

1
5= / o () [ / () — fy|xi=x()’)|dyi| dx,

where X; is a fixed input variable, fy,(x) is its marginal probability density function,
fr(y) is the cumulative probability density function of the model output Y, and
Sfrix,=x(y) is the conditional density of Y given that one of the parameters, X;,
assumes a fixed value. Figure 5 shows the GSAreport output for the DELTA method
on the 20-dimensional Rastrigin function.

PAWN. PAWN [25] is an efficient density-based GSA method that derives sensi-
tivity metrics using cumulative distribution functions (CDFs), which are simpler to
compute than probability density functions (PDFs). A key advantage of PAWN is its
ability to calculate sensitivity indices over the entire output range or within specific

Delta
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Fig. 5 ¢ sensitivities plot for f3, indicating X8 as most influential
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PAWN Analysis

04

02

Fig. 6 PAWN minimum, median, and maximum sensitivity index on f3

sub-ranges, making it useful for targeted applications. PAWN provides a compre-
hensive sensitivity profile for each parameter, including mean, minimum, median,
maximum, and standard deviation. Figure 6 displays the minimum, median, and
maximum sensitivity indices for the most influential parameters of the f3 function.

Model-Based Methods Machine learning models can also provide insights into input
feature importance. However, these insights are a by-product rather than the primary
purpose of these models. Each model type has assumptions about the data—for
instance, using linear regression on highly nonlinear functions is inappropriate for
estimating feature sensitivity. Among model-based method, here we present random
forests and Shapley values.

Random Forest. Random forest [26] is a machine learning technique that builds
multiple decision trees on different random subsets of input features. By averaging
the predictions from these diverse trees, the model improves robustness and accuracy,
making it both powerful and flexible. As a by-product, random forests can provide
feature importance scores, illustrated in Fig. 7 for the f; function. This is calculated
by tracking how much each feature contributes to reducing the “impurity” (often
using the Gini impurity) across all trees in the forest. Specifically, it measures the
total reduction in the criterion (like Gini impurity or entropy) each feature achieves
and normalizes this across trees, creating an importance score for each feature. This
importance score, also called “Gini importance,” gives a sense of which features the
model relies on most for its predictions. While random forests are powerful and flex-
ible, they also have shown some disadvantages. First, their feature importance scores
can sometimes be unreliable for high-cardinality features. Second, the model lacks
the transparency of simpler models like single decision trees. Last, the prediction
performance can vary depending on the values set for specific hyperparameters.

Shapley values. Shapley values, a cooperative game-theoretic approach, explain
model outputs by treating input parameters as “players” contributing to the overall
prediction. A core property of Shapley values is that their sum equals the difference
between the model’s prediction with all features present and the prediction with none.

While typically used for local explanations (e.g., SHAP [27]), Shapley values
can also provide global sensitivity by averaging across all data instances. However,
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Fig. 7 Random forest feature importance on f3

exact computation is often infeasible due to its exponential complexity, and even
approximations remain costly with many features. SHAP’s global feature analysis
offers both importance and direction of feature influence, though it requires a full
model and dataset, making it unsuitable for large datasets or fixed experimental
designs. TreeSHAP [28], however, leverages tree-based model structures for efficient
feature insights.

In Fig. 8, Shapley values for each feature on the f3 function highlight x;3 and
X19 as the most influential parameters, evident from the wide spread of their points.
Additionally, there is a positive correlation, as high feature values (red points) corre-
spond to high SHAP values, indicating their strong contribution to increasing model
output.

Evolutionary Computation Evolutionary computation (EC) [9, 29] refers to a fam-
ily of optimization algorithms that are inspired by natural evolutionary processes,
such as selection, mutation, and recombination. In a broader sense, EC algorithms
belong to the class of black-box optimization algorithms, which aim at solving prob-
lems where the internal structure or analytical form of the objective function is
unknown or inaccessible. In such cases, the optimization process only relies on
evaluating input-output relationships without making assumptions about the under-
lying function’s properties, such as smoothness, continuity, or differentiability. This
makes black-box algorithms, like EC techniques, particularly well-suited for com-
plex optimization tasks where the objective function may be noisy, discontinuous,
or expensive to evaluate. Examples include optimizing physical experiments, engi-
neering designs, or simulations, where evaluating the objective can be costly and/or
derivative information is unavailable.

