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Abstract: Due to the difficulty in measuring intangible effects and the reliance on experts for benefit
evaluation, actual project data evidence of the impact of BIM is insufficient. To this end, this study
collected total project cost data of 164 power substation projects and techno-economic statements of
34 power substation projects from SGCC to capture data evidence of the impact of BIM on project
costs and explore its patterns. Algorithms such as hierarchical clustering based on improved DTW
and feature selection based on QDA were designed for data mining. The findings demonstrate that
the ability to predict and control project costs was enhanced after the application of BIM. Moreover,
five cost items and five shape patterns of cost items were identified as key to the impact of BIM. It is
therefore recommended that the related cost items should be controlled with a focus during the
application of BIM.
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1. Introduction

Around the world, power grid construction is accelerating [1]. In the United States, the Investing
in America agenda delivers more than $30 billion in grid infrastructure, the largest investment in
history. In the European Union, the European Commission has proposed the EU Action Plan for
Grids, which aims to accelerate the construction and upgrading of transmission and distribution
networks [2]. In China, power grid investment continues to grow as the construction of new-type
power systems accelerates [3], and the State Grid Corporation of China (SGCC) invested more than
600 billion yuan in the construction of ultra-high voltage grids and the digital and intelligent
upgrading of distribution networks in 2024. In this round of power grid construction, digitalization
is a keyword. Power substations, as part of the power grid, belong to industrial buildings. On the one
hand, their construction procedures are similar to those of general construction projects, and their
digital transformation process is also consistent with the construction industry. On the other hand,
power grid projects have their own particularity, characterized by high technical complexity, large
scale, long construction duration, and multi-participation[4]. Digital and intelligent technologies
have demonstrated effective in addressing these characteristics, leading to substantial enhancements
in efficiency, safety, and automation [5]. Compared to other construction projects, power grid projects
have a stronger drive for digital transformation and a more urgent need for digital technology
application.

BIM, as a fundamental and essential technology of building digitization [6,7], has drawn
extensive attention in recent years, and has become a necessary technology for power grid projects.
BIM is a technique for creating and managing information for buildings, it integrates structured and
multidisciplinary data to produce a digital and intelligent representation of buildings across the
lifecycle[8]. The capabilities and benefits of BIM, such as visualization, simulation and clash
detection, etc., have been widely acknowledged [9-11], the potential of BIM for smart design and
smart construction has been widely explored. BIM provides a new technical path for power grid
project cost management and a powerful tool for lean construction engineering management. When
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discussing construction engineering management and cost management, techno-economic
statements are one of the core tools[12-14]. Techno-economic statements include information on
design, construction, equipment, materials, labor and so on, which can provide data support for cost
control, schedule management, quality control, resource optimization, risk management and so on.
This is exactly the data basis of the present study: project costs are important indicators to reflect the
practical value of BIM, and techno-economic statements are an effective channel to study the impact
of BIM on the project.

In recent years, with the wide application of BIM in power grid projects, some construction
engineering management problems, such as delayed information update, inefficient collaboration,
etc., as well as the resulting bias in quantity calculation and inaccurate cost control, have been solved
to a certain extent. But at the same time, the implementation of BIM seems to have entered a
bottleneck: BIM is widely used in the design stage of projects, but the scenarios for further application
of the design results in the construction stage and the operation stage are not clear enough[15,16]; the
additional investment of time and resources generated by BIM application is clear, but its life-cycle
benefits require further discussion, which often relies on expert opinion and is largely theoretical[17].
Demonstrating the techno-economic data evidence to prove the value of BIM is crucial for the
application and promotion of BIM, as well as for the development of BIM business models [18,19].
To this end, this study collected sufficient and actual techno-economic data of power substation
projects to carry out quantitative analysis, in order to reveal the law of the impact of BIM on project
costs, which can provide support for systematic research on the impact mechanism of BIM and
provide guidance for more effective cost management in the context of digital transformation of
construction projects.

2. Literature Review

The implementation of BIM will create various effects[20]. Wagqar et al. [21] examined the impact
of BIM within the AEC sector, and highlighted the positive outcomes of BIM implementation.
Caglayan et al. [22] developed a framework for evaluating the effect of various factors on BIM
effectiveness. These two pieces of literature provide a comprehensive overview of the two research
focuses related to BIM applications: the positive impact of BIM implementation, i.e., the value of BIM,
and the negative impact that limits the effectiveness of BIM, i.e., the barriers to BIM implementation.
The research results of these two focuses are the basis of the present study, and the literature review
will be organized around them.

In addition, both of these two pieces of literature used questionnaire survey as the primary
research method. In fact, questionnaire survey and literature review have been widely used in related
studies due to their advantages of convenient implementation and easy access to data. However, this
research method relies too much on expert opinions and lacks the support of actual project data,
which is inconsistent with the orientation of this study. There are a few case studies based on actual
project data, which are more heuristic for this study, and therefore they are also reviewed in this
section.

2.1. The Value of BIM

Research on the value of BIM in recent years has focused on how to quantify the effect of
BIM][23]. Gharaibeh et al. [24]reviewed the investment value of BIM and categorized quantifiable
factors, including productivity [25,26], changes and rework reduction [27], requests for information
reduction [28,29], schedule efficiency [30,31], safety [32,33], environmental sustainability [34-36], and
operations and facility management [37]. Besides comprehensive analyses of the effect of BIM, there
are more studies that focus on specific effects. For instance, Gharaibeh et al. [38] directed attention
toward the tangible economic effect, and uncovered the positive correlation between higher levels of
BIM implementation and greater economic benefits. Huang et al. [39] made the first attempt to
measure BIM’s effects on rework in construction projects using actual project data. The study showed
that projects with BIM applications tend to have experienced lower incidence, magnitude, and impact
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of rework than those without BIM applications. Panya et al. [40] believed that BIM is insufficient in
mitigating rework and proposed an interactive design change methodology using a BIM-based
virtual reality and augmented reality to improve rework collaboration and communication among
stakeholders. Furthermore, Huh et al. [41] introduced a priority policy in BIM-based design
validation to optimize the number of BIM staff and reduce the waiting avoidance cost for engineers.

