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Abstract –
Reusing of the past information and lessons
learned helps practitioners in better management of
various aspects of construction projects, such as cost
estimation, planning, contracting, and design.
Measuring the similarity of construction projects
improves the efficiency of the existing information
systems in retrieval of relevant cases. It was
hypothesized that the Work Breakdown Structure
(WBS) of projects contains the necessary
information to measure the semantic similarity of
construction projects; therefore, WBS can be used as
a potential representative of the projects. In this
research project, a novel method is proposed to
assess the semantic similarity of projects by
application of natural language processing
techniques. In this method, a new project is
compared with the documented as-built projects
based on their WBS similarity. This method is
implemented using two metrics: (1) node similarity
that compares the semantics of all nodes in two
WBSs; (2) structural similarity which compares the
topology of the work breakdown structures. The
proposed system calculates a similarity score
between 0 and 1 for each metric and the combination
of these two scores provides the final similarity score
between a pair of WBSs, thus it could rank the
similarity of the documented cases to the new project
based on their final scores. Experimental results
indicated that the structural similarity produced
about 15 percent higher degree of retrieval precision
than the node similarity.
Keywords –
Project similarity; Construction project; Work
breakdown structure; Natural language processing;
Knowledge management

1

Introduction

Effective reuse of gained knowledge from past
projects helps managers to complete projects in a timely
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and economical manner, and with a higher quality [1].
In the construction industry, several methods such as
knowledge management techniques and case-based
reasoning (CBR) have been applied to reuse past
information and experiences. A major step in the
knowledge retrieval systems is to index stored data
based on several attributes in order to find the most
relevant document(s).
Knowledge management systems are IT-based
systems that aim to improve the organizational process
of knowledge creation, storage/retrieval, transfer, and
application [2]. The process of knowledge retrieval is
difficult and can result in irrelevant documents [3]. A
method was proposed to retrieve relevant information in
construction projects by keywords, such as project type
and title, through a Google-like function [4].
A CBR system can offer a solution for new
problems by recalling a similar past situation(s) [5].
CBR methods have been investigated in different areas
of construction research, including cost estimation [6,7],
safety [8], and planning [9,10]. In CBR systems, the
similarity of cases is compared based on predefined
nominal or numerical attributes. Finding the appropriate
attributes and assigning weights are among the main
challenges in these systems.
A quantitative similarity measurement among
construction projects provides a comprehensive metric
that can improve the process of retrieving related
information.
Current
practices
in
similarity
measurement of construction projects are limited. These
methods distinguish construction projects based on
generic factors, such as project size and location or
specific user defined attributes, such as number of floors,
structural system type or keywords, rather than the
entire scope of the project The aim of this research is to
fill this gap by proposing a method to compare projects
using their WBSs.
WBS is one of the main outcomes of the processes
in the scope management of projects [11]. The WBS is
used in different project management areas such as time
and cost management [11]. The proposed system is the
first of the kind attempt to use WBS to measure the
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similarity of the project scopes. The metrics for this
assessment were developed using NLP techniques. NLP
was employed to semantically compare the tasks and
services within the WBSs.

1.1

Work breakdown structure (WBS)

WBS is s a hierarchical decomposition of the tasks
and services to be carried out by the project team to
achieve the project objectives [11]. WBS hierarchy
begins with the project name at its highest level. The
tasks and services in each level of the hierarchy are
subdivided into smaller tasks that must be accomplished
to satisfy the higher-level packages (samples in Figure
1). This decomposition continues until the tasks cannot
be broken down or are no longer meaningful.

