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Abstract: Cost estimates in the early stages of project development are essential for making the right
decisions, but they are a huge challenge and risk for owners and potential contractors due to limited
information about the characteristics of a future highway project. Whereas previous studies were
mainly focused on achieving the highest possible estimation accuracy, this paper aims to propose cost-
estimation models that can provide satisfactory accuracy with the least possible effort and to compare
the perspectives of owners and contractors as the key stakeholders on projects. To determine cost
drivers (CDs) that have a high influence on highway-construction costs and require low effort for their
establishment, a questionnaire survey was conducted. Based on the key stakeholders’ perceptions
and collected data set, cost-estimation models were developed using multiple-regression analysis,
artificial neural networks, and XGBoost. The results show that reasonable cost-estimation accuracy
can be achieved with relatively low effort for three CDs for the owners’ perspective and five CDs
for the contractors’ perspective. Additional inclusion of input CDs in models does not necessarily
imply an increase in accuracy. Also, the questionnaire results show that owners are more concerned
about environmental issues, whereas contractors are more concerned about the possible changes in
resource prices (especially after recent high increases caused by COVID-19 and the Russia–Ukraine
war). These findings can help owners and potential contractors in intelligent decision-making in the
early stages of future highway-construction projects.

Keywords: cost estimation; cost driver; influence; effort; questionnaire; extreme gradient boosting;
artificial neural networks; highway projects

1. Introduction

One of the bases for the functioning of a society and its economy is the transport
of goods and passengers. Roads, as the most common type of transport infrastructure,
present their main foundation. According to the modal split for three types of transport
infrastructure, 77.4% of the total freight traffic in the EU in 2020 was carried out using road
infrastructure, followed by rail and inland waterways (16.8% and 5.8%, respectively) [1].
Moreover, road infrastructure presents the most dominant type of transport infrastructure
for passenger traffic, with a share of over 90% in 2018 [2]. Although roads play a vital role
in social and economic development [3], it must not be ignored that they are at the same
time a major cause of environmental disturbances [4–6].

Highways are the highest class of roads. Most developed countries have a well-
developed highway network. It is undeniable that there is a need to expand the highway
infrastructure in developing countries. Statistics from the International Transport Forum
(ITF) show that investments in highway-construction projects in developing countries that
aspire to EU membership in the last decade have seen a large increase compared to the
previous period [7].

Planning of new highways is based on consideration of current and future trans-
portation needs, keeping in mind the request to complete the highway construction with
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minimal costs and environmental impact. In the early stages of planning, it is difficult
to obtain accurate cost estimates for new highway construction [8]. These estimates are
crucial for prefeasibility and feasibility studies and to make the right decisions on whether
to construct a new highway [9,10]. When the budget for roadwork programs is constrained,
cost underestimations and overestimations could cause serious problems [9]. Cost under-
estimations [11] lead to inappropriate resource allocations and large cost overruns [12],
whereas overestimations could detain funds that might be applied elsewhere [9].

Worldwide, a large number of government institutions in charge of transportation in-
frastructure encounter numerous challenges when making cost estimates for new highway-
construction projects. Their estimates may differ significantly from the estimates provided
by contractors [13]. In particular, cost estimations for design–build projects in the early
planning stages, when scarce information is available and only the first steps in the design
process have started, are a huge challenge and risk both for government institutions [14]
and potential contractors. Cost estimates in the initial stages of project development mean
that cost conclusions are drawn based on historical data from previous projects. The lack of
a database built on previous projects and the unavailability of reports on finished projects
are frequent issues in developing countries. Even when they exist, available databases are
often unstructured, limited in scope, and contain incoherent and incomplete information
that can impact sound decision-making. Historical data collection requires great effort [15].
Apart from a reasonable level of accuracy, for the cost estimates at the initial stages of
planning highway construction, the relatively low effort required to conduct them could be
essential.

In addition, in the initial phases of a project, only the rough design outline is available,
so assumptions must be made about the characteristics of the future construction project,
which makes the cost estimate even more difficult and imprecise.

The most recent studies have shown that cost estimations in the early stages of project
development are still a challenging problem. Keeping in mind that cost estimates are one
of the most important parameters for the planning and successful completion of complex
infrastructure projects, in [16] the authors proposed models for obtaining early cost and
material-quantity estimates for underground metro stations. Uysal and Sonmez recognized
the problem with a limited number of data in the early stages of project development and
presented the bagging case-based reasoning (CBR) method to improve the accuracy of
conceptual cost estimation [17].

The unit costs of highway construction vary considerably across countries and over
time, and also in the same country in the same year [9] due to topography and terrain type,
resource prices, inflation rate, and so on. Apart from the aforementioned, the country’s
economic and construction-market conditions [18], as well as the state of the society in
which the project is implemented, can be substantial cost drivers (CDs).

The establishment of CD values for a certain project requires some effort. The effort
here refers to the time and money that needs to be invested to determine the value of the
CD. Among all categories, design-related CDs require the highest degree of effort for their
establishment. Design development is a time-consuming process that demands large costs
for its preparation. To conduct the cost estimates in the initial stages of project development,
a particular level of project definition (or effort) is required [15]. Gardner et al. investigated
the effort required for conceptual cost estimation and stated that the sooner the initial
estimate is developed, the cost and time required is commensurately lower [15]. As the
project phases progress, the design-related CDs’ details and accuracy increase, whereas
other CDs, which are mostly publicly available (e.g., inflation rate), remain the same.