The above studies have several limitations. First, the quantitative method mainly converts the
effect of BIM into costs, but the cost-benefit benchmarking has not been consistent. Second, the
intangible effects, such as improving communication between participants, have not been given
enough attention. Some studies have already focused on the intangible effects of BIM. Salleh et al.
[42] identified five critical intangible benefits of BIM, i.e., better understanding of design, better
information received and given, improved communication through visualization, reduced design
error, and improved accuracy of drawings. Sompolgrunk et al. [43] developed an integrated model
of BIM return on investment to examine the influence of intangible returning factors of BIM on the
rate of BIM implementation. Wang et al. [44] revealed the effectiveness of BIM-based integration
management in promoting information sharing and cooperation behavior in megaprojects for
ultimate performance. The intangible effects are usually difficult to observe, and their value is also
hard to quantify. However, research on the intangible aspects provides important references for a
more comprehensive understanding of the value of BIM.

2.2. Obstacles to BIM Implementation

While BIM offers a range of benefits, there is ongoing debate regarding the extent to which these
benefits are utilized in projects. Lidelow et al. [45] contended that the benefits of BIM are not being
achieved as expected in the mainstream architecture, engineering, construction, and operation
(AECO) industries. There has always been a discussion in academia about the obstacles to BIM
implementation. Deng et al. [46] identified 16 factors that affect the application of BIM, and
constructed a system dynamics model to analyze the mechanism of these factors, which provided a
comprehensive framework for analyzing the obstacles to BIM implementation.

In the early stages of BIM implementation, particularly in some developing countries, related
studies identified technology, training, and expertise as the main obstacles [36,47-50]. This was
somewhat consistent with Deng's conclusion that the BIM technology maturity, the difficulty level of
BIM software operation, and the degree of collaboration among various departments within an
enterprise are key influencing factors that initially drive BIM implementation [46]. With the
deepening of BIM implementation, the obstacle role of economic factors has received further
attention. Based on descriptive and empirical analysis, Altassan et al. [49] identified training, cost,
and economic constraints as the main BIM implementation difficulties in Middle Eastern
construction. In the field of facility management, Durdyev et al. [51] pointed out that the top 2
obstacles to BIM implementation are the high cost of software and hardware and the high cost of
training. In the field of prefabricated construction, Xu et al. [52] studied the interaction mechanism of
BIM application barriers and pointed out that investment is the main barrier for the owner. To
optimize investment, Yu et al. [53] measured the cost requirements and related values for BIM
adoption and suggested increasing budget allocation in the detail design phase and the construction
phase from a value-oriented perspective. Sompolgrunk et al. [43] further pointed out that return on
investment (ROI) is a key principle for capturing the value of BIM.

In some recent studies, the uncertainty of ROI has been identified as a major obstacle to BIM
implementation [11,24,54]. Lechhab et al. [24,55] pointed out that the choice to invest in BIM is
essentially an economic one. Therefore, the assessment of BIM ROI is necessary. However, there is,
in fact, no standard method for calculating BIM ROI Sompolgrunk et al. [56] identified and analyzed
the key measurable returning factors associated with BIM ROI, i.e., schedule reduction and
compliance, productivity improvement, request for information reduction, rework reduction, and
change orders reduction. However, due to the lack of data, unmeasurable intangible effects, and
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complexity of productivity improvement, it is difficult to comprehensively and accurately calculate
BIM ROL

There are also some studies that proposed different viewpoints on the obstacles to BIM
implementation. Cheng et al. [57] focused on the fragmentation of BIM application, which is a major
issue in current BIM-based collaboration, and investigated the relational governance mechanism to
enhance knowledge collaboration. Zhang et al. [58] conducted research from the perspective of
construction practitioners, emphasizing that factors such as task—technology fit, effort expectancy,
and performance expectancy can significantly improve practitioners’ behavioral intention.
Olugboyega et al. [59] pointed out that merely lowering adoption obstacles (e.g., techno-economic
obstacles) without sustained deployment tactics will not ensure the application of BIM. These
viewpoints are instructive but not the main point of this paper.

2.3. Case Study Method

There are several methodological paradigms for quantifying the effects of BIM, each with its
unique strengths and inherent limitations. According to Gharaibeh et al. [24], actual case studies are
the most accurate method. Shin et al. [60] used the case study method to conduct a quantitative and
qualitative analysis of applying BIM in the infrastructure design process. Six railway projects were
selected as cases, and quantitative conclusions were obtained — BIM-implemented projects spent
USD 65,800 less than their counterparts and could increase productivity by about 2.9%. Such studies
typically focus on a small number of projects, and the conclusions are not representative and
generalizable. Additionally, expert surveys serve as important data sources in these studies [61-65].
For example, Yu et al. [53] conducted the study based on a survey of 50 construction industry
professionals. For complex situations such as intangible effects, experts can provide valuable and
credible opinions. However, it is clear that expert surveys amplify the influence of people and lack
evidence from actual data.

The present study also adopts the actual case study method. To ensure the objectivity of the
conclusions, as much techno-economic data as possible from actual projects was collected for
analysis. A small amount of expert opinion is used as supporting evidence to explain some counter-
intuitive conclusions.

