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Abstract

All differences in this world are of
degree, and not of kind, because

oneness is the secret of everything.

Swami Vivekananda

Supervising Professor : Dr. Victoria C.P. Chen

Traditionally, physical scientific experiments have been conducted extensively to
study and understand the behavior of a process or a system. With the advancement
of computing technology in recent years, computer codes and algorithms are used as
simulators to replicate behavior of a complex system. Such use of computers to study
a system is termed as ‘computer experiments.” The process involves selecting specific
points or runs in the design space in order to maximize information about the system
in minimal runs. These computer models are high dimensional and can take a long
time to simulate. Metamodels (or surrogate models) built using the data collected from
computer model experiments are hence used to approximate the functional relationship
between inputs and outputs.

The contribution of this dissertation falls in design points selection and modeling
stages of the above process. First, existing computer experiments with mixed factors
(categorical and numerical) are reviewed and then we perform a comprehensive study
of these designs to understand their performance under various settings. In the latter
part of the thesis, we propose a data-mining framework to learn and model interactions

and non-linearity with categorical and numerical features.
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1 Introduction

Buildings play a vital role in today’s economy and growth of a country. The construction
industry is one of the largest consumers of natural resources including water, materials and
energy. In a study, buildings and construction account for 40% of global energy use and
36% of energy-related carbon dioxide emissions (US-EIA, 2009)). Promoting sustainability
in this industry is of utmost importance to reduce the impact on the environment. Achiev-
ing sustainability related goals and objectives requires consideration of environmental impact
of the entire life cycle of the building i.e. raw material extraction, manufacturing, on-site
construction, occupancy, demolition and disposal. Understanding the multifaceted relation-
ship between environmental impacts and building design is the key to achieve sustainability
(Wong, |2015)) .

An engineer or architect faces multitude of decisions regarding the buildings design in
the early stages of the process. Apart from the basic function of the building to provide
shelter, buildings have different objectives related to environment, social and economic.
These are often conflicting objectives requiring a tradeoff between them. An integrated
design process involving the key stakeholders, owners, users, engineers and architects will
facilitate in making critical decisions and to successfully design a sustainable building. In
recent years, the concept of ‘Green Buildings’ has been growing, promoting the objective
to make buildings more sustainable by efficient use of resources while still maintaining the

needs and demands (USGBC, 2018).

1.1 Life Cycle Analysis

Buildings have social, economic and environmental impacts not only during operation, but
also during its other stages of life cycle. The different stages of a building life cycle can
be categorized as resource or raw material extraction, manufacturing, on-site construction,

occupancy, demolition and disposal. The environmental impact and energy usage in every



stage is considered while studying life cycle assessment. Life cycle assessment (LCA) is a
qualitative tool used to measure the environmental impact of a product in its entire life
cycle. LCA has been widely used in evaluating the impacts over entire life cycle of products
in automotive sector, manufacturing industry and consumer product (De Kleine et al., ;
Keoleian et al., Spitzley et al., . However, evaluating LCA of a building is
challenging and complex because of the buildings long service life. The average service life

of a building in the U.S is 120 years (Institute, |2014).

Resource | xtraction

Figure 1.1: Life cycle analysis

The numerous components, assemblies and equipment required for constructing the build-
ing from multiple suppliers and contractors adds to the complexity of performing a detailed
LCA analysis of a building. Gathering data from these suppliers and evaluating them can
be a complex and tedious process. Also, the integration between building simulation soft-
ware and LCA tools is not very efficient. Most of the building simulation tools focus on
the performance of the building in terms of energy consumption, HVAC and lighting design.
The common measures used in LCA are global warming potential, greenhouse gas, usage of
non-renewable energy source, acidification potential, human health criteria air-mobile and
ozone depletion potential. In spite of some challenges, there are benefits of performing LCA
for a building. Performing a detailed LCA helps making informed decision at early stages

of the building design process so that the building performs as per the requirement. The
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performance of building with different design and different scenarios can be compared and
an informed decision can be made at early building design stage. The environmental impact
of building over its entire life cycle is studied which helps in evaluating any scope for per-
formance improvement during the buildings operational phase. This in turn helps in budget
and financial planning for retrofits, renovation and refurbishment. Performing a LCA also

contributes to Leadership in Energy and Environmental Design (LEED) certification points.

1.2 Motivation

The engineers and architects have a vast number of building simulation and LCA tools
available at their disposal. Some of the common tools used in this industry are EnergyPlus
(US-DOE, 2017), eQUEST (US-DOE, 2009) and Athena (ATHENA, 2017). These tools
are used to study the performance of building under different design parameters. In recent
years, with the growth of machine learning and optimization algorithms, these tools have
been utilized to study the input-output relationship for a specific performance objective of the
building. Another utilization is to find the optimum settings for building design parameters
to minimize (or maximize) a specific objective related to the building. Since these tools are
high-dimensional, with large number of inputs, a full combinational run of input settings is
not feasible. Hence sampling techniques called design of computer experiments are used to
sample points strategically so that maximum information can be obtained in minimal runs.

The tools mentioned often act as a ‘black-box.” That means the exact relation between
inputs and outputs are unknown. Traditionally, metamodels (or surrogate models) are used
to approximate this relationship. It is crucial for the surrogate to model the relationship as
accurately as possible in order for it to be used as a prediction function.

The presence of large number of categorical features, along with possible nonlinear rela-
tionship and interactions between features, makes the computer design — metamodel process
challenging. This research aims to address these challenges. Although this work is moti-

vated by green building analysis study, the framework proposed can be used for broader
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applications which involves complex data structures and computer experiments.

The remainder of this dissertation is as follows. Chapter 2 gives a literature of experi-
mental designs and metamodels used traditionally. The limitations and shortcomings of the
literature are discussed, thereby leading to the motivation for this research work. Chapter
3 provides a comprehensive study of computer experimental designs capable of handling
mix type features (categorical and numerical). Using existing designs, we also propose two
new families and their variants of experimental designs. Chapter 4 proposes a machine-
learning framework with the ability to model nonlinearity and interactions for complex data

structures with categorical and numerical features. We then discuss future work in chapter

D.
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2 Literature review

2.1 Computer simulation

With the advancement of computational power in recent years, engineers and scientists use
high fidelity computer simulation models to understand the behavior of a system. In many
applications like crash simulations, commercial building performance, fluid dynamics and
climate change behavior, it is not feasible or practical to perform experiments. This is where
computer simulations, being flexible and having the ability to model complex systems is
beneficial. Compared to performing actual experiments (where feasible), simulation model
offers time and cost savings. Studies conducted using these simulation systems can facilitate
making critical decisions during the development phase of the process or product.

Unlike physical experiments, there is no random error or noise in a computer experiment.
Apart from being deterministic rather than stochastic, there are many significant differences
between physical and a computer experiment. In order to make a physical experiment
more robust, the process of randomization i.e. randomly assigning experimental units to
treatments is commonly done. If the experimenter is aware of a factor affecting the response,
but is not specifically interested in studying the factor, the technique of blocking is applied
in a physical experiment. Then there is also replication or running the experiment multiple
times under the same scenarios in a physical experiment. The three concepts mentioned —
randomization, blocking and replication are methods used to improve the robustness of the
experiment making estimates and conclusions stronger. These techniques are not applicable
to computer designs because of them being deterministic without any random noise. Running
a computer experiment with the same settings will give identical outputs. Hence, the main
aim of a computer experiment can be stated as to maximize information by using as minimum
runs as possible. This is achieved by using various techniques of space-filling designs and
model-based designs (discussed in the next section).

The computer simulation usually requires large number of input parameters (or factors)

12



to be defined. These input factors interact in a complex manner to calculate the output
metric. The nature of relationship between input factors and output measures is unknown,
thus making these simulation models a ‘black-box’ system. A layout of a typical building

performance simulation program (like EnergyPlus,eQUEST etc) is shown in figure

Building
geometry& = Annual energy consumption
envelope = Energy savings
HVAC energy
Location &
Weather
Simulation
engine (Black- Output i ¢
Indoor air quality
box measures
HVAL ) Visual and acoustical comfort
systems e
Daylighting
Internal
loads
Green House gas emissions
: Global warming potential
Operating =  Ozone depletion potential
schedules

Figure 2.1: Green building simulation example

The input factors can be grouped into high-level categories like location and weather,
HVAC systems, building geometry and envelope and internal loads. The output measures like
annual energy consumption, indoor air quality and greenhouse gas emissions are calculated by
the unknown transfer function using the input factors. In this way, the buildings performance
under various scenarios and designs can be studies using a simulation model.

In spite of its numerous benefits, the computer simulation is time and computationally
expensive. Since these models are high dimensional, running a single experiment can be
computationally intensive. For example, a crash simulation performed at Ford Motor Com-
pany took anywhere between 36 to 160 hours to run (Crombecq, 2011). Hence, for efficient
utilization of such a simulation model, there are two challenges posed by the methodology
of such a study. It is infeasible to run the experiments for every possible setting of the input
factor.Hence, careful consideration should be taken in selecting the settings of the input
factors to be studied. To optimize this process, experimental design is used. Experimental

design gives the settings or ‘design points’ for the experiments to be run. Ideally, the points
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generated from an experimental design should give information of the desired performance
metric with minimal runs. The quality of experimental design is crucial to understand the
behavior of a complex system. Hence, the first challenge faced by the experimenter is the
selection of an appropriate experimental design for the problem at hand. As mentioned
earlier, these high dimensional simulation runs can take a long time to run. An iterative,
trial and error procedure cannot be used to understand the output measure. To overcome
this problem, a metamodel (or surrogate model) is fit. The metamodel is a mathematical
function approximating the relation between input factors and outputs. A good metamodel
is that which closely mimics the true underlying behavior of the system. The metamodel
can then be used to predict the output at unexplored design points (prediction), or to find
the settings of input factors to optimize an output measure (optimization). For a metamodel
to approximate the output accurately, it is critical the experimental design is selected prop-
erly. Apart from time-savings, the metamodel will also aid the experimenter in studying
the significant input factors affecting a particular response. This metamodel once built, can
be used as a surrogate to the time-consuming computer simulation model. The surrogate is
a cheaper and convenient approximation of the actual computer model. Some applications
where computer simulation is used are behavorial sciences (Kohli & Peralta, 2017)), aerody-
namic design (Yondo et al.,2018), turbomachinery design (Peter & Marcelet, 2008)), building
energy performance (Tian, 2013)), and chemical engineering (Diwekar et al., [1992; Diwekar
& Kalagnanam, 1996; Diwekar & Rubin, [1994)).

