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Abstract 
Economic and other factors accompanying developments in physics, mathematics and particularly in computer technology art 
shifting a substantial portion of the experimental resources associated with large scale engineering projects from physical 
testing to modeling and simulation. In the process, the priorities of selecting meaningful and informative tests and 
simulations to perform are also changing. This paper describes issues related to experimental design and how the goals and 
priorities of the experimental design for these problems are changing to accommodate the this shift in experimentation. 
Issues, priorities and new methods of approach are discussed. 

Introduction 

Suppose we have specific concerns about a system or process that might operate in one of a number of 

environmental settings. Initial and boundary conditions specifying the systems interface with the 

environment very from application to application and the system itself will require specification of a 

number of parameters and variables to fully determine dimensions, quantities related to material strength 

etc. These “inputs” can be specified through a vector x (although some may be more complicated) where 

their values are required to fully describe inputs for a system simulation “run”. The simulation 

experiments are required over a range of values of the inputs to better understand what might be expected 

of system performance. 

Analyses of these types are frequently performed in support of large scientific and engineering projects. 

Various constraints often limit the amount of physical testing that can be performed leaving much of the 

required information to be provided through system simulation, using models specified by computer 
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codes. The simulations themselves are very costly. Levels of variables used for defining input scenarios, 

for setting system parameters and for initializing other experimental options must be selected in an 

efficient way. As the complexity of the analysis increases it becomes more difficult to choose optimal 

(or even reasonably efficient) input levels by intuition alone. Consequently, more relevant information 

can often be obtained when the simulations are performed using a statistically designed set of 

experimental input levels. For complex analyses computer algorithms can be used for this purpose. 

This report will outline desirable features of such an algorithm and suggest approaches toward their 

development . 

The use of computer algorithms to support experimental design in complex problems began when 

computing resources became readily available to most statisticians. Wynn (1970) and Mitchell (1974) 

provide early examples addressing D-Optimal designs in multiple regression problems. More Recently, 

Sacks et al (1989a,b) use computer algorithms to optimize the selection of simulation experiments 

designed for fitting a response surface to a complicated model in several dimensions. Some of the 

methodology discussed here is designed to extend the development of algorithmic support in 

experimental designs to accommodate still more complex situations where interest is focused on 

performance measure precision. The performance measures might themselves be complex functions of 

one or more system response. 

This report illustrates three important issues that should be considered in the construction of an 

experimental design algorithm where the design is to assist in the analysis of a complex systems 

performance. These considerations are: 1) Sensitivity -- does the simulation provide information that is 

relevant to the performance measures? 2) Redundancy -- do previous simulations or other proposed 

simulations (part of the same experimental design) provide some of the same information? and 

3) Likelihood -- the relative frequency of different levels of the input variables are often specified 

probabilistically by using prior empirical results or by subjective estimation. The question here is: How 

likely are the input levels specified in the experimental design to occur in actual system application? 

Algorithmic consideration of these three issues will focus the project on simulation levels that are 

informative in ways that directly affect the goals of the analysis. 

Algorithms designed to accomplish the above objectives can be developed along at least two distinct 

paths, each with advantages and disadvantages. Structured approaches can be used for problems where 
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data from previous or current analyses can be used to point to some subset of the “input space” as being 

more informative then others; reliability or optimization problems, provide examples. Unstructured 

random search approaches utilize present system knowledge to estimate the information potential 

provided by candidate experimental designs. The candidates are then compared according to some metric 

to determine the “best” design. Only the simulations included in this best design are actually performed. 

Both approaches will be outlined briefly in this report. 

The remainder of this paper is structured as follows. The first section provides a discussion of the role 

of experimental design. This section introduces notation and terminology required in the remainder of 

the report. The next section focuses on issues associated with the experimental design for large scale 

simulation analysis. First, characteristics of the problem that differentiate it from more standard 

analyses are discussed. This is followed by an outline of some of the motivating issues for this type of 

design. The next section provides a discussion of methods for generating designs including classical 

designs methods, structured approaches and unstructured approaches. The paper concludes with a brief 

summary. 

The Role of the Experimental Design 

Figure 1 and the discussion that follows are provided to give a simplified view of a system analysis 

process and to establish some of the terminology used in this report. 

Simulation 
Model 

Project 
Performance r Measure 

Figure 1. A simplified view of the components of a system simulation and evaluation process. 
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The experimental design consists of the specification of n sets of multi-dimensional inputs (indicated by 

v and w here). Sets of input levels that collectively specify a computer experiment are referred to as a 

input locations (Figure la). Each run provides data for the modeling of important system responses. 

