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ABSTRACT

DEVELOPMENT OF A COST PREDICTION MODEL FOR MASS TIMBER GRAVITY FRAME
CONSTRUCTION

By

Bhushan Rajendra Nankar

Construction materials like concrete and steel have been a primary choice for designers. As a
result, the construction industry has become one of the biggest sources of greenhouse gas
emissions. With increasing global population and climate change, resource scarcity and a need
for healthy habitat is a likelihood. Therefore, to address these issues, green building movement
escalated, and mass timber was looked upon as an alternative to offer a family of engineered

wood products with comparable strength characteristics and desirable environmental benefits.

Despite its benefits, designers are hesitant to adopt mass timber as a reliable alternative due to
their lack of familiarity with the material which leads to uncertainty about costs and acts a barrier
for adoption. This study attempts to break this link by investigating the cost implications of using
mass timber gravity frame through the development of a cost prediction tool. This tool is
envisioned to deliver costs to refer to compare mass timber as an alternative, thereby helping

designers to make informed decisions for construction material at a conceptual stage of a project.

This study initially developed regression equations using Principal Component Regression (PCR)
and improvised to Partial Least Squares Regression (PLSR) to understand cost implications of
selected variables and to develop a prediction tool to address the cost barrier. The researcher
also believes that greater adoption will ultimately lead to sustainable forest management,

reduced wildfires, and an economic base for rural regions.
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CHAPTER 1 INTRODUCTION

1.1. BACKGROUND

1.1.1. World Population and Climate Change

In the upcoming three decades, world population is predicted to reach 9.6 billion from the total
of 7.7 billion today (UNDESAP, 2013). With this population increase, demand for our most
fundamental needs - food, clothing, and shelter - is likely to increase. As a result, the burden
placed on natural resources will further escalate and eventually we will start facing scarcity of
these resources. In a study by Matos (2017), a major share of non-renewable sources is found to
satisfy non-fuel and non-food sectors of the economy. Since 1900, the use of construction
materials mirrors it accurately by increasing the consumption of crushed stone, sand, and gravel
from about 35% to 60% of non-fuel and non-food material consumption in totality (Sznopek and
Brown, 1998). Moreover, the percentage of non-renewable resources contributing the United

States economy increased from 54% to 96% in 2014 (Matos, 2017).

World population is not the only the issue faced by the globe, climate change also requires
scientific and policy attention. Greenhouse gas concentrations are rising rapidly in the
atmosphere and this increase is becoming a threat to the United States economy and the world.
The greenhouse gas emissions stabilization is necessary to create healthy habitat for living
organisms. Construction industry is one of the biggest sources of these emissions in the United
States which accounts for 39% of CO; emissions and is expected to grow rapidly in commercial

sector (Kinzey et al., 2002). Concrete and steel dominate the construction industry as they are



primary construction materials. The production of cement, which is a main ingredient of
concrete, and steel are the prime sources of these emissions (Laguarda-Mallo and Espinoza,
2018). These sources are some of the most difficult emissions to reduce (Winchester and Reilly,
2019). Furthermore, the energy consumption of buildings is significant as they account for 70%
of the electricity demand in the United States (EIA, 2008). A good substitute with optimum
emissions and energy consumption has become the prerequisite to achieve the stabilization and

to protect the environment.

1.1.2. The Forest Products Industry and U.S. Economy

The United States is the fourth most forest-rich country in the world. Forests in the United States
occupy about 33.9% of the total land area, of which 14.5% is private corporate timberland. The
forest products industry represents manufacturing of pulp, paper-based packaging, wood
building products, and own forest lands. This industry comprises about 1.5% of the total U.S.
economy and approximately about 6% of the total U.S. manufacturing Gross Domestic Product.
Moreover, the wood manufacturing alone produces over $90 billion in products annually (Wali
et al., 2010). As of 2017, 937,500 individuals were employed in construction with U.S. forests and
428,500 individuals worked in the manufacturing of wood products. This industry is among the
top 10 manufacturing employer in 48 states and provides jobs in all 50 states (AF&PA, 2019). It
pays a significant amount of federal, state, and local taxes amounting $7 billion annually.
According to some economists, approximately 11 forest sector jobs are created with every million

board feet of harvested timber. This industry plays an important role in rural regions and provides



an economic base for such regions. In 2015, primary forest products generated approximately

one third of the total forest sector jobs in Oregon ( Oregon Employment Department, 2016).

1.1.3. Sustainable Forest Management

Sustainable forest management has resulted in a greater number of trees in the United States
than there was a century ago (Alvarez, 2007). Despite these efforts, forest management is facing
new challenges like increasing size and frequency of wildfires and deteriorating forest health.
Between 1984 and 2016, wildfires in the US burned an area about the size of Texas,
approximately 160 million acres (Alvarez, 2007). In the last three decades, bark beetle outbreaks
have killed billions of trees (Moens et. al., 2003). The relative stocking of Western hemlock,
Douglas fir and other small diameter trees that are conducive to wildfires and pest outbreaks has
increased in the national forests (Crampton, 2017). Such small diameter trees have very little
intrinsic value and are not viable economically, thus they are not typically harvested and stocking
increases. An abundance of these trees and amplified requirements of resources for
management of these forests are a major reason for such outbreaks and wildfires (Laguarda-
Mallo & Espinoza, 2018). These issues are a significant threat to the needs of future generations
and can limit the forest resources. The removal of such low-value timber and small diameter

trees can be considered a good strategy to improve the forest health and sustainability.

1.1.4. Construction Industry in U.S.

In 2017, the United States produced goods and services worth $19.3 trillion and the construction

industry contributed $826 billion, representing about four percent. The construction industry



employed approximately 7.3 million workers in August 2018, with an average pay exceeding 10%
of the average of all private sector employees. In an industry-wide survey, four out of five
construction firms stated that there is a shortage of the craft workers which characterizes major
portion of construction workforce (AGC, 2019). Associated General Contractors of America’s
chief economist said that, labor shortages in the construction industry are a concern and needs

to be addressed properly to continue the economic growth.

1.2. MASS TIMBER PRODUCTS IN U.S. CONSTRUCTION INDUSTRY

Traditionally, wood has dominated residential construction, while conventional construction
materials like concrete and steel have been used heavily in the other construction markets in the
United States. New single-family houses and multi-family housing units in residential
construction have consistently provided an essential market for wood. Annually, one out of three
wood products consumed in the United States are used in the construction of these units
(McKeever & Elling, 2015). Walls represented 37%, roofs 35%, and floors used 22% of all wood
used in new residential construction (McKeever & Elling, 2015). Wood has been the single most

dominating building material in the residential construction industry.

Even after such strong markets in residential construction, these products are not extensively
used in the non-residential markets. Generally, designers have focused on conventional
construction materials like concrete and steel. As the green building movement grew, designers

started considering timber as an alternative due to its environmental benefits.



A new family of engineered wood products collectively known as “mass timber” was looked upon
as an important timber product for commercial construction due its comparable strength
characteristics and desirable environmental benefits. Mass timber is a collective term used to
represent a family of engineered wood products such as cross-laminated timber (CLT), nail-
laminated timber (NLT), glue-laminated timber (glulam), and dowel-laminated timber (DLT).
These engineered wood products have broadened the availability of wood products for
construction (Werner and Scholz, 2002). Designers, architects, and engineers have begun to
explore these materials for construction due to their efficiency in construction, comparable
structural properties, and insulation properties, in addition to benefits for environment
(FPInnovations, 2013). The following sections will provide detailed information on these

products.

1.2.1. Nail Laminated Timber

Nail-laminated timber (NLT) has been used for more than a century; as a part of the new mass
timber system, it has gained a new identity with recent modifications. NLT is a solid structural
element which is a composition of individual dimensional lumber, placed on edge and then the
individual laminations fastened together using nails as shown in Figure 1.1 (BSLC, 2017). It is
comprised of dimensional lumber of nominal thickness 2x, 3x, or 4x and width varying from 4 in.

to 12 in. width (BSLC,2017).
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Figure 1.1: Nail-Laminated Timber (Source: Think Wood, 2020)

It can be used for wall, floor, and roof structures. NLT offers a unique opportunity to create both
singly curved and freeform panels, due to single direction spanning of individual boards
comprising the panel (BSLC, 2017). It has also been used to build elevator and stair shafts in mid-
rise wood-frame buildings. It is particularly popular in warehouses where sturdy and solid floors
are required, recently it has gained popularity in institutional and residential buildings for

exposed slabs and decks to create a unique aesthetic (BSLC, 2017).

1.2.2. Dowel-Laminated Timber

Dowel-Laminated Timber (DLT) also known as “Diibelholz” in Europe, it is the first all wood
engineered product in North America. DLT does not require use of any chemicals, glues, nails or

screws for connecting adjacent panels, rather it uses wood dowels as connectors. DLT is made



from softwood lumber panels, which are arranged similar to NLT and then are connected using

wood dowels as shown in Figure 1.2.
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Figure 1.2: Dowel-Laminated Timber (Source: Think Wood, 2020)

These panels use hardwood dowels to friction fit pre-milled boards together on edge, to provide
dimensional stability to the panel. DLT panels can be processed through computer numerical
control (CNC) machinery to meet the tight tolerance requirements and predrill Mechanical,
Electrical, and Plumbing conduits. DLT is available in large panel sizes up to 12’ wide x 60’ long
for efficiency on-site along with the flexibility to be made from wide range of wood species

(Structure Craft, 2018).



1.2.3. Cross-Laminated Timber

CLT is a comparatively new engineered wood product in the US markets, first developed in the
1990’s in Austria. It is also known as “X-lam” or in German “Brettsperrholz” (BSP). It is an
engineered wood product made up of layers of solid sawn lumber glued at right angles to the
adjacent layer as shown in Figure 1.3. CLT provides a unique opportunity to use low value timber
coming from sources such as lesser used species, diseased or infected trees, and comparatively

young trees with small diameters (Laguarda-Mallo & Espinoza, 2015).
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Figure 1.3: Cross-Laminated Timber (Source: Think Wood, 2020)

It can be used in walls, floors, and roof construction. It can be prefabricated with the openings
for windows, doors, and service runs before shipping to the site. It is available in three to seven
or more layers with varying thickness of layers. Figure 1.4 depicts the different layer

combinations used in CLT manufacturing. With thickness variation, structural strength and span



length varies which defines panel’s use for certain applications. As shown in Figure 4, 3-layer
panels can be used in walls and secondary constructions due to their strength characteristics; 5-
layer panels of 160 mm thickness can be used in primary construction as walls and floors spanning

less than 5.5 m; 11-layer exceptional panels can also be used in heavy applications like bridge

decks.
MINIMUM STANDARD MAXIMUM
walls, secondary walls, floors (span < 5.5 m) floors, bridge decks
constructions = =
—
I — -
151 mm 160 mm = 400 mm
e.g. 1747117 mm S
3 layers e.g. 40/20/40|... mm p— o4
> layers e.g. 2x40[30/40[30/40]... mm
11 layers

Figure 1.4: Cross-Laminated Timber Layer Combinations (Source: Brandner et al., 2016)

1.2.4. Glued-Laminated Timber

Glue-laminated timber (Glulam) is a combination of individual wood laminations, placed based
on their performance characteristics and the application of the member and bonded together
using adhesives. The individual laminations are oriented in the same direction, parallel to the
length of the member as depicted in Figure 1.5. Glulam is typically used as a part of structural
framing members such as beams and columns. It is available with a wide range of properties and
appearance grades depending on its application. The glulam manufacturing process allows the
application of complex curvature and unigue geometry to the members. This provides the use of
such members in complex structures without compromising the architectural intent. ANSI

Standard A190.1-2012: Standard for wood products-Structural Glued Laminated Timber sets a
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nationally recognized benchmark for the quality of production. Despite providing stringent
standards, it allows the manufacturer the flexibility to select any method which will produce an

equivalent or a superior quality product.
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Figure 1.5: Glued-Laminated Timber (Source: Think Wood, 2020)

Glulams are produced based on their application and required performance characteristics,
following are the layups serving different purposes and providing different performance
characteristics. These layups are a combination of different grades of lumber positioned in such
a way that is appropriate for its end use. Based on the function of these members, they are
manufactured in three different layup combinations; Unbalanced, Balanced, and Single-grade.
These layups are explained with their suitable use and combinations in the following subsections.

There is a various grade of lumber which can be used in these layups as shown below.
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I:l “High Grade” Lumber
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used in Compression or
FesTE T Neutral zone

Figure 1.6: Different Grades of Lumber Used in Glulam

The Engineered Wood Association has provided certain percentages for the number of
laminations to use in each zone in the layup. These percentages are mentioned in the ANSI 117-
2010 and shall be multiplied by the total depth of the member to calculate the number of
laminations. Different layup combinations are described below along with the percent tension

laminations required.

1.24.1. Unbalanced Layup:

These layups are made up of compression laminations at top and tension laminations at bottom
(Figure 1.7). This layup provides unequal capacity in positive bending and negative bending and
hence are known as unbalanced layup. Usually used as a simple span or as a short cantilever, this
layer requires 5% of tension laminations at the bottom of the beam to achieve suitable strength

(ANSI 117-2010).

11



~ Compression Zone

r Neutral Zone

) } Tension Zone

Figure 1.7:Unbalanced Layup

1.2.4.2. Balanced Layup:

These layups are made up of tension laminations at both top and bottom (Figure 1.8). This layup
provides equal capacity in positive and negative bending and therefore are known as balanced
layup. It is generally used in continuous spans and long cantilevers. It requires 5% of tension
lamination at both top and bottom of the beam as per standards as a minimum requirement

(ANSI 117- 2010).

Tension Zone

T

I

Neutral Zone

L Tension Zone

Figure 1.8: Balanced Layup
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1.2.4.3. Single-Grade Layup:

These are made up of usually either tension or compression laminations (Figure 1.9). This layup
uses same grade laminations throughout the depth of beam that is why known as single grade
layup. This layup is common in axially loaded members like columns or truss chords (American

Wood Council, 2015).

Figure 1.9: Single-Grade Layup

1.3. ADVANTAGES AND BARRIERS OF MASS TIMBER PRODUCTS

With the rising concerns on limited resources, population increase, climate change, and wildfires,
there is a need to find alternatives to manage these issues. Engineered wood products have
numerous advantages and can contribute to mitigate some of these problems. The following
sections elaborate current issues and show how the use of engineered wood products can be

useful in managing such issues.
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1.3.1. Wildfire Reduction

In recent years, size and frequency of wildfires have increased significantly. The three-year
average costs incurred by federal agencies for fire suppression have increased from $0.5 billion
to $2 billion. Small-diameter and diseased trees are major contributors to such wildfires,
particularly, small diameter trees like a young Douglas-fir has a thin bark & low hanging, needle
covered branches which usually is in contact with the ground creating a surface hazard. These
small-diameter trees and other surface bush creates a surface hazard and often provides a
starting point for wildfires. Following bark beetle outbreaks, trees are more vulnerable to fire as
the dead needles remain on the tree. Dead trees provide a fine dry fuel that can catch fire quickly
in favorable weather conditions. These fires are then escalated into the tree crowns after the

dead trees fall and provide ladder fuels for the spread.

Cross Laminated Timber (CLT) provides a unique opportunity to use low value timber coming
from sources such as lesser used species, diseased or infected trees, and comparatively young
trees with small diameters (Laguarda-Mallo & Espinoza 2015). It can be manufactured using
“junk” trees with diameters as small as 4 inches. The extraction of such low value timber has
been considered a good strategy to increase the value and health of the forests (Quesada-Pineda
et.al 2018). CLT is manufactured from spruce, although pine species, larch, and fir species can be
used, which are more vulnerable to fire. Creating strong markets for such timber will help to

reduce the fire hazards to some extent and help manage forests.
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1.3.2. Advantages in Construction

In addition to its benefits for forests, CLT has numerous other advantages in the construction
industry. CLT is a promising construction material that has proven to be more energy efficient,
environmentally friendly, a better material to build comparatively dense built environment, and
a material to improve construction speed. CLT acts as a thermal mass that stores heat during the
day and releases it at night which lowers overall building energy use (Laguarda-Mallo & Espinoza,
2014). CLT is a renewable material and sequesters carbon instead of emitting carbon like
concrete (Laguarda-Mallo & Espinoza, 2014). One of the most important characteristics of CLT is
its high strength-to-weight ratio which leads to smaller building foundations for comparable
structural capabilities and translates into additional floors with the same weight of structure
(Laguarda-Mallo & Espinoza, 2014). CLT’s can be prefabricated in a controlled environment and

therefore can provide fast paced construction (Schwarzmann et al., 2017).