Evolution Strategies Evolution strategies (ESs) are a subclass of EC. Unlike other
evolutionary algorithms, which focus on combinatorial problems, ES is particularly
suited for continuous optimization tasks. The key idea is to iteratively evolve a
population of candidate solutions by applying selection, mutation, and recombination
to find an optimal or near-optimal solution to a given problem.
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Fig. 8 SHAP summary plot of feature importances of f3. Red values correspond to high feature
values and blue to low feature values. Each dot shows the SHAP values for an instance in the training
dataset

Each candidate solution is represented as a vector in a continuous search space,
along with a set of strategy parameters (often mutation step sizes) that control the
extent of variations applied during mutation. ESs work according to few conceptual
steps. They start with some Initialization, where a population of candidate solutions is
generated with random parameters and initial step sizes. Mutation follows, in which
each candidate is perturbed by adding random noise, scaled by the current step sizes,
to explore the search space. Then comes a Selection step, where a subset of the
population is selected based on a fitness function that evaluates the performance of
each candidate. With Recombination, the parameters from multiple individuals are
combined to create offspring with mixed attributes. In the end, we have Adaptation
of step sizes: ESs include a self-adaptive mechanism where mutation step sizes are
adjusted over generations to improve search efficiency, allowing finer or coarser
exploration as needed.

Popular ES variants include the (u, A)-ES and (u 4+ A)-ES strategies, where i
represents the number of parents and A is the number of offspring. In (u, 1)-ES, only
offspring are eligible for selection, while in (© + 1)-ES, parents and offspring com-
pete together for the next generation. ESs are robust for high-dimensional and noisy
objective functions and are widely applied in fields like engineering design, machine
learning (e.g., neural architecture search), and control systems. Its adaptive step-size
feature allows it to efficiently navigate rugged or multimodal landscapes, making
it an attractive choice for complex optimization problems. In the broad scenario of
ESs, the covariance matrix adaptation-evolution strategy (CMA-ES) [11] stands out
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for its good performance and is considered to be the state-of-the-art algorithm in the
field.

Covariance Matrix Adaptation Evolution Strategy CMA-ES [11] is a stochastic,
or randomized, method for real-parameter (continuous) optimization of nonlinear,
non-convex functions.

CMA-ES adapts its search strategy based on the covariance matrix of the dis-
tribution used to sample candidate solutions. The core of the CMA-ES algorithm
revolves around updating a multivariate normal distribution that models locally the
search space, allowing it to focus on promising regions over time. The algorithm
works according to five key iterative steps:

1. Initialization of a mean vector m® and covariance matrix C© to define a multi-
variate normal distribution from which candidate solutions are samples and of a
step-size o © that controls the scale of the search.

2. Sampling of A candidate solutions from the multivariate distribution and their
evaluation. Hence the k-th candidate solution sampled at iteration ¢ is x,(f) ~
Nm®, (c™2C®y for k=1,2,...,randt =0,1,2,....

3. Selection of the p best points from the A offspring individuals to generate the
parent population and update of the mean Vector

4. Update of the mean vector m‘*) = Y"1 w; xl A, where X( are the top u solu-
tions ranked by objective value, and w; are positive recombmation weights such
that Y i w; = 1.

5. Update of the covariance matrix to reflect the new distribution of the pop-
ulation:  CY*D = (1 —¢; — ¢, )C? + ¢ p? V(PN ¢, > w, (X(t)
m®)(x") —m®)7, where ¢; and c,, are learning rates for rank-one and rank-/4
updates, respectively, and p*! is the evolution path that captures the momentum
of successful moves over multiple generations.

6. Step-size adaptation to update the exploration/exploitation attitude. This is done
by using a path length control mechanism, where the evolution path for the
step-size is updated as p?*tY = (1 — ¢,)p? + /¢, 2 — cG)Meffm“+])(;mm, with
¢, being the learning rate for step-size control, and g the effective number of

parents (a measure of the population diversity). Hence, the new step-size is defined
t+) — 5® o (Il - i
as o =o' exp ( A (JE[H N 1)), where d, is the damping parameter

)

for step-size adaptation, and E[||A (0, I)||] is the expected length of a random
vector sampled from a standard normal distribution.