The responses can be modeled as a function of the important input variables. Multiple responses are 

indicated by the additional set of response contours indicated at the top of the “probabilistic 

representation of system knowledge” box in Figure lb. Also included in that box are contours indicating 

response uncertainty along these same axes. The t’s and s’s included with the response and uncertainty 

contours indicate responses from previous testing and simulation. This representation of system 

knowledge is just one of several possibilities; alternative forms are used in some of the approaches 

discussed in this report. The third contour map in Figure lb  is also drawn on axes specifying the input 

variables. Here the contours represent levels of relative probability for these inputs in actual system 

operation. This map will typically be based on the empirical results or subjective knowledge of 

operational conditions anticipated for the system. 

Performance measures are computed using the system knowledge and the relative likelihoods. The 

performance measure is represented in Figure IC as a distributed quantity reflecting variability in the 

inputs as indicated by their joint density function, and reflecting uncertainty in the system responses. 

Further experimentation will reduce only the later. Doing this efficiently is a primary goal of the 

experimental design. Additional uncertainty may be introduced through discrete choices in simulation 

models or through the examination of alternative sets of assumptions. These can be accommodated 

through the present framework, however, it is assumed here for simplicity that all inputs are continuous 

variables. Finally, note the arrow providing feedback from (b) to (a) in Figure 1. This arrow represents 

the utilization of the system knowledge and the input distributions to assist (algorithmically) in the 

experimental design. One final note concerning this framework relates to the objectives of the analysis. 

For simplicity of presentation, this report was written for analysis performed with the objectives of 

understanding the system performance expectations and uncertainties. Most of the methodology, 

however, can be extended to other objectives such as optimization or reliability analysis. 

Issues Impacting the Experimental Design 

Unique Characteristics of an Experimental Design for a Large Scale Simulation Anctlysis 
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A number of characteristics are unique to the types of analysis that will be performed using a large-scale 

simulation approach. These characteristics call for different approaches to designing the simulations 

when compared to more classical approaches to experimental design. The differences often include: 

1) The deterministic response for a fixed set of inputs (no measurement or other experimental 

errors); 

2) The size and complexity of the problems reduce the effectiveness of producing an “intuitive” 

experimental design; 

3) The assumption of having distributed inputs leads to different objectives than the classical 

experimental designs for response surfaces; and 

4) The computer runs will often be performed sequentially, each run providing information relevant 

to future analyses. 

Issues Relevant to Experinieiital Design for Large Scale Sinidation Analysis 

Three major concerns follow from the characteristics described above that guide the selection of inputs 

for a set of simulation runs. The first concern is the relevant information provided by the run as 

measured through the impact on precision in the performance measures. In an uncertainty analysis of 

the size being considered here, a primary goal of the experimental design is that it reduces uncertainty in 

the performance measures in an efficient way. This will, in general, leave a distribution of possible 

results for the performance measure reflecting distributions of the inputs. Some points in the input 

space, however, may be relatively flat in the response and hence little (new) information would be 

provided by running a simulation at that point. More importantly, some simulation runs might impact 

uncertainty in the response substantially, but in regions that are relatively unimportant to the 

performance measure. A good experimental design will include only input locations that reduce 

uncertainty in both the responses and the performance measures. 

A second concern is redundancy. Because we are dealing with deterministic computer simulation 

experiments, little information is obtained by performing a run at a location close (in the input space) to 

a previous run. Most response surfaces will be relatively accurate at points near previous runs with 

more uncertainty in regions of little previous experimental activity. 
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A third concern relates to the input probability models. If everything else were equal, it would be more 

efficient to perform simulation experiments in regions of the input space that have a relatively high 

probability of occurrence . These runs will reduce response uncertainty in regions that will be 

“weighted” more heavily when the performance measures are evaluated. Performance measures are very 

often computed as some function of the responses integrated with respect to the input probabilities 

across the input space. 

Approaches to the Experimental Design 

Experimental design methodologies applicable to this type of problem range from classical statistical 

designs to iterative algorithmic procedures that attempt to evaluate the “potential information” that 

might be obtained through a set of runs. The different design strategies can be placed roughly into one of 

three categories: classical designs; structured approach designs; and unstructured approach designs. 

These design strategies are discussed below. 

Classical Approaches to Experimental Design 

Classical methods of experimental design include a number of strategies focused on response surface 

characterization. These, and other classical approaches, are commonly used in the early stages of a 

simulation analysis. Screening experimental designs are employed to try to identify those inputs that 

impact the performance measures in ways that suggest they (the inputs) should be explicitly modeled 

when constructing a response surface and to identify those inputs that need not be part of the simulation 

analysis (this process is often referred to as sensitivity analysis). Numerous texts are available 

describing classical methods in statistical experimental design. One that. has, as a primary focus, designs 

for response surfaces is Box and Draper (1987). One important class of designs that has been utilized 

frequently for large-scale analyses is the Box-Behnken series (appropriately modified for computer 

experimentation). These designs are discussed in detail in that text. The classical design methods are 

often abandoned as the analysis progresses and the concerns listed in the section above become 

dominating. Determining specific variable-to-response relationships and accumulating data for formal 

statistical tests are not necessary or not practical in many cases for these large-scale computer analyses. 

