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Complexity Analysis Approach for Prefabricated
Construction Products Using Uncertain Data Clustering

Wenying Ji, AM.ASCE'; Simaan M. AbouRizk, M.ASCE?; Osmar R. Zaiane, Ph.D.3;
and Yitong Li, S.M.ASCE*

Abstract: This paper proposes an uncertain data clustering approach to quantitatively analyze the complexity of prefabricated construction
components through the integration of quality performance-based measures with associated engineering design information. The proposed
model is constructed in three steps, which (1) measure prefabricated construction product complexity (hereafter referred to as product
complexity) by introducing a Bayesian-based nonconforming quality performance indicator, (2) score each type of product complexity
by developing a Hellinger distance-based distribution similarity measurement, and (3) cluster products into homogeneous complexity groups
by using the agglomerative hierarchical clustering technique. An illustrative example is provided to demonstrate the proposed approach, and a
case study of an industrial company in Edmonton, Canada, is conducted to validate the feasibility and applicability of the proposed model.
This research inventively defines and investigates product complexity from the perspective of product quality performance with design
information associated. The research outcomes provide simplified, interpretable, and informative insights for practitioners to better analyze
and manage product complexity. In addition to this practical contribution, a novel hierarchical clustering technique is devised. This technique
is capable of clustering uncertain data (i.e., beta distributions) with lower computational complexity and has the potential to be generalized to

cluster all types of uncertain data. DOI: 10.1061/(ASCE)C0O.1943-7862.0001520. © 2018 American Society of Civil Engineers.

Author keywords: Prefabrication; Product complexity; Uncertain data; Clustering; Data mining; Hellinger distance.

Introduction

As the implementation of modular construction expands, an in-
creasing number of prefabricated construction products are being
engineered and manufactured in fabrication shops. Construction
products are heterogeneous in nature and are characterized by vari-
ous combinations of design attributes, which, in turn, impacts the
complexity involved in producing or assembling these products. As
product complexity increases, so too do the skills, knowledge, man-
agement efforts (e.g., training and quality control), and resource
support (e.g., specialized tools and technologies) required for suc-
cessful performance. Inadequate management of product complex-
ity, therefore, can result in cost and schedule overruns and can
hamper overall project delivery.

The heterogeneous nature of construction product design, to-
gether with various levels of production knowledge and skill,
has made the quantification of product complexity difficult in
practice. In recent years, researchers have successfully correlated
product complexity with product quality performance in the
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manufacturing industry, indicating that, for practical purposes,
product quality performance can be used as an indicator or surro-
gate marker of product complexity (Antani 2014; Novak and
Eppinger 2001; Williams 1999). Recently, analytically based
quality management systems, which facilitate quantitative quality
performance measurements at a product level with design informa-
tion associated, have been developed (Ji and AbouRizk 2017; Ji
and AbouRizk 2018). Integrating these systems to generate a single
indicator of product quality performance from which product com-
plexity can be inferred would alleviate the need for practitioners to
perform detailed, time-consuming analyses of complex, unreliable,
subjective factors (e.g., design information and operator knowledge
and skill). A quality performance-based product complexity indi-
cator, however, has yet to be defined or developed within the con-
struction domain.

The aim of the present study is to develop, validate, and imple-
ment an uncertain data clustering approach that is capable of
quantifying and clustering quality performance-based product
complexity indicators (hereafter referred to as product complexity
indicators) from quality management and engineering design infor-
mation. Specifically, the proposed approach has developed a frame-
work that can provide (1) accurate and reliable measurements of
product complexity indicator uncertainty, (2) meaningful assess-
ments of product complexity indicator distribution similarity,
and (3) an interpretable clustering of products with similar com-
plexity indicators. The content of this paper is organized as follows:
first, a comprehensive literature review is provided to demonstrate
the rationale of the proposed research. Then, details of the meth-
odology are introduced. To elaborate on the implementation of the
proposed approach, an illustrative example is provided. Finally, the
feasibility and applicability of the proposed approach are validated
following a practical case study of industrial pipe weld complex-
ity analysis. In addition to providing simplified, interpretable,
and informative insights for understanding construction product
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complexity using quality management and engineering design in-
formation, this research also develops a novel Hellinger distance-
based hierarchical clustering technique for grouping uncertain data
(i.e., probability distributions).

Rationale

Product Complexity

In the construction research domain, construction project complex-
ity has been primarily investigated from four perspectives: (1) influ-
encing factors contributing to project complexity, (2) the impact of
project complexity, (3) project complexity measurement methods,
and (4) management of project complexity (Luo et al. 2017).
Throughout these studies, product complexity has been found to
influence overall project complexity (Baccarini 1996; Senescu
et al. 2012; Williams 1999). In spite of these findings, product
complexity has not been conceptually defined and thoroughly
analyzed within construction management literature. In this study,
the authors define product complexity as:

The level of constructing difficulty based on the product’s
design and on the knowledge and ability of an operator to
construct a product given its specific design information.