1.2

various semantic relations, such as synonymy,
autonomy, hyponymy, and membership. These relations
are used to calculate semantic similarities [17].
Wu and Palmer method (WUP) is a procedure to
measure the semantic similarities between English
words based on the WordNet [18]. In this method, the
similarity is measured based on the position of concepts
𝑐1 and 𝑐2 and the position of their lowest common
subsumer 𝑙𝑠𝑜 (𝑐1 , 𝑐2 ) in the WordNet hierarchy. For
example, Equation 1 calculates the similarity of
concepts 𝑐1 and 𝑐2 , where the 𝑙𝑒𝑛(𝑐1 , 𝑐2 ) is the length
of the shortest path between concepts c1 and c2 , and the
𝑑𝑒𝑝𝑡ℎ is the length of the path that connects each
concept to the root element [18].
𝑠𝑖𝑚𝑊𝑈𝑃 (𝑐1 , 𝑐2 )
2 ∗ 𝑑𝑒𝑝𝑡ℎ(𝑙𝑠𝑜 (𝑐1 , 𝑐2 ))
=
𝑙𝑒𝑛(𝑐1 , 𝑐2 ) + 2 ∗ 𝑑𝑒𝑝𝑡ℎ(𝑙𝑠𝑜 (𝑐1 , 𝑐2 ))

Semantic similarity measurements

The aim of the studies in NLP area is to enable
computers to understand natural language text and
speech used in human communications [12]. Measuring
the similarity between words and sentences is an NLP
technique that has been used in different areas, such as
text classification, document clustering, and text
summarization [13]. Corpus-based [14] and knowledgebased systems are utilized to semantically measure the
similarity of words based on their definitions.
In the knowledge-based systems, semantic
similarities are measured based on semantic relations
among concepts [15]. These relations are embedded in
the semantic networks. WordNet, a lexical database of
English, is one of the most popular semantic networks
[16]. The hierarchical structure of WordNet contains

2

Method

The proposed method quantifies the similarity
between two construction projects by two metrics
driven from their WBSs: node similarity and structural
similarity. These metrics are calculated based on
semantic comparisons of tasks within the two compared
WBSs. These semantic comparisons include three
measurements: the semantic comparison of nodes,
parents of the nodes, and siblings of the nodes.

2.1

Semantic measurements
The tasks in a WBS are composed of several words.

Figure 1. Two simplified work breakdown structures: (a) a House project (b) a Bridge project
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(1)
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𝑠𝑖𝑚𝑝𝑎𝑟𝑒𝑛𝑡𝑠 (𝑛𝑖 , 𝑚𝑗 )
The similarity between tasks can be calculated by
averaging semantic similarity of their words. This study
utilizes Equation 2 [19] to calculate the similarity
between 𝑡𝑎𝑠𝑘𝑖 and 𝑡𝑎𝑠𝑘𝑗 . In this equation, the method
finds the most similar word for each word (w) in 𝑡𝑎𝑠𝑘𝑖
from 𝑡𝑎𝑠𝑘𝑗 (𝑚𝑎𝑥𝑆𝑖𝑚(𝑤, 𝑡𝑎𝑠𝑘𝑗 )𝑤𝑢𝑝 ) based on Wu and

=

𝐿𝑆𝑃 −𝐿𝑛
∑𝐿𝑖=1
(𝐿𝐿𝑆𝑃 − 𝐿𝑛𝑖 − (𝑖 − 1)) × 𝑠𝑖𝑚𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 (𝑖𝑡ℎ 𝑝𝑎𝑟𝑒𝑛𝑡𝑠)

𝐿𝐿𝑆𝑃 −𝐿𝑛𝑖

∑𝑖=1

(4)

(𝑖)

The matrix in Equation 5 contains the parent
𝐿
𝐿
similarities between nodes of 𝑊𝐵𝑆𝑁11 and 𝑊𝐵𝑆𝑁22 .

Palmer algorithm [18].
𝑠𝑖𝑚𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 (𝑡𝑎𝑠𝑘𝑖 , 𝑡𝑎𝑠𝑘𝑗 )
∑
1 𝑤∈{𝑡𝑎𝑠𝑘𝑖 }(𝑚𝑎𝑥𝑆𝑖𝑚(𝑤, 𝑡𝑎𝑠𝑘𝑗 )𝑤𝑢𝑝 )
= (
∑𝑤∈{𝑡𝑎𝑠𝑘𝑖 } 1
2
∑𝑤∈{𝑡𝑎𝑠𝑘𝑗 }(𝑚𝑎𝑥𝑆𝑖𝑚(𝑤, 𝑡𝑎𝑠𝑘𝑖 )𝑤𝑢𝑝 )
+
)
∑𝑤∈{𝑡𝑎𝑠𝑘𝑗 } 1

