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Abstract 

Complex systems arise in a wide range of scientific and engineering domains, 

including biological networks, socio-economic systems, manufacturing processes, 

climate systems, and large-scale engineering infrastructures. These systems are 

characterized by nonlinear interactions, high dimensionality, uncertainty, and 

emergent behavior, which make their analysis and experimentation particularly 

challenging. Traditional experimental design techniques, developed primarily for 

simple and well-controlled systems, are often inadequate when applied to complex 

systems. This paper presents a comprehensive review of experimental design 

methodologies tailored for complex systems. The study discusses classical design 

principles and their limitations, followed by modern approaches such as factorial 

and fractional factorial designs, response surface methodology, adaptive and 

sequential designs, simulation-based experimentation, and robust design 

techniques. Special attention is given to the role of computational tools, uncertainty 

quantification, and data-driven methods in handling system complexity. Practical 

challenges, including cost constraints, ethical considerations, and scalability 

issues, are also highlighted. The paper aims to provide researchers and 

practitioners with a structured overview of experimental design strategies suitable 

for complex systems, along with insights into future research directions. 
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 INTRODUCTION 

Experimental design is a fundamental aspect of scientific investigation, providing a structured 

framework for collecting data in a way that allows valid and efficient inference. In classical 

experimental settings, systems are often assumed to be linear, low-dimensional, and well 

understood. However, many real-world systems do not satisfy these assumptions. Instead, they 

exhibit characteristics such as strong nonlinearity, feedback loops, stochastic behavior, and 

interactions across multiple spatial and temporal scales. Such systems are commonly referred to 

as complex systems. 

 

Examples of complex systems include ecosystems, traffic networks, power grids, supply chains, 

social networks, and advanced manufacturing systems. Conducting experiments on these systems 

is inherently difficult due to limited controllability, high costs, safety risks, and ethical constraints. 

Moreover, the large number of influencing factors makes exhaustive experimentation practically 

impossible. Therefore, designing experiments for complex systems requires careful planning and 

innovative methodologies that balance information gain with feasibility. 

 

The objective of this paper is to review and synthesize key concepts, methods, and challenges in 

experimental design for complex systems. Rather than focusing on a single domain, the discussion 

is interdisciplinary, drawing examples from engineering, natural sciences, and social systems. The 

paper is organized as follows: Section 2 introduces the fundamental characteristics of complex 

systems. Section 3 reviews classical experimental design principles and their limitations. Section 

4 discusses modern experimental design approaches suitable for complex systems. Section 5 

focuses on simulation-based and computational experiments. Section 6 addresses uncertainty, 

robustness, and validation issues. Section 7 highlights practical challenges and emerging trends. 

Finally, Section 8 presents concluding remarks. 

 

Characteristics of Complex Systems 

Understanding the nature of complex systems is essential before attempting to design experiments 

for them. A complex system is generally composed of many interacting components whose 

collective behavior cannot be easily predicted from the behavior of individual components. 
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 Nonlinearity and Interactions 

In complex systems, relationships between inputs and outputs are often nonlinear. Small changes 

in one variable may produce disproportionately large effects on system behavior. Interactions 

among factors are common, meaning that the effect of one factor depends on the levels of other 

factors. This violates the assumptions of additivity underlying many traditional experimental 

designs. 

 

High Dimensionality 

Complex systems typically involve a large number of controllable and uncontrollable variables. 

This high dimensionality leads to the so-called “curse of dimensionality,” where the number of 

experimental runs required grows exponentially with the number of factors. 

 

Emergent Behavior 

Emergence refers to system-level patterns or behaviors that arise from local interactions among 

components. These behaviors are not explicitly programmed into the system and are often difficult 

to measure directly. Experimental designs must therefore be capable of capturing indirect or 

aggregate responses. 

 

Uncertainty and Stochasticity 

Uncertainty in complex systems arises from measurement noise, environmental variability, 

incomplete knowledge, and inherent randomness. Experiments must be designed to separate 

systematic effects from random fluctuations, which is often nontrivial. 

 

Classical Experimental Design and Its Limitations 

Classical experimental design methods constitute the backbone of statistical experimentation and 

have been successfully applied across agriculture, manufacturing, and basic engineering problems 

for many decades. These designs emphasize principles such as randomization, replication, and 

local control, which help reduce bias and improve the reliability of conclusions. In systems that 

are relatively simple, stable, and well understood, classical designs provide efficient and 

interpretable results. However, when these methods are applied to complex systems, several 
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 conceptual and practical limitations become evident. The assumptions underlying classical designs 

often fail to hold, reducing their effectiveness and sometimes leading to incorrect inference. 