This definition is consistent with informal statements in product
design and development literature (Antani 2014; Baldwin and
Clark 2000; Galvin and Morkel 2001; Novak and Eppinger 2001).
For instance, Novak and Eppinger (2001) stated that “[t]he effect of
this product design choice on the outsourcing decision can be pro-
found, as greater product complexity gives rise to coordination
challenges during product development.”

Interviews conducted with five industrial construction compa-
nies in Edmonton, Canada, highlighted the difficulty that these or-
ganizations have with determining product complexity from design
information. Currently, complexity is assessed by examining the
detailed design information of each product type. Given that there
may be hundreds of product types in a single project, establishing
product complexity is often a costly, time-intensive endeavor. Prac-
titioners would benefit from the development of a framework that
could rapidly generate a simple, reliable indicator of product com-
plexity for estimating purposes. Several researchers in manufactur-
ing literature have indicated that product complexity is correlated
with product quality (Antani 2014; Novak and Eppinger 2001;
Ulrikkeholm 2014). For instance, Novak and Eppinger (2001), and
later Antani (2014), have demonstrated that automotive manufac-
turing complexity (driven by product design, assembly process, and
human factors) is correlated with product quality. Similar correla-
tions have also been obtained in the field of engineering design by
Ulrikkeholm (2014).

Although quality performance data are captured in practice,
prefabricated products are often inspected as either conforming
or nonconforming to specified quality standards, and quality per-
formance data cannot, therefore, be represented numerically (Ji and
AbouRizk 2017). Research conducted by Ji and AbouRizk (2017)
has quantitatively solved this issue by providing a Bayesian
statistics-based analytical solution (i.e., a beta distribution) to es-
timate fraction nonconforming performance uncertainty at a prod-
uct level through the investigation of both quality management and
engineering design information. The issue of assessing product
complexity indicators in construction is further complicated by
the myriad of prefabricated products that may be involved during
project delivery. Although complexity of each product may be
quantified, these data must be reduced into a format that is
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simple, interpretable, and informative for industry professionals
(e.g., design and operations personnel). Notably, however, the
uncertain nature of product complexity renders traditional cluster-
ing methods inappropriate for solving uncertain data clustering
problems. A method capable of rapidly and reliably estimating
product complexity and clustering hundreds of products of similar
complexity into a manageable number of classification groups
would improve the practice of product complexity analysis and
management.

Uncertain Data Clustering

In data mining, cluster analysis or clustering is the process of par-
titioning a set of objects in such a way that objects in a cluster are
more similar to one another than to the objects in other clusters. An
advantage of data clustering is that clustering can automatically
lead to the discovery of previously unknown groups within data.
Clustering as a standalone tool can be implemented to gain insights
into the distribution of data and observe the characteristics of each
cluster (Han et al. 2011).

For many application domains, the ability to unearth valuable
knowledge from a data set is impaired by unreliable, erroneous,
obsolete, imprecise, and noisy data (Schubert et al. 2015; Ziifle
et al. 2014)—or, in other words, uncertain data that are commonly
described by a probability distribution (Jiang et al. 2013; Pei et al.
2007). Uncertain data are found in modeling situations where a
mathematical model only approximates the actual nonconforming
quality control process. Clustering uncertain data (i.e., probability
distributions) is associated with substantial challenges concerning
modeling similarity between uncertain objects and regarding the
development of efficient computational methods (Jiang et al.
2013). Traditional clustering methods, such as partitioning-based
clustering methods (e.g., k-means) and density-based clustering
methods [e.g., density-based spatial clustering of applications
with noise (DBSCAN)], are dependent on geometric distances
(e.g., Euclidean distance and Manhattan distance) between obser-
vations (Han et al. 2011). Such distances are not capable of group-
ing uncertain objects that are geometrically indistinguishable, such
as products with similar repair rates that vary in terms of quality
performance.

Jiang et al. (2013) were the first to use Kullback—Leibler (KL)
divergence, which is a special type of f-divergence to measure
distribution similarity, for uncertain data clustering problems.
However, computing KL divergence to measure the similarity be-
tween complex distributions is very time consuming and may even
be infeasible (Jiang et al. 2013). The derivation of KL divergence
between two beta distributions involves calculations of complicated
digamma functions, thereby requiring additional computational
efforts.

The Hellinger distance is another type of f-divergence that is
widely used to quantify the similarity between two probability dis-
tributions in the field of statistics. The Hellinger distance, however,
has yet to be used for solving uncertain data clustering problems in
the data mining domain. In contrast to KL divergence, an analytical
solution for measuring the similarity of beta distributions, which
largely reduces the computational complexity of uncertain data
clustering problems, exists. Therefore, the Hellinger distance is
used in this research to model the similarity between distributions
for product complexity clustering purposes. The mathematical
proof is provided in the Appendix. Notably, the Hellinger
distance-based uncertain data clustering method proposed here
can be further generalized to other types of uncertain data
(i.e., probability distributions).
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Methodology

The proposed methodology is conducted following three steps.
First, to measure the prefabricated construction product complexity
indicator, a Bayesian statistics-based quality performance measure-
ment (i.e., a posterior distribution of fraction nonconforming),
which incorporates uncertainty, is introduced. Second, to develop
a systematic product complexity indicator scoring approach, the
Hellinger distance is used to measure complexity indicator similar-
ity between various types of products. Finally, to cluster product
complexity indicators into homogeneous groups, the agglomerative
hierarchical clustering technique is adopted using the obtained
Hellinger distance-based similarity measure. Details of the system-
atic and theoretical analysis of these steps are discussed as follows.