Faster construction speed means a shorter construction phase, which ultimately adds to the
indirect cost and construction time savings compared to the reinforced concrete and steel
buildings. Therefore, providing strong markets for CLT will not only reduce the harmful low value
timber for forest health, but also will help the construction industry to build more efficient built

environment.

1.3.3. Modular Construction

Cost and time overruns account for a significant portion of the challenges faced by the

construction industry. Several attempts and techniques have been developed to reduce overruns
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threatening the success of projects. However, construction projects continue to suffer these
problems. Modular construction is an emerging construction approach to provide a solution to
such difficulties. It moves the construction process away from the job site into a controlled
factory environment (Jiang et al.,, 2018), eliminates weather delays and provides safer
construction (MBI, 2016). It enables delivery of a building as an assembly of a set of modules
manufactured offsite (Salama et al., 2017). As a result of its concurrency of offsite and onsite
construction operations, modular construction provides higher schedule control (Salama et al.,

2017).

In addition to its advantages for schedule control, this technique has numerous advantages for
the construction industry. Firstly, it allows the reduction of construction schedules by the parallel
scheduling of offsite and onsite schedules to save 30 to 50 percent duration of the project (MBI,
2016). Secondly, it delivers consistent quality and offers accuracy due to its manufacturing in a
controlled factory environment (Lawson et al.,, 2012). Thirdly, it has contributed to the
sustainability of the process by reducing the construction disposal of wastes (Moghadam et al.,

2012).

Cross laminated timber emphasizes hybrid modular construction, which is the combination of
modular and on-site construction. The advantage of this construction is that both types of
construction can take place simultaneously and provides the luxury of scheduling it parallelly
(Schoenborn, 2012). The shorter project duration reduces indirect project costs and thus reduces

the overall cost of the project (Salama et al., 2016). In a survey, 67 percent of firms reduced

16



project schedules using modularization and 35 percent of firms experienced a decrease of four

weeks or more (MGH, 2011).

1.3.4. A Case Study for Mass Timber Construction

The following case study demonstrates the use of CLT and a glulam frame and shows how

prefabrication can improve construction process.

e Project Name: First Tech Federal Credit Union, Oregon Corporate Office
e location: Hillsboro, OR.

e Completion Date: June 2018

e Architect: Hacker Architects

e General Contractor: Swinerton Builders

e Manufacturer: Structurlam

The First Tech Federal Credit Union is a five-story, 156,000 SF office building, constructed with
CLT roof and floors with a glulam frame (figures 1.10 & 1.11). As of today, it is the largest CLT
structure in the US, which took 14 months in total, with only 12 weeks for timber erection (APA,
2018). With wood prefabrication and an integrated approach with the project team, a four
percent cost savings was observed, and four months were saved when compared with the use of

steel. Wood presented benefit for erection time, fireproofing, and foundation systems.
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Figure 1.10: First Tech Federal Credit Union Project (Source: Swinerton Mass Timber)
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1.3.5. Barriers and Need Statement

The selection of structural materials happens early in the design process and one of the important
factors influencing the decisions is the cost of the material in addition to structural performance,
fire performance, availability in the market & compatibility with the building code (Laguarda-
Mallo and Espinoza, 2016). Furthermore, economic performance of the construction material is
one of the highest rated attributes that engineers look for in a material. In a national survey of
U.S. structural firms, 88.5% of respondents rated this attribute as “extremely important”, “very
important” or “important” (Laguarda-Mallo and Espinoza, 2018). In addition, the results of the
survey in multifamily housing highlighted construction costs as the number one factor for choice
of a structural system (Schmidt and Griffin, 2013). In order to make an informed choice about

building materials, architects and engineers should be well aware of the new materials & the

factors involved in the decision making of the structural material.

Specific to the case of CLT, the situation is exactly contradicting. The results of a countrywide
survey indicate that the level of awareness of CLT is low to moderate in U.S. engineering firms.
The initial costs and the building code compatibility issues are the largest perceived barriers for
the adoption of CLT (Laguarda-Mallo and Espinoza, 2018). But, CLTs have proved to be cost
competitive by saving the costs associated with onsite labor using less construction time up to
30% (Laguarda-Mallo & Espinoza, 2015). This shows an uncertainty about the cost

competitiveness of CLT which leads to its unfamiliarity in the industry.

To counter the initial cost barrier, manufacturing representatives from Europe suggested the

evaluation of the life cycle costs for the cost competitiveness (Laguarda-Mallo and Espinoza,
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2014). A prediction tool emphasizing on construction costs will help the AEC industry to take
informed decisions at the conceptual stages of the project. This tool will provide the solution to
one of the biggest barriers for its acceptance i.e. cost, which will predict the cost required for the

proposed gravity frame & will give a clear idea of its feasibility.

In summary, the decision of a construction material is majorly dependent on the costs of the
material. Given the unfamiliarity about mass timber and the material itself, there is an ambiguity
about the costs of the material. This creates a loop of unfamiliarity leading to ambiguity in costs
and resulting in the avoidance of mass timber as an alternative for construction material.
Therefore, a cost prediction tool is required at the conceptual stages of a construction project,
which will provide an idea about the costs during the decision-making process of a structural
material. This will result in the understanding of the costs and will provide a reference to evaluate

mass timber as an alternative to make informed decisions.

There are various methods for developing such a tool to predict costs, including multiple
regression, case-based reasoning, genetic algorithm, artificial neural networks. These methods
are explained through their application in prediction tools in chapter 2. With the goal to develop
a cost prediction tool, these methods will help in building the statistical model which then can be
then used as a core working foundation for this tool. Given the fact that there are small number
of mass timber projects across US, a small sample size was expected. Method selection is planned

to be based on the accuracy, ease of use, and small sample size.
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1.4. RESEARCH GOAL, OBJECTIVES, AND METHODOLOGY

As discussed previously, the cost barrier has received a limited attention and has proved to be a
major barrier for the greater adoption of mass timber. The main goal of this research is to
understand cost implications of using CLT and glulam in construction. This goal is envisioned
through the development of a cost prediction model. Objectives of this research have been

aligned towards achieving the research goal, and they are described below.

1.4.1. Objective 1: Understand the current state and background of CLT and glulam in

construction

Step 1: Literature Review

The intent of this step is to explore and study previous contributions to the body of knowledge
and learn about the developments and shortcomings in the knowledge base. A comprehensive
overview is provided in chapter 2, to include manufacturing processes, construction techniques,

system advantages, and prediction model development methods.

Step 2: Field Observation

As a part of the review of the current state of the system, field observation was performed to
understand the construction process and to study the cost implications of various parameters in
the process. Field observation is a part of building a foundation for deciding the input variables
of the model. Also, this step assists in discovering limitations that can occur in the field during

installation.
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1.4.2. Objective 2: Build a foundation for development of the predictive cost model

Step 3: Determining Variables

Variables were identified from the literature review and field observation, and with the
assistance of expert knowledge. These variables were used to create a spreadsheet for data

collection which enlisted these variables for inputs from industry.

Step 4: Data Collection Process

The intent of this step was to gather the data for the model development and to help in soliciting
appropriate analysis method. The spreadsheet prepared in Step 3 was circulated as a part of this
step to collect values for these variables. This spreadsheet was updated with incoming
information and after the process of data collection was used as a datasheet. Specific to the

information received, a suitable statistical method search initiated.

Step 5: Technigue Selection

Literature review and field observation helped in outlining the variables and preparing a
spreadsheet. After data collection process, obtained sample size was a factor of consideration
for the method selection. Statistical experts were consulted for appropriate method selection

and data analysis started.

1.4.3. Objective 3: Development and testing of the model

Step 6: Development of the model

This step included preparation of the model and analysis of the possible data and variables. The
model was created to satisfy the statistical intent and provide the cost outputs with the help of
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available sample size. The major scope of this step was to include all the obtained data in the

model without loss of any important information.

Step 7: Testing of the model

A sample project was planned to validate the model and to check the accuracy of the model.
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Figure 1.12: Research Objectives and Steps

1.5. RESEARCH SCOPE AND LIMITATIONS

The cost prediction model is developed especially for structures constructed using a glulam
gravity frame system. The gravity frame is the structural frame constructed using CLT and glulam
to transfer gravity loads. The planned prediction model is designed specifically to consider the
costs associated with this timber frame. Costs apart from timber frame including other areas of
building involving concrete, steel or any other materials will not be considered as a cost estimated

through this tool. As a small sample size is expected, considering costs associated with the timber
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frame prevents differences in the costs of different building types, such as office, multifamily,
civic, educational, etc. It provides a common reference of comparison for all the samples by giving
a common gravity frame reference which is essentially a part of every building type. This benefits
the model by making the most out of the data at this initial stage of this market, where a few
numbers of projects are actually built. This approach allows this study to substantially increases
the sample size by boiling down all the projects to a timber gravity frame instead of dividing it

into clusters of different type.

This tool is primarily focused on the construction costs of the building and does not involve

overall costs involved with the project lifecycle.

This research covers a small number of projects constructed using CLT and glulam. As a result,
the sample size is relatively small and therefore the predictive modelling technique must be
selected based on the sample size. The technique should be able to generate accurate results

with the small sample size.

1.6. RESEARCH OUTCOMES AND FUTURE SCOPE

The primary goal of this research is to increase the cost knowledge base of the construction using
CLT and glulam and to break the cost barrier for its adoption by increasing awareness through a
predictive cost tool. The following are planned outcomes of this study:

1. Thisstudyisintended to provide the cost implications of mass timber based on various

parameters related to construction costs.
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This study will result in delivery of a prediction tool to provide a clear cost estimate at
the conceptual stage of projects.
The cost prediction tool will increase the awareness of CLT by overcoming the barrier

of construction cost uncertainty.
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CHAPTER 2 LITERATURE REVIEW

The objective of this chapter is to review the background of the area of study and provide a
comprehensive review of information about it. This is aimed to result in greater understanding
of the area of study and to outline suitable methodologies which can be used for the prediction

model. A topical outline of this chapter is provided in Figure 2.1.

[ karaure Review |

Material Properties and Review of
Manufacturing Process Construction Cost
Prediction Models

Construction and Cost Studies for Mass
Installation Techniques Timber vs
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Hybrid models

tower case study

Figure 2.1: Literature Review Outline

This chapter is designed in such a way that it covers material, labor, and equipment aspects of
mass timber construction. The review begins with background information about mass timber
materials, their associated manufacturing processes, and the current state of the market. The
review then shifts to labor and equipment aspects of mass timber buildings, with a focus on
installation techniques. Following this groundwork, the review provides cost and time studies on
mass timber and finally, a review of methods used in prior cost prediction studies. Therefore, this

chapter is supported on four piers: 1) material properties, manufacturing processes, and current
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state of the market, 2) construction and installation techniques, 3) cost studies for mass timber
vs concrete/steel construction, and 4) a review of methods used in building cost prediction

models.

The first section of this chapter will focus on the basic properties of wood to demonstrate
strength characteristics of glulam and CLT. With wood being questioned for its fire capabilities,
fire resistance characteristics will also be explained as a part of this review. After establishing its
strength characteristics, the review will proceed into the manufacturing process of these two
materials. It will compile the processes involved in the manufacturing of these materials and will
provide standards for manufacturing. Mass timber is an emerging construction market, as a
result, there are a limited number of manufacturers and knowing about their locations and
capabilities will provide an idea about current state of this market. This is envisioned through

providing maps, showing locations, and comparing capabilities of a few known manufacturers.

The second section of this review emphasizes resource intensive construction and installation
techniques. Labor-dominant onsite connections, and equipment-dominant material handling
and lifting are explained in this section. The purpose of this section is to provide some background

on field operations and idea about activities utilizing resources.

The third section focuses on cost studies performed to investigate feasibility and economic
performance of CLT. These studies compare mass timber construction with concrete/steel, cast-
in-place concrete, and post tension concrete structure. It provides an overview of cost

breakdowns and potential cost savings.
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The fourth section of this review is dedicated towards reviewing previously developed
construction cost prediction models with a focus on methods used. It involves cost models

developed using multiple regression analysis, case based reasoning, and artificial neural network.

2.1 BACKGROUND, MANUFACTURING PROCESS AND CURRENT STATE OF THE MARKET

This first section of the review starts with unfolding the characteristics and manufacturing
process of CLT and glulam. After building the foundation about the background of these
materials, this section provides the current state of the market by providing an overview of

currently active manufacturers in the United States.

2.1.1 Background of CLT and Glulam

This section is presented to provide background information on CLT and glulam materials by
introducing their properties for their applications in construction. As a result, this section will
summarize structural properties, fire resistance, seismic behavior, and durability of wood in brief.
The next subsection will then highlight on their manufacturing process and the current state of

this market in the US.

Wooden building materials are classified into three categories; 1) solid wood, 2) engineered
wood, and 3) reconstructed panels. Reconstructed panels are typically used as wall panels and
finishes (Asdrubali et al., 2017). Limiting the scope of this study to timber gravity frame, solid
wood and engineered wood products are explained below which are typically used in framing

and following that properties of wooden materials are explained.
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Solid Wood: As its name indicates, this is a solid piece of wood which is derived from timber with
the best characteristics in size, growth, and dimensions (Asdrubali et al., 2017). Solid wood does
not require any adhesives to hold fibers together. Disadvantage of this material relate to the

presence of natural knots and limitations on dimensions based on the size of the tree.

Engineered Wood: With limitations imposed on the size and quality of solid wood, engineered
wood products can be manufactured from a wide range of characteristics of trees. They are
assembled from small pieces of wood with the help of adhesives to create desirable size, shape,
and predictable strength characteristics. This provides much better utilization of the natural
resources, and also provides commercial value for small-diameter and otherwise low-grade
lumber. Engineered wood products, glulam and CLT are relevant to this study, which can be
manufactured in the desired sizes with the help of finger joints, which has the connection
efficiency of 100% which means the strength of the connection is equal to the strength of the
member it connects (Asdrubali et al., 2017). Table 2.1 summaries common sizes for these wood

products and their applications.

Table 2.1: Common Sizes and Applications of Solid Wood, Glulam, and CLT (Source: Asdrubali et al., 2017)
Product  Elements Function Common Size Applications

Solid Wood Unidimensional: beams, columns, header beams  Load bearing Length: Up to 5.4m Structural frames, floors, roofs
Width: 25-75 mm
Depth: up to 250 mm

Glulam Unidimensional: beams, columns, trusses Load bearing Length: no theorotical limit (40 m)  Bridges, halls, industrial buildings, arenas, distribution centers,
Width: 60-250 mm schools, commercial buildings, supermarkets and residential
Depth: from 180 upto 2000mm  buildings.

Cross Bi-dimensional: walls, floors, roofs Load bearing Length: upto 20 m Residential and tall buildings, schools, auditoria, exhibition

Laminated andshear  Thickness: 50 - 300 mm places, places of workship, sports halls, theatres and

Timber walls Depth: upto 4.8 m commercial buildings

(L)
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Properties of Wooden Materials for Building Applications

Structural Properties:

In addition to the benefit of carbon sequestration, wood as a building material shows equivalent
properties for both compression and friction to that of concrete, but with a major advantage of
a fifth of the total weight of similar volume of concrete (Asdrubali et al., 2017). This makes wood
an excellent choice for applications where weight of the material is a major factor for design. This
high strength-to-weight ratio also helps in seismic design and foundations. Wood performs
poorly in the direction perpendicular to the grain direction and with presence of knots in its
structure. Moisture content of wood plays an important role in defining its strength and stiffness
characteristics. With an increase in moisture content below the fiber saturation point, strength
and stiffness of wood decreases (Gerhards, 1982). When compared to concrete, Young’s modulus
of wood is a point of concern, which is nearly thirty percent of concrete and can create issues

related to vibrations, buckling, and deformability.