 

Completely Randomized and Block Designs 

Completely randomized designs (CRDs) are among the simplest and most widely used 

experimental designs. In a CRD, experimental units are randomly assigned to treatments, ensuring 

that uncontrollable sources of variation are, on average, evenly distributed. Randomized block 

designs (RBDs) extend this idea by grouping experimental units into blocks that are relatively 

homogeneous, thereby controlling for known nuisance factors such as time, location, or material 

batches. 

 

While CRDs and RBDs are effective in controlled laboratory settings, their application to complex 

systems is often problematic. One major difficulty lies in identifying all relevant sources of 

variability. Complex systems are influenced by a large number of interacting variables, many of 

which may be unknown, unmeasurable, or time-varying. As a result, the blocking structure may 

fail to capture important variations, leaving residual variability unaccounted for. 

 

Moreover, complex systems frequently exhibit dynamic behavior, where system responses evolve 

over time. In such cases, static blocking based on a single factor may be insufficient. Hidden 

interactions between control factors and environmental conditions can also violate the assumption 

of block homogeneity. Consequently, the effectiveness of blocking in reducing experimental error 

diminishes, and the resulting statistical analysis may underestimate uncertainty. 

 

Another limitation is the difficulty of replication. In large-scale or real-world complex systems, 

true replication may not be feasible due to cost, ethical constraints, or system irreversibility. 

Without adequate replication, classical designs lose much of their inferential power. 

 

Full Factorial Designs 

Full factorial designs are a cornerstone of classical experimental design and are highly valued for 

their ability to estimate both main effects and interactions among factors. By systematically 
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 evaluating all possible combinations of factor levels, full factorial experiments provide a 

comprehensive understanding of the system under study. This makes them particularly attractive 

for exploring interactions, which are common in complex systems. 

 

However, the primary limitation of full factorial designs is their rapid growth in experimental size. 

For a system with k factors, each at l levels, the total number of required runs is lkl^klk. Even for 

a moderate number of factors, this number becomes prohibitively large. For example, a system 

with ten factors at two levels would require 1,024 experimental runs, which is often unrealistic in 

practice. 

 

In complex systems, the number of potentially influential factors is typically high, further 

exacerbating this issue. Additionally, many experimental runs may correspond to extreme or 

unsafe operating conditions, making them impractical or unethical to perform. The cost and time 

associated with conducting such large experiments often outweigh the benefits of obtaining 

complete interaction information. 

 

Another concern is interpretability. As the number of factors and interactions increases, the 

resulting statistical models become difficult to interpret and communicate. Higher-order 

interactions, while estimable in theory, may lack clear physical or practical meaning, complicating 

decision-making. 

 

Assumption of Linearity 

A fundamental assumption underlying many classical experimental designs is that system 

responses can be adequately modeled using linear or low-order polynomial relationships. Linear 

models are attractive due to their simplicity, ease of estimation, and interpretability. In relatively 

simple systems, these models often provide reasonable approximations within limited operating 

ranges. 

 

In complex systems, however, response behavior is frequently nonlinear, discontinuous, or highly 

sensitive to small changes in input variables. Phenomena such as thresholds, saturation effects, 
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 feedback loops, and chaotic dynamics cannot be captured effectively by linear models. As a result, 

linear approximations may provide misleading estimates of factor effects and interactions. 

 

Furthermore, classical designs often assume that interactions are weak or limited to low order. In 

complex systems, higher-order interactions can play a significant role in determining system 

behavior. Ignoring these interactions may lead to oversimplified conclusions and poor predictive 

performance. 

 

In summary, while classical experimental design methods remain valuable for structured and well-

controlled problems, their reliance on simplifying assumptions limits their applicability to complex 

systems. These limitations have motivated the development of modern experimental design 

approaches that emphasize flexibility, adaptivity, and integration with computational modeling. 

 

Modern Experimental Design Approaches for Complex Systems 

To address the limitations of classical designs, several modern experimental design strategies have 

been developed or adapted for complex systems. 