Step 1. Quality Performance-Based Product
Complexity Indicator

To quantitatively measure the product complexity indicator, a qual-
ity performance measurement termed fraction nonconforming,
which represents the ratio of the number of nonconforming items
X in the sample to the sample size n, is used. Fraction nonconform-
ing can be mathematically expressed as Eq. (1) (Montgomery
2007)

X

p=> (1)

To appropriately incorporate the sampling uncertainty of the pop-
ulation fraction nonconforming variable p when data are obtained
from a sample, a Bayesian statistics-based analytical solution has
been developed to determine the posterior distribution of the fraction
nonconforming p (Ji and AbouRizk 2017). The posterior distibution
uses a noninformative prior distribution Beta(1/2,1/2). It is given
as Eq. (2)

P(p|X) = Beta(X + 1/2,n — X + 1/2) 2)

This Bayesian statistics-based solution, which is capable of up-
dating the posterior distribution by combining previous knowledge
and real-time data, has been demonstrated to be more accurate, re-
liable, and interpretable than the traditional statistical methods
(Ji and AbouRizk 2017).

As discussed previously, product complexity has been found to
be positively correlated with product quality performance. In this
research, the posterior distribution of fraction nonconforming p is
used to assess the product complexity indicator, termed Cplx.
Therefore, the posterior distribution of Cplx is identical to the
posterior distribution of the fraction nonconforming, as shown
in Eq. (3)

P(Cplx|X) = P(p|X) =Beta(X +1/2,n—X +1/2)  (3)

This posterior distribution measures the product complexity in-
dicator for a certain type of construction product. In the following
step, the complexity indicator distribution similarity measurement
and complexity indicator scoring approach are introduced to evalu-
ate product complexity in a systematic and interpretable way.

Step 2. Product Complexity Indicator Scoring

In this step, the product complexity indicator is scored by account-
ing for uncertainty. The Hellinger distance is introduced to measure
the distribution similarity of product complexity indicators. The
distances obtained for paired products are used to construct a
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Hellinger distance matrix, which is required for product complexity
indicator clustering as follows.

To score the product complexity indicator, the distribution sim-
ilarity of product complexity indicators between all types of prod-
ucts should be measured. A significant challenge in modeling
distribution similarity is that the distribution similarity cannot be
captured by geometric distances, such as the Euclidean or Manhat-
tan distance. In statistics, f-divergence is a function, D +(P||Q), that
measures the similarity between two probability distributions
(Liese and Vajda 2006). The Hellinger distance is a special case
of f-divergence, which was defined in terms of the Hellinger
integral by Ernst Hellinger (1909). The reason for choosing the
Hellinger distance is that, for measuring the similarity between
two beta distributions, the Hellinger distance has a closed-form sol-
ution, which largely reduces the computational efforts compared to
other cases of f-divergences.

Conceptually, the Hellinger distance between two distributions,
P={p;}tien and Q={g;}i €[n], is defined as Eq. (4)
(Hellinger 1909)

H(P,Q)=%|I\/l—’—\/§|Iz=\%\//(\/ﬁ—\/@)2 4)

To measure the product complexity indicator similarity, the
specialized Hellinger distance between two beta distributions,
X, ~Beta(a;, b;) and Y, ~ Beta(a,, b,), is derived as Eq. (5)

Beta(al szaz , b ;bz)

H(X,Y,) = —
i ¥) \/Beta(ay, b)) x Beta(a,, by)

(5)

where 0 < H(X,,Y,) < 1. The Hellinger distance represents the
similarity measurement between two product complexity indicator
distributions: the larger the distance, the smaller the similarity
between the distributions. A detailed mathematical proof for the
closed-form solution is provided in the Appendix.

Using the calculated Hellinger distances for all pairs of prod-
ucts, a two-dimensional distance matrix is constructed. The ob-
tained Hellinger distance matrix [M = (x;;) with 1 <i, j<N]
is a distance matrix containing all complexity indicator similarity
measurements. The entry x;; represents the similarity measurement
between product types i and j. The obtained matrix always adheres
to the following properties: (1) the entries on the main diagonal are
all zero (i.e., x;; =0 for all 1 <i<N), (2) all the off-diagonal
entries are in the range of 0 to 1 (i.e., 0 <x; < 1if i # j), and
(3) the matrix is symmetric (i.e., x;; = x;;).

This Hellinger distance matrix, however, can only demonstrate
the quantitative distribution similarity measurements for each pair
of product types. To determine the sequence of the complexity in-
dicator scores of all product types, medians of the posterior distri-
butions of Cplx; are compared. P(0.5,Cplx;|X;) represents the
50% quantile (i.e., median) of the Cplx distribtution. Therefore,
the most noncomplex product can be searched by indexing
Min(P(0.5, Cplx;|X;)). If multiple distributions possess the same
median, the distribution with the smaller variation is considered
the less complex product.