We discuss the general process of computer simulation study and then some common
experimental designs and metamodels used in the literature.

The general steps in the process of computer simulation study are shown in figure

1. Select input factors - The selection of factors to be studied is decided by the experi-
menter. The input factors selected should be one of interest to the experimenter, and
the possibility of the factor significantly affecting the response under consideration.

Depending on the type of simulation program used, there might be some factors that

14



Select Input Experimental Perform
Factors Design Experiments

Modeling

Figure 2.2: Computer experiments - metamodel process

are mandatory for the simulation to run. These types of factors must be included in
the design. Since computer simulations can be time consuming, the number of factors
to be studied is also a critical part of the experiment. A screening design can be used
initially to narrow down the list of few significant factors if the number of factors is

large.

. Experimental Design -The experimental design is a collection of points to run the
computer simulation. Ideally, the experimental design should be robust and have good
space filling properties so that maximum information regarding the design space can

be attained in as few runs as possible.

An advantage of experimental designs is that the correlations between factors is near
orthogonal. This allows the experimenter to make independent estimations of factor
effects. Some research have been done regarding this issue. Chapman et al. and Jones
(Chapman et al., suggest to use a sample size of 10d, where d is the dimension
of the computer experiment. Various studies have supported the 10d rule, especially
when d < 5 (Loeppky et al., . However, with high-fidelity experiments, even 10d
might be too expensive to run. But a more general rule is to evaluate the accuracy
of the metamodel, and to add more design points if needed. An advantage of some
experimental designs is that the correlations between factors is negligible. This allows

the experimenter to make independent estimations of factor effects.
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The input factors can be of various types. For example, in the application of building
performance simulation, factors like ventilation, ambient temperature take continuous
values, and are considered as numerical. The values for insulation and number of win-
dows are discrete numerical, whereas wall type and glass window type are qualitative
and categorical. Depending on the types of factors selected, and the number of fac-
tors, an appropriate experimental design should be considered. The different types of

experimental designs are discussed in the next section.

. Perform experiments - Using the experimental design, the next step is to run the
computer simulations. If multiple processors are available, the simulations can be
run in parallel to optimize the time. Depending on the type of computer simulation
and its capabilities, the various output measures can be visualized and exported to a

spreadsheet.

. Modeling The goal of an experimental study mainly are: i) to find the optimum setting
of factors for the response under consideration,and ii) to understand the relationship
between set of factors and the response. A meta-model (or surrogate model) is a model
of the high-fidelity computer model, built using the data collected from simulation runs
to approximate the response. The metamodel is a computationally quick representation
of the computer model. The general relationship between response and input can be
written as. Y = g(x) + error,where Yis the response as a function of z. The unknown

function g(z) is approximated by the metamodel

9(x, B)

where beta is the unknown model coefficients.

16



2.2 Experimental designs
2.2.1 Classic RSM

Box and Wilson in 1951 (Box & Wilson, |1992)) developed response surface methodology
(RSM) with the aim to optimize manufacturing process in chemical industry. Responses like
high yield, purity and low-cost of chemical reactions were studied and improved using RSM
(Dean et al., [1999). A response surface is a geometrical representation of the relationship
between factors at different levels and its mean response.

Assuming there are p two level factors, a standard first order design will have 2P ‘factorial
points’ along with center points. A full factorial 2p designs have all the combinations run in
the experiment. Hence, with increase in p, the number of experimental runs increases. If a
fraction of the full combination is run, then these designs are termed as fractional factorial
experiments. A resolution III or higher design is preferred.

A second order design is preferred when modeling using linear effects (first order designs)
is insufficient. Estimating quadratic effect is possible using a second order design. The center
points and star or ‘axial’ points augments estimating curvature effect. Central composite
designs (Box & Wilson, [1992) and Box-Behnken designs (Box & Behnken, [1960) are some

of the most common second-order designs.

2.2.2 Optimal designs

Kristine Smith, a Danish statistician created a family of model-based optimal designs (Smith,
1918). The designs are optimized over a statistical measure based on the model. Depending
on the optimality criterion chosen, there are different types of model-based designs. The
experimenter has to pre-specify a model for the experiment, and based on an iterative search,
these designs are generated by a computer algorithm. In the literature, they have also been
referred to as computer-aided designs (NIST, 2009).

Some of the common model-based designs are D-optimality, (which is maximizes the

17



determinant of information matrix), thereby reducing the variance of parameter estimates),
A-optimality (minimizes trace of the inverse of information matrix; minimizes average pa-
rameter estimate variance), and G-optimality (minimizes the maximum prediction variance).
It is important to know that the design points are dependent on the pre-specified model,

these designs are not orthogonal, and hence there may be confounding parameter estimates.

2.2.3 Space filling designs

The computer simulations are deterministic in nature i.e. multiple replications at the same
design point will give the same response value. Without a variance component, the model
error for a computer design can be attributed to bias. A natural way to reduce the bias is to
spread out design points uniformly over the design space. One of the desirable characteristics
of an experimental design is for it to give most information with minimum runs. Two design
points adjacent to each other will provide similar information. To overcome these challenges,
space-filling designs were proposed. The space-filling designs are usually evaluated using a
spatial or distance metric.

A sphere packing design is optimized to distance the design points. Johnson, Moore and
Ylvisaker defined the maximin and minimax design (Johnson et al., [1990)). For a design
region D, and with z any point in the design region, the maximin and minimax design can

be defined as

max mind (x;, ;) (1)
D i
and
in max min d(x,x;) (2)

Along with uniform spread of points, another desirable property of a space-filling design
is its projection characteristics on lower dimensions. In practical applications, only a subset
of factors have an effect on the response. These factors are called ‘active’ factors. Hence,

when projected on these active factors, the design should have a uniform spread of points.
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Latin Hypercube Design, proposed by McKay et al in 1979 overcomes this challenge by
placing a constraint while generating the design. LHD requires the number of levels for
the factors to be same as the number of runs. Using this requirement, LHD achieves equal
spacing of design points in each dimension. LHD is constructed by dividing the design region
into evenly spaced cubes, and then sampling only one point across every row and column
(similar to Sudoku problem). It is important to know that there are multiple possible LHDs
for the same design settings.

Orthogonal arrays, popularized by Genichi Taguchi in the field of quality engineering, is
a type of fractional factorial designs. The concept of OA is attributed to Rao (1946) (Rao,
1947) who extended Kishen’s (1942) (Kishen, |1942) work of Latin square and mutually
orthogonal Latin square. Bose and Bush proposed construction of OA using Hadamard
matrices (Bose & Bush, [1952). Other research on the construction of OA are Addelman-
Kempthorne (Addelman, [1962) and Rao-Hamming method. An OA of strength ¢ for p
variables at ¢ levels, is an arrangement of points in such a way that all level combinations of

factors occur in subset of ¢ factors occur with same frequency A. The general form of OA is

A — (n7p7Q7t)

Use of OAs enables one to study the effect of pairwise combinations of the levels of all the
factors in the study. A subset of columns from an OA also forms an OA. This property
can be used to sample any number of columns from an already existing OA for the exper-
imental study. The columns of an OA are the factors of study, and the rows represent the
experimental run.

An extensive library of existing OAs has been maintained by Neil Sloane (Sloane, [2009)).
The concept of OA has been extended to incorporate different number of levels for factors.

This type of OA has been referred to as asymmetrical OA as well.
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2.2.4 Quasi-random sampling

Using discrepancy as a metric, quasi random sampling fills the design points uniformly using
a deterministic approach. Discrepancy measures the density of the area in the hypercube,
and uses this criteria to space points uniformly. They have been shown to exhibit better
space filling property than random designs. Some of the commonly used low discrepancy

sequences are Sobol (Sobol’, |1967) and Halton (Halton, 1960).

2.3 Metamodel

~
Design of Experiments Surrogate model
(Cheap-to-evaluate)
Kin Xzn Xgn)——__ ¥=/k)
Design Space

Expensive-to-evaluate

system/function (black-box) » (Yy,,...Yn) - »

V= f(x)

e el Ty T

INPUTS

OuTPUT

Figure 2.3: Metamodel ((Yondo et al., 2018)))

A meta-model is a mathematical representation of the relation between design factors
and the response. Many computer models act as a ‘black-box’ where the characteristics of
the underlying function are unknown. A much faster and cheaper meta-model can be built
using the data collected from experimental design to understand the relationship and to
predict response values of future points. Various types of metamodels have been used in the
literature to model system behavior. In this section, we discuss some of the most commonly

used metamodels.
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2.3.1 Response surface models

The most simple way to fit a surrogate model is to use polynomial regression. Polynomials

of any order can be used to approximate the response. The general form can be written as

906 8) =Bo+ D By + > ) Biwrue + > By
J J k>j J (3)

Y DD Byt Y B
j

ji k>j 1>k

The model coefficients 5 can be estimated using least squares since it is a linear model. The
size of training data increases as the order of polynomials is increased. Some of the benefits
of using a polynomial regression is that they are easy to fit and can be interpreted easily

compared to some other meta-models.

