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Summary

This dissertation reports three distinct pieces of work for uncertainty quantifi-
cation in engineering optimization applications using statistical methods. The
purpose of engineering optimization is to choose a set of settings for the design
factors of the system such that the system performance is optimized. To analyze
and optimize an engineering system, a mathematical model is typically con-
structed based on technical knowledge of how the engineering system operates
and some available data. However, the presence of various types of uncertainty
in the engineering optimization process has brought many challenges in mak-
ing a reliable decision. These uncertainties include the inherent randomness in
physical observations, modeling uncertainty (discrepancy between the mathe-
matical model and actual system), or parameter uncertainty arising from lack
of information or the ambiguity in the definition of certain parameters. In this
dissertation, only the modeling of the inherent randomness, the modeling uncer-
tainty and the parameter uncertainty in the system performance function was
covered.

The third chapter of this thesis is motivated by modeling data from a semi-
conductor manufacturing experiment. The objective is to correlate the wafer
defects with the design factors and to identify the optimum design setting. Since
the experiment is conducted on a high-quality manufacturing line, 96 percent of
the observations are zeros. It is known that zero-inflated data are very non-
informative because they provide little information on the system randomness.
Other than the zero-inflation, three different types of variations are also iden-
tified from this data. In this chapter, a multilevel zero-inflated model and its
inference method are proposed for modeling the inherent randomness arising in
the near zero-defect manufacturing process.

In engineering optimization problems, the estimation of the optimum setting
is the ultimate goal. For a process with various variations, the main concern is

that the obtained optimum setting may suffer from large estimation uncertainty.
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And an efficient experiment should collect data informative about reducing the
estimation uncertainty of the optimum setting instead of the whole regression
model. Hence, in the fourth chapter, a Bayesian optimal design framework is
developed for the efficient estimation of the optimum setting. The developed
framework employs a Shannon information utility measure to quantify the re-
duction in the uncertainty of the optimum setting from an experiment.

The fifth chapter looks into the parameter uncertainty problem in the objec-
tive function of computer model-based engineering optimization problem. When
using stochastic computer models for engineering optimization, a frequently en-
countered but ignored problem is that the objective function may contain some
uncertain parameters. In this work, we leverage on the flexible and efficient
radial basis function metamodel and a novel experimental design approach to
model the objective function as a function of both the design factors and the
uncertain objective function parameters. In this way, the system can be easily
optimized under different choices of the uncertain parameters. This facilitates
the modeling and reduction of the parameter uncertainty in the objective func-
tion.

These three developed methodologies together contribute to the modeling of
uncertainty in engineering optimization process.

Keywords: engineering optimization, process variation, parameter uncertainty,
multilevel zero-inflated model, Bayesian optimal design, Shannon information,

objective function uncertainty



CHAPTER 1

INTRODUCTION

1.1 Uncertainties in engineering optimization

The purpose of engineering optimization is to choose a set of settings for
the design factors of the system such that the system performance is optimized.
To analyze and optimize an engineering system, a mathematical model is typ-
ically constructed based on technical knowledge of how the engineering system
operates and some available data. However, the presence of various types of
uncertainty in the engineering system has brought many challenges in building
an accurate model for predicting and optimizing the system performance. The
proper modeling of the uncertainty in the investigated engineering system is es-
sential for reliable and robust design decision making.

In engineering optimization applications, there are two broad types of uncer-
tainty: namely, the aleatory uncertainty and the epistemic uncertainty.

Aleatory uncertainty is the uncertainty associated with the natural random-
ness in a process. For example, flipping a coin and predicting either head or tail
is aleatory uncertainty. This type of uncertainty is inherent to the problem and
cannot be reduced. This uncertainty type is characterized by a probability dis-
tribution and is typically addressed by collecting a large number of observations.

To describe the probability distribution uniquely, the parameters indexing the



distributions need to be estimated based on the collected observations. Using
these parameter estimates, the uncertainty in the model predictions can then be
evaluated through statistical inference methods such as bootstrapping. Hence,
the estimation of the distribution parameters is itself a major component of the
uncertainty analysis. However, the number of observations one can collect is
often restricted by the limited resources. Hence, efficient collection of data using
techniques such as optimal design will provide more accurate information about
the distribution parameters and can lead to high confidence in choosing the op-
timum setting for engineering optimization.

Epistemic uncertainty is the uncertainty arises from insufficient knowledge
about the processes which could be reduced with more time and resources. A
lack of knowledge about the underlying processes means that we must adopt
models that reflect our best understanding but which are actually inaccurate.
For example, when using finite element analysis for structural design, many ide-
alized assumptions about the material and geometry are made, leading to a
discrepancy between a computer model prediction and the actual system behav-
ior. To reduce the uncertainty arises from inaccurate modeling of the system,
one possibility is that a large set of functional bases could be assumed to be
adequate for describing the functional relationship between the design factors
and the process responses. For this type, model selection techniques or Bayesian
model averaging can be used to reduce the modeling uncertainties.

Moreover, epistemic uncertainty also arise from model parameters which may
be unknown, unmeasurable or only indirectly observed. This parameters uncer-
tainty comes in two classes. One is the uncertain parameters that are inputs
to the mathematical model but whose exact values are unknown. For example,
when using stochastic simulation to evaluate the performance of complex stochas-
tic systems, the inputs that are used to drive the simulation are often estimated
from real-world data. The estimation error of these inputs brings epistemic un-
certainty to the model predictions. To propagate the uncertainty in model inputs

to model outputs, many numerical methods were proposed, including Bayesian



model average (Chick (2001)), bootstrap (Barton and Schruben (2001)), simula-
tion confidence intervals (Barton et al. (2013)), etc. The other type of parameter
uncertainty is the uncertain parameters in the system’s performance function/
objective function. In many areas of applications, the system performance func-
tion may contain some uncertain parameters, such as uncertain preference pa-
rameters for conflicting goals or difficult-to-evaluate parameters. For example,
when designing a nuclear power plant building, the cost incurred by varying rates
of leakage of radioactive material can be hard to quantify. When the objective
function contains some fuzzy part or difficult-to-evaluate parameters, a rational
procedure is to conduct sensitivity analysis (post-optimality analysis) (Wallace
(2000)). The results of sensitivity analysis provide information on how sensitive
the optimal solution is to changes in the uncertain parameters and establish the
upper and lower bounds for the uncertain parameters within which they can
vary without causing violent changes in the current optimal solution. Due to
the complexity of the engineering optimization problems, capturing this type of
uncertainty is in an early developmental stage due to the lack of computationally
efficient tools.

In this thesis, the developed three pieces of work tackle the quantification of
the process variation (aleatory uncertainty), modeling uncertainty and parame-
ter uncertainty in the objective function. The parameter uncertainty of system
inputs are beyond the scope of this thesis. The parameter uncertainty of system

inputs are beyond the scope of this thesis.

1.2 Data collection for the modeling of uncertainty

In the design and optimization of engineering systems, the system behavior
is predicted based on information from technical knowledge and available data.
A large number of data are important to accurately model the uncertainties in
the system. And these data can be collected from two different methods: (1)
physical experiment or observations; (2) computer experiment.

When physical experiments or observations are used to collect data for sys-
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tem prediction and uncertainty quantification, the following stages are typically
used: (1) selection of design factors with major effects on the system through
preliminary screening experiments or engineering knowledge, and the delimita-
tion of the design region based on the objective of the study; (2) the planning
and conducting of the physical experimental design; (3) the statistical modeling
of the experiment result; (4) the evaluation of the modeling uncertainty and
model fitness; (5) the verification of the necessity to perform follow-up experi-
ment to reduce the uncertainty. The third chapter of this thesis focuses on the
modeling of uncertainty with statistical models built from physical experiment
data. The fourth chapter focuses on efficient physical experiment data collection
for reducing the uncertainty associated with optimum setting estimation.

Computer experiments are another method for collecting data for system
prediction and uncertainty quantification. To conduct a computer experiment,
a computer model is constructed first to simulate the behavior of an engineering
system based on knowledge of how the system operates. These computer ex-
periments are useful in cases where the physical experiment of the engineering
system is very expensive to run, or the system under investigation is hypothet-
ical (to be built) such that one cannot conduct the physical experiment. The
fifth chapter of this thesis focuses on capturing the parameter uncertainty in the
objective function of computer models.

To build a computer model and conduct a computer experiment, Law and

McComas (2001) provided the following steps:

e Problem formation: define the objectives and criteria of the study; define

the performance measure of the computer model.

e Parameter specification: collect data to specify computer model parame-

ters and the distributions of the system random variables.

e Model development: develop a mathematical model; translate the mathe-
matical model to computer code; verify that the computer code executes

correctively.



e Experiment: select the experiment design points and conduct the computer

experiments by running the computer code

e Model validation: validate the computer model by comparing the output
of the built computer model with the real system performance; update the

computer model if necessary.

The steps of data collection for the modeling of uncertainty are often highly
iterative—parts of the steps often need to be repeated many times before mak-
ing the final decision. For example, when the initial understanding of a system,
a process, or a new product is poor, a preliminary experiment is usually con-
ducted first to collect data about the uncertainties of the system. Based on the
initial data, analysis tools such as plausible reasoning, hypothesis test or model
selection can be used to identify the sources/characteristics of the uncertainties
and determine the shape of the response surface. Often, however, as the pre-
liminary experiments are conducted on a small scale, the uncertainties can be
inadequately described or can be too large. Hence, additional budgets for con-
ducting follow-up experiments can be allocated to collect data to better describe
or reduce the uncertainties. These steps are repeated until some satisfactory

results are obtained.

1.3 Objective and significance

Uncertainty quantification in engineering optimization appears in many ar-
eas of application and brings many challenges in both concept and computation.
Motivated by several engineering optimization applications, we summarizes some
of the current research gaps for the modeling of uncertainty in engineering op-
timization problems. The summary focuses on the process variation(aleatory
uncertainty), modeling uncertainty and parameter uncertainty in the objective
function. The parameter uncertainty in inputs of mathematical models are be-

yond the scope of this thesis.



e One type of engineering optimization problems is to optimize the high-
quality manufacturing process. For example, wafers are generally manu-
factured in a near zero-defect manufacturing line. Yet, further reduction
of the defect rate through optimizing the process would make the product
more competitive and bring enormous economic benefits. In such pro-
cesses, the experimental measurements are characterized by zero-inflation.
It is known that zero-inflated count data are very non-informative be-
cause they provide little information on the inherent randomness. In such
processes, the parameter estimation can be highly biased and unstable.
Besides the excessive zeros, the manufacturing processes are often charac-
terized by various types of process variations. As a result, the estimated
optimum setting would suffer from large prediction error if these varia-
tions/uncertainties are not modeled properly. However, there are currently
no statistical procedures that can model both the zero-inflation and the
various types of process variations together effectively. In addition, in the
current study of data modeling for engineering optimization applications,
very few works investigate the mechanism causing the randomness to arise
and attempt to develop a probability distribution of the random variable
based on engineering knowledge. Compared to simply assigning some typi-
cal distributions based on statistical testing, concurrently analyze the data
and the underlying process would facilitate a model more loyal to the true

process and reduce the modeling uncertainty.

e In many engineering optimization problems, the determination of the opti-
mum setting yielding best system performance is the ultimate goal. There-
fore, the data collection step should serve to reduce the estimation un-
certainty of the optimum setting instead of the overall predictive model.
Currently, most of the research on experimental design has been focused
on collecting information on reducing the uncertainty of the overall predic-
tive model. For example, the well-known D-optimality criterion (Chaloner

and Verdinelli (1995); Dror and Steinberg (2008); Gotwalt et al. (2009);

6



Russell et al. (2009)) assigns equal degree of importance to all elements of
the model parameters, regardless of their influence on the optimum set-
ting. However, the optimal designs for a globally well estimated model
may not be the ‘best’ with regards to reducing the uncertainty of the op-
timum point. Although many published articles are available on finding
the optimum point in a sequential experiment (Box and Wilson (1951);
Chatterjee and Mandal (1981); Liyana-Pathirana and Shahidi (2005)), lit-
tle work has been published on batch experiment design in which all design
points need to be chosen before conducting the experiment. On the other
hand, research on batch experimental design for this topic has been lim-
ited to assuming the optimum point being a stationary point (see Chaloner
(1989); Mandal and Heiligers (1992); Pronzato and Walter (1993); Fedorov
and Miiller (1997)). However, in many practical instances, the design re-
gion and hence the optimum point is limited within a constrained region
of interest. In such cases, the optimum point can be located at the bound-
aries when the stationary point is a saddle point or be located outside the
region of interest. Therefore, a more general treatment which relaxes the

restrictive stationary point assumption on the optimum point is desired.

In the design of complex engineering systems, a frequently encountered but
often ignored problem is that the objective function representing system
performance may contain some uncertain parameters, such as uncertain
trade-offs (weights) among conflicting goals or difficult-to-evaluate parame-
ters. In the optimization literature, an ideal procedure for a multi-objective
problem is the posteriori approach (Burke and Kendall (2013)), in which
a set of different trade-off optimal solutions is first obtained and then a
multiple-criterion decision-making technique (such as using high-level in-
formation) (Deb and Sundar (2006)) is used to analyze the solutions to
choose a most preferred solution. Likewise, when the objective function
contains some difficult-to-evaluate parameters, a rational procedure is to

conduct sensitivity analysis (post-optimality analysis) (Wallace (2000)).
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As pointed by Burke and Kendall (2013), the classical methods use a dif-
ferent philosophy such that the objective function uncertainty is artificially
forced out of sight, mainly due to a lack of suitable optimization tools to
obtain many optimal solutions efficiently. Development of computationally
efficient solution to capture this objective parameter uncertainty is hence of
great importance to facilitate robust decisions in engineering optimization

problems.

Motivated by several engineering optimization applications, this thesis intends
to solve three aspects of the quantification of uncertainty in engineering opti-

mization. To be specific, the following problems are to be solved:

e The development of a multilevel zero-inflated model that provides a data
analysis tool for zero-inflate defect data collected from a high-quality man-
ufacturing line with multilevel process variations. This model should be
able to describe the characteristics of various types of variations in a near
zero-defect manufacturing process. Model inferential procedures such as
parameter estimation methods and parameter uncertainty quantification

tools should be provided.

e The development of a Bayesian optimal designs framework for the efficient
estimation of the optimum setting of an engineering system. The devel-
oped framework should collect data that is informative for reducing the
uncertainty of the estimation of the optimum setting. The efficient eval-
uation method of the proposed design criterion should also be developed
to facilitate the implementation of the developed framework in practical

applications.

e To properly capture the parameter uncertainty in the system performance
function, the most straightforward method should be to optimize the sys-
tem many times with various settings of the uncertain parameters. How-
ever, for a time-consuming stochastic computer model, this would usually

incur extensive computational burden. A computationally efficient tool
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should be developed to obtain many optimal solutions efficiently for differ-

ent choice of the uncertain parameter in the system performance function.

The results of this thesis may provide more efficient tools for capturing and re-
ducing the uncertainties in engineering optimization problems. More specifically,

the tools developed in this thesis may help in improving

e The modeling of the uncertainties in multilevel high-quality manufacturing

process.

e The reduction of the uncertainty in estimating the optimum settings of a

system through efficient experimental design.

e The determination of an optimal system setting that is robust to param-
eter uncertainty in system performance function through computationally

efficient tools.

1.4 Organization

This thesis contains 6 chapters. In Chapter 2, a literature review is pro-
vided for regression models for system defects data analysis, experimental design
method for reducing the uncertainties in engineering optimization, and parame-
ter uncertainty in system performance function.

In Chapter 3, we built a multilevel zero-inflated model motivated by solving
a real engineering optimization problem from a local semiconductor company.
Specifically, we extend the zero-inflated model, which assumes the system ran-
domly shifts between a zero state and a count state, to a multilevel model to
capture the low failure observation and multilevel variations in a high-quality
manufacturing line. To develop this multilevel model, we first analyzed the
mechanism causing the uncertainty in the state shift to determine at which level
the state shift occurs. Then, the distribution describing the uncertainties in the
count state is derived based on the underlying mechanism of the engineering

problem. And finally, flexible distributions of random effects are incorporated
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into the model to account for the non-normal variations. An approximate Adap-
tive Gaussian Quadrature EM algorithm is then proposed to estimate the param-
eters of the model. The formulas for calculating the uncertainty in estimating
the parameters are also derived. Our analysis of the process and development of
the model enables reducing of the modeling uncertainty and accurate modeling
of the aleatory uncertainty.

In Chapter 4, we focus on the development of Bayesian optimal designs for
the efficient estimation of the optimum setting of an engineering system. The
developed framework employs a Shannon information utility measure to quan-
tify the reduction in the uncertainty of the optimum setting from an experiment.
To evaluate the developed utility measure, we provide an efficient approxima-
tion method based on decomposing the criterion into the utility measure for D-
optimal criterion and a ‘missing information’ term which can be estimated using
Monte Carlo without a nested structure. This approximation greatly reduces
the computational burden of a pure MCMC algorithm and makes searching for
the optimal design feasible. We motivate, develop, and illustrate this framework
with an example from semiconductor manufacturing, where the design objective
is to optimize the etching step to reduce the surface defects on the wafers.

In Chapter 5, we look into metamodel-based optimization of stochastic com-
puter models where there are uncertain parameters in the objective function.
These uncertain parameters may come from difficult-to-evaluate parameters in
the cost function or the subjective trade-off parameters between conflicting goals
such as the scale parameters in desirability function. We employ a flexible and
efficient radial basis function metamodel to model the objective function as a
function of both the design factors and the uncertain objective function param-
eters. We propose the use of a design that is a Cartesian product of a design for
the design factors and a design for the uncertain parameters. This allows us to
derive a fast fitting algorithm to construct the RBF metamodel. To illustrate
the effectiveness of the developed tools in solving practical problems, they are

applied to optimize a drug delivery system with conflicting goals.
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Finally, Chapter 6 summarizes these studies for capturing the uncertainties

in engineering optimization and provides some directions for future work.
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CHAPTER 2

LITERATURE REVIEW

In this thesis, the first work focuses on the modeling of zero-inflated count
data with multilevel variations. The second work focuses on efficient data col-
lection for reducing the uncertainty associated with optimum setting estimation,
and the third work builds a solution to capture the parameter uncertainty in
objective function of computer models. These problems account for several im-
portant research gaps in uncertainty modeling in engineering optimization prob-

lems. In this chapter, we review the previous works on these topics.

2.1 Review of regression analysis for modeling pro-

cess variations in count data

The first work of this thesis is motivated by modeling the physical experiment
data for improving the integrated circuits design. The experiment collects wafer
defect data for different settings of the design factors. A preliminary analysis
of the data identified two characteristics of the collected defective count: exces-
sive zeros and multilevel variations. It is known that zero-inflated data are very
non-informative because they provide little information on the randomness and

make the modeling of the uncertainties extremely difficult. These two character-
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istics are common in high-quality manufacturing lines that are subjected to multi
sources of inherent uncertainty. Typically, the defective counts are modeled by
the generalized linear models (GLMs) such as the Poisson regression model. In
high-quality manufacturing processes, however, standard GLMs can consider-
ably overestimate the probability of zeros. The zero-inflated family of models
were proposed by Mullahy (1986), Lambert (1992) and Greene (1994) to han-
dle this extra uncertainty induced by excessive zeros. Zero-inflated (ZI) models
(Lambert (1992)) assume the distribution of the response is a mixture of a point
mass at zero and a count distribution. Lambert (1992) examined zero-inflated
defects in manufacturing, noting that one interpretation for the excessive zeros
is that changes of unobserved factors may cause the process to shift randomly
between a zero state in which defects are nonexistent and a count state in which
defects can occur according to a Poisson distribution. Hurdle models (Mullahy
(1986)) take a slightly different approach: they combine a zero component with
a truncated count distribution.

In the presence of multilevel process variations and underlying heterogeneity
, extensions of the ZI models to the multilevel modeling are desired. Hall (2000)
extended Lambert (1992)’s ZI model to a mixed effect model by incorporating a
normally distributed random effects into the log-linear parts of the ZI model to
capture the block level uncertainty. They were motivated by an example from
horticulture, where count data with excess zeros were collected in an experiment
with blocks. Although directly incorporating normally distributed random ef-
fects in the ZI models is convenient, it can, however, cause problems in certain
situations. Furthermore, for engineering optimization problems where the opti-
mum setting is of interest , a wrong assumption on the random effects can lead
to a poor estimation of the optimum setting, as this optimum point is function-
ally dependent on the mean of the random effects in the ZI model. Currently,
however, there are no straightforward approaches to incorporate a more flexible

distribution to capture various types of variations in manufacturing line.
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2.2 Review of Bayesian experimental design for effi-

cient estimation of optimum point

As computational power has evolved over the decades, the development of
Bayesian experimental design is facilitating more complex design problems to be
solved. The Bayesian framework provides a unified approach for incorporating
prior information regarding the statistical model, with a utility function describ-
ing the experimental objectives.

One of the most commonly used formation of utility function for Bayesian
design criteria is the mutual information (Lindley et al. (1972)). From a Bayesian
point of view, Lindley et al. (1972) suggested that an efficient way of experimen-
tal design is to specify a utility function reflecting the value of the experiment,
regard the design choice as a decision problem, and select a design that maxi-
mizes the utility.

Specifically, the Bayesian optimal design e*, maximizes the expected utility
function U(e) over the experimental design space X'¥ with respect to the future

observations ye € ) and model parameter 6 € RP:

e* = argmaz cye E{U(e,0,yc)}
(2.1)
= argmazr cyEe L} JR Ul(e,0,ye)p(0le, ye)p(yele)dydo
p

For example, the well-known Bayesian D-optimality criterion (Chaloner and
Verdinelli (1995); Dror and Steinberg (2008); Cook et al. (2008); Lewi et al.
(2009); Drovandi et al. (2013); Huan and Marzouk (2013); Ryan et al. (2014))
seeks to maximize the mutual information between the observations and the
parameter vector. This criterion puts equal attention to all elements of the
parameter vector, regardless of their influence on the potential measurement of
interest. However, it is of great importance that the utility function incorporates
the specific experimental objectives and is specific to the application of interest.
For example, the utility function for efficient estimation of parameter may not

perform well when the design objective is to reduce the prediction uncertainty.
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Therefore, other utility functions such as utilities for model discrimination (Box
and Hill (1967); Ng and Chick (2004); Cavagnaro et al. (2010); McGree et al.
(2012)) and utilities for prediction of future observations (Zidek et al. (2000);
Solonen et al. (2012); Liepe et al. (2013) have been proposed to incorporate spe-
cific design objectives.

Nevertheless, the literature on Bayesian optimal designs for estimating op-
timum points is scarce despite the fact that many engineering problems have
estimation of optimum settings as their ultimate goal.

Although many published articles are available on finding the optimum point
in a sequential experiment (Box and Wilson (1951); Chatterjee and Mandal
(1981); Liyana-Pathirana and Shahidi (2005)), these algorithms can not be used
when the experiment is not sequential in nature, as dictated by practical con-
straints. Box and Wilson (1951) initiated the research on sequentially attaining
optimum point by estimating the first derivatives of the response surface and
moving toward the optimum with the path of steepest ascent defined by previ-
ous estimates. However, this sequential search method would not be applicable
to many manufacturing and clinical experiments where measurements are carried
out simultaneously in a batch (for example, see Millette et al. (1995); Ruiz et al.
(2013)). In such cases, all the design points have to be chosen without feedback
information. On the other hand, research on batch experimental design for this
topic has been limited to assuming the optimum point being a stationary point
(Chaloner (1989); Mandal and Heiligers (1992); Pronzato and Walter (1993); Fe-
dorov and Miiller (1997)). For example, Chaloner (1989); Mandal and Heiligers
(1992) studied the problem with linear regression models, and assumed that the
optimum point was a stationary point and can be written as a closed form func-
tion of the model parameters. However, in many practical instances, the design
region and hence the optimum point is limited within a constrained region of in-
terest. In such cases, the optimum point can be located at the boundaries when
the stationary point is a saddle point or be located outside the region of interest.

Currently there are no design criteria that relax the restrictive stationary point

16



assumption on the optimum point.

The reason that Bayesian optimal design has been limited to simple utility
functions mainly because of the computational burden to perform the integra-
tion and maximization of equation 4.1. To evaluate the Bayesian utility function,
one must estimate the posterior distribution p(€|e, ye). Generally, thousands of
these posterior distributions must be calculated for each potential future exper-
imental observations ye, which is drawn from the prior predictive distribution
p(yele, 0)p(0). To evaluate these posterior distributions, many computational
strategies have been proposed. These include Laplace approximation Chaloner
and Verdinelli (1995); Long et al. (2013); smoothing of Monte Carlo simulations
(Miiller (2005)), Markov Chain Monte Carlo (MCMC) (Ryan (2003); Miller
(2005)); and sequential Monte Carlo methods (Amzal et al. (2006)).

In the case where the utility function represents the information gain on the
optimum point, the posterior distributions of the optimum point are required to
be calculated. And the conditions for normal approximation are no longer satis-
fied, the Chaloner and Verdinelli (1995)’s method can not be directly followed.
On the other hand, it can be too computationally intensive to perform Monte
Carlo to estimate the posterior distribution of optimum point for each of the
thousands of iterations required in the optimal search algorithms.

To broaden the applicability of Bayesian optimal design by making it more

accessible to practitioners, efficient evaluation of the utility function is desirable.