Here, it is assumed that the ascendingly sorted product complex-
ity indicator scores follow the sequence (CplxScore,,), .y, Which
denotes a sequence whose nth element is given by the variable
CplxScore,. The value of P, is the probability distribution of
the nth scored product complexity indicator in the sequence
(CplxScore,,),cn, and the sequence of CplxScore, is defined by
the recurrence relation expressed as Eq. (6)
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Cplx Score,, = Cplx Score,,_; + H(P,, P,_;)
With seed value Cplx Score; = 0 (6)

where H(P,, P,_;) represents the Hellinger distance between the
nth and (n — 1)th distributions of the sequenced product complex-
ity indicators. Explicitly, the recurrence yields the following
equations:

Cplx Score, = Cplx Score; + H(P,, P;)
Cplx Score; = Cplx Score, + H(P;3, P,)
Cplx Score, = Cplx Score; + H(P,, P3)
(7)

All the involved Hellinger distances are available and can be
indexed from the obtained Hellinger distance matrix. By using
the recurrence relation defined as Eq. (6), complexity indicator
scores for all types of products can be calculated. After all complex
scores are derived, they are scaled to a range from 0 to 10, where a
score of 10 represents the most complex product.

Though complexity scoring is used for clustering purposes, it
also has a practical benefit. Transformation of uncertain quality per-
formance distributions (i.e., beta distributions) into deterministic
numbers ranging from 0 to 10 can also reduce the interpretation
load of practitioners, particularly for nonquality-associated indus-
trial personnel.

Step 3. Product Complexity Indicator Clustering

A method capable of clustering products of similar complexity
indicators would improve product analysis and management, espe-
cially when a vast number of product types is involved. A useful
summarization tool, which provides an interpretable visualization
of the data, is therefore needed. Among multiple clustering tech-
niques, hierarchical clustering is selected due to its ease of use
and the interpretability of the results. In addition, compared with
partitioning-based clustering methods (e.g., k-means) and density-
based clustering methods (e.g., DBSCAN), hierarchical clustering
avoids treating data as outliers. This characteristic is desired in this
product complexity clustering problem because each type of prod-
uct should be clustered into a complexity group rather than being
excluded as an outlier. In data mining, hierarchical clustering is a
method of cluster analysis that works by grouping similar data
objects into a hierarchy or “tree” of clusters (Han et al. 2011). Visu-
alizing this hierarchy provides a useful visual summary of the data.
The agglomerative hierarchical clustering method begins by treat-
ing each object as an individual cluster and then iteratively merging
clusters into larger and larger clusters until all objects are merged
into a single cluster. To determine which clusters should be com-
bined, a measure of similarity between sets of clusters is required.
This is achieved by selecting an appropriate metric—in this case,
the Hellinger distance—and a complete-linkage criterion that spec-
ifies the similarity of clusters as a function of the pairwise distances
of the observations within the clusters. The complete-linkage
criterion considers the distance between two clusters equal to
the largest distance from any member of one cluster to any member
of the other cluster. Complete linkage tends to find compact clusters
of approximately equal diameters and achieves more accurate
clustering results.

The hierarchy of clusters can be represented as a tree structure
called a dendrogram. Leaves of the dendrogram consist of one item
as an individual cluster, whereas the root of the dendrogram con-
tains all items belonging to one cluster. Internal nodes represent
clusters formed by merging clusters of children, and the algorithm
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Table 1. Quality inspection results of eight types of products

Number of
repaired items

Number of
inspected items

200
170
50
48
100
99
98
101

Product type

XU A W —
AR RDNNND AV

Table 2. Product complexity distributions and median values

Product type P(Cplx|X) P(0.5, Cplx;|X;)
1 Beta (5.5, 195.5) 0.0258
2 Beta (4.5, 166.5) 0.0245
3 Beta (2.5, 48.5) 0.0432
4 Beta (2.5, 46.5) 0.0450
5 Beta (2.5, 98.5) 0.0217
6 Beta (2.5, 97.5) 0.0219
7 Beta (4.5, 94.5) 0.0424
8 Beta (4.5, 97.5) 0.0412

results in a sequence of groupings. The user then selects a “natural”
clustering from this sequence.

lllustrative Example

To demonstrate the proposed methodology, an illustrative example
has been developed. Quality inspection results (i.e., the number of
inspected items and the number of repaired items) of eight types of
products are detailed in Table 1. Each product type represents prod-
ucts with the same combination of design attributes. These data and
the proposed approach are used to assess the product complexity
indicator, score the product complexity indicator level, and cluster
product complexity indicators.

Step 1. Product Complexity Indicator

Following Eq. (3), theoretical distributions of product complexity
indicators and median values of these distributions are derived as
indicated in Table 2. When comparing the center of nonsymmetric
distributions, the median is the most appropriate statistical estima-
tion. Accordingly, Types 5 and 4 are the least and most complex
products, respectively.