2.3.2 Multivariate adaptive regression splines

Multivariate adaptive regression splines (MARS) was introduced by Friedman in 1991 (Fried-
man & Roosen, 1995)). It is a non-parametric spline based algorithm. The model is built in
two stages — forward and backward pass. Model terms in the form of hinge functions are
added in the forward pass until a certain stopping criteria is met. In the backward pass, the
model terms with the least contribution are pruned. The criteria used to remove model terms
in the backward pass is called generalized cross validation (GCV). A MARS approximation

can be written as

Q(Xa 5) = o + Z BmBm(x> (4>

where (,, are the coefficients, and B,, is the basis function. The hinge basis function can be
written as,

[+ (i — )],

where [-]; is the positive part of the function.
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2.3.3 Kriging

Kriging or spatial correlation models is a type of modeling technique, which exploits the
correlation between, points to model a response surface. This concept was first introduced
by D.G Krige (Krige, [1996|). Inspired by this modeling technique, Sacks et al. extended
this to be introduced in surrogate modeling (Sacks et al., [1989). The points adjacent to
each other will have highly correlated response values, whereas farther points will have less

correlated responses. Kriging can generally be stated as

M

9%, 8) = BnBm(x) + Z(x) (5)

m—1

With linear model component and a stochastic component. Z(z) is a random component

with mean zero and covariance. The covariance is given by formula
Cov |[Z(x), Z ()] = 0°R (x, ') (6)

where R is called the spatial correlation function. Some of the correlation models are
1. Exponential: e — |z; — x| 6,
9. Caussian: e~ (@20
3. Linear: max{0,1 —0; |x; — x,|}

The Gaussian correlation model is the most commonly used in engineering applications.

2.3.4 Radial Basis Function

The general form of radial basis function can be written as

Q(X)ZﬁoJrZﬁib(llw—will) (7)
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RBF is a linear combination of basis functions and uses the distance (usually Euclidean)
between the input space and a point in the design space. Some of the basis functions include
linear, cubic, and multi-quadratic. The selection of appropriate basis function is critical for
a good approximation. Even though RBF is a linear combination of basis functions, it can

approximate nonlinear relations effectively.

2.4 Contribution

The contribution to this research lies in twofold. This research was motivated by defining
a framework for optimizing the selection of green building technologies using a computer
simulation program. There is abundance of building energy simulation software available
today. Some of them are EnergyPlus, eQUEST and Athena. Using a building information
model (BIM), which includes detailed information on the building, simulations can be run
to understand the performance of building under different scenarios. As mentioned previ-
ously, studying the performance of a building using simulations involves different types of
factors namely, numerical, discrete-numerical, and categorical. Hence, there is a need to use
an experimental design capable of handling this mix of factors. Most of the experimental
designs in the literature consider only numerical factors. More recently, experimental de-
signs involving numerical and categorical features have been proposed. However, all of these
designs have been evaluated and studied based on their ‘space-filling’ properties using an
appropriate distance metric. None of the experimental designs in the literature are evalu-
ated on the surrogate model built using the designs. In this study, we do a comprehensive
study of the experimental designs for mix types of factors. We evaluate the designs based
on the surrogate-model’s prediction and feature selection capabilities. A surrogate model’s
performance will only be as good as the quality of data fed to it, and this quality of data
will in turn depend on the performance and characteristics of the experimental design used
to generate it. Hence, we try to study the experimental designs based on the performance

of the meta-model built using it. We also consider a complex mix of non-linear responses
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using the experimental designs and meta-model.

The second contribution comes in the modeling aspect of the above process. Certain
applications like, sustainability assessment in green building, have a mix of categorical and
numerical features. The relation between response and features in these applications can
be highly nonlinear in behavior. Moreover, interactions between features impact sustain-
ability metrics, and addressing interaction modeling for this mix of feature types is another
challenge. While some of these challenges have been addressed individually in the litera-
ture, there is no methodology that handles these complexities simultaneously. We propose
a method combining multivariate adaptive regression splines (MARS) with group LASSO
to screen relevant features and model terms. Using experimental design, we uncover causal
understanding and show that models fitted with our methodology have improved prediction

capability.
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Comparison of Experimental Designs with qualita-

tive and quantitative inputs

Abstract

With the advancement of computational power in recent years, engineers and sci-
entists use high fidelity computer simulation models to understand the behavior of a
system. Most of the computer experiments in the literature consider only numerical
factors. Many engineering applications also involve a high number of discrete numer-
ical, categorical and ordinal factors. In this work, we propose two different families
of experimental designs namely - Kung and Martinez, capable of handling this mix of
factor types. We compare their performance with other experimental designs in the
literature. The designs are evaluated based on the performance of metamodel (surro-
gate) fitted using them, rather than a spatial or distance metric traditionally used in

the literature.
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3.1 Introduction and motivation

Complex physical systems can be studied by using complex computer models. For example,
high-fidelity computer simulations closely emulates the real physical system behavior, which
enables the experimenter to understand and study the system more efficiently. Many times,
performing physical experiments may be too expensive or not feasible at all. A computer
model is used in such situations to test the performance of the system under different condi-
tions. Computer simulation models are used in industry to enhance the quality of products
and processes and promote innovation. Such simulation models are useful in studying trade-
offs where there are conflicting objectives such as sustainability assessment, which exhibits
tradeoffs between, cost and design objectives. Computer models are also widely used in
sensitivity analysis and reliability studies. (Tian, 2013])

Most of the literature consider only numerical factors while generating the experimental
design. However, the presence of categorical factors in engineering applications is common.
Consider the example of a building energy performance simulation. Factors like window
type, wall construction type, and building orientation are categorical features with multiple
levels. Moreover, there are also discrete-numeric type factors like insulation present in this
application. Another example is from solid end milling process where factors like number of
flutes, type of work piece material are categorical (Joseph et al., 2020)). Such a vast presence
of categorical features in engineering applications demands the need of experimental designs
capable of handling mixed type of factors. Research in the field of experimental design with
categorical factors is very limited. This lack of research can be attributed to various chal-
lenges involved in handling categorical factors. Lack of information provided by categorical
factors (Ortiz, 2012), their discrete nature and ambiguous center points for categorical fac-
tors while using classic experimental design types are just some of the challenges present
with the use of categorical factors.

Motivated by the lack of research work in comparing different experimental design types,

this paper provides a comprehensive study of performance of these experimental designs.
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Although numerous studies have compared experimental designs involving continuous factors
using different criteria (Alam et al., 2004; Bursztyn & Steinberg, [2006; Chen et al., 2007,
the research on experimental design with mixed factor types is still very scarce. We evaluate
the experimental designs on the metamodel fitted using these different design types. Most
of the work in the literature evaluate experimental data using a spatial or distance metric.
This paper differs existing works because the experimental design is evaluated on the basis
of prediction and feature selection. The performance of metamodel will only be as good as
the quality of data fed to it, which in turn depends on the type of experimental design. The
metamodel is evaluated on prediction and feature selection performance.

The paper is organized as follows. In the next section, we discuss some of the experimental
designs found in literature capable of handling mix type of factors. We also discuss two new
experimental design types and their different variants. Section 3 describes the simulation

study settings, followed by discussion of the results in section 4.

3.2 Experimental designs

3.2.1 Maxpro

Traditional maximin and minimax designs have good space-filling properties in full dimen-
sion. However, in most of the experiments, only a few factors impact the response, or we can
say that only a subset of factors are ‘active.” The traditional maximin and minimax designs
when projected onto lower dimension lose their desirable space-filling characteristics. To
maximize space-filling properties on projections to all subsets of factors, Joseph et al. pro-
posed maximum projection designs or Maxpro (Joseph et al., 2015). In traditional maximin
designs, the points are spread in the feature space so that the minimum distance between
them is maximized. Traditionally, the distance metric used is Euclidean. The maximin
distance can be represented as

max min d(z;, ;) (8)
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To achieve maximum projection onto subsets of factors, Joseph et al. (Joseph et al.,|2015)

proposed a new distance criterion. The criterion is defined as.

r \ U/p
n—1 n
1 1
min (D) = 5 ( (9)
p n i=1 j=i+1 Hf:l (zi — 1)
2
\ J

Using a fast derivative based optimization algorithm, the above problem is solved to find the
design points.

In 2020, Joseph et al. (Joseph et al.,|2015) extended their Maxpro design to accommodate
multiple types of factors — namely continuous, nominal, discrete and ordinal. This design is
called MaxproQQ (Maximum projection designs with qualitative and quantitative factors)

(Joseph et al., 2020). In order to achieve the same, the criterion was changed to

n

1 = 1
(D) = 72 Z 2 2

n o\ =t =it [T (za — 2)° TI22, {\uik — wj| + m%c} bt {I (vin # vjn) + Lih}

2

(10)
where p; is the number of numerical factors, p, and ps are the number of discrete numeric
and nominal factors respectively.

When there are only numerical factors present, the above equation reduces to equation 9.
The MaxproQQ design starts with a random Latin hypercube (LHD) design for numerical
and discrete-numerical factors. To handle nominal factors, the authors suggests to make
use of existing physical experiments literature like fractional factorial designs, orthogonal
arrays, D-optimal and I-optimal designs. Using simulated annealing algorithm, the initial

design space is then optimized using criterion. The R package “Maxpro” was used to generate
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the designs for our study.

3.2.2 Cluster of clusters using Fast Flexible Designs

Most of the space filling designs are generated based on the input space being a hyper rect-
angle However, many scenarios require the input space to be constrained in a nonrectangular
region. Ryan.L and Bradley Jones (Lekivetz & Jones, 2015) proposed a clustering based -
space filling design with the ability to create designs for rectangular and non-rectangular re-
gion called fast flexible design (FFF). A large sample N is first obtained from the numerical
design space. Then, using Ward’s minimum-variance criterion (Ward Jr, [1963|), n clusters
are formed. The experimental design is constructed by using cluster centroid as a design
point. Using the above concept of FFF, the work was extended to include nominal factors.
This design capable of handling nominal features is called Cluster of clusters (CoC) CoC is
initialized similar to FFF design, by a random sample of N in the input space. The design
generation can be explained as below (JMP, 2020). Assuming there are m combination of

levels of nominal factors, and & design points are allocated to each of these,

1. The N points are clustered into k groups, called the primary clusters.
2. m sub-clusters are formed within the k primary clusters.
3. Within each m sub-cluster, a design point is calculated using the optimality criterion

4. One of the m combination of levels is randomly assigned to each m sub-cluster within

each k primary cluster.

5. A design point is chosen using the optimality criteria for each of the m combination
of levels, for each k primary clusters. This process is repeated 10 times, or until no

improvement is found by changing the given design points.