Steps (2) to (5) are repeated iteratively until a stop criterion is met, e.g., a prede-
fined number of objective function evaluations, convergence of the population, or
improvement stagnation.

Compared to other ESs, CMA-ES is particularly effective for nonlinear optimiza-
tion because it can adapt its search strategy to the landscape of the objective func-
tion. Specifically, for any convex-quadratic (ellipsoid) objective function, CMA-ES
adjusts its sampling distribution to match the contour lines of the function, which is
equivalent to locally transforming the function into a spherical (isotropic) one [11].
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This capability is especially valuable for accelerating convergence on severely ill-
conditioned or non-separable problems. Additionally, the covariance learning rates in
CMA-ES prevent the population from collapsing into lower-dimensional subspaces,
allowing for smaller population sizes than those typically required in standard ES,
which contributes to faster convergence. Finally, the step-size control in CMA-ES
helps prevent premature convergence to local optima [11].

3 Problem Definition

3.1 Study Description

In this chapter, we focus on a scenario where a dataset containing relevant input-
output information is already available from previous analyses. This dataset serves as
a valuable resource for extracting insights about the underlying system or model from
which it was generated. Our objective is to explore how this information can be used to
setup anew optimization problem on the same model, with an emphasis on improving
the problem formulation. Specifically, we aim to refine the optimization process
by identifying and prioritizing the most influential parameters, thereby reducing
the dimensionality of the search space and enhancing the overall efficiency of the
optimization.
Hence, we pose the following key question:

Can an existing dataset be analyzed to identify
the most influential parameters affecting a target variable,
enabling dimensionality reduction and creating a more

focused and efficient optimization problem?

To answer, we designed an experimental study with the main steps summarized
in Fig. 9. We analyze the performance of the optimizer, CMA-ES in our case, both

Available Numerical
Dataset Model

Global Sensitivity Optimization Problem Optimization Run

Analysis Definition (CMA-ES)
(GSAreport)

Dimensionality
Reduction through
Variable Selection

Parameter
Sensitivities

Fig. 9 Overview of the experimental study exploring GSA for dimensionality reduction and opti-
mization efficiency. Using an existing dataset, GSA is applied to identify the most influential
parameters, defining a reduced search space for the optimization
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with and without preliminary dimensionality reduction through variable selection
based on GSA indexes extracted from GSAreport. We assume that a large dataset
from a prior experimental study is available, and we aim to extract as much useful
information as possible.

3.2 Benchmarks from Engineering Design

Optimization of a star-shaped crash box Crashworthiness refers to a vehicle’s
ability to protect its occupants during an impact by absorbing and dissipating energy.
Optimizing crashworthiness involves the usage of heavy FE simulations, which are
costly and time-consuming. By using GSA to identify the most influential design
variables, we reduce the dimensionality of the optimization problem and focus on
the most critical aspects of the design. To verify the benefits of using GSA for
variable screening in evolutionary computation, we test it on a benchmark from
computational mechanics consisting of the maximization of the absorbed energy
by a star-shaped crashbox while constraining the allowed maximum deformation.
Figure 10a, b illustrates the model simulated to conduct our experiments before and
after a frontal impact by a rigid wall that is axially loading the structure. The crashbox
is fixed on a support on the other extreme.

(a) (b) (c)

Fig. 10 Case Study 1. Various views and conditions of the crash box: a before impact, b after
impact, and ¢ shape parameters

The intrinsic nature of the optimization problem that we address is constrained.
We aim to optimize the performance of a crashbox subjected to longitudinal loading,
typical in frontal collision scenarios. The goal is to maximize the specific energy
absorption (SEA), which measures how effectively the crashbox absorbs energy
relative to its mass, while ensuring that the crashbox does not deform beyond 70%
of its original length in the longitudinal direction. The problem is defined as follows:
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Eabs(x)
m(x)
S.t. Leform(X) < 0.7L¢
X € [x;, x,]. @)