2.3 Review of the objective function uncertainty prob

lem of stochastic computer models

With the constantly upgraded computing power, stochastic computer mod-
els are becoming important tools for understanding and optimizing engineering
systems that are analytically intractable and subject to random fluctuations.
These tools have been recently successfully applied to many engineering opti-

mization applications including the integrated photonic filters design in electrical
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engineering (Weng et al. (2017)), aerospike nozzle design in aerospace engineer-
ing(Stevens and Branam (2015)), continuous stirred-tank (CSTR) reactor design
in chemical engineering (Ding et al. (2010)), etc.

An ideal case would be such that the design engineer or the investigator
has complete knowledge for determining the objective functions for optimizing
the system performance. However, this may not always be true especially when
analyzing complex engineering systems. In many areas of applications, there
are multiple objectives or difficult-to-evaluate parameters in the objective func-
tions (for example Ristow et al. (2005); Pant et al. (2011); Bozsak et al. (2015)).
When multiple objectives need to be optimized simultaneously, the most popular
method is to form a composite objective function through weighted sum (Marler
and Arora (2010)) or desirability functions (Wu (2004); Park and Kim (2005)),
where a weight or scale parameter proportional to the user preference is as-
signed to a particular objective. However, the determination of these preference
parameters is usually highly subjective and not straightforward. It requires an
investigation of the qualitative and experience-driven information to determine
the quantitative preference parameter values. Without the possible trade-off
optimal solutions in hand, this is an even more challenging task. Besides these
uncertain preference parameters, the uncertainty in an objective function may
also come from the difficult-to-evaluate parameters. For example, when design-
ing a nuclear power plant building, the cost incurred by varying rates of leakage
of radioactive material can be hard to quantify (Korsakissok et al. (2013)). And
a change in the potential cost will possibly result in a totally different optimal
solution. This objective function uncertainty problem appears in various areas
of application and brings many challenges in both concept and computation.

When dealing with this uncertainty problem, the current development of
stochastic computer models mainly focuses on replacing the uncertain parame-
ters by some estimates and assuming the objective function is precisely deter-
mined, for example, see Humphrey and Wilson (2000); Cao et al. (2004); Ristow
et al. (2005); Kleijnen (2014); Weng et al. (2017). By such a choice, the uncer-
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tainty is pushed out of sight through approximating the uncertain parameters
by some particular estimates, such as decision maker’s preference information,
expert judgment, historical records, or a sample mean. Meanwhile, the inferen-
tial procedure for other choices of the uncertain parameters is simply ignored.
However, unless a reliable preference or accurate estimate is available, the opti-
mal solution obtained by such methods would be highly subjective to the specific
investigator or largely sensitive to the choice of the estimates(Wurl and Albin
(1999)).

In the optimization literature, an ideal procedure for a multi-objective prob-
lem is the posteriori approach (Burke and Kendall (2013)), in which a set of dif-
ferent trade-off optimal solutions is first obtained and then a multiple-criterion
decision-making technique (such as using high-level information) (Deb and Sun-
dar (2006)) is used to analyze the solutions to choose a most preferred solution.
This is because any two different optimal solutions (such as Pareto-points) rep-
resent different trade-offs among the objectives, and the decision maker would
be in a better position to balance risk when such choices are presented. Like-
wise, when the objective function contains some difficult-to-evaluate parameters,
a rational procedure is to conduct sensitivity analysis (post-optimality analysis)
(Wallace (2000)). For example, when the cost of failure is uncertain, it is impor-
tant for the investigator to know how profit would be affected by a change in the
potential failure cost. The results of sensitivity analysis provide how sensitive
the optimal solution is to the change in the uncertain parameters and establish
the upper and lower bounds for the uncertain parameters within which they can
vary without causing violent changes in the current optimal solution.

As pointed by Burke and Kendall (2013), the classical methods use a different
philosophy such that the objective function uncertainty is artificially forced out of
sight, mainly due to a lack of suitable optimization tools to obtain many optimal
solutions efficiently. To properly capture this uncertainty, the most straightfor-
ward method should be to optimize the system many times with various settings

of the uncertain parameters. However, for a time-consuming stochastic com-
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puter model, this would usually incur extensive computational burden. In the
context of multi-objective optimization, an alternative solution is the interac-
tive approach (Deb et al. (2010); Boyle and Shin (1996)), in which the decision
maker’s responses to specific questions were used iteratively to guide the solution
towards the preferred part of the Pareto-optimal region. Although this method
reduces the computational burden of optimizing the system repeatedly for many
different uncertain parameter choices, it requires a lot of cognitive efforts of the
decision maker. Moreover, when the modeler and the decision maker is not the

same person, this method can be infeasible or very inefficient.
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CHAPTER 3

A MULTILEVEL ZERO-INFLATED MODEL FOR
INTEGRATED CIRCUITS DESIGN

In this chapter, we focus on the development of regression and inferential
analysis methods for zero-inflated manufacturing processes. This work is mo-
tivated by modeling the results of a large-scale semiconductor experiment, for

improving the integrated circuits design.

3.1 Introduction

One type of engineering optimization problems is to optimize the high-quality
manufacturing process. For example, wafers are generally manufactured in a
near zero-defect manufacturing line. Yet, further reduction of the defect rate
through optimizing the process would make the product more competitive and
bring enormous economic benefits. In such processes, the experimental measure-
ments are characterized by zero-inflation. It is known that zero-inflated count
data are very non-informative because they provide little information on the in-
herent randomness. In such processes, the parameter estimation can be highly
biased and unstable. Besides the excessive zeros, the manufacturing processes
are often characterized by various types of process variations. As a result, the

estimated optimum setting would suffer from large prediction error if these vari-
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ations/uncertainties are not modeled properly. These two characteristics are
common in high-quality manufacturing lines that are subjected to multi sources
of variability /uncertainty. However, there are currently no statistical procedures
that can handle both these complex characteristics together effectively.

In this work, motivated by modeling the results of a large-scale semicon-
ductor experiment, we develop a multilevel zero-inflated model for modeling
observations from zero-inflated manufacturing processes. The objective of the
motivating experiment is to correlate the integrated circuits defective count with
several design factors and find the optimum setting yielding minimum defects.

Typically, when defective count data is encountered, the counts are modeled
by generalized linear model (GLM) which assumes the counts distributed as Pois-
son or Negative binomial distribution. Hamada and Nelder (1997) provides com-
prehensive guidelines on the use of GLMs for a range of applications in quality-
improvement experiments. In high quality manufacturing processes, however,
there are often many more zeros than the count distributions can predict. The
zero-inflated family of models were proposed by Mullahy (1986), Lambert (1992)
and Greene (1994). Lambert (1992) examines defects in manufacturing, noting
that one interpretation for the excessive zeros is that changes of unobserved en-
vironment factors may cause the process to shift randomly between a zero state
in which defects are non existent and a count state in which defects can occur
according to a Poisson distribution.

In semiconductor manufacturing, it has also been widely reported that there
are multi-sources of variability. For example, Stapper (1985) modeled the wafer
to wafer variation with a compound distribution that assumes the mean number
of defects per wafer behaves like another random variable with its own proba-
bility distribution P{N = k}, where k = 0,1,2,.... Albin and Friedman (1989)
applied a Neyman distribution to model wafer defect data that exhibits cluster-
ing. In our motivating problem, we observed that there are variations in the
layer, wafer and lot levels. In this work, the multilevel variations are handled in

three different ways. Variation among the four metal layers is modeled by a hi-
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erarchical /nested model structure. For the wafer-to-wafer variation, through in-
vestigating the observations and decomposing the distribution based on a hillock
height variable and a hillocks number variable, we conclude that it is most likely
caused by small variations in the mean number of hillocks for different wafers.
Hence, we treat the mean number of hillocks for different wafers in the same lot
as a random variable instead of a fixed parameter. This is similar to the obser-
vations and treatment of Stapper (1985). Finally, the lot-to-lot variation is the
dominant source of variation, and it was generally modeled as a normally dis-
tributed random factor Robinson et al. (2006). However, in the current case, the
lot random effect displays multi-modal and skewed distribution features. To ac-
count for this, we treat it as a random factor and adopt the semi-nonparametric
(SNP) representation proposed by Gallant and Nychka (1987) to model its dis-
tribution. This SNP density is flexible, enabling skewed, multi-modal and tailed
features to be modeled, and includes the normal as a special case.

The remainder of this chapter is organized as follows: Section 1.2 describes
the details of our motivating experiment. Section 1.3 reviews the current work
on modeling zero-inflated data. In Section 1.4, some preliminary analyses are
done to identify the key characteristics of the data, and several assumptions are
made for further model development. In Section 1.5, we link the characteristics
identified for the observations back to the underlying process, and derive the
response distribution based on the mechanism giving rise to the data. Then a
multilevel ZI model is proposed and an approximate Adaptive Gaussian Quadra-
ture EM (approximate AGQ-EM) algorithm is proposed to estimate the model
parameters, and the estimation procedure of the standard error is provided. The
algorithm’s performance is then evaluated through simulation. Finally, Section
1.6 provide a detailed analysis of the motivating problem using the proposed

model and recommendations for design.
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Figure 3.1: (a) shows a single layer of hillocks growing up from a Cu layer below
(Kang and Chou (2004)); (b) shows a Cu hillock growing from the bottom metal
line across the insulator to top metal line causing a short; (c) a magnified picture
of (b), showing the connection formed between the two layers by the copper
hillock

3.2 Motivating example

In this section, we describe the large-scale experiment in detail.

In most modern Integrated circuits (ICs) today, the back end interconnects
are made of layers of copper lines. As ICs are rapidly shrinking in size, copper
hillocks growing vertically from the copper lines may cause inter-layer metallic
shorts and reliability issues. Growth of hillocks (Figure 3.1) is an inherent part
of the manufacturing process, but these hillocks are harmless unless they grow
high enough to connect the layers. A better understanding of copper hillocks
growth is required in order to minimize shorts through wisely designing the
copper metal dimensions. In our collaborating lab, a large-scale manufacturing
experiment was conducted to explore the design factors’ effect on the formation
of hillocks through measuring the metallic shorts. By analyzing the experiment
observations and properly capturing the system uncertainties , we hope to be
able to infer how the hillocks growth process is influenced by the process condi-
tions and design factors, and recommend to designers Design For Manufacturing
(DFM) rules to ensure robust and reliable manufacturing.

From the literature, it is known that the growth of hillocks are governed
by factors such as deposition stress, heating cycling and ICs design parameters
(Herley et al. (2001); Jakkaraju and Greer (2002)). However, in a typical semi-

conductor fab, the process factors are usually fixed and little tuning can be done
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without adversely affecting the other parts of the complex process and the relia-
bility performance of the ICs. Thus, in this experiment, the width and length of
the metal layer in ICs are identified as key controllable design factors that can
be optimized to reduce copper hillocks growth. Figure 3.1b show a magnified
picture of a hillock found on a production wafer. In order to physically identify
this individual hillock, great effort has been expended by the failure analysis
team to slice through the wafer and carefully examine the cross sections under
a transmission electron microscope. Therefore, it would not be feasible to phys-
ically detect and measure each hillock in the experiment. Given the difficulty
to measure hillocks directly, an indirect method is applied, i.e. measuring the
shorts they cause.

For that purpose, an electrical test (E-Test) structure was designed. E-test
structures are purposefully designed structures that are placed along scribe lines
that lie between the ICs produced on a wafer. These structures are separate from
the ICs and do not affect their function in any way. To detect the shorts from
the structures, two layers with interlacing structures that are electrically sepa-
rate were designed. In the non-defective case where no hillocks are higher than
the the layer spacing, the two structures are separate and no current should be
detected across them. In the defective case, at least one hillock growing higher
than the layer spacing would cause a short (A detailed explanation of the E-test
structure is provided in the supplementary material).

Limited space available in the scribe lines and competition for space dic-
tated the number of designs the engineers could study. Due to this limitation,
it was decided to cover at least length and width design factors separately. Six
combinations of width and length settings were identified by the designers and
designed in the E-test structures. These coincide with the typical design settings
and range requested by customers. These structures are placed on 11 selected
sites on each wafer across the four layers: Metall-Metal2 (Layer 1), Metal2-
Metal3 (Layer 2), Metal3-Metal4 (Layer 3) and Metald-Metal5 (Layer 4) (see

Figure 3.2). As the metal layers are stacked one on top of another, earlier metal
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Figure 3.2: Left panel: ICs Layers; Right panel: Hillocks growing between layers

layers undergo more heat treatment and stress as more layers are capped and
processed above it. Hence, the metal layers can have an effect on the hillock
growth, and the six design settings are nested in the four metal layers in the
experiment. The design settings in the four layers are summarized in Table 3.1
below.

The experiment was conducted on 70 lots with 25 pieces of wafer in each lot.

Design Layerl Layer2
Width Length Width Length
1 -1.48 0.68 -1.48 0.68
2 -1.00 0.68 -1.00 0.68
3 -0.35 0.68 -0.35 0.68
4 0.94 0.68 0.94 0.68
) 0.94 -0.89 0.94 -0.89
6 0.94 -1.83 0.94 -1.83
Design Layer3 Layer4
Width Length Width Length
1 -1.48 0.68 -1.48 0.68
2 -1.00 0.68 -1.00 0.68
3 -0.35 0.68 -0.35 0.68
4 0.94 0.68 0.94 0.68
5 0.94 -0.89 0.94 -0.89
6 0.94 -1.83 0.94 -1.83

Table 3.1: Experiment design: six width and length settings nested in four layers.
For confidentiality reasons, the values of width and length have been centered
by their means and scaled by their standard deviations.

From each E-test structure, an independent binary observation for binary vari-
able y;1wsd, of design d, site s, wafer w, layer [, and lot i was obtained. Figure 3.3

shows the multilevel structure of the wafer manufacturing line. In this multilevel
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Figure 3.4: hierarchy structure of wafer manufacturing experiment

experiment, the 6 design settings are crossed in four layers and these four layers
are crossed in 70 lots. Meanwhile, 11 sites are nested in each wafer and 25 wafers
are nested in each of the 70 lots. Graph 3.4 plots this hierarchical structure and
Table 3.2 details the index and observation numbers for the experiment.

One major consideration in the experiment is the multiple sources of varia-

lot  layer wafer site  design observations
Index i l w S d Yilwsd
Number I=70 L=4 W=25 S5=11 D=6 n=462000

Table 3.2: Experiment observations

tions. To get a practical and accurate analysis result, these variations should be
either controlled or modeled appropriately. Typical ICs are produced through a
series of processes, including lithography, etch, deposition, polishing and clean-
ing. Each of these processes can add process variability to the final product.
Steps like in-line control are taken to reduce variation and ensure stability of

the production line. Listed below are four types of variability identified in our

27



experiment:

1. Site level variability: In the experiment, 11 sites on the wafers are mea-
sured, including the sites in the center and on the edges. Potential site
level variability can be caused by the occasional uneven circular patterns

from the center of the wafer.

2. Layer level variability: As stated, the layer level variability is caused by
the earlier metal layers undergoing more heat treatment and stress. This

level of variability is identified as a nested effect.

3. Wafer level variability: Wafers are typically processed in lots of 25, and
wafers in the same lot tend to go through the same manufacturing tools (al-
though sometimes through different chambers), and have the same amount
wait time between processing. However, due to the possible different cham-
bers used, there can be some wafer-to-wafer variation in terms of thickness

deposited, thickness removed etc.

4. Lot level variability: Wafers in the fab are grouped into lots of 25 and are
processed together. Hence they are relatively uniform across a lot. The lots
however tend to vary from one to another due to their processing on differ-
ent tools and conditions. This type of process variation is potentially the
largest among the variations. Hence adequately capturing and modeling it

is important for identifying the key features of the process.

3.3 Review of literature

Typically, when defective counts data are observed, generalized linear models
(GLMs) such as Poisson regression model are adopted to fit the data. Hamada
and Nelder (1997) provided comprehensive guidelines on the use of GLMs for
a range of applications in quality-improvement experiments. However, in high-
quality manufacturing processes, the observed defective counts would often con-

tain excessive zeros. When the number of zeros is greater than it can be predicted
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from a standard count distribution such as the Poisson or the Negative Binomial
distribution, the data are said to be zero-inflated. In this situation, the com-
monly used models such as Poisson regression can underestimate the probability
of zero and hence make it difficult to identify significant control factors’ effects
and lead to poor prediction. Zero-inflated (ZI) model and hurdle model for fit-
ting zero-inflated count data were proposed by Mullahy (1986), Lambert (1992)
and Greene (1994).

In this section, we first describe these two models in detail and explain the
suitability of the ZI model for modeling the ICs experiment observations in hand.
Then we reviewed ZI/hurdle model with random effects. Following that, estima-

tion methods for ZI/hurdle model with random effect were reviewed.

3.3.1 Zero-inflated regression model

Lambert (1992) examined defects in manufacturing, noting that one interpre-
tation for the excessive zeros is that changes of unobserved environment factors
may cause the process to shift randomly between a zero state in which defects
are nonexistent and a count state in which defects can occur according to a Pois-
son distribution. In the current problem, the formation of shorts are caused by
hillocks growing higher than the threshold between layers, see Figure 3.1. Specif-
ically, copper hillocks shorter than the spacing between upper and lower layer
(threshold height) are harmless as they do not cause shorts, and only hillocks
grown higher than the threshold cause a current short. Hence, if the height
density of the hillocks grown has a maximum height of less than the threshold
height, regardless of the number of hillocks grown, the process will be in a per-
fect zero defect state (no short). If however, the height density has a maximum
height larger than the threshold, then the process can be viewed as in a non-
perfect (defect) count state, with hillocks potentially causing shorts. Lambert’s
ZI model was used to model zero-inflated data in many applications (Bohning
et al., 1999; Cheung, 2002; Hasan and Sneddon, 2009).

The ZI model assumes that data are from a mixture of a point mass at zero
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distribution and a regular count distribution, such as the Poisson distribution
or the Negative Binomial distribution, etc. These two states are also called zero
state and count state. In this model, there are two sources of zeros: zeros from
the point mass at zero, and zeros resulting from the count distribution. To model
which state the independent observations y;(i = 1,---,n) comes from, a state

indicator variable m; is used:

0 y; is from the zero state
m; = (3.1)

1 y; is from the count state

When the count state is modeled by a count distribution g(-|u;) with mean p;,

Py =0)=1—-p; +90jp;) 0<p; <1

(3.2)
Py = k) = pig(k|pi) k=12,...
With linear predictors Z/; and Z/, , p; and pu; are typically modeled by
logit (p;) = Z;8 and  log (u) = Zha (3.3)

where 3 and « are coefficients corresponding to the logit and log components
of the model respectively, and the predictors Z/; and Z., are not necessarily the
same.

The likelihood function is

L(B,a) = | [[1 = pi(B)] " [pi(B)g(yi; i())]™ (34)

=1

To obtain the estimates, an EM algorithm was derived by Lambert (1992).

3.3.2 Hurdle models

The hurdle model, proposed by Arulampalam and Booth (1997) and Mullahy
(1986) uses a two-stage modeling strategy. The first stage models the binary out-

come of whether the response has a zero or a positive realization. If the realiza-
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tion is positive, the ‘hurdle’ is crossed. The second stage uses a truncated-at-zero
distribution to model the randomness in the positive observations. Applications
include a Mexico health care utilization study used a zero-truncated NB hurdle
model for predicting health care demand (Brown et al. (2005)).

For independent observations y;(i = 1,--- ,n), suppose the probability of y;
being positive is ¢;, and the positives y;|y; > 0 follows a truncated-at-zero count
distribution, such as a truncated Poisson or truncated NB. For truncated Poisson

hurdle model, the distribution is:

Plyi=0)=1-¢; 0<¢i<1

—Aik /R
Ply: = k) = ;2% k=12,

(3.5)

Similar with ZI model, regression structure is also built into the model through:

logit (¢;) = Z;;8 and log (X\;) = Zj,a (3.6)

where the covariates Z7]; and Z), appearing in the logistic and log components
are not necessarily the same.

The likelihood function is

n i@\ (@)Y Jy;!
_ _ A I(yi=0)[ 4. € v Yi*q1-1(y;=0)
e e} e e (37)
where I(+) is the indicator function.
The log-likelihood can be write into two terms,
(B, 0) = L1(B) + I2(c) (3.8)

where,

h(B) = Y [log (1—¢:(B)] + . [log ¢:(B)] (3.9)

yi=0 yi>0
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is the log likelihood function for the binary part, and

lo(a) = Y [=i(e@) + yilog(Ai(a)) —log(y:!) —log(1 — e )] (3.10)

y;>0

is the log-likelihood function for the truncated model part.
For this hurdle mode, one can obtain maximum likelihood (ML) estimates by
separately maximizing these two parts. Compared with the ZI models, hurdle

models are easier to fit, as the two model components can be fitted separately.

3.3.3 ZI model with random effects

In semiconductor manufacturing, it has also been widely reported that there
are multi-sources of variability. For example, Stapper (1985) modeled the wafer
to wafer variation with a compound distribution that assumes the mean number
of defects per wafer behaves like another random variable with its probability
distribution P{N = k}, where k = 0,1,2,.... Albin and Friedman (1989) ap-
plied a Neyman distribution to model wafer defect data that exhibits clustering.
In our problem, we also observed that there are variations in the layer, wafer
and lot levels.

Another method to accommodate heterogeneity is incorporating random ef-
fect to the regression model. In the split-plot experiment, the block factor levels
are chosen at random from a larger population of possible levels, and there are
wishes to draw conclusions about the entire population of block levels, not just
those that have been collected. In this situation, the block factor is said to be
a random factor. In our experiment, the lot is the random factor because the
population of lot factor levels could be seen as infinite size because in the man-
ufacturing line, there would be large enough lots been processed.

Hall (2000) extended Lambert (1992)’s ZI model to a mixed effect model by
incorporating a normally distributed random effects into the log-linear parts of
the ZI model. They were motivated by an example from horticulture, where

count data with excess zeros were collected in an experiment with blocks. Simi-
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larly, hurdle model with random effects has also been developed in the context
of modeling the clustered observations occurs with longitudinal data, where the
different subjects are the source of random effects. Min and Agresti (2005) ex-
tend the hurdle model to include random effects by incorporating random effects
into both the logistic and the log-linear parts of the hurdle model, and assume
the random effects are multivariate normally distributed.

The ZI model with random effects can be described as follows: let y;; be ob-
servation j(j = 1,...,n;) for block i(i = 1,...,m). To account for this block/lot
level variation, the random effects term b; = (b1, by;) is incorporated into the
linear predictors of the fixed effect ZI model Equation (3.3) as latent variables.

logit (pij|bi) = Z1;,8 + b
(3.11)
log (wi5bi) = Zy;x + by
Generalizations to multivariate random effects for the two components are straight-
forward.
Let v represent the unknown parameters, the marginal log likelihood for the

ZI random effect model is:

1) = ) logLi(%) (3.12)
i=1

where

n;

Li() = f [H(l — i) " [pijg(yis)]™ | @(bi)db; (3.13)
j=1

and ¢ denotes the joint density function for the random effects.

Since b; is hidden variable and hence difficult to detect the distribution of it.
Generally ¢ is assumed to be multivariate normal distribution. However, in the
current case, the lot random effect displays multi-modal and skewed distribution
features. We would relax the normality distribution in this thesis.

To estimate 1, the MLEs can be obtained by maximizing Equation (3.13).

This is similar with the parameter estimation of the generalized linear mixed
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models (GLMMs). The fundamental difficulty in using GLMMs is that b; is
hidden variable and no closed analytical expression for the likelihood is avail-
able. Newton-Raphson (NR)-type methods and EM are widely used to evaluate
such problems. Although the NR-type methods have faster convergence rates
than the EM method, these benefits are at the expense of numerical stability
(i.e. these algorithms may not converge unless the model provides a reasonable
good fit to the data and good initial values are used) (Dempster et al. (1977) ).
The EM algorithm, on the other hand, is very stable albeit being slow. In this
problem, we would adopt the EM algorithm to ensure more stable estimations.

Meanwhile, no matter Newton-Raphson (NR)-type methods or EM is adopted
to maximizing Equation (3.13), one first need to obtain the marginal likeli-
hood by integrating out the random effects. These integrals are analytically
intractable, and hence numerical or approximation methods must be applied. A
variety of approaches have been proposed to circumvent this difficulty in fitting
GLMNMs, including approximate likelihood approaches, such as penalized quasi-
likelihood (PQL) (Breslow and Clayton (1993)), numerical approaches, such as
Laplace approximations and Gauss-Hermite quadrature (GHQ), and approaches
based on the use of Monte Carlo methods, such as Markov Chain Monte Carlo
(MCMC) techniques (McCulloch (1994)). In the ZI or hurdle model literature,
both Hall (2000) and Min and Agresti (2005) adopted the GHQ method to ap-
proximate the integrals.

In current work, we would propose to represent the distribution of random ef-
fect variable by a more flexible distribution than the normal distribution. Hence
more efficient approximation method to integrate the random effect distribution

would be proposed.

3.4 Preliminary analysis

In this section, we first explain the generating process of the excessive zeros
by a random state shift process, then identify the state shift level in the multilevel

structure. Following that, we adopt the ZI model with normal random effects
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by Hall (2000) to fit the data and show the deficiency of this model.

To facilitate the analyses, we define the aggregated variables on wafer and

s W S
lot level as Yijwd = D51 Yitwsd a0d Yitg = D01 D1srq Yilwsd-

3.4.1 Zero inflated observations

The most distinct characteristic of the experiment observations ¥;j,sq is that
approximately 96 percent of them are zeros. Additionally, when we examine the
lot level count variable 1,4, large jumps are observed among counts across the
design factors’ different settings d. For example, at a fixed length, when width
settings vary from -1.48, -1, -0.35, 0.94, we observe counts of 0, 56, 0, 178 for a
fixed lot and layer. This implies that the expectation of y;;4 is likely correlated
with the design factors through a jump function E(y;4) = Ji(d), instead of a
continuous one. Traditional count models, like the Poisson regression model,
however, fail to capture these large jumps. One interpretation for these jumps
was that slight, unobserved changes in the environment caused the process to
shift randomly between a state in which defects are impossible and a state in
which defects are possible but not inevitable. To capture this shift, the zero-

inflated (ZI) model (Lambert (1992)) is the natural model to be adopted.