3. Materials and Methods

3.1. Data Collection and Preprocessing

As a case study, the actual project data will determine how the study will be conducted. The
techno-economic data for 164 power substation projects from SGCC, which have completed
settlement from January 2020 to June 2024, were collected for analysis. These projects cover voltage
levels of 35kV, 110kV, and 220kV, of which 85 projects applied BIM in the preliminary design stage
and construction drawing design stage, and 79 projects did not apply BIM. In fact, in 2018, SGCC put
forward the requirement to fully apply 3D design technology in new power transmission and
transformation projects of 35kV and above. Therefore, the number of projects that have not applied
BIM in recent years is not large. Considering the number of projects, the type of projects, the voltage
levels, the construction time, and the proportion of projects with and without BIM applications, the
data collection in this study is adequate and reasonable.

Directly comparing the costs of projects with and without BIM application is an intuitive
approach to explore the impact of BIM. However, it is difficult to achieve the desired analytical results
with this approach because the number of projects is not large enough and the current benefits of
BIM are not significant [45,66], leading to the fact that the impact of BIM is easily masked by the
difference in the data itself [60,67]. Considering that the application of BIM will have a direct impact
on some cost items, such as causing an increase in the cost of 3D design, and may also have an indirect
or potential impact on some cost items, which in turn affects the variance between the estimated
project costs and the actual project costs [68], this study used the Cost Variance Percentage Between
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Settlement and Budget Estimation (CV%) to explore the impact of BIM on project costs, which is
defined as

CV% = settlement — budget estimation

2 x100%,, (1)
budget estimation

where the budget estimation is obtained by forecasting and calculating the total investment and its
composition of the project based on the preliminary design documents, the budget estimation norms
and standards, and the relevant regulations of SGCC, which can reflect the estimated project costs.
The settlement is obtained by calculating and assessing the project quantities based on project
documents, and calculating and adjusting the contract price, which can reflect the actual project costs.
In the budget estimation, the direct impact of BIM is measured by some separate and well-defined
cost items (e.g., the cost of 3D design and the cost of digital delivery). These cost items account for a
small proportion of the total project costs and have an expected CV% of 0 [69,70]. As for the indirect
or potential impact, since the basis for project cost estimation is consistent for projects with or without
BIM applications, it cannot be reflected in the budget estimation. If the application of BIM has an
indirect or potential impact on project costs, it should be reflected in the settlement so that the CV%
of project costs of the two groups should be different, which is the starting point of this study.

The above data can support an analysis based on the CV% of total project costs (TPC-CV%). In
order to support a more detailed analysis from the perspective of cost items, among the 164 power
substation projects, the Project Settlement and Completion Schedules of 34 projects were collected.
Among them, 14 projects did not apply BIM (Nos. 1-14) and 20 projects applied BIM. Project
Settlement and Completion Schedule is an optional form that contains detailed cost items for budget
estimation and settlement. Based on the schedules, the CV% of cost items (CI-CV%) of the 34 projects
were calculated, and 34 data sets with the structure shown in Table 1 were obtained. Each data set is
actually a sequence with three attributes: serial number, cost item, and value (CI-CV%). The 34
sequences have a similar structure but different lengths. The longest sequence has a length of 91 and

the shortest 52.
Table 1. The data structure of CI-CV%.
serial number cost item value
I 1L, II... / (D), (D), (0D)... /1,2,3.../1.1,1.2,1.3... CI-CV%

3.2. Research Methodology

The literature review is instructive for both the identification of influence factors and the design
of research methodology. Given that the study is to be conducted based on actual project data with
no predetermined conclusion, the study will be a gradual exploration process, so a multi-step
methodology was designed to capture the impact of BIM on substation projects and explore its
patterns. Figure 1 illustrates the methodology, which consists the following steps:
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Figure 1. Framework of research methodology.

1. Section 4 preliminarily explored whether the impact exists from the perspective of total project

costs. For the two groups of projects with and without BIM application, the inter-group

differences were explored to reflect the existence of the impact. This process was rough, but the

findings could indicate the necessity for further research.

2. Section 5 presented the impact more clearly from the perspective of detailed cost items. Two

methods are adopted in this section. One is to design an algorithm that is insensitive to the

sequence length, and the other is to unify the sequence length.

In subsection 5.1, a hierarchical clustering algorithm based on improved DTW was
designed to confirm the intra-group similarities. This process led to more detailed and
definite findings, but they are not sufficiently interpretable and further research was
required to locate the impact in the cost items.

In subsections 5.2 and 5.3, the sequence lengths were unified for further analysis. Subsection
5.2 designed comparative analysis indicators based on common statistics and identified the
key cost items affected from the perspective of value. This process was simple and effective,
but the robustness of the findings was difficult to ensure. Subsection 5.3 continued the
analysis from the perspective of shape. A feature selection algorithm based on QDA was
designed to learn a subset with excellent classification performance from hundreds of shape
features. The subset of shape features was considered to be the key shape pattern of the
impact of BIM. This process led to robust findings, but they are less interpretable. Expert
interviews and causal analysis could provide an auxiliary perspective to explain the
findings to some extent.

The two methods marked with red flags in Figure 1, which are the core and innovative

algorithms of the present study, are introduced as follows.