The optimality criteria used is a weighted version of the Maxpro criterion. The weighted
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maxpro criterion is

( \ 1/p
n—1 n
; 1 Hg: I, (Cih = C‘h)
miny (D), = D e : (11)
n | i=1j=i+1 =1 (Ta — 1)
2
\ )

where I, (¢in = ¢;n) = wp, > 1 if row ¢ and row j have the same value for nominal factor h,
and otherwise. For equal weights, the equation reduces to the maxpro criterion of equation
9. For our study, the cluster of clusters design was generated using JMP software (SAS,

2020)).

3.2.3 Sliced Latin Hypercube Design

A special type of LHD intended for running computer experiments was proposed by Peter
Z.G. Qian (Qian, 2012) called sliced latin hypercube design (SLHD). In this design, a typical
LHD is partitioned into smaller slices, where each individual slice is a smaller LHD. This
design achieves maximum uniformity in any one-dimensional projection, in any slice. In
applications where computer designs are to be run in batches, each slice can be allotted
to the different batches of the runs. SLHD can also accommodate nominal factors. An
n run SLHD, for p numerical factors can be partitioned into ¢ slices. Assuming ¢ is the
number of combination of levels for categorical factors, each combination can be assigned
to the individual ¢ slices, thereby forming a complete design accommodating numerical and
categorical factors. To improve the computational requirement and efficiency, Shan Ba et al.
developed a two-stage algorithm to generate SLHDs. We refer the reader to Optimal SLHD
(Ba et al., 2015)for the design generation and optimization process. The R package “SLHD”

was used to generate the designs in our study.
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3.2.4 Kung

In 2012, Pin Kung studied multivariate, multi-stage green building framework (Kung, .
His work utilized building performance simulation software, along with design and analysis
using computer experiments (DACE) approach to study building options that impact energy
usage and cost metrics. Kung proposed a hybrid Sobol sequence(Sobol’, [1967)) — mixed
orthogonal array (MA) to accommodate the mix of numerical and categorical features. The
design points for numerical space is generated using a Sobol sequence. Mixed arrays, which
enables to have different number of levels for factors, are used to handle categorical features.
These two designs are then combined using a two-factor LHD to form a complete design. A

schematic of design generation is shown in figure In the above schematic, a 96 point

45

96

b =

Sobol sequence
39 52

192

96

Figure 3.1: Kung’s design

MA and Sobol sequence is used for categorical and numerical factors respectively. For the
first run, the 45th row of the MA and the 73rd row of the Sobol sequence are combined to
form a complete run for the overall design. The numbers 45 and 73 were the first points of

a two-factor LHD. The points for numerical space can be generated from any space-filling
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design. The steps to construct Kung’s design can be stated as:

Step 1: Generate random sample of n points using a space-filling design.
Step 2: Select an appropriate MA/OA of n points.
Step 3: Construct a two-factor LHD.

Step 4: Combine the space filling design and MA /OA to form a complete design.

Based on previously described designs, we create additional two designs using the Kung
methodology. The first design is called Kung- Maxpro or KungMP, in which we perform
step 1 using a Maxpro design for numerical features. The other design Kung-SLHD is

generated by using a SLHD in the first step of Kung design generation.

3.2.5 Martinez

Nadia Martinez, in her thesis titled ‘Global optimization of non-convex piecewise linear
regression splines’ proposed a categorical adjustment method to handle the mix of variables
(Martinez Cepeda, [2013]). The design starts in the numerical space within the range [0, 1].
A Sobol sequence is used as the initial design space. The categorical adjustment is done
as follows. A 2-level categorical variable takes the first level if the corresponding Sobol
sequence value is less than 0.5, otherwise it takes the second level. A threshold is calculated

for categorical features higher than 2-levels. The threshold is calculated by

1
T:—
p—1yp

where p represents the number of levels. For example, suppose a variable with 4 level has

(12)

the threshold value 0.6299. If the maximum value of all of the relative values for the variable
for each level in Sobol’ sequence is equal or greater than 0.6299, the variable takes the level

that corresponds to the maximum value, otherwise it takes the last level.
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For example, a, b, ¢ and d are the levels of a 4-level factor (X). If Max{X,, Xy, X.} = X,

then, if
Xy > 0.62996,
then
X=b
and if
Xy < 0.62996
then
X =d

Martinez design can be summarized to have the following process:

Step 1: Construct a design for numerical space with predefined columns.
Step 2: Randomize the columns.

Step 3: Perform categorical adjustment to convert to discrete levels.

Similar to Kung’s design, we also construct Martinez’s design using Maxpro and SLHD in

the first step. We call the design MartinezZMP and MartinezSLHD respectively.

3.3 Computational studies

In this section, we consider a comprehensive simulation study to evaluate the experimental
designs discussed in the previous section. As compared to the previous experimental designs
studies, the aim of our study is to evaluate the performance of designs on the fitted meta-
models. The meta-models fitted using these experimental designs will be evaluated on their

prediction and feature selection performance.
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Along with the previously discussed designs, we also introduce two “benchmark” or
designs without “intelligence” for our comparison study. These benchmark designs are gen-
erated using the Monte Carlo principle of sampling. For the first benchmark design, which
we call Monte Carlo (Uniform), the numerical factors are sampled from a uniform distribu-
tion in the region [0, 1]. The categorical factors are then sampled uniformly using integers,
which represent the number of levels for that corresponding factor. For example if z4 is a
categorical factor with 4 levels, for a particular run, the level for z, is randomly sampled
from the set [1,2,3,4]. The numerical and categorical features are then randomly merged to
form a complete design. The second benchmark design is similar to the first one, except that
the numerical factors are sampled from a beta distribution with parameters « and S set to
1 and 3 respectively. The simulation study has been designed considering various factors

discussed below.

3.3.1 Computer model parameters

1. Dimension - It represents the total number of features. The levels for this factor are

12 and 60.

2. Proportion of true features — The screening process is intended to be beneficial in
applications with high dimension data where only few of the features are relevant for
prediction. Hence, for this study, we vary the number of true features affecting the
response to understand the performance of our methodology for different proportions

of true features. The levels for this factor are 0.5 and 0.75

3. Response type - We consider three types of interactions in underlying true model. They

are
(a) Type 1 - Numerical-Numerical interaction
(b) Type 2- Numerical- Categorical interaction

(c) Type 3- Categorical-Categorical interaction
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4. Non-Linear family — One of the motivating reasons to formulate this method was to
propose a framework with ability of modeling non-linear relationships. To evaluate our
modeling technique on various potential non-linear relations, we refer to the literature
of mathematical optimization. In mathematical optimization, there are variety of
test or benchmark functions to evaluate the performance of an algorithm. Ideally,
these functions should have diverse properties so that the algorithms can be tested
for convergence, robustness and general performance (Jamil & Yang, |2013)). Derek
Bingham and Sonja Surjanovic list a wide range of test functions on their website
(Bingham, 2013). From this list of test functions, we summarize and categorize the
non-linear relations in three families. The form of these equations and consequently,

the levels for this factor are

(a) NL1 - Non-linear in polynomials up to 4th order

(b) NL2 - Non-linear in trigonometric functions which includes non-linearity in sin

and cos terms

(¢) NL3 - Non-linear in log, exponential and logistic terms.

The interactions in the true response are allowed to be product of non-linear functions.
Example, f(z1) * g(xs) , where f(x) and g(x) are non-linear. The categorical features
in true response are represented using indicator variables. To summarize, the ground
truth is of the form y; = f(x)+¢; where f(z) is nonlinear in numerical features space,

and also includes categorical and interaction terms.

3.3.2 Experimental designs settings

1. Design Type - The datasets are generated from ten different types of experimental de-
signs capable of handling both — numerical and categorical variables. The design types
are namely — Kung, KungMP, KungSLHD, Martinez, MartinezMP, MartinezSLHD,
MaxproQQ, CoC, Monte Carlo (Uniform) and Monte Carlo (Beta).
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Dimensions | Size | OA #design points
12 1 L48.2.20.4.9 48

12 2 L80.2.22.4.9 80

60 1 [128.2.100.4.9 | 128

60 2 L256.2.52.4.3 | 256

Table 3.1: Selected OAs and size

2. Split - One of the objectives of this simulation study is to understand how the propor-
tion of categorical factors in the designs affects its performance. Hence the two levels
for this factor are Split 1 —75% of features are categorical and 25% numerical Split 2 -

Equal split (50-50) between numerical and categorical features.

3. Size - The Martinez family (Martinez, MartinezZMP and MartinezSLHD) of experi-
mental designs are generated by design for numerical space (Sobol, Maxpro design and
SLHD respectively) and then performing a categorical adjustment. On the other hand,
the experimental design belonging to Kung family (Kung, KungMP and KungSLHD)
and MaxproQQ are orthogonal array based, and hence their size is dictated by the ap-
propriate OA. For this study, we consider two sizes (size 1 and 2) of the experimental
design, where size 1 is a smaller design whereas size 2 is a bigger design with more
design points. The OA used along with the size for dimensions 12 and 60 are shown
in the below table. For an OA with N design points, with K1 factors at sl levels and

K2 factors at s2 levels are represented as LN.s1.K1.52.K2

3.3.3 Modeling techniques

We fit the prediction model using gradient boosting machine (GBM)(Friedman, [2001)). Apart
from having good predictive power, GBM also has the capability of handling mixed type fea-
tures and ability to model interaction effects. Since GBM is a tree-based model, it performs
feature ranking and not feature selection. Hence, for feature selection we use a group regu-
larized LASSO. Yuan and Lin (Yuan & Lin, 2006) proposed the group LASSO penalty that

performs grouped feature selection. Group LASSO is useful in settings where categorical

36



Predicted Model
Spurious | True

Spurious | a b
True c d

Confusion Matrix

True Model

Table 3.2: Confusion Matrix

features are dummy encoded. These encoded features can be grouped together, and group
lasso can ensure that all the variables encoding the categorical covariate are included or
excluded together (Wikipedia, 2009).

The hyperparameters for boosted tree (number of trees and shrinkage rate) and group
LASSO (lambda) are tuned using cross validation. An additional dataset generated by the
same type of experimental design as per the case study setting is used as a ‘fold’ to calculate
cross validation error and thereby find the optimum hyperparameter values. The minimum

CV criterion is used to perform model selection for group LASSO.