Seismic Behavior of Wooden Structures:

High strength-to-weight ratio, viscoelastic properties, and deformability makes wood
appropriate for seismic-resistant construction. Despite these advantages, non-ductile stress-
strain behavior of wood is a major area of concern, hence the ductile behavior of wooden
structures is focused on the steel connections (Fragiacomo et al., 2011). The failure mechanism
is thus governed by the design of steel connections based on the capacity design to compensate

for the brittle nature of wood (Asdrubali et al., 2017).
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Fire Resistance of Mass Timber:

Fire resistance in simple terms can be explained as the capacity to resist the detrimental effects
of fire without losing structural integrity. Wood is assumed as a poor performer in fire due to its
combustible nature. Wood has a low thermal conductivity and specific gravity which makes it a
slow transmitter of heat (White, 1983; Ritter, 1990). Even if wood burns, while burning it forms
a char layer which insulates the unburned wood, as shown in figures 2.2 and 2.3. The char layer
of wood itself acts as a fire protection and the wood inside the pyrolysis zone can be considered
intact to carry structural loads. Formation of char layer depends on the species of wood used,
Douglas-fir, which is commonly used for engineered wood products, chars at a rate of 1.5 inches
per hour. When combined with its low conductivity makes wood a better fire resistive material

than other conductive materials like steel with the rise in temperatures (Ritter, 1990).

To protect wood structures from fire-related failure, Eurocode 5 (2004) suggests the use of the
reduced cross section method (RCSM). In this method, member sizes are defined in such a way
that after burning, the remaining intact cross section of the member can carry the structural loads
successfully and prevent the structure from failure. Figure 2.3 illustrates the cross section of a

burnt wood beam.
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Figure 2.2: Charring Behavior of Wood Figure 2.3: Section of a Fire Damaged Wood Beam to
(Source: Ritter, 1990) lllustrate Char Layer and Zero Strength Layer
(Source: White et al., 2013)

Durability :

Moisture and biological agents are the primary influences on the durability of the wood used as
building materials. Due to its interaction with water, wood material volume changes as a result
of the swelling and contraction which can cause cracks in wood; additionally, humidity creates a
favorable condition for fungi growth (Eaton, 1993). The biological agents that attach to the
wooden building materials majorly depend on the type of wood and not on the relative humidity.
Therefore, wood used in buildings is usually preserved through either impregnation or through

an adequate design of architectural details (Greg et al., 2002).

Other important properties of wood include renewability, carbon sequestration, and embodied
energy. Steel is an alloy and concrete is a composite material, which require substances that are
mined and heated by fossil fuels at very high temperatures (Sarthre & O’Connor, 2010). These
are energy intensive processes compared to wood processing, that makes it more efficient and

desirable material.
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2.1.2 Manufacturing Process and Standards for CLT and Glulam

The high precision of the engineered wood products distinguishes mass timber from other

construction types. Mass timber installation processes are highly influenced by the tolerances in

the member sizes, because CLT and glulam arrive ready-to-install onsite. Therefore,

manufacturing standards have been developed which are represented in Table 2.2. Figure 2.4

illustrates the manufacturing process for CLT, and Figure 2.5 demonstrates manufacturing

process for glulam.

Table 2.2: Manufacturing Standards for CLT and Glulam

Tolerances

Cross-laminated timber

ANSI/APA PRG 320-2017

Glued-laminated timber
ANSI A190.1-2017

Dimensions

i
I Thickness/Depth
I

+1/16 inch (1.6 mm) or
2% of CLT thickness,
whichever is greater

+1/4 inch (6.4 mm)

+1/8 inch (3 mm) per ft of depth.
-3/16inch (5 mm) or 1/16 inch
(2 mm) per ft of depth,
whichever is larger

Over 20 ft: + 1/16 inch (2 mm)
per 20 ft of length or fraction
thereof

Squareness

The length of the two
panel face diagonals
measured between panel
corners shall not differ
by more than 1/8 inch
(3.2 mm)

+1/8 inch (3 mm) per ft

Straightness/Camber

Deviation of edges from
a straight line between
adjacent panel corners
shall not exceed 1/16
inch (1.6 mm)

Up to 20 ft: + 1/4 inch (6 mm)
Over 20 ft: + 1/8 inch (3 mm) per
additional 20 ft of length or
fraction thereof, but not to
exceed 3/4 in. (19 mm)
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Figure 2.4: CLT Manufacturing Process (Source: CLT Handbook, 2013)
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Figure 2.5: Glulam Manufacturing Process (Source: Brettschichtholz, 2013)
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2.1.3. Current state of the market

The United States mass timber construction market is still considered at its initial stages. With
that said, there are a limited number of manufacturers in the United States with expanding
capabilities. Figures 2.6 and 2.7 represent locations of active glulam and CLT manufacturers in

the US. Table 2.3 represents manufacturers in the US, their services, and abilities.

Figure 2.7: Location of CLT Manufacturers Across US
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Table 2.3: Manufacturers Across US and Their Capabilities

Depth: 3" to 96"

Width: 1.5" to 20"

Ability to curve the beams with inside
radius radius of 7'

Yellow Cedar,
Wetsern Red Cedar,
Southern Yellow Pine

Manufacurer Location Certification CLT Dimensions Glulam Dimesions Species CNC Capability
D R Johnson Riddle OR APA/ANSI Certified Maximum Panel Size Maximum Glulam size Douglas fir, Alaskan NA
3-lam Certified 10' X 24' 20" X 9'X130' long Yellow Cedar
5-lam Certified
2 7-lam Certified
E Katerra Spokane, WA 3 layers Max. Length 60'-3" NA Spruce-pine-fir Yes
5 5 layers Width 9'-9" to 11'-9"
g 7 layers
2 9 layers
§ Vaagen Colville, WA NA 12" thk, 4' wide, and 60' long |Straight glulam beams up to 60 ft. long | ~ Spruce-pine-fir, Yes
5 Douglas fir larch
' Ismartlam Columbia Falls, MT |APA Certified Upto 41' long but new plant NA Douglas Fir, Western Yes
will be able to produce panels Larch, and SPF Grade
12' wide and 64' long 2
Calvart Vancouver, WA  JAPA & FSC Certified XXX Can manufacture most custom Douglas Fir and NA
Length: Up to 88' curved shapes including S-curves, Alaska Yellow Cedar,
Width: 1/2" to 30" side curves, parabolic arches, other species upon
Depth: Up to 60" double compound curves and curves request
Camber: Zero, 2000',3500' with radius as tight as 2'-0"
3500' and 4500' radius with no Camber
E American Laminators Swisshome, OR  |APA Certified XXX Length: 134' Douglas Fir, Port NA
g Depth: 73 1/2" Orford Cedar,
5 Width: 14 1/4" Alaskan Cedar,
% Others are available on request Southern Pine
<Zt Western Structures (Custom Veneta, OR APA Certified XXX Length: 8' through 100' Douglas fir, Alaskan NA
2| |Glulam) Depth: 3" through 53" Yellow Cedar
= Widths: 11/2" through 161/4"
g 0" Camber up to 40'inside radius
o Rosboro Springfield, OR  |APA Certified XXX Length: 60' Douglas Fir Yes
Width: 3 1/2",51/2", 6 3/4", 8 3/4"
QB Corp Salmon, ID APA Certified XXX Length: up to 130' Douglas Fir, Alaskan NA
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2.2. INSTALLATION TECHNIQUES

The first part of this chapter focused on the materials aspect of the construction; this second
section emphasizes the labor and equipment aspects. Mass timber construction is unique, as CLT
panels and glulam members arrive ready-to-install onsite, therefore the installation process
becomes a critical activity. Hence, building a groundwork to understand installation provides an
evaluation of the costs contributing to the overall project costs. To provide a background, this
section starts with different construction systems used in mass timber and following that it
explains field operations which is divided into two parts based on the dominant resources: 1)

lifting and handling of materials (equipment dominant) and 2) connections (labor dominant).

There are various construction systems adopted using wood as a material to achieve desired
quality and efficiency (Asdrubali et al., 2017). Relevant to the area of this study, mass timber
framed structures are mainly used in following two systems:

° X-Lam Structures: In this construction system, CLT is used as a load bearing element which

is used for constructing walls, floors, and roofs. Figure 2.8 depicts this construction system.

Figure 2.8: X-Lam Structure (Source: Jasontran, 2020)
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. Tall Building Structures: This system is very common and currently used to build mass
timber projects, such as Candlewood Suites, First Tech Federal Credit Union, Albina Yard etc. This
method utilizes a glulam gravity frame which is tied with internal core of either CLT or reinforced

concrete to resist lateral loads; CLT panels are used for floors or in the perimeter as shear walls.

Building
envelope

Structural

1111

Structural
wood core

Glulam
columns

Concrete
below grade

Figure 2.9: Tall Building Structures (Source: Asdrubali et al., 2017)

2.2.1. Lifting and Handling of Materials

Cross Laminated Timber

Cross laminated timber panels are transported from the manufacturing facility or dockyard to
the site location on flatbed trucks. The best practice to load CLT is to arrange panels in the order
of installation sequence and to stack them without damaging the visual side. These panels are
stacked in such a way that large panels are placed individually and separated with dunnage
material. Dunnage is typically used to ease the process of unloading panels using forklift or crane.

A proper staging area is required to store CLT onsite, with additional dunnage used to keep the
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panels off of the ground. Forklifts with long forks, typically eight feet long, are required to support
the width of the panels when unloading. After unloading and storing materials, the next step is
to lift panels and install them at their desired location. To lift these massive panels, lifting devices
such as Rampa inserts with lifting loops (figures 2.10 and 2.11) and yokes with straps are used.

Rampa inserts and lifting loops are used to lift horizontal panels weighing less than 5,000 pounds.

Figure 2.10: Rampa Insert Figure 2.11: Lifting Loop
(Source: MyTiCon Timber Connectors, 2019) (Source: MyTiCon Timber Connectors, 2019)

Depending on the lifting system, lifting devices can also be designed using steel plates, known as
“yokes”. There are five lifting systems and each one has unique requirements for lifting devices.
Figure 2.12 depicts lifting with a spreader bar and Figure 2.13 illustrates lifting with bridle

assemblies.
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System 1 — narrow edge lifting System 2 — wide face lifting

Figure 2.12: Lifting with a Spreader Bar (Source: MyTiCon Timber Connectors, 2018)

System 3 — wide face lifting | System 5 — narrow edge lifting

System 4 — tilt-up |

Figure 2.13: Lifting with Bridle Assemblies (Source: MyTiCon Timber Connectors, 2018)
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Based on the edge of lifting and the capacity required, yokes are selected. Figure 2.14 portrays

different yokes used for rigging panels.

Mini Yoke Yoke 1T Yoke 5T Yoke XL

Figure 2.14: Different Types of Yokes (Source: MyTiCon Timber Connectors, 2019)

Yoke 1T is used for floor/roof panels up to 3500 Ibs., Yoke 5T is used for panels weighing less

than 11,900 Ibs., and Yoke XL has the largest capacity to lift panels up to 18,500 Ibs.

Glued-laminated timber

Glulam beams are shipped typically in rail cars or trucks and are stacked on lumber blocking or
skids. Loads are secured with the help of straps to provide stability and safety. After arrival onsite,
glulam beams are unloaded with the help of forklifts or cranes, with wrapping left intact if
necessary. Beam sides are placed flat on the forks for better stability. For long beams, multiple
forklifts can be used in unison. If a crane is used for unloading, sufficient protection is required
at the edges of beam, between slings and edges. Storage of beams if possible is preferred to be
in a covered area, elevated off of the ground using blocking or skids. Glulam beams are typically
installed using cranes, and nylon or fabric slings are highly recommended compared to steel
chokers for lifting with adequate protection. Figures 2.15 and 2.16 illustrates unloading and lifting

of the glulam beams.
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Figure 2.15: Unloading of Glulam Beams
(Source: APA, 2013)

Figure 2.16: Lifting of Glulam Beams (Source: unknown)

Handling and lifting processes for these materials are equipment intensive. Most of the
equipment-related hours are used in these processes, which makes it important to develop

understanding of these processes.

2.2.2. Connections

Assembling and installing connections is a labor-intensive activity in mass timber construction,
which involves fastening different members together. Some connections are prefabricated and
some of the connections are performed onsite. There are some connections which are project
specific and some typical connections. This section focuses on such typically used connections

related to the timber gravity frame system.
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Typical Connections

CLT floor panel to CLT floor panel:

These connections can be found in most of the mass timber buildings using CLT as a floor
element. These connections are performed onsite and the main activity for laborers is to connect
panels together with structural screws. The CLT Handbook explains these connections in a
detailed manner (FPInnovations, 2013) and relevant details are only captured in this section of
the report. These are usually used in two types: 1) spline connection and 2) lap joint. Figures 2.17,

2.18, and 2.19 depict different types of spline connections and Figure 2.20 illustrates a typical lap

joint.
Screws Screws
VAN
X [ Plywood, LVL, SCL
CLT Floor CLT Floor CLT Floor [ X CLT Floor
== l ! ——] 1
I =< = I =———mx e
[ [ } } [ [ T T | [ L I
e l == —_—Tr—" Qe —
Plywood, LVL, SCL ==
/ l J «— Screws
Plywood, LVL, SCL
I b{l}-(\% — T
[ ——a———a ——| XXZ&ZXIX
Figure 2.17: Single Surface Spline Figure 2.19: Double Surface Spline
(Source: FPI, 2013) (Source: FPI, 2013)
Screws Self-tapping
v\ screws
CLT Floor N N CLT Floor N
J’ ‘L CLT Floor { CLT Floor
e ggﬁ%ﬁﬂ i
Plywood, SCL — ]
Figure 2.18: Single internal spline connection Figure 2.20: Half lapped joint
(Source: FPI, 2013) (Source: FPI, 2013)
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CLT floor panel to glulam beam:

This is one more typical connection observed in mass timber construction, used to attach CLT
floor panels to glulam beams using structural screws. These connections are also performed in
the field during building erection. Figure 2.21 illustrates such a typical connection connecting a

5-ply CLT to a glulam beam.

i

e 5-ply CLT

Glulam Beam

Figure 2.21: Typical CLT Floor Panel to Glulam connection (Source: LEVER Architecture, 2020)

Project specific connections

Other connections involve project specific designed connections, which are custom made steel
connections used as column to column, beam to column, beam to beam, and column to
foundation connections. Important observations to note while designing these custom-made,
prefabricated steel connections is that they should be concealed inside wooden members to
achieve desired fire resistance. An example is illustrated in Figure 2.22, in which steel connections
are concealed inside wood members. An additional advantage of concealed connections is that
they are not visible and maintain all wood surface aesthetics. Another array of connections is
depicted in figures 2.23 and 2.24 which represent another type of prefabricated post to beam

connection.
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Custom steel
beam hanger

Custom steel
girder hanger

Engineered bolts

3-ply CLT

Engineered self-tapping screw

Custom laser cut steel strap

6 3/4 x 24 custom CNC
milled glulam girder

6 3/4 x 18 custom CNC
milled glulam beam

83/4 x 12 custom CNC milled
glulam column

Figure 2.22: Custom Column, Beam, Floor Assembly (Source: Albina Yard, LEVER Architecture, 2020)

Glulam Column

Structural
Connection

Figure 2.23: Column, Beam, Floor Connection Assembly
(Source: Unknown)
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Figure 2.24: Prefabricated Post-to-Beam Connection
(Source: MyTiCon Timber Connectors, 2019)




2.3. COST STUDIES FOR MASS TIMBER VS CONCRETE/STEEL

Cross-laminated timber has received a good response in North American market and is still at its
initial stages to be adopted nationwide (Laguarda-Mallo and Espinoza, 2015). There is an
ambiguity about costs associated with its adoption and this uncertainty is considered as a major
barrier to further use (Laguarda-Mallo and Espinoza, 2014; Laguarda-Mallo and Espinoza, 2015).
CLT has a great potential as a construction material due to its benefits for the environment,
construction speed, and precision. A study performed by Laguarda-Mallo (2016) found that
decisions for structural materials are made at initial design stages and cost was found to be the
driving factor. Therefore, it is necessary to perform cost studies for CLT in comparison with
traditional concrete and steel construction systems. A few such studies have been performed to

illustrate economic performance of CLT.