3.2.1. A Hierarchical Clustering Algorithm Based on Improved DTW

Dynamic Time Warping (DTW) is a powerful algorithm for time series analysis. It can align

sequences that may be out of sync, making it particularly useful in handling sequences of different
lengths [71]. Based on the data structure shown in Table 1, the DTW algorithm was improved to
enhance its sequence alignment capability [72-74]. The idea of algorithm improvement is shown in
Figure 2. The aligned and unaligned elements in the sequence are distinguished based on the serial
number and cost item. For the aligned elements, the distance is defined as 0; for the unaligned elements,

the distance is defined as the absolute value of the difference of the value. Therefore, the cost matrix
is generated to find the optimal warping path. Finally, the improved DTW distance of the path is
recalculated based on the value. The mathematical language is described as follows.
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Figure 2. Algorithm improvement idea.

Given two sequences Az{al,az,...,an} and B:{bl,bz,...,bm} , where & :(num, item,val)
and bj =(num,item,val) are elements of the sequences A and B, num represents the serial

number of the element, item represents the cost item, and val represents the value (i.e., CI-CV%).
Step 1: cost matrix
Define a cost matrix C of size nxm, where C, represents the distance to align a, with b,.

The distance is designed to be calculated as follows:

0, a.num= bi.num, a,.item = b], dtem,
C, =distance(a,,b,) =

)

‘al. val — bj oal|, else.

Step 2: accumulated cost matrix
Construct an accumulated cost matrix M, where each element M, represents the minimum

cumulative distance to align the first i elements of A with the first j elementsof B.

M, =C,+min(M_, M, M, ), 3)

i,j-17 i-1,j-1

where M.

i1; corresponds to an insertion, M, , corresponds to a deletion, and M

i-1,j-1
corresponds to a match.
The boundary conditions are initialized as follows:

M1,1 = C1,1'
M, =M, +C,, fori=2,..n, 4)
M, =M, ,+C,; forj=2,...m.

Step 3: optimal warping path
The optimal warping path P = {p1,p2, : ..pL} is a sequence of matrix indices that minimizes the
cumulative distance, where p, =(i,, j,) . This path is found by backtracking from M, to M, , by

following the minimum cost direction at each step.
Step 4: improved DTW distance
The improved DTW distance is recalculated according to the path P as follows:

DTW(A, B) = Z‘ap.i.val - bp']..val . )
peP

The improved DTW distance can better describe the similarities and differences between
sequences.

3.2.2. A Feature Selection Algorithm Based on QDA

Feature selection is to find a set of features that are as few as possible but have excellent
classification performance. By observing the process of feature selection, the key features can be
identified. In order to improve the effectiveness and robustness of feature selection, a feature selection
algorithm based on QDA is designed as follows.

Step 1: Objective function
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Considering that high-dimensional data have heterogeneous variance-covariance matrices[75],
Quadratic Discriminant Analysis (QDA) is adopted as the classification algorithm. QDA is a classical
classification algorithm with advantages such as no need to adjust parameters, excellent performance,
and more suitable for nonlinear data distribution [76,77].

QDA calculates a quadratic discriminant function:

5,0 =-10g1%, 1= (x- )"E" (v~ ) +log . ©)

where X, isthe covariance matrix. The unknownvaluesof %, x4 and p, canbereplaced by their

sample-based estimates. The classification rule is to find the class i which maximizes the quadratic
discriminant function:

é(x) =arg maxo,(x). (7)

The decision boundaries are quadratic equations in x.

Classification performance is measured using Minimum Classification Error (MCE), which is the
number of misclassified observations divided by the number of observations[78,79].

Step 2: Feature selection

In order to avoid information redundancy caused by the correlation between features, this study
used the wrapper approach for feature selection based on the MCE of QDA. The wrapper feature
selection approach is widely used and has been proven to have good performance [79-81]. The
training set is used to select the features and to fit the QDA model, and the test set is used to evaluate
the final performance. Subsets of features were obtained by forward sequential feature selection. And
10-fold cross-validation is applied to the training set to evaluate the performance of each candidate
feature subset. The algorithm stops when the first local minimum of the cross-validation MCE is
found.

4. Results I: The Differences in Total Project Costs

The basic idea of this study is to explore the difference in techno-economic data for power
substation projects with and without BIM applications, and clear differences will provide data
evidence for the impact of BIM. To this end, the total project costs were analyzed first, followed by
the cost items. The total project costs offered a rough perspective, and the related conclusions could
provide guidance on whether and how further analysis was required.

Let group A denote the set of projects with BIM applications and group N denote those without
BIM applications. First of all, independent samples non-parametric tests were performed on the TCP-
CV% for the two groups to test whether their distributions are the same so as to directly determine
whether BIM has an impact on TPC-CV%. The test results are shown in Table 2. As can be seen from
Table 2, common tests did not find significant differences between the two groups, so it can be
assumed that the application of BIM has no impact on TPC-CV%. This conclusion is consistent with
the viewpoint of Lidelow et al. [45] in the literature review and the conjecture of this study that the
impact of BIM is not significant, and it is difficult to capture by TPC-CV%. Therefore, more detailed
analyses are required to provide evidence for the impact of BIM.

Table 2. Results of independent samples non-parametric tests.

Test Sig. Decision
Mann-Whitney U Test 0.452 The distribution is the same.
Kolmogorov-Smirnov Test 0.345 The distribution is the same.
Wald-Wolfowitz Runs Test 0.687 The distribution is the same.
Median Test 0.755 The medians are the same.

Moses Test of Extreme Reaction 0.432 The range is the same.
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However, it is noted that the significance level (Sig.) of the Kolmogorov-Smirnov test is patently
smaller than that of the Mann-Whitney U Test, indicating that the shape of the distribution has a great
impact on the test results. Further, differences in the shape of frequency distribution histograms of
the two groups can be observed (as shown in Figure 3), and they do not exactly show a bell shape.
Therefore, it is necessary to test the normality of the TPC-CV% for the two groups. The results of one-
sample Kolmogorov-Smirnov tests are shown in Table 3, and it can be assumed that the TPC-CV% of
group A does not have a normal, uniform, or exponential distribution, whereas that of group N has
a normal distribution.