3.4.2 Multilevel structure and random shift level

Besides zero inflation, the observations are also characterized by a multilevel
structure due to the nature of the IC manufacturing process. In the literature,
71 model practitioners generally directly treat the count in hand as randomly
shifting from the two states for different designs d (for example, Moghimbeigi
et al. (2008)). However, in multi-level structure cases like the problem studied
here, the system state may be the same within the lower level (site or wafer level)
while independently shifting between the zero state and the count state at the
higher level (lot level). Hence, to build a practical multi-level ZI model, an im-

portant step is to decide at which level the random shift happens. For instance,
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if it happens at the wafer level, the state indicator variable m has independent
realization for each wafer w in a lot while the values within one wafer for the S
sites are the same; if however, the random shift happens at the lot level, then
the realizations of m for the W wafers in a lot take on the same values. To
determine the random state shift level, we first examine the site, wafer and lot
level observations to draw insights.

In the experiment, for each wafer, the test structures are placed on 11 sep-
arate sites and hence, the observations obtained at each site s, s = 1,...,11 are
independent binary observations, with y;,sa ~ Bernoulli(e;ysq), where €jpysa
is the probability of a short for design d at site s on wafer w in layer [ of lot 1.
To determine if these short observations are identical across sites on the same
wafer, a Kolmogorov-Smirnov approximation test was conducted.

The common Bernoulli success probability test cannot be directly employed
here because there is only one observation from each site and 96 percent of them
are zeros. Instead, we adopt the aggregated count of site location s over all de-
signs, layers, wafers, and lots (every site summed over the same conditions), as
the test statistic. This statistic is defined as y, = Zf:l Zlel Zyzl 25:1 Yilwsds S =
1,---,5. These ys,s = 1,---, S are from the same distribution because the ex-
periment has a balanced design, where there are Ny = I« L« W % D observations
Yilwsd for each site s.

According to Chen and Liu (1997), when N is large and all e;,,54 are small
but not necessarily equal (in our case, e;;,sq are different due the lot, layer, and
wafer level variations), the distribution of ys can be approximated by a Poisson

distribution with mean

I L W D
)\s = Z Z Z Z €ilwsd (314)
i=1l=1w=1d=1

For these sites to be identical, within the same lot ¢, layer [, wafer w, and design
d, the site-level probability e;jysq, for s = 1,--- .S, should be equal. As the
design is balanced at all sites, this would imply that A\s are also equal to each

other. Hence ys,s = 1,---,5 should come from the same Poisson distribution.
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We perform the following Kolmogorov-Smirnov test for every site s:

S
Hy : ys ~ Possion(\g),s =1,---,8, where = nglys (3.15)

The results indicate that all the hypotheses cannot be rejected at a 0.01 level
of significance, suggesting that the y, at all S sites follow a Poisson distribution
with the same mean \g.

The results indicate that they are identically distributed with e;1q = -+ =
eilwsd- We hereby drop the site index s and denote this probability as e;q-
Hence, for all S = 11 sites on the same wafer, if €;;,q = 0, then y;jwsq = 0
indicating that the system is in the zero state; and if e;;,q > 0, then y;s4 ud
Bernoulli(ejyg), resulting in yi,q ~ Binomial(S, e;nwq). This also leads us
to conclude that the random shift in the ZI model does not occur at the site
level. Following the i.i.d observations at the site level, further examination of
the data shows that, for fixed lot 4, layer [ and design d, observations ¥;j,,q for
wafer w = 1,--- , W are either all zeros or all positives. This suggests that the
short probability e;j,q, for wafer w = 1,--- | W are either all zeros or all larger
than zero, indicating that the state indicator variable m;;,,q are not independent
among different wafers in the same lot, but instead, they share the same value
for all wafers in the same lot. Hence this leads to a conclusion that the random
shift in ZI model does not happen at the wafer level. Finally, at the lot level,
as described in the subsection 3.4.1, we observe large jumps in y;;4, hence the
random shift occurs at the lot level.

To model this shift and at the same time ensure that the indicator variable
m;wd has the same realization within a lot for the W different wafers, we treat
the lot level shorts count y;;4 as the response variable. In the zero state, e;;,q = 0
and Y;wg = 0,w = 1,--- , W, hence ;4 has a point mass at zero distribution;
in the count state, e;j,g > O,w = 1,--- , W and hence ;4 follows a count
distribution g(-|u).

Although there is no wafer variation on myj,q, w = 1,--- , W, conditioned on

miwd > 0, we allow for the probabilities ejjuq,w = 1,--- , W within the same
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lot to be different, as we observed that the counts from different wafers (for the
same design and layer) can be quite different. This is similar to observations by
Stapper (1985) who noted that very seldom do all wafers have the same mean
number of defects on them due to the nature of ICs manufacturing lines, and
this should be properly accounted for in the model. We explain how to address

this in the model development section.

3.4.3 Initial model fit

In our split-plot experiment, lot is a block factor and should be modeled as
a random effect. Hall (2000) extended Lambert (1992)’s ZI model to a mixed
effect model by incorporating normally distributed random effects into the ZI
model. They were motivated by an example from horticulture, where count data
with excess zeros were collected in an experiment with blocks. Here, we initially
consider this model to describe the data in hand. Additionally, since in our
problem the design parameters are nested within four ICs layers, we would allow
the coefficients to vary among these layers. Speacially, let y;;4 be observation
d(d=1,...,D) for layer = 1,2,3,4 and lot i(i = 1,...,I). To account for this
lot level variation, the random effects term b; = (b4, by;) is incorporated into the

linear predictors as latent variables:

logit (pira|bi) = Z1;481 + b
log (wia|bi) = Zhyqou +bey,  1=1,2,3,4

(3.16)

Since by; and by; are hidden variables and it is difficult to detect their dis-
tributions, we adopt the normality assumption as Hall (2000), and assume
bii ~ N(M,0%),bg; ~ N(Ms,03).

To fit this model, Hall (2000) provided an EM algorithm with Gaussian
quadrature to approximate the E-step. We adopt this algorithm and fit the ZI

models with g(-|u;4) being Binomial, Poisson and Negative Binomial (NB) dis-
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tribution respectively. Based on BIC criteria, ZI_.NB model is preferred.

After fitting this model, we check the deviation between the fitted model and
the observations. Table 3.3 presents the observed and fitted frequencies for y;4
from the ZI_Nb model with normal random effects. We can see that this model
overestimate the frequency of zeros by more than 20 percent, meanwhile, under-
estimate the frequency of large count (y;4 > 150) by 68 percent. This significant
deviation of the observed frequencies from those fitted frequencies reflects the
lack of fit of the current model.

This lot variation is often treated as a random factor in manufacturing pro-

Table 3.3: Observed and fitted frequencies for ZINB with normal random effects
Yild 0 1 2 3 4 5 6 > 6
Observed 1090 59 37 30 24 19 16 405
ZINB(norm) 1328.6 50.9 29.1 22.1 17.9 14.5 12.7 275.3

cesses, and is generally assumed to be normally distributed (Shang et al. (2013)).
This is typically for convenience as the random factor is a hidden variable and is
inherently difficult to detect the true distribution of it. As there are two sources
of zeros in the ZI model, the zero state and the count state, both M;, and
Yz|Miiq = 1 are hidden values. To informally check the distribution shape of
the lot effect, we use the observable variable Mg = I (yz > 0) as a substitute of
M;1q. Then a simple logistic regression model is fitted: logit (pgq) = ap+a-LOT,
where P(M;y = 1) = pjq. The lots are included into the regression model as
dummy variables and a are the corresponding coefficients. As the experiment
design is balanced within each lot, the design and layer effects are roughly sum-
marized in the parameter ag, and hence, the estimated a would reflect the rel-
ative lot effects. The kernel density estimate of the lot coefficients a is shown
in Figure 3.5. The multi-modality and right skewed characteristics of this lot
effect for M4 clearly indicates non-normality. Next, to informally check the
normality assumption on random effects, we plot the kernel densities for the
empirical estimates by; and b;i,i =1,---,I from the fitted model. Suppose the

normality assumption is valid, these densities should shape similar with normal
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Figure 3.5: Kernel density estimates for lot coefficients

distribution. However, from the plots in Figure 3.6, we can clearly see the bi-
modal shape. This indicate that the observed discrepancy is potentially due to
the improper of normal distribution for describing the random effects.

Then we check how non-normality of random effects could influence the

b1 b2

0.20
|

Density

0.10
1

Figure 3.6: Estimated posterior modes of lot random effects

inference. One of our key modeling objectives is to calculate the optimum ICs

design setting which minimizes the predicted response:

exp(Z1,,81 + My + Zby 6y + M)
exp(Zy,,01 + My) +1

Uid = Did * flig = 1=1,2,3,4  (3.17)

From this nonlinear prediction formula, we can see that in ZI random effects

model, the optimum point would be determined by both the fixed effects coef-
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ficients (3, &), and the random effects mean (Mj, Ms). Hence it is natural to
concern about the efficiency of inference on the optimum point to non-normality
of random effects. Thus, for ZI random effects model, relaxing the normality
assumption may provide the opportunity to reduce the deviation in prediction

and provide a better estimation of the optimum point.

3.5 Model development

In this section, through analyzing the features observed from the data, we
make inference about the underlying hillocks formation process and handle the
multilevel variations in three different ways. Variation among the four metal
layers is modeled by varying the coefficients, and wafer-to-wafer variation is han-
dled by assuming the mean number of hillocks per wafer behaves as a random
variable. As the lot-to-lot variation is observed to be the largest with bimodal
distribution features, we propose to model it as a random factor with a semi-
nonparametric (SNP) distribution. In the ZI model with SNP random effects
setting, the inference is complicated by the unbalanced data (excessive zeros)
and the need for integration over the SNP density. Explicit formulas and com-
putational algorithms are hence provided to estimate and evaluate the model

parameters.

3.5.1 Multilevel zero-inflated model

We now go backward to the mechanism how the hillock-induced shorts hap-
pen and derive the count state distribution g(u). This derivation allows us to
capture the wafer-to-wafer variation based on the underlying hillocks growth
process and provides us the opportunity to gain more insights on the impact of

design factors on the formation of copper hillocks.
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State shift and hillocks height

To understand the hidden factor causing the state shift in ZI model, we first
analyze how hillocks can cause shorts. As previously described, the growth of
hillocks is an inherent part of the manufacturing process, but these hillocks are
harmless unless their heights are higher than the separation distance 7" (thresh-
old) between layers (see Figure 3.2). In a testing site, if at least one hillock grows
higher than T, a short would be detected. Hence, factors affecting the number of
shorts are the hillock heights and the hillock numbers. As the number of hillocks
grown in the process is quite large (from physical knowledge of the process), it
can be assumed that the numbers are generated from a single non-zero process.
It is then believed that the shift from the zero state to the count state can be
largely explained instead by the existence of two different height densities for the
hillocks growth heights in the zero state and the count state. Specifically, for the
zero state height density, the maximum height of the density is always lower than
T (dotted line density function in Figure 3.7), and hence, the hillocks with height
from this density will never cause a short. For the count state height density, the
maximum height is higher than the threshold (solid line density in Figure 3.7),
and hillocks grown with height coming from this density can grow higher than
T (with probability p), which then causes a short. The random shift between
the two hillocks height densities for each design is caused by the uncontrollable
combination effect of environmental factors in the process. This shift model is
also supported by experimental results from Puttlitz et al. (1989) where they
conclude that with the same metal line dimensions of 0.75um thickness, hillock
heights < 1.3um were observed for 325° C in the nitride deposition cycle, while
the hillock heights of < 0.5um were observed for temperature 275°C.

Based on the previous observation that the state does not shift at the wafer
level, the hillock height densities for hillocks grown in the same lot across W
wafers (for fixed design and layer) can be reasonably assumed to be identical.

Hence, in the zero state, the height density for each hillock on any wafer within
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Figure 3.7: Zero and count state hillocks height density

lot ¢ for layer [ and design d can be described as:

fuaa(h|Muq = 0),h € (0,T), (3.18)
and in the count state,

fua(h| Mg = 1),h e (0,T), T >T (3.19)

where h is the height of each individual hillock, and T < T < o (based on
the physical limits of the metal lines). Defining p;;q to be the probability of an
individual hillock crossing the threshold T' (see the shaded area in Figure 3.7),

it can be expressed as
T
pild = J fia(h|Myg = 1)dh (3.20)
T

Derivation of the count state distribution function g(u)

To simplify notations, we denote the conditional count state variable y|m = 1
as Y YSwedr Yiwa and y5,- Following, we first derive the site level short probabil-

ity eitwd (€itwd = PlYSjpsq = 11, €itwd > 0) based on the fundamental distributions
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of the number hillocks grown at a site and the hillocks growth heights, and an-
alyze the origins of the wafer-to-wafer variation on e;,q. Following that, with
the wafer level variation accounted for, we derive the distribution of wafer level
count variable gy, .. This is finally followed by the derivation of the distribution
for the lot level count variable y ;.

1. Decomposition of site level short probability e;;,q:

In the count state, to observe a short at a site indicates that there is at least
one hillock at that site that has grown higher than 7. We write the number
of hillocks with height h > T at site s as the random variable Z;;,,s4. Condi-
tioned on the total number of hillocks grown at a site, Njuwsd, Zitwsd|NVitwsd ~
Binomial(Njpwsd, pid), with probability p;q given by Equation (3.20). Since
Niiwsq i an integer random variable, it is reasonable to assume it to be Pois-
son distributed. Hence, based on the site level i.i.d observation, we assume
Nitwsa ~ Poisson(%;,4) on the same wafer for all S sites. After integrating out
Nijwsd, the unconditional distribution of Zjj,sq remains a Poisson distribution,
with mean &g = pitd * Yitwd- Combine with the fact that observing ¥, ., =1
is equivalent to observing z;;,sq¢ = 1, the short probability e;,sq can then be

represented with parameters associated with hillocks height and number by:

Citwd = P(YSpsa = 1) = 1= P(Zippsa = 0) = 1—e 5twd ~ &g = paa-Diwa (3.21)

The approximation holds for the zero-inflated case, as &;j,,q is very small (Taylor
expansion near zero).

From the analysis in Section 3.4.2, we know that e;;,,q varies among wafers
in the same lot. From Equation (3.21), we can see that the parameter p;;q asso-
ciated with hillocks height does not vary among wafers, hence the source of the
wafer variation on e;,q is the mean number of hillocks grown at a site, ¥;5,4. In
the ICs manufacturing process, the sources of wafer variation on hillocks height
and number include thermal stresses and the pressure of the upper layers result-
ing in intrinsic stresses in the film. These stresses could be either compressive

or tensile in nature depending on the growth process conditions. In this work,

44



the growth processes were consistent due to lot processes. Both these two en-
vironmental factors have relatively small variations among wafers: during the
thermal processes, 25 wafers within the same lot are loaded into a single col-
umn together for processing; and the pressure of the upper layers depends on
the thickness of the layers involved. As the thickness variation among wafers is
also well controlled in the process, it is believed that the small variations in the
environmental conditions do not cause a variation in hillocks height density but
instead lead only to a variation in the number of hillocks grown. This indicates
that the factor conditions initiating the growth of hillocks are more sensitive to
environmental changes. As such, from the manufacturing perspective, as long as
hillocks start to grow, it is important to ensure these hillocks do not reach the
threshold height.

2. The distribution of wafer level counts variable y5;,, .

Recall that y§,, ~ Binomial(S, eijpq) and since less than 4 percent of the
site observations are ones, e;,,q here is a very small value. According to Chen
and Liu (1997), a Poisson approximate to the distribution of ¥, , can be made

as:
Ysiwa ~ Poisson(Nipwd),  Nitwd = S+ €itwd * S+ pitd - Vilwd (3.22)

As ;1,4 varies among wafers, we model it as a random variable with a
Gamma distribution.This is similar to the approach taken by Stapper (1985).
Formally, we denote ¥;;,,q ~ Gamma(r, 6;4), then Ajwa = S - pita - Yijwa would
also be Gamma distributed with \;j,g ~ Gamma(r, S pjq-0:4). Integrating out
Xitwd in Equation (3.22), the unconditional distribution of g}, ,; is then a Negative
binomial distribution (NB) with mean fizq = r - S - piq - 014 and dispersion
parameter r.

3. The distribution for the lot level count variable ¥,

Since the lot level count is the sum of the counts on the individual wafers,
Ygq = Z,LVUV:I Yias it Will still follow a NB distribution with the same dispersion

parameter r and mean j;q = W - fijgqg = W - S - piig - 0414, with the distribution
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function:

. I(yia + 7 ad )Y r "
P(Yiia = yild) = ( ) ( a (3.23)

L) (yia + 1) \ ptiga + 7 Witd + 7

Through a detailed breakdown of how shorts are observed on the wafers, we
derive the count distribution g(x) of the ZI model in Equation (3.2) with both
hillocks height parameter p;;; and hillock number parameter ;4. The wafer to
wafer variation in the count state is also explained by the difference on the mean

number of hillocks grown on different wafers.

Multilevel ZI model with semi-nonparametric lot random effect

As observed from the data, the lot variation is dominant due to the processing
on different tools and conditions for different lots. To account for this lot level
variation, the random effects term b; = (b4, by;) are incorporated into the linear

predictors of the ZI model as latent variables.

logit (paalbi) = Z1;4B81 + b
log (pialbi) = Zyyqou + bai, 1 =1,2,3,4

(3.24)

The random effect ZI distribution is then written as

0 with probability 1 — p;q
Y|b; ~ (3.25)

g(pira) with probability piq

where the distribution of g(p;4) is the NB distribution with dispersion parameter
r given by Equation (3.23).

From the previous section we see that the distribution of lot random effects
b; is likely non-normal and as hidden variables, it is difficult to detect their
distribution. Here, we relax the normality assumption for b;, and assume only

that they come from a smooth class of densities, and represent it with the semi-
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nonparametric (SNP) representation proposed by Gallant and Nychka (1987).
This representation encompasses a wider class of densities, enabling skewed,
multi-modal and fat or thin-tailed densities and also the normal density to be
captured. It has been previously used to model random effects in linear and
generalized linear mixed models (Zhang and Davidian (2001); Chen et al. (2002)).
We adopt this representation as it enables a general and adaptive class of random
effects to be incorporated into the ZI model. Detailed studies on the performance
of SNP estimators can be found in Fenton and Gallant (1996).

To facilitate further development, we rescale the random effects b; by
b =Rz, +1 (3.26)

where T € RY location-transformation parameter and R € R%*? is a scale-
transformation lower triangular matrix. z; is a (¢ x 1) random vector, and

we assume it follows the SNP density:

K
hic(z: @) ~ Pi(2:0)0q(2) = { D apz" § Dy(2) (3.27)

|k[=0

for some fixed value K, where ®,(-) is the standard g-variate normal distribu-
tion Ny(0,1;). Here, Pk(z;¢) is a multivariate polynomial of order K and
¢ represent parameters in this form. For example, when ¢ = 2 and K = 2,
z = (21,20)7(q¢ = 2) and Px(2z;¢) = ago + aipz1 + as0zi + ajnz122 + apz3.
The proportionality constant is given by 1/ { P2 (z; ¢)®,(x)dxz, to ensure hg(2)
integrates to 1. With K = 0, P2 (z;¢) = 1, and hk(2) reduces to the standard
normal density. The order K acts as a tuning parameter controlling the degree
of flexibility of shape of the resulting density hx(z; ¢).

In the fitting of the density, it has been suggested to treat K as a tuning
parameter, and to fit models for several values of K and then selecting K based
on an information criteria, like the BIC (Zhang and Davidian (2001); Chen et al.
(2002)). The numerical studies in these works also concluded that K < 2 is suf-

ficient to capture many complicated density forms.
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Combining transformation in Equation (3.26) and the SNP representation in

Equation (3.27), the density of the ZI random effect b; can be rewritten as
¢ (bi;8) = Px[R™'b; — T; 4] - <I>q[R_1bi —7]/|det(R)] (3.28)

where 9 represent the parameters of random effects density, d = (¢, 7, R). De-
tailed studies on the performance of SNP estimators can be found in Fenton and

Gallant (1996).

3.5.2 Model estimation
Likelihood

In the multilevel structure, we have y = (v ,--- ,y}), with y;. = [(yi11, -+ ,viip)'s -,
(yir1s-- »yirp)'],i=1--- 1. Hence, we have f(y;.|b;;0) = HZL:1 ]_[dD:1 £ (yualbi; 6),
where 0, = (8B, ;) and 6 = (07,03 01 01)T. With the model developed in
Equation (3.11) , (3.25) and (3.28), the marginal log likelihood function of the

parameters ¥ = (87,87)7 for a given K is then:

I
1ly) = > log j f(yi|bs; 8) i (bs; 8)db; (3.20)
=1

where the integration is taken over the space for the random effects b; = (by;, b2;).

To estimate 1), the MLEs can be obtained by maximizing Equation (3.29).
However, as the integral and the first derivative of [(%|y) is intractable, nu-
merical methods have to be applied. Newton-Raphson (NR)-type methods and
EM are widely used to evaluate such problems. Although the NR-type methods
have faster convergence rates than the EM method, these benefits are at the
expense of numerical stability (i.e. these algorithms may not converge unless
the model provides a reasonable good fit to the data and good initial values are
used) (Dempster et al. (1977) ). The EM algorithm, on the other hand is very
stable albeit being generally slow. In this problem, we adopt the EM algorithm
to ensure more stable estimations. In the next subsection, we first propose a gen-

eral EM algorithm to estimate ¥ and then develop an approximation algorithm
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to reduce the computational expense for the quadrature evaluation procedure

within the EM algorithm.

Computational details of the EM algorithm

The EM algorithm is generally well-suited for problems where there is in-
complete data, and especially when it is difficult to maximize the observed log
likelihood function directly, but much easier to maximize the loglikelihood func-
tion based on the complete data. In this ZI random effects model, the unobserved
random effects, b can be treated as missing data, with complete data given as
(y,b), The EM algorithm can then be adopted to fit this multilevel ZI random
effects models.

As an iterative method, the EM algorithm estimates the parameters 1 in
Equation (3.29) by iterating between the E-step and the M-step. Let 9! =
(6%, 8") denote the estimated maximizer at iteration ¢ for ¢ = 0,1,.... The two
steps in the EM algorithm are:

E-step: Given the current value 1!, calculate the following Q function

I
Q1Y) = 3 [ 105 1w bi ) (bl i6')ab, (3.30)
=1

M-step: Maximize the computed Q function in Equation (3.30) with respect to
1 and set the optimal values to ‘™.
Return to the E step unless the stopping criterion is met. Here we adopt the
absolute convergence criterion to mandate stopping when |11 — 4| < 0.001.
Details about choosing stopping criteria for optimization problems like the EM
can be found in Givens and Hoeting (2012).

In iteration t of the EM algorithm, function @ in Equation (3.30) can be

expanded as

Q') =

le §log {f(yi.|bi; 0)¢i (bi; 0)} f (yi.|bi; 0°) i (bi; 8°)db;
i=1 § f(yi.|bi; 0%) oK (bs; 8)db;

(3.31)
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where

L
F@ilbi; 0 =T T{ [T [0 —pia+pisa-9(ia = 0)]- | [pia-9(yia)l} (3.32)

=1 y34=0 Yita>0

Integration of Equation (3.31) is analytically intractable, and hence numer-
ical or approximation methods must be applied. However, in the case of the
71 model with random effects, traditional methods are either too computational
intensive or inefficient. For example, with Monte Carlo methods, efficient sam-
pling from the conditional distribution f(b;|y;., ") are needed. Although Chen
et al. (2002) proposed a ‘double’ rejection sampling method to generate a random
sample for the conditional SNP density, for the zero-inflated type distributions
the sampling would be inefficient due to the overwhelmingly high rejection rate.
Additionally, in the case of SNP density, as the standard symmetry does not
hold, the effectiveness of Laplace approximation methods would be poor. Sim-
ilarly, a large amount of quadrature points would be needed for the Gaussian
quadrature method.