To visualize the theoretical beta distributions, a side-by-side box
plot is developed by calculating the five-number summary (Min,
Q1, Median, Q3, Max) and is illustrated in Fig. 1. Medians of Types
1,2, 5, and 6 are approximately 2%, whereas product Types 3, 4, 7,
and 8 are approximately 4%. For paired Types 1 +2,3 + 4,5+ 6,
and 7 + 8, each group has similar distribution spreads. Therefore,
to account for the uncertainty of these distributions, the expected
clusters should be product Types 1 +2,3+4, 5+ 6, and 7 + 8.

Step 2. Product Complexity Indicator Scoring

By implementing the derived Hellinger distance equation for the
two beta distributions, an 8 x 8 symmetric Hellinger distance
matrix is constructed as shown in Eq. (8). This matrix corresponds
to all the previously discussed properties of the Hellinger distance
matrix and is used to perform the product clustering analysis
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0.4290
0.4219
0.0232
0.0000
0.3937
0.3888
0.1703
0.1796

[0.0000 0.0602 04100
0.0602 0.0000 0.4023
04100 0.4023  0.0000
04290 04219 0.0232
M=102100 0.1566 03737
02090 0.1552 0.3688
03900 0.3989 0.1604
(03694 03789 0.1674

As per the medians from P(0.5, Cplx;|X;) shown in Table 2,
Type 5 is characterized as the least complex. The product complex-
ity indicator score can then be calculated through the recurrence
relation as Eq. (6) by indexing the corresponding Hellinger distance
matrix. The calculated complexity indicator scores, listed in Table 3,
are within the range of 0-10. Several insights can be extracted from
this result. For example, although the complexity indicator distri-
butions of Products 2 and 5 have similar medians, their Cplx scores
are quite different. This is primarily due to the variability in the
spread of their complexity indicator distributions, which indicates
that, even though products may possess similar median values, the
product complexity may differ. This is also the reason for imple-
menting a Hellinger distance to measure similarities among
distributions.

Step 3. Product Complexity Indicator Clustering

To generate the dendrogram plot of the hierarchical clustering out-
come, the statistical computing and graphics software R (R Core

E 0.20 1
£
o
2 0154
©
[0}
=
2 0101
3
£

0.051
°

0.00 1 | |

1 2 3 4 5 6 { 8
Product Type

Fig. 1. Side-by-side boxplot for eight types of product complexity
measurements.

0.2109 0.2090 0.3900 0.3694 |
0.1566 0.1552 0.3989 0.3789
0.3737 0.3688 0.1604 0.1674
0.3937 0.3888 0.1703 0.1796
0.0000 0.0057 0.4100 0.3936
0.0057 0.0000 0.4046 0.3881
0.4100 0.4046 0.0000 0.0230
0.0230  0.0000 |

(8)

0.3936 0.3881

Team 2017) is used. Using the obtained Hellinger distance matrix
and following the introduced agglomerative hierarchical clustering
algorithm, eight types of products are partitioned into clusters as
shown in the dendrogram. To merge clusters of products, as op-
posed to individual products, the complete-linkage criterion is used
to measure the distance between clusters. Products with small dis-
tance differences are grouped together. The heights (horizontal line)
at which two clusters are merged represent the dissimilarity be-
tween two clusters in the data space. By specifying the expected
number of clusters as four, Types 1+ 2, 3+4, 5+ 6, 7+ 8 are
grouped together (Fig. 2) in a manner that is consistent with the
visually based prediction.

Given this illustrative example, the inherent mechanism of the
proposed uncertain data clustering technique is comprehensively
illustrated. The outcomes of all steps adequately verify the func-
tionalities of this uncertain data clustering approach. In the next
section, a practical case study will be conducted to validate the fea-
sibility and applicability of the proposed methodology.

Case Study

Industrial construction is a construction method that involves large-
scale use of offsite prefabrication and preassembly for building
facilities, such as oil or gas production facilities and petroleum
refineries. Pipe spool fabrication is crucial for the successful
delivery of industrial projects. Pipe spool fabrication is heavily
dependent on welding, which must be sampled and inspected to
ensure that welding quality requirements are met. Typically, the
difficulty (i.e., complexity) of pipe welds depends on various pipe
attributes, such as nominal pipe size (NPS; the outside diameter of a
pipe), schedule (wall thickness of a pipe), and material. In this sec-
tion, an industrial pipe spool fabrication company in Edmonton,

Cluster Dendrogram

© |
o
Table 3. Complexity scores for eight types of products ©
=
Product type CplxScore P(0.5,Cplx;|X;) -
i =
1 28 0.0258 $7
2 2.0 0.0245 «
3 9.7 0.0432 o
4 10.0 0.0450 ° — ]
5 0.0 0.0217 o’ ,_ ,_ - ~
6 0.1 0.0219 ™ ® ® = 10 ©
7 7.7 0.0424
8 7.4 0.0412 Fig. 2. Cluster dendrogram of the illustrative example.
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Fig. 3. Workflow of the case study.

Canada, is studied to analyze pipe weld complexity using the pro-
posed uncertain data clustering approach.