max SEA(x) =

The energy absorbed by the crashbox, E,, is defined as the difference between
the initial kinetic energy and the residual kinetic energy of the system during impact:
Eabs = Ekin, initial — Ekin, residual = %mimpactorvé - %mimpactorvrzey Here’ Mimpactor is the
mass of the external impactor, vy is the initial velocity of the impactor at the moment
of contact, and vy is the residual velocity after impact. As we run the numerical
simulation until we observe rebound of the impactor, we assume Ejiy, residual = 0. In
Eq. (7), m(x) is the mass of the crashbox, which depends on the design variables
X (e.g., material properties, geometry, etc.), Lgeform(X) 1S the deformation of the
crashbox in the longitudinal direction as a function of x, and L is the initial length
of the crashbox before deformation. As depicted in Fig. 10c, the vector of design
variables is five-dimensional and defined as x = [a, b, u, v, t], where a € [60, 120]
mm and b € [60, 120] mm are the height and width of the crash box section, u €
[0, 30] mm and v € [0, 30] mm are intrusions in the x- and y-directions to shape the
star-like section, and ¢ € [0.7, 3] mm is the thickness of the component, perpendicular
to the plane of projection.

As we want to limit our study to unconstrained optimization scenarios, we inte-
grate the constraint in the definition of the objective as a penalty. Therefore, the actual
optimization problem we address is:

max SEA(X) - p|Ldeform(X) - 07L0|
X

s.t. X € [x7, X,]. (8)

In order to guarantee that the optimum of the problem satisfies the constraint, we set
p =T763.

Optimization in sheet metal forming As second benchmark inspired by real-
world engineering design, we consider the sheet metal forming test case introduced
by Lehrer et al. [4]. In sheet metal forming, the drawability of the metal—its ability
to be shaped without failure—is a key performance metric. Optimizing this process
involves evaluating the influence of numerous factors, such as material properties, die
geometry, and process parameters. Similar to crashworthiness optimization, FE sim-
ulations are commonly used to predict the performance of different configurations,
but these simulations can be prohibitively expensive for high-dimensional problems.
GSA allows us to screen variables and identify the most important factors affecting
drawability. The numerical model used to generate data for GSAreport is shown in
Fig. 11.

In this problem, we aim to optimize the deep drawing process, by minimizing the
average thickness reduction (thinning) of the sheet metal during the deep drawing
process, ensuring that the component maintains structural integrity and quality. By
reducing thinning, the process will produce higher-quality components with better



Global Sensitivity Analysis Is Not Always Beneficial for Evolutionary ... 29

i A,

Fig. 11 Case Study 2. Arrangement of the geometries in the sheet metal forming process. From top
to bottom, the figure shows the die (reference position), a gap-dependent blank, the blankholder,
and the punch. The die moves toward the punch until the maximum forming length is reached, with
drawbeads restraining material flow

structural properties. We consider the measure of thinning as defined by Guo et al.
[30] and define an unconstrained optimization problem as follows:

N

e 1 hy (X)
Th =1-—= E £
mxm inning(x) N o

e=1

s.t. X € [x7, X1, )

where N is the number of elements in the simulation model, /4 is the initial thickness
of the blank sheet, and %’ represents the thickness of element e at the end of the
drawing process. The parameter vector is again five-dimensional and defined as
X = [t, 7,0y, foikn, Hal, Wheret € [1.2, 2.0] mmis the sheet thickness, r € [0.8, 1.6]
is the Lankford coefficient, o, € [140.0, 180.0] MPa is the yield strength of the
blank, fuxn € [130.0, 190.0] kN is the blankholder force, and gy € [0.05, 0.12] is
the dynamic coefficient of friction. This problem is treated as unconstrained because
the variable bounds ensure that any solution resulting from the optimization will be
feasible.

4 Experimental Setup

This section describes the settings used for GSA and optimization with the CMA-
ES algorithm, including details on the benchmarks, sampling methods, and evalua-
tion budgets across case studies. Details about our computational resources are also
provided.
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4.1 GSA Settings

For Benchmark 1, crashworthiness optimization of a star-shaped crashbox, we used
GSAreport to compute sensitivity indexes based on multiple GSA methods described
in Sect.2.1. The dataset contained 2482 samples generated with three sampling
schemes: 876 samples with Morris, 876 with Sobol’, and 730 with Latin Hyper-
cube Sampling. All parameter ranges were rescaled to fall within -5 to 5, covering a
total of five parameters.