30.00 30.00
1
20.00 20.00
<
= g
g 10.00 10.00 =
1G] z
0.00 0.00
|
-10.00 -10.00
20 10 0 10 20
frequency

Figure 3. Frequency distribution histograms of the two groups.

Table 3. Results of one-sample Kolmogorov-Smirnov tests.

K-S Test Sig. Decision
Group A-normal 0.013 The distribution is not normal.
Group A-uniform  <0.001 The distribution is not uniform.
Group A-exponential <0.001 The distribution is not exponential.

Group N-normal 0.091 The distribution is normal with #=5.90 and c=4.44.

Considering the decisions in Table 3, the distribution of TPC-CV% of group A was fitted using
a t location-scale distribution, and the distribution of TPC-CV% of group N was fitted using a normal
distribution. The fitting results are shown in Figure 4, and the goodness of fit is fairly good. By
comparing the probability density curves of the two groups, it can be seen that the curve of group A
is steeper, which indicates that the distribution of TPC-CV% of group A is more concentrated.

0147 Group A 1
Group A-t
012 f /\\ Group N-norm | |
{
[
Z ool [ 1
'Z.“ \
2
= 0.08 - il
E
20061 il
g
o
0.04
0.02 - il
i , , , . L
-5 0 5 10 15 20 25
SoBE (%)

Figure 4. Distribution fitting results for the two groups.
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The conclusions drawn from the common statistics shown in Table 4 are consistent with the
above conclusions. The mean, standard deviation, and median of the two groups are approximately
equal; the skewness of group A is approximately 0, which implies that group N has a more
pronounced left-skewed distribution than group A; the kurtosis of group N is approximately 0, which
implies that the distribution of group N is approximately normal, while the distribution of group A
is more concentrated; the Interquartile Range (IQR) of group A is less than that of group B, which
also implies that the distribution of group A is more concentrated.

Table 4. Common statistics of TPC-CV% of the two groups.

Group Mean Standard Deviation Skewness Kurtosis Median IQR
Group A  6.23 417 0.04 1.65 6.32 4.01
GroupN 590 441 0.26* -0.01% 5.96 5.09

* An extremely large outlier is excluded. It was verified to strongly affect the skewness and kurtosis, distorting them.

In conclusion, no significant impact of BIM on TPC-CV % level was observed. But the application
of BIM resulted in a more concentrated distribution of TPC-CV% (precision improved, accuracy
unchanged), which implies the ability to predict and control project costs is enhanced after the
application of BIM.

5. Results II: The Differences in Cost Items

The analysis of TPC-CV % is rough, and a more detailed analysis of the differences in CI-CV% is
required to obtain stronger data evidence of the impact of BIM. The data collection and preprocessing
of CI-CV% has been introduced in subsection 3.1. The 34 sequences with similar structures but
different lengths are the data set for analysis in this section. To deal with such data, one method is to
adopt an algorithm that is insensitive to the sequence length, and the other method is to remove
inconsistent cost items and unify the sequence length. These two methods are respectively adopted
below to analyze the differences in cost items between the two groups of projects.

5.1. Confirming the Intra-Group Similarities and the Inter-Group Differences

According to the first method, the hierarchical clustering algorithm based on improved DTW,
which has been introduced in subsubsection 3.2.1, was adopted to measure the similarities and
differences between sequences. Based on the improved DTW distance, hierarchical clustering was
performed on the 34 sequences. By observing the process of hierarchical clustering and judging whether
the two groups of projects are correctly distinguished, the intra-group similarities and inter-group
differences of CI-CV% can be identified. The hierarchical clustering process is shown in Figure 5.
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Figure 5. Hierarchical clustering process.

As can be seen from Figure 5:

. The first 24 clustering steps organize 25 projects into two main clusters.

2. Among them, the first cluster includes projects numbered 1, 2, 3,4, 5, 6, 7, 8, 9, 10, 11, 12, 13, 14,
17, 18, 19, 20, and 22, which are marked with blue shading in Figure 4. The 14 projects without
BIM applications are exactly correctly grouped into this cluster, which means that the improved
DTW distances of CI-CV% of these projects are close, i.e., they have similar shape patterns. Five
projects with BIM applications are incorrectly grouped into this cluster and are highlighted in
red.

3. The second cluster includes projects numbered 21, 24, 26, 28, 29, and 34. These projects applied
BIM and are correctly grouped into one cluster. It can be assumed that these projects represent
the typical shape pattern of CI-CV% of projects with BIM applications.

4. The 25th clustering step organizes the above two clusters into one large cluster, and the
subsequent steps organize the remaining projects (projects numbered 15, 16, 23, 25, 27, 30, 31,
32, and 33) into this large cluster one by one. This indicates that the improved DTW distance of
CI-CV% between the remaining projects and the above two clusters is far, and the improved
DTW distance between the remaining projects is also far.

5. The clustering results of the projects with BIM applications show that:

e Most of them are not organized into the first cluster, indicating that the application of BIM
changes the similar shape pattern of CI-CV% of projects without BIM applications, thus
distinguishing projects with BIM applications from those in the first cluster.

e A few of them are organized into the second cluster, while most of them are not well
organized into a particular cluster, indicating that although the application of BIM changed
the similar shape pattern of CI-CV%, this change is not consistent.

In order to further explore the similarity shape pattern and the inconsistent changes caused by

BIM, the CI-CV% was further analyzed below to identify the impact of BIM from both value and

shape perspectives.