2.2

𝐿

(2)

𝑠𝑖𝑚𝑝𝑎𝑟𝑒𝑛𝑡𝑠 (𝑛1 , 𝑚1 ) ⋯ 𝑠𝑖𝑚𝑝𝑎𝑟𝑒𝑛𝑡𝑠 (𝑛1 , 𝑚𝑗 )
=[
]
⋮
⋱
⋮
𝑠𝑖𝑚𝑝𝑎𝑟𝑒𝑛𝑡𝑠 (𝑛𝑖 , 𝑚1 ) ⋯ 𝑠𝑖𝑚𝑝𝑎𝑟𝑒𝑛𝑡𝑠 (𝑛𝑁 , 𝑚𝑀 )

(5)

Comparison of nodes

A WBS is made of a hierarchy of nodes containing
all the tasks required to complete a project. As shown in
Figure 1, each node contains a task name and a task
code. The first step in measuring the similarity between
two WBSs is to semantically compare the task names.
In this study, 𝑊𝐵𝑆𝑁𝐿 represents an entire WBS with N
nodes and L levels of hierarchy. Elements of the matrix
in Equation 3 represent the semantic similarities
𝐿
𝐿
between nodes of 𝑊𝐵𝑆𝑁11 and 𝑊𝐵𝑆𝑁22 . In this equation
𝑠𝑖𝑚𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 (𝑛𝑖 , 𝑚𝑗 ) equals to the semantic similarity
between tasks of nodes 𝑛𝑖 and 𝑚𝑗 . 𝑁1 and 𝑁2 represent
the list of nodes that each WBS contains
(𝑁1 : (𝑛1 , 𝑛2 , … , 𝑛𝑁 ) and 𝑁2 : (𝑚1 , 𝑚2 , … , 𝑚𝑀 )).
𝐿

𝐿

𝑠𝑖𝑚𝑛𝑜𝑑𝑒𝑠 (𝑊𝐵𝑆𝑁11 , 𝑊𝐵𝑆𝑁22 )
𝑠𝑖𝑚𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 (𝑛1 , 𝑚1 ) ⋯ 𝑠𝑖𝑚𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 (𝑛1 , 𝑚𝑗 )
=[
]
⋮
⋱
⋮
𝑠𝑖𝑚𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 (𝑛𝑖 , 𝑚1 ) ⋯ 𝑠𝑖𝑚𝑠𝑒𝑚𝑎𝑛𝑡𝑖𝑐 (𝑛𝑁 , 𝑚𝑀 )

2.3

𝐿

𝑠𝑖𝑚𝑝𝑎𝑟𝑒𝑛𝑡𝑠 (𝑊𝐵𝑆𝑁11 , 𝑊𝐵𝑆𝑁22 )

(3)

Comparison of node parents

In a WBS, each node is subdivided from an upperlevel node which is called the parent of that node.
Parent comparison between two nodes measures the
semantic similarity of their parents. As shown in Figure
2, each node has a sequence of parents, and the first two
parents with a similarity less than a specified threshold
are defined as the least similar parents (LSP). The
parent similarity, which is calculated using Equation 4,
measures the arithmetic mean of semantic similarity of
parents which are placed between the intended node and
its LSP.

Figure 2. Parent similarity between nodes 𝒏𝒊 and
𝒎𝒋

2.4

Comparison of node siblings

In a WBS hierarchy, the nodes subdivided from a
common parent are called siblings. The sibling
similarity between nodes 𝑛𝑖 and 𝑚𝑗 is calculated by
Equation 6 and is the fraction of the number of siblings
that were actually matched by the total number of
siblings. As shown in Figure 3, any pairs of siblings
with a semantic similarity more than a defined threshold
are considered matched. The matrix in Equation 7
contains the sibling similarities between nodes of
𝐿
𝐿
𝑊𝐵𝑆𝑁11 and 𝑊𝐵𝑆𝑁22 .