The case study is conducted following the data source identifi-
cation, data adapter design, data analysis, and decision support pro-
cedures that are summarized in Fig. 3. First, multiple data sources
are investigated to extract useful information related to pipe weld
quality performance and design attributes. Second, a data adapter is
designed to efficiently connect data and map data into a single, tidy
data set. Then, the proposed uncertain data clustering approach is
implemented to perform the product complexity analysis. Finally,
main outputs are generated to produce new information and to sup-
port decision-making processes. All four procedures are performed
using the statistical computing and graphics software R (R Core

data formats. This is particularly important for data that are
collected from a variety of sources or databases.

For data connection, the R package for Open Database Connec-
tivity (RODBC) was used to connect to a Structured Query
Language (SQL) server of both the quality management and engi-
neering design systems (Ripley et al. 2016). The dplyr/tidyr
package was used to perform data-wrangling tasks, including data
reshaping, grouping, and combining (Wickham et al. 2017a, b).
The completed data set was transformed into a table format, where

Table 5. Wrangled data set of the top 35 weld types

Team 2017). Weld ‘ Total  Inspected Repaired

type  NPS  Schedule  Material welds welds welds

1 2 XS Material A 37,059 7,475 249

Data Source 2 3 STD Material A 19,464 4,495 173
The quality management and engineering design systems of the 3 6 STD Mateqal A 14,866 3,518 43
studied company were used to extract the nondestructive examina- 4 4 STD Material A 13,020 3,078 06
. . . . . . . . 5 2 STD Material A 10,304 4,722 400
tion (NDE) 1nspecF10n and pipe weld _demgn _attrlbute 1nf0rmat19n, 6 6 XS Material A 9.916 3705 70
respectively. In this paper, only the inspection records of radio- 7 8 STD Material A 8722 2302 51
graphic tests (RT) of butt welds were extracted from the quality 8 4 XS Material A 8,601 1,774 28
management system. RT inspection results are tracked in three 9 2 160 Material A 6,044 2,302 26
statuses for each pipe weld, namely 0—no inspection performed, 10 2 80 Material A 5,854 1,055 41
I—inspected and passed, and 2—inspected and failed. The engi- 11 10 STD Material A 4,822 1,131 30
neering design system of the studied company stored pipe weld 12 12 STD ~ Material A 4728 1,069 34
design attributes by the pipe format (NPS, schedule, material). 13 3 XS Material A 3,733 1,484 16
For example, pipe (6, standard [STD], A) represents butt welds 14 8 XS Material A 3,193 1,318 10
with NPS of 6, schedule of STD, and material A > 2 4 MaeralC - 2431 555 21
’ ’ : 16 2 40 Material A 2,088 271 38

17 4 80  Material A 2,056 638 5

18 3 160 Material A 1,676 510 5

Data Adapter 19 4 40 Material A 1,550 592 17
Because the multirelational data required were dispersed across 20 6 40 Material A 1,673 333 5
quality management and engineering design systems, a data 21 10 XS Material A 1,676 529 14
adapter was required to collect useful information from various 22 12 XS Material A~ 1,652 666 31
data sources into a single, centralized tidy data set. In this case, 23 2 10S Material C 1,261 175 12
a data adapter was also necessary to transform raw data, through 24 3 40 Material A 1,358 217 6
data connection and data wrangling, into compatible, interpretable 2 8 40 Material A 1,413 452 17
’ ’ 26 3 40S Material C 1,441 364 6

27 4 408 Material C 1,253 271 2

28 3 80 Material A 1,436 512 6

Table 4. Data sample for the centralized data set 29 6 80 Material A 1,407 572 3
Weld type NPS Schedule Material Inspection result 3(1) lg Slr(l)‘ls) ﬁiigi} /é },411(1)3 ﬁg lg
1 10 408 B 1 32 6 40S Material C 1,128 171 4
2 2 40 C 0 33 6 10S Material C 912 154 4
3 6 XS D 2 34 8 10S Material C 912 204 13
35 16 80 Material A 961 634 9
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Fig. 4. Cumulative percentage of the top 35 weld types.

each variable was saved in its own column and each observation
was saved in its own row. A sample for the centralized data set
is listed in Table 4. This data set combines the pipe design attributes
and quality inspection results.

For inferring the fraction nonconforming quality performance of
each type of weld, all pipe welds were required to be grouped by
pipe attributes (i.e., NPS, schedule, and material). Then, the data
were summarized to count the total number of welds, inspected
welds, and repaired welds for each type of pipe weld. A sample
of the wrangled data set is provided as Table 5. Each row represents
the historical quality inspection information for a certain type of
pipe weld. This table is then used to perform the complexity analy-
sis as follows.

Data Analysis

Prior to performing the comprehensive product complexity indica-
tor clustering analysis, the wrangled data set was examined and
relevant information was extracted and analyzed. A total of
224,298 welds composed of 631 weld types were conducted over
that last 10 years. Fig. 4 depicts detailed business percentages and
cumulative business percentages of the top 35 types of pipe welds,
which are those that have been selected for further analysis. As per
the cumulative frequency graph shown in Fig. 6, the top 35 types of
pipe welds represented the most common pipe welding products
and accounted for 80% of the company’s business. Due to frame
limitations of the graph, only the top 35 types of pipe welds were
selected to perform the product complexity analysis.