 

Fractional Factorial Designs 

Fractional factorial designs reduce the number of experimental runs by confounding higher-order 

interactions, which are often assumed to be negligible. These designs are useful in early-stage 

experimentation when the goal is to screen important factors. However, in complex systems, 

higher-order interactions may be significant, making interpretation difficult. 

 

Table 1: Comparison of Full and Fractional Factorial Designs 

Design Type 
Number of 

Runs 

Interaction 

Information 

Suitability for Complex 

Systems 

Full Factorial High Complete Limited due to cost 

Fractional 

Factorial 
Reduced Partial Moderate 
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 Modern Experimental Design Approaches for Complex Systems 

The limitations of classical experimental design methods have motivated the development of more 

flexible and efficient approaches that are better suited for complex systems. Modern experimental 

design strategies aim to reduce experimental cost, handle high dimensionality, and capture 

nonlinear and interactive effects more effectively. These approaches often combine statistical 

principles with computational tools and domain knowledge. Rather than relying on a single rigid 

framework, modern designs emphasize adaptability and efficiency, which are essential when 

dealing with complex, uncertain, and evolving systems. 

 

Fractional Factorial Designs 

Fractional factorial designs were developed as a practical alternative to full factorial designs when 

the number of factors is large. By systematically selecting a fraction of the total possible treatment 

combinations, these designs significantly reduce the number of experimental runs required. The 

key idea behind fractional factorial designs is the deliberate confounding of higher-order 

interactions, which are typically assumed to be negligible in many physical and engineering 

systems. 

 

In early-stage experimentation, fractional factorial designs are particularly useful for factor 

screening, where the primary objective is to identify the most influential variables among many 

candidates. These designs allow researchers to focus attention on a smaller subset of important 

factors, which can then be studied in more detail using refined experimental designs. 

 

However, in complex systems, the assumption that higher-order interactions are negligible may 

not always hold. Complex systems often exhibit strong interdependencies among variables, and 

important behavior may arise from interactions involving three or more factors. When such 

interactions are confounded with main effects or lower-order interactions, interpretation of results 

becomes difficult and potentially misleading. Furthermore, aliasing structures in fractional 

factorial designs can obscure causal relationships, especially when prior knowledge of the system 

is limited. Therefore, while fractional factorial designs offer substantial efficiency gains, their use 

in complex systems requires careful planning and cautious interpretation. 
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 Response Surface Methodology (RSM) 

Response Surface Methodology (RSM) is a collection of statistical and mathematical techniques 

aimed at modeling and optimizing system responses influenced by several input variables. RSM 

typically employs low-order polynomial models to approximate the true response surface, with 

common experimental designs including central composite designs (CCD) and Box–Behnken 

designs. 

 

RSM is particularly effective when the objective is to improve or optimize system performance in 

a localized region of the design space. By fitting an empirical model, researchers can identify 

optimal factor settings and study the effects of interactions and curvature. This makes RSM a 

valuable tool in process optimization and quality improvement applications. 

 

Despite its strengths, RSM faces notable challenges when applied to complex systems. Many 

complex systems exhibit highly nonlinear, discontinuous, or multimodal response surfaces that 

cannot be adequately approximated by low-order polynomials. In such cases, RSM may capture 

only local behavior and fail to represent global system dynamics. Additionally, RSM designs 

typically assume that the region of interest is well defined, which may not be the case when system 

behavior is poorly understood. As a result, RSM should often be used in combination with 

exploratory or simulation-based methods when dealing with complex systems. 

 

Adaptive and Sequential Designs 

Adaptive and sequential experimental designs represent a significant shift from traditional fixed 

designs. In these approaches, experimental decisions are updated dynamically based on 

information obtained from earlier runs. This flexibility is particularly advantageous in complex 

systems, where initial uncertainty is high and experimental resources are limited. 

 

Sequential designs are especially useful when experiments are expensive, time-consuming, or 

irreversible. Rather than committing to a large experimental plan in advance, researchers can 

conduct experiments in stages, using interim results to guide subsequent choices. Adaptive designs 
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 may focus additional runs on promising regions of the design space or refine estimates of important 

effects. 

 

One challenge associated with adaptive designs is their increased analytical complexity. Statistical 

analysis must account for the adaptive nature of the experiment, and improper implementation can 

introduce bias. Additionally, real-time data processing and decision-making require computational 

support and careful experimental management. Despite these challenges, adaptive and sequential 

designs are increasingly popular due to their efficiency and ability to handle evolving system 

behavior. 