=

𝑠𝑖𝑚𝑠𝑖𝑏𝑙𝑖𝑛𝑔𝑠 (𝑛𝑖 , 𝑚𝑗 )
|𝑚𝑎𝑡𝑐ℎ𝑒𝑑𝑠𝑖𝑏𝑙𝑖𝑛𝑔𝑠 (𝑛𝑖 , 𝑚𝑗 ) |
|𝑠𝑖𝑏𝑙𝑖𝑛𝑔𝑠𝑛𝑖 | + |𝑠𝑖𝑏𝑙𝑖𝑛𝑔𝑠𝑚𝑗 |

𝐿
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𝐿

𝑠𝑖𝑚𝑠𝑖𝑏𝑙𝑖𝑛𝑔𝑠 (𝑊𝐵𝑆𝑁11 , 𝑊𝐵𝑆𝑁22 )

𝑠𝑖𝑚𝑠𝑖𝑏𝑙𝑖𝑛𝑔𝑠 (𝑛1 , 𝑚1 ) ⋯
⋮
⋱
=[
𝑠𝑖𝑚𝑠𝑖𝑏𝑙𝑖𝑛𝑔𝑠 (𝑛𝑖 , 𝑚1 ) ⋯

(6)

𝑠𝑖𝑚𝑠𝑖𝑏𝑙𝑖𝑛𝑔𝑠 (𝑛1 , 𝑚𝑀 )
⋮
]
𝑠𝑖𝑚𝑠𝑖𝑏𝑙𝑖𝑛𝑔𝑠 (𝑛𝑁 , 𝑚𝑀 )

(7)
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Figure 3. Sibling similarity between nodes 𝒏𝒊 and 𝒎𝒋

2.5

Mapping of nodes

𝐿

The average of node, parent, and sibling similarities
results in the average similarities (see Equation 8). The
matrix in Equation 9 contains the average similarities
𝐿
𝐿
between nodes of 𝑊𝐵𝑆𝑁11 , 𝑊𝐵𝑆𝑁22 . In this matrix, for
instance, the first row includes the similarities between
𝐿
node 𝑛1 from 𝑊𝐵𝑆𝑁11 , and nodes 𝑚1 to 𝑚𝑀 from
𝐿

𝑊𝐵𝑆𝑁22 . The node 𝑛1 will be mapped to a node from
the second WBS with the highest average similarity.
The same procedure will map all the nodes between two
WBSs.
Mapped nodes in Equation 10 contain tuples of
nodes which are mapped together (𝑛𝑖 , 𝑚𝑗 , 𝑠𝑖𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒 )
with their average similarity score (i.e. 𝑠𝑖𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒 ).
Mapped nodes and 𝑠𝑖𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒 will be used to calculate
the similarity scores between two WBSs, as they are
utilizied to calculate node similarity and structural
similarity scores (𝑛𝑖 ∊ 𝑁1 and 𝑚𝑗 ∊ 𝑁2 ).
𝑠𝑖𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒
𝑠𝑖𝑚𝑛𝑜𝑑𝑒 + 𝑠𝑖𝑚𝑝𝑎𝑟𝑒𝑛𝑡𝑠 + 𝑠𝑖𝑚𝑠𝑖𝑏𝑙𝑖𝑛𝑔𝑠
=
3
𝐿

(8)

𝐿

𝑠𝑖𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒 (𝑊𝐵𝑆𝑁11 , 𝑊𝐵𝑆𝑁22 )
=[

𝑠𝑖𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒 (𝑛1 , 𝑚1 ) ⋯
⋮
⋱
𝑠𝑖𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒 (𝑛𝑖 , 𝑚1 ) ⋯

𝑠𝑖𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒 (𝑛1 , 𝑚𝑗 )
]
⋮
𝑠𝑖𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒 (𝑛𝑁 , 𝑚𝑀 )

𝑚𝑎𝑝𝑝𝑒𝑑 𝑛𝑜𝑑𝑒𝑠 = {(𝑛𝑖 , 𝑚𝑗 , 𝑠𝑖𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒 )}

2.6

(9)

(10)

Node similarity score

The node similarity score is the arithmetic mean of
𝑠𝑖𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒 of the mapped nodes. The node similarity, a
score between 0 and 1, is calculated using Equation 11.
In this equation, the sum of 𝑠𝑖𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒 is divided by the
total number of nodes between two work breakdown
structures.