5.2. Identifying the Key Cost Items Affected

According to the second method, the 34 sequences were processed. Cost items directly affected
by BIM, such as the cost of 3D design and the cost of digital delivery, were excluded; cost items with
poor data quality (with a large number of missing values or constant values) were excluded; and cost
items in common were selected to obtain a unified structure for Project Settlement and Completion
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Schedules, as shown in Table 5. CI-CV% of the 41 cost items were calculated to obtain 34 sequences

of consistent length.

Table 5. The unified structure for Project Settlement and Completion Schedules.

Serial Serial
Number_ < o Cost Item Number > o Cost Item
Number Number
1 I main production engineering 22 sub-total
2 @) installation work 23 v other costs
3 1 main transformer system 24 1 land use and site cleaning fee
4 2 distribution equipment 25 2 overhead of client
i A
5 3 reactive power (VAr) 26 2.3  engineering surveillance costs
compensator
6 4 control and DC system 27 24 equipment survey costs
7 5 auxiliary power system 28 2.6 construction insurance fee
ject truction technical
8 6 piping and earthing system 29 3 project construction fechnica
service charge
icati d tel trol
9 7 commumication ARGIEECONTON 30 31 pre-project work fee
system
10 8 total station debugging 31 3.3 cost of survey and design
11 10 construction work 32 3.3.1 cost of survey
12 1 main production building 33 332 cost of design
13 2 dlstrlbuthn ?qulpment 34 3.4 design document review fee
building
i i truction test
14 3 water supply system building 35 3.6 engineeting cf(:;s raction tes
onal .
15 4 FAS 36 4 operationa Productlon
preparation fee
auxiliary production acquisition expenses of
16 I " Y P o 37 4.2 equipment, instruments, and
engineering . .
office furniture
17 (IT) construction work 38 static investment
18 2 station building 39 VII dynamic costs
int t duri tructi
19 4 station greening 40 5 interest during construction
period
20 I sectional worslzferelated to the 41 dynamic investment
21 (II) construction work

The comparative analysis indicators based on four common statistics, i.e., mean, standard

deviation, skewness, and kurtosis, were designed as formula (8) to analyze the differences of CI-CV%

from the perspective of values and identify the key cost items affected.

it =i
1 1

it.

1

avg _ind, =

~ |Kurt(itiA ) —Kurt(itiN)|

it.

_[sp(it?)-sp(it)|

, std_ind, /

it
8)
~ |Skew (itiA ) - Skew(itiN )|

it.

kurt _ind, ‘ — ‘ skew _ind, ‘ — ‘

1

1

where iti is the CI-CV% of the cost item numbered i (1<<i<<41). The indicators of CI-CV% of the
41 cost items were calculated according to formula (6), and the results are shown in Figure 6.
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Figure 6. The comparative analysis indicators of CI-CV% of the 41 cost items: (a) avg_indi; (b) std_indi; (c)
kurt_indi; (d) skew_indi.

The larger the value of the indicator, the greater the difference in CI-CV% between the two
groups, and the more likely it is to be a key cost item affected by BIM. According to the peaks of each
subgraph in Figure 6, five key cost items affected by BIM were identified, i.e., it2 (the cost of
installation work), its (the cost of distribution equipment), its (the cost of total station debugging), it17
(the cost of construction work), itss (the engineering construction test fee). Violin plots of CI-CV% of
these cost items are shown in Figure 7 to provide a visual view of the differences between the two
groups.

1. The shapes of the violin plots of the two groups are significantly different.
2. For all cost items except it,, , the violins of group A are smaller and lower than those of group

N. This difference is especially pronounced for the upper half of the violins, i.e., the tails where
the CI-CV% is greater than 0. This result is consistent with the conclusion in section 2.2 that the
application of BIM resulted in a more concentrated distribution of CI-CV%, which implies the
ability to predict and control cost items is enhanced.

The comparative analysis based on common statistics is simple and effective, and some clear
and easy-to-understand preliminary conclusions are obtained. However, the causal relationship
between the key cost items and the application of BIM needs to be further explored in the context of
actual projects. Through interviews with five project managers, it was concluded that at this stage,
the application of BIM facilitates the lean management of installation and construction works, and it
also brings some unexpected expenditure on the engineering construction test fee, which is consistent
with the conclusions reflected in Figure 7. When BIM is applied in power substation projects, these
identified key cost items should be controlled with a focus. However, due to the small number of

projects, the reliability of the conclusions needs further discussion: could the same conclusions be
drawn with a larger sample size?
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Figure 7. Violin plots of CI-CV% of the key cost items: (a) itz; (b) its; (c) its; (d) it17; (e) itss;.
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5.3. Identifying the Key Shape Patterns of the Impact

In order to obtain more reliable and stable conclusions based on the limited samples, this study
drew on the research ideas of Liao et al. [82,83] and used the derivative or the difference to describe
the shape of sequences, thus continuing to analyze the differences of CI-CV% between the two groups
of projects from the perspective of shape.

5.3.1. Data Augmentation

The feature selection algorithm based on QDA, which has been introduced in subsubsection
3.2.2, was adopted to identify the key shape patterns of the impact. As a machine learning algorithm,
it requires sufficient data to ensure the effectiveness. Therefore, data augmentation is needed first. In
order to avoid excessive distortion of the sequence shape, the crossover technique was used to
generate new samples, and Gaussian noise was added to prevent overfitting. Note that the 22nd cost
item (i.e., sub-total) divides the sequence into two relatively independent parts, and these two parts
of the samples in the same group can be cross-combined to obtain 224 samples without BIM
applications and 400 samples with BIM applications. Among them, 2 projects without BIM
applications were not used in the previous analysis due to poor data quality. But their first 22 cost
items have sufficiently good data quality to participate in cross-combination to generate new
samples. Therefore, the expanded sample without BIM applications has a size of 16 x 14 = 224. Next,
the differences at lag 1-21 of CI-CV% of the first 22 cost items and the differences at lag 1-18 of CI-
CV% of the last 19 cost items for the 624 samples were calculated to obtain 402 shape features for each
sequence.