Laguarda-Mallo (2016) conducted a feasibility and economic performance study on CLT for a
performing arts center project and compared it with a concrete and steel construction system.
The result showed that CLT had great potential for cost and time savings. This study evaluated
five design options which included 1) concrete, structural steel, and light-steel frame, as
originally-specified, 2) CLT panels replacing concrete walls and roof, materials from first
manufacturer 3) CLT panels replacing concrete walls and roof, materials from second
manufacturer, 4) a hybrid of CLT panels, glulam beams, and wood-frame construction, materials
from first manufacturer, and 5) a hybrid of CLT panels, glulam beams, and wood-frame
construction, materials from second manufacturer. Results showed a cost reduction up to $9 per

square feet depending upon manufacturer for the basic CLT option and up to $15 per square feet
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for the hybrid timber option, depending upon the CLT manufacturer. These results do not include
cost reductions due to construction time savings; hence, total construction cost savings could be
better when indirect costs are considered. Four-month time savings were observed for the basic
CLT option and a sixty-one percent for the hybrid option. The cost breakdowns for all the five

options are shown in Table 2.4.

Table 2.4: Summary of Results (Source: Laguarda-Mallo, 2016)

CLT options
./ . .
Co:llcret.e Basic Basic Green Green
Steel option CLT CLT _ :
. . option 1 | option 2
option 1 | option 2
Element
(Concrete
walls/roof, (CLT walls/roof. (CLT walls/roof,
steel beams,  steel beams, light- glulam beams,
light-steel steel frame) wood-frame)
frame)
Structural $1,071.680 5624417 $414.901 $624.417 $414.901
Walls
Concrete $256.416  £256.416 $256.416 5256416 $256.416
Slab
Foof $600,975  $427.809 $289.339 $427.809 $289.339
System
Interior $155.304  $155304 $155.304 $297.666 $297.666
Walls*
Steel Beams | $506,575 | $506,575 $506.575 -
Glulam - - $29.022  $29.022
Beams
Extra CLT - - $115407 $84.977
Walls
Extras for - $595,241  $595.241 $654.768 $654,768
CLT**
TOTAL $ 2,590,950 2,565,763 2.217.777 2.405,506 2,027,091
SQFT 40,065 40,065 40,065 40.065 40,065
Cost per sqft $64 564 $55 $60 $50
* Interior walls for concrete and basic CLT options are in light-steel
frame construction. Interior walls for CLT Green options are in wood-
frame construction.
** Extras for CLT includes labor cost and connectors for CLT

Fanella (2018) also performed a cost study to compare cast-in-place reinforced concrete

structures with CLT. This study compared costs of the structural frame for a hypothetical 10-story
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residential building situated in the Pacific Northwest. The CLT option utilized a bearing wall
system to resist gravity and lateral loads, whereas the cast-in-place reinforced concrete option
used a flat plate system (slabs and columns) to resist gravity loads and a concrete shear wall core
to resist lateral loads. The cost of the structural frame for the CLT option was found to be $48 to
S56 per gross square feet with an additional $2 to $6 per square feet for acoustical dampening
and fire protection. The cost of the structural frame for the concrete option was in the range of
S42 to S46 per gross square foot with an additional cost of $1 to S2 per square foot for acoustical
dampening. The study showed an incremental cost increase of 16 to 29% for the CLT structural
frame option in comparison with the reinforced concrete option. The relative cost information

for the structural frame of CLT projects in North America is shown in Figure 2.25.
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Figure 2.25: Relative Cost Comparison for CLT Projects
(Source: CRSI, 2018)

The previous study comparing mass timber and concrete structural frames did not consider

schedule benefits of mass timber. Moreover, only a CLT bearing wall structural system was
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compared instead of optimizing the construction system. To provide in depth, well rounded
perspective of using an optimized mass timber construction system, the most recent feasibility
study was produced for a 12-story mixed-use, mass timber tower for Seattle (DLR group, 2018).
This detailed study compared a baseline post-tensioned concrete structure with the proposed
mass timber tower. The cost calculations are based on 2018-numbers and for an all office-use

with street level retail building.

Schedule Analysis

The proposed mass timber design provides a 5-month savings in the total duration compared to
the baseline post-tensioned concrete structure (DLR group, 2018). Time to build the structure,
lag time to start the exterior, lag time to start interior rough-in trade work, and the finish of the
elevator system were outlined as drivers of the project schedule. The mass timber frame saved
13 weeks relative to the post-tensioned concrete frame. These time savings were primarily
observed due to prefabricated panels, glulam beams, and glulam columns. Unlike the post
tensioned concrete frame, as soon as mass timber members are locked into the lateral system,
following trades can instantly start working on the floor below. This minimizes the lag for exterior
and interior work start, and in the case of mass timber, it saved a minimum of six weeks of the
total project duration. Collectively, this resulted in total of 5-month savings and a total project
duration equivalent to 3/4 of the time required for traditional concrete framed structure. Figure

2.26 shows a comparative schedule for the two options from the study.
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PT Construction Phase
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Figure 2.26: Development schedule (Source: DLR Group, 2018)
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Cost Analysis

The goal of this study was to compare the complete construction project costs with respect to
time for mass timber frame and post tensioned concrete frame design alternates. Hence, this
cost analysis is not limited to the costs of the structural frame, it takes into account the benefits
of a lighter structural frame, schedule benefits, and aesthetic finishes. After including all the
factors, the direct cost of the mass timber system was estimated 2.2% higher than the post-
tensioned concrete system. In contrast, the indirect costs were much lower, nearly 20%, relative
to the post-tensioned concrete system, which resulted in overall project cost savings of 0.5%.

These breakdown costs and costs per square foot are collectively depicted in Table 2.5.

Table 2.5: Cost Comparison Chart and Cost Per Square Foot Chart (Source: DLR Group, 2018)

System Mass Timber PT Concrete Mass Timber Cost Per Square Foot
Design Design Savings
) Mass Timber Tower. PT Concrete Tower.
Direct Cost of Work $86,997,136 $85,105,091 2.2% $104778.230 $105.303.208
Project Overhead $§ 9,393,750 $11,768,750 -20.2% 424,176 GSF w/parking 424,176 GSF w/parking
Add-Ons $ 8,387,345 $ 8,429,368 0.5% $10,682,601 WSST $10,635,624 WSST
$115,360,831 $115,938,832
Total $104,778,231 $105,303,209 -0.5%
$271.97/SF $273.33/SF

2.4. PREDICTIVE COST MODELS

Cost has been observed as a major driver for the selection of structural materials, which typically
happens early in the design process (Roos et al., 2010; Braganca et al., 2014; Laguarda-Mallo &
Espinoza, 2016). Due to the uncertainty of economic performance of mass timber, it is necessary
to understand costs at the conceptual design stage to make informed decisions. In an attempt
to find precise costs, numerous studies have been performed to develop predictive cost models.

This section reviews relevant such studies.
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Lack of information at the earliest conceptual design stages makes estimation a complicated and
a vague task. To have better control over the costs of the project, it is important to develop
accurate estimates. Therefore, many cost-prediction models have been developed using
statistical, probabilistic, and artificial intelligence-based techniques. Initial attempts for cost
modeling involved the use of regression analysis (McCaffer, 1975; Skitmore and Patchell, 1990;
Trost and Oberlander, 2003; Lowe et al., 2006), as it is a well-known and a powerful statistical
tool. The benefit of this method is that it can be useful for examining the variables contributing
to the overall costs and to predict costs (Kim et al., 2004). The main disadvantage of using
regression analysis is that it does not perform well with multidimensional and multivariate
datasets. This is due to the possibility of multicollinearity between large number of independent

variables. Despite its limitations, it has been extensively used to develop predictive cost models.

Lowe et al. (2006) presented a regression cost model for prediction of the project costs to assess
the feasibility of the project and to provide accurate construction costs to help client make
decisions about the project budget and manage the design to meet the budget. They performed
forward and backward stepwise analysis on 286 projects to provide six models consisting of eight
to fourteen variables each. Initially, he identified forty-one potential independent variables; gross
internal floor area, function, duration, mechanical installations, and piling inclusion, were found
in all the models due to their dominating linear relationship with costs. He performed forward
and backward stepwise regression on log of cost, cost/m?, and log of cost/m? as dependent
variables, to produce all six models. The log of the backward cost model was found as the best
regression model with an R? of 0.661 and mean absolute error percentage of 19.3%, which was

comparatively better than previous regression models.
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With technology advancements and the arrival of artificial intelligence, case-based reasoning
(CBR) and artificial neural networks were identified as useful techniques for accurate cost
estimation (Li, 1995; Perera et al., 1998; Bode, 1998). A comparison of these techniques with the
traditional statistical methods was a pre-requisite to study benefits and drawbacks. Kim et al.
(2004) presented a comparison of regression analysis, neural networks, and case-based
reasoning. He examined 530 historical cases, developed cost models and found neural networks
as the most accurate technique and case-based reasoning as the second most accurate. Despite
the accuracy of neural networks, this method is a black box which does not require
representation of any mathematical relationship between the independent variables and cost
relationship. Additionally, updating of neural networks was found as time consuming process due
to its necessary retraining procedures. Therefore, Kim et al. (2004) found CBR models as the most

effective model based on the accuracy, clarity of explanation, and the ease of updating.

Case based reasoning (CBR) is based on finding and retrieving a case stored in a database that is
most similar to the test case and applying the solutions of that similar case to the new problem
to find the solution and then retain that solution for future use (Kim and Kim, 2010; Zima, 2015).
Cases in CBR are represented by attributes; weights are assigned to these attributes and a similar
case is the one which carries the maximum weight. Expertise elicitation, intuition, judgement,
Analytical Hierarchy Process (AHP), and gradient descent are a few methods which are used to
calculate these weights (Arditi and Tokdemir, 1999; Morcous et al. 2002; An et al. 2007). All these
methods use human inputs which has the potential to introduce ambiguity and error (Arditi and

Tokdemir, 1999; Kim and Kim, 2010).
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Kim and Kim (2010) suggested the use of genetic algorithm (GA) to determine weights of
attributes with a goal to minimize the construction cost prediction error and the similarity scores
of attributes which have a nonlinear relationship with the cost. They developed a cost estimation
model for bridge construction projects by collecting data on 585 projects. With the help of this
hybrid CBR and GA model, they found mean absolute error of 7.62% with requiring only two
attributes required at the early stages; number of lanes and length of the bridge. This model

performed better than previously developed models using CBR.

Jin et al. (2012) developed a notable model using CBR and multiple regression analysis (MRA) to
predict costs of construction projects at the early stage. He used 41 business facilities and 99
multi-family housing projects with an objective to improve the prediction performance of existing
case-based reasoning models. He suggested an MRA based revised CBR model to improve the
accuracy of existing models. Results indicated performance improvements in both the models;
revised model for business facilities improved by 17.23% and revised model for multi-family
housing projects by 4.39%. Therefore, it can be observed that there are ample opportunities to
develop cost models with higher accuracy, and with appropriate methods required accuracy can

be achieved.
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CHAPTER 3 RESEARCH METHODOLOGY

3.1.  INTRODUCTION

The background of this study and introduction of the research area is represented in Chapter 1
and Chapter 2 provides a thorough literature review on manufacturing processes, construction
process, and a review of cost prediction models. This chapter builds up on the foundation created
by both the chapters, by providing research approach and methodology. It further elaborates the

objectives and defines the connection and contribution of those chapters to this research.

Objective 1 provides a groundwork for the research by explaining its background and includes
literature review and field observations. The Chapter 2 summarizes manufacturing process for
CLT and glulam, current state of manufacturers in the United States, construction process, and a

review of cost prediction models.

Objective 2 starts building up on the substance, and the information was used to create a
spreadsheet with variables impacting construction costs and initiate the process of data
collection. Along with the process of data collection, analysis of the methods was started. As a
part of methodology selection step, multiple regression, genetic algorithm, artificial neural
networks, and case-based reasoning were analyzed. The data collected was used to approach the

final selection of the methodology.

Objective 3 develops on the information learnt and variables are analyzed, selected variables
were then used to create a regression prediction model. This model is planned for testing as a
final step of this research, to check for its ease of use and accuracy.
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3.2.  RESEARCH OBIJECTIVES

3.2.1. Objective 1 — Understand the Current State and Background of Cross-Laminated Timber

and Glued Laminated Timber in Construction

The purpose of the groundwork provided by this objective was to understand previous studies in
mass timber and provide a clear representation of the current state of this industry. Gathering
previous studies and understanding the current state provided a vision towards the need of this
research and concrete reasons to study the cost implications of using CLT and glulam in
construction. These studies also showed that necessary attention was paid to study prediction
tools for concrete and steel structures. On the contrary, mass timber construction lacks the
essential attention for such a prediction tool and a limited attention has been paid to study cost
implications. This research makes an attempt to study the cost implications of mass timber
construction through a prediction tool. Figure 3.1 shows the research outline of methods and

outputs with interoperability of objectives.
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Figure 3.1 Research Outline of Methods and Outputs
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The contribution of field observation was to create a deeper understanding of the construction
process and to analyze current market conditions. This observation provided familiarity with the
current manufacturer capabilities and is represented in Table 2.3 in Chapter 2. Study of cost
prediction models provided necessary inputs for technique selection step. Furthermore,
literature on various prediction models previously developed for traditional construction

projects, provided insight for variables to be determined in Objective 2.

3.2.2. Objective 2 — Build a Foundation for Development of the Predictive Cost Model

The primary purpose of this objective was to create a base required for the development of
prediction model which includes three steps; 1) determining variables, 2) data collection, and 3)
technique selection. This objective advances on the groundwork performed in Objective 1 by
identifying variables and sets a stage for Objective 2 by addressing data collection process and a

suitable technique for prediction model development.

3.2.1.1. Objective 2a: Determining Variables

The purpose of this objective was to create a list of study variables contributing to the cost of the
construction projects. This list was then planned to serve as an input for data collection to create
a spreadsheet, which after data collection served as a datasheet. The list of study variables is

represented in Table 3.1 and description of these variables is presented below.
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Independent Variables

Due to the lack of previous work in studying cost implications for mass timber construction, some
of the independent variables were determined with the help of studies performed for other
construction types, with the elicitation of expertise of professionals. The following variables were

considered, and their description is as follows:

Gross Area of the System (SF): 1t is the total floor area covered by the mass timber system. Saxena

(2018) and Ji et al. (2011) stated increased duration and material costs as the size of building
increases. This variable was selected to reflect this relationship in the prediction model which
was also used by Saxena (2018) for his prediction tool. Regardless of the construction system,

gross area of the system has an impact to the cost of the project.

Location: An et al. (2007) and Koo et al. (2010) recognized location as one of the necessary
variables to estimate the direct cost of a building. The location of the project was selected as an
independent variable for two reasons: 1) with a limited number of manufacturers, location of the
project can be a critical factor for the material supply and 2) with different zip codes, there are
different costs for locally available resources, which is expressed by an equivalent parameter as

cost indices.

Number of Wood Stories: This represents the number of timber levels of a building. An et al.

(2007), Ji et al. (2011), Koo et al. (2010), Yau et al. (1998), and Saxena (2018) identified number
of levels as a prime factor contributing to the costs prediction, which resulted in the selection of

this independent quantitative variable.
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Table 3.1: List of Variables and their type
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General Requirements: General requirements are considered to represent overhead costs of the

project. The prime contractor’s estimate is the sum of direct costs, project overhead, and general
office overhead and profit (Carr, 1989). To characterize the overhead costs, general requirements

was represented as a variable in the datasheet.

Worker hours (WH): Labor costs are a direct function and productivity is also a function of worker

hours. This variable thus impacts both construction costs and construction time. It is also an
equivalent schedule parameter instead of duration of the project. Therefore, this variable was
considered to reflect the duration of project at fairly early stages of the construction when data

was collected.