The first step of the proposed methodology was applied to
determine the product complexity indicator, with incorporated
uncertainty, for each pipe weld type. Here, “Inspected Welds”
and “Repaired Welds” from Table 5 were used to construct beta
distributions as per Eq. (3). To be consistent with Fig. 4, a side-
by-side box plot, shown in Fig. 5, was generated with the same
sequence to visualize the distributions of the product complexity
indicators. Notably, although some types followed similar distribu-
tion patterns, the product complexity indicators of these products
varied considerably.

The complexity indicator distribution similarity between vari-
ous groups of welding products was measured using the Hellinger
distance metric. After obtaining the Hellinger distance matrix,
welding products were scored based on the proposed scoring
method. Also, the top 35 products were clustered into seven com-
plexity groups based on distribution similarity measurements by
using the agglomerative hierarchical clustering method (Fig. 6).
The name of each weld type is formatted as “Type ID.(NPS,
schedule, material).[CplxScore]” to include all design attributes
and complexity indicator score information. Clusters are labeled
from A to G based on the corresponding complexity level of that
cluster, where Cluster A is the most complex group. The total
business percentage of that cluster is also summarized and shown
in Fig. 6. The height at which two clusters are merged represents
the dissimilarity between the two clusters in the data space. This
type of information is expected to enable practitioners to better
understand product complexity in a more informative and
thorough manner.

0.20 1
0.15 1

0.10 1

=

Complexity Measurement

0.00 1

W $+¢*$$$$*$ ¢é$¢$$ $$$$+$$ $$ i

12 3 45 6 7 8 9 101112 13 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29 30 31 32 33 34 35

Weld Type

Fig. 5. Complexity measurements of the top 35 weld types.
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Fig. 6. Complexity clustering dendrogram of the top 35 weld types.

Validation

To ensure that the proposed method was capable of reliably esti-
mating product complexity, a systematic, expert evaluation-based
validation was conducted. Eight welding operators, each with more
than 5 years working experience, were invited to evaluate the weld-
ing difficulty of selected weld types based on their own profes-
sional experience and knowledge. The authors excluded any
“quality”-related words from the evaluation description to elimi-
nate any potential biases. The validation was conducted using
the following protocol:
1. Pick one weld type that accounts for the largest business per-
centage of each cluster (i.e., A—G). This will ensure that welding

Table 6. Detailed validation results

operators have sufficient experience with each of the chosen

welds.

2. Reshuffle the order of the selected weld types by changing the
sequence in which they are presented to the welding operators.

3. Invite welding operators who have sufficient experience with all
selected weld types to rank the welding difficulty based on their
prior professional experience and knowledge of the listed weld
types. Here, integers 1-7 were used to rank the complexity,
where 7 and 1 represent the most and least complex weld types,
respectively.

4. Once evaluations are collected, an average difficulty value is
calculated for each type of pipe weld.

5. Assign letter levels (i.e., A-G) to the sorted types of pipe welds
based on the results.

6. Compare the expert evaluation results with those obtained using
the developed approach.

Table 6 demonstrates the detailed validation results. Although
welding operator rankings were variable, the overall evaluated
welding difficulty levels followed the same sequence that was ob-
tained using the proposed framework. This validation outcome
demonstrates the feasibility and applicability of the proposed prod-
uct complexity approach and supports the hypothesis that product
quality performance is associated with product complexity. In the
future, additional welding operators will be invited to participate in
the validation process to ensure that the validation outcome is
representative of the actual system.

Decision Support

The management team from the studied company has confirmed
that a data-driven decision support approach that enables the timely
transformation of large data sets into useable knowledge is highly
desirable in practice. To better support these practical needs, the
product complexity analysis functionality has been incorporated
into the previously developed simulation-based analytics frame-
work (Ji and AbouRizk 2018). Once incorporated into the
simulation-based analytics framework, product complexity levels,
together with their detailed design information, can be targeted for
management, design, and operation professionals who require this
type of information in a timely manner.

Results of the proposed research, such as those obtained in the
case study, are expected to enhance decision-making with the over-
all aim of improving the competitiveness and reputation of organ-
izations within the industry. Three detailed perspectives identified
through interviews with industrial professionals, by which the pro-
posed method is expected to enhance decision-support processes,
are described.

Strategic Bidding

A better understanding of product complexity would assist practi-
tioners in reducing uncertainty, which, in turn, could lead to
improved cost performance. When bidding for new projects,

Clustered ~ Weld

Welding difficulty evaluation

complexity type Design attributes

Welder 1 Welder 2 Welder 3 Welder 4 Welder 5 Welder 6 Welder 7 Welder 8 Average Letter level

A 5 (2, STD, Material A) 7 7 7 7 7 7 7 7 7.0 A
B 23 (2, 10S, Material C) 6 6 6 6 6 6 6 6 6.0 B
C 1 (2, XS, Material A) 5 4 5 5 5 5 3 5 4.6 C
D 11 (10, STD, Material A) 3 5 4 3 4 3 5 3 3.8 D
E 4 (4, STD, Material A) 4 3 3 4 3 4 4 4 3.6 E
F 8 (4, XS, Material A) 1 2 2 2 1 2 2 1 1.6 F
G 3 (6, STD, Material A) 2 1 1 1 2 1 1 2 1.4 G
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practitioners may use the proposed framework to derive product
complexity measurements in a relatively rapid manner that is con-
ducive to the strict timelines associated with bid preparation. These
measurements can then be used to allocate a contingency percent-
age that is more reflective of product complexity. For example, if a
complex product encompasses a majority of a bid, an organization
should increase the contingency in its bid estimate. This would
mitigate product complexity uncertainty and enhance the accu-
racy of bidding performance, thereby enhancing the company’s
profitability.