3.3.4 Model evaluation metrics

We evaluate the designs based on their prediction and feature selection performance. For
prediction performance, we compare the models using a testing data set generated by Max-

proQQ design and calculating Mean Absolute Error (MAE). The formula for MAE is given

by
MAE = M (13)
n
where |e;| = |y; — x4, y; is the prediction and z; is the true value. For feature selection

performance of the models, we use a metric suggested by Kubat et al. (Kubat et al., [1998])
. A confusion matrix for features can be constructed as shown in table B.2l This confusion
matrix is similar to the type I and II errors of hypothesis testing in statistics.

When there is class imbalance, then accuracy is a highly biased metric and can be mis-
leading. This concept is popularly called as accuracy paradox in the data mining community.

Hence, we use a more robust metric suggested by Kubat et.al (Kubat et al., [1998]) . From
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the confusion matrix, we can calculate sensitivity and specificity as defined by the below

formula.
Sensitivit d
V pr—
YT et d)
a
ificity =
Specificity )

Sensitivity or positive accuracy is the proportion of selected true features among all
true features. Specificity or negative accuracy is the proportion of unselected spurious vari-
ables among all spurious variables (Farahani, 2019). The higher number for sensitivity and
specificity is desirable for true model recovery. We calculate the sensitivity and specificity

separately for numerical and categorical features.

3.4 Results

The simulation study settings discussed above gave 1440 combinations. Since it is infeasible
to show results in plots across all the combinations, we only discuss some interesting results
found in our study. Additional plots are provided in the appendix. As mentioned, 100
replications of each case study setting was ran, and based on the selected features from
group LASSO, the sensitivity and specificity metric was calculated. A test dataset was
generated using MaxproQQ design. We report the testing MAE using the predictions on
this dataset. To maintain the uniformity and fairness in comparison, the same columns
of selected OA were used for all the OA-based designs (Kung, KungMP, KungSLHD and
MaxproQQ).

The horizontal axis of all the plots are ordered in a way that provides easy comparison
across the different families of experimental designs. The families can be grouped as Mar-
tinez and variants (Martinez, MartinezMP, and MartinezSLHD), Kung and variants (Kung,
KungMP, and KungSLHD), designs using Maxpro criterion (MaxproQQ, CoC) and Monte-
Carlo based designs (Uniform and Beta).

The boxplot (figure shows the prediction across all the cases (split, size, proportion
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of true features, response type and non-linearity). The plot shows the performance of all
designs in prediction is similar, and there is no statistical difference in the errors. The
Monte-Carlo beta design, which is used as a benchmark in this study performed worse than
other designs. Yet still not statistically different. This plot demonstrates the challenge in
choosing an experimental design for an appropriate application where prediction is of vital

importance.

Prediction error

25-

20-

15-

MAE

10-

Martinez ~ MartinezMP MartinezSLHD  Kung KungMP  KungSLHD  MaxproQQ CoC MC_ unif MC_beta
Type

Figure 3.2: Prediction error - dimension 12

The experimental design by JMP demonstrates some superior performance when it comes
to identifying the right features, or sensitivity. The figure shows sensitivity of numerical
factors for responses nonlinear in polynomials. Coc performed highly with sensitivity (nu-
merical) of almost 1, indicating it was able to identify all the factors in the underlying true
model. This was followed by categorical adjustment based designs (Martinez and family) and
Monte-Carlo uniform. The OA-based designs maintained the sensitivity of slightly less than

0.9. The beta distribution using Monte-Carlo sampling had a poor sensitivity of 0.6. This
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poor performance in selecting the right factors also reflects in its prediction performance. A
closer look at sensitivity for this non-linear family is shown in the figure This figure
reports the sensitivity only for the response where there is a categorical-categorical interac-
tion (response 3), and the superior performance of CoC is seen. The two lines representing
different proportion of true features follow a similar pattern, indicating the experimental
designs perform similar to the different proportion of true features.

The specificity for responses 1 and 2 are shown for the second non-linear family (figure
3.4a)). The SLHD variants (KungSLHD and MartinezSLHD) demonstrate stronger perfor-
mance when compared to their other variants, especially when the proportion of true factors
is 0.75. The specificity is increased by close to 13% in Martinez design, when SLHD is used
to sample numerical space instead of Sobol. This percentage is even higher (about 23%)
for Kung design. Another interesting finding is shown in the specificity plot (figure [3.4bj),
across all the nonlinear family for response type 3. Like sensitivity, CoC also showed higher
performance than other designs in specificity of numerical factors.

The prediction across all the case study settings are shown in the figure [3.5 Similar to the
smaller dimension, the prediction performance of all the designs are identical. As expected,
Monte-Carlo (beta) does perform worse.

The OA-based designs exhibit slightly higher sensitivity (categorical) for responses 1 and
3, in the second non-linear family (figure . Although the increase in performance is
marginal, in applications where identification of the right features is critical, these designs
can be appropriate. Under the same response type setting, for non-linearity in exponential
and logistic terms (NL3), the Sobol sampled designs (Kung and Martinez) perform better
than their variants. (figure

MartinezSLHD shows higher specificity for both type of factors, followed by KungSLHD.
Similar to the smaller dimension case study, the SLHD variants have a stronger ability
to remove redundant features. In the plot, it is also noticeable that the even though the

specificity performance of designs are similar for both the types of factors, the metric is
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Figure 3.3: Dimension 12-Sensitivity-NL1
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NL2 - response 1 and 2
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Figure 3.4: Dimension 12-Specificity
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Figure 3.5: Prediction error - dimension 60

scaled down for categorical factors. This indicates the challenges in modeling and feature
selection of categorical factors, and that it is easier for group LASSO to perform feature
selection on numerical features. (figure . The same behavior is also observed for NL3
shown in figure

In surrogate based optimization, the experimental design is the initial step of the opti-
mization process. To optimize a certain process, the algorithm is run in an iterative way,
to sample and evaluate the function multiple times. If the generation time of experimental
design is slow, the entire optimization process will be inefficient and slow to converge. Hence
the time to construct an experimental design is a crucial parameter in an optimization pro-
cess. The table shows design generation time (in secs) for 12 and 60 dimension designs of size
2. The 12 dimension design has 80 design points and the higher dimension has 256 design

points. All the designs were generated using intel(R) Xeon(R) processor.
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Figure 3.6: Dimension 60-Sensitivity
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Design type 12 dim 60 dim
Kung 0.205 3.453
KungMP 9.587 375.000
KungSLHD 3.231 102.000
Martinez 0.071 0.007
MartinezMP 18.013 703.560
MartinezSLHD 4.891 285.000
MPQQ 1.897 375.000
CoC 42.350 265.000
Monte-Carlo(uniform) 0.103 0.064
Monte-Carlo(beta) 0.115 0.054

Table 3.3: Design generation time (in secs)

3.5 Conclusion and future work

In this work, we proposed two types of experimental design capable of handling mix type of
factors. The proposed designs have the flexibility to change the way they sample numerical
factors, thereby creating multiple variants of the design. A comprehensive comparison was
conducted on ten different types of experimental designs.The designs were evaluated on
the performance of metamodel fitted using the data collected using the designs. While
some designs demonstrated marginally better performance than others, there was no design
that stood out from other.It would be interesting to study the designs using different meta-
models and possibly make some recommendations on design-model combination for a specific

application.
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4 Machine Learning Framework for Nonlinear and In-
teraction Relationships Involving Categorical and Nu-
merical Features

Abstract

Certain applications like sustainability assessment in green building have a mix of cate-
gorical and numerical features. The relation between response and features in these appli-
cations can be highly nonlinear in behavior. Moreover, interactions between features impact
sustainability metrics, and addressing interaction modeling for this mix of feature types is
another challenge. While some of these challenges have been addressed individually in the
literature, there is no methodology, which handles these complexities simultaneously. We
propose a method combining multivariate adaptive regression splines with group LASSO to
screen relevant features and model terms. Using experimental design, we uncover causal
understanding and show that models fitted with our methodology have improved prediction

capability.
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4.1 Introduction

With developments in data measuring and storing technologies, it has become easier to col-
lect high dimensional data to understand a system.Fields like neuroimaging, bioinformatics,
healthcare and finance have taken tremendous strides in using these high-dimensional data
for betterment of life around the world in all aspects. This rapid increase of data collection
and dimensionality comes with a drawback. Many of the features collected do not signif-
icantly affect the system under study, and can be considered as “noise.” Sparsity is even
more prominent in genomic studies where only a few genes out of millions contribute to
a biological outcome (Fan & Lv, 2010). This lead to the development of feature selection
concept in machine learning. Sparse models promote less overfitting of the models, and are
easier to interpret. The computational power required for a sparser model is significantly
less compared to a more complex high dimensional model. The process of finding the subset
of features relevant for prediction is called feature selection.

Focusing only on feature selection inducing sparsity, vast amount of literature can be
found on feature selection using penalty functions. Some of them are the popular LASSO
(Tibshirani, {1996]) and its variants — group LASSO (Yuan & Lin, 2006), overlapped group
LASSO (Bondell & Reich, 2006; Jacob et al., 2009), adaptive LASSO (Zou, 2006)), tree
LASSO (Liu & Ye, 2010), smoothly clipped absolute deviation (SCAD) (Fan & Li, 2001]),
Dantzig slelector (Candes & Tao, 2007), and minimax concave penalty (MCP) (Zhang,
2010) . Group LASSO and mutual information are capable of performing feature selection
for categorical features.

In many situations, the main effects are not sufficient to learn the underlying model. This
gap can be covered by including first order interactions in the model. When a function f(x,y)
cannot be expressed as g(x)+h(y) for some function g and h, then there is an interaction
present between x and y (Lim & Hastie, 2015)). In a complex system like building performance
analysis, the underlying behavior is potentially non-linear. With presence of mixed types of

factor, one can assume interactions between features to play a critical part in prediction.
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For a dataset with p features, the total number of interactions possible is (g) Hence
learning interactions becomes the case of p > n, where n is the number of observations.
Such a type of problem is suited for penalized regression. Much research has been done to
learn interactions using regularization (Bach & Jenatton, 2011; Bach et al., [2012; Lin &
Zhang, 2006; Yuan et al., [2009; Zhao et al., 2009)).