The primary objective becomes to focus the simulations in regions of high interest or greatest relevant 

information. 
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Structured Approaches to Experimental Design 

Performing a simulation analysis to address problems of the complexity and size envisioned here will, in 

general, require a number of computer runs over a substantial period of time. While individual runs might 

be performed in a multi-processing environment, the runs will generally occur sequentially (or close to it) 

leaving results from one run to influence the selection of inputs for subsequent runs. This sequential 

aspect of the experimental design leads to these structured (or directed) methods. Most problems will 

contain areas of the input space that yield results giving more relevant information effecting the 

performance measures of the analysis than others. The idea of the structured approaches is to use the 

results at earlier stages of the analysis to suggest directions or “fruitful” regions of the input space to 

perform later runs. 

This can be accomplished in a number of ways -- two possibilities are listed below. One structured 

approach is to search for more fruitful areas of the input space by constructing a response surface and 

using it to identify the region of future interest. Previous statistical approaches to response surfaces 

(not related specifically to computer analysis) consisted of performing a small experiment that provided 

a direction based on the general trend of the responses and a distance, based on the variability and trend 

of the responses, and then move (in the input space) to this new location where the next small 

experiment would be performed. These directed approaches can be quite effective in identifying 

important regions of the input space. 

Variants of this approach have been reported in the engineering literature, particularly in the reliability 

area, for years where some of the issues identified above for simulation analyses have been addressed. 

These “analytical approaches” use low order polynomial expansions based on local simulation run 

information or other response surface approximations to suggest the locations of a “failure region77 (or 

other region of primary interest in the analysis). The next point of expansion is selected near this region - 
- where a better approximation can generally be expected and at a location of relatively high probability 

according to the input distributions. A review of developments in this area along with numerous 

references can be found in Robinson (1998). 

Another structured approach consists of constructing a response surface using an initial design that 

“covers” the input space to some (generally limited) extent. This approach then directs further analyses 
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in regions identified as most fruitful through the initial simulations. This change in design objectives as 

information is accumulated is common for experimental designs to large computer analyses. 

Unstructured Approaches to Experimental Design 

Another approach to constructing an “efficient” experimental design is to select a design that performs 

well, according to some simplified set of criterion thought to act as a reasonable surrogate for the 

objective of reducing output uncertainty. Sacks et al (1989a,b) chooses a design that minimizes the 

integrated mean square error associated with the response surface estimate and other “uncertainty 

related” criteria. Rutherford (1998) uses a resampling approach to try to assess the potential impact of 

candidate designs on more general performance measures. The design eventually selected is the one that 

appears “most promising77 in reducing the performance measure uncertainty as determined by the 

resampling process. These two methods are discussed briefly in the paragraphs below. 

In Sacks et a1 (1989a,b), a methodology is introduced for characterizing a computer simulation response 

using a kriging-based response surface. This response surface approach as been’used in the geosciences 

for years. Uncertainty in the response surface is available through the kriging variance. Sacks et al 

(1989a,b) use the reduction in different functions of this kriging variance (integrated, maximum, etc.) as 

an objective criterion for selecting an experimental design. A candidate design is selected first, and 

classical optimization methods were used to improve the design. 

The approach in Rutherford (1998) can be viewed as an extension of this methodology to accommodate 

problems where interest is focused on performance measures instead of directly on the system response. 

In this approach, an alternative formulation of the probabilistic representation of system knowledge in 

Figure 1 is provided using stochastic simulation (another approach with roots in the geosciences). The 

response surfaces generated through stochastic simulation are used in two ways -- 1) they produce 

hypothetical data at locations in the candidate design, and 2) they provide a mechanism for examining the 

potential impact of this information in the performance measures associated with that design. Candidate 

designs are selected using a random search process, and the design actually performed is the one that 

shows the most potential, using this evaluation process. 
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Summary 

Large scale simulation analysis is increasingly becoming a major part of engineering system design and 

analysis. This paper provides a review of some of the concerns associated with experimental design for 

these types of computer analyses. The characteristics that differentiate these analyses from more 

standard approaches were listed and their resulting impact on the objectives of the experimental design 

was discussed. The final section of the paper provided a breakdown of approaches to designs for these 

problems and listed some of the more promising methods for each approach. Developing methodology 

for experimental designs in large scale simulation analyses is an area of active research. 
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