To reduce the amount of quadrature points needed for a multi-modal density,
we adopt the method proposed by Pinheiro and Bates (1995), where the quadra-
ture points are centered at the mode of the integrand and scaled by inverse of the
negative Hessian matrix. Specifically, to get the quadrature points at iteration
t , we first obtain the empirical Bayes estimate of b; as b;; and its covariance

matrix H;; = cov(b; ), given 9! = (6',8"):

L D

b;; =arg maxbi(z Z log f(yialbi; 0") + log wr (bi; 8Y)) (3.33)
I=1d=1
L D

—arg maxp, { Y| Y log f(yualbi; 6") (3.34)
I=1d=1

t—1p _ ty—lp ot ot
+log ®4[(R")""bi — 7] + log Pr[(R")”"bi — 7% ¢']} (3.35)
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Then in terms of mass points ¢, with corresponding masses 7y, the G' quadra-

ture points bgt (bg P biQG ;) can be obtained from
b2, = biy+ Hiyly , forg=1,....G (3.36)

After getting the quadrature points, we can use them to approximate the Q
function in Equation (3.31) in iteration ¢ + 1. For the denominator of Equa-

tion (3.31), we have

Py ) = ff(.yi.rbi; 0)oic (bi: 6)db, (3.37)
~Zr 2 lmo (i |62 0)0re (b2 3 8)B(C,) ! (3.38)
=: fa(yi; ) (3.39)

then the Q function in Equation (3.31) is

I G N
c () Zwa»glog{\Hftrwgf<yi.|b§§,,t;emd 25 0)®(¢)

I G
=3 wljlog f(y:.|b?,:0)

i=1g=1
"’ZZnglog {’ t"/TgSOK( ig.t? ) (Cg) 1} (3.40)
i=1g=1
where wly = |H2my f (4 63,10V (6,5 80)/ f s '),

In Equation (3.40), the parameters 8 and § are separated; thus maximization
of Equation (3.40) at the M-step can be carried out in two steps, by optimizing
the first and then the second term in Equation (3.40) respectively. Note that
maximizing the second term in Equation (3.40), is a maximization of the SNP
density parameters, and this can be carried out using fast estimation methods

similar to those proposed in Zhang and Davidian (2001); Chen et al. (2002).
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Computational approximation to the algorithm: estimating quadra-

ture points

In the EM algorithm described, one would iterate between approximating the
Q function using the quadrature points (Equation (3.31) and Equation (3.36))
and optimizing the Q function until stopping criteria is met, and then updating
0 and 6. However, for complex random effect densities like the SNP, the op-
timization to get Bayes estimates (Equation (3.35)) can be unstable and time
consuming. For example, in the optimization of log Pr[(R))~1b; — 71; '], dif-
ferent starting points can result in significantly different local optimal points.
Heuristically, we would like to circumvent this problem by centering the quadra-
ture points close enough to the empirical estimates of b;. From the second line
of Equation (3.35), we see that when number of observations within each lot and
the number of lots are large (here in our case L and D), the sum of the first term
has n; = L - D terms which grows with these sample sizes. Moreover, the last
two terms of Equation (3.35) are O(1) (Wasserman (2013)), and hence, this first
sum will dominate. We can then approximate Equation (3.35) asymptotically by
this sum (and hence estimate b; ¢ by its MLE), but since the second term does
not pose a computational burden, we include it, and propose to approximate b; ;

in the iteration t by

L D

b?,t = arg maxbi{Z Z log f(yiia|bi; ') + log ®,[(R")'b; — 7]}
I=1d=1 (3.41)

Hgt = cov(b?vt)

Simulation studies in the next section also show that the approximation performs
well in practice.
Then the G quadrature points b?t = (bg P bl% ;) can be obtained by
b2, = b0, + HY (g, forg =1,...,G. (3.42)
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Proposed approximate adaptive Gaussian Quadrature EM (approxi-

mate AGQ-EM) algorithm
Overall, the proposed EM algorithm can be summarized as
1. Starting values: set values for K and starting values 9°. Let ¢ = 0.

2. Quadrature points: at iteration (¢ + 1), compute quadrature points bgt

from Equations (3.41) and (3.42).

3. E-step: approximate the QQ function using bi% and Equations (3.39) and
(3.40).

4. M-step: obtain 1!*! by maximizing the Q function.

5. Iterate: Return to 2 and set ¢ = ¢ + 1 until the stopping criterion has

been meet.

Good starting values of 8y can be obtained similarly with Lambert (1992); Hall
(2000). In the ZI model, the zeros come from both the zero state and the
count state (while we do not know which are from the zero state). Pretend-
ing all zeros are from the zero state and all positives are from the count state
will allow us to fit the logistic and log regression in Equation (3.11) separately.
Specially, we first fit the logistic regression with normal random effects (K=0)
using Mg = I(y;q > 0) as the response variable. Then we fit the Poisson/NB
regression with normal random effects using y;4|yiq > 0 as the response vari-
able. These two regressions can be fitted separately using existing R package
("glmmML”). We use the estimated coefficients as initial values 8° = (Bg, ).
Then we treat the estimated empirical estimates by;09, and bo;0,2 = 1,--- ,I as
samples from the underlying SNP random effects distributions and obtain the
initial value for random effects parameters 6°. This 8° is a good starting value
because a similar argument with Equation (3.41), from which we know that the
empirical estimates of b; from assuming K = 0 (normal) and K = 1,2--- would
be different but not far from each other. The proposed EM algorithm converges

after around 20 iterations for the current problem with these initial values.
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Convergence of the EM algorithm for ZI model also follows from arguments
similar to those given by Lambert (1992); Hall (2000). Hall (2000) used Gaus-
sian quadrature for approximating the E step, instead we use approximate AGQ
which focuses on improving the approximation procedure. Intuitively, the Gaus-
sian quadrature rule can be viewed as a deterministic version of Monte Carlo
integration with samples (, and weights 74 fixed beforehand (Pinheiro and Bates
(1995)), while AGQ can be comparable to importance sampling, which increases
the number of samples on the area of interest (AGQ places a larger weight on
the mode of the integrand). In the random effects model, when the distribution
of random effects has a complicated form such as the SNP, we cannot easily
estimate the mode of the integrand (Bayes estimates of b; ; in Equation (3.35)).
Instead, the approximate AGQ put a larger weight on plausible values like b?,t
estimated by Equation (3.41). In the numerical runs we studied (results in Ap-
pendix), this approximation is reasonable, even for limited numbers of L x D
for near symmetrical distributions of b, and moderate numbers of L x D for
highly skewed distributions. The compromise proposed here means that when
computing the quadrature points, we do not account for the information in the
last term in Equation (3.35). Extensive simulation runs were also conducted
to evaluate the proposed algorithm in estimating both the design/fixed effects
and random effects parameters. Details of the simulation runs and results are
provided in the Appendix. Overall, the proposed AGQ-EM algorithm is able to
estimate both the fixed and random effects parameters with higher precision and
accuracy over a Gaussian quadrature EM approach. In addition, the flexibility
of the SNP random effects enables accurate capture of non-normal (asymmetri-
cal and skewed) random effects and the proposed AGQ-EM algorithm is able to
provide good parameter estimates of the model.

In cases where the count state is modeled by a NB distribution in the ZI
model, there is an extra dispersion parameter r to be estimated. The estimation
of 8; and & via the proposed approximate EM-AGQ algorithm assumes that r is

known. In practice, r is updated and estimated iteratively in accordance with
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the updated estimates of 8; and § by maximizing the loglikelihood function in
Equation (3.29). More details about estimating the NB dispersion parameter
can be found in Piegorsch (1990).

Standard errors of parameter estimates

To obtain the EM standard errors, bootrapping is commonly used. However,
for a complex multilevel ZI model, bootstrapping can be computationally pro-
hibitive. Here, we apply the Empirical Information method (Givens and Hoeting
(2012)) to compute the standard errors for the EM estimates. The appeal of it
is that all the terms of the empirical information (Givens and Hoeting (2012))
are by-products of the M-step in the EM algorithm and hence, no additional
computation is required.

We register ¢ = (1, ) and when there is no over-dispersion parameter, ¢ = ).
Under the proper regularity assumptions, asymptotically as the number of ob-
servations n — o, the EM estimates ¢ of ¢ is a consistent, efficient, and asymp-
totically normal estimator of the true value of ¢. Its asymptotic variance is the

inverse of the Fisher information matrix
H(y;s) = E(I(y;5)) = E(S(y;9)S" (y;6)) (3.43)

where S(y;¢) = U'(y;¢) is the score function and I(y;¢) = —I"(y;<) is the
Fisher information. To be more general, we write the observed response as
y = (y1,...,yr) for I lots, and y; = (yi1,...,¥in,) as within lot observations.
On condition the data are i.i.d observations, the score function is the sum of

individual observation score:
I n;
S(yss) = D, >, SWisio) (3.44)
i=1j=1

Since the Fisher information H (y;¢) is defined to be the variance of S(y;¢), this
suggests estimating H (y; <) using the sample variance of the individual scores

S(yij; <), that is the empirical Fisher information f[(y, ¢) (Givens and Hoeting
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(2012)), with

I n;
. 1 - 1
H(y;s) = — >, > S(isi )8 (i o) — —58(:6)S(yi6)" (3.45)
i=1j=1
Here n is the total number of observations and n = ", n;. Note that in the
EM algorithm, ¢! maximize Q(s|s?) — I(s]y) with respect to ¢ in the t;, step.

Therefore,

Q/(g‘gt)‘s“:ct = S(y;6)|s=gt (3.46)

Since in the M step of EM algorithm, we calculate Q'(s|s")|c—ct to get the opti-
mum value of the parameters, we get S(y;¢)|c=ct as by-products of the M step,

so no additional computation is required to get the individual terms in 3.45.

3.5.3 Modeling remarks

In our analysis, we derive the count state distribution g(-) based on the knowl-
edge of hillocks growth process for generating the data. However, when such
knowledge is lacking, model selection techniques such as BIC criterion should
be used to decide the distribution g(-). Count distributions such as the Poisson,
binomial, negative binomial, and logarithmic series distributions could be used
for g(-) depends on the data characteristics in hand.

In other semiconductor experiment, the state shift may happen at other lev-
els of the multilevel structure. For example, when it happens at the wafer level,
a two-level random effects ZI model with response variable ;1,4 could be built

as:

logit (Piwd) = Z14paB + briw + b1 10g (ftiwd) = Zig@ + baiw + boi (3.47)

where (b1, b2ivy) are the wafer level SNP random effects. However, if the shift
occurs at site level where the data is binary, there is no way that we can tell

which state an observed zero is generated from. Other methods such as a logistic
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regression model with sub-sampling (King and Zeng (2001)) need to be applied.
Otherwise, repeated measures at the site level would be required. If there are
additional levels of variability that need to be captured, higher dimension of the
random effects b;(¢ > 2) can be applied. Although we describe a single-level
random effect in our case study, the dimension of the integral in the proposed
approximate AGQ-EM algorithm can be large (see Schilling and Bock (2005),
who considered integration with AGQ up to 8 dimensions).

Although the above multilevel ZI model with SNP random effects is derived
based on our ICs experiment, certain aspects of it can be generalized and ap-
plied to other fields where multilevel ZI data is common, such as in sociology
and health care. Examples include high school dropout numbers, amounts of
insurance, decayed teeth of 12 years old. These data generally contain excessive
zeros and are measured within a hierarchical social structure such as households,
schools, provinces, etc (see examples from Tooze et al. (2002); Moghimbeigi et al.

(2008).

3.6 Simulation studies

To evaluate the performance of the proposed algorithm in estimating both
the design/fix effects and random effects parameters, we performed simulations
under 5 different distributions for random effects b;. We also compared the
algorithm with one that uses the Gauss-Hermite quadrature to approximate the
integrals in the EM algorithm (GH-EM). The computational advantage of this
approximation method is that it does not require the estimation of the empirical
Bayes estimate of b; at each iteration. We report on the logistic component of
the ZI regression model. To be more general, we drop the layer index [ and
use j = 1,--- ,n; to represent observations within lot ¢. In each of 100 Monte
Carlo data sets, for each of ¢ = 1,...,I = 200 lots, M;;,j = 1,...,n; = 15

observations were generated as conditionally independent samples according to
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M;;|b; ~ Bernoulli(p;j) where

logit (pild) = log <1fZ;O> = Wijﬁ +b; (3.48)
1]

W;; include five design levels with W;; = (—1,-0.5,0,0.5,1) and 8 = 0.3. For
each design level, three replicates were sampled.

We drew b; from several different distributions to evaluate the performance of
the proposed algorithm. These include the Normal distribution (skewness =0),
the Gamma distribution (skewness=1.633), the lognormal distribution (skew-
ness=2.260), a symmetrical mixture normal mixture (weight=0.5) and an asym-
metrical mixture normal mixture (weight=0.8). For these simulation scenarios,
pij is set at 0.2, which is consistent with the case study. For each data set,
Equation (3.48) was the first fit using the approximate AGQ-EM with the SNP
assumptions, for K = 0,1 and 2. The GH-EM was also applied for K = 0,1 and
2. In both the AGQ-EM and GH-EM, the BIC was used to select the best fit.
As previous studies indicate that K = 2 is sufficient to describe a broad class
of densities (Chen et al. (2002)), larger K were not considered in the interest of
computation speed.

The estimation results are summarized in Table 3.4. As we can see from
the numerical studies, the fix effect parameter 3 is estimated with more preci-
sion than the elements associated with the random effects distribution for both
approximation methods. This is likely because the accuracy of estimates of 3
is determined by the total number of observations, while the precision of esti-
mates of elements associated with random effect distribution is determined by
the total number of lots. As we can see, the efficiency in the estimation of E(b;)
and var(b;) under a misspecified normal random effects model (K=0) is com-
promised for both the AGQ-EM and GH-EM algorithms as compared to their
counterparts selected by BIC. The estimates in the BIC selected to model for
approximate AGQ-EM are nearly unbiased with relatively small standard errors,
and the models estimated by GH suffer a higher bias. The AGQ-EM rescales

and updates the quadrature points after each iteration. Hence, the algorithm

o8



is better able to evaluate the Q function (and obtain better estimates of the
parameters in the M step) as the parameters and distributions are updated after
every iteration. The GH-EM however, determines the quadrature points at the
start, which are then fixed throughout the EM iterations. The evaluations and
approximations can be poor if the initial estimates of the parameters are far
from the “true” parameters. These observations highlight the importance of a
proper assumption of the random effect distribution, as well as the usefulness of
an efficient approximation, especially when the total number of lots is not large.
Here, the significant gain in precision of using approximate AGQ is the center-
ing of the quadrature mass points to points near the modes of the integrand and
scaling it using the estimated Hessian at every iteration as the distribution gets
updated.

We also note that when the random effect has a distribution with large skew-
ness (log-normal with skewness=2.260), both the fix effect parameter 5 estimate
and the random effects mean E(b;) suffer from a slightly larger bias. This is likely
due to the poorer approximation to the integrand applied in the approximate
AGQ for highly skewed distributions. This is because the points are centered at
b?,w may not approximate the true mode of the integrand b;; very well, espe-
cially when the observations per lot are small, especially for skewed distributions
cannot be ignored). However, this situation is rare since the observations within
one lot are sufficient to make inference about the fixed effects. Additional runs
were conducted for this case where the observations per lot were increased to
n;=30, and the estimates improved, reducing both the standard derivation of 3
and the bias of E(b;) by around 50 percent. In situations where observations are
limited, importance sampling can be used instead to approximate the integrand,
but this method will require much more computational effort.

For further comparison, we consider the case where the true random effects
density is normal. The estimates from both approximate AGQ-EM and GH-EM
are almost all unbiased. The BIC criteria selected the true model (K=0) 77% of

the time with the AGQ-EM, indicating that the SNP can detect the true random

99



symmetrical mixture normal mixture weight=0.5

para(true) B (0.300) E(b;) (-0.475)  var(b;) (0.630)
normal  0.300 (0.059)  -0.470 (0.065)  0.661 (0.102)

approx-AGQ (SE) anp ™ (300(0.050)  -0.474 (0.065)  0.651 (0.107)

GH(SE) normal  0.300 (0.059)  -0.470 (0.064)  0.660 (0.107)
SNP  0.290 (0.065) -0.440 (0.082)  0.460 (0.164)

asymmetrical mixture normal mixture weight=0.8

para(true) £ (0.300) E(b;) (-0.470)  var(b;) (1.035)
normal  0.294 ( 0.068) -0.531(0.089)  1.103 (0.165)

approx-AGQ (SE) - onp (300 (0.068)  -0.457 (0.084) 1.055 (0.158)

GH (SE) normal  0.307 (0.054)  -0.515 (0.083)  1.146 (0.159)
SNP  0.282 (0.051) -0.429 (0.068)  0.588 (0.07)
Gamma, distribution: skewness=1.633

para(true) B (0.300) E(b;) (-0.450)  var(b;) (1.000)
normal  0.299 (0.068)  -0.505 (.0.077) 0.871 (0.141)

approx-AGQ (SE) anp (300 (0.068)  -0.46 (0.080)  0.900 (0.174)

GH(SE) normal  0.300 (0.068)  -0.505 (0.077)  0.879 (0.148)
SNP  0.284 (0.064) -0.430 (0.060)  0.541 (0.165)

lognormal distribution skewness=2.260

para(true) £ (0.300) E(b;) (-0.450)  var(b;) (1.000)
normal  0.303 (0.059)  -0.519 (0.084)  0.939 (0.144)

approx-AGQ (SE) - anp (303 (0.059)  -0.466 (0.088)  0.996 (0.200)

GH(SE) normal  0.304 (0.059)  -0.520 (0.084)  0.951 (0.151)
SNP  0.288 (0.055) -0.474 (0.075)  0.646 (0.286)

Normal distribution: skewness=0

para(true) B (0.300) E(b;) (-0.450)  var(b;)(1.000)
normal  0.300 (0.053)  -0.450 (0.077)  0.979 (0.131)

approx-AGQ (SE) anp (300 (0.053)  -0.453 (0.079)  0.988 (0.141)

GH(SE) normal  0.300 (0.053)  -0.449 (0.076)  0.994 (0.138)
SNP  0.300 (0.054) -0.453 (0.089)  0.883 (0.259)

Table 3.4: Simulation results for 100 datasets: Approx-AGQ(SE) are the average
of estimated values and the respective standard errors computed from approxi-
mate AGQ-EM, GH(SE) are those computed from GH-EM. SNP represents the
best model selected by the BIC criterion when using SNP representation
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Figure 3.8: Simulation results based on 100 datasets:true density (solid line)
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AGQ-EM preferred by BIC (long dashed line), and fitted by GH-EM preferred
by BIC (dotted line)
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effects distribution effectively in this multilevel ZI model. Figure 3.8 shows the
Monte Carlo average of the estimated SNP densities selected by BIC over the
100 datasets computed from the approximate AGQ-EM algorithm, along with
that estimated from the GH-EM algorithm and the true density. The figure
shows that the SNP can capture relatively accurately the features of the random
effects b;, and the proposed approximate AGQ-EM provides good estimates of
the model. From Figure 3.8, we see that the SNP density (with K up to 2)
can approximate both the symmetrical mixture normal and the asymmetrical
mixture normal quite well. However, for skewed densities like the Gamma and
the lognormal distribution, the SNP approximations are poorer, especially at
the tails. This can be due to the limited samples and lots observed, especially
at the tails, and considerations of K up to only 2 for the SNP density. The
SNP density fit improves when the number of lots is increased, and K = 3 is
used (figure not shown here). It is noted however that the parameter estimates
of the model do not improve much, albeit much higher computational expense.
From Figure 3.8, it is also obvious that the SNP density estimated from GH-EM
deviates quite a bit from the true density. Because as the algorithm iterates,
the estimates of the mode of the random effect distribution change. Hence, ” GH
estimate” would potentially locate the highly weighted point in the wrong place,
leading to a poor approximation of the integrand in the E-step of Equation 3.30.
This also demonstrates the advantages of adopting the proposed approximate

AGQ procedure to approximate the integral involved in the EM algorithm.

3.7 Analysis and interpretation of the copper hillocks

problem

In this case study, we are interested in looking into the metal dimensions
and layer factors that cause harmful copper hillocks to facilitate a better under-
standing of the growth process phenomenon and recommend design settings to

minimize harmful hillock formation.
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3.7.1 Analysis of design factors’ effect on hillock growth

Based on the domain knowledge and experiment design presented in Table
3.1, we identify the potential regressors as Width, Width? and Length. Adopting
the multilevel ZI negative binomial (ZI-NB) developed in the previous sections

with these predictors, we have:

logit (pitg) = Poi + By * Width + By + Width? + S3; * Length + by;
log (wiq) = aor + aqp * Width + g = Width? + agp * Length + bo;

(3.49)

for layers [ = 1,..., L. We also assume lot random effects for the two compo-
nents are independent, with bj; ~ ¢@x (b;j1;01) and ba ~ @i (bio; d2), where i (+)
is the SNP density in Equation (3.27).

In order to determine the significant design factors that affect the hillocks
growth and shorts, the full model with all design factors in the four layers was
first estimated for K = 0,1,2 of the SNP. The significant factors were then de-
termined, and the reduced model re-estimated, for each K. Based on the BIC
criterion, K = 2 is preferred for both by; and by;, and Table 3.5 presents the
results of fit for K=2.

As a comparison, we also fitted the ZI model with g(u) as a Poisson and also
a Binomial for K = 0,1,2. The BIC value for the best fitting ZI Binomial (ZIB),
ZI Poisson (ZIP) and ZI Negative Binomial (ZINB) are shown in Table 3.6. As
we can see, the BIC values of ZIB and the ZIP models are much larger than that
of ZINB. Hence, the ZINB model that was derived based on an understanding of
the mechanisms of the process gives a much better fit to the data. As the ZINB
model is able to capture the wafer variation through the extra over-dispersion
parameter, where the ZIP and ZIB models are unable, this result further con-
firms the existence of wafer variations that cannot be ignored.

Table 3.7 shows the comparison of the observed and fitted frequencies

from ZI_NB with SNP random effects (ZI_.NB_SNP) and normal random effects
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Logistic (pjq) model (K=2)
Parameter Estimate (SE) t-value
Layer] intercept (B10) 0.633 (0.207)  3.058
Layerl width (f11) 0.363 (0.122)  2.975
Layer] length (B13) 0.209 (0.117)  1.786
Layer2 length (B23) -0.292 (0.119) -2.453
(Ba1)
(Bao)

Layer3 width B31) 0.278 (0.124)  2.242
Layer4 intercept Bs0) 0.174 (0.171)  1.018
mean(b;1) -0.924 (0.137) -6.744
sd(bi1) 1.172 (0.123)  9.528
NB mean (p4) model (K=2)

Parameter Estimate (SE) t-value
Layer2 width as 0223 (0.152)  1.467
Layer3 intercept agp  -0.518 (0.217) -2.387
Layer3 width as;  0.182 (0.151)  1.205
Layer4 intercept ag9  -0.754 (0.397) -1.899
Layerd width an 0.640 (0.269)  2.379
Layer4 width? g 0.783 (0.316)  2.3791
Layer4 length ayg3  0.503 (0.229)  2.197
dispersion parameter r 0.270 (0.047)  5.744
mean(b;2) 3.051 (0.137)  22.270
sd(bi2) 0.984 ( 0.204)  4.823

Table 3.5: Parameter estimates and standard errors for multilevel ZI-NB model
with K=2

Model ZIB ZIP ZINB
BIC 31867 25427 6982

Table 3.6: BIC values for model selection
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(ZI.NB_Norm). From this table, we can clearly see that the problem of overes-
timating the zero events of ZI_NB_Norm is greatly reduced by ZI_NB_SNP, and
meanwhile, ZI_ NB_SNP provides a better fit to the large count. This confirms
that the extra flexibility of SNP allows the model to fit the data much better

than the normal counterpart.

Table 3.7: Observed and fitted frequencies(rounded)

shorts/lot | observed SNPpred SNPDev Normpred NormDev
0 1090 1112.3 22.3 1328.6 238.6
1 59 54.5 -4.5 50.9 -8.1

2 37 35.5 -1.5 29.1 -7.9

3 30 26.6 -3.4 22.1 -7.9

4 24 22.2 -1.8 17.9 -6.1

5 19 17.6 -1.4 14.5 -4.5

6 16 15 -1 12.7 -3.3
>6 405 351.1 -53.9 275.3 -129.7
>40 238 194.6 -43.4 179.7 -58.3
>150 13 7.1 -5.9 4.2 -8.8

3.7.2 Interpreting the growth features

Recall that p;q is the probability of the hillocks’ height coming from the
count state density and the model determines the effect of the design factor on
the hillocks height. Specifically, a higher p;;; implies a higher chance of having
a height density with the maximum value larger than the threshold. The model
for the conditional mean number of shorts ;4 (conditioned that the process is
in the count state), determines the effect of the design factors on both hillocks
height and number.

First we examine the design factors’ effect on hillocks height through p;4.

We see from Table 3.5 that the design factors have the most significant effects
on p;iq in layer 1, and with almost no effect on p;;4 for layer 4. During processing,
the wafers undergo several chemical and physical processes, and the heating
cycles that occur in these processes is believed to affect the growth of hillocks.

As the metal/insulating layers are stacked one on top of another, earlier metal
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layers undergo more heat treatment as more layers are processed above it. During
heating, the metals and surrounding dielectric materials have different coefficient
of thermal expansion and will expand at different rates and subsequently cooled
down, and the cycle continues until four layers are build up. This creates cyclic
stress in the layers, and the results show that this will affect the growth of
hillocks. Since layer 1 goes through the most heating cycles, and layer 4 the
least, the effect of design factors on these two layers suggests that the height
distribution is directly linked to the heating cycles, making it more sensitive to
the values used in the design factors. This means that certain design settings
can result in a higher chance of shifting to a count state height density. Hence,
careful determination of the design settings for layer 1 (specifically the width
and length of the metal layer) can significantly reduce the chance of growing
high hillocks.

We also noticed that the design factors’ effect of layer 2 on p;;4 has a different
direction (sign of ) from the other three layers. In the manufacturing process,
layer 2 goes through an additional procedure after its processing. Specifically,
after processing layer 2, the wafers are placed on hold for electrical testing (ET)
to determine the conformance of the wafer up to that stage. This causes a delay
in the wafer processing as the wafers spend additional time in this step waiting
for and going through the ET. During this waiting time, the copper can self-
anneal (Lagrange et al. (2000)), even at room temperature. We see that after
this self-annealing process, the larger length would reduce the chance of having
a count state hillocks density (harmful density), and this is different from the
length’s effect on other layers. This finding has led to the further investigation
on the self-annealing behavior of copper by the design engineers and has the
potential to change the design and manufacturing process of the ICs.

Next, we investigate the design factors’ effect on ;4 through both hillocks
height and number.