Equipment hours (WH): Similar to the worker hours, equipment costs and productivity is also a

function of equipment hours, therefore impacts both construction cost and time. To consider its
impact and compensate for the duration of the project, this variable was considered as a duration

characteristic of the project.

Total Material Quantity (CF): This independent variable, represents the total quantity of CLT and

glulam required for the project, expressed in Cubic Feet (CF). This variable was selected as a result
of underlying relationship between the material quantities and the total cost of the project. As
stated in Chapter 2, Kaming et al. (1997) identified inaccurate quantity takeoff as one of the first
three causes of cost overruns, which indirectly represents the underlying relationship between
the cost of the project and total material quantity, as total material quantity is a direct derivation

of the quantity takeoff.
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Labor Cost: Increased labor costs were recognized as a cause of cost overruns by Kaming et al.
(1997) and labor resource was considered as one of the few input variables for cost-time
prediction model by Lee-Hoai et al. (2011). This represents an indirect connection with the

project costs and as a result this variable was considered for this study.

Material Cost: Material cost represents costs associated with CLT and glulam, it does not include
costs for steel connections. In a study by Kaming et al. (1997), cost overruns were observed as a
consequence of increased material costs and provided a hint of the relationship with the project

costs. This quantitative variable was considered for the same purpose.

Equipment Cost: Yau et al. (1998) considered equipment resources as a part representation of

the project costs. This variable was considered as it directly impacts the project direct costs (Carr,
1989). Regardless of the construction materials equipment costs are major contributors to the
project costs, even though different construction materials demand different crane specifications

and requirements.

Building Type: Building type is a formal representation of the primary purpose of the building,
structure or a part of it. They were classified into Office, Civic, Educational, Mixed-Use, and
student residence. Akinsola et al. (1997) identified project type as a significant influencing
parameter to the total value of changes to design after awarding the contract. Which illustrates
an indirect impact of the project type to the cost of the project regardless of the construction

material used for the project.
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Construction Type: Per IBC (2018), five types of construction are established in which each

building must be categorized. Each construction type is associated with fire resistance rating
requirements for different building elements and is represented in Table 3.2. Fire rating of a
wood member is a function char depth (White and Nordheim 1992), which decides the size of
members in the building. With different sizes of a member, costs might differ, which reflects the

need for selection of this variable.

Table 3.2 Fire- resistance for rating requirements for building elements (hours), Type Ill, IV, and V
(Source: IBC Section 602, Table 601 and Section 2304.11, McLain R. and Breneman S. (2019))

Construction lII-A III-B W V-A V-
Type
Exterior wall Any wood Any wood
. FRTW FRTW FRTW or CLT including including
materials . .
mass timber | mass timber
Exterior bearing 2-hour 2-hour 2-hour 1-hour 0-hour
wall FRR
. . Any wood Any wood Heavy timber Any wood Any wood
Interior framing | . . . . ) . . . . .
. including mass | including mass | including mass including including
materials ) ) ) . .
timber timber timber mass timber | mass timber
Primary frame,
floor & roof 1-hour O-hour HT 1-hour 0-hour
construction FRR

Complexity: Kaming et al. (1997) identified complexity of the project as one of the most
important factors for the cost overruns of the project. As use of mass timber in construction is a
fairly new concept in the US, lack of experience and familiarity with construction methods
increases the complexity of projects. Kaming et al. (1997) had identified uncertainties with

construction methods, technological knowledge and historical data as significant factors for cost

overruns and delays.
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CLT Thickness: It represents the thickness of CLT panels used in the project. Different panel
thicknesses can be used in combinations to optimize costs of the project. With different

thicknesses cost of the panels also vary, which ultimately contributes to the costs of the project.

Number of Ply: CLT’s are available as 3, 5, 7, and 9 ply combinations. With the increase in ply

number, purpose of CLT changes and costs also change with application. These changes in the

costs affect the material costs of the project.

Level of Design: This independent categorical variable represents the design stage of the project,

which is important as the data was received mostly from preconstruction stage. It is categorized
into Schematic Design, Design Development, and Construction Documents. Kaming et al. (1997)
identified design changes as one of the first five causes of delays of the project, which states the

need to consider it for this study.

Gravity System: Gravity System defines the structural system to transfer the gravity load of the

structure to the foundation. Ji et al. (2011) and Saxena (2018) stated with different structural
frames productivity will vary which will result in different project costs. Specific to this study all

the projects have a Glulam gravity system, this variable served as a filter for the data selection.

Hoisting: With the increase in the demand of economical, resilient, and safe construction of
facilities in the shortest possible time, there is often a need to transport materials in a short
period of time. Cranes play a vital role in transporting materials and components to the labors

onsite and are considered as a costly resource to use in the projects (Peng et al., 2018). Selection
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of cranes according to the project needs and its efficiency are considered as critical factors

significantly impacting the project costs and time (Peng et al.,2018) and (Abdelmegid et al., 2015).

Dependent Variables

Cost of the System: The cost required to build the mass timber system is expressed as “cost of

the system” and considered as a dependent variable for this study. The cost is specifically related
to the Mass Timber System and does not include costs related to the other parts of structure
containing concrete, steel or any other material type. With a few Mass Timber buildings in the
United States, small sample size was expected, and restricting costs related to the frame helped
in considering different building types to be a similar timber gravity frame. This cost does not

include contractor’s fees, insurance, taxes, and contingency.

3.2.1.2. Objective 2b: Data Collection

To achieve the goal of creating a prediction model for mass timber construction projects, data
collection of such projects was necessary. Construction projects in design, under
construction/completed using mass timber construction technique was considered as a
population for this study. As this technique is comparatively new in the United States, there are
a limited number of projects. As the projects are limited and the market is new, there are a very

few contractors having expertise in this area which results into a barrier for sharing such data.

During the data collection process, the population of mass timber projects using CLT and glulam
frame was researched through public resources. A total of 150 projects either under construction
or already built and 281 projects in design were together considered as the population from
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which the study sample would be drawn (Woodworks, 2020). As there is an uncertainty about

the population characteristics and a very little information is available about the population,

Slovin’s formula (Stephanie, 2003) was used to calculate the sample size and to better

understand the implications on the expected accuracy. Slovin’s formula is as follows;
n=N/(1+Ne?)

n = Sample size
N = Total population

e = Margin of error

According to AbouRizk et al. (2002); conceptual estimates are generally accepted within the error
range of +/- 30%. Furthermore, Jong (1992) provided 20% error as a criterion to decide validity
of a conceptual estimate. From a study performed by Langat (2018), it was evident that 95%
confidence level generate statistically significant results. Therefore, to calculate the sample size
Slovin’s formula was used with the acceptable 20% margin of error. A sample size of twenty-three

was required to achieve the acceptable level of accuracy.

The data was obtained from various sources such as general contractors in the United States.
After data collection process, a total of 28 projects were obtained which accounts for about six
and a half percent of the population and exceeds the required number of samples. As it is an
emerging market, there are a limited number of completed projects, but comparatively
significant number of projects in the preconstruction stage. As a result, the data collected was
from projects in preconstruction stage and projects under construction. Figure 3.2 shows the

state wise distribution of these projects across United States.
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The process of data collection was initiated by reaching out to professionals in this industry,
followed by that an Excel spreadsheet was circulated as represented in Table 3.3. After receiving
these Excel spreadsheets, all the data was collated in one sheet and was referred as a
“datasheet”. This datasheet was then used for technique selection as a final step of Objective 2.

Furthermore, this datasheet also provided required input for Objective 3.

3.2.1.3. Objective 2c: Methodology Selection

After obtaining the datasheet, the immediate goal was to commence data analysis, but with the
sample size obtained and the number of variables, the prediction methods reviewed in Chapter
2 offered a challenge for the accuracy and suitability of the methods for the model. In order to
overcome that challenge, experts were consulted and principal component regression (PCR) was
suggested as a better suited methodology for the study. This objective explores some background

for selecting PCR and how can it be performed to achieve the goals of this study.

Specific to this study, the sample size obtained was relatively small given that mass timber
construction is relatively a new approach in the US construction industry. The initial approach
was to use multiple regression for this study, but for using multiple regression, a large dataset is
required and there should not be any collinearity among the independent variables (Chan, 2005).
With a handful of observations and the possibility of multicollinearity among the independent
variables, there existed a need to find a better suited approach for the development of the
model. With 18 independent variables, the statistical power was also a factor of consideration

(Gnanadesikan, 1997), thus there was also a need to reduce the dimensionality of the data.
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Figure 3.2 Distribution of projects of collected data
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Cost of the System

Table 3.3 Spreadsheet Circulated During Data Collection Process

Worker Hours (WH)

Equipment Hours (WH)

Building Type

Stories of Wood

Area (SF)

Construction Type

CLT Thickness

Number of Ply

Level of Design

Total Material Qty (CF)

Labor Cost

Material Cost

Equipment Cost

General Requirements

Year

State

City

County

Zip Code

Complexity

Gravity System

Hoisting Included
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Principal component regression (PCR) was considered afterwards due to its advantages of
reducing dimensionality and handling multicollinearity of the data. The prerequisite for this
regression is to perform principal component analysis (PCA), which extracts a small number of
principal components that explain the most variation in the data. The next stage is to perform
regression on these selected principal components against the dependent variable. As PCA
generates a new set of variables (principal components), which are uncorrelated, and dimensions

are of manageable size, it was a better suited approach for this study.

Principal Component Analysis (PCA)

PCA is a non-parametric method which in many ways formulates the basis of multivariate data
analysis (Wold et al., 1987). PCA is used frequently in nearly all the forms of analysis, which
include but not limited to neuroscience, chemistry, geology, engineering, and computer graphics.
It is known by various names in different fields; singular value decomposition (SVD), Karhunen-
Loéve expansion, and Hotelling transformation are a few widely known alternate names (Golub
et al., 1983, Mandel, 1982, Karhunen, 1947, and Loéve, 1948). With the help of PCA, complex
datasets containing large number of correlated variables can be reduced to a manageable
dimension. It helps in extracting relevant information from confusing datasets and sometimes
reveal the basic hidden patterns that underlie it (Shlens, 2005). The key idea of PCA is to retain
the maximum variation possible present in the data while reducing the dimensionality of a
dataset containing large number of interrelated variables (Joliffe, 1986). It attains this goal by

transforming the original variables to a new set of variables, known as the principal components
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(PCs). These principal components are uncorrelated and ordered in a way that first few

components show the maximum variation in the data set.

History of PCA

Pearson (1901) formulated PCA in statistics and was more concerned with finding the lines and
planes of closest fit to the set of points in p-dimensional space. Additionally, the geometric
optimization problems he considered also lead to principal components (Joliffe, 1986). After
Pearson until Hotelling, according to Joliffe (1986) there was a very little relevant material was
published. Hotelling (1933) then further developed PCA and provided his paper in two parts. The
first, most important part, stated the problem in detail and presented a method of analysis.
Furthermore, he showed its geometric meaning and illustrated methods of solution. The second
part discussed certain derivative problems which included; determination of principal
components for individuals, iterative solution of normal equations, tests as samples of a larger
aggregate of tests, principal components with perfect weighting and the “sand” and
“cobblestone” theories of the mind. Hotelling’s motivation was that there is a possibility that a
smaller number of ‘fundamental set of variables... which determine the values’ of the original p
variables. He states that such variables have been called “factors” in the psychological literature
and introduces “components” as a new term to avoid confusion. He chose these components
such that they maximize their successive contributions to the total of the variances of the original
variables and called them as principal components. Then, the method to find these principal
components was called as “method of principal components”. Hotelling (1933) in his paper also

showed a way to find components using power method and then provided an accelerated version
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of the same method (Hotelling, 1936). Girshick (1936) also provided some alternative ways to
determine PCs and presented an idea that sample PCs are a maximum likelihood estimate of the
population PCs. Before Rao (1964) presented numerous ideas concerning uses, interpretations,
and extensions of PCA, there was a very limited amount of work that was published. Gower
(1966) then provided links between PCA and other statistical methods and some geometric
insights. After Gower (1966), the practical side of the PCA was demonstrated by Jeffers (1967)
with the help of case studies which showed the use of PCA more than just a simple dimension

reduction tool.

Advantages of using PCA

The important points of consideration while analyzing the obtained multivariate data were; 1)
Large number of dimensions of the data, 2) Interrelationships of the independent variables, and

3) Small sample size. These challenges are explained as follows,

Dimensionality Reduction

The basic problem with the analysis of a large multidimensional dataset is that it is too big to
handle, visualize, understand, and interpret. Also, while dealing with multidimensions, it is
difficult to simply visualize and catch the hidden patterns in the data, because of the nature of
its size. On the contrary, with the two-dimensional or three-dimensional data, it is comparably
interpretable and understandable without putting in too much efforts as we can visualize that
data. Therefore, we use different techniques with a vision to reduce the dimensions and size of
the data. But with the reduction in the size of the data, there is a loss of information and it is

necessary to protect the important information in the data especially when small size is involved.
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Multicollinearity

With multidimensional data, there is almost always a possibility of interrelationships between
the independent variables at hand. It is important to understand those relationships in order to
then use such data for prediction models. Specific to this study, the data was planned to be used
further for regression and the elementary assumption of performing regression is that the
independent variables should be uncorrelated. In such cases it is important to identify the

interrelationships with a goal to either discard them or to prepare a strategy to manage them.

Small Sample Size

With small sample size obtained it was very important to protect all the information necessary
and to use all of it for the predictions. With dimensionality reduction and tacking multicollinearity
there was a possibility of information loss and was an important criterion and a challenge while
selection of a method. PCA showed strength in all these areas and demonstrated suitability for

this study as follows:

The issues with dimensionality reduction in a multivariate data is finding balance between
achieving simplicity for understanding, visualization, and interpretation, on one side, and minimal
loss of information for adequate representation on the counter side. PCA is the most widely used
multivariate method for linear dimension reduction (Gnanadesikan, 1997). The central idea of
this technique is to reduce the dimensions by providing principal components in order that first
few components explain maximum variation in the data. As a result, loss of information can be
managed by selecting appropriate number of components that retain most of the information in

the data, given that the sample size was small retaining most of the information was necessary.
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PCA generates these components in a way that they are uncorrelated with each other regardless
of the multicollinearity in the data. Which was the most crucial factor for this study, as the goal
was to generate a prediction model using regression and one of the major difficulties with the
usual least squares estimators is the multicollinearity. PCA is helpful in dimensionality reduction
to visualize, interpret, and understand the data without much loss of information. To tackle these

issues PCA was selected in order to obtain maximum possible accuracy from the data.

Limitations of PCA

An important limitation of using PCA is that it is only suitable for continuous data set (Kolenikov
et al., 2004). As mentioned by Anderson (2003), Hotelling (1933), and Mardia et al. (1980), it was
developed for the samples from the multivariate normal distribution and most of the theoretical
methods were derived with the normality assumption. Discrete dataset can be used in PCA by
implementing Filmer-Pritchett PCA procedure of generating dummy variables. But there are a
variety of implications of using a discrete dataset in the standard PCA and the problems related

to discrete dataset are listed below;

Firstly, with using discrete dataset, normality assumptions of PCA are violated as discrete data do
not follow a density function. Furthermore, even with finite range, the discrete data has high
kurtosis and skewness, when the majority of data points are concentrated in a single category.
PCA only addresses approximating the real data with the normal distribution of the same mean

and covariance matrix (Kolenikov et al., 2004).
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Second, using discrete variables in the dataset may not mirror the true covariances or
correlations of the underlying variables. According to an example provided by Kolenikov et al.
(2004), these discrete variables tend to be biased towards zero. If the covariance structure of the
observed variables is not consistent with the theoretical model, then the estimated principal

component weights will be inconsistent and will be biased (Kolenikov et al., 2004).

Third, PCA using discrete variables reduces the share of variance that is represented by the first
few components. These distortions are greater with categories less than five per categorical
variable, high skewness and kurtosis, and opposite skewness of different categorical variables

(Kolenikov et al., 2004).

Steps to perform PCA

This section will explain the steps required to perform a PCA on a set of data. The analysis is can

be simplified and performed by following the six steps described below.