Categorical features are common in many real world applications. Wall construction,
windowpane type and window glass category are some of the examples of categorical features
in building performance analysis study. Dummy encoding categorical features will increase
the number of features and enforce the “curse of dimensionality.” Moreover, interpretation
of a model with dummy encoded features might not be straightforward. Of the research
discussed above, Glinternet (Lim & Hastie, 2015) is capable of performing feature selection
and modeling interaction terms with categorical features. HierNet (Bien et al., 2013) can
also model interactions with categorical features, but is limited to only two-level categories.

While above mentioned challenges have been addressed separately, complex data struc-
ture like building energy performance analysis demands the need to handle these issues
simultaneously. In 2015, David Hsu (Hsu, 2015)) used penalized regression to study energy
performance in buildings. Different variants of penalized regression — namely lasso, ridge,
elasticnet and Glinternet were used as prediction models for the study. Using multifamily
and office buildings in New York as a case study, it was found that modeling interactions
played an important part in predicting energy performance, and consequently Glinternet
performed the best amongst other models. It was also found that out of close to 300 features
(mix of categorical and numerical), only 50 of them were actually relevant in predicting en-
ergy performance, thereby exhibiting sparsity in features. This work demonstrates the need
of a framework capable of modeling interactions as well as screening relevant features, and
shows the appropriateness of such a methodology for building performance analysis study.

The next section discusses some of the modeling tools used in the framework. The

proposed methodology is then discussed, followed by the simulation study and results.
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4.2 Methodology
4.2.1 MARS

Multivariate Adaptive Regression Splines (MARS) is a non-parametric modeling method
proposed by Jerome Friedman (Friedman & Roosen, 1995). The modeling is done by com-
bining recursive partitioning on the data and fitting spline functions on each partitioned
data. Being a non-parametric modeling method, there is no assumption made about the
relationship between predictors and response. Due to this, MARS has the capability of

modeling underlying complex non-linear relationships. A MARS model takes the form

Q(X, 6) = Bo + Z ﬁmBm<x> (14)

where (3, are the coefficients, and B,, is the basis function. The hinge basis function can
be written as

[:l: (‘r% - C)]+

where [-],is the positive part of the function.

The model building is done in two stages. In the first stage, MARS adds basis functions
to the model. The basis functions are selected by the one, which gives maximum reduction
in sum-of-squares error. The model terms are then pruned in the backward pass, according

to a criterion called generalized cross validation (GCV)

4.2.2 Group LASSO

Regularization is a method used in statistical models to prevent overfitting. To under-
stand the need for regularization in prediction models, the bias-variance tradeoff must be
understood clearly. The prediction error of a learning model consists of bias, variance and

irreducible error. The relationship between the errors can be seen from the equation below.

Err(z) = Bias 2+ Variance + Irreducible Error (15)
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The irreducible error is noise in the data, which the current features are unable to explain.
The other two errors — bias and variance are controllable and can be influenced. Bias error
is the difference between expected value of a prediction model and the true observed value
of a particular data point. The bias error depends on the simplicity of the model and
the model assumptions. A simple model with fewer assumptions will fail to capture the
true underlying relation between the response and the features, also having the tendency to
underfit the model, which leads to high bias. Variance error indicates the spread of predicted
data from the model of a specific data point. Complex models that fit the training data too
well (thus overfitting the model) have lower performance on testing data. These models

have higher variance and consequently have higher testing error as well. The ‘bias-variance’

tradeoff is illustrated in the figure [4.1]

Total Error

Variance

Optimum Model Complexity

Error

Bia52

- -
Model Complexity

Figure 4.1: Bias-variance tradeoff

Overfitting the model is avoided by using regularization in the model. The regularization

introduces a tuning parameter (often represented by lambda) that balances the bias and
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variance. The general regression method with regularization can be expressed as

6 = a;gminny—Xﬁn%H-R(ﬁ) (16)

€Rp
Where R is the penalty or regularization term. The lambda term controls the amount of
regularization and shrinks the coefficients. The higher the lambda value, the higher penalty
is and coefficients will be driven to zero. Tibshirani (Tibshirani, 1996) proposed Least
Absolute Shrinkage and Selection Operator (LASSO), a penalized regression technique that
performs shrinkage and feature selection simultaneously. LASSO uses L1 penalty on the
regression coefficients, which induces sparsity in the model. The optimization for LASSO

can be written as

p
B = argmin [ly — X8> + A |51 (17)

j=1

In many real- world applications, the features or predictors are grouped or form an
intrinsic structure. The underlying structure and relation between the features are known
a priori in some applications. The use of structured features is even more prominent in the
field of bioinformatics. A challenging problem in this field is to find a mapping between a
small subset of loci representing single nucleotide polymorphism (SNP) that impact a family
of genes (Bach & Jenatton, 2011; Kim & Statistics, [2012)). The genes tend to work in groups
and many of these genes share common characteristics thereby having their own structure
and have their own underlying hierarchy. Another application in the field of bioinformatics
is in diagnosis of tumors. Recent advances in computers and technology, has increased
the amount of data available in these fields exponentially. To identify a certain kind of
disease, only a small group of genes is relevant out of the thousands of genes present in the
human body. Hence, a sparse model improves and helps in interpretability, while reducing
the complexity of the model. Sparsity inducing 11 norm and LASSO has been widely used
to perform feature selections in these kinds of applications. However, despite the success,

LASSO does not consider structured features and the existing relationship between the
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features. In neuroimaging and bioinformatics, the features exhibit some underlying intrinsic
structure, which LASSO does not make use of in its estimation and feature selection process.

The general form of regularized regression can be represented as.

Min f(z) = L(x) + A\Q(z) (18)

Where L(x) is the loss function, is the regularization term and is A the tuning parameter.
The features form a natural and distinct group in many applications. Yuan and Lin (Yuan
& Lin, [2006) proposed the group LASSO penalty that performs grouped feature selection.
The groups must be disjoint, which does not allow overlapping in group LASSO. The prior
knowledge of groups amongst features is used to improve the performance of the model.

Assume the features are in k disjoint groups G. .. Gy, the penalty in group LASSO is

k
Datasso () = Y wilza, | (19)
i=1

with w;, the weights for group 1.

4.2.3 Boosted Tree

Gradient boosted (Friedman, 2001)tree is a widely used machine-learning technique used
for both — regression and classification. Boosting is an ensemble technique, which combines
many weak learners in series (typically decision trees), thereby enhancing the prediction
performance. Using a loss function (squared loss for regression), the residuals from previous
tree are modeled in the succeeding tree, hence improving the model.

The regularization in boosted tree can be controlled by varying the values of model hyper
parameters. The critical hyper-parameters associated with boosted tree are the number of
trees (weak learners) and learning (or shrinkage) rate. The learning rate is the contribution
of each tree by a factor 0 < v < 1, where v is the learning rate. The two hyper-parameters

are dependent, and smaller values of learning rate corresponds to larger number of trees.
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It has been found that lower values of learning rate favors better test error. Tree com-
plexity is another hyper-parameter for a boosted tree model. The common practice to find
the optimum values of model hyper-parameters is through cross-validation. It reasonable
to understand that not all the features have equal importance in a machine learning mod-
els. Tree based models are feature ranking rather than feature selection models. Friedman
(2001) proposed a formula to measure the relative importance of features in a boosted tree
model. The measure takes into account the number of times a feature is selected for splitting,
weighted by square improvement of the model, averaged over all trees (Elith et al., 2008]).
The relative influence is scaled to 100, with higher values indicating more significance of the
feature in predicting the response.

We choose boosted tree for our modeling phase for few reasons. Tree based models
are capable of handling categorical features, without the need for dummy encoding them.
Dummy encoding categorical features increases the dimensionality, making the modeling
process complicated. Apart from having good prediction power, boosted tree also has the

capability to model interactions naturally.

4.2.4 Glinternet

Using group LASSO as the workhorse, Michael Lim and Trevor Hastie proposed an approach
to learn pairwise first order interactions in a regression model. Extending the work of Jacob
Bien et al (Bien et al., [2013)) titled ‘HierNet’ , Glinternet (group-LASSO interaction net-
work) models interactions that satisfy strong hierarchy. i.e. an interaction term is added to
the model only if the main effects are identified as significant. While HierNet is only ca-
pable of handling two-level categorical features, Glinternet can model interactions including

categorical features with arbitrary levels. The model for quantitative response is given by

P
Y =pn+ Z Xi0; + Z Xijlij + € (20)
i=1

1<j

with 6;, the coefficient for main effect X;, and 0;;, the coefficient for interaction 7j. For
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computational benefits, overlapped group LASSO (where features can belong to multiple
groups) penalty with constraint is solved as an unconstrained group LASSO problem. The
constraints are related to the coefficients of different levels for categorical features, where the
requirement is the coefficients sum to zero. The methodology was demonstrated on synthetic
and real-world datasets, and the results were comparable to existing modeling techniques.
With the modeling tools described, we now describe the proposed screening methodology

in the next section. The schematic steps of the proposed process is shown in the figure [4.2
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Figure 4.2: Proposed framework

1. Forward Pass using MARS - In the first step, we fit a MARS model only on the
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numerical features. The MARS model is allowed to overfit the data by including all
the terms in forward pass. The termination criteria for the forward pass related to
maximum number of terms is set to be a large number (1000), so that all MARS terms
in the form of hinge functions and interaction terms can be included in the model. The
backward pass or ‘pruning pass’ is set to “none” in the MARS algorithm, retaining all

the terms from forward pass in the model.

The rationale in using an overfit MARS model in step 1 is to capture non-linear and
numerical interactions aspect of the model. The selected terms (hinge functions and
interaction terms) from forward pass in MARS are then combined with all features —
numerical and categorical. The reason to include all features along with terms from
MARS is that in situations where just the linear terms is needed, the model will use

these instead of the basis function coming from MARS for prediction.