Determining the key CDs is a critical stage in the development of the cost-estimation
model because the accuracy of the estimate depends on it [19]. Hashemi et al. reviewed
current practices in cost estimation in construction projects based on machine-learning
(ML) techniques and concluded that expert knowledge has a valuable influence on key CD
selection [20]. Kim conducted the AHP method and evaluated key CDs and determined
their weights based on experts’ viewpoints [21]. Adel et al. performed in-depth interviews
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with 14 professionals and asked them to choose variables that are traditionally available
in the conceptual-planning stage and examine their characteristics [22]. One of the most
widely used methods for CD selection is a questionnaire [15,23–27]. In addition to other
methods, Meharie et al. used a questionnaire to select input variables for preliminary
cost estimation of highway-construction projects and concluded that the most significant
variables are project size, bridge number, and inflation rate [28].

Considering different stakeholders’ views is very important for facilitating the above-
mentioned cost-estimation issues. The questionnaire proved to be a suitable tool for
gathering information about the perceptions of different stakeholders [29,30]. For example,
the questionnaire survey was implemented in [25] to gather information about stakeholders’
perceptions of factors affecting the accuracy of cost estimates. The authors concluded that
there is a strong agreement between contractors and consultants. Doloi explored the per-
ceptions of different stakeholders on attributes influencing cost estimation using structured
interviews [31]. Structured interviews were conducted with six stakeholders operating as
major contractors, land developer, investor, financier, and consultant. Although rich in
a wide range of respondents’ project roles, the study could not provide a deeper insight
into stakeholders’ perceptions since it covered 13 key attributes that are universal and not
related to the specific type of construction projects.

Numerous variables can be tested on their significance in the cost estimations [9] of
road-infrastructure projects and selected as key CDs. For example, Mahdavian et al. tested
69 input variables grouped into five categories—socio-economic, energy market, construc-
tion market, U.S. economy, and temporal category—and concluded that the construction-
market category has the greatest influence [18]. Peško et al. established the correlations
between the amounts of basic materials necessary for the realization of roadway construc-
tion and landscaping works and the costs and duration of construction of urban roads [32].
Sodikov introduced the concept of levels of data analysis (regional, country, and project
level) and analyzed various input variables, such as terrain type, country GDP, and work
duration per pavement area [33]. Cirilovic et al. explored the idea of considering some
more specific variables, such as whether the country is a net oil exporter or importer, fuel
prices, and the country’s climate conditions [9]. Zhang et al. developed a parametric
cost-estimation model while simultaneously analyzing the leading economic indicators and
project-related factors [34]. Wilmot and Cheng proposed a composite highway-construction
cost-estimation model constructed of submodels that were developed based on indepen-
dent variables, such as price-index values for labor, materials, and equipment, and variables
describing contract characteristics and the contracting environment [35].

The application of regression analysis and artificial neural networks (ANN) for the
development of cost-estimation models for road-infrastructure projects is widespread.
Regression analysis has been used as both a CD-selection and predictive method [19].
Mahamid developed 10 multiple-regression analysis (MRA) models for road-construction
cost estimation in the early stages of the project as a function of the amount of work
and road dimensions [36]. Hegazy and Ayed modeled the costs of highway-construction
projects in Canada based on the ANN algorithm [37]. In [38], the authors tested whether
the greater flexibility in the relationship between input and output variables in ANNs
leads to better performance than that achievable with regression analysis. Gardner et al.
combined ANNs and bootstrap sampling to develop a stochastic cost-estimation model
for highway projects [39]. Tijanić et al. modeled expected road-construction costs using a
multilayer perceptron, a general-regression neural network, and a radial-basis-function
neural network. For modeling purposes, the database of roads constructed in Croatia was
used, and MLP and GRNN provided acceptable results [40].

Apart from already highlighted ML techniques, the current state-of-the-art techniques
should be tested for the development of highway-construction cost-estimation models.
eXtreme gradient boosting (XGBoost) is a recently developed [41] integrated machine-
learning algorithm [42] based on gradient boosting [43]. Since it does not require substantial
feature engineering and provides high performance, it has been widely employed [44]. In
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the construction-industry domain, XGBoost was used in several studies. Shehadeh et al.
examined the potential of predicting the residual value of heavy construction equipment
using XGBoost regression [41]. Among other algorithms, in [42], the authors used XGBoost
to develop a prediction model for the productivity of a cutter-suction dredger, resulting in
better prediction effects than other ML algorithms provided. In [45], the authors employed
XGBoost integrated with genetic algorithms to predict the post-accident disability status
of construction workers based on a data set of construction accidents recorded in Turkey.
In [46], an XGBoost-based model for predicting green-building construction costs was
developed as a decision-support tool for selecting the best bidder.

Despite the recognized challenges of and risks affiliated with cost estimates for new
highway-construction projects, previous authors have remained silent on examining the
perspectives of different stakeholders. This paper provides insight into the perspectives
of owners and contractors as the key stakeholders on highway-construction projects con-
cerning cost-estimation issues. It aims to identify key stakeholders’ perceptions of the
degree of influence of CDs and the degree of effort required to establish CD values for a
certain project. Additionally, it will compare the owners’ and contractors’ perspectives.
Its secondary aim is to provide a model for the cost estimation of highway-construction
projects in the early stages of project development and test the methodology for key CD se-
lection in a case study based on stakeholders’ perspectives. This article examines 34 project
characteristics clustered in seven categories (highway alignment, bridge, tunnel, contract,
economic, social, and environmental) and their selection as the key CDs.

2. Research Methodology

In order to facilitate the above identified problems with highway-construction cost
estimation in the early stages of project development, the main research objectives were
identified: to determine key cost drivers and to compare key stakeholders’ points of view on
this issue. The research objectives will be achieved with the proposed research methodology,
organized into three stages.

Two main hypotheses were formulated in order to achieve the stated main research
objectives:

• The satisfactory accuracy of the early highway-construction cost estimation can be
achieved with low effort and only a few key CDs.

• The key CDs are different from the owners’ and contractors’ points of view.