Step 1: Start with the data for n observations on p variables

The first step to perform any statistical analysis is to collect a dataset, similarly, to perform PCA
a dataset is needed. The dataset for this study had p = 18 variables and n = 28 observations.
Therefore, the matrix obtained was a 28 x 18 matrix. Out of these eighteen variables, only ten
variables were continuous and as PCA is an orthogonal linear transformation, discrete variables
were discarded. This data contained variables with various units and have different percentage
of contributions to the dependent variables. In order to take care of these different scales, the

next step standardizes the data so that each one of them contributes equally to the analysis.
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Step 2: Form a matrix of size n x p with deviations from mean for each of the variables

This step is performed for the purpose to prevent variables with large ranges from dominating
over variables with small ranges. For example, the stories of wood ranges from 1-16, but the cost
ranges from $1,000,000 to $20,000,000, so the cost variable will dominate over the stories of
wood. To account for this, standardization is performed to transform the data to comparable

scales.

Mathematically, standardization can be performed by subtracting the mean and dividing by the

standard deviation of each value of each variable.

Original Data Point—Mean

Transformed Data Point = —
standard deviation

After performing this step, all the variables will be transformed to the same scale and

differences in the units and ranges will not be an issue.

Step 3: Calculate the covariance matrix (p x p)

Covariance is nothing but the degree to which two variables are linearly associated, in other
words it is the measure of how changes in one variable are associated with changes in a second

variable. To recall, it is always measured between two variables and for a n-dimensional dataset,

n!

oz different covariances can be calculated (Smith, 2002). The goal of this step is to

understand the relationship between variables and find any redundant information if they are
highly uncorrelated. So, in order to identify these correlations, we compute the covariance

matrix. Covariance matrix for a dataset with ‘n’ dimensions can be defined as follows,
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€™ = (G j, C;j = cov (Dim;, Dimy)),
Where,
C™n js a covariance matrix with n rows and n columns

Dimy is the xt" dimension

In summary, the equation above states that for a n-dimensional dataset, covariance matrix has n

rows and n columns.

If the covariance is positive, then both the variables are correlated and if it is negative, both the
variables are uncorrelated. Also, covariance matrix is a symmetrical square matrix as cov (a,b) =

cov (b,a).

For the obtained dataset, ten dimensions were selected, and a 10 x 10 covariance matrix was

obtained.

Step 4: Calculate the eigenvalues and eigenvectors of the covariance matrix

This is the step where the concept of dimension reduction is initiated. As covariance matrix is a
square matrix, eigenvectors and eigenvalues can be calculated to determine the principal
components. The significance of computing eigenvectors is to extract lines that characterize the
data and eigenvalues is to determine the lines showing maximum variation. Each eigenvector
corresponds to a principal component and each eigenvalue corresponds to the information

captured by that component.
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Step 5: Choose principal components and form a feature vector

As explained in section 3.2.2.3, principal components are new variables which are uncorrelated
and first few principal components show most of the information. So, with ten-dimensional data,
ten principal components can be obtained, but PCA will try to represent maximum possible
information in the first component, then maximum remaining information in second and so on.
In this step, eigenvectors are arranged in the order of highest to lowest eigenvalues to represent
the eigenvectors corresponding to the principal components capturing most of the information.
Out of these principal components, first few components showing maximum information are
selected. Typically, the principal components are selected with Rencher’s (1995) Criterion which
extracts PCs whose eigen-values are more than the average of the eigenvalues.

(Xi=1 Ai)/p
Where,
p: the number of principal components extracted from the data

A: the eigenvalue of component ¢

After selecting the eigenvectors corresponding to the principal components in order of their
significance, feature vector is formed. A feature vector is simply a matrix that represent the
selected eigenvectors as columns of the matrix. This matrix solidifies the dimensionality
reduction process, as the feature vector represents a few selected components, the final dataset
will have only selected number of dimensions with minimal loss of information. So, for a ten-
dimensional data, if we select only first four eigenvectors then we will have a four-dimensional

dataset as an outcome of PCA.
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Step 6: Derive the new data set

This is the final step of PCA, the goal is to transform the data from original axes to the axes
represented by principal components using feature vector formed with the help of eigen vectors.
Until step 5, apart from standardization, there were no changes to the data, as a result the data
points were with respect to the original axes. In order to analyze data points with respect to new
components, they are transformed into new data points which are oriented with respect to new
trend lines. Now, with the help of these new values of data points, we can interpret that how
those points arranged with respect to new components. This transformation is performed as
follows,
Final Data = (Feature Vector)” X (Standardized Original Data)”
This new dataset generated by PCA was used to perform regression against the dependent

variable.

3.2.3. Objective 3: Development and Testing of the Model

The primary goal of Objective 2 was to build a foundation for the model by determining variables,
collecting data, and selecting methodology. This foundation was a necessary input for the next
objective so as to achieve the goal of developing the model. To achieve the same goal, this
objective was subdivided into two objectives; 1) development of the predictive cost model and

2) testing of the model.
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3.2.3.1. Objective 3a: Development of the predictive cost model

As discussed in Objective 2c, Principal Component Regression (PCR) was selected to develop the
cost prediction model. This objective expands on that process to develop the model and the
linkage between PCA and PCR is represented in figure 3.4. It also elaborates the stepwise

procedure for implementing PCR.

Principal Component Regression (PCR)

The problem with using multiple regression is multicollinearity (Gunst, 1983), which states some
kind of a linear relationship between independent variables. Due to the multicollinearity, inflated
variances of the coefficients estimated using regression can occur. These inflated variances could
result into unstable and potentially misleading regression equation. To overcome this issue of
multicollinearity, well known approach is PCR (Joliffe, 1986), which uses principal components of
the predictor variables in place of predictor variables itself. The reasoning behind using PCs
instead of predictor variables is that PCs are uncorrelated, so there are no multicollinearities and
the calculations can also be simplified by reducing dimensionality. Figure 3.3 comparing multiple

linear regression with PCR and showing dimensionality reduction in PCR.

Multiple linear regression Principal component regression
K 1 K A 1
X MLR X PCA T MLR
N N N N N

Figure 3.3: Dimensionality Reduction in PCR (Source: Kevin Dunn, 2019)

80



Where,

X :ltisa N X K matrix

N: Number of observations

K: Number of variables

Y: Dependent variable represented as N X 1 matrix
T: It is a feature vector represented as a N X A matrix

A : Number of selected principal components

Stepwise procedure to perform PCR

This subsection will elaborate steps involved in the process of PCR.

Step 1: Centralization of dependent variable

Before performing PCR, the data is pre-processed, and it involves centering the dependent
variables. This step is very crucial as PCR uses PCA for the independent variables and PCA is
sensitive to the centering of the data. The following equation can be used for centering the
dependent variables,

yi=Yi-y
Where,
yi : Centered value of it" observation of y
y : Dependent variable
Y;: Original value of it" observation of y

¥ : Mean of a dependent variable
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Step 2: Perform PCA

After centering the data, the next step is to perform PCA and to obtain the uncorrelated principal
components. To perform this step, it is important to understand PCA and the procedure to
perform PCA is mentioned in the section 3.2.2.3. As PCA is performed and transformed data is
obtained, as mentioned in the step 6, this data then provides an input for the regression in the
next steps. This transformed data serves as a new set of independent variables and are then

regressed against the dependent variable.

Step 3: Perform Linear Regression on selected components against dependent variable

This is the final step to perform PCR and it requires input from PCA and centered data as shown
in figure 3.3. As the goal to perform regression is to find the best estimator of the regression
coefficients, this step focuses on finding those and building an equation. This equation can be
used afterwards to predict the values of dependent variables. The regression model can be given

as below,

Where,
Y is n x 1 vector of n observations of the centered dependent variable
Z is n x p matrix of n values of transformed data of p variables

B is a p x 1 vector of unknown parameters

With the help of this equation the regression coefficients are identified, and the regression

model can be developed.
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3.2.3.2. Objective 3b: Testing of the predictive cost model

The aim of this objective is to implement the model on a project and to check the feasibility of
the model. Furthermore, to see the accuracy of the results of the model and to check the
usefulness along with the applicability of the model. In order to achieve so, a new observation
will be collected and then this observation will be used as an input for the cost prediction. The
results obtained using this model, will then be compared with the actual cost of the project to
check the accuracy and applicability of the model. This step will help researcher in providing

future research insights and discussion on the results.

3.3. CHAPTER SUMMARY

This chapter is focused on developing a foundation for the cost prediction model by determining
variables and selecting a suitable prediction method. To achieve that goal, this chapter provides
discussion on the variables determined. It also provides a detailed review on the selected
prediction method and its suitability for this study. This piece of the study breaks down all three
objectives outlined in the first chapter and represent how they are interconnected. As a result,
principal component analysis was selected for data analysis and principal component regression
was considered as the most suited method to develop the cost prediction model. Chapter 4 will

focus on data analysis and the developed cost prediction model results.
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CHAPTER 4 : COST MODEL DEVELOPMENT

4.1. INTRODUCTION

The previous chapter focused on elaborating the research outline and research methodology to
be used. It also provided in depth understanding of the objectives and the discussion about
selected variables. In summary, Chapter 3 explained the design phase of this study and Chapter
4 will explain the execution phase by implementing the selected methodology for the cost model

development.

This chapter will start with the analysis of the data and cleaning the data. The data will be
visualized with the help of the univariate box plots. Following this, to tackle the multicollinearity
and reduce the dimensions, PCA will be performed to find the principal components which are
perpendicular to each other and explain most of the variation in the data. These principal
components will then be regressed against the dependent variable to produce the regression
model. Analysis with the help of PCA and regression model using PCR will be shown in this chapter

and start building up on disadvantages of PCA specific to this study.

After this, an alternative method to develop a cost prediction model which will be user friendly
and more lucid to understand and improve will be introduced. Partial-Least Squares Regression
(PLSR) will be explained as a suitable method for this study and provide the final developed

model. The following chapter will conclude with results and discussion.
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4.2. DATAVISUALIZATION AND ANALYSIS

In the data collection process, a total of 28 observations were obtained and for all these
observations, a total of eighteen variables were collected, resulting in a relatively complex
dataset to clean and visualize. This section focuses mainly on this analysis and visualizes data.
Chapter 3 contained a detailed discussion on the determined variables and the list is represented
in Table 3.1. As shown in Table 3.1, there are ten quantitative variables and eight qualitative
variables, and given the limitation of PCA as explained in section 3.2.2.3, that it is only suitable
for continuous data set (Kolenikov et al., 2004), ten quantitative variables were selected for
further model development. Out of these ten quantitative variables, location was also filtered as
there are no specific cost indices for mass timber construction. These nine variables; gross area
of the system (SF), number of stories, general requirements, worker hours, equipment hours,
total material quantity (CF), labor cost, material cost, equipment cost were then analyzed and

visualized.

To visualize and clean the data, univariate box plots were plotted with the help of XLSTAT

software and the results are shown in following figures.
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Box plot (Stories of Wood) Box plot (Area (SF))
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Figure 4.1: Box plot for stories of wood Figure 4.2: Box plot for gross area of the system (SF)

As shown in the figures 4.1 and 4.2 above, there are a total three outliers in the stories of wood

and no outliers in the gross area of the system (SF).

Box plot (Total Material Quantiy (CF)) Box plot (Labor Cost)
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Figure 4.3: Box plot for total material quantity (CF) Figure 4.4: Box plot for labor cost

Total material quantity (CF) has no outliers as illustrated in the figure 4.3 and there are three

outliers present in the labor cost data as shown in the figure 4.4.
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Box plot (Material Cost) Box plot (Equipment Cost)
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Figure 4.5: Box plot for material cost Figure 4.6: Box plot for equipment cost

The box plot in figure 4.5 clearly shows that there are no outliers in the material costs but figure

4.6 represents that there are two outliers in the equipment costs.

Box plot (General Requirements) Box plot (Worker hours (WH))
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Figure 4.7: Box plot for general requirements Figure 4.8: Box plot for worker hours (WH)

Figure 4.7 illustrates that there are no outliers in the general requirements, but two outliers

were found in the worker hours (WH) box plot as shown in figure 4.8.
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Box plot (Equipment hours (WH))

40000 +

_ 35000 -+ X
I
= 30000 +
(2]
5 25000 +
o
£ 20000 +
3
£ 15000 -+ 9
'S 10000 -+
i}
0 4

+ Mean + Minimum/Maximum

o Qutliers(1) X Qutliers(2)

Figure 4.9: Box plot for equipment hours (WH)

The box plot for equipment hours represent that there are three outliers for this particular

variable as shown in the figure 4.9.

After performing the analysis, PCA was performed with and without including these outliers.
Missing data was not accepted in the XLSTAT software, as a result, observations with missing data
were removed and then analysis was performed on 24 observations out of 28. After identifying
the outliers using univariate box plots, the observations with outliers were removed and the

analysis was performed on 16 observations. A summary of the results is illustrated below;
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Scree plot for unfiltered data Scree plot for filtered data
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Figure 4.10: Scree plot for data with outliers Figure 4.11: Scree plot for data without outliers

Figure 4.10 and figure 4.11 represent scree plots for the unfiltered and filtered data. Scree plot
represent eigenvalues on one hand and variance explained by the axes on the other. Eigen values
helps to choose principal components in order of their significance and the variance explains the
information extracted by these components from the data. As shown in Figure 4.10 (data with
outliers), axes F1 and F2 explain 76% variability in the data and two components can be selected
based on the Rencher’s (1995) Criterion. Whereas, in Figure 4.11 (data without outliers), axes F1

and F2 explain 83.65% variability and only first component satisfy Rencher’s Criterion.
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Figure 4.12: Correlation circle for data with outliers
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Figure 4.13: Correlation circle for filtered data

Figures 4.12 and 4.13 illustrate the correlation circle, which can be used to interpret the

correlation between variables and the information captured by corresponding axes. When

variables are far from the center, then, most of the information respective to those variables is

carried by the represented axes. In contrast, if they are close to the center, some information of

these variables might be carried by other axis (such as equipment cost in Figure 4.12), and any

interpretation can be hazardous in such cases. For correlation, if two variables are at an acute

angle with each other, they are significantly positively correlated such as material cost and total

material quantity (CF) as shown in Figure 4.13. When two variables are orthogonal, they are not

correlated and if they are on the opposite side of the center, they are negatively correlated. With

the analysis shown above in figure 4.13, area (SF), general requirements, total material quantity,

material cost, worker hours (WH) are highly correlated.
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4.3.  PRINCIPAL COMPONENT REGRESSION MODEL DEVELOPMENT

As a result of this analysis, it can be concluded based on Rencher’s Criterion that for the analysis
with outliers and analysis without outliers, two principal components and one principal
component can be selected respectively. With the help of these uncorrelated components we
can safely perform regression against the dependent variable i.e. cost of the system. Equation
4.1 depicts the regression model for cost of the system which includes outliers. This regression
was performed on two selected principal components (PC1 and PC;) having eigenvalues greater
than 1 (Rencher’s Criterion). This regression showed a strong model with a R? (coefficient of
determination) value of 0.933 but with a very high value of Mean Absolute Percentage Error

(MAPE) equal to 127.03.

Cost of the system = 647925.863066667+1772297.84973879*PC:+15071.507622778*PC; ............... (4.1)

In contrast, when regression was performed on the filtered data, only one principal component
was selected, and the model developed showed a strong R? value of 0.936 with relatively low

MAPE of 53.80. Equation 4.2 illustrate the regression model for the filtered data.