For layer 1 and layer 2, we note that the significant factors affecting p;q

through hillocks height do not affect p;q. Hence, we infer that these design
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factors’ affect on the number of hillocks grown more significantly. It is also
noted that in layer 4, the design factors affect ;4 most significantly. The process
feature in layer 4 is that it has the least number of layers capping above it. After
each metal layer is processed, it is capped with a layer of hard nitride dielectric
material to prevent copper diffusion. As more layers are stacked on top, the
pressure from the higher layers and the hardness of this nitride layer makes it
harder for the hillocks to grow upwards. So there is much less pressure/stress on
layer 4. Hence we can conclude that with less pressure, the number of hillocks
grown becomes more sensitive to the design settings. We also note that in this
layer, the squared term of width has a significant effect on p;;4. The larger the
width, the larger number of sites would be available for hillock growth (Puttlitz
et al. (1989)). However, this is balanced by an opposing effect. The larger the
width, there would be less thermal stress, and hence the mismatch between the
surrounding dielectric and the metal would be less. This reduces the impulse for
hillock formation and thus reduces the number of hillocks. Here we notice that
layer 4 is the only layer that has a significant width squared effect, and at the
same time is the layer undergoing the least number of thermal heating cycles.
This observation could imply that only under certain low amounts of thermal
heating, the hillock growth number is sensitive to the mismatch effect caused by

thermal heating.

3.7.3 Optimum design setting and ICs design recommendations

With the estimated model, we now calculate the optimum design setting
which minimizes the number of shorts. We register the optimum setting as
doptim =(Widthoptim, lengthoptin ), and restrict the rescaled width value between
-1.48 and 0.94, and rescaled length value between -1.83 and 0.68 according to
the experiment design range. Table 3.8 presents the calculated doptim for each
layer [ = 1,2,3,4 and the corresponding optimum value. As a comparison, we
also present the minimum shorts value predicted by the design settings used in

the current fabrication. We can see that layer 1 and layer 4 have the potential
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to be better designed to achieve higher reliability.

From the optimal design setting, we can observe that the first three layers

widtheptim  lengthopim — predictiongpes, — predictionges

Layerl -1.48 -1.83 7.032 10.267
Layer2 -1.48 0.68 5.607 5.607
Layer3 -1.48 [0.68, -1.83]* 3.288 3.288
Layer4 -0.42 -1.83 2.080 6.124

Table 3.8: Optimal design settings: * any value between the range is optimal

since length effect is not significant; predictiong.,s are predictions for the exper-
iment settings which produce the least shorts (current best design)

favor having a smaller width. Thus, in design rules, we should strive to minimize
the width of metal lines on these layers. If however, bigger metal lines are
required (for electrical circuitry purposes) in these layers, to achieve this, the
designers may need to ensure that the layer directly above is clear of metal
lines to minimize the probability of inter-layer shorts. On layer four however,
the optimal width is slightly increased to -0.42. This result indicates to the
design engineers that they might be able to relax the design rules for the top
layers (layer 4 in this case). Currently from experience, design engineers put in
increasing layered thickness on both the metal and dielectric layers for highly
complicated multilayered designs. For example, the Intel Broadwell chip has 13
layers with the topmost layer 15 times thicker than the first four layers (which
have a constant thickness). Our findings provide more engineering insights to
the current practice.

It was also observed that in most layers that -1.831 was the optimal length
for metal lines. While certain customer requirements can make it infeasible to
limit all metal lines to -1.831, there are methods that can be employed to achieve
this. The first is to design the metal lines with turns every -1.831 if the space on
the chip allows the turns. Another feasible scheme is to insert slots within the
metal lines which do not cut off the metal lines completely. These can be thought
of as holes within the metal lines to allow space for expansion and reduce stress.

Layer 2 shows that we can have much longer metal lines. This is suspected

to be related to the E-test done at layer two which allows the metal to have time
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to self-anneal and in a limited way, relieving the pressure. However, regarding
design specifications, more experiments are needed to before we can safely change
the design rules to allow for longer metal lines.

In summary, the key findings and design insights are:

1. More heating cycles make the hillocks height distribution more sensitive
to the design factors’ values, where certain design settings can result in a
higher chance of shifting to a count state height density. Hence, careful
determination of the design settings for layer 1 can significantly reduce the

chance of having harmful hillocks.

2. For the designs on layer 2, larger length, will reduce the chance of having
a count state hillocks density (harmful density), and this is very differ-
ent from the length’s effect on other layers. As the wafers are placed
through an additional electrical testing step after processing layer 2, the
additional time on hold for the test provides the opportunity for the copper
to self-anneal. This finding has led to the further investigation on the self-
annealing behavior of copper by the design engineers and has the potential

to change the design and manufacturing process of the ICs.

3. With less pressure (on higher layers), the number of hillocks grown becomes

more sensitive to the design settings.

4. Under certain low amounts of thermal heating, the hillock growth number
can become sensitive to the mismatch effect caused by thermal heating,

for example, the case in layer 4.

5. In design rules, we should strive to minimize the width of metal lines on
the first three layers. If bigger metal lines are required on these layers, the
designers may need to ensure that the layer directly above is clear of metal
lines to minimize the probability of inter-layer shorts. More relaxed design

rules can be applied to layer 4 and possibly on the layers above it.

6. In most layers, -1.831 is the optimal length for metal lines. While certain
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customer requirement makes it infeasible to limit all metal lines to -1.831,
there are still few methods can be employed to achieve this. The first is to
design the metal lines with turns every -1.831 as long as the space on the
chip allows to. Another feasible scheme is to insert slots within the metal

lines which do not cut off the metal lines completely.

3.8 Conclusion

In this chapter, we develop a multilevel zero-inflated model to analyze the
zero-inflated data arising from a multilevel ICs manufacturing line. The model
is derived based on the characteristics of the data (zero-inflation and multilevel
variations) and the physical understanding of the manufacturing process. We
analyzed the mechanisms causing the excessive zeros and derived the model’s
count distribution based on the number of hillocks grown and the individual
hillock heights.

Although the model was derived specifically for capturing the uncertainties
and modeling the experiment result of the ICs manufacturing process, the pro-
posed multilevel ZI model can be extended to model other zero inflated data
with multilevel structures with non normal random effects distributions. The
proposed approximate AGQ-EM algorithm can also be applied to estimate the
parameters from these model structures and is especially useful in cases where
the random effects are not normal and estimated with a SNP distribution.
From practical point, the built model enabled us to draw a better understand-
ing of the uncertainties in hillock growth process. The model and results have
provided the designers with new insights on the copper wire layer designs that
can improve the yield of the process and reliability of the chips. Additionally,
through this analysis, it was discovered that an increased waiting time between
processes (specifically waiting time to undergo electrical testing) could reverse
the effects of some design factors, and this has prompted further investigations

into the self-annealing properties of copper during this waiting time.
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CHAPTER 4

BAYESIAN EXPERIMENTAL DESIGNS FOR

ESTIMATING THE OPTIMUM POINT WITH
GENERALIZED LINEAR MODELS

The purpose of engineering optimization is to choose a set of settings for the
design variables of the system such that the system performance is optimized. In
some cases, the estimated optimum setting can suffer from large uncertainties,
especially where the data used for estimating the optimum setting is limited and
noisy. In such cases, the design engineer may allocate additional runs to conduct
a follow-up experiment to reduce the uncertainty associated with the estimator
of optimum setting. In this chapter, we proposed a Bayesian experimental de-
sign framework for collecting data to reduce the estimation uncertainty of the

optimum point with generalized linear models.

4.1 Introduction

When the initial understanding of a system, a process, or a new product
is poor, a preliminary experiment is usually conducted first to learn the shape
of the response surface. This preliminary experiment may be designed using a
simple screening experiment or an optimal design such as the D-optimal design.

Based on the knowledge obtained from the preliminary experiment, a follow-up
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design may then be chosen to collect data for more specific objectives. Among
the various objectives of planned experiments, an important and realistic one is
to find the optimum point (design factors’ setting) yielding the best system per-
formance over a certain region of interest (Box and Wilson (1951); Gontard et al.
(1992); Soltani and Soltani (2016)). For example, an auto manufacturer may first
adopt a simple screening design to identify which of eight or nine factors have the
greatest effect on the drying time of the paint on a new car product. Once the
most important two or three factors have been identified, the manufacturer can
design a more specific follow-up experiment to estimate the optimum point for
those important factors. Other applications in which estimating the optimum
point are of particular interest include the investigation of an Integrated Circuit
back-end design, an industrial chemical, or a new compound (Li et al. (2015);
Tye (2004)).

As computational power has evolved over the decades, the development of
Bayesian experimental design is facilitating more complex design problems to be
solved. The Bayesian framework provides a unified approach for incorporating
prior information regarding the statistical model, with a utility function describ-
ing the experimental objectives.

Currently, most of the research on batch experimental design has been focus-
ing on a globally well-estimated model or the model parameter vector as a whole.
For example, the well-known D-optimality criterion (Chaloner and Verdinelli
(1995); Dror and Steinberg (2008); Gotwalt et al. (2009); Russell et al. (2009))
seeks to maximize the determinant of the information matrix of the parameter
vector 0. This criterion puts equal attention to all elements of 6, regardless
of their influence on the quantity of interest. However, the optimal designs fo-
cusing on the estimation of @ may not still be the ‘best’ with regards to the
estimation of the optimum point. In this chapter, we develop the methods of
finding the batch optimal design for efficient estimation of the optimum point
with generalized linear models(GLMs), allowing the optimum point to locate at

either boundary points or stationary points.
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To develop an efficient experimental design framework for GLMs, the depen-
dence problem (Khuri et al. (2006)) has to be considered. Khuri et al. (2006)
reviewed design issues for GLMs and pointed that efficient designs for GLMs
is dependent on the unknown parameter values of the model. In such cases,
traditional way of conducting the optimal design is to choose the experiment
based on a best guess of the parameter values, which leads to locally optimal de-
signs (Russell et al. (2009); Wang et al. (2006)). A more coherent way is to use
a Bayesian formulation to capture the uncertainty in the parameters(Chaloner
and Verdinelli (1995)). Moreover, specific information is usually available prior
to the experimentation. For example, the posterior distribution of parameter
estimates from the preliminary experiment can serve as a prior distribution for
the follow-up design. Therefore, in this work we adopt a Bayesian formulation
to build the optimal design framework for estimating the optimum point.

One of the most commonly used formation of utility function for Bayesian
design criteria is the mutual information (Lindley et al. (1972)). From a Bayesian
point of view, Lindley et al. (1972) suggested that an efficient way of experimen-
tal design is to specify a utility function reflecting the value of the experiment,
regard the design choice as a decision problem, and select a design that maxi-
mizes the utility.

Specifically, the Bayesian optimal design e*, maximizes the expected utility
function U (e) over the experimental design space X E with respect to the future

observations ye € ) and model parameter 8 € RP:

*

e* = argmaz yeE{U(e,0,ye)}
(4.1)
= argMmazecye J Ul(e,0,ye)p(0le, ye)p(yele)dyedd
v JIRre

For example, the well-known Bayesian D-optimality criterion (Chaloner and
Verdinelli (1995); Dror and Steinberg (2008); Cook et al. (2008); Lewi et al.
(2009); Drovandi et al. (2013); Huan and Marzouk (2013); Ryan et al. (2014))
seeks to maximize the mutual information between the observations and the pa-

rameter vector. It is of great importance that the utility function incorporates
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the specific experimental objectives and is specific to the application of interest.
For example, the utility function for efficient estimation of parameter may not
perform well when the design objective is to reduce the prediction uncertainty.
Therefore, other utility functions such as utilities for model discrimination (Box
and Hill (1967); Ng and Chick (2004); Cavagnaro et al. (2010); McGree et al.
(2012)) and utilities for prediction of future observations (Zidek et al. (2000);
Solonen et al. (2012); Liepe et al. (2013) have been proposed to incorporate spe-
cific design objectives.

Nevertheless, the literature on Bayesian optimal designs for estimating op-
timum points is scarce despite the fact that many engineering problems have
estimation of optimum settings as their ultimate goal.

Although many published articles are available on finding the optimum point
in a sequential experiment (Box and Wilson (1951); Chatterjee and Mandal
(1981); Liyana-Pathirana and Shahidi (2005)), these algorithms can not be used
when the experiment is not sequential in nature, as dictated by practical con-
straints. Box and Wilson (1951) initiated the research on sequentially attaining
optimum point by estimating the first derivatives of the response surface and
moving toward the optimum with the path of steepest ascent defined by previ-
ous estimates. However, this sequential search method would not be applicable
to many manufacturing and clinical experiments where measurements are carried
out simultaneously in a batch (for example, see Millette et al. (1995); Ruiz et al.
(2013)). In such cases, all the design points have to be chosen without feedback
information. On the other hand, research on batch experimental design for this
topic has been limited to assuming the optimum point being a stationary point
(Chaloner (1989); Mandal and Heiligers (1992); Pronzato and Walter (1993); Fe-
dorov and Miiller (1997)). For example, Chaloner (1989); Mandal and Heiligers
(1992) studied the problem with linear regression models, and assumed that the
optimum point was a stationary point and can be written as a closed form func-
tion of the model parameters. However, in many practical instances, the design

region and hence the optimum point is limited within a constrained region of in-
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terest. In such cases, the optimum point can be located at the boundaries when
the stationary point is a saddle point or be located outside the region of interest.
Currently there are no design criteria that relax the restrictive stationary point
assumption on the optimum point.

The reason that Bayesian optimal design has been limited to simple utility
functions mainly because of the computational burden to perform the integra-
tion and maximization of equation 4.1. To evaluate the Bayesian utility function,
one must estimate the posterior distribution p(€|e, ye). Generally, thousands of
these posterior distributions must be calculated for each potential future exper-
imental observations ye, which is drawn from the prior predictive distribution
p(yele, 0)p(0). To evaluate these posterior distributions, many computational
strategies have been proposed. These include Laplace approximation Chaloner
and Verdinelli (1995); Long et al. (2013); smoothing of Monte Carlo simulations
(Miiller (2005)), Markov Chain Monte Carlo (MCMC) (Ryan (2003); Miiller
(2005)); and sequential Monte Carlo methods (Amzal et al. (2006)).

In the case where the utility function represents the information gain on the
optimum point, the posterior distributions of the optimum point are required to
be calculated. Since we allow the optimum point to be the boundary point, the
conditions for normal approximation are no longer satisfied, the Chaloner and
Verdinelli (1995)’s method can not be directly followed. On the other hand, it
can be too computationally intensive to perform Monte Carlo to estimate the
posterior distribution of optimum point for each of the thousands of iterations
required in the optimal search algorithms.

In this work, we propose an alternative approximation method to the pro-
posed criterion based on decomposing the criterion into the utility measure for
D-optimal criterion and a ‘missing information’ term which can be estimated
using Monte Carlo without the nested structure. This approximation greatly re-
duces the computational burden of a pure MCMC algorithm and makes searching
for the optimal design feasible.

The remainder of this chapter is organized as follows: Section 2 introduces
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the motivating example from a semiconductor experiment. Section 3 reviews
other Bayesian optimality criteria for GLMs and the criterion evaluation meth-
ods. In Section 4, we develop the optimality criterion for estimating the optimum
point and provide an approximation procedure for the evaluation the developed
criterion. In Section 5, we provide an optimization procedure based on genetic
algorithms (GAs) to optimize the developed criterion and search for the optimal
design. In Section 6, we return to the motivating example to illustrate the effec-
tiveness of the developed framework in practical problems. A brief summary is

included as Section 7.

4.2 A motivating example

Semiconductor wafers usually undergo many microfabrication process steps,
one of which is plasma etching. This step involves a high-speed stream of plasma
(an appropriate gas mixture) being shot at a sample, in which the RF power
(RF) and factors pressure are among those design factors that can be controlled.
Sometimes, the anode-cathode gap and gas species are investigated as well, but
those factors were fixed in this experiment. Suppose the design objective is to
find the optimum setting of these control factors such that the wafer surface
defects is minimized.

On the manufacturing line, these operational control factors are bounded
by physical conditions of the process, and so a bounded design space typically
applies. Moreover, the design factors like the RF power and factors pressure
can only be controlled up to a precision of certain decimal places. In practice,
when little is known about the response function, a preliminary experiment is
first conducted to estimate the functional relationship and determine the signif-
icant factors. This preliminary experiment usually takes the form of a factorial
or a space filling design, and are constrained by the operating / manufactur-
ing conditions. With the preliminary experimental results, a regression form
is then determined and the coefficients of this model estimated through meth-

ods like the maximum likelihood approach. With the estimated coefficients, the
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expected number of defects per wafer can be predicted for any setting of the
design factors. The optimum setting (of the design factors) can then be deter-
mined through minimizing this estimated response surface. Often, however, as
the preliminary experiments are conducted only at a few fixed design points, the
optimum setting can be inadequately estimated (suffering from large variances).
When this is observed, additional budgets for conducting follow-up experiments
can be allocated to improve this estimate to better control the manufacturing
process. In such cases, as prior information has been obtained from the initial
experiment, it is natural to adopt a Bayesian approach to incorporate the prior
information into the follow-up experiment. In this work, we adopt the prior
distribution and regression form reported by Johnson and Montgomery (2009)
in a similar plasma etching experiment. With this initial prior distribution and
model form, we study the problem of designing a follow-up batch experiment
with 15 runs to better estimate the optimum setting. Based on the prelimi-
nary experiment result, Johnson and Montgomery (2009) reported the following

second-order Poisson regression model

log(defects) = Oy = intercept + 01 * RF + 0 % pressure + 017 * RF?

+ By * pressure® 4+ 012 * RF x pressure (4.2)

And a bounded normal prior with means and +20(o = (01,02,03,04,03))

ranges on the coefficient parameters are specified as follows:

1<6p<4, 022<6; <08 —-15<60,<0.5,

0.25 < 611 < 0.75, 0.25 < 6oy < 0.75, 0.25 < 015 < 0.75 (4.3)
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4.3 A review of Bayesian experimental designs for

GLMs

Here we review the existing Bayesian experimental designs for GLMs. We be-
gin with the construction and evaluation of the expected utility for the Bayesian
D-optimality criterion, then review other utility functions for alternative design
objectives.

From a Bayesian point of view, Lindley et al. (1972) suggested that an ef-
ficient way of experimental design is to specify a utility function reflecting the
value of the experiment, regard the design choice as a decision problem, and se-
lect a design that maximizes the utility. Following Lindley (1956)’s suggestion,
several authors (Stone (1959); DeGroot (1962); Bernardo (1979)) considered the
expected gain in Shannon information (Shannon (1948)) given by an experiment
as a utility function. Suppose an E run experimental design e = (e1, -+ ,ep)
must be chosen from X%, and response ye. = (y1,-- ,yg) will be observed.
The density function of y. is indexed by coefficients 8 € RP and represented
by p(ye|@). To better estimate 8, these authors (Stone (1959); DeGroot (1962);
Bernardo (1979)) proposed choosing an experimental design that maximizes the

expected gain in Shannon information on 6:

_ o P(Ye, 0)
Uple) = [ 1o REeBp(y.. 0)d0dy. (1.4
= ffp(ye, 0) log p(ye|0)dyedd — fp(ye) log p(ye)dye (4.5)
_ f f P(ye, 0) 1og p(0]ye) dOdye — fp<9> log p(8)d6 (4.6)

When the model is not linear, for example, a Poisson regression model, the ex-
pected utility above is often a complicated integral and approximations must
typically be used. Most analytical approximations to Up(e) involve using a nor-

mal approximation to the posterior distribution p(8|ye). A well-known estimator
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provided by Chaloner and Verdinelli (1995) is:

Uple) = —% log(2m) — £ +

9 9 flog det{Z(0,e) + R}p(0)d6

N |

—ﬁ%mmmmw (4.7)

where Z(0, e) denote the expected Fisher information matrix for a model with
unknown parameters @ and a design e. R is the matrix of negative second
derivatives of the logarithm of the prior density function, or the precision matrix
of the prior distribution. Since the prior distribution p(@) does not depend on
the design e, the experiment maximizing the estimator Equation (4.7) is the one

that maximizes:
op(e) = flog det{Z(0,e) + R}p(0)dO (4.8)

which is referred as the Bayesian D-optimality criterion (Chaloner and Verdinelli
(1995)).

Note that when designing follow-up experiments, the posterior distribution of
the first stage experiment can serve as the prior distribution of the follow-up ones.
In such cases, the prior precision matrix R represent for the information obtained
from the first stage experiment, which is identical to the augmentation of a
previous design in the non-Bayesian design literature (Chaloner and Verdinelli
(1995)).

Another approach to approximating Up(e) is to evaluate Equation (4.5) by
an MC estimator (Ryan (2003)):

N
> floalp(y 6] ~ loglp(y})]} (19)
i=1

where (yi,0") for i = 1,---, N is a sample of size N from joint distribution
P(Ye, 0) and p(yl) is a suitable estimate for p(y.). To obtain a (dependent) pair
(y%,0") from p(ye, @), they suggested to first draw @' from distribution p(8),

then y from distribution p(ye|0?). To estimate p(y.), they also provide a MC
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estimator as
. 1 M o
P(Ye) = A > p(yil6) (4.10)
j=1

where 6;; (i = 1,---,N, j = 1,---,Ny) are N samples of size Ny from p(6)
obtained independently of the N pairs (y, 8%) used in estimator Equation (4.9).
Although straightforward, enormous computational resources are required to
evaluate this estimator since there is a nested structure when evaluating p(y.):
for each i = 1,--- , N, a sample of size M from p(€) needs to be generated and
the likelihood p(ye|@) would be evaluated N (N2 + 1) times.

The D-optimal criterion Equation (4.5) is effective when the experiment ob-
jective is to obtain a globally well-estimated model. Other than this objective,
there are also situations where predictions are of interest. In these cases, the
expected Shannon information gain on a future observation gy is used rather
than that on 6. For example, Verdinelli et al. (1993) used the following expected

utility for predictions in accelerated life-testing:

flo mp(ye, Yo)dyedyo (4.11)

In addition to the interest to the predictions, estimating the optimum point
is also a very important objective of many practical design problems. However,
there is currently no procedure for constructing Bayesian optimal designs for
estimating the optimum point with GLMs. This gap is mainly due to two dif-
ficulties. First, in most cases, the optimum point is not a closed form function
of the model parameters, which leads to many difficulties in defining the design
criterion. Second, as can be seen from the MC estimator in Equation (4.9),
evaluating the integrals in the expected utility requires enormous computational
efforts. In the following section, we provide a solution to this problem through
a Shannon information utility measure and reduce the computational burden by

a decomposition of the proposed utility measure.
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4.4 Bayesian design formulation for estimating opti-

mum point

The motivating application presented in Section 4.2 is a special case of a
much more general problem in optimal design. In this section, we begin by for-
mally defining the problem of optimal design for estimating optimum setting in
GLMs and then derive the expected utility for the Bayesian design criterion,
followed by proposing an evaluation algorithm to the expected utility.

To set the stage, let y, be a response variable whose expectation u(x,8)
depends on d controllable factors @ = (z1,---,24)" and p parameters 6 =
(61,---,0p). Suppose 6 € RP and has prior density p(@). In most of the practical
applications, « can only be controlled up to a certain precision or decimal points
and should be limited to be inside of a constrained region of interest. Hence we
assume the design space X is a closed discrete set, and to be concrete, we also
assume that the actual factors have been scaled such that X = [—1,1]¢. The

response Y, follows an exponential family with

Eyw|0[ym] = p(z,0), and p(zx,0) = g[z(x)TO] (4.12)

where g is a monotonic link function for the model and z(x)7@ is the linear
predictor. When the initial understanding of a system is poor and the func-
tional form of p(x, @) is unknown, some preliminary experiments using a simple
screening experiment could be used. Based on the knowledge obtained from the
preliminary experiments, a follow-up design may then be chosen to collect data
for more specific objectives such as estimating the optimum point. Consideration

of bias due to misspecification of u(x,0) is beyond the scope of this work.

4.4.1 Optimum point

Suppose the experimenter is interested in attaining the optimum setting x* €
X which yields the optimum system value. Here attaining x* includes first

estimate @ by 6 and predicting the deterministic part of yq, ,u(a:,é), for any
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admissible value of @ € X', and then finding the optimum setting &* such that

* A~

x* = argmin p(x, ) (4.13)
xreX

For every possible value of 8 € RP, we have an optimum setting solution set

U(0) := argmin u(x,0) (4.14)
xeX

We now consider the problem of determining the batch experimental design
e = {e!,---,eF}, from design space X¥, which is optimal for estimating «*. In
this context, a globally well-estimated model or the model coefficients vector as
a whole is not the main interest. Instead, the experimental design should collect
data in the most ‘efficient’ way regarding the inference of x*.

Assuming p(x,0) is quadratic and strictly convex, Mandal and Heiligers
(1992) wrote * as a close form function of @ and proposed minimax designs
for estimating «*. Similarly, Pronzato and Walter (1993) provided various op-
timality criterion by assuming x* as a stationary point. However, as pointed
by Peterson et al. (2002), these assumptions are often not well aligned with the
practical needs to calculate x* within a bounded region. In some cases, the
stationary point is a saddle point rather than an optimum in the experimental
region. For example, suppose log(u(x,0)) = 0y + 601 * x + 09 + 22,2 € [-1,1].
When 0, = 1,60 = —1, the stationary point —2‘9712 = —0.5 is a saddle point and
x* = —1;when 01 = 4,60, = 1, the stationary point —29712 = —2 locates outside
the feasible set and x* = —1. In this work, we relax the assumptions of &* being
a stationary point, and only assume that x* comes from a finite set of points,
e.g., a bounded discrete set G = {x!,--- ,£™}. This is reasonable and practical
since the optimum setting can only be controlled up to certain precision in a real
application. Moreover, to make the problem well defined, the x* needs to be
guaranteed to be unique with probability one. Here, we prove that * is unique

with probability one under the assumption x* € G by the following theorem.