For Benchmark 2, deep drawing in sheet metal forming, we started from an exist-
ing dataset with 500 samples. Since this dataset was smaller, we used GS Areport to
first fit a random forest model on the data (provided as x.csv and y.csv). The random
forest model was then used to generate new samples to meet the requirements for
each GSA method, which is needed to extract sensitivities when direct access to
extensive data is limited.

4.2 CMA-ES Settings

For optimization, we used the CMA-ES algorithm to test the impact of GSA-based
dimensionality reduction on convergence speed and solution quality.

We performed 250 evaluations to assess whether optimizing on a reduced dimen-
sionality, according to the GSA results, could accelerate convergence on the high-
fidelity model. Four-dimensional cases were compared: D=1, D=3, D=5 (original
dimensions), and D=50 (adding 45 ineffective dimensions). Although we tested
CMA-ES with four different step-size initializations (0.2, 1.0, 2.5 as default for
CMA-ES on our search space, and 5.0), we will present results for oy = {0.2, 5},
as these configurations produced the most diverse scenarios. We run 40 repetitions
using different random seeds for statistical reliability. The settings used for CMA-ES
are summarized in Table 1.

Table 1 CMA-ES parameter settings for case study

Parameter Values

Evaluation budget 250
Dimensionality D 1,3,5,50

Initial step-size og 0.2,1.0,2.5,5.0
Repetitions 40 (different seeds)
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4.3 Software and Hardware

All sensitivity analysis and optimization procedures were carried out using the
GSAreport? reporting tool for sensitivity extraction and a default version of CMA-
ES from the modcma? Python package for optimization. Numerical simulations were
performed using OpenRadioss (Altair Engineering Inc.) for the crashbox benchmark
and LS-Dyna (ANSYS Inc.) for the sheet metal forming test case.

All numerical experiments (full results are available on Zenodo [31]), except for
the sheet metal drawing simulations (refer to [4]), were conducted on the Academic
Leiden Interdisciplinary Cluster Environment (ALICE), a hybrid high-performing
computing cluster with a capacity of 1234 TFlops, 1712 cores (3424 threads), and
17.9 TB of RAM. For all the experiments performed, only CPU nodes were used.
The simulation of the 2482 configurations of the star-shaped crash box took 432h
of total CPU time. All of these simulations were run on a single processor with 4
threads and single precision. On the other hand, optimization experiments took a
total of 46 h of total CPU time (including ablation).

5 Results

5.1 GSAreport

The first output generated by GS Areport for each of the considered case studies is a
surface plot defined as a slice of a RF model fitted to the input data. Figure 12 presents
the approximated landscapes for the objectives in the two optimization problems.
Specifically, Fig. 12a depicts a RF approximation of the composite objective for the
crashbox geometry optimization problem as formulated in Eq. (8), utilizing 2482
samples. Meanwhile, Fig. 12b illustrates the RF model of the thinning objective for
the optimization problem defined in Eq. (9), using an available dataset of 500 samples.
As both optimization problems operate in a five-dimensional parameter space, the
figures display only two-dimensional slices of these landscapes. The axes in these
plots represent the two most influential parameters identified through the GSA.
These surface plots illustrate how dataset size and the characteristics of each
test case influence the model’s response surface. The RF approximation for the
crashbox test case, shown in Fig. 12a, reaches a mean R? score over three folds
equal to R? = 0.85996. We observe that the surface plot shows a sharp change in the
response across the slice defined by the thickness parameter X4. For low values, the
response is relatively low, but as we move along the most influential direction, the
surface rises steeply, following by a flatter area. As we are maximizing the target,
this trend suggests an optimal region where also less influential parameters can play

2 https://github.com/nikivanstein/GS Areport.
3 https://pypi.org/project/modcma/.
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X1 ] r
X4 sheet_thickness

(a) (b)

Fig. 12 GSAreport surface plots of a slice of the Random Forest model fitted to a a dataset of
2482 samples for the crashbox test case, and b an existing dataset of 500 samples for the sheet
metal forming test case. The slice is defined by considering only the two most influential directions
identified by GSA, with all other parameters fixed at the center of their range

arole in the refinement of the optimal solution. In the sheet metal forming test case
(Fig. 12b), the surface plot shows a gradual, steady increase in response along both
the most influential directions (¢ and r), with no intermediate peaks as observed in the
crashbox test case. The response appears smoother, monotonic with a more moderate
slope, which suggests that the 500 samples provide sufficient coverage for the model
to capture the main trends in the main directions. This is also confirmed by a mean
R? score of 0.96646, obtained using a standard threefold cross-validation approach.