𝐿

𝑁𝑜𝑑𝑒 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 (𝑊𝐵𝑆𝑁11 , 𝑊𝐵𝑆𝑁22 )
=

2 × ∑(𝑛𝑖,𝑚𝑗 ) ∈ 𝑚𝑎𝑝𝑝𝑒𝑑 𝑛𝑜𝑑𝑒𝑠 (𝑠𝑖𝑚𝑎𝑣𝑔 (𝑛𝑖 , 𝑚𝑗 ))

2.7

(11)

|𝑁1 | + |𝑁2 |

Structural similarity score

In the comparison of two WBSs, in addition to the
semantic similarity of nodes within the WBS, the
structure of hierarchies affects the similarity score as
well. The structural similarity [20] was defined based on
the graph-edit-distance method [20,21]. Graph-editdistance is the minimum required operations to alter the
structure of one hierarchy to another.
Node deletion and node substitution are two metrics
used to derive the graph-edit-distance. In comparison of
two WBSs, mapping nodes with a higher degree of
similarity requires less effort than mapping nodes with
lower similarities. In addition, eliminating the nodes
which are not mapped requires an extra effort. Thus, a
smaller required effort to change the structures of two
WBSs can result in a higher structural similarity. Node
deletion measures the required effort to eliminate
unmapped nodes. Node substitution is the required
effort to link the mapped nodes.
Equations 12 and 13 determine the deletion and
𝐿
𝐿
substitution efforts between 𝑊𝐵𝑆𝑁11 and 𝑊𝐵𝑆𝑁22 .
Equation 12 defines deletion effort (DE) as a ratio of the
number of unmapped nodes ( |𝑈𝑁| ) over the total
number of nodes. Substitution effort (𝑆𝐸) is calculated
in Equation 13 by averaging dissimilarity of the mapped
nodes. In other words, a higher degree of similarity
between the nodes will result in a lower substitution
effort. Arithmetic average of deletion and substitution
efforts produces a representative of structural
dissimilarity and its complement was determined as a
measure of structural similarity as shown in Equation 14.
𝐿

𝐿

𝐷𝐸(𝑊𝐵𝑆𝑁11 , 𝑊𝐵𝑆𝑁22 ) =

|𝑈𝑁|
|𝑁1 | + |𝑁2 |
(12)
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𝐿

𝐿

𝑆𝐸(𝑊𝐵𝑆𝑁11 , 𝑊𝐵𝑆𝑁22 )
=

2 ∗ ∑(𝑛𝑖,𝑚𝑗 )∊𝑚𝑎𝑝𝑝𝑒𝑑 𝑛𝑜𝑑𝑒𝑠 (1 − 𝑠𝑖𝑚𝑎𝑣𝑒𝑟𝑎𝑔𝑒 (𝑛𝑖 , 𝑚𝑗 ))
|𝑁1 | + |𝑁2 | − |𝑈𝑁|
𝐿

𝐿

𝑆𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑎𝑙 𝑠𝑖𝑚𝑖𝑙𝑎𝑟𝑖𝑡𝑦 (𝑊𝐵𝑆𝑁11 , 𝑊𝐵𝑆𝑁22 )
𝐿

=1−

3

(13)

𝐿

𝐿

𝐿

𝐷𝐸(𝑊𝐵𝑆𝑁11 , 𝑊𝐵𝑆𝑁22 ) + 𝑆𝐸(𝑊𝐵𝑆𝑁11 , 𝑊𝐵𝑆𝑁22 )

(14)

2

Experimental results

Three experts in the project management domain
were asked to develop four WBSs for four different
construction projects: a bridge construction (steel girder
with composite concrete slab), a steel-framed office
building, a reinforced concrete-framed residential
building, and a road-widening project. Table 1 presents
the 12 WBS samples created by these subject matter
experts. These samples were utilized to evaluate the
performance of the proposed metrics in distinguishing
the projects and retrieving the most similar samples.
As was mentioned before, an equal threshold was
used in comparison of parents and siblings. To
determine the impact of this threshold on the proposed
metrics, the results were explored by changing the
threshold in the range of 0.5 to 0.8 with 0.05 intervals.