Theorem 1 Let X € RP be the compact experiment region and G = {x',--- ™}
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be a finite set of points (e.g., grid points). Let g[8T z(x)] be the objective function,
where @ € RP, z : R* — RP, and g : R — R is strictly monotonic link function.
Suppose x* € G is a point such that g[07 z(x*)] = min {g[0T z(x")], - - , 9[0T z(x™))]}.
Then, x* is unique with probability one if the following two conditions hold:

1. 0 is a random vector with a density function on RP.

2. 2(x) — 2(x7) # 0, V(z',2/) € X x X,z # /.

Proof:

Note that {5 e RF : §Ta = 0},a # 0 defines a hyperplane in RP, which
have Lebesque measure zero (Page 232 of Aliprantis and Tourky (2007)). Since
conditions 1 and 2 above imply that P{0T z(z') = 072(27)} = P{OT[2(z) —
2(x?)] = 0] = 0 if i # j, we have P[0T z(x") = 8T 2(x)) for some i # j,1 <
i < j < ml]< ZKKKmP[HTz(:ci) = 0Tz(x’)] = 0. Since g is strictly
monotonic, g[07 z(x%)] = g[0T z(x?)] if and only if 67 z(x?) = 8T 2(x?). Thus,
P{g[0T 2(x")] = g[0T z(x7)] for some i # j,1 <i < j < m} =0. This implies

that the minimum point x* must be unique with probability one.

Remark 1: Suppose d = 2, g(-) = exp(-), and 87z(x) = 0y + 6121 + b2 +
037129 + 0422 + 0522, then Theorem 1 holds since z(x?) —z(z?) = (0, % —:z:{, Th—
wh, wiah — wlad, (@])? — (21)% (29)% — (23)?) # 0 Va', @7 € [-1,1]%, @' # @i,

Remark 2: There exist a subset A such that «* is not unique and P(8 € A) = 0,
while when 8 € RP\A, * is unique and P(6 € RP\A) = 1. When &* is unique,

x* would be a function of 8,

0 — 2%(0) € U(9), OecRP\A (4.15)

4.4.2 Bayesian design criterion for estimating the optimum point

Now we construct the Bayesian design criterion for estimating the optimum
setting. In a similar spirit with Lindley (1956), we can define the expected utility
for estimating «* based on expected Shannon information gain on &* from an

experiment. For a prior distribution p(x*), the Shannon information (Shannon
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(1948)) is defined to be
H(x*)=— fp(m*)logp(ac*)da:* (4.16)

whenever the integral exists. For any &* for which p(x*) = 0, define p(x™*) log p(x*)
to be zero.

After the experiment has been performed and the response y’ observed, the
posterior distribution of z* is p(x*|yl) = p(yi|z*)p(x*)/p(y.), and the corre-

sponding Shannon information is

H(a*|ye = yi) = — f log p(a* |y )p(a* |yl ) d* (4.17)

(If p(z*|y%) = 0, define the integrand to be zero.)

Definition 1 The amount of information (uncertainty) reduced by the experi-

ment e, with prior knowledge p(x*) and observation yt, is
Ha(z*|ye) = H(z") — H(z"|ye) (4.18)

In the experimental design problem, however, e must be selected before y’ is
observed. Hence, Ha(x*|y) need to be averaged with respect to the marginal

distribution of y.. Hence, we have

Definition 2 The average amount of information reduced by the experiment e,

with prior knowledge p(x™) is
Ey [H(z") — H(z"|ye = ye)] = H(z*) — H(x"|ye) (4.19)

where H(x*|ye) := Ey [H(x*|ye = y)].

This measure is also defined as the mutual information between x* and ye:
I(x*;ye) := H(x*) — H(x*|ye), and satisfies I(x*;y.) = 0 (MacKay (2003)).
Intuitively, the mutual information reflects the dependency of two random vari-

ables, it is a measure of the ‘amount of information’ obtained about one random
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variable, through observations of the other random variable. Using this infor-

mation measure to define the expected utility, we have

_ o p(y67m*) ¥ dx*
) = | [ oel Y e, )y

- f f 1og[p(ye|w*>]p<m*,ye>dm*dye—flog[p@e)]p(ye)ye (4.20)

The optimal design problem is then to find the experiment e* € X'* such that
Ue*) = maz U (e). We call this criterion for estimating the optimum setting as
ecX

the Bayesian OP optimality criterion.

4.4.3 An algorithm to evaluate the proposed criterion

When the model belongs to the class of GLMs, the utility function, Equa-
tion (4.20) is often a complicated integral and approximations must typically be
used. In the optimization procedure of searching for the optimal design, for each
searched candidate design, the expected utility associated with this design needs
to be recalculated. This requires substantial computation. As we reviewed in
Section 4.3, for Bayesian D-optimality criterion, Chaloner (1989) provided an
asymptotic normal approximation to the posterior distribution of 8, while Ryan
(2003) suggested a MCMC estimator. The approximation proposed by Chaloner
and Verdinelli (1995) reduces the computational burden by using a normal ap-
proximation to the posterior distribution p(@|y.). However, when calculating
x* from minimizing p(x, @) over the bounded region [—1,1]¢, some of the pos-
terior value of 8 € RP can lead to the same value of x* located at the boundary
points. This violates the conditions to approximate p(x*|ye) by normal distribu-
tion(the value of the first derivative of the posterior p(x*|ye) may no longer be
zero at the posterior mode). Hence, we can not directly resemble Chaloner and
Verdinelli (1995)’s method to approximate the expected utility, Equation (4.20).
The alternative MC estimator Equation (4.9) provided by Ryan (2003) requires
enormous computational effort, making it infeasible to be applied for optimizing

the expected utility and searching for an optimal design. This observation is
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also made by the authors of this MC estimator for their case study in Ryan
(2003) . In this subsection, we propose an algorithm to evaluate the expected
utility, Equation (4.20) based on (1) an approximation to the expected utility
for D-optimality criterion Up(e) provided by Chaloner and Verdinelli (1995);
(2) the data processing inequality (Cover and Thomas (2012)) to decompose the
expected utility Equation (4.20) into two separate terms, where the first term
equals to Up(e) and the second term can be estimated by the N sample pairs
(y%,0"), as used in Equation (4.9). This avoids the nested MC structure for es-
timating {log[p(ye)]p(Ye)ye required by the MC estimator in Equation (4.10).

Recall that the expected utility defines the information gain on x* through
observing y.; in other words, the mutual information between x* and y.. We
have the explicit relationship between 6 and ye from Ey_ g[yz] = p(x,6), but
not for * and y.. As mentioned, to attain the value of x*, first we need
to estimate @ by 6 from observations of Ye, then calculate x* from Equa-
tion (4.13). When we calculating * from various estimates of 8, some dif-
ferent values of 6 may map to the same value of x*. For example, suppose
é\yé = 0 and é\yg = 09, but 6; and 0y lead to the same value of x* such
that: (x*)! = argmin u(x,8,), (x*)' = argmin p(x, ). In such cases, know-

zEX xeX

ing * = (z*)! would no longer provide the explicit information on whether
we observe y. or y2; on the contrary, measuring two samples y! and y2 would
be equivalent to measuring one sample y! with respect to gaining knowledge

on x*.

This argument is described by the Data processing inequality theorem
(Cover and Thomas (2012)) from information theory. In the following, we will
introduce this theorem and use this theorem to decompose the mutual infor-

mation between x* and vy into mutual information between 6 and y. and the

information loss’.

Definition 3 (Markov Chain) (Cover and Thomas (2012)) Given three ran-
dom variables X, Y, Z, they form a Markov chain denoted as X —Y — Z iff X

and Z are conditionally independent given'Y . Le., p(z,z|y) = p(z|y)p(z|y),Vz,y, z
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Proposition 1 For 8 € RP\A, ye, 0 and x* form a Markov chain: yo — 6 —

x*.

Proof: From Equation (4.15), we have: p(ye|0,x*) = p(ye|0,z*(0)) = p(ye|0),0 €

RP\A. Thus,
sy P(Yelx™, 0)p(x*,0)
p(y(%m |9) - p(a)
- PO piyilo)p(a*16).0 ¢ B\

and Yye — 0 — x*, 0 € RP\A.

Theorem (2.8.1 of Cover and Thomas (2012)) (Data-processing inequality)
If X ->Y — Z, then I(X;Y) = I(X; Z).

From Equation 2.121 of the proof of this theorem, we also have: I(X;Y) =
I(X;2)+ I(X;Y|Z), where

p(X,Y|2)

I(X:Y|Z) = By log — 221 12)
EHIA = Bt 18 L X 2012

(4.21)

1s the expected value of the mutual information of X and Y given the value of

Z.
Proposition 2 For 8 € RP\A, we have I(Ye,0) = I(Ye,x*) and I(ye;0) =

I(ye; x*) + 1(ye; O)x*), where

P(Ye, 0]z")
p(Ye|z*)p(0]2*)

I(ye; 0)x™) = Ep(ye.0,2+) log (4.22)

Proof: According to Proposition 1, ye — 0 — x*,0 € RP\A forms a Markov

chain.

Based on the above Proposition, instead of directly approximating the expected

utility in Equation (4.5), we decompose it to

Ule) = 1(ye; ") = 1(Ye; 0) — I(ye; O]z™)

p(y67 9|£U*)
p(yelz*)p(0]x*)

= UD(B) — Ep(ye,e,w*) log (4.23)
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where the first term in the right side of the equation equals to the utility Up(e)
for the D-optimality criterion and measures the information gain on the overall
regression model; while the second term measures the information loss when
transmitting the information through 6 to x* by function z*(@). For Up(e),
we directly adopt the approximation used for Bayesian D-optimality criterion
by Chaloner and Verdinelli (1995) in Equation (4.7). Specifically, for GLMs, we

have

@(e) = —g log(2m) — g + % flog det{Z'QZ + R}p(6)dO

- f log[p(0)|p(60)d6 (4.24)

where Z = (z(x)1,- -+, 2(z)g)’ is the experiment covariate matrix, Q = diag{w,}Z_,,
and we = 1/{var(y;|u;)[h'(u;)]?} are weights associated with the eth observation,
e=1,---,E. The first element in the weights is the variance of the ith observa-
tions condition on its expectation, and the second term is the first derivative of
the inverse link function, h(-) = g~!(-). We can see that the information matrix
depends on the unknown parameter values through the weights.

As there is no analytical form for I(ye; 8|x*), we proposed a MC procedure to
approximate it. To obtain a computationally efficient estimator, we first rewrite

Equation (4.22) as

P(Ye, 0]*)

I(ye; 0lz™) = E %) 10 4.25

Wei 012 = Fotae000) 108 1y ooy p(0]ar) (4.25)
p(yel0)

=F log ———~- 4.2

p(yevng*) 0g p(ye|w*) ( 6)
P(Yel6)

= Ep(w*)[Ep(ye,G\a:*) log pi(y:’m*)], 9 S Rp\A (4.27)

where the second equation holds as p(ye, 0|x*) = p(ye|0)p(O|x*),0 € RP\A

(from Proposition 1). Note that as * is a random variable with discrete sample
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space G, this suggests a MC estimator as

mi (1.9)) g (i.)
1 glii

S pllat) ] Y log MY 10T (4.28)
(x*)ieG iz Plye [(z*)]

where p[(z*)"] is a suitable estimate for p[(x*)")], (yg’j), 09)) forj =1, - m;
is a sample of size m; from p[ye, B|(x*)*] and ﬁ[yg’j)|(cc*)i] is a suitable estimate
(@*)].

First we look into the distribution p(x*). Although a* can be uniquely

[ (’.7)

for ply

decided with probability one for each value of @ = 6%, analytically deducing the
distribution of x* is generally infeasible. Instead, using the MC procedure, we
can obtain a large sample of *, and use the empirical probability to approximate
p(x*). Specifically, we first simulate ', - - - , 8" from p(@), and these samples will
be distinct with probability one. Then for each 8%, we can compute (z*)* € G.
Here, since G is a finite set of points, different 8% may result in same value of
x*. Suppose G = {(z*)!,--- , (x*)M} are the distinct values of * and (z*)’ is
obtained from {8V ... 96"} where Zf\il m; = N. Then we can estimate
p[(x*)!] with its empirical probability p[(x*)!] = m;/N.

Then, to generate random sample pairs from p[ye, O|x* = (x*)'], we draw y~
from p(ye|0%) for k = 1,--- , N, p(ye|0) is known and is given in Equation (4.12).
(y%,0%) is hereby a sample pair from p(ye,8). Condition on x* = (x*)?, the
sample pairs {(yg’l), 0(“)), e (yg’mi), H(i’mi))} would be independent samples

from p[ye, 8](x*)?]. To approximate p[ye|(x*)?], we use the MC estimator
= > plyel01p[6) (2 Z plyel0©D]/m; (4.29)

When m; = 1, the above estimator equals to p[ye|(x*)] = pye|0V].

Hence, the MC estimator, Equation (4.28) can be written as:

i1 (”00 o 7))
Z”&{mizlbg[' 221 #}
i j= Jj=

Alyd? | (@) [y | ()]
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where p[y( ’])|( ) = >0 plye (ix3) |8()] /m;. Note that when m; = 1,

(4.9)19(5,5) (&1 g(i,1)
log Plye ]’0 ] = log % =0 (4.30)
S plye?|060] fm, plye " |o6n)]

this simplifies the computation.

Overall, the proposed estimation procedure can be summarized as

Simulation procedure for estimating I(y.;0|x*)

Step 1. Sample 6, --- 8" from p(8).

Step 2: For each 8%, compute (z*)* € G. Let G = {(z*)!,-- -, (z*)M}
be the distinct values of &* and suppose that (z*)* is obtained from
Q; = {801 ... @lmi)} in Step 1.

Step 3: Sample y,(;’j) from p(ye|0@7)) for 80+7) € ©F.

Then, approximate I(ye; 0|x*) with

iM m; ,] |0 7j]

where plyS?|(@*)1] = S0, plyl? 1900 fm;.
plys?) 000

- - = 0, this simplifies the compu-
ﬁ[y‘(azg)‘(w*)l] 9 p p

Remark: when m; = 1, log

tation.

Combining with the estimator in Equation (4.24) for the regression information

term, we obtain the overall MC estimator as

Ule) = —% log(27r) - 5 + = Z log det{[Z'Q* Z + R]}

1 M m; (4,4) 0(1,]
+ [ toglp(0)1p(0)00 - w23 #

(4.31)
)| ()]

where Z = (z(x)1,---,2(x)g)’ is the experiment covariate matrix,

Q% = diag{exp[z(x).0%]}E_,, and Alys Y |(@*)1] = 2t plye o

that because the integration in Equation (4.24) is generally intractable, the same

6(:t)]/m;. Note

N samples of @ is also used to approximate this integration.

Since the prior distribution p(€) does not depend on the design e, so the
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experiment maximizing the estimator, Equation (4.31) for OP optimal design

criterion is the one that maximizes:

1 N M m; ,])‘ ]
72 ogdet{ZQkZ—i-R}——ZZlg @]
k=1 i j=1 x*)!

l\’)

And the experiment maximizing the D-optimal design criterion in Equation (4.8)

is the one that maximizes:
1 N
=3 Z —logdet{[Z'Q*Z + R]} (4.33)

In the case where comparing two different designs e; and es is the objective,
one should use the same N samples for the 6%, for that positive correlation
between ngS(el) and ngﬁ(eg) would reduce the estimation variance of their difference
(see Ryan (2003)). Remark: The proposed two components approximation
algorithm decomposes the original criterion and deterministically approximates
the component involving the evaluation of {log[p(ye)]p(ye)ye in Equation 4.5
and 4.20. This avoids the nested structure to estimate log[p(ye)] with N(Na+1)
samples in Equation 4.9. Compared to a pure Monte Carlo simulation, the

computational burden is reduced.

4.5 A genetic algorithm for searching optimal design

To search the optimal design for the proposed Bayesian OP optimality crite-
ria, we apply the Genetic Algorithms (GAs) (Mitchell (1998)). GAs are evolu-
tionary based algorithms that are suitable for searching irregular, poorly char-
acterized constrained/unconstrained spaces. More importantly, GAs can also
be parallelized quite easily (Cantu-Paz (1998)), making the search for a near-
optimal design for various design criteria feasible. For these reasons, GAs have
become quite effective in searching of optimal designs (Broudiscou et al. (1996);
Hamada et al. (2001)).

In GAs, a population of candidate solutions (individuals) is evolved toward
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solutions with higher fitness values. These individuals are made of units (genes)
which can be mutated and exchanged. The fitness of each individual is evaluated
and only the individuals with superior fitness values are selected to pass their
genetic information to offsprings. When optimizing an optimal design criterion,
each individual is a candidate design e, and the length of it is the product of
the number of control factors d and the number of runs E. For example, a can-
didate individual could be [(1,-1),(1,1),(—1,1),(1,1)] for a batch experiment
with two control factors and four runs, where (1, —1) is a unit. For more details
in applying GAs to the search of optimal designs, see Hamada et al. (2001).
Upon the efficient use of GAs for searching optimal designs, there are several
optimization algorithm inputs that need to be specified by the user: the pop-
ulation size popSize, the mutation probability pmu, the elitism rate Elit and
the maximum number of generations to run (evolve) before the search is halted
maxiter. Our simulation studies show that the convergence of GAs exhibit simi-
lar behavior for optimizing the Bayesian D-optimal and the OP optimal criterion.
This is probably because these two criteria share the same search space and that
Q/S.B(e) in Equation (4.33) accounts for a large part of ¢(e) in Equation (4.32).
Since a single optimization procedure using GAs to optimize (g;)(e) can be done
in a much shorter time than to optimize qg(e), one can progressively tune the
GAs inputs for optimizing qgl\)(e) until obtaining a relatively fast and satisfac-
tory convergence behavior. Thereafter, the obtained GAs inputs can be used
for optimizing gg(e). More details of the setting of these algorithm inputs are

provided in Section 4.6.2.

4.6 Examples

4.6.1 A simple numerical example

Here we use a simplified one-dimensional problem to study the characteristics
of the OP optimal design and compare them with the traditional Bayesian D

optimal design. We assume that the response variable y, follows a Poisson

94



distribution with mean p(x,0) where the design variable 2 € [—1,1] can only be

controlled precisely up to two decimal place. And
log(p(x,0)) = g + 01 * © + O 2> + 03  2° (4.34)

A bounded normal prior with means and +20 ranges on the coefficient param-

eters are specified as follows:

3.04 <60y <3.56, —2.68<6 <-1.32,

—0.6<6,<02 12<6;; <28 (4.35)

The response function with the mode of the prior parameter is plotted in Figure
4.1. As can be seen from this figure, the minimum point of the response surface
is highly possible to be located in the range of [0, 1] based on the prior informa-
tion. Intuitively, in order to collect more informative about the location of the
minimum point, more points should be put close to 0.6. Here, we run the GAs
to search for a 9-run OP optimal design and a 9-run D-optimal design.

The D-optimal criterion estimator in Equation (4.33) can be write as

response function under prior mode

8 / -7\
/ \\
Y
f"

\
/ \
/ \

8 / \

40

log(u)

20
!

10

Figure 4.1: Prior response function of toy example

N
ooie) =Y % log det{[Z'Q"Z + R]} (4.36)
k=1
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where Z = [z(x)1,- -, 2(x)g]" is the experiment covariate matrix with z(x) =
(1,z,22%,23) and the prior precision matrix R = diag(1/02). The weight matrix
Q* = diag{exp[z(z).0*]}E_,, where 6% = (05, 0% 05, 0%) is a random sample from

the prior distribution. And the OP optimal criterion estimator Equation (4.32) is

N 1 o 1 M m;
Zz—logdet{ZQ Z + R} NZZ

In this application, a sample size of N = 1e° is chosen for a trade-off be-
tween computability and estimation error. A bootstrap procedure shows that
the estimation standard derivation of $(e) in Equation (4.42) for N = 1é° is
1.2e73 for this application. Thereafter, we adopt a real-valued GA procedure
to optimize gg(e) and ggl\)(e) and the optimum design points are rounded to
two decimal places. The GAs inputs for optimizing both ¢(e) and @(e) are
popSize = 20, pmu = 0.2, Elit = 2 and maxiter = 400.

~

Figure 4.2 and 4.3 plot how the fitness (qgl\)(e) or ¢(e)) increases over the
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Figure 4.2: Toy example: evolution process of GAs for D-optimal

400 generations during the optimization process of the GAs for searching the
D-optimal and OP-optimal design points. As can be seen from the plot, the
best fitness value of the 20 individual population almost stays the same after

300 generations for both ggl\)(e) and g’b\(e), hence we deem the GAs convergence
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Figure 4.3: Toy example: evolution process of GAs for OP-optimal design

after 400 generations.

The obtained D-optimal points are
x = —0.99,—-0.98,-0.98, —0.53, —0.53, —0.52,0.97,0.98, 1.00 (4.38)
and OP optimal points are
x = —0.97,-0.44,-0.31,0.10,0.98,0.99, 0.99, 0.99, 1.00 (4.39)

In this example, we see that the D-optimal design puts more points in the
range of [—1, —0.5] because the shape of the function changes the most sharply
in this area. On the other hand, the OP optimal design places most of the
points in the upper bound of the design space near x = 1. This is because with
its initial fit with the prior information, the minimum point is estimated to be
near 0.6.

To compare the design efficiency in respect to estimating the optimum point,

the design efficiency measure is also calculated with :

~

ole) LT _ 47 (4.40)

eff(e) = (e*)  1.695

<
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This result implies that if the Bayesian D-optimal design ep (9 run) is used for
the Poisson regression model in Equation (4.34) with prior described in Equa-
tion (4.35), the (asymptotic) variance of estimating &* is 33 percent larger than

the variance, which can be obtained from the OP optimal design e*.

4.6.2 Bayesian OP optimal design for the motivating experiment

The objective of the motivating problem is to find a batch experiment leading
to an efficient estimation of the optimum point. To make the notation simple,
we denote (RF,pressure) = (x1,x2), hence &* = (RF™*, pressure®) = (zF,23%).
Since the value of * can only be controlled precisely up to two decimal place, *
falls in a discrete set G = [—1,1]?. For the Poisson regression in Equation (4.2)
with prior distribution described in Equation (4.3), the D-optimal criterion es-

timator in Equation (4.33) can be write as
o1
Z 7 log det{[ [Z'Q*Z + R]} (4.41)

where Z = [z(x)1,- -, 2(x)g]" is the experiment covariate matrix with z(x) =
(1,21, 2,23, 23, 7179) and the prior precision matrix R = diag(1/02). The
weight matrix Q¥ = diag{exp[z(z).0%]}E_,, where 6% = (65, 0,05 0%, 605, 0%,)
is a random sample from the prior distribution. And the OP optimal criterion

estimator Equation (4.32) is

i LN log det{[Z'Q*Z + R]} — }VAZJ] 3 log W
et i=1 DPlye’|[(x*)]

In this application, a sample size of N = 1e” is chosen for a trade-off between
computability and estimation error. A bootstrap procedure shows that the es-
timation standard derivation of qg(e) in Equation (4.42) for N = 1€’ is 3.16e 3
for this application. Thereafter, we adopt a real-valued GA procedure to opti-
mize $(e) and the optimum design points are rounded to two decimal places.

As a comparison, the D-optimal design is also obtained by optimizing gg\D(e) in
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Equation (4.41) using the same real-valued GA procedure. The GAs inputs for
optimizing both qub(e) and Q/S-B(e) are popSize = 20,pmu = 0.2, Elit = 2 and
maxiter = 500.

Figure 4.4 and 4.5 plot how the fitness ((EB(@) or gg(e)) increases over the
500 generations during the optimization process of the GAs for searching the
D-optimal and OP-optimal design points. As can be seen from the plot, the
best fitness value of the 20 individual population almost stays the same after
450 generations for both Q/BB(e) and gg(e), hence we deem the GAs convergence

after 500 generations.

The obtained 15-run OP-optimal and D-optimal design points are shown in
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Figure 4.4: Evolution process of GAs for D-optimal design

Table 4.1. To gain more insight on how the OP-optimal design points are differ-
ent from the D-optimal design points, we also calculate the results for a 12-run
experiment. The obtained OP-optimal and D-optimal design points are plotted
for both the 12-run experiment (Figure 4.6 ) and 15-run experiment (Figure 4.7
). As can be seen from the plot, the OP optimal design of both the 12-run and
15-run experiment move one point of D-optimal design from the lower level of x4

to the middle level of z2 (e.g. from -1 to 0). This implies that the observations in
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Figure 4.5: Evolution process of GAs for OP-optimal design

Table 4.1: The D-optimal and OP-optimal design points

D-optimal OP optimal
run - xy To | Tun X7 o
1 0.96 -0.9 1 0.97 -0.05
2 -0.95 1 2 0.95 -0.98
3 092 -0.02] 3 0.24 0.95
4 098 098 4 098 0.99
5 -097 -097| 5 -0.97 -0.97
6 094 0.1 6 -099 094
7 0.9 097 7 099 -0.99
8 0.05 0.96 8 -0.01 -0.97
9 -1 09| 9 -094 0.96
10 0.05 -0.94| 10 0.09 -0.02
11 098 -098| 11 096 0.03
12 011 -097 | 12 0.09 -0.96
13 -094 -09 | 13 -0.96 -0.96
14 -0.96 0.89 | 14 -0.94 0.04
15 016 -02 | 15 0.88 0.96
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D-optimal and OP optimal design (12-run)
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Figure 4.6: The D-optimal and OP-optimal design points (12 run)
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D-optimal and OP optimal design (15-run)
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Figure 4.7: The D-optimal and OP-optimal design points (15 run)
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the middle level of x5 is more informative than the observations in the lower level
of x9 to obtain an efficient estimator of x*. To intuitively understand this, we
fix the x; value as z; = Z7 and plot the defect response function u(zy, z2, émle)
with its dependence on x9, conditioning on the coefficients 6 equal to the prior
mode 0Amle. In Figure 4.8, we plot three functions of u(z7,xs, émle) by setting
1 = —1,0,1 respectively. In this three functions, for z1 = —1,0,1, the cor-
responding &5 equals to 1,0.5,0. This means that for fixed z; € [—1,1], the
‘prior mode’ of z3 locates in the range [0,1]. In other words, based on prior
information, z3 would have higher chance to belong to [0, 1]. Therefore, obser-
vations in the range [0, 1] would be more informative with respect to estimating
the posterior value of 3 than observations in the range [—1,0]. This explains
why both the 12-run and the 15-run OP-optimal design move one point of the

D-optimal design from the lower level 2 ~ —1 to the middle level 2 ~ 0.