The research methodology, consisting of three stages, is shown in Figure 1. The
outputs of every stage present the inputs for the next stages. The purpose of the first stage
was to collect data on previous highway-construction projects and to form the Highway
Construction Projects Database. An additional output of this stage is the Preliminary
Cost Drivers List, which will serve as input for the second stage. The second stage of
the research methodology refers to a questionnaire survey aimed at gathering owners’
and contractors’ perceptions on cost drivers from the Preliminary Cost Drivers List and
thus lead to Cost Drivers Ranking List based on respondents’ perceptions. In the third
stage, highway-construction cost-estimation models are developed and validated based
on the previously formed Highway Construction Projects Database (output of stage 1)
and the Cost Drivers Ranking List (output of stage 2). In order to enable comparison
between different estimation results, several methods were used for the development of
the cost-estimation models: multiple-regression analysis, artificial neural networks, and
eXtreme gradient boosting. Detailed explanations of all stages are provided in the following
sections.
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Figure 1. The research process organized into three stages: STAGE 1—preliminary identification of
CDs; STAGE 2—questionnaire survey; STAGE 3—cost-estimation modeling.

3. Preliminary Identification of Cost Drivers

This stage of research was aimed at identifying the Preliminary CDs List, which
will be assessed further. CDs were identified based on a literature review and available
historical data from previous projects. The literature review and data-collection and
database-formation processes were conducted simultaneously. The literature review gave
insight into relevant previously used CDs, whereas data collection enabled the identification
of available project characteristics. The second step relied on Pareto analysis, which
identified cost-significant types of works and thus their corresponding CDs. The final step
was a pilot study with the goal to determine the final version of the Preliminary CDs List
and questionnaire form.

3.1. Cost Drivers Identified through the Literature Review

An intensive literature review led to a comprehensive list of 189 CDs used in previous
articles on road-cost estimation published between 1998 and 2021. After the elimination of
duplicates and CDs irrelevant to the case study, Table 1 was formed, containing 18 CDs
used in 20 selected studies. It can be concluded that the most frequent CDs were project
duration and road length and width, followed by terrain type.

Table 1. List of relevant CDs identified through the literature review.

Cost Driver Reference Frequency (%)

Road length [21–24,27,34,36,37,39,40,47,48] 63.64
Road width/number of lanes [21–24,27,34,36,37,39,40,47–49] 63.64

Number of bridges [24,28,39] 13.64
Number of interchanges [47] 4.55

Length of bridges [47,48] 9.09
Length of tunnels [48] 4.55
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Table 1. Cont.

Cost Driver Reference Frequency (%)

Project duration * [21–24,27,28,33–35,37,39,40,48,49] 72.73
Terrain type [21,23,28,33,39,50] 36.36

Design speed [39] 4.55
Climate conditions [9,33,50] 13.64

Gross domestic product (GDP) [9,33] 9.09
Corruption level [9] 4.55
Diesel fuel price [9] 4.55

Construction year [22,27,37,39,47] 22.73
Inflation rate [9,28] 9.09
Contract type [48,51] 9.09

Resource price indexes [35] 4.55
Consumer price index (CPI) [34] 4.55

* In some cases, “project duration” implies the expected duration of work or the expected pace of work per road
length or surface area.

In addition, the authors reviewed academic articles on the cost estimation of bridge
and tunnel projects. The most commonly used bridge CDs were bridge width and length,
average pier height, and average span [52–54]. However, it is expected that extreme
structures within the route will have a significant influence on costs, so the focus of this
study is on the existence and characteristics of such structures. Consequently, the bridge
CDs included in the analysis were the longest bridge length, the great pier height of extreme
bridges, and the large span of extreme bridges.

The literature review of academic papers on tunnel-project cost estimation [55–59] gave
insight into the previously used tunnel CDs. Some authors used tunnel dimensions, such
as tunnel diameter [58,59], as input variables for model development. Given that the case
study in this paper is highway-construction projects that have standardized dimensions,
dimension-related variables were excluded from the analysis. The variables that define
tunnel-construction technology were the soil category and tunneling-excavation method.
One must note that the tunneling-excavation method incorporates soil conditions, since
for certain geologic conditions there are more or fewer habitual excavation methods [58].
Accordingly, to avoid the multicollinearity problem only the tunneling-excavation method
was examined.

3.2. Data Collection and Database Formation

This process aimed to systematize the data from the collected documentation to form
a database of historical data on highway-construction projects. Collecting documentation
required significant effort. Documentation was collected by contacting owners and design
and contractor firms, and an agreement on data protection was made. Missing data
on project characteristics were collected by interviewing project participants and from
secondary sources. It took 10 months to collect the documentation and organize the data.
For this research, historical documentation included highway-construction projects from
Serbia, Bosnia and Herzegovina, North Macedonia, and Montenegro. Documentation
included tender documentation and design documentation.

Four separate databases were created. The first and the most comprehensive one in-
cluded detailed data on the characteristics of highway projects (e.g., number of interchanges,
design speed, etc.) and their construction costs, systemized from the collected documenta-
tion. Besides the data on projects’ internal characteristics, the authors intended to collect
the data on external parameters that might be correlated with highway-construction costs.
The main objective was to include parameters whose determination in the early stages
of project development does not require high effort [15], i.e., is not expensive and time
consuming. Therefore, in an effort to satisfy the stated objective, publicly available external
project characteristics were identified (e.g., unemployment rate, GDP growth rate, etc.).
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The remaining databases contained detailed data on technical characteristics of cost-
significant entities (see Section 3.3) within the highway alignment: tunnels, bridges, and
interchanges. The purpose of creating separate databases was to enable in-depth analysis
of individual cost-significant entities within each project and thus identification of their
corresponding CDs.