5.3.2. Result Analysis

The generation way of shape features indicates that there is a certain correlation between the
features. For example, the linear correlation coefficients between the top five shape features that
achieve the lowest MCE are shown in Figure 8 with a maximum of
[-0.531. The correlation between the features leads to information redundancy. Therefore, the
improved feature selection algorithm is necessary.
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Figure 8. Linear correlation coefficients between the top five shape features.

10-fold CV MCE were plotted in Figure 9. By observing the course of MCE, the key shape
patterns can be identified. In addition, resubstitution MCE on the training set (i.e., without cross-
validation during the feature selection) is also plotted in Figure 9 to provide an auxiliary observation.
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Figure 9. MCE during the feature selection.

As can be seen from Figure 9:

1. The overall trend of 10-fold CV MCE and resubstitution MCE is the same, indicating that the
QDA model has a good classification performance. The resubstitution MCE is more optimistic
than the 10-fold CV MCE. Also, the curve of 10-fold CV MCE goes up when more than 27
features are used, which means overfitting may occur there. In fact, the two curves stay flat over
the range from 9 to 27 features. Therefore, it is reasonable to consider the first 9 features.

2. When one shape feature is used for classification, the MCE is 0.2, which means poor classification
performance. The performance is acceptable relative to the insignificant application effectiveness
of BIM. However, due to the small sample size, it is difficult to guarantee the generalization
ability of the classifier and the representativeness of MCE.

3. When the 2nd shape feature is introduced, the improvement in MCE is not significant. When the
3rd, 4th, and 5th shape features are introduced, the improvement of MCE is significant. These
indicate that the classifier constructed with these 5 shape features could effectively improve the
classification performance and expose the differences between the two groups of projects more
significantly. Therefore, these 5 shape features are considered as the key shape patterns of the
impact of BIM. Note that this conclusion is given based on the course of MCE instead of the level
of MCE.

4. When the 6th shape feature is introduced, the improvement of MCE is not significant. When the
7th shape feature is introduced, the MCE further decreases, where the resubstitution MCE


https://doi.org/10.20944/preprints202505.0188.v1

Preprints.org (www.preprints.org) | NOT PEER-REVIEWED | Posted: 5 May 2025

16 of 24

decreases to 0. When the 8th and 9th shape features are introduced, the 10-fold CV MCE also
decreases to 0. Generally, according to the course of 10-fold CV MCE, it is considered that using
9 shape features (as shown in Table 6) to construct a classifier will achieve better results.
However, the resubstitution MCE decreased to 0 before the 10-fold CV MCE at 7 features,
indicating that the classification performance at this point has been dramatically affected by the
sample size, i.e., the particularity of a few samples may be the main reason for the further
improvement of MCE. Therefore, the 7th to 9th shape features were not considered the key shape
patterns. Moreover, the 6th shape feature did not improve the MCE significantly and was not
considered a key shape pattern.

Based on the above observations of the course of MCE, this study identified 5 shape patterns of
the impact of BIM. These 5 shape features involve 7 cost items and are visualized in Figure 10.

Table 6. Results of feature selection.

Pattern Feature Description | Pattern Feature Description | Pattern Feature Description
Number Number of Features | Number Number of Features [ Number Number of Features

1 249 34-26 4 61 26-24 7 227 37-30
2 100 30-27 5 96 26-23 8 23 25-24
3 168 34-29 6 199 36-30 9 65 30-28

100

50 -

27
Group N

100

Y— Group N
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r

-100
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Shape Feature 249

L 0 L
it23 in24 it26 it27 it29 30 i34

Group A

Figure 10. Visualisation of the key shape patterns.

In Figure 10, feature 249 is plotted as an example to show the comparison of the two groups.
Feature 249 describes the relative relationship of CI-CV% between the engineering surveillance costs
and the design document review fee. As can be seen in Figure 10, the application of BIM leads to an
upward trend in this shape pattern, i.e., an increase in the CI-CV% of design document review fee
compared to that of engineering surveillance costs, or a decrease in the CI-CV% of engineering
surveillance costs compared to that of design document review fee. Similarly, the application of BIM
leads to a downward trend in feature 100, i.e., a decrease in the CI-CV% of pre-project work fee
compared to that of equipment survey costs, or an increase in the CI-CV% of equipment survey costs
compared to that of pre-project work fee; leads to an upward trend in feature 168, i.e., an increase in
the CI-CV% of design document review fee compared to that of project construction technical service
charge, or a decrease in the CI-CV% of project construction technical service charge compared to that
of design document review fee; leads to a downward trend in feature 61, i.e., a decrease in the CI-
CV% of engineering surveillance costs compared to that of land use and site cleaning fee, or an
increase in the CI-CV% of land use and site cleaning fee compared to that of engineering surveillance
costs; leads to a downward trend in feature 96, i.e.,, a decrease in the CI-CV% of engineering
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surveillance costs compared to that of other costs, or an increase in the CI-CV% of other costs
compared to that of engineering surveillance costs. Note that the above conclusions can only illustrate
the differences in the relative relationship between the CI-CV% of cost items instead of the differences
in the CI-CV%.