Now we check the efficiency of the obtained OP optimal design and D opti-

Defect functions of x2 with prior mode coefficients

defects
20 30 40 50
] | I

10
|

Figure 4.8: Response functions for fixed x1

mal design in respect of estimating the optimum point x*. Let e* denotes the
obtained OP-optimal design and ep denotes the D-optimal design. From the

estimator in Equation (4.42), we obtained the expected utility value these two
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designs are gg(e*) = 4.638 and gg(e p) = 4.098 respectively. These optimal values
mean that the maximum information one can gain on «* from conducting a 15-
run experiment is 4.657 and the information gain on «* from conducting a 15-run
D-optimal design is 4.098. To compare the efficiency of a design e € X¥ with
the optimal design e* for the OP optimality criterion ¢(-), we use the following

measure similar with Dette et al. (2008)

eff(e) = (4.43)

And in this example, this efficiency measure eff(ep) = 0.880. This result implies
that if the Bayesian D-optimal design ep (15 run) is used for for the Poisson
regression model in Equation (4.2) with prior described in Equation (4.3), the
(asymptotic) variance of estimating x* is 12 percent larger than the variance,

which can be obtained from the OP optimal design e*.

4.7 Conclusion

In this chapter, a Bayesian optimal design framework is built for estimat-
ing the optimum point. A Bayesian OP optimality criterion is derived based
on expected Shannon information gain (uncertainty reduction) on the optimum
point. To evaluate the proposed criterion, we derive an estimator based on de-
composing the criterion into two separate terms, where the first term equals
to the D-optimal criterion and the second term can be estimated with Monte
Carlo without a nested structure. The proposed approximation greatly reduces
the computational burden of a pure MC algorithm and makes searching for the
near-optimal design more feasible. Moreover, the proposed framework employs
a general treatment of the regression model and could be used to obtain optimal

designs for any kind of regression function in the regressor.
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CHAPTER b

METAMODEL-BASED OPTIMIZATION OF

STOCHASTIC COMPUTER MODELS UNDER
UNCERTAIN OBJECTIVE FUNCTION

In this chapter, we focus on the quantification of the parameter uncertainty

in the objective function through computationally efficient tools.

5.1 Introduction

With the constantly upgraded computing power, stochastic computer models
are becoming important tools for understanding and optimizing engineering sys-
tems that are analytically intractable and subject to random fluctuations. Typ-
ically, a stochastic computer model is constructed based on technical knowledge
of how the engineering system operates. The purpose of engineering optimization
is to choose a set of settings for the design variables of the system such that the
system performance is optimized. These tools have been recently successfully
applied to many engineering optimization applications including the integrated
photonic filters design in electrical engineering (Weng et al. (2017)), aerospike
nozzle design in aerospace engineering(Stevens and Branam (2015)), continuous
stirred-tank (CSTR) reactor design in chemical engineering (Ding et al. (2010)),

etc.
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An ideal case would be such that the design engineer or the investigator
has complete knowledge for determining the objective functions for optimizing
the system performance. However, this may not always be true especially when
analyzing complex engineering systems. In many areas of applications, there
are multiple objectives or difficult-to-evaluate parameters in the objective func-
tions (for example Ristow et al. (2005); Pant et al. (2011); Bozsak et al. (2015)).
When multiple objectives need to be optimized simultaneously, the most popular
method is to form a composite objective function through weighted sum (Marler
and Arora (2010)) or desirability functions (Wu (2004); Park and Kim (2005)),
where a weight or scale parameter proportional to the user preference is as-
signed to a particular objective. However, the determination of these preference
parameters is usually highly subjective and not straightforward. It requires an
investigation of the qualitative and experience-driven information to determine
the quantitative preference parameter values. Without the possible trade-off
optimal solutions in hand, this is an even more challenging task. Besides these
uncertain preference parameters, the uncertainty in an objective function may
also come from the difficult-to-evaluate parameters. For example, when design-
ing a nuclear power plant building, the cost incurred by varying rates of leakage
of radioactive material can be hard to quantify (Korsakissok et al. (2013)). And
a change in the potential cost will possibly result in a totally different optimal
solution. This objective function uncertainty problem appears in various areas
of application and brings many challenges in both concept and computation.

When dealing with this uncertainty problem, the current development of
stochastic computer models mainly focuses on replacing the uncertain parame-
ters by some estimates and assuming the objective function is precisely deter-
mined, for example, see Humphrey and Wilson (2000); Cao et al. (2004); Ristow
et al. (2005); Kleijnen (2014); Weng et al. (2017). By such a choice, the uncer-
tainty is pushed out of sight through approximating the uncertain parameters
by some particular estimates, such as decision maker’s preference information,

expert judgment, historical records, or a sample mean. Meanwhile, the inferen-
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tial procedure for other choices of the uncertain parameters is simply ignored.
However, unless a reliable preference or accurate estimate is available, the opti-
mal solution obtained by such methods would be highly subjective to the specific
investigator or largely sensitive to the choice of the estimates(Wurl and Albin
(1999)).

In the optimization literature, an ideal procedure for a multi-objective prob-
lem is the posteriori approach (Burke and Kendall (2013)), in which a set of dif-
ferent trade-off optimal solutions is first obtained and then a multiple-criterion
decision-making technique (such as using high-level information) (Deb and Sun-
dar (2006)) is used to analyze the solutions to choose a most preferred solution.
This is because any two different optimal solutions (such as Pareto-points) rep-
resent different trade-offs among the objectives, and the decision maker would
be in a better position to balance risk when such choices are presented. Like-
wise, when the objective function contains some difficult-to-evaluate parameters,
a rational procedure is to conduct sensitivity analysis (post-optimality analysis)
(Wallace (2000)). For example, when the cost of failure is uncertain, it is impor-
tant for the investigator to know how profit would be affected by a change in the
potential failure cost. The results of sensitivity analysis provide how sensitive
the optimal solution is to the change in the uncertain parameters and establish
the upper and lower bounds for the uncertain parameters within which they can
vary without causing violent changes in the current optimal solution.

As pointed by Burke and Kendall (2013), the classical methods use a different
philosophy such that the objective function uncertainty is artificially forced out of
sight, mainly due to a lack of suitable optimization tools to obtain many optimal
solutions efficiently. To properly capture this uncertainty, the most straightfor-
ward method should be to optimize the system many times with various settings
of the uncertain parameters. However, for a time-consuming stochastic com-
puter model, this would usually incur extensive computational burden. In the
context of multi-objective optimization, an alternative solution is the interac-

tive approach (Deb et al. (2010); Boyle and Shin (1996)), in which the decision
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maker’s responses to specific questions were used iteratively to guide the solution
towards the preferred part of the Pareto-optimal region. Although this method
reduces the computational burden of optimizing the system repeatedly for many
different uncertain parameter choices, it requires a lot of cognitive efforts of the
decision maker. Moreover, when the modeler and the decision maker is not the
same person, this method can be infeasible or very inefficient.

In short, it is important to capture the uncertainty in the objective function
to offer the decision maker desired flexibility in making a more informed and
rational decision. However, capturing this uncertainty means the investigator
has to optimize the computer model repeatedly for many different choices of the
uncertain parameters, which is very time-consuming. In this work, we proposed
a computationally efficient solution to this problem from an experimental de-
sign and metamodeling point of view. This solution first constructs a Cartesian
product design over the space of both design variables and uncertain parame-
ters. Thereafter, a radial basis function metamodel is used to provide a smooth
prediction surface of the objective value over the design variables and uncertain
parameters spaces. In addition, based on the Cartesian product design structure,
a fast fitting algorithm is also derived for fitting the metamodel. To illustrate
the effectiveness of the proposed method for solving practical problems, we use
the optimization of drug release from a polymer matrix (Schiesser (2012)) as a
test example, where the developed tools are used to facilitate a robust selection
of the scale parameters in the desirability function.

The remainder of this chapter is organized as follows: Section 3.2 introduces
some examples of uncertainty parameters in general classes of objective functions
and stresses its importance in practical applications. Section 3.3 first introduces
the interpolation of an objective function estimate with fixed objective function
parameters with an RBF metamodel, and then proposes design and modeling
techniques for conveniently capturing the uncertainty in the objective function.
In Section 3.4, the developed tools are used to solve a practical problem and

demonstrate how a more informed and rational decision can be made. Finally,
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Section 3.5 concludes the chapter.

5.2 Objective functions with uncertain parameters

In this section, to demonstrate the practical scenarios where the proposed
framework is helpful, we present some of the major cases where there are un-
certain parameters in the objective functions. Following each specific case, the
corresponding post-optimal decision-making tools are also discussed. Most of
these tools require optimizing the objective function under many different choices
of the uncertain parameters, which motivates the development of computation-
ally efficient tools for conducting such post-optimal analysis for time-consuming

stochastic computer models.

5.2.1 Uncertain failure cost in structural design

In structural design, stochastic computer models are usually used to predict
the degree of deformation or the probability of damage (see Papadrakakis and
Lagaros (2002); Deng et al. (2003)). Using the cost-benefit analysis tools (Kanda
and Shah (1997)), the optimal structural design is determined, where the ‘cost’
is the price of increasing safety and the ‘benefit’ is the reduced risk in terms of
expected failure cost. An example of the total cost Cr defined by Kanda and
Shah (1997) is

! n—"o
CTZC[-l—Cpf 1 P(T})dn (5.1)
o L—"o

where C7 is the initial cost, n € [0, 1] is the damage level, 7 is the initial damage
level, and C' is the failure cost at ultimate limit state n = 1. The quantity p(n)
is the probability for different damage levels to happen which is the output of
the computer model. In this objective function, the ultimate limit state failure
cost C'r is an uncertain parameter which varies from building to building and
contains some difficult-to-evaluate parts such as casualties caused by the collapse

of buildings or serious failure of nuclear power plants. Note that in this example,
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although the stochastic computer model may have captured the random fluctu-
ations in loads and structural resistance, the failure cost parameter C'r is not
part of the stochastic computer model and do not affect the computer model
output P(n). Instead, it is an uncertain parameter in the objective function.

The simplest solution is to choose Cr based on subjective judgments or his-
torical records. However, the optimal solution could be very sensitive to the
choice of Cr and hence result in very unreliable and subjective decisions. A
more rational decision can be made if the structural designer can conduct a sen-
sitivity analysis (post-optimality analysis) (Wallace (2000)) of the optimal design
solution with respect to the uncertainty in Cr. This involves re-optimizing the
system under alternative choices of C'r to decide how sensitive the optimal so-
lution is to the change in the C'p. If significant changes of the optimal solution
are identified and associated with the changes in C'r, more attention and effort
should, therefore, be made to select the value of Cr in order to increase the
robustness of the decision.

When there are difficult-to-evaluate parameters in the objective function,
conducting sensitivity analysis can also enhance the communication from mod-
eler to decision makers (e.g. by making recommendations more informative,
credible or understandable). For example, the result of sensitivity analysis would
provide information to the manager on how profit would be affected by a change
in the potential failure cost. If the results are insensitive to changes in uncer-
tain parameters, the manager can be quite confident that the decision made is
good. Note that to efficiently conduct sensitivity analysis for time-consuming
stochastic computer models, a procedure for optimizing the system with a low

computing budget is desired.

5.2.2 Pareto-optimal front

Suppose there are S objective functions, denoted as Js(z),s = 1,---,S. For
multi-objective optimization problems, an ideal procedure is first to find multiple

trade-off solutions with a wide range of values(Pareto-optimal front), and then
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a multiple-criteria decision-making technique (such as using high-level informa-
tion) (Deb and Sundar (2006)) is used to analyze the solutions to choose a most
preferred solution. Specifically, the Pareto-optimal front consists of solutions
with the property that none of the objective values can be improved without
degrading some of the other objective values. The simplest way to obtain the
Pareto-optimal front is the weighted sum method, where the solution z* optimiz-
ing the objective J(z) = Zle wsJs(x) is Pareto-optimal if wg > 0,s =1,---,S
and Zle ws = 1. Under some assumptions, every different choice of the weight
parameters under the constraints ws > 0,5 = 1,---,5 and 255:1 ws = 1 would
produce different points in the Pareto-optimal front (Miettinen (2012)). In this
case, the weights ws > 0,s = 1,--- ,.S are uncertain parameters in the objective
function J(x), and a procedure allowing convenient optimization of J(z) under

different weight values would save considerable computational effort.

5.2.3 Desirability function

The desirability function (Harrington (1965); Derringer (1980)) is one of the
most widely used methods for the optimization of multiple responses or multi-
ple objective engineering systems. This approach first transforms the different
objectives into a common scale [0,1] and then combines them into an overall
objective using the geometric mean. Suppose there are S objective functions,
denoted as Jg(x),s = 1,---,S. For each of the S functions, a corresponding
desirability score function is constructed which is high when Js(x) is at a de-
sirable level (such as minimum, maximum, or target) and low when Jg(x) is at
an undesirable level. For example, for minimization of Js(x), Derringer (1980)

construct the desirability function as

-

0 if Jy(x) > B
D™M(@;0s) = § [Z@=B10: if A < J,(z) < B (5.2)
1 Js(x) < A
\
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where A, B, and the scale parameters 6, are chosen by the investigator. For

target-the-best situations, the desirability function is

-

[Ll@A100 if A < Jy(a) < T

To—
D9 (x; 65) = < [%]932 if Ty < Jo(x) < B (5-3)
0 otherwise

\

where 05 = (0s1,052) and Ty is the target value chosen by the investigator. And
for maximization, the desirability function is given in Wu (2004).

Given that the S desirability functions Dy, - - - , Dg are on the same scale([0, 1]),
they can be combined to produce an overall desirability function through the ge-

ometric mean:

S
D(w,H) = [H Ds(:l:;Hs)]l/S (5'4)
s=1

where 8 = (01, ---,0g). In this overall objective function D(x;8), the scale
parameters 8 have to be chosen such that the desirability measure is easier or
harder to satisfy. For example, choosing 651 > 1 in Equation (5.3) would place
more rewards on being close to the target value, and choosing 0 < 651 < 1 would
make this less important.

This desirability-based method is easy to understand and is available in many
data analysis software packages. It has been extensively used in optimization
of industrial problems, such as Elsayed and Lacor (2013); Zhang et al. (2009);
Yalcinkaya and Bayhan (2009). However, to use this method, the investigator
needs to choose values of the shape parameters to represent the trade-off prefer-
ences. This is not a trivial task and the choices may possibly be made without
awareness of the fact that different values of these scale parameters would pos-
sibly produce very different optimal solutions. Other than specifying these scale
parameters subjectively, Jeong and Kim (2009) proposed an interactive approach
to select the values for these parameters. They proposed to first initialize the

scale parameter and obtain an initial optimal solution, then interact with the
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decision maker to find his reaction to this solution and thereafter adjust the
scale parameter value until some stopping criterion is satisfied. Although this
method reduced the computational burden of optimizing the system repeatedly
for many different scale parameter settings, it requires a lot of cognitive efforts
of the decision maker.

An alternative solution to this uncertain scale parameter problem is to select
the most ‘robust’ choice of the scale parameter. Specifically, for a particular
choice of the scale parameter, one would obtain the corresponding optimal solu-
tion depending on 0 as x*(0) := argmax,, D(x;0). To select the most ‘robust’ 8
from the many choices, or equivalently, to choose the most ‘robust’ correspond-
ing £*(@), a reasonable criterion is to measure how x*(8) would perform under
all the other possible choices of the scale parameter ¥ € ©. Suppose the ‘true’
scale parameter value is 1, the maximum desirability score would be achieved at
point & = x* () with value D[z*(9);¥]; while the desirability score of setting
x = x*(0) would be D[x*(0);¥]. Hence, % could be used to represent
the efficiency of setting @ = x*(0) when the ‘true’ scale parameter value is 9.
By integrating this efficiency over all the possible values of 9 € O, one can obtain
the overall efficiency score of setting * = x*(0). Hence, we propose the following

definition to select the robust scale parameter value for a desirability function.

Definition 4 (robust scale parameter value of desirability function) For
the mazximization of a desirability function D(x;@) with design variable x € X
and uncertain scale parameter @ € ©, denote the optimal solution for a specific
choice of 0 as x*(0) := argmaz,D(x;0). A scale parameter choice 0* is called
the robust scale parameter value of desirability function D(x; @), if it is the global
mazximum solution of the following problem:

D[z*(6); 9]

se0 D[z*(9); 9] "

Maximize

subject to 6 € ©

And the corresponding solution x*(0*) is called a robust optimal solution.
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By using this robustness definition, one can select a scale parameter and obtain
the corresponding robust optimal solution without depending on subjective and
qualitative information. Nonetheless, to obtain the robust choice of the scale
parameter value, we need to optimize the computer model under every scale
parameter choice @ € ©. In such cases, an integrated and efficient solution to
optimizing the time-consuming computer model repeatedly with many different
scale parameter settings would be very helpful. Such a solution would make
the desirability function method more appealing to the practitioners who have

trouble selecting the scale parameter value based on qualitative information.

5.3 Methodology

In this section, we first formally define the computer model based engineer-
ing optimization optimization problem with uncertain parameters in the objec-
tive function. Thereafter, we introduce a metamodeling method for optimizing
stochastic computer models when the uncertain parameters in the objective func-
tion are fixed. However, this method would require one to refit the metamodel
every time the values of the uncertain parameters are changed, which is time-
consuming and unstable. Following that, we propose an alternative solution
that provides a smooth prediction of the objective function surface over both

the design variables and uncertain parameters spaces.

5.3.1 Engineering optimization under uncertain objective func-

tion

In engineering optimization problems, stochastic computer models are of-
ten constructed based on technical knowledge of how the engineering system
operates. We consider a stochastic computer model that accepts a fixed design
variable vector © = (z1,--- ,zx) € X < R*, a random system fluctuation vector

&, and returns a random output vector Y (x, &) € RP. For optimization purpose,

114



the objective function with uncertain parameter 8 can be defined as

R(x;0) = Ey {J[Y (z,§), x; 0]} (5.5)

where 8 € © < R?, J : R? x X x © — R is a real valued objective function,
which measures the system performance and Fy is the expectation operator
with respect to the randomness in Y (x, &) (induced by randomness in &). The
optimization problem(for simplicity, minimization is taken to be the standard)

depending on 6 is then

minimize R(x; @) over all x € X (5.6)

When dealing with this uncertainty problem, the current development of
stochastic computer models mainly focuses on pushing the uncertainty out of
sight through replacing the uncertain parameter 8 by some particular estimate

0, and solving a single optimization problem
minimize R(x;0) over all € X (5.7)

By doing this, the inferential procedure for other choices of 8 € © is simply
disregarded.

As argued in Section 5.2, capturing the uncertainty in 0 is of great importance
to make a rational and reliable decision. Therefore, in this work we would regard
this as a family of problems where for each different 8 € 0, it yields an optimal

value

x*(0) := argmin, R(x; 0) (5.8)

which needs to be analyzed in its dependence on 6.
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5.3.2 Metamodel-based optimization under a fixed objective func-

tion

Frequently, computer codes of simulating an engineering system are very
time-consuming to run. Consequently, a practically appealing approach is to ap-
proximate the computer model by a more computationally efficient metamodel.
A metamodel-based optimization strategy requires one to first identify a meta-
model form, then design an experiment to collect data by running the expen-
sive computer code, and finally fit and optimize the metamodel (Barton and
Meckesheimer (2006)). Metamodels can be built using many regression models
with a variety of prediction power. For example, simple linear regression is easy
to built and has been used widely. Although simple, this model lacks the ability
to model complicated surfaces. By using more sophisticated methods such as
Gaussian Process models or radial basis function (RBF) models, one can achieve
better prediction. RBF models using simple spline functions can be fit efficiently.
They are also applicable to problems with high dimensional design variable space
since generally few restrictions are imposed on the location of sample points. In
this section, we focus on using the RBF metamodel to predict and optimize the
stochastic computer model under a fixed objective function.

Suppose an experiment with n design points D = {xj,--- ,x,} is chosen,
and M independent replicates have been obtained from running the computer
model at each design point. Denote the data from the experiment by S, =
{vi = [y1(xi, &), - ,ym(xi, €)'}, A standard approach to optimizing the
objective function R(x;,0) Equation (5.5) for predetermined 6 is to first es-
timate R(x;,0) with output observations y; using some estimator ﬁ(wi,e) =
9(y;), then fit an RBF regression model with the control-response data pairs
{(z1,R1),- - , (¢, Ry)}. Thereafter, the fitted RBF metamodel can be used to
predict R(x, @) for all x € X for a predetermined @, and the problem of opti-

mizing the computer model is transformed to optimizing the RBF metamodel.
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A straightforward estimator of R(x;,8) would be

R(z:,0) = > Jly;(z:,€), x:,0]/M (5.9)

7j=1

For simplicity of notation, we use f?(a:z, 0) and R; interchangeably. Although
averaging over the replicated observations y;(x;, §) reduces the random error in
ﬁ(mi, 0), it is still a noisy version of the true value of R(x;,0). Therefore, we
include a nugget parameter in the RBF metamodel to mitigate overfitting. An
advantage of such a treatment is that the regression form is not restricted to
situations where random errors associated with }Nifi,i =1,.--,n are independent
and identically distributed.

Now we introduce the RBF metamodel form which was extensively studied
by Buhmann (2003). This RBF model approximates the unknown function with

a linear combination of positive definite kernels and takes the forms of
R(x,0) = ju+ Z Bid(x — x;) (5.10)
i=1

where R(x,0) is the predicted objective value for any « € X and ¢(-) is a ker-
nel basis function. Many choices of ¢(-) are available, and examples include
multiquadrics, thin plate splines, cubic splines, Gaussian, and inverse multi-
quadrics. A difficulty with the widely used Gaussian basis function is that the
kernel/correlation matrix can often be close to singular, which induces a lot of

computational problems. Hence, in this article, we adopt

k

¢ — z) = | [expl—|z; — zl/3](l2; — zl/7 + 1) (5.11)
j=1

which is a member of the class of Matern correlation functions(Santner et al.
(2013)). Note that some authors (Fasshauer and McCourt (2015), page 41) re-
serve the term RBF for basis functions ¢ that depend on (z — z) only through
||z — z||, and use the term kernel for more general bases that depend on the

translates (x — z). However, we follow the convention of Buhmann (2003) (page
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4) and call Equation (5.11) a radial basis function as well. This basis function
avoids numerical difficulties commonly encountered with the Gaussian RBF. It

is twice continuously differentiable, but not three times continuously differen-

tiable. Define /6 = (/617"' 7/871,)/7 Y = (717'” )’Yk)lv (B)Zj = ¢(ml - :Bj)v and

R = (}Nﬁ, e ,}Nin)’. Then, given u,~y, and the nugget A > 0 , the vector 3 is

determined by solving the linear equations
(B+ )3 =R—-pl (5.12)

where I is a n x n identity matrix.

This RBF model is mathematically equivalent to the posterior mean of a
Gaussian Process (GP) with correlation function Equation (5.11). Therefore,
the correlation length parameters ~ determine the degree of influence of each
observation on the prediction ]%(w, 0): with short correlation length, the predic-
tion at @ depends more strongly on nearby observations and weakly on far away
observations. And the above system of equations Equation (5.12) for determin-
ing B with a nugget parameter is similar in spirit with the GP with independent
and identically distributed normal errors with unknown variance. Note that if
A = 0, the coefficients 3 given by Equation (5.12) will make Equation (5.10)
interpolate the data {(z1, R1), - , (€n, Rn)}. .

To determine p, A, 7y, a common way is to set p = Y ; Iél/n and choose v, A

using leave-one-out (LOO) crossed validation. Specifically, let

~ ~ ~

Ri=(Ri,  Rio1,Ri1, Ry (5.13)

Then, the predicted value of the response variable at @; using the LOO data }Nl_i
is R(x;, 0)|R_;, with prediction error ¢; = R; — R(x;,0)|R_;. Then the optimal
value of A\ and « can be obtained by minimizing the mean square prediction

€error:
n
Eroo = Z e;/n (5.14)

i=1
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The advantage of LOO for linear models such as RBF regression is that the

error vector e = (e, -+ ,e,)" can be calculated analytically as (see Tan (2015)
for proof)
e = diag{(B + M)} 7' (B + AI) "' (R — p1) (5.15)

This shortcut formula saves substantial computation time over a brute force ap-
proach to compute the error vector e.