The data sample included a total of 92 projects. Out of these 92 projects, five projects
were related to highway reconstruction and rehabilitation and were excluded from further
analysis. The aim was to achieve the highest possible homogeneity of the database. Eight
contracts included the construction of large structures within the highway route (bridges,
tunnels, and interchanges) and were only analyzed for the purpose of determining CDs
related to the mentioned structures. Since 11 projects had incomplete data, they were left
out of the scope of further analysis. The final number of analyzed projects was 68 highway
construction projects (Table 2).

Table 2. Number of analyzed projects and structures.

No. of Analyzed Projects
No. of Structures

Bridges Tunnels Interchanges

68 408 30 59

The data set covered highway-construction projects contracted in the period from
September 2004 to September 2021. General information regarding the construction projects
is shown in Table 3. The cost of the construction works of the case-study projects ranged
from EUR 4.04 million to EUR 203.98 million. The average price of the works for the
analyzed data sample was EUR 52.14 million, whereas the total value of all analyzed
projects was EUR 3.55 billion. All values in local currencies were converted into EUR based
on the average rate on the date the contract was signed. The planned duration of contracted
works ranged between 480 days and 1440 days, whereas the total length of the sections
varied between 1259 m and 36,609 m. The average length of highway-construction projects
from the data set was 10,081 m.

Table 3. General information regarding projects from the database.

Project Information Unit Minimum Maximum Mean Value

Price Million EUR 4.04 203.98 52.14
Duration Days 480 1440 841

Length of section m 1259 36,609 10,081
No. of bridges / 0 19 /
No. of tunnels / 0 3 /

No. of interchanges / 0 3 /
Length of bridges m 0 1959.41 148.98
Length of tunnels m 0 3659 360.49

3.3. Pareto Analysis

The second step in the preliminary identification of CDs was the identification of
cost-significant types of works. The concept of cost-significant types of works is based
on the so-called Pareto principle, which states that in most cases approximately 80% of
the consequences come from 20% of the causes. The Pareto principle has been applied in
few studies on cost estimation. For example, Sayed et al. [60] determined the key factors
affecting the cost-estimation accuracy, Shehab et al. [61] identified 23 cost-significant bid
items of water and sewer repair and replacement projects, and Beljkaš et al. [62] concluded
that concrete and reinforcement types of works have a total percentage share of 77.3% of
the total costs of integral bridges.

In an effort to apply this principle in determining cost-significant types of works and
CDs, all cost items from the cost-breakdown structure (CBS) relating to the collected data
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set were examined. As the tender and design documentation for the analyzed data set were
prepared in different countries and by different design and construction firms, their form
differs from case to case. For this reason, the process of data preparation and analysis was
complex and time consuming. Firstly, it was necessary to identify the identical types of
works for all projects and their corresponding cost items in order to achieve data uniformity.
Item-cost analysis and regrouping resulted in a uniform list of 15 types of works.

An analysis of the percentage share of all types of works in the total costs was carried
out. The analysis of the data sample revealed that the cost-significant types of works
contributed to an average of 76.34% of the total project cost. These types of works were
highway alignment, bridges, tunnels, and interchanges, and they constituted 26.67% of
types of works involved in highway-construction projects. The stated percentages are con-
sistent with the Pareto principle, i.e., the 80:20 rule applies to the analyzed data set. Based
on the cost-significant types of works, it can be concluded that within the highway route,
the cost-significant entities are highway alignment, bridges, tunnels, and interchanges.

3.4. Pilot Study

The final step was a pilot study. The authors conducted separate interviews with
three academic experts with more than 20 years of experience in construction-project
management. The purpose of the pilot study was to clean up the proposed list of CDs by
eliminating irrelevant CDs and adding new ones that experts considered significant, and to
determine the final version of the questionnaire.

The experts’ suggestion, inter alia, was that the list of CDs should include variables
related to environmental-protection measures, keeping in mind the importance of environ-
mental issues. Hence, the additional Environmental category of CDs was included in the
updated list. The need to consider environmental issues when making cost estimations
of highway-construction projects has been suggested in the literature [63]. In addition,
the variable expressing the existence of extreme structures within the highway route was
introduced. This information is available in the early stages of project development, and
experts deemed it crucial for cost estimation.

The pilot study also resulted in the suggestion of the elimination of some CDs from the
Preliminary CDs List and questionnaire. Besides basic technical parameters that describe
characteristics of a highway route and cost-significant entities (e.g., design speed, longest
tunnel length, and length of bridges within the interchanges), additional requirements for
the civil-engineering objects (e.g., durability, stability, and load capacity) were originally
considered by the authors as potential CDs. Experts deemed that these additional technical
parameters as requirements for objects on highway construction should not be included
in the questionnaire survey given that they are considered to be in line with standard
requirements and legally binding technical specifications.

The result of the pilot study was the final version of the Preliminary CDs List, which
contained 34 drivers clustered in seven categories: Highway alignment, Bridge, Tunnel,
Contract, Economic, Social, and Environmental. These CDs can be seen in Section 4.4.3,
where their rankings according to the questionnaire results are shown.

4. Questionnaire Survey

A questionnaire survey is an effective approach for gathering information about opin-
ions, attitudes, perceptions, and characteristics of a population sample [64,65]. In this
research, the purpose of a questionnaire was to gather information about the key stake-
holders’ perceptions of the degree of influence of CDs and the degree of effort required to
establish CDs’ values. The targeted population in this research was experienced profession-
als that have been involved in highway-construction projects as owners or contractors.

4.1. Questionnaire Design

The questionnaire was organized into three sections. The first section aimed to es-
tablish the respondents’ profiles. This section contained questions about the years of
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respondents’ professional experience and their role in highway-construction projects. The
second section included the previously identified Preliminary CDs List and aimed to
determine the perceived degree of influence of CDs on highway-construction costs. The
respondents were asked to rate the degree of influence that each of the CDs has on highway-
construction costs. The same Preliminary CDs List was used in the third section, where
respondents were asked to rate the degree of effort that has to be invested to establish a
CD’s value for a certain project.