Out of all GSA plots generated by GSAreport, we show in Fig. 13 the Morris
covariance plots for each test case. All of them show five points, corresponding to
the five design variables characterizing both Problem (8) and Problem (9). In the
crash test case shown in Fig. 13a we see that, despite only one factor (thickness) has
w* > 6000, most points lie along or above the line o/u* = 1 and far away from
the origin, suggesting that many parameters have substantial elementary effects with
significant variability, indicating both high sensitivity and interaction effects. Both
the fact that # has not only high mean, but also high variance, and that none of the
variables seem to provide null contribution, show that reducing the dimensionality
of the optimization problem to only a few parameters can restrict the optimization
potential. However, the parameter sensitivities predicted by the reporting tool are
confirmed by visually inspecting the output of simulations run on models where
the most () and least (u, v) influential parameters are set at the extremes of their
ranges. One can note that the main difference in longitudinal deformation is obtained
when modifying ¢ from 0.7 (Fig. 14a) to 3.0 (Fig. 14b, c). However, despite 1 and
v are classified as the least influential by GSAreport, they also contribute in the
deformation modes, as shown by Fig. 14b, c.

In the sheet metal forming test case (Fig. 13b), we observe a distinct pattern where
many points are concentrated close to the origin, with relatively low values of both
w* and 0. This suggests that the parameters corresponding to such points exhibit neg-
ligible sensitivity and interaction effects compared to the crash test cases. The only
points showing higher p* values, hence having higher main effects, lie well below
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Fig. 13 Morris covariance plot generated via GS Areport for the a star-shaped crash box and b sheet
metal forming test cases. u*, the absolute of the mean elementary effect, against o, the standard
deviation of the elementary effect. The lines represent different ratios of /™, which indicates the
relative importance and interaction of parameters

Plastic Strain
0.0e+00 0.2 0.4 6.1e-01
[ .

-

(a) t=0.7, u,v =0.0 (b) t =3.0, u,v=0.0 (c) t=3.0, u,v = 30.0

Fig. 14 Snapshots of extreme configurations of star-shaped crash box at 1.45s of simulation time
for fixed a, b = 60.0. In this figure, it is observed that the thickness has the most influence on the
longitudinal deformation. Despite the parameters u and v have small influence on the optimization
problem, these influence the deformation pattern of the crashbox. b shows a pattern comprising
plastic hinges in a mixed axisymmetric (concertina) and non-axisymmetric (diamond) pattern,
whereas in ¢ the collapse mode is of Euler (buckling) type, with no plastic hinges and increased
plastic deformation toward the middle axis of the crash box. For practical considerations, just
axisymmetrical collapse patterns are preferred as these ensure the most energy absorption, and
therefore « and v should be tuned and not disregarded during an optimization process
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Fig. 15 Contour lines of the percentage thickness reduction based on the current z-strain. The yield
strength oy is uninfluential on the thinning; by comparing (b) and (c¢), the alteration of the yield
strength does not alter significantly on the overall thickness variation, whereas in a the range of
thickness reduction is enlarged throughout the geometry, thus showing that the sheet thickness ¢
plays a more significant role

the o /u* = 0.5 line, implying that interactions are minimal. In an optimization con-
text, this suggests that a simplified optimization using only the two most influential
parameters could effectively capture the main trends of the response while minimiz-
ing computational complexity. The contour lines of percentage thickness reduction
in Fig. 15 provide a visual validation for the GSA analysis results. Specifically, the
simulation outputs demonstrate that the yield strength o, has a negligible influence
on the thinning process. This conclusion is supported by the comparison between
cases in Fig. 15b, ¢, where variations in yield strength do not lead to significant
changes in the overall thickness distribution. In contrast, Figure case 15a reveals that
the sheet thickness # has a much greater impact, as indicated by the enlarged range of
thickness reduction throughout the geometry. This confirms that ¢ is a more critical
parameter in determining the thinning behavior, aligning with the insights derived
from the GSA analysis.