. Feature Selection using Group LASSO - The terms from MARS, along with all features
are then merged to form the entire feature set. This feature set is then fed to group
LASSO to perform feature selection. Group LASSO performs feature selection of
groups, by setting non-zero coefficients to important groups of features. The group
indices for group LASSO are set in such a way, so that the linear feature along with
its corresponding hinge function from MARS (if any) go in the same group. The
hinge function is represented as h(c + z), where c¢ is the knot position for variable
r. Example, a linear feature x1 and the hinge function from MARS h(0.3 — z1) get
the same group index for group LASSO. For interaction terms from MARS, the terms
involving same features are set the same group index. For example, the interaction
terms h(0.58125 — x1) * h(z6 — 0.24375) and h(zl — 0.58125) * h(z6 — 0.24375) gets
the same group index due to the same features x; and x4 involved in the interaction

terms.

The group LASSO will thereby perform selection of relevant features as well as inter-

56



action terms. The hyperparameter selection for group LASSO () is done via cross

validation using a dataset generated by experimental design.

The simplest and the most popular way of performing tuning parameter is by perform-
ing K-fold cross validation. The data 1,....,n is divided randomly into K folds of
roughly equal size denoted by Fi, ..., Fy. For each k = 1,..K , leaving the kth portion
out, the LASSO model is fit.

Consider training on (z;,1;), % ¢ Fi,and validating on (z;,y;), FY* is the estimate on
the training set. For each tuning parameter \, we compute the average error over all

folds, (Farahani, 2019). The cross-validation (CV) error is given by,

R 2
CVON) = £ 505 e, (31— F* (@)
Minimum CV chooses the value of A that minimizes CV(\).

Another method for model selection with LASSO is the one standard error rule (1SE).
1SE chooses the most parsimonious model with error no more than one standard error
above the minimum CV error (Lu, 2019). 1SE, which results in a sparser and simpler
model, is often used in model selection. The lambda value with minimum cross vali-
dation error is used for model selection. The reason we use minimum CV as opposed
to one standard error rule is that we want to make sure the true underlying model is

a subset of features selected by group LASSO with a very high probability.

. Model fitting - A boosted tree or Glinternet model is fitted using the features and
terms selected by group LASSO. Both the models — Boosted Tree and Glinternet nat-
urally model interactions and handle categorical features. To summarize, our screening
method uses forward pass in the MARS algorithm to generate potential curvilinear and
interaction terms. The backward or ‘pruning’ pass is done using group LASSO instead
of the GCV criteria in the original MARS algorithm, thereby performing feature selec-
tion while modeling non-linear and interaction relationships. It is important to note

that Any type of prediction model can be used in step 3 instead of boosted trees and
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Glinternet.

The proposed framework is beneficial in high dimensional complex data where potential
nonlinearity and interactions behaviors are present in the underlying true model. This
methodology will screen the relevant model terms and features to fit a prediction model,

thereby improving the prediction capability of the model.

4.3 Computational studies

In this section, we consider a comprehensive simulation study demonstrating the methodol-

ogy discussed in the previous section.

4.3.1 Computer model parameters

1. Dimension - It represents the total number of features. The levels for this factor are

12 and 60.

2. Proportion of true features — The screening process is intended to be beneficial in
applications with high dimension data where only few of the features are relevant for
prediction. Hence, for this study, we vary the number of true features affecting the
response to understand the performance of our methodology for different proportions

of true features. The levels for this factor are 0.5 and 0.75

3. Response type - We consider three types of interactions in underlying true model. They

are
(a) Type 1- Numerical-Numerical interaction
(b) Type 2- Numerical- Categorical interaction
(¢) Type 3- Categorical-Categorical interaction
4. Non-Linear family — One of the motivating reasons to formulate this method was to
propose a framework with ability of modeling non-linear relationships. To evaluate our
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modeling technique on various potential non-linear relations, we refer to the literature
of mathematical optimization. In mathematical optimization, there are variety of
test or benchmark functions to evaluate the performance of an algorithm. Ideally,
these functions should have diverse properties so that the algorithms can be tested
for convergence, robustness and general performance (Jamil & Yang, |2013)). Derek
Bingham and Sonja Surjanovic list a wide range of test functions on their website
(Bingham, 2013). From this list of test functions, we summarize and categorize the
non-linear relations in three families. The form of these equations and consequently,

the levels for this factor are:

(a) NL1 - Non-linear in polynomials up to 4th order

(b) NL2 - Non-linear in trigonometric functions which includes non-linearity in sin

and cos terms

(c) NL3 - Non-linear in log, exponential and logistic terms.

The interactions in the true response are allowed to be product of non-linear functions.
Example, f(z1) * g(x2) , where f(x) and g(x) are non-linear. The categorical features
in true response are represented using indicator variables. To summarize, the ground
truth is of the form y; = f(x) +¢; where f(z) is nonlinear in numerical features space,

and also includes categorical and interaction terms.

4.3.2 Experimental design settings

1. Design Type - The datasets are generated from four different types of experimental
designs capable of handling both — numerical and categorical variables. The design

types are namely — KungMP, KungSLHD, MartinezMP and MartinezSLHD.

2. Split - One of the objectives of this simulation study is to understand how the propor-

tion of categorical factors in the designs affects its performance. Hence the two levels
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Dimensions | Size | OA #design points
12 1 L48.2.20.4.9 48

12 2 L80.2.22.4.9 80

60 1 [128.2.100.4.9 | 128

60 2 L256.2.52.4.3 | 256

Table 4.1: Selected OAs and size

for this factor are Split 1 —75% of features are categorical and 25% numerical Split 2 -

Equal split (50-50) between numerical and categorical features.

3. Size - The Martinez family (MartinezZMP and MartinezSLHD) of experimental designs
are generated by design for numerical space (Maxpro design and SLHD respectively)
and then performing a categorical adjustment. On the other hand, the experimental
design belonging to Kung family (KungMP and KungSLHD) are orthogonal array
based, and hence their size is dictated by the appropriate OA. For this study, we
consider two sizes (size 1 and 2) of the experimental design, where size 1 is a smaller
design whereas size 2 is a bigger design with more design points. The OA used along
with the size for dimensions 12 and 60 are shown in the below table. For an OA with N

design points, with K1 factors at sl levels and K2 factors at s2 levels are represented

as LN.s1.K1.s2. K2

4.3.3 Modeling techniques

To demonstrate the effectiveness of our proposed screening method, we apply screening to
Boosted Trees and Glinternet, and compare their performance to models without propsed

screening process. Hence the four candidate models in this simulation study are

1. Boosted Trees with screening denoted as ‘scrBT’
2. Glinternet with screening denoted as ‘scrGLN’

3. Boosted Tree without screening denoted as ‘BT’
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4. Glinternet without screening denoted as ‘GLN’

The hyperparameters for boosted tree (number of trees, shrinkage rate) and for Glinternet
(M) are tuned using cross validation. An additional dataset generated by the same type
of experimental design as per the case study setting is used as a ‘fold’ to calculate cross
validation error and thereby find the optimum hyperparameter values. The minimum CV
criterion is used to perform model selection for Glinternet. Unlike Glinternet, Boosted tree
does feature ranking instead of feature selection.In order to do a fair comparison, we need
to variables ’selected’ by boosted tree model, rather than variables ranked.’

Friedman (Friedman, [2001)proposed relative influence to rank variable importance. The
relative influence measure is based on the number of times a variable is selected for splitting,
weighted by the squared improvement to the model as a result of each split, and averaged
over all trees. Relative influence is scaled between 0 and 100, with higher values indicating
larger influence of the variable on the response. For this study, we consider a variable with

non-zero relative influence as 'important.’

4.3.4 Model evaluation metrics

We evaluate the designs based on their prediction and feature selection performance. For
prediction performance, we compare the models using a testing data set generated by Max-

proQQ design and calculating Mean Absolute Error (MAE). The formula for MAE is given

by
MAE — M (21)
n
where |e;| = |y; — 24|, y; is the prediction and z; is the true value. For feature selection

performance of the models, we use a metric suggested by Kubat et al. (Kubat et al., |1998)
. A confusion matrix for features can be constructed as shown in table 4.2. This confusion
matrix is similar to the type I and II errors of hypothesis testing in statistics.

When there is class imbalance, then accuracy is a highly biased metric and can be mis-

61



Predicted Model
Spurious | True

Spurious | a b
True C d

Table 4.2: Confusion Matrix

Confusion Matrix

True Model

leading. This concept is popularly called as accuracy paradox in the data mining community.
Hence, we use a more robust metric suggested by Kubat et al (Kubat et al., [1998) . From

the confusion matrix, we can calculate sensitivity and specificity as defined by the below

formula.
Sensitivity = d
Y= et d)
Specificity = @ j_ b

Sensitivity or positive accuracy is the proportion of selected true features among all
true features. Specificity or negative accuracy is the proportion of unselected spurious vari-
ables among all spurious variables (Farahani, 2019). The higher number for sensitivity and
specificity is desirable for true model recovery. We calculate the sensitivity and specificity
separately for numerical and categorical features.

Along with sensitivity and specificity, we also calculate false discovery rate (FDR). FDR
is the proportion of false features among all the predicted features. FDR was used by (Lim

& Hastie, 2015)) to evaluate performance of Glinternet model. It is calculated by the formula

FDR =

(b+d)

A lower value for FDR indicates smaller proportion of false features selected.
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4.4 Results

Every case was simulated 100 times, and the corresponding MAE, sensitivity, specificity and
FDR were calculated. The test dataset is generated using Martinez design and the testing
MAE is calculated based on the prediction on this dataset. We calculate the sensitivity and
specificity separately for numerical and categorical variables to understand the performance
of the model on these different types of features. The feature selection metrics are visualized
using line plots, and the numbers on the plots are the average over 100 replications. The
prediction error is visualized using box plots to see the distribution of prediction errors.

The prediction error across the parameters - split, size, response type and non-linearity
are shown in figures[4.3] The different grey shaded boxplots represent the levels for the factor
‘proportion of true factors’, wherein the darker shade represents 0.25 and the lighter ones
indicate 0.5 and 0.75 proportion of true features. The metric used for comparing prediction
error — MAE is a scale-dependent accuracy measure. The model with different proportion
of true features will have responses in different scales. Hence, a fair comparison would be
comparing boxes of the same grey shade for different models. The different rows represent
the four types of experimental design under consideration — namely KungMP, KungSLHD,
MartinezMP and, MartinezSLHD.