As shown in Figure 2, the questions within the second and third sections were designed
using a five-point Likert scale, with respondents being asked to select the most appropriate
response. In order to reduce respondent bias, the response option “I don’t know” was
included following the literature recommendations [66].

Figure 2. Likert scale used in the second and third sections.

4.2. Respondents’ Profile

The questionnaire survey was conducted in December 2022. The targeted respondents
were professionals engaged in highway-construction projects in Serbia, Bosnia and Herze-
govina, North Macedonia, and Montenegro who had experience as contractors or owners.
A total of 150 designed questionnaires were distributed either by hard copy or online via
email to the addresses of professionals. Respondent professionals came from owner com-
panies or domestic- and foreign-contractor companies operating in the abovementioned
countries. In order to ensure a high response rate and the best possible proportionate
distribution by stakeholder type and years of experience, respondents were introductorily
contacted via telephone or email. They became familiar with the survey objectives and
instructions for filling out the questionnaire.

Out of 150 distributed questionnaires, 96 responses were obtained, which resulted
in a response rate of 64%. Compared to other studies conducted in the construction-
management field [67,68], this can be considered a satisfactory response rate. A brief
summarization of the respondents’ profile is given in Table 4.

Table 4. Respondents’ profile.

Stakeholder Type
Professional Experience (Years)

Total
% by Stakeholder

Type<10 10–20 >20

Contractor 18 20 13 51 53.13
Owner 8 16 21 45 46.88
Total 26 36 34 96

% by professional
experience 27 38 35

Despite the relatively small sample, the response quality can be considered quite
reliable due to the fact that respondents were closely related to the subject of study and
highly experienced. Most of the respondents (73%) had long professional experience
(more than 10 years), of which 35% had more than 20 years of professional experience.
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The distribution among contractors and owners was commensurate, with contractors
participating at 53.13% and owners at 46.87%. All participants were informed that their
responses would be treated in line with the anonymity-protection statement.

4.3. Questionnaire Reliability

The questionnaire reliability was assessed using Cronbach’s α coefficient, as one of
the most widely used reliability tests for a questionnaire with Likert scales. It measures
the internal consistency of survey items. If Cronbach’s α coefficient is equal to or greater
than 0.7, the indicator is thought to be credible [69]. In this research, the overall Cronbach’s
α coefficient was 0.963, and the values for the second and third sections were 0.936 and
0.969, respectively. Since Cronbach’s α values exceeded 0.7, the survey can be considered
consistent and reliable.

4.4. Questionnaire Results and Discussion

This section shows and discusses the findings and results of the questionnaire survey.
The survey objectives were:

• To identify stakeholders’ perceptions of the degree of influence of CDs on highway-
construction costs and the degree of effort required to establish CD values for a certain
project;

• To compare owners’ and contractors’ perceptions and to test the degree of agreement
between them;

• To rank CDs according to Euclidean distance from the ideal CD.

4.4.1. Respondent Perceptions

The average respondent perceptions from the received questionnaires are shown in
Figure 3. The data points represent the CDs from the Preliminary CDs List, where the x-axis
corresponds to the average perceived influence on the highway-construction cost and the
y-axis corresponds to the average perceived effort required to establish a CD’s value.

Figure 3. The results of the questionnaire survey: (a) owners’ average perception; (b) contractors’
average perception; (c) general average perception.
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The CD categories are presented with different colors of data points. Since Highway
alignment, Bridge, and Tunnel are design-related categories, they were assigned the same
(red) color but with different shapes. This provided a better visual recognition of the results.

The results can be interpreted as follows:

• All three graphs in Figure 3 show that the design-related CDs (i.e., Highway alignment,
Bridge, and Tunnel categories) mostly fell in the upper right quadrant, whereas other
categories of CDs were not part of this quadrant. This can be interpreted as a logical
result keeping in mind that preparation of the design requires a substantial amount
of money to be spent and is time consuming (high effort), whereas design has a
significant influence on the highway-construction cost.

• It can be noted that the CDs occupying the bottom-right quadrant, which was the
most preferable (high influence–low effort) [15], in all three perceptions included only
three design-related CDs. These drivers describe the terrain type, the presence of
extreme structures, and the number of tunnel tubes. These variables can be relatively
easily established by experts in early project phases with reasonable confidence. The
remaining CDs from this quadrant belonged to the Contract, Economic, and Social
categories, and this was expected due to the fact that they are publicly available and
may be highly correlated to the construction costs [18,34].

• From the contractor’s point of view, in the most preferred quadrant, there were six
CDs more than from the owner’s point of view, which means that owners rated these
six CDs with a higher effort and lower influence.

• It can be seen that from the owner’s point of view, a larger number of CDs (especially
Environmental) occupied the upper left quadrant compared to the contractors’ per-
spective. This indicates greater concern of the owners regarding environmental issues
and thus a higher effort by the owners, but that contractors are more concerned about
high environmental costs.

• When comparing the perceptions of owners and contractors, contractors rated Eco-
nomic and Contract CDs with a higher influence and lower effort. The most probable
explanation is that contractors are more familiar with these categories due to the most
common contract types recently used in the respondents’ countries.

• According to contractors, the CD closest to the ideal CD (Figure 3) was C.4 (the
existence of contract-price adjustments). Contractors assigned this CD the highest in-
fluence. Given the ongoing problems with the large increase in resource prices caused
by the COVID-19 pandemic and the Russia–Ukraine war, payment for a contractor’s
performed work is inadequate without contract-price adjustments. Therefore, the high
perceived influence on cost is absolutely logical. Previous financial crises also had a
particular impact on road-infrastructure projects [70].