As mentioned, the decision made by using only one predetermined estimate of
0 would result in unforeseeable risk, hence solving the optimization problem un-
der a set of candidate values 61, - - - , 8 would be desired. In such cases, one has
to refit the RBF metamodel Equation (5.10) K times. The calculation of (B +
AI)~! in Equation (5.15) would take O(n?®) arithmetic operations (see O’Leary
(2009) Page 70), and hence the fitting of each R(-,8;) would take O(n?) arith-
metic operations. Thus, fitting/estimation of all ]%(-,01), e ,]%(‘,OK) would
take O(Kn3) arithmetic operations. For purposes such as calculating the Pareto
front, conducting sensitivity analysis or obtaining the robust scale parameter
using Definition 4, the required RBF model fitting times could be quite large
because K can be very large. Moreover, even if the investigator has the required
computational budgets to fit the K RBF models, the predicted value of R(:E, 0)
at a fixed design point & could possibly be discontinuous over 8. One reason
is the existence of many possible local optimizers of function Equation (5.14)
when estimating A and -y, which is an inevitable problem for fitting RBF and

GP model with the current development of these models.

5.3.3 Metamodel-based optimization under uncertain objective

function

To capture the uncertainty in 6 in a more efficient way, we now propose a fast
fitting solution based on the unique model structure of RBF. The fact that the
RBF metamodel is linear in the vector of response data allows us to use the short-

cut formula Equation (5.15) to calculate the leave-one-out crossed validation
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error. Furthermore, the model form of RBF metamodel is characterized by
separability: the RBF is a product of functions that each depends on an input
variable. This separability structure enables the use of a fast matrix inversion
formula for calculating (B + AI)~! if the design space is a Cartesian product.
This fact motivates us to collect data using a Cartesian product design in the
(x,0) space: 2 = {(1,01), - ,(xN,0N)} € X x O. The obtained data can
then be used to fit an RBF model for predicting the objective function value over
both the space of  and the space of 8. In this way, we can not only reduce the
computational burden of fitting the RBF model many times, but also provide a
smooth prediction surface of R(a—:, 0) over the space of 0 for a fixed design point
x.

Now we describe the design and model fitting strategies in detail. Suppose

we use a Cartesian product design

752 {a:l,--- ,:I:n} X {91,-~~ ,Bm}
= {(w1,01)7... 7(w170m)7"' 7(33”’91),... ,(wmgm)}
= {dl,... 7dN}

(5.16)

withd = (x,0) = (1, - , 21,01, -+, 0y) = (d1, -+ ,dp1q) and N = n x m. As-
suming that computer model output data S,, = {y = [y1(xs, &), -, ym (@, )]}
is collected from running the stochastic simulator, we can obtain estimates of

R(d;) for all d; € D,i =1,--- , N using

M
R(dz) xva 01 Z y] wmg Ly, el]/ (5'17)
j=1
forv=1,---,n,l =1,---,m. We emphasize that this estimator is based on

the same data as the estimator in Equation (5.9), i.e., no additional computer

model runs are needed to estimate the objective function as its parameter vector
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0 varies. Then, the RBF model

N k+q
R(.’B, 0) = R(d) =p+ Z Bi H exp[—|de — die|/ve](|de — dic|/ve + 1)
=1 e=1
N k
=p+ Z Bi H exp[—|zy — Tiv| /1] (|20 — Tiv|/70 + 1)
=1 v=1

q
x | Texpl=161 = Ol /vm1(16: = Ol /v + 1) (5.18)
=1

is used to construct a predictor of R(x, @) for all (x,0) € X x O, , where x;, is
the vy, component of x; and 6;; is the [;;, component of 6;.

Since D in Equation (5.16) is of a Cartesian product design, an algorithm re-
ducing the number of arithmetic operations to fit the RBF model Equation (5.18)

can be obtained. Specifically, for design Equation (5.16), it is easy to verify that

B+ My=B1®By+ My (5.19)

where Iy is N x N identity matrix, (B);; = ¢(d; — dj), (B1)ij = ¢(x; — x;),
and (Bz)i; = ¢(0; — 0;).

Based on Equation (5.19), we derive a computationally convenient formula
for (B + AIy)~! used in Equation (5.12) and Equation (5.15) when fitting the
RBF model. Since B; and Bj are positive semi-definite matrices, their eigen-
decompositions can be denoted by E1L1E! and E;LsEI respectively, where
E;!' = Ef and E;' = EI. Here, E, E; are the matrices of orthogonal eigen-
vectors and L, Lo are the diagonal matrices of the corresponding eigenvalues.

Note that

B1® By + My = (E\LE}) ® (E2L2EY) + \E,E{ ® E2E]
= (BE1 Q@ E») (L1 ® Ly)(E{ @ E] ) + A(E, @ E»)(Ef ® E})
= (B ® E2)(L1 ® Ly + \My)(Ef ® EY)

(5.20)
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Since (Ey ® E2)~! = (ET ® El), it is seen that (B + A y)~! is given by the

formula
(B+My)™' = (E,® Ey)(L1 ® Ly + My) Y ET ® ET) (5.21)

Denote Ly = diag{L11,- -, L1n} and Lo = diag{La1,- - , Loy }. Then note that

(L1 ® Ly + M)~ " = diag{(A + Li1La1) "%, -+, (A + LinLapm) "'} (5.22)

Thus, if the number of arithmetic operations to obtain the eigendecompo-
sitions of By and Bs are O(n3) and O(m?) respectively (see O’Leary (2009)
Page 70), by using the derived formula Equation (5.21), we can compute (B +
Mpy) YR — p1) with O(n® + m? + n?m?2) arithmetic operations. On the con-
trary, we would need O(N3) = O(n3m?) arithmetic operations to compute
(B + My) YR — p1) directly.

As a summary, we list the fitting procedures of RBF models in the following

Algorithm

Fast fitting of RBF models
Input: E(di),i =1,---,N
Procedure:

Step 1. Setting p = >, R;/N.

Step 2. Choose v, A by minimizing the mean square LOO pre-
diction error in Equation (5.14), with the error vector calculated by
Equation (5.15) and Equation (5.21).

Step 3. Calculate 8 from 3 = (B + /\I)*l(ﬁ — 11), where calcula-
tion of (B + AI)~! follows Equation (5.21).

After fitting the RBF model, predictions of R(x, @) for all (x,0) € X x © can be

made through equation Equation (5.18). And based on the predictions R(z, 6),
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the optimal solution *(0) optimizing

A~

R(zx;0) over all x € X for any 6 € © (5.23)

can be obtained through equation Equation (5.8).

Denote the scalar statistics of interest as 7 (for example, R(m, 0) in Equa-
tion (5.18) or the components of *(0) in equation Equation (5.8)). To measure
the uncertainty associated with f, approximate confidence intervals can be con-

structed via the following bootstrap procedure

Constructing confidence intervals via Bootstrap
Input: S, = {y = [y1(zi), -, ym ()]}
Procedure:
Step 1. Estimate T based on S,,.
Step 2. Generate an empirical bootstrap sample, by taking

random samples with replacement from S, as : S} = {y*”

[yi(xi, &),y (@i, )]}y

Step 3. Estimate 1" based on S}, and denote the estimator as T*.
Repeat Step 2 and Step & B* times.

Step 4. Compute the bootstrap differences 6* = T* — 7. Put these
B* values in order and pick out the 0.975 and 0.025 critical values. Set
these values as 07%,5 and 67y5.

Step 5. The estimated 95% bootstrap confidence interval for T is:

[T + 6025 T+ 8751

5.4 Illustration example: design of drug delivery sys-
tem

5.4.1 A computer model of drug release from polymer matrix
devices

With the constantly upgraded computing power, computer models have re-

cently been used extensively to understand the drug release process from poly-
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meric devices or Drug-Eluting Stents, see Pant et al. (2011); Ferreira et al. (2012);
Groh et al. (2014); Bozsak et al. (2015). Optimizing the drug release process
generally involves many conflicting goals: maximizing the drug therapy effect,
minimizing the side effect and minimizing the cost of the drug, etc. For example,
Pant et al. (2011); Bozsak et al. (2015) reported their pioneering attempts at
including multiple design objectives for optimizing the design of Drug-eluting
stents, where a sufficiently high drug concentrations in smooth muscle cells and
low drug concentration at the endothelial cell surface are to be achieved simul-
taneously.

To demonstrate the application of our approach, we use the design and

D ou (r,z=z,t)

du(r=ro.zt) ; 9z
———- ky(uy —u(r=ry,z1)
P

=k, (uy —ul(rz=2z,t)

u

u (r,z1)

z\E)u (rz=2/2,1)
0z

=0

du (r=0,z t)=
ar

0

Figure 5.1: Diagram of a drug diffusion system

modeling of drug release from a polymer matrix (Schiesser (2012) page 340) as
a test example. The schematic of the drug release stochastic computer model
is represented in Figure Equation (5.1) as a polymer matrix (PM), where the
PM radius is 79 (cm), and PM length is z; (cm). A certain amount of drug
is initially administered in the PM, the modeling problem is then to determine
how fast the drug will leave the PM and enter the surrounding tissue treated
by the drug. Within the PM, the movement of the drug is modeled by diffusion
equations, and the transfer rate to the surrounding tissue is described by a mass

transfer coefficient. The partial differential equation describing the diffusion in
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cylindrical coordinates (r, z, ¢) is given by

ou u  10u 1 %u  d%u

M _pyLe, e, S ou, o 24
ot u(8r2+r6r+r23gp2+622) (5:24)

Here, u = u(r, z, ¢, t) is the drug concentration at location (r, z, p) after a release
time of ¢, and D,, is the drug diffusivity which is a specified constant.

Assuming a uniform external drug concentration, the system in Equation (5.24)
is symmetric in ¢, so the angular term in Equation (5.24) is dropped. This gives

u = u(r, z,t) and

ou Pu 1 87u 0

- DiGa et i) (5.25)

Equation Equation (5.25) is first order in ¢ and second order in r and z. Thus,
one initial condition (IC) in ¢ and two boundary conditions (BCs) in r and z are

required. The IC is:
u(r, z,t = 0) = ugp (5.26)

where ug is specified constant and represents the initial values of wu.
The homogeneous Neumann BC (Schiesser (2012) page 113) for equation
Equation (5.25) at r = 0 is used to specify symmetry in 7:

ou(r =0, z,t)

= 2
— 0 (5.27)

and the BC at the exterior surface r = rg is based on mass transfer coefficients

ku:

DuaU(r:aw = ku(ue — u(r = r9,2,1)) (5.28)
T

where u. is the external concentration of drug subject to random fluctuation.
This equation equate the mass fluxes at the polymer surface r = rg to the fluxes

due to concentration differences at r = rg. Similarly, the BC reflect symmetry
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in z and the BC at z = z, specify the fluxes in the bottom of the polymer:

Du&u(r,z = z1/2,t)
0z

D, ou(r,z = zp,t)

0z

=0
= ku(ue - u(r, = ZL,t))

(5.29)

Equations Equation (5.25) to Equation (5.29) constitute equations of the com-
puter model in the system of Figure Equation (5.1). These partial differential
equations(PDEs) are solved by the method of lines (MOL), which proceeds by
first discretizing the spatial derivatives and leaving the time variable continu-
ous. This leads to a system of ordinary differential equations (ODESs) to which
a numerical method can be applied. In this problem, the PDEs are solved by
discretizing r to 11 grid points over the value 0 < r < rp and z to 11 grid points
over the value 0 < z < zy. In other words, a system of 11 x 11 ODEs that ap-
proximates the PDE are used. More detailed description of the computer model
can be found in Schiesser (2012) page 340.

To conclude the description of this stochastic computer model, we sum-
Table 5.1: Summary of the variables and parameters of the drug release stochas-

tic computer model
Variable, parameter Interpretation

u(r, z,t) € [0,1] drug concentration at time ¢ and location (r, 2)
ro € [0.5,1.5] PM radius (cm)

te ~ unif (0,0.5) exterior drug concentration value (normalized)
zp, =2 PM length (cm)

up =1 initial drug concentration value (normalized)
D, = 1.0e — 06 diffusivity (cm?/ s)

ky = 1.0e — 01 mass transfer coefficient (cm/s)

marize the model design variable, output variable, random fluctuation variable,
and the constants in Table Equation (5.1). The value of these variables and
parameters are specified following Schiesser (2012) page 340. Note that for con-
centrations, normalized values 0 < u(r, z,t),up, ue < 1 are used to facilitates
their interpretation (e.g., their departure from one). The variable u, is the exte-

rior drug concentration value which represents the remaining drug concentration
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from the previously administered dose. It is set to be random due to differences

in individual patient metabolism.

5.4.2 Objective function for drug design

In this example, we focus on minimizing the cost of drug while keeping the
effect of drug therapy close to the desired effect. This joint consideration is
typical in drug design (see Lu et al. (1998)). First, the cost of drug is measured by
the amount of drug initially administered to the system with Ji(rg) = WT%ZLUO.
Second, the effect of drug therapy is measured by the difference between the
desired (target) drug release profile and the actual release profile after t = 24
and ¢t = 48 hours of the initial drug administration, where the actual total
amount of the drug that has released from the PM at ¢ is (see Schiesser (2012)

page 340).

ZL T0
Qi(ro) = mrizpug — 2 % 27 J u(r, z,t)rdrdz (5.30)
ZL/Q 0

Translating these goals to desirability functions, a smaller-the-better function

Equation (5.2) is used for the cost measure with values A = 0.1 and B = 15

)
0 if Ji(ro) > 15

di™" (ro) = 4 (L0151 3601 <y (rp) < 15 (5.31)
1 Ji(rg) < 0.1

\

for the cost Ji(ro).
Next, target oriented desirability function Equation (5.3) is used for Q24(r0)
with A =1, Ty = 3.5, B = 12, and Qus(r¢) with A = 1.2, Tp = 9.45, B = 13 as

-

[QaC0=L100 if | < Qaa(ro) < 3.5
dy" 9 (ro) = { [Qlr0121022 i 35 < Q4 (ro) < 12 (5.32)
0 otherwise

\
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[M]%l if 1.2 < Qqs(rp) < 9.45

9.45—1.2
dg"™ " (ro) = § (Ll IS0 i 9.45 < Qus(ro) < 13 (5.33)
0 otherwise

we can write the overall objective function as
J(T’Q; 9, 921, 922, 931, 932) = [dgnm(ro) * dgarget(ro) * déarget (7’0)]1/3 (5.34)

The scale parameters 6,021, 029, 031, 030 are typically uncertain in the above ob-

jective function.

5.4.3 Optimization results and discussion

In this section, we describe the computer model and design optimization
based on RBF metamodel in detail. The control variable & is the PM radius
ro(cm) in a design space [0.5,1.5], the model random fluctuation variable & is
the normalized exterior drug concentration value u., which is assumed to be
uniformly distributed in [0,0.2]. The model output is the drug concentration
u(r, z,24) and u(r, z,48) at time ¢t = 24, 48h and at position (r, z). For the objec-
tive function described in Equation (5.34), we fix €31 = 2,025 = 1,031 = 2,039 =
1 and only treat 6 as an uncertain parameter to be adjusted for illustrative pur-
pose. Suppose a 6 x 6 points Cartesian product design is used over the space of

model control variable ry and the uncertain parameter 6 as
D= {0.5,0.7,0.9,1.1,1.3,1.5} x {0,0.6,1.2,1.8,2.4, 3} (5.35)

At each design point of r§ € {0.5,0.7,0.9,1.1,1.3,1.5}, M = 30 computer model

replications are conducted and the outputs

y](rg) = (uj(T,Z,24),”j(7‘,2,48))‘7’8,j = ]-7 e aM (536)
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are obtained for each replication. The sample average of the objective value from
the replicates is then computed for each design point (ry,8') e D as é(rg, 6 =
ijvil J(y;(ry),r8,0") /M Using the RBF regression in Equation (5.18) to inter-
polate the surface of R(ro,#), we obtain the prediction of R(r,#) at all values
of ro € [0.5,1.5] and 6 € [0, 3].

To check the model fitting efficiency, we compare the model predictions in a
larger test design set with the ”true value”. Specifically, we estimate the ”true
value” accurately by using the average of M = 100 replicates. Figure Equa-
tion (5.2) plots the predicted desirability values and the ‘true value’ versus the
grid point number for a 21 x 21 grid point Cartesian product design over the
design space [0.5,1.5] x [0,3]. As we can see, the curve of predicted and true
value of the desirability is very close to each other, suggesting that the RBF
regression model has very good prediction ability.

Then we plot the predicted desirability value surface in Figure Equa-

08 RBF Predicted and true value of desirability

—true

0.7 —— predicted
AN )
uo_g, | \ I\ \\ “[\
| ARNRRARE
0.2 . [ H \ U]
o. N
IERRRRRRERARY

grid point label

Figure 5.2: RBF predicted versus true desirability value

tion (5.3). As can be seen from this plot, using the proposed Cartesian product
design and the RBF metamodel, we can predict the smooth surface of the de-
sirability function score in its dependency on both the control variable rg and
the uncertain scale parameter 6. Based on this prediction, we can conveniently

obtain r{(6) for any choice of 6 € [0, 3] through 5.8, while avoiding the burden of
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refitting the RBF metamodel every time 6 changes. In Figure Equation (5.4), we
plot r§(0) for different choices of 6 € [0, 3], where the black curve is a smoothly
changed optimal value curve under different settings of the scale parameter 6.
In this plot, the optimal setting r changes significantly with different values of
#, which supports the argument that it is necessary to analyze the optimal so-
lutions in their dependence on the uncertain objective parameters. In this drug
delivery example, 6§ determines the impact of the cost of the drug on the overall
desirability. When multiple optimal solutions are available for different values
of 6, high-level information can be used to choose from one of the optimal solu-
tions. For example, if the drug is expensive, the investigator may want to choose
a large value for € to heavily punish high amounts of initial drug Jy(rp). The
calculation shows that all the optimal solution r{ fall into the range [0.99,1.27].
If based on experience, ¢ values in the range [0.9,1.3] are generally acceptable,
one can comfortably select a large value of § without worrying about the poten-
tial unsatisfactory treatment effect.

In cases where the qualitative/higher-level information may not be ap-

RBF Predicted Desirability Value

0.8 —

desirability

Figure 5.3: Desirability surface

proachable to the investigator, an attractive method is to select the scale pa-

rameters using a quantitative procedure. In Definition 4, we proposed such a
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Figure 5.5: Robust measure plot for different rg
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solution to select the most "robust” optimal setting rj. Now we illustrate the

usefulness of this solution in this practical problem. In figure 5.5, we plot the ro-

m* .
bust measure  § 9eo %

of r§(0) reaches its peak at r§(6*) = 1.1200 with 6* = 1.52. Therefore, choosing

d? for each optimal setting r§(6). The robustness

f* = 1.52 as the scale parameter value would produce a robust optimal solution
that performs well under other choices of 6. This robust optimal solution can
also serve as a compromised solution when there are many different decision
makers /patients, and different scale parameter should be used to represent their

specific trade-off preference.

5.5 Discussion

In this chapter, we look into metamodel-based optimization of stochastic
computer models where the objective functions are uncertain. We presented
typical scenarios where the objective function is uncertain and provided the cor-
responding uncertainty quantification techniques. We leverage on the flexible
and efficient radial basis function metamodel, and a novel experimental design
approach to model the objective function as a function of both the design fac-
tors and the uncertain objective function parameters. By using a design that
is a Cartesian product of points in the design variable space and the uncertain
parameter space, we developed a fast fitting algorithm to construct the RBF
metamodel. These tools provide the system designers more flexibility in making
an informed and rational decision than the traditional choice of replacing the
uncertain parameter by some estimates.

Although the developed RBF focused on the case where one overall objective
function with uncertain parameters is of interest, it can be easily extended for
fitting multiple objective functions. For example, in a multi-objective optimiza-
tion problem, if the manager needs the individual objective function values to
guide decision-making, independent metamodels can be used to predict each of

the objective functions.
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CHAPTER O

CONCLUSION

This thesis contributes to the modeling of the uncertainties in the engineer-
ing optimization problem through regression analysis and experimental design.
The main focus of this thesis is the modeling of the inherent uncertainty and the
parameter uncertainty in objective function, whereas the modeling uncertainty
and parameter uncertainty in inputs of mathematical models are beyond the
scope of this thesis.

In this thesis, a multilevel zero-inflated model is first proposed to model
the inherent uncertainties in multilevel high-quality manufacturing processes.
Thereafter, a Bayesian experiential design framework for reducing the estima-
tion uncertainty of the optimum setting for engineering optimization is proposed.
The first two works focus on modeling and reducing the inherent uncertainty in
engineering optimization problems. The third work develops a framework for
capturing the parameter uncertainty in the objective function of computer mod-
els. These three developed methodologies together contribute to the modeling

of uncertainties in engineering optimization and robust design decision making.
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6.1 Main findings

In the first work, we develop a multilevel zero-inflated model to build the
functional relationship between the design factors and the wafer defects with
data collected from a multilevel high-quality manufacturing. In this work, the
identification of proper distributions for random variables and the estimation
of the parameters in these distributions are very important component in the
inherent uncertainty analysis. In this model, the excessive zeros are modeled
by a random shift between a zero state in which defects are nonexistent and a
count state in which defects can occur according to a count distribution. The
count state distribution is derived based on the number of hillocks grown and
the individual hillock heights. This helps to identify the sources of the inherent
uncertainty and provide insights on reducing it. In addition, the wafer level
variation is modeled by assuming the mean number of defects for each wafter is
itself a random variable with Gamma distribution. The lot level variation is the
largest one and shows multi-mode and right-skewed characteristics, hence it is
modeled by a semi-nonparametric distribution. Although the count model was
derived specifically for capturing the uncertainties and modeling the experiment
result of the ICs manufacturing process, the proposed multilevel ZI model can
be extended to model other zero inflated data with multilevel structures with
non normal random effects distributions. The proposed approximate AGQ-EM
algorithm can also be applied to estimate the parameters from these model struc-
tures and is especially useful in cases where the random effects are not normal
and estimated with a SNP distribution. The identification of proper distribu-
tions for random variables in the system and the estimation of the parameters
in these distributions are important components in improving the uncertainty
analysis of high quality manufacturing processes.

In the second work, a Bayesian optimal design framework is built for col-
lecting data informative on reducing the estimation uncertainty of the optimum
point. A Bayesian OP optimality criterion is derived based on expected Shannon

information gain (uncertainty reduction) on the optimum point. To evaluate the
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proposed criterion, we derive an estimator based on decomposing the criterion
into two separate terms, where the first term equals to the D-optimal criterion
and the second term can be estimated with Monte Carlo without a nested struc-
ture. The proposed approximation greatly reduces the computational burden
of a pure MC algorithm and makes searching for the near-optimal design more
feasible. Moreover, the proposed framework is not limited to GLMs, it can be
easily extended for any kind of non-linear regression models. The developed cri-
terion and estimation approach is an important step towards assisting designers
to develop more efficient data collection procedures to improve and optimize the
systems under study.

In the third work , we explored metamodel-based optimization of stochastic
computer models subject to an objective function with uncertain parameters.
We presented typical scenarios where the objective function is uncertain and
provided the corresponding uncertainty quantification techniques. We developed
an RBF metamodel based optimization method through predicting the objective
function as a function of both the design variables and the objective function
uncertain parameters. By using a design that is a Cartesian product of points in
the design variable space and the uncertain parameter space, we developed a fast
fitting algorithm to construct the RBF metamodel. These tools provide the sys-
tem designers more flexibility in making an informed and rational decision than
the traditional choice of replacing the uncertain parameter by some estimates.
Although the developed RBF focused on the case where one overall objective
function with uncertain parameters is of interest, it can be easily extended for
fitting multiple objective functions. For example, in a multi-objective optimiza-
tion problem, if the manager needs the individual objective function values to
guide decision-making, independent metamodels can be used to predict each of

the objective functions.

135



6.2

Future works

There are several topics worth further investigation.

e Chapter 3 deals with zero-inflated count data with multilevel variations.

In some cases, the observed data are continuous data but could still char-
acterized by excessive zeros and multilevel variations. For example, in an
integrated circuits current leakage experiment, other than the number of
short circuits, the value of the leakage current could also be treated as
the response variable. In this case, due to the measurement accuracy, cur-
rent values smaller than a certain precision value can not be accurately
measured and hence are labeled as zeros. To model this kind of response
variable, a multilevel modeling technique for capturing the inherent uncer-
tainties in continuous ‘zero-heavy’ data is desirable. To solve this problem,
a truncated continuous distribution could potentially be used. The corre-

sponding multilevel randomness modeling method could be developed.

For the evaluation of the expected utility measure in Chapter 4, the cur-
rent method is to use a combination of analytical approximation and Monte
Carlo (MC) approximation. Although this method has greatly reduced the
computational burden from the original pure MC approximation, it still
requires a lot of computational resources. Instead, an analytical approxi-
mation may release the computational burden of searching for the Bayesian
OP optimal design. A potential method could be the Poissonization and
depoissonization analytical technique for approximating infinite progres-
sion. This would further popularize the developed framework. In a recent
work, Saleh and Pan (2016) developed an generalized coordinate exchange
algorithm for searching D-optimal experimental designs for GLMs. Using
simulation study, they showed that this algorithm performs better than
GAs in some specific scenarios. This suggests that exchange algorithm for

searching OP optimal designs would also be a potential research area.

e Chapter 5 focus on the quantification of the uncertainties in the objective
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function of a stochastic computer model. This work assumes that the in-
put parameters of the computer model are all known without uncertainty.
However, when using computer models to conduct engineering optimiza-
tion, the exact values of the computer model inputs may often be uncertain
to the investigator. These inputs may be quantities that are uncertain due
to lack of information or limited data. For example, the various material
properties in a finite element analysis for engineering may be difficult to
obtain. One possible future research is to take into account the computer

model inputs uncertainty.
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