Table 1. Created samples by the experts.
Experts

Developed samples

Represented by

expert
1

𝑏𝑟𝑖𝑑𝑔𝑒 𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛1
𝑐𝑜𝑛𝑐𝑟𝑒𝑡𝑒 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔1
𝑠𝑡𝑒𝑒𝑙 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔1
𝑟𝑜𝑎𝑑 𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒1

𝐵1
𝐶1
𝑆1
𝑀1

expert
2

𝑏𝑟𝑖𝑑𝑔𝑒 𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛2
𝑐𝑜𝑛𝑐𝑟𝑒𝑡𝑒 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔2
𝑠𝑡𝑒𝑒𝑙 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔2
𝑟𝑜𝑎𝑑 𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒2

𝐵2
𝐶2
𝑆2
𝑀2

expert
3

𝑏𝑟𝑖𝑑𝑔𝑒 𝑐𝑜𝑛𝑠𝑡𝑟𝑢𝑐𝑡𝑖𝑜𝑛3
𝑐𝑜𝑛𝑐𝑟𝑒𝑡𝑒 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔3
𝑠𝑡𝑒𝑒𝑙 𝑠𝑡𝑟𝑢𝑐𝑡𝑢𝑟𝑒 𝑏𝑢𝑖𝑙𝑑𝑖𝑛𝑔3
𝑟𝑜𝑎𝑑 𝑚𝑎𝑖𝑛𝑡𝑒𝑛𝑎𝑛𝑐𝑒3

𝐵3
𝐶3
𝑆3
𝑀3

3.1

Retrieval precision and recall

Any retrieved samples resulted from a search
process will only fall in one of the following categories:
“retrieved and relevant”, “retrieved and not relevant”,
“not retrieved and relevant” or “not retrieved and not
relevant” [22]. Recall is the proportion of the retrieved
and relevant samples from all the relevant samples [22].

1025

Precision is the proportion of the retrieved and relevant
items from all retrieved items [22], as presented in
Equation 15.
The samples 𝐵1 , 𝐶1 , 𝑆1 and 𝑀1 were chosen to
query the database and compute the precision. In each
test, one of these samples was compared with all the
stored samples in order to retrieve the relevant samples.
For instance, the relevant samples to 𝐵1 are 𝐵2 and 𝐵3 .
In each test, the retrieval process continued until it
satisfy the recall score. The results were obtained based
on two recall scores of 0.5 and 1. The recall score
equals to 0.5 when only one of the two stored relevant
samples are retrieved, and it equals to one when both
relevant samples are retrieved. For instance, the node
similarity scores between 𝐵1 and stored samples are
sorted in Table 2. Given that 𝐵1 , 𝐵2 and 𝐵3 are
developed for the same project, the most relevant
sample to 𝐵1 are 𝐵2 and 𝐵3 . In this query, assuming
recall score is equivalent to 1, all the relevant samples to
𝐵1 ( 𝐵2 and 𝐵3 ) must be retrieved. As a result, the
retrieving precision will be equal to 0.67.
𝑅𝑒𝑡𝑟𝑖𝑒𝑣𝑖𝑛𝑔 𝑝𝑟𝑒𝑐𝑖𝑠𝑖𝑜𝑛
|{𝑅𝑒𝑙𝑒𝑣𝑎𝑛𝑡 𝑠𝑎𝑚𝑝𝑙𝑒𝑠} ∩ {𝑅𝑒𝑡𝑟𝑖𝑣𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒𝑠}|
(15)
=
|{𝑅𝑒𝑡𝑟𝑖𝑒𝑣𝑒𝑑 𝑠𝑎𝑚𝑝𝑙𝑒𝑠}|