• Finally, all CDs had an average perceived influence larger than 2 (low influence),
which indicates that the CDs within the Preliminary CDs List were correctly identified,
as no CD was characterized as having no influence or very low influence.

4.4.2. Agreement between Stakeholders’ Perceptions

To test the consensus between owners’ and contractors’ perceptions, Spearman’s rank
correlation was used. This is a non-parametric test that has been recognized in previous
studies as a suitable measure for comparison of the agreement of attitudes and perceptions
of different project parties [71–73]. The correlation coefficient can have values in the
interval from +1 to −1. The values of +1 or −1 indicate a perfect Spearman correlation
(total agreement or total disagreement). The Spearman’s rank correlation coefficient (r) is
calculated according to the following equation:

r = 1 − 6Σd2

n3−n
(1)

where r is Spearman rank correlation, d is the difference between rank assigned to each CD,
and n is the number of CDs, which in this case was 34.
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The Spearman’s rank non-parametric test results indicate the relatively good consensus
between owners’ and contractors’ perceptions of the degree of influence of CDs (about
0.753) as well as the degree of effort required to establish their values (about 0.579). When
comparing owner- and contractor-respondents’ results, shown in Figure 3, this statement
was also evident; the data points of each category occupied more or less the same quadrants
for both groups of respondents. Less agreement between the perceptions of owners and
contractors on the level of effort was expected, considering that these experts were not
designers and almost half of the CDs belonged to design-related categories. From the
results, it follows that the respondents were not so familiar with the design process.

4.4.3. Cost-Driver Ranking

The accuracy of highway-construction cost estimation in previous studies was ex-
pressed as being in the function of the degree of the influence of CDs on highway-
construction costs. Accordingly, the authors ranked CDs based on average perceived
influence on construction costs [26] and the relative-importance index [27]. When consider-
ing input variables to be included in the model, besides influence, it is necessary to take
into account the degree of effort that needs to be invested to determine the value of the
variable for a specific project. Gardner et al. built a data-driven cost-estimation model that
included variables one at a time, starting with the one closest to the ideal CD (with the
highest possible value of influence on cost and lowest possible effort) [15].

In this research, the authors ranked CDs according to the Euclidean distance from
the ideal CD based on owners’ and contractors’ perceptions, as well as general perception
(Table 5). The ideal CD is the one that has the highest influence on highway-construction
costs and requires the lowest effort to establish its value (Figure 3). Euclidean distance from
the ideal CD was calculated based on the following Equation (2) [15]:

Distance from the Ideal cost driver =
√
(xi − A)2 + (yi − B)2 (2)

where xi is the average perceived influence on cost for CDi; A is the maximum influence
from the Likert scale, which is 5; yi is the average perceived effort for CDi; B is the minimum
required effort from the Likert scale, which is 1; and i is the CD being measured, ranging
from 1 to the total number of CDs (in this case 34)

Table 5. Cost-driver ranking according to Euclidean distance from the ideal cost driver.

Cat. Code Cost Driver
Ranking

GEN OWN CON

H
ig

hw
ay

al
ig

nm
en

t HA.1 The participation of certain terrain type in the total length of the section 1 1 3
HA.2 The presence of extreme structures within the route 3 2 5
HA.3 Number of interchanges 28 20 32
HA.4 Length of bridges within the interchanges 34 24 34
HA.5 Design speed 24 19 27
HA.6 The participation of the highway alignment in the total length of the section 18 18 19
HA.7 The participation of bridges in the total length of the section 15 10 20
HA.8 The participation of tunnels in the total length of the section 5 13 2

Br
id

ge B.1 The longest bridge length 13 17 15
B.2 The great pier height of extreme bridges 29 25 29
B.3 The large span of extreme bridges 33 33 31

Tu
nn

el T.1 Number of tunnel tubes 23 5 33
T.2 The longest tunnel length 16 14 18
T.3 Tunneling-excavation method 32 32 30
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Table 5. Cont.

Cat. Code Cost Driver
Ranking

GEN OWN CON

C
on

tr
ac

t

C.1 Planned duration 7 11 7
C.2 Contract type 4 6 6
C.3 Procurement method 6 4 11
C.4 The existence of contract-price adjustments 2 3 1
C.5 Project funding by the national government or through loans and grants 26 23 26
C.6 Project funding by more international financial institutions (IFI) 27 27 22

Ec
on

om
ic

EC.1 Inflation (consumer price index) 9 8 10
EC.2 Indices of producers’ prices of diesel fuel (liquid fuels and lubricants) 19 7 24
EC.3 Average gross wages per employee in the construction industry 8 12 4

EC.4 Indices of producers’ prices of elements and materials for incorporating into
construction 14 21 13

EC.5 Indices of value of new contracts 17 22 16
EC.6 Indices of total issued building permits 12 26 8
EC.7 GDP growth rate 31 30 28

So
ci

al

S.1 Control of corruption index 10 9 12
S.3 Government-effectiveness index 25 34 21
S.4 Political stability and absence of violence/terrorism 22 16 23
S.5 Unemployment rate 11 15 9

En
vi

ro
nm

en
ta

l

EN.1 Traffic-noise-protection measures 21 29 17

EN.2 Surface- and underground-water-protection measures 20 31 14

EN.3 Flora- and fauna-protection measures 30 28 25

GEN—general perception; OWN—owners’ perception; CON—contractors’ perception.

5. Cost-Estimation Models

The questionnaire results and collected data set were used to develop and validate
cost-estimation models applicable in the early stages of project development. The authors
intended to propose cost-estimation models that can provide satisfactory accuracy with the
least possible effort.

Three cost-estimation models were developed and validated using the formed highway-
construction-project database and the CD ranking according to the Euclidean distance from
the ideal cost driver. The proposed approach also enabled the comparison of the results
between owners and contractors. For the development of three cost-estimation models,
different methods were used: multiple-regression analysis, artificial neural networks, and
eXtreme gradient boosting. The use of different methods enabled comparison between the
results of the three models.