Complexity-Driven Production Planning

Previous research has developed a data-driven method to quantita-
tively identify exceptional operators for specific weld types
(Ji and AbouRizk 2018). Development and implementation of a
complexity-driven production planning approach, which would
allocate welding tasks to operators with high performance for each
particular weld type, could directly improve overall welding quality
performance and consequently reduce quality-induced rework cost
and improve productivity. Such an automated production planning
system, which incorporates both product complexity and detailed
operator information, is expected to considerably increase the
efficiency of industrial construction product prefabrication.

Customized Training

Enhanced training programs are crucial for improving product
complexity management processes and overall project perfor-
mance. The proposed research transforms vast amounts of data into
valuable knowledge in a simplified, interpretable, and informative
format that efficiently improves practitioners’ understanding of
product complexity and reduces the time required to familiarize
practitioners with this process. Once high-complexity products
are identified, practitioners would be able to determine which op-
erators are most proficient for each high-complexity product. These
operators should be invited to demonstrate their welding technique
and share their professional knowledge for customized training
purposes.

Conclusion

Product complexity is a predominant, yet often uncertain, factor
that affects the success of construction project delivery. In this re-
search, a novel uncertain data clustering approach was proposed to
improve product complexity analysis by extracting hidden, intricate
product complexity patterns from product quality performance
measures. This approach contributes to the improved understand-
ing of product complexity and consequently reduces the interpre-
tation load for practitioners. Systematic procedures were developed
for product complexity indicator determination, scoring, and clus-
tering purposes. A preestablished product quality performance
measurement, which incorporates uncertainty, is introduced as
an indicator of product complexity. To the best of our knowledge,
this is the first time that prefabricated construction product com-
plexity has been conceptually defined and quantitatively interpreted
from the aspect of product quality performance.

The Hellinger distance is implemented to quantify the similarity
of product complexity indicator distributions while considering un-
certainty. In addition to providing a product complexity indicator
score, the obtained Hellinger distance matrix is further used to
perform the agglomerative hierarchical clustering method for in-
trinsically grouping products to achieve a better interpretation of
product complexity. This novel Hellinger distance-based clustering
approach is capable of clustering beta distributions and can be
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generalized and implemented for other types of uncertain data
(i.e., probability distributions) clustering problems.

An industrial case study in Edmonton, Canada, was conducted
to demonstrate the feasibility and applicability of the proposed un-
certain data clustering approach. The achieved results indicate that
the proposed method can appropriately cluster pipe weld types into
homogeneous product complexity levels. Practitioners can imple-
ment this approach to enhance their product complexity manage-
ment practices from the perspectives of (1) strategic bidding,
(2) complexity-driven production planning, and (3) customized
training.

Although this research proposes a novel approach to analyze
construction product complexity, product complexity scores are,
in fact, quality performance-based indicators of product complexity
rather than a direct measure of complexity itself. In the future, addi-
tional indicators, such as productivity and safety performance,
could be incorporated to measure product complexity in a more
comprehensive and scientific way. Also, the authors would like
to quantitatively correlate product complexity to design attributes
and forecast product complexity from product design information.

Appendix. Proof of Hellinger Distance for Two Beta
Distributions

Let P = {p,;}i € [n] and Q = {q; }i € [n] be two probability distri-
butions supported on [n].

The Hellinger distance between two probability distributions is
defined by

Hmwzémﬁﬂ@m

e[S WE- v

1

-5\ vE-var

Let X, and Y, be two independent beta probability distributions
where

X, ~Beta(ay, b)Y, ~Beta(a,, b,)

H(X,.Y)) :\%\// (\/Z—\/Y,)zdr
HX(X,.Y,) :%/ (VX = VY.) i
:%U\/sz;—z/\/f,\/?,dw/\/?fdt]

1
:5[/Xtdt—z/\/XtY,dt+/Y,dt}

The integral of a probability density over its domain equals 1
1
H*(X,,Y,) = 3 {1 —2/ VX, Y, dt + l]
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=1 —/\/Xthdt

The probability density function of the beta distribution is defined as

(t—u)*' (I —1)>!

ft:

Beta(a, b)(u — )41

where a, b = shape parameters; and u, / = upper and lower boundaries.
Specifying the lower and upper boundaries, respectively, as 0 and 1, the probability density function of the beta distribution becomes

fr:

The beta function is defined as

711

_ t)bfl
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1
Beta(a, b) = / 1(1 — 1) ds
0

Based on the function of the beta distribution, the squared Hellinger distance can be written as
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