A quick glance at the three plots demonstrates the improved prediction performance of
our screening process as compared to the same model without screening. The screening
process seems to enhance the performance of Glinternet more than boosted trees. It is
noticeable that screening with Glinternet performs better than other models uniformly in all
the scenarios.

A comparison of MAE values across the rows for different ‘design types’ shows that there
is no statistical difference between the experimental design types considered for this study.
This is consistent with the results in chapter 3, in which there were no statistical difference
in prediction for the different experimental designs under consideration.

The sensitivity for numerical and categorical features are shown in figure f.4 In our
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Figure 4.3: Dimension 12 - prediction error

simulation studies, the models without screening tend to select a higher number of features
as important, thereby increasing the sensitivity. We can also note that on average, the
sensitivity is higher for numerical features. Similar to the prediction performance, there
seems to be negligible effect of the four experimental designs on sensitivity.

There is a trade-off between sensitivity and specificity metric of feature selection. A higher
sensitivity indicates that there is a potential for the model to select redundant features, along
with relevant ones. As mentioned, the models without screening tend to pick a large number
of features as important, thereby increasing the sensitivity, but at the cost of specificity.

This is illustrated in the figure [£.5a] and £.55] The proposed framework performs feature

selection of main effects and interaction terms using group LASSO. This ‘weeding out’ of
unwanted features is reflected in higher specificity demonstrated by the models fitted with
the screening process. The specificity is across the simulation study parameters of split,

size, proportion of true features, response type and nonlinearity. We can also note that the
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boosted tree models had a lower specificity for categorical than numerical features. The false
discovery rate, which is closely related to specificity metric, is shown in figure [4.5c, A lower
value of FDR indicates a smaller proportion of false features selected by the model, and the
models fitted with our proposed method shows a lower proportion of false features selected.
(figure |4.6)).

One of the simulation study parameters are the types of experimental designs. The
motivation behind including this parameter was to study the effect of experimental designs
on the prediction model. It is quite evident from the above plots that this effect is minimal
or negligible. To illustrate that, we plot the same test performance values of the models, but
with experimental designs on the horizontal scale. The plot shows the interaction between
experimental design and model performance. From the figure[1.7] it is seen that experimental
design have no effect on either the MAE or FDR of the models. The parallel lines indicate
there is no experimental design effect on the models.

Experimental designs can take a long time to generate depending on the algorithm behind
their construction. This time increases with the dimension or number of features. To make
efficient use of computing power, we generate only MartinezZSLHD type design for the 60-
dimension case study.

As in 12-dimension study, the superiority of models with proposed screening method
is observed in figure 6. The prediction errors are crossed across all the simulation study
parameters, except the proportion of true features.

Similar to the small dimension case study, the screening models show higher specificity,
at the cost of slightly reduced performance in sensitivity for both numerical and categorical

features. These plots are shown in figures [£.9) [4.10] and [4.11]] We can also see that the

sensitivity for case with 0.75 true proportion is higher than other levels, because the pool of
true features is bigger, making it easier for the models to identify true features. On the other
hand, the specificity is higher when only a quarter of features are in the truth, because of large

number of features being irrelevant, making it easier for the models to remove redundant
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0.6-

0.4-

0.2-

o
o

Specificity

0.6-

0.4-

0.2-

0.0-

0.75-

0.50-

0.25-

Specificity

0.75-

0.50-

0.25-

0.00-

o
o
o

type: KungMP type: KungSLHD
type: MartinezMP type: MartinezSLHD
spec_coht_schT spec_cbnt_BT spec_con‘t_schLN spec_cdnt_GLN spec_coht_schT spec_cbnt_BT spec_con't_schLN spec_cdnt_GLN
Model

(a) Dimension 12-specificity(cont)

Specificity(categ) across all cases

type: KungMP type: KungSLHD
type: MartinezMP type: MartinezSLHD
spec_catég_schT spec_céteg_BT spec_cate'g_schLN spec_ca&eg_GLN spec_catég_schT spec_céteg_BT spec_catég_schLN spec_cafeg_GLN
Model

(b) Dimension 12-specificity(categ)
(c¢) Dimension 12-Specificity

67



FDR across all cases
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Figure 4.6: Dimension 12-False discovery rate

features.

4.5 Conclusion and future work

In this paper, we proposed a screening and modeling framework for a complex mix of data
structure involving mixed type of features, presence of non-linearity and interaction terms.
The framework makes use of existing methodologies like MARS and Group LASSO for
feature selection. From the features and model terms selected, the model is then built using
Boosted Trees and Glinternet. The computational results demonstrated enhanced prediction
and feature selection performance compared to the models fitted without screening process.

In our study, we modeled the ground truth including the different types of interaction
terms. From the fitted models, we calculated the feature selection performance only for the
main features. This work can be extended to evaluate the performance of recovering the

true interaction terms as well. The challenge in identifying the true interaction terms comes
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Figure 4.8: Dimension 60 - prediction error

in a boosted tree model. Gradient boosting is a tree based modeling technique, which does
feature ranking as opposed to feature subset selection (as done by Glinternet). The ranking
for main features is done by using a metric called relative influence. Friedman proposed
a metric called ‘H-statistic’ to evaluate the effect of an interaction term on the model. A
high value of H-statistic indicates strong interaction effects of the features considered on the
response. In our studies, H-statistic did not perform consistently. Moreover, there is also
the challenge to set a threshold on H-statistic as to when an interaction term can be really
considered as “significant.” Based on this study, there is future research area in identification
of relevant interaction terms in a gradient boosting model. In addition, in our studies we
considered strong hierarchy type of relationship for interactions. It would be interesting to
evaluate the performance of the screening procedure on weak and anti-hierarchy types of

interactions as well.
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Figure 4.9: Dimension 60-Sensitivity
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5 Future work

Computer simulations are expensive in terms of time and computing power. In an earlier
section, we mentioned about Ford Motor Company’s simulation to take anywhere between
36 hours to 160 hours to complete. In a process where a simulation program aids decision-
making systems, a long simulation time might affect the decision-making, causing operational
inefficiencies. To make better use of the computer simulation programs, the concept of se-
quential design has been used in the past. A sequential design is initialized with a small
design with few runs. Design points are then sequentially added based on certain criteria.
The points that maximize information are chosen from the unexplored region are added to
the design to be evaluated. In a sequential design, a ‘feedback’ is provided to the experimen-
tal design generation process regarding the performance of the design points already selected
in the initial design. The criteria to choose new design points can be broadly classified into

two categories — model (or information) based, and distance based. For only numerical fac-
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tors, common distance metric like Euclidean, Manhattan and cosine distance can be used
to select new design points. The maximin or minimax versions of distance calculations can
also be used as a metric to ensure a good spread of points in the design space. Since this
work involves many categorical factors, a distance metric capable of handling categorical
factors should be used. A distance metric for numerical factors will not be meaningful on
qualitative type factors. Gower’s distance (Gower, 1971) is one such metric that can be
utilized for this purpose. Hamming’s distance (Hamming, [1950) is another commonly used
distance metric used in clustering algorithms like K-means. Hamming’s distance for categor-
ical features calculates the number of instances where the corresponding levels are different
for the two categorical features. There is scope to propose a distance metric for mixed fac-
tors using Hamming’s and an appropriate distance measure for numerical factors. Also, a
more comprehensive study involving different types of experimental design and metamodels
can be done with the aim of getting a deeper understanding between experimental design-
metamodel combinations. Such a study might facilitate experimenters make decisions on
the type of design and metamodel for their study.

For the machine learning framework, we assumed all interactions to follow a strong hi-
erarchy relationship. I.e. an interaction is only present if its main effects are present in
the model. However, there might be situations where a feature might impact the response
through interaction terms rather than as main effect. This type of relationship is termed
as weak hierarchy. Hence, it might be required for these features to enter the model first
as interaction, before the main effect. Research mentioned earlier can model interactions
following a weak-hierarchy relationship. Glinternet, which was one of the major modeling
techniques used in this work only models interactions between features whose main effects
are deemed significant. A modification to Glinternet making it capable of modeling weak
hierarchy interactions is an area that can be explored.

One of the major component of the proposed data-mining framework was the ability

to model interactions. Form model interpretation point of view, one might be interested in
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identifying significant interaction terms selected by the model. Boosted tree is an ensemble of
weak learners, mainly decision trees. Being a tree-based model, boosted tree performs feature
ranking instead of feature selection. Friedman defined H-statistic to evaluate the strength of
interaction terms using partial dependence functions. The H-statistic is calculated between
each pair of features, and higher values signify higher interaction effects. We can see that it
is computationally expensive to use H-statistic. A 60-dimension dataset would include 1770
calculations. In our experiments, the values of H-statistic were unstable and the variance
was high. Moreover, there is the question of how much of a high value is considered for
an interaction to be significant. This leads to the potential work of proposing a metric to
identify significant interactions terms for a boosted tree model. A metric based on pairs
of features occurring simultaneously in splits of weak learners can be proposed. The same
methodology can be extended for main effects identification. Currently boosted tree uses
relative importance to rank features. The scaled relative importance is between 0 and 100,
with higher values representing stronger main effects. The drawback is - if a feature is used in
even one of the weak learners, the relative importance is non-zero. Based on a model, there
is a potential to define a threshold, other than zero for relative importance in such a way
that certain level of feature selection performance is met (like high specificity or sensitivity).

Finally, this work was motivated by a real world application in green building decision-
making framework. An application like green building is appropriate for this work due to
the use of computer simulation models to study a building’s performance. This coupled
with the presence of large number of categorical features, and potential interaction terms
in the response, makes this work appropriate for such an application. There are multitude
of building simulation software (EnergyPlus, eQUEST) that can simulate various aspects of
a buildings performance. The Department of Energy makes available prototype buildings
(DOE, m.d.) to support development of building codes. This suite of prototype buildings
model covers most of the building types in The US. Using one of these prototype models as

case study, this work can be demonstrated on a real-world application.
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Appendices

Appendix A Results for computational studies

Link to all the results of computational studies in chapter 3 and 4: https://github.com/

shirishraol051
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