5.2 CMA-ES

To answer the key question in Sect. 3, after extracting parameter sensitivities with
GSAreport, we run CMA-ES on the original, reduced, and augmented space, for both
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mechanical benchmarks. We assume to perform GSA on pre-existing datasets and use
high-fidelity simulations for evaluating the target in the optimizations, which explains
the limited evaluation budget of 200 evaluations for all the compared baselines.

Figure 16 shows the cumulative convergence plots for the star-shaped crashbox.
Figure 16a shows the results for CMA-ES initialized with a small step-size of 0.2,
while figure compares the same baselines, but CMA-ES starts from the default value
of the initial step-size for a search space where each variable variation range is
[—5, 5], which is 2.5. Each line represents the objective function’s progression for
CMA-ES running on search spaces with dimensionality set to 1D, 3D, 5D (the
original problem), and an augmented 50D where 45 additional ineffective axes are
included. In the 1D and 3D baselines, the parameters that are considered uninfluential,
and hence are not optimized, are randomly initialized and held constant. The target is
always evaluated on a 5D array, which is an extension of the points CMA-ES queries
in the 1D and 3D cases, and a reduction of the candidate solutions to only the effective
dimensions in the 50D case. For each case, we run the original version of CMA-ES,
with covariance matrix adaptation and denoted as “Anisotropic,” and a constrained
version of CMA-ES, where only the step-size is adapted during the search, which is
denoted as “Isotropic.” The parent and offspring population sizes are chosen based
on the default values for the problem dimensionality seen by CMA-ES, i.e., 1, 3, 5,
and 50 dimensions. We performed 40 repetitions for statistical significance.

With a smaller initial step-size (Fig. 16a), the reduced-dimensionality setups (1D
and 3D) converge faster and achieve higher objective values within a limited eval-
uation budget (until evaluation 75) compared to the full-dimensional problem (5D)
and the augmented problem (50D). This indicates that, with a small initial step-size,
focusing the optimization on fewer, more influential parameters (as identified by
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Fig. 16 Cumulative convergence plots for the star-shaped crashbox optimization problem with
varying dimensionality, with two different initial step-sizes: a small initial step-size and b larger,
default initial step-size set by CMA-ES. Each line represents the objective function’s progression
over 200 evaluations, with the dimensionality set to 1D, 3D, 5D (the original problem), and an
augmented 50D where 45 additional ineffective axes are included. The “Anisotropic” and “Isotropic”
tags refer to the default CMA-ES version, with covariance matrix adaptation, and the CMA-ES
version without covariance matrix adaptation, respectively
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Fig. 17 Cumulative convergence plots for the sheet metal forming optimization problem with
varying dimensionality, with two different initial step-sizes: a a small initial step-size and b a larger,
default initial step-size set by CMA-ES. Each line represents the objective function’s progression
over 200 evaluations, with the dimensionality set to 2D, 5D (the original problem), and an augmented
50D where 45 additional ineffective axes are included. The “Anisotropic” and “Isotropic” tags refer
to the default CMA-ES version, with covariance matrix adaptation, and the CMA-ES version without
covariance matrix adaptation, respectively

GSA) allows for better short-term convergence. However, this is likely because the
small step-size limits the search’s exploration radius, making it beneficial to ini-
tially focus on the most influential parameters and using a smaller population size
with more frequent updates. The adaptation of both the step-size and the covariance
matrix during the run changes the respective ranking of the baselines at the end of
the evaluation budget, where CMA-ES on the 3D and 5D scenarios perform best.

When the initial step-size is larger (see Fig. 16b), the advantage of dimensionality
reduction diminishes. In this case, the 1D curve stabilizes after only a few iterations,
while the other setups show statistically comparable performance. The similarity
between the 3D and 5D curves indicates that excluding the two least influential
parameters (¢ and v) does not result in a loss of significant contributions toward
the target. However, reducing the problem’s dimensionality for CMA-ES does not
accelerate the convergence trend, even for smaller evaluation budgets. This obser-
vation is further supported by the 50D case, where CMA-ES successfully identifies
and focuses on the five truly influential parameters, adapting the search accordingly.
Additionally, a larger population size (the higher the dimension the larger the popula-
tion size by default) benefits the process, especially when the objective function has
a well-defined global structure, as is the case here (see Fig. 10a). The default larger
step-size enables broad initial exploration, allowing CMA-ES to effectively adapt
to the search space and dynamically identify influential directions within the high-
dimensional setting. This adaptability underscores CMA-ES’s ability to treat the full
dimensionality of the problem without sacrificing convergence speed, especially in
problems with a clear global structure.