Cost of the system = 8.66525016473902E-11+780496.348259816*PC.......cevevevvrererreneieseieeeieisineenn (4.2)

Figures 4.14 and 4.15 illustrate the plot of actual cost of the system against predicted cost of the
system for both the models. Tables 4.1 and 4.2 represent goodness of fit statistics for both the

models.
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Figure 4.14: Predicted vs actual cost plot (including Figure 4.15: Predicted vs actual plot (excluding outliers)

outliers)

Table 4.1: Goodness of fit statistics (including outliers) Table 4.2: Goodness of fit statistics (excluding outliers)

Observations 24.000 Observations 16.000
Sum of Sum of

weights 24.000 weights 16.000
DF 21.000 DF 14.000
R? 0.933 R? 0.936
Adjusted R? 0.927 Adjusted R? 0.932
MSE 1379195330350.590 MSE 295285253182.005
RMSE 1174391.472 RMSE 543401.558
MAPE 127.031 MAPE 53.805
PC 0.086 PC 0.082

4.4,  LIMITATIONS OF PCR MODEL

Regression models developed with the help of PCR, explained 93% of the variability of the
dependent variable, solved the problem of multicollinearity and produced a reliable model.
However, considering the scope of this study, limitations were observed with these models for

the desired outcome of a cost prediction tool. The major disadvantage that was observed with
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these models was that the equation represented independent variables in terms of the principal
components. Due to this nature of the model, to predict costs, it was essential to perform PCA to
generate values for these independent variables and that creates a time-consuming process and
threatens the long-term usability of the model. Furthermore, it also produces a model which is
complicated and difficult for a new user to operate. Given a broad perspective of this study and
the audience, it was necessary to build a model which can be used by almost everyone and is
user friendly. To resolve these limitations an alternative method was researched, almost similar
to PCR but with the advantages of satisfying the goals of this study. Partial Least Squares
Regression (PLSR) was considered as a better alternative to PCR to achieve the goals of this

research. Following limitations were observed for the PCR and are explained below.

1) Ease of use:

With a goal of developing a cost prediction model which can be used by everyone and is easy to
use, various methods were reviewed. But, with the nature of this study, state of the market, and
received sample size and its nature challenged us to investigate an untraveled path. To deliver a
reliable and a credible model, a method was selected which was accurate and deals with the
sample size and its nature. In this process, ease to use this model and interpret the
interrelationships was compromised. Given the outcome of this study to understand the
relationships between independent and a dependent variable, developing a PCR model does not

satisfy the intent of this study and forms a limitation of using this model.
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2) Time consuming process:

After developing a model, it was observed that the model is represented in terms of principal
components which ultimately needs values for these principal components to perform
prediction. These values can only be obtained if a PCA is performed on the data, which adds an
extra effort to predict the costs. This step makes the whole process time consuming. Moreover,
for the people using this tool, it creates a limitation of knowing this method to perform the

prediction. Which makes this model unreliable for the audience not familiar with this method.

3) Complicated model to understand relationships between independent and dependent

variable:

As shown in equations 4.1 and 4.2, the dependent variable is expressed in terms of the principal
components and not in terms of the independent variables. With this nature of the model, it is
very difficult to explain the interrelationships between various independent variables with the
dependent variable. To understand the cost implications of the variables listed in this study, it is
necessary to have a mathematical representation of relationships which is not satisfied through

these models.

Given these limitations and to fulfill the goal of this research, an alternative method Partial Least
Squares Regression (PLSR) was used for developing the model and to resolve these limitations

observed in PCR models.
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4.5.  PARTIAL LEAST SQUARES REGRESSION (PLSR)

As discussed in Section 3.2.2.3, PCA can be used to reduce the dimensions and to address the
multicollinearity problems. The drawback of that approach is that it only captures the
characteristics of the independent or predictive variables. The relationship of independent and
dependent variables is not considered during the process of dimension reduction. Therefore, PCA
is considered as an unsupervised dimension reduction technique. When the goal is to perform
multivariate regression, considering the relationship between predictors and target variables in
addition to capturing most of the information in predictors, can significantly improve the
predictive ability of the model. Partial least square provides an alternative approach to achieve
this balance (Maitra and Yan, 2008). PLSR is a technique that generalizes and combines features
from principal component analysis and multiple linear regression (Abdi, 2007). Its goal is similar
to the goal of regression, specifically to predict a dependent variable from a set of independent
variables. This prediction is performed by extracting from the predictors a set of orthogonal
factors called latent variables which have the best predictive power. PLSR is useful when we need
to predict a set of dependent variables from a very large set of independent variables

(predictors).

This method originated in the field of social sciences specifically economics, but has been popular
in the areas of chemical engineering and sensory evaluation (Maitra and Yan, 2008; Martens &
Naes, 1989). H. Wold pioneered PLS in the field of economics in late sixties, following that S. Wold
and H. Martens pioneered its chemical applications in late seventies (Geladi & Kowalski, 1986).

Initially, PLS was demonstrated as an algorithm similar to the method used for computing
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eigenvectors but was interpreted in a statistical framework in no time (Abdi, 2007; Phatak, & de
Jong, 1997; Tenenhaus, 1998; Ter Braak & de Jong, 1998). Articles published by Wold et al. (1984)
and Otto et al. (1985) demonstrate PLS is more robust and is a good alternative to the traditional
multiple linear regression and “principal component regression approach. PLS was considered as
a robust method due to the stability of its model parameters with the addition of new calibration
samples. Geladi and Kowalski (1985) have illustrated a tutorial on PLS regression including the
steps involved in it. They have also provided an understanding of MLR and PCR with some

practical suggestions to perform PLSR.

Maitra and Yan (2008) provided a comparison of principal component analysis and partial least
squares regression as two-dimension reduction techniques. They have also provided an
underlying algorithm used in these methods for dimension reduction. Table 4.3 provides a
comparison of multiple linear regression, principal component regression, and partial least
squares regression corresponding to this study. These methods are compared based on
dimensionality reduction, multicollinearity, mathematical base and solution, ease of use,
supervised approach for dimension reduction, and ease of interpretation. These criterions were

compared on the scale of poor, good, and excellent with ‘NA’ to show inability of the method.

Table 4.3: Comparison of regression methods to develop cost model

Criteria MLR PCR PLSR

Dimensionality Reduction NA Good Excellent
Multicollinearity Handling Poor Excellent Excellent
Mathematical Solution Excellent Good Excellent
Ease of use Good Good Excellent
Supervised Dimension Reduction NA Poor Excellent
Ease of interpretation Excellent Poor Excellent
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As it is clear from the table above that PLSR is a better version of PCA and is very beneficial specific
to this study. Based on the points discussed in section 4.4, PCA was able to perform
computations, but could not fulfill deliverables of this study. PLSR overcomes all those limitations
and generates results which are comparatively easily interpretable, provides a user-friendly
method, and delivers an efficient approach. Due to these benefits, PLSR was performed and

computed results and developed models are explained in the following section.

4.6. MODEL DEVELOPMENT

This section demonstrates models developed with the help of PLSR and Table 4.4 summarizes
the results of these models. A total of five models were developed, three on a broader scale to
include most of the contributing variables and two for the development of a prediction tool
involving variables that are more likely to be defined at conceptual stage of a construction
project. The first broader scale model included all nine variables; the following two models were
optimized to include variables that contributed the most to the dependent variable value. The
two models developed for use in the conceptual construction stage included area of the system,
stories of wood, and total material quantity. Models were optimized with the help of outlier
analysis to filter outliers and by selecting the most important components to improve the model

accuracy.

Cost Model 1

The initial model was developed based on complete dataset, to check the variance explained by

the components, number of components contributing the most, contributing variables, and to
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assess outliers. The following cost models were optimized based on the results obtained to
improve the accuracy and to include only contributing variables. The initial model showed a high
R? value of 0.975 and a relatively close Q? of 0.957. The difference of 0.018 between these two
values represent a good quality of the data. Model parameters are given in Table 4.4 and
goodness of fit statistics are illustrated in Table 4.5. Figure 4.16 shows the plot of actual vs
predicted cost of the system. The correlation circle illustrated in Figure 4.22 and variable
contributions in Figure 4.18 clearly show that equipment cost, and stories of wood have relatively

low contribution to the cost of the system.
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Figure 4.16: Plot of actual vs predicted cost of the system
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Figure 4.17: Variable Importance for the Projections (VIP) for each explanatory variable

Cost Model 2 and 3

Cost model 2 was modified based on the results of cost model 1; it excluded the two least
contributing variables (stories of wood and equipment cost). The model parameters and results
are demonstrated in tables 4.4 and 4.5. After removing both the variables, the remaining
variables showed significant contribution to the model as shown in Figure 4.19. The obtained R?
value of 0.961 was slightly less than cost model 1 but a very close Q? value of 0.954. The
difference between R? and Q? value reduced significantly after removing equipment cost and
stories of wood, which represent a high-quality data for the remaining variables. After looking at
the results carefully, the outliers analysis in PLSR showed the presence of outliers and an
increased error value. Figure 4.18 illustrate the plot of actual vs predicted cost of the system
which mirrors the error value by showing significant distortions from the regression line. The next

model was therefore developed by removing outliers noticed in outliers analysis.
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Cost model 3 was performed on 23 observations and seven variables. The resulting model was
the most accurate and explained maximum variance in the data. As given in Table 4.5, the
obtained R? value of 0.985 was higher than both the models developed previously and much
lower values of mean square errors. Furthermore, obtained Q? value of 0.979 was higher than
previous two models and the least difference with the R%value. Figure 4.20 shows the plot of
actual vs predicted cost of the system which illustrate much smaller and a narrow range of
distortions from the regression line. Figure 4.21 shows the contribution of all the seven variables
and all the variables are contributing significantly to the model. This model was considered as a

reliable model based on the results obtained and no new models were developed.

Models for web-based tool

The part goal of this study was to develop a conceptual prediction tool that can be readily used
by the Architecture, Engineering, and Construction (AEC) industry. To achieve this goal three
variables, 1) area (SF), 2) stories of wood, and 3) total material quantity (CF) were selected which
are typically identified during schematic design. Using these variables models were developed
and optimized to predict the cost of the system. This section discusses these two models and

results obtained for these two models.

The first developed model used 26 observations for training the model and three variables
mentioned above. After performing PLS on the data, the iterations stopped on three components
out of which the first two components explained variance equivalent to all the three components.
The Q2 value of 0.938 and an R? value of 0.959 was obtained shown in table 4.5. Model

parameters and the goodness of fit characteristics are explained in tables 4.4 and 4.5. Figure 4.24

101



shows a plot of actual vs predicted cost of the system. Area of the system and total material
guantity (CF) contributed significantly to the first component, whereas stories of wood lacked in
making a significant impact. The second component solved this problem by capturing the
remaining information and balanced the contribution of these three variables, making a
substantial impact to the model. The third component did not contribute noticeable changes to
the model as can be seen in figures 4.25, 4.26, and 4.27. The goal to develop the next model was
to reduce the computation time of the model. Therefore, to achieve this goal, the iterations of
the components were fixed to two components as the third component did not contribute
significantly. The second component was selected to capture impactful contribution of the
variable; stories of wood. The second model was developed by removing the outliers obtained in
PLSR outliers analysis. The results improved significantly with a R? value of 0.995 and a very close
Q2 value of 0.991. As can be seen, initially with first model the difference obtained was 0.018 and
with removing outliers it reduced to 0.004. This small gap shows that the data obtained was
reliable and the gap was further reduced when outliers were removed. The Root Mean Square
Error (RMSE) dramatically reduced from a value of S 865,361.16 to S 300,250.80 after excluding
the outliers. Figures 4.28, 4.29, and 4.30 illustrate the results obtained for variable contribution
and the plot of actual vs predicted cost of the system. Table 4.4 and 4.5 illustrate the parameters

and goodness of fit characteristics.
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Figure 4.18: Plot of actual vs. predicted cost of the system (Cost model 2)
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Figure 4.20: Plot of actual vs predicted cost of the system (Cost model 3)
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Regression of the "Cost of the System" (R2=0.995) VIPs (2 Comp / 95% conf. interval)
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Figure 4.26: Plot of actual vs predicted cost of the system (Web-based model 2) Figure 4.28:Variable Importance for the Projections (VIP) for explanatory variable
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Figure 4.29: Correlation circle of the developed cost models

Figure 4.30: Correlation circle of the model developed for web-based tool
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Table 4.4: Model Parameters for "Cost of the System"

Cost Model 1 Cost Model 2 Cost Model 3 Web-Based Tool 1 Web-Based Tool 2

Variable Cost of the System Cost of the System Cost of the System Cost of the System Cost of the System
Intercept -863692.814 -1064149.889 -768676.688 -5169034.971 602321.968
Stories of Wood 86272.306 0 0 -163851.293 -371031.823
Area (SF) 6.659 7.431 6.844 52.245 27.593
Total Material Qty
(CF) 7.898 8.919 8.138 45.747 33.136
Labor Cost 1.026 1.145 1.065 0 0
Material Cost 0.184 0.205 0.195 0 0
Equipment Cost 0.782 0 0 0 0
General
Requirements 2.916 3.529 3.600 0 0
Worker hours
(WH) 102.269 114.135 109.504 0 0
Equipment hours
(WH) 146.921 163.966 155.420 0 0
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Table 4.5: Goodness of fit characteristics of models developed with PLSR

Cost Model 1 Cost Model 2 Cost Model 3 Web-Based Tool 1 Web-Based Tool 2
Variables Stories of Wood Stories of Wood Stories of Wood Stories of Wood Stories of Wood
Area (SF) Area (SF) Area (SF) Area (SF) Area (SF)
Total Material Qty Total Material Qty
Total Material Qty (CF)  Total Material Qty (CF)  Total Material Qty (CF) (CF) (CF)

Labor Cost Labor Cost Labor Cost

Material Cost Material Cost Material Cost

Equipment Cost Equipment Cost Equipment Cost

General Requirements  General Requirements  General Requirements

Worker hours (WH) Worker hours (WH) Worker hours (WH)

Equipment hours (WH)  Equipment hours (WH)  Equipment hours (WH)
Observations 26.000 26.000 23.000 26.000 16.000
Sum of weights 26.000 26.000 23.000 26.000 16.000
DF 24.000 24.000 21.000 22.000 13.000
R? 0.975 0.961 0.985 0.959 0.995
Std. deviation 706337.091 875354.250 481334.934 940746.766 333098.360
MSE 460534233095.717 707303135746.117 211536942952.731  748849942818.762 90150545614.176
RMSE 678626.726 841013.160 459931.455 865361.163 300250.805

Number of

components 1 1 1 3 2
Q2 0.957 0.954 0.979 0.938 0.991
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4.7.  FINAL REGRESSION MODEL AND DEVELOPMENT OF A PREDICTION TOOL

With the models developed and optimized in the previous section, the final regression model
developed are to be used in the prediction tool. The final models are divided in two categories;
1) A model with all significantly contributing independent variables 2) A model with a subset of
independent variables which are available at the conceptual design stage of a construction
project. This section provides these models developed which is the output of previous section,
leading towards achieving the goal of this study. Below are the developed and optimized final

regression equations of this study.

1) Partial Least Squares Regression equation with all significantly contributing independent

variables

This equation was a direct outcome of the cost models that were developed and optimized in the
previous section. As discussed previously, this equation was obtained after eliminating stories of
wood and equipment cost due to their relatively small contribution and removing the outliers in
the data. This is the final regression equation involving all the significantly contributing selected
variables. This model is a baseline model to understand implications of the variables on the cost

of the system and provides a core of this study.
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Cost of the System = -768676.688348047 + 6.84454584637333 * Area (SF) + 8.13842116105593
* Total Material Quantity (CF) + 1.06466461251464 * Labor Cost +
0.19460095714582 * Material Cost + 3.59979840832418 * General
Requirements  +109.503571981154 *  Worker hours (WH) +

155.419740238789 * Equipment hours (WH) .........ccceuvvevveecesesceiervieanenn, (4.3)

2) Partial Least Squares Regression equation with a subset of independent variables to predict

costs at the conceptual design stage of a construction project

This equation was developed keeping in mind the goal of this study to develop a cost prediction
tool to predict costs at the conceptual stage of a construction project. With that said, the list of
variables used in the baseline model above, requires a thorough detail of the project to
determine the quantify the variables. Therefore, a subset of these variables that is a more
reasonable list based on the data that most project teams will have during the conceptual design
stage was selected. This list includes stories of wood, area of the system (SF), and total material

guantity (CF). The regression equation obtained is illustrated below.