5.1. Model Development and Validation

As the most commonly used techniques for highway-construction cost-estimation
model development, multiple-regression analysis (MRA) and artificial neural network
(ANN) were selected as a starting point for model development. Furthermore, this paper
proposes the model based on the eXtreme-gradient-boosting (XGBoost) approach. To
the best of the authors’ knowledge, eXtreme gradient boosting has not been used for the
development of cost-estimation models of road-infrastructure projects.

All of the models were implemented using scikit-learn (https://scikit-learn.org/stable,
accessed on 23 January 2023), a popular ML library in Python. MRA was implemented
using the LinearRegression model class, with a default parameter set. ANN was employed
via the MLPRegressor model class, with the solver parameter set to “lbfgs”. The solver
parameter determines the algorithm used to optimize the network weights. Lbfgs is a
robust solver for multi-layer perceptrons, which uses an approximation of the Hessian

https://scikit-learn.org/stable
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matrix to optimize the weights, making it well suited for smaller datasets as it is less prone
to overfitting.

Finally, XGBoost was implemented using the HistGradientBoostingRegressor model
class. The model was initialized with the following parameters:

• Learning rate = 1—controls the step-size shrinkage used in updates to prevent overfit-
ting;

• max_iter = 100—the number of iterations of the boosting process;
• min_samples_leaf = 2—minimum number of samples required to be at a leaf node

(used to regularize the model and prevent overfitting, which is especially useful for
smaller datasets).

The first CD added to the model was closest to the ideal CD shown in Figure 3.
Subsequent CDs were added to the model following the rankings in Table 5. With each
addition of a new input CD, the performance of the model and cumulative effort were
recorded. The model performance was presented using the mean absolute percentage error
(MAPE), which was calculated according to Equation (3):

MAPE = 100%
n ∗

n
∑

t=1

∣∣∣ At−Pt
At

∣∣∣ (3)

where n is the number of iterations, At is the actual contracted value of project t, and Pt is
the predicted value of project t.

For the relatively small data sets, previous studies used leave-one-out cross-validation
(LOOCV), which has n iterations and leaving one data point out of the training sample
each time [9]. Therefore, LOOCV was used as a validation method in this paper.

Given that case-study projects were contracted in different periods, it was necessary
to convert their costs to the same base date to make them comparable. According to the
price adjustments stated in the contracts of the data set, all changes in resource prices were
expressed through price indices. Therefore, the resource price indices were converted to
the same base date. The adopted base date for the case study was mid-September 2021.
After conversion to the same base date, project prices were directly comparable.

5.2. Results and Discussion

The input variables (CDs) were added one by one to the three models according to
rankings based on owners’, contractors’, and general perceptions (Table 5). When a new
input CD was added to the model, the MAPE and cumulative effort (as the sum of efforts
for CDs included in the model) were recorded each time. Figure 4 presents the results
obtained using MRA, ANN, and XGBoost. The results are shown concluding with the
CD ranked 17th because the inclusion of additional CDs did not contribute to significant
changes in the performance of the model.

As illustrated in Figure 4, the initial error of the MRA model with only one input
CD was about 37% for the owners’ and the general perspective and about 72% for the
contractors’ perspective. Although the initial error was relatively large, with the inclusion of
additional input CDs the error decreased quickly. The model achieved the best performance
with an error of about 25% and a cumulative effort of about 5. This performance was
achieved with three to five input CDs. In the case of all three perspectives, after adding
new CDs and investing extra effort, the prediction error increased.

The accuracy of the ANN model increased with the increase in the number of CDs
and reached a maximum accuracy of about 28% of MAPE with a cumulative effort of 5.02
for three input CDs for the general perspective, a cumulative effort of 3.72 for three input
CDs for the owners’ perspective, and cumulative effort of 4.02 for five input CDs for the
contractors’ perspective. After this point, the accuracy showed an unstable trend. With the
addition of new CDs, the error sometimes increased and sometimes decreased. The reason
for this phenomenon may be that, in this case, ANN was a more sensitive algorithm than
MRA and XGBoost. This means that for each combination of input CDs, hyperparameters
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would need to be examined and set in order to provide a good performance of the ANN
model.

Figure 4. The model results (MAPE and cumulative effort): (a) owners’ perspective; (b) contractors’
perspective; (c) general perspective.

In the case of all three perspectives (contractors’, owners’, and general), the XGBoost
model showed similar results to the other two methods to the effort of 5, but showed
the best results for effort larger than 5. For the general perspective, the XGBoost model
quickly achieved a prediction error below 24% with five CDs and a cumulative effort of
9. According to the owners’ perspective, a MAPE of 27% was achieved with the addition
of the fifth CD and a cumulative effort of 7.6. With additional CDs, the MAPE oscillated
around 30% up to the 12th CD. It was observed that with the addition of the 13th input CD,
the error significantly decreased to about 22% (with a cumulative effort higher than 26.6)
and stayed around 20% with the addition of new CDs. From the contractors’ perspective,
the XGBoost model showed a quick increase in accuracy. With five CDs and a cumulative
effort of only 4, the MAPE was 24.75% and stayed around 22% when adding new CDs. The
model kept yielding similar accuracy with the addition of new CDs but cumulative effort
gradually increased.