 

Optimal Design Techniques 

Optimal design techniques seek to identify experimental designs that maximize the statistical 

information obtained from a limited number of runs. Common optimality criteria include D-

optimality, which minimizes the determinant of the parameter covariance matrix, and A-

optimality, which minimizes the average variance of parameter estimates. These methods are 

particularly attractive when experiments are costly and must be carefully prioritized. 

 

One of the main advantages of optimal design techniques is their flexibility. Constraints such as 

limited experimental regions, safety requirements, or resource limitations can be explicitly 

incorporated into the design process. This makes optimal designs well suited for complex systems 

with practical restrictions. 

 

However, optimal design methods rely heavily on an assumed model structure. In complex 

systems, where the true system behavior is often unknown or poorly approximated, this assumption 

can limit their effectiveness. If the assumed model is incorrect, the resulting design may be 

suboptimal or even misleading. Consequently, optimal design techniques are often used iteratively, 

with models updated as more experimental data become available. 
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 Simulation-Based Experimental Design 

In many complex systems, physical experimentation is impractical or impossible. Simulation-

based experimentation has therefore become an essential tool. 

 

Role of Computer Experiments 

Computer experiments use simulation models to study system behavior under different input 

conditions. Unlike physical experiments, simulations are deterministic in many cases, but they 

may still be computationally expensive. 

 

Design of Computer Experiments 

Designs such as Latin Hypercube Sampling (LHS) and space-filling designs aim to cover the input 

space uniformly. These designs are particularly useful when little prior knowledge about the 

system is available. 

 

 

Figure 1: Conceptual illustration of space-filling design in a two-dimensional input space 

 



 
 
 

92 Page 82-94 © MANTECH PUBLICATIONS 2018. All Rights Reserved 

 

Journal of Engineering Mathematics and Statistics 

Volume 2, Issue 2, July-December 2018  

 

 Surrogate and Meta-Models 

To reduce computational cost, surrogate models such as Gaussian process models, polynomial 

chaos expansions, and neural networks are often employed. Experimental design then focuses on 

selecting simulation runs that improve surrogate accuracy. 

 

Robustness, Uncertainty, and Validation 

Robust Experimental Design 

Robust design aims to make system performance insensitive to uncontrollable variations. 

Techniques inspired by Taguchi methods emphasize the selection of factor levels that minimize 

variability rather than optimizing mean performance alone. 

 

Uncertainty Quantification 

Quantifying uncertainty is critical in complex systems. Experimental designs must allow 

estimation of uncertainty propagation from inputs to outputs. This often requires replicated runs 

or probabilistic modeling. 

 

Model Validation and Verification 

Validation of experimental findings is challenging when system behavior changes over time or 

across contexts. Combining experimental data with expert judgment and historical data is often 

necessary. 

 

Practical Challenges and Emerging Trends 

Despite methodological advances, several practical challenges remain. 

 

Cost and Resource Constraints 

Experiments on complex systems are often expensive, requiring careful prioritization of 

experimental runs. Budget constraints frequently dictate the choice of design. 
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 Ethical and Safety Considerations 

In domains such as healthcare, environmental studies, and social systems, ethical constraints limit 

experimental manipulation. Observational and quasi-experimental designs may be the only 

feasible options. 

 

Data-Driven and Hybrid Approaches 

The integration of experimental design with machine learning and big data analytics is an emerging 

trend. Hybrid approaches that combine designed experiments with observational data are gaining 

attention. 

 

CONCLUSION 

Experimental design for complex systems is a challenging yet essential task in modern science and 

engineering. The inherent characteristics of complex systems—nonlinearity, high dimensionality, 

uncertainty, and emergence—limit the applicability of traditional experimental design methods. 

This paper has reviewed a range of experimental design approaches, from classical factorial 

designs to modern adaptive, simulation-based, and robust methodologies. 

 

No single design strategy is universally optimal for all complex systems. Instead, effective 

experimentation often requires a combination of methods, guided by domain knowledge, 

computational tools, and practical constraints. Future research is expected to focus on integrating 

experimental design with data-driven modeling, improving scalability, and developing 

frameworks that can adapt to evolving system behavior. By continuing to refine experimental 

design techniques, researchers can gain deeper insights into complex systems and support better 

decision-making in uncertain environments. 
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