Cost of the System = -602321.967589678 - 371031.822957286 * Stories of Wood +
27.5926124219158 * Area (SF) + 33.1362949877177 * Total Material

QUANTIEY (CF) oottt e e e e et es et ses s s st s s sseaaateeaeereereeenaen (4.4)

This equation above, was used further to develop a user-friendly prediction tool using Excel. The
user interface for this tool is shown in Figure 4.31. The inputs for the variables, are to be entered

in the yellow cells. The above equation was used to predict the cost of the system as an output
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which is obtained in the green cell as shown in Figure 4.31. The output cell was formulated with
this equation and the yellow cells were used in the equation as inputs as can be seen in the

formula bar of Figure 4.31.
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Figure 4.31: Screenshot of the cost prediction tool
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4.8. MODELTESTING

4.8.1. CaseStudy1

The model developed for the application of predicting costs at the conceptual stages of a
construction project was tested on a project which was not used to train the model out of the
twenty-eight observations obtained. This section provides results of the model and accuracy of
the model. This project is located in the Midwestern United States refer Figure 4.32 and is a six-
story office building, with a total gross floor area of approximately 215,000 SF. Using this

information model was tested for its accuracy and results are given below.

Table 4.6: Cost prediction results for case study 1

COST PREDICTION TOOL
Area of the system (SF) 215,000
Stories of wood 6
Total Material (CF) 150,000
Cost of the System S 9,278,986.95

Actual cost of the system for this case study was $ 10,017,152.00. After predicting the costs, it
was observed that the predicted costs vary by seven percent compared to the actual costs. This
difference in cost could be a result of the fact that this project cost involved a mass timber
package which was a combination of steel bracing and a mass timber frame. The costs for steel
bracing are not accounted in the costs predicted by this tool. Also, this project was discarded as
an outlier due to high labor costs and that difference is may be the reason for this variation.

Despite these limitations, the cost prediction was in the acceptable range of variation according
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Figure 4.32: Case study 1 location
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of margin of error of twenty percent for the given sample size.

4.8.2. Case Study 2

Another project was tested using the same model, in order to better understand the cost
differences observed in the predicted and actual cost of the system. As shown in Figure 4.33, the
project is located in the highlighted region, the Midwestern part of the United States. This is a
four-story mass timber structure used for scientific laboratories, office, and gathering space. It
features approximately 121,280 SF of mass timber area which accounts for 50,000 CF of CLT and
approximately 52,000 CF of glulam. This project is currently under construction and is expected

to be complete in Fall 2020.

Table 4.7: Cost prediction results for case study 2

COST PREDICTION TOOL
Area of the system (SF) 121,280
Stories of wood 4
Total Material (CF) 102,590
Cost of the System S 5,864,079.21

This project’s mass timber package also included steel bracing similar to case study 1; however, cost data
was available which allowed us to deduct the costs for steel bracing and understand the actual differences
between actual and predicted costs. The initial package construction cost of $ 6,700,000 included the
costs of the steel bracing, due to which the model showed a variation of nearly twelve percent from actual
costs. To better understand the accuracy of the model, the actual cost of this structure excluding steel
bracing was adjusted to account for the cost of the steel bracing and the cost difference reduced from

twelve percent to two percent. This solidifies the accuracy of the model within twenty percent error.
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4.9. SUMMARY

This chapter is majorly focused on the application of the literature and using it to develop the
cost model and to fulfil the goal of this study. This chapter started with data analysis and then
using PCR to develop initial models. Observing the results and the model, it was necessary to
improve the model for ease of use and interpretation, an alternative methodology was
researched and PLSR was selected due to its benefits for this study. This chapter provides succinct
literature on PLSR and progresses towards building the cost models and provides results for the
developed cost models. The last section tests the model for its accuracy and ease of use. The next

chapter will focus on the conclusions and future areas for improvement.
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CHAPTER 5 : SUMMARY, CONTRIBUTIONS, AND FUTURE RESEARCH

5.1. OVERVIEW

Chapter 4 summarized the execution phase of this study by providing results for the cost models
and improving on the process for better results, as well as demonstrating the application of the
model to a case study. This chapter will provide summary of this study, conclusions based on the

results obtained, and future research scopes.

The main outcome of this study was to build a cost prediction model and study various
parameters impacting the costs. To achieve this, Chapter 1 discussed the background of this
study, introduced the term mass timber, and defined the scope and plan of this study. Chapter 2
elaborated the available literature in detail which included material properties, manufacturing
processes, construction techniques, previous cost studies, and a review of cost prediction
models. Chapter 3 focused on the research methodology, a discussion of variables used in the
study, and literature on select statistical prediction methods. Chapter 4 used all this information
to build the cost prediction model and improve it to better suit the needs of this study. All these
chapters are linked to each other and contribute towards the final goal. The following section will

summarize outputs of the set objectives.

5.2. SUMMARY OF OUTPUTS

The goal of Objective 1 (Understand the current state and background of CLT and glulam in
construction) was to understand the relevant background for this study and increase

understanding of the current state of the mass timber construction market. This was achieved
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with the help of literature review and field observation. Literature review mainly helped in
understanding the methods used in prediction models and provided a list of potential methods
which can be used for prediction model. Field observation in combination with literature review
laid out eighteen variables contributing to the cost of the system. These lists of methods and
variables were used in Objective 2 (Build a foundation for development of the predictive cost

model) as a necessary input.

This objective can be considered as a conception stage of this study, which concluded cost as one
of the major barriers for its adoption. Building on this conclusion it translates into a design stage
where research goal was determined and with the literature review scopes were outlined. This
objective also concluded the list of eighteen variables as shown in Table 3.1 and the possible

methods for model development as mentioned in Section 2.4.

Objective 2 was divided into three steps. The first step involved determining appropriate
variables for the study and was used to produce a spreadsheet of projects that were candidates
for inclusion in the study along with their variable values. This spreadsheet was circulated in the
second step of data collection. During the data collection process, simultaneously a method for
predictive cost model development was researched and Principal Component Regression (PCR)

was selected. These two outputs data and methodology served as an input for the next objective.

This objective can be considered as a preconstruction stage, where groundwork required for the
model development was created. This objective concluded that with a small sample size and a
large number of variables with a possibility of multicollinearity, Principal Component Regression

is a suitable choice.
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Objective 3 (Development and testing of the model) was divided into two parts as model
development and testing of the model. With data and methodology as an input from Objective
2, models were developed. With the obtained models, it was observed that the models were not
satisfying the goals of this study. With that said, an alternative method, Partial Least Squares
Regression (PLSR) was implemented and the step was performed again. The obtained models
were appropriate to this study and satisfied the goals of this study. The next step being testing
of this model, a pilot project was tested on the model and the predicted cost varied with the

actual cost by nine percent.

This was the actual execution stage of the research where the chosen methodology was
implemented, and developed models were analyzed to suit the goals of this study. Based on the
PCR models, it was concluded that PLSR is better suited for this research and was utilized to

develop final models.

5.3. CONCLUSIONS

° Coefficient of determination (R?): The R? value is nothing but the measure of the predictive
accuracy of the model. Its value ranges from O to 1, where 1 represents 100% predictive accuracy.
The literature suggests 0.75, 0.50, 0.25 as substantial, moderate, and weak levels of predictive
accuracy as a rough rule of thumb of an acceptable R? value (Hair et al., 2011; Henseler et al.,
2009). The final equations developed in this study showed a high R? value of 0.985 for an equation
including all the significantly contributing variables and 0.995 for a conceptual model. These
values indicate that the equations developed have substantial prediction accuracy and are

reliable.
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° Fit of the Model and Data Quality: Q? is a way to measure the predictive relevance and
the difference between R? and Q? provides an idea about the model fit (Xiaosong and Fujun,
2012). Also, the difference should not be greater than 0.3 which shows overfitting (Leach 2001;
Veerasamy et al., 2011). The obtained difference of 0.006 and 0.004 shows that the model is a
good fit and does not show overfitting. Additionally, the difference between R? and Q? did not
show much variation (from 0.016 to 0.004) when the model included outliers and excluded

outliers, which indicates that good quality data was obtained.

° Variables impacting the cost of the system: According to PLSR analysis, a total of seven
variables contributed significantly out of which the material cost was the most contributing
variable to the cost of the system. Whereas, stories of wood and equipment cost did not

contribute significantly.

5.4. RESEARCH CONTRIBUTIONS

The primary goal of this study was to increase awareness about the costs associated with mass
timber construction in buildings that use a CLT and glulam gravity frame. To achieve this goal, a
cost prediction model was developed to improve the cost knowledge base and provide
understanding of the variables impacting the costs. This tool was envisioned to break the cost
barrier for the adoption of these materials by predicting costs at the conceptual stages of the
project when the decision for structural material is taken. This section will discuss the notable

contributions of this study.
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5.4.1. Cost Prediction Tool to Predict Costs at Conceptual Stages of a Construction Project

The major physical contribution of this study is a cost prediction tool to predict costs at the
conceptual stages of a construction project. This tool was developed with the model using the
variables stories of wood, area of the system (SF), and total material quantity (CF) as input
variables. The values for these variables are available at the conceptual stages of the project and
using this tool costs associated with the gravity frame can be computed. This will provide a
premise for an economic comparison with other structural frame construction options. The
regression model on which this tool is built has a coefficient of determination of value 0.954

which is considered as a good representation of the variance of the dependent variable.

5.4.2. Implications of Variables on Construction Costs

Another important outcome of this study is the variables that impact the cost of the system and
how they impact the costs. As shown in correlation circles in Chapter 4, out of a total nine
variables seven variables have a high impact on the costs which are 1) labor cost, 2) worker hours
(WH), 3) equipment hours (WH), 4) total material quantity (CF), 5) area (SF), 6) material cost, and
7) general requirements. Equipment costs and stories of wood were unable to represent
significant variation in the cost of the system. An important observation is that all these variables
are highly correlated with each other and depicts that measures should be taken while using

these variables for building such models.
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5.4.3. A Regression Model for More Accurate Cost Predictions

In the process of developing a conceptual cost prediction tool, a regression model using all the
nine variables was developed. This model was optimized to include the variables which are
contributing significantly to the model. The optimized model is a regression model developed
based on the dataset obtained to predict costs for the audience who wants to check costs much
further in the project lifecycle. This can be a preconstruction stage and can be helpful for the
estimators to improve the costs based on the variables contributing the most. Based on the
optimized model, it can be seen in Figure 4.21 that material costs, worker hours (WH), area (SF)
are the most dominating contributors. Following these three variables equipment hours (WH)
and total material quantity (CF) are contributing significantly and labor cost is the least significant
contributor to the model. This information is a significant addition to the body of knowledge

which can be used to develop more robust cost models and estimates.

5.4.4. Comparison of Principal Component Regression with Partial Least Squares Regression

This study improves from using PCR to PLSR due to the nature of outcomes required. Issues
encountered with PCR specific to this study are addressed using PLSR which are enlisted in
section 4.4. Studies where there is an uncertainty on how the dependent variables and
independent variables are related and if independent variables are contributing to the

dependent variables or not, PLSR should be the method of choice.
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5.4.5. Engine for Development of a Widely Available Cost Prediction Model

Even though the scope of this study is to focus on the gravity frame and not on the overall project
costs, this tool provides an engine for development of existing models which are used to predict
overall costs. This model also provides a background working of some of these existing cost
prediction models which are presented as an unpredictable black box. Methodology used in this

tool development can be easily followed to modify and develop new models.

5.5. FUTURE RESEARCH AREAS

Despite being at relatively embryonic stages in the United States, mass timber construction has
shown a great deal of potential in construction sector. There is a need to spread awareness about
this construction type and address the identified practice barriers through research. While this
study addresses the cost barrier, there are other important areas which needs to be addressed
and this section focuses on recommending future research areas and improvements that can be

done to prepare a more robust prediction model.

5.5.1. Increasing sample size and adding categorical variables to include more variation

The developed regression model was built on a small sample size and despite obtaining good
results and a credible model, it needs to be tested for a wide sample size to include more
variation. With small sample size it is possible that the model is developed is focused on a cluster
and can produce inaccurate results if sample from a different cluster is tested. As more projects
are built and this market grows, more projects should be included in the sample and model
should be improved. According to Slovin’s formula (Stephanie, 2003), to achieve an accuracy of
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95% confidence level and a ten percent margin of error, at least 79 samples should be included
in the model. Additionally, categorical variables can be included in the model with advanced PLSR
approaches. Simultaneously, more variables can be added into the model like geography of the

projects, material source, and travel distance from the mass timber manufacturer.

5.5.2. Use of Computer-Based Methods for Prediction Model Development

The primary goal of this study was identifying the cost implications of various mass timber
project-specific variables, it was necessary to develop a mathematical equation representing the
relationship. Now that the equation has been developed, more advanced methods can be used
to optimize this model. In this era of artificial intelligence, Artificial Neural Network, Genetic
Algorithm, and Case-Based Reasoning can be used to predict the costs and optimize the model.
To achieve this goal in future, more data needs to be collected and using similar variables models

based on these new techniques can be built.

5.5.3. A Model to Predict Complete Project Costs

This model was developed to predict costs of the system and not the overall costs, due to a small
sample size and the need for variable reduction. As more project data is available, a more robust
model can be developed to predict overall project costs. Also, with more data, projects can be
divided based on building use and occupancy classification and models can be built to include
that as a variable. This will enable the user more advanced options while predicting costs and can
be achieved with inclusion of more variables corresponding to overall costs of the project and

not just frame of a structure.
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5.5.4. Construction Time Model Development

A similar approach can be used to develop construction time prediction model, as time is a major
factor contributing to the costs of this construction type. Construction time can either be
calculated with an equivalent schedule indicator such as worker hours or project duration in days.
A similar regression model can be developed to understand the difference in the project duration

for different construction materials.

5.5.5. Address Other Barriers for the Adoption of Mass Timber Construction

This study majorly focuses on addressing the cost barrier for the adoption of mass timber
construction, there are other important barriers which needs attention. Studies contributing to
the body of knowledge regarding code changes, performance of mass timber, technical concepts,

and performance-based design can result in greater adoption of mass timber.

5.6.  DISCUSSION ON THE RESEARCH IMPACT

The conception stage of this study discussed benefits of using mass timber as a construction
material to reduce the intensity of issues like scarcity of non-renewable resources, climate
change, and wildfires. This further emerged into perceived barriers for the adoption of mass
timber in the construction industry - construction cost being one of the most important factors
for construction material selection, with attendant lack of familiarity leading to cost ambiguity of
mass timber served as a disadvantage for its adoption. Cost ambiguity is a combined outcome of
the preconception of high initial costs and unavailability of cost information for mass timber. This

perception about the costs forms a hesitation amongst designers to discuss mass timber as an
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alternative construction material. However, mass timber has potential environmental benefits
and comparable strength characteristics. Therefore, this study focused on addressing the cost
barrier by providing a tool to predict costs at the conceptual design stages of a construction
project. Which was envisioned to address the cost ambiguity by providing a dollar amount for
using mass timber which can then be compared with the costs of using other construction
materials. Providing a number for the costs will lead to change the perception of unavailability
and uncertainty of cost information and promote discussions on the cost differences of using
mass timber against different materials. This tool will provide a foundation for the consideration
of mass timber as an alternative construction material and help designers to take its other
benefits into account while analyzing the cost differences. Even though the initial material costs
could appear high, the further analysis will lead to the consideration of construction duration,
sustainability, and biophilic design advantages of using mass timber. This in turn will result into
greater adoption of mass timber as a construction material and as discussed in Chapter 1, will
lead to control of CO; emissions, conservation of non-renewable resources, and help in managing

wildfires.

In summary, the cost prediction tool helps mass timber in getting a foot in the door and opens
further discussions of its additional advantages over other construction materials like concrete
and steel. This will help in increasing adoption of mass timber and result into a sustainable built

environment.
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5.7.  SUMMARY

This chapter provides an overall summary of this study, contributions to the body of knowledge,
and potential future areas of research. Each objective was summarized, outputs of these
objectives, and the conclusions were drawn. Given the goal of producing a cost prediction model,
research contributions and future areas for improvement and expansion of this study were

recommended.

To address the cost barrier, a cost prediction tool and variables impacting cost were developed.
The researcher believes that if this tool is utilized and optimized in future, an economic
comparison can be made with steel or concrete at the initial stages of a construction project.
Ultimately, this will help the construction industry to make informed decisions and address the

ambiguity related to the costs.
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