In the early stages of project development when only scarce project information is
available, quick and reasonably accurate cost estimates are required for sound decision-
making. When it comes to the requirements of cost estimation in the early project stages,
there are several guidelines and reports available with the suggested ranges of estimation
accuracies depending on the level of the project definition [74–76]. For example, in [76],
it was considered that the planning phase of project development implies 0% to 15% of
completed project definition and a suggested estimate-accuracy range of −40% to +100%.
Similarly, in the same source, it was stated that the scoping phase means that 10% to 30%
of the project definition is completed and estimation accuracy in this early project phase
ranges between −30% and +50%. It is important to point out that the prediction errors
achieved by the three models in this research are consistent with the acceptable range of
errors in the early project phases stated in the literature. With all three methods used for
cost-estimation model development (MRA, ANN, and XGBoost), a satisfactory estimation
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accuracy of 25% to 30% was achieved. Reasonably accurate cost estimates were quickly
achieved with only three to five key CDs.

For all three models (ANN, MRA, and XGBoost), the CDs were added one by one in
order of their rankings given in Table 5. It must be noted that the rankings of CDs were
different for the owners’, contractors’, and general perceptions.

For all three points of view, within the first five CDs were:

• HA.1: The participation of certain terrain type in the total length of the section;
• HA.2: The presence of extreme structures within the route;
• C.4: The existence of contract-price adjustments.

From the general point of view, the following two were within the first five CDs:

• C.2: Contract type;
• HA.8: The participation of tunnels in the total length of the section.

The following two were also within the first five CDs from the owners’ point of view:

• C.3: Procurement method;
• T.1: Number of tunnel tubes.

From the contractors’ point of view, the following two were within the first five CDs:

• HA.8: The participation of tunnels in the total length of the section;
• EC.3: Average gross wages per employee in the construction industry.

In [15], the authors tested the key CD-selection methodology based on survey results
from 31 respondents who were employed by the same owner company (highway agency).
According to [15], satisfactory accuracy was achieved with five key CDs for the ANN
model and nine key CDs for the MRA model. As the methodology was tested only on
pavement-preservation projects, the results are not directly comparable and the key CDs
were different from those obtained in this study. Only the CD describing terrain type was
shown to be among the key CDs in both studies.

6. Conclusions

Cost estimation in the early project stages is accompanied by uncertainties and risks
for both owners and contractors. Additionally, it has to provide satisfactory accuracy while
being cost and time effective, i.e., with low effort required. The aim of the research was to
find the key cost drivers (CDs) that would be used for proposal of cost-estimation models
with minimal effort needed.

A questionnaire survey included a list of 34 CDs clustered into seven categories
(Highway alignment, Bridge, Tunnel, Contract, Economic, Social, and Environmental).
Owners and contractors, as key stakeholders in a project, rated the degree of influence
each of the CDs has on highway-construction costs and the degree of effort that has to be
invested to establish a CD’s value for a certain project. The results show that there were
some disagreements between owners’ and contractors’ perceptions of the CDs.

By gradually adding CDs with the closest distances from the ideal CD (which has
the highest possible value of influence on cost and at the same time the lowest possible
effort), three cost-estimation models were developed using MRA, ANN, and XGBoost
methods. The results indicate that in all three models reasonable accuracy (25–30%) could
be achieved with a relatively low effort for three to five CDs. In addition, increasing the
number of input CDs did not necessarily imply an increase in accuracy. Moreover, it could
cause the opposite; after some point, the inclusion of additional CDs may have led to an
error increase in the models. The XGBoost model showed the best results for an effort
larger than 5 and reached an accuracy of around 20%.

The research in this paper is limited to the collected data set, so further research will
include a wider database in spatial and temporal terms. In addition, the data set was
based on the contracted project values. The next step could be the collection of actual
contract costs instead of contracted values. Probably the most important direction of
further research should consider the proposed approach in a broader context in terms
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of sustainability. Examining the key stakeholders’ perspectives regarding the life-cycle
costs of highway-infrastructure projects could be essential for sustainable decision-making.
Accordingly, the next step would include the consideration of CDs related to other phases
of the project life cycle, in addition to the construction phase.

Finally, the findings of this study could be particularly useful for decision-makers
(owners and potential contractors) in the early stages of project development. They high-
light that only three to five CDs are required to achieve a reasonable estimation accuracy
on which the initial decision can be made. Investing extra effort, especially in design
development, may lead to greater accuracy but requires significant time and money.
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of Urban Roads Using ANN and SVM. Complexity 2017, 2017, 2450370. [CrossRef]

33. Sodikov, J. Road Cost Models for Prefeasibility Studies. J. Infrastruct. Syst. 2009, 15, 278–289. [CrossRef]
34. Zhang, Y.; Minchin, R.E.; Agdas, D. Forecasting Completed Cost of Highway Construction Projects Using LASSO Regularized

Regression. J. Constr. Eng. Manag. 2017, 143, 04017071-1–04017071-12. [CrossRef]
35. Wilmot, C.G.; Cheng, G. Estimating Future Highway Construction Costs. J. Constr. Eng. Manag. 2003, 129, 272–279. [CrossRef]
36. Mahamid, I. Early Cost Estimating for Road Construction Projects Using Multiple Regression Techniques. Aust. J. Constr. Econ.

Build. 2011, 11, 87–101. [CrossRef]
37. Hegazy, T.; Ayed, A. Neural Network Model for Parametric Cost Estimation of Highway Projects. J. Constr. Eng. Manag. 1998,

124, 210–218. [CrossRef]
38. Wilmot, C.G.; Mei, B. Neural Network Modeling of Highway Construction Costs. J. Constr. Eng. Manag. 2005, 131, 765–771.

[CrossRef]
39. Gardner, B.J.; Gransberg, D.D.; Rueda, J.A. Stochastic Conceptual Cost Estimating of Highway Projects to Communicate

Uncertainty Using Bootstrap Sampling. J. Constr. Eng. Manag. 2017, 3, 05016002. [CrossRef]
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52. Kovačević, M.; Ivaniševic, N.; Petronijević, P.; Despotović, V. Construction Cost Estimation of Reinforced and Prestressed Concrete

Bridges Using Machine Learning. Grad̄evinar 2021, 73, 1–13.
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