Table 2. Comparing B1 with stored samples with a
threshold of 0.65
Rank

Query
sample

Stored
sample

1
2
3
4
5
6
7
8
9
10
11

b1
b1
b1
b1
b1
b1
b1
b1
b1
b1
b1

b2
s2
b3
c1
s1
c2
s3
c3
m2
m3
m1

Node
similarity
score
0.64
0.56
0.48
0.47
0.40
0.39
0.35
0.34
0.13
0.13
0.05

Figure 4 illustrates the retrieval precision for node
similarity and structural similarity scores. It can be
concluded that the structural similarity with a threshold
between 0.7 to 0.75 results in the highest precision
scores.
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similarities with symmetry property by comparing a
WBS to itself. It is evident from Figure 6 that both node
and structural similarity result in very low levels of
symmetry errors. Specifically, the error for the
structural similarity is negligible, indicating better
compliance of this metric with the symmetry property.
𝑅𝑒𝑓𝑙𝑒𝑥𝑖𝑣𝑖𝑡𝑦 𝑒𝑟𝑟𝑜𝑟 = 1 − 𝑠𝑖𝑚(𝐴 , 𝐴)

(19)

Figure 4. Average precision scores.

3.2

Properties of similarity measures

Symmetry and reflexivity are properties of a
similarity measurement [23,24]. A similarity function S:
S×S→ [0,1] on a set S, must fulfill two properties that
are presented in Equations 16 and 17.
𝑆𝑖𝑚(𝑋, 𝑌) = 𝑠𝑖𝑚(𝑌, 𝑋) (𝑆𝑦𝑚𝑚𝑒𝑡𝑟𝑦)
𝑆𝑖𝑚(𝑋, 𝑋) = 1 (𝑅𝑒𝑓𝑙𝑒𝑥𝑖𝑣𝑖𝑡𝑦)
∀ 𝑋, 𝑌 ∈ 𝑆
3.2.1

(16)
(17)

Symmetry property of work breakdown
structure similarity

Symmetry error, calculated using Equation 18, was
defined to determine the symmetry fulfillment, in
comparing WBS A and B. As illustrated in Figure 5,
both node and structural similarity result in low degrees
of error of symmetry property, namely the structural
similarity error is close to zero.
𝑆𝑦𝑚𝑚𝑒𝑡𝑟𝑦 𝑒𝑟𝑟𝑜𝑟
|𝑠𝑖𝑚(𝐴, 𝐵) − 𝑠𝑖𝑚(𝐵, 𝐴)|
=
𝑎𝑣𝑒𝑟𝑎𝑔𝑒[𝑠𝑖𝑚(𝐴, 𝐵), 𝑠𝑖𝑚(𝐵, 𝐴)]

(18)

Figure 5. The average of the symmetry errors
3.2.2

Figure 6. The average of the reflexivity errors

4

A quantitative similarity measurement of
construction projects can improve the data retrieval
process in knowledge management and case-based
reasoning systems. This research utilized the WBS to
measure the similarity amongst various construction
projects. The WBS theoretically encompasses a
significant portion of the tasks and services required to
accomplish the project objectives. Thus, the WBS can
be used as a comprehensive tool to distinguish
constriction projects. The proposed method can be
utilized to find the most similar projects and help the
project managers use the relevant information and
documents of the retrieved projects. This method can
also be used as a main metric in exiting knowledge
retrieval systems, such as case-based reasoning.
Node and structural similarity metrics were
proposed to measure the similarity of construction
projects using their WBSs. The results from applying
these metrics indicate that the structural similarity
performs better than the node similarity in retrieving the
relavant samples. Additionally, the results show that the
proposed metrics are in compliance with similarity
measurement properties.

5

Reflexivity property of work breakdown
structure similarity

The reflexivity error, calculated using Equation 19,
determines the compliance of the node and structural
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Conclusion

Limitations and future works

To ensure that the work breakdown structures
encompass the entire scope of a project, the sample
WBSs were developed based on the project
management institute guidelines [11]. This approach
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might not be fully followed by the practitioners in all
construction projects which can limit the performance
of the proposed method.
The insufficient number of test samples was another
major limitation of this research. The performance of
the system can be investigated on a larger sample size.
Another limitation of this research was the utilized
lexical database, which is WordNet. This is a generic
database for English words, in which some of the
technical words in the construction domain are not
accurately defined. For instance, the word “rebar”,
which in construction is recognized as reinforcement
steel, is not defined in WordNet. This issue can hinder
the performance of the metrics in comparing tasks. Thus,
there is an opportunity to develop and utilize a semantic
network, similar to WordNet, for the construction
domain.

6
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[12]

[13]

[14]
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