Figure 17 presents cumulative convergence plots for CMA-ES applied to the sheet
metal forming benchmark. In this analysis, we consider three setups: a reduced 2D
space (from the original 5D problem), the full 5D problem, and an augmented 50D
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problem with 45 ineffective dimensions added. As observed in the crash bench-
mark, when using a small initial step-size, CMA-ES on the reduced 2D problem
achieves faster initial convergence, benefiting from the focused search in a lower-
dimensional space. The 5D setup follows a similar pattern, reaching comparable
objective values slightly slower than the 2D setup, reflecting the added complex-
ity of the higher-dimensional space in a case where the additional three variables
have indeed minimal influence on the target, as shown in Fig. 13b. In contrast, the
50D setup, which includes 45 ineffective dimensions, converges more slowly, and
the overall improvement across the entire evaluation budget remains minimal. This
outcome indicates that the added dimensions hinder the convergence process, with
the optimizer struggling to ignore the irrelevant directions within the limited budget
and search radius.

When examining the performance with the default (larger) initial step-size (shown
in Fig. 17a), CMA-ES in the 50D case shows a notably slower initial convergence
but eventually benefits from the larger step-size, enabling a more efficient search
as the budget increases. Despite this improvement, the 50D setup still lags behind
the 2D and 5D configurations, indicating the limitations of considering unnecessary
dimensions if the available budget is small.

Compared to the crash benchmark, the sheet metal forming problem exhibits more
pronounced differences in algorithm performance across different dimensionalities,
regardless of the initial step-size. In both cases (small and large step-sizes), reduc-
ing the dimensionality to 2D provides an advantage for smaller evaluation budgets,
though this effect is less evident with the larger step-size. The results emphasize that
dimensionality reduction remains beneficial for CMA-ES in the early stages of opti-
mization in the presence of variables that are indeed uninfluential on the target. How-
ever, with an appropriately tuned initial step-size and a sufficient evaluation budget,
CMA-ES can effectively handle higher-dimensional problems by adaptively aligning
the search direction based on information gathered about the function landscape.

6 Conclusions

The results presented in this chapter demonstrate that while GSA can effectively
identify the most and least influential parameters within a problem, relying solely
on GSA to define an optimization problem may inadvertently restrict the potential
of the optimization process. In Sect.5.1, by examining simulation outputs at the
extremes of influential and non-influential parameter ranges, we observed that GSA
allows us to understand the impact of different parameters on the target. However,
a purely GSA-driven problem dimensionality reduction may overlook parameters
that could become significant within the optimization search (Sect.5.2). Similarly,
limiting dimensionality based solely on domain expertise can also impose unnec-
essary constraints on the optimization landscape. For instance, in the star-shaped
crash box test case, focusing exclusively on the thickness parameter disregards the
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potential contributions of other parameters that might interact in unexpected ways
during optimization.

A more effective approach, therefore, involves maintaining a broader parame-
ter space that also includes parameters initially deemed less influential. Utilizing
black-box optimization algorithms that allow the search to dynamically identify
and prioritize relevant directions based on the collected evaluations, like CMA-ES,
results to be a winning strategy. This approach capitalizes on the optimizer’s ability
to self-adjust and focus on impactful parameter combinations, rather than relying
exclusively on predefined parameter rankings.

This message is particularly relevant for applied researchers who may prioritize
achieving a precise problem definition at the outset, potentially underestimating
the adaptive capabilities of advanced optimizers. While an ill-conceived problem
definition that neglects key parameters cannot be compensated for by the optimizer,
an over-dimensioned parameter space provides flexibility for the optimizer to refine
the search efficiently. In summary, retaining a higher dimensionality and leveraging
the optimizer’s capabilities can lead to more robust solutions than coming up with
an over-precise, and potentially wrong, optimization problem formulation.
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