Further, it is noted that there are 3 shape features that are associated with the 26th cost item (i.e.,
engineering surveillance costs) in the identified 5 features. As shown in Figure 11, the distribution of
these 3 shape features is plotted in 3D space to provide a rough view of the aggregation of the two
groups of projects. As can be seen from Figure 11, in the 3D space, the aggregation of the red samples
and the blue samples is obvious, and the two groups can be classified well, whereas they are less well
classified in the 2D projected planes. These indicate that the engineering surveillance costs are widely
correlated to other cost items, and these related cost items jointly exhibit a shape pattern that can
capture the impact of BIM better. Similarly, the 30th cost item (i.e., pre-project work fee) is also widely
correlated to other cost items and can capture the impact of BIM. When BIM is applied in power
substation projects, these two cost items should be controlled with a focus.

| L&Oo’s:n . .“I‘

GvLd
k=3

Figure 11. Visualisation of the key shape patterns associated with it26.

Interviews were conducted with five project managers to understand why engineering
surveillance costs and pre-project work fee are widely correlated to other cost items. At present, there
is no clear and uniform regulation on how to account for the costs and benefits of BIM, and these
costs and benefits will be handled flexibly according to the actual situation. For example, if there is a
balance in a cost item, it may be used for BIM-related business, which further conceals the impact of
BIM. The analysis of the shape patterns of CI-CV% exposed this phenomenon to a certain extent.

5.3.3. Sensitivity Analysis

Whether the results of machine learning are reproducible or not is an important issue facing
related research. To this end, 10 sensitivity tests were conducted in this study, and the results of
feature selection are shown in Table 7. As can be seen from Table 7, the five key shape features
selected in this study appeared with high frequency in the 10 tests, indicating that the results of this
study can be replicated at a high level and the conclusions are robust.
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Table 7. Feature selection results of the 10 tests.
Feature
Test 1 2 3 4 5 6 7 8 9
1 249 168 193 167 100 61 96 272 186
2 163 100 168 61 249 193 29 62 227
3 249 100 61 168 96 163 66 272 186
4 249 186 199 168 100 65 96 272 167
5 249 100 163 168 61 157 227 10 367
6 163 100 249 168 137 61 165 23 86
7 163 100 66 61 167 249 227 199 62
8 163 100 249 167 137 62 199 193 96
9 249 375 61 29 65 96 100 157 311
10 249 96 168 61 100 186 66 29 272
Thepresent | »\9 100 168 61 9% 199 227 23 65
study
Frequency 100% 100% 70% 80% 60% 30% 30% 10% 20%

6. Conclusions and Discussion

Although it is difficult to directly draw conclusions about the impact of BIM on project costs in

the form of indicators, this study captured clear data evidence of the existence of such an impact and

explored the patterns of the impact. Total project cost data of 164 power substation projects and

techno-economic statements of 34 power substation projects from SGCC were collected for research.

Such an abundance of actual project data is rare in relevant studies. Algorithms such as hierarchical

clustering based on improved DTW and feature selection based on QDA were designed to capture

data
1.

evidence from multiple perspectives. The main conclusions are as follows:

From the perspective of total project costs, no significant impact of BIM on TPC-CV% was
observed, but the distribution of TPC-CV% was observed to be more concentrated after the
application of BIM, indicating that the ability to predict and control project costs is enhanced as
a consequence of the application of BIM.

From the perspective of cost items, it was observed that the CI-CV% of projects without BIM
applications had a similar shape pattern, and the application of BIM changed this pattern, but
the change was not consistent.

Five cost items, i.e., the cost of installation work, the cost of distribution equipment, the cost of
piping and earthing system, the cost of construction work of auxiliary production engineering,
and the engineering construction test fee, were identified as the key cost items affected by BIM.
These 5 cost items should be controlled with a focus during the application of BIM. However,
due to the small number of projects, the reliability of this conclusion needs further discussion
Five shape features numbered 249, 100, 168, 61, and 96 were identified as the key shape patterns
of the impact of BIM. These shape patterns indicate that the application of BIM has caused
impacts such as an increase in the CI-CV% of design document review fee compared to that of
engineering surveillance costs, or a decrease in the CI-CV% of engineering surveillance costs
compared to that of design document review fee.

Based on the key shape patterns, it was identified that the engineering surveillance costs and
pre-project work fee are widely correlated with other cost items and can jointly inflect the impact
of BIM, and these 2 cost items should also be controlled with a focus during the application of
BIM.

Due to the designed algorithms, this study has the following limitations:

The conclusions based on shape patterns are not intuitive enough and are poorly interpretable.
If interpretation is required, expert interviews and causal analyses based on expert opinions
should be conducted.
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2. The use of the crossover technique to expand the sample results in a loss of information on the
correlation between cost items before and after the sub-total.

Based on the sufficient data collected and the research methods proposed in this study, some
preliminary and clear conclusions about the impact of BIM on power substation project costs have
been drawn. In view of the relevant cutting-edge research [84], further studies could consider
focusing on how to expose the patterns of data more clearly, so as to study the joint changes of
multiple cost items. For example, symbolizing the data using the quartile method could make the
patterns of data more straightforward and, thus, easier to observe.
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Abbreviations

The following abbreviations are used in this manuscript:

BIM Building Information Modeling

SGCC State Grid Corporation of China

ROI Return on Investment

Sig. Significance Level

IQR Interquartile Range

DTW Dynamic Time Warping

QDA Quadratic Discriminant Analysis

CV% Cost Variance Percentage Between Settlement and Budget Estimation

TPC-CV% CV% of Total Project Costs
CI-CV%  CV% of Cost Items
MCE Minimum Classification Error
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