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Abstract
Maintaining efficiency and quality control during the early phases of construction projects 
depends on accurate duration estimation. However, because there is not enough data 
available in the initial stages of project planning, traditional methodologies suffer. To 
address these challenges, this study presents an innovative approach using artificial 
neural networks (ANNs) through Python. This method offers reliable predictions for 
early-stage duration estimation. ANN models were created and validated with 53 design 
parameters using data from 100 different construction projects in Jordan. Furthermore, 
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the study refined the models to 43 parameters using a questionnaire-driven approach. The average 
duration estimation accuracy of the ANN models was 90% during the initial stage and 95% during the 
planning stage, demonstrating their great accuracy. Its uniqueness comes in its application of ANN 
to early-stage building, an area that has not been extensively studied in the literature to date, and in 
its demonstration that reliable predictions may be generated in the absence of abundant data. This 
study demonstrates ANN’s effectiveness in enhancing early-stage construction planning by providing 
stakeholders with a more accurate duration estimation tool than traditional methods. The findings 
contribute significantly to improving decision-making and project planning in the early phases.

Keywords
Duration; Artificial Neural Networks; Design; Planning; Jordan

Introduction
Time, cost, and quality are critical factors in determining construction project success. Duration estimation 
remains challenging for contractors and researchers, with project cost often correlating positively with 
duration (Velumani, et al., 2021).

Accurately estimating duration and cost during the planning stages remains a challenge. Traditional 
techniques, such as the critical path method, often fail to manage the complexity of modern projects, 
leading to frequent underestimations. The current techniques of estimating durations represent a risk to the 
contractor, as there is a high possibility that the owner’s estimate of the project’s duration will be inaccurate, 
making the contractor susceptible to liquidated damages. Unexpected delays may lead to litigation and 
reduced construction quality. Conversely, overestimating durations can cause financial losses for clients 
(Galli, 2020).

Despite these challenges, research on advanced data-driven methods like artificial neural network (ANN) 
for early-stage duration predictions is limited. This study addresses this gap by demonstrating ANN’s 
potential for providing reliable estimates with minimal data. By addressing risks of underestimation and 
overestimation, ANN provides stakeholders with more reliable predictions.

Sanni-Anibire, et al. (2021) claimed that the complexity of structures is increasing in the 21st century. 
According to experts, one of the most pervasive issues in the construction sector is the significant variance 
between the estimated and actual duration of construction projects (Sanni-Anibire, et al., 2020). According 
to Mensah, et al. (2016), a reliable schedule executed from the initial stages reduces project delays and, 
consequently, cost overruns. The duration of construction projects is regarded as one of the most crucial 
factors for the success of a project. Late completion raises costs and results in lost potential revenue for 
clients.

This research addresses these challenges by developing and validating ANN models to estimate project 
duration using actual data from various construction projects. Recent research has demonstrated that ANNs 
often surpass traditional regression models in predicting project durations in construction (Balali, et al., 
2020; Titirla and Aretoulis, 2020; Fan, et al., 2021; Ujong, et al., 2022; AlTalhoni, et al., 2025). ANNs 
are preferred for their capability to handle complex, non-linear relationships and provide quick, precise 
predictions (Helvaci, 2008; Weckman, et al., 2010; Mensah, et al., 2016; Nani, et al., 2017; Ghritlahre and 
Prasad, 2018). This study aims to enhance initial schedule estimates in construction projects, particularly in 
scenarios with incomplete information, thereby aiding stakeholders in achieving greater accuracy in project 
planning and improving duration prediction accuracy.

The ANN technique has been preferred over other methods of artificial intelligence (AI) because of 
its ability to manage complex and non-linear functions and its higher accuracy (Weckman, et al., 2010; 
Kulkarni, et al., 2017).
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The idea of developing ANN models for early-stage prediction is repeated several times. It can be stated 
once and referenced later instead of repeating it in similar forms. Furthermore, it assists stakeholders in 
obtaining the highest possible accuracy of project scheduling, especially when insufficient information is 
available about the project during these stages.

The main objectives of this research were to provide a quantifiable tool to identify and evaluate the 
perceived influence of the most important factors affecting the estimation of the project schedule in the 
initial stages (planning and the initial design stages), as well as the factors specified by literature and 
experts’ opinion, and at the same time determine what factors have the greatest influence on the accuracy 
of construction duration estimation. Moreover, the ANN models with the most effective input variables 
were used and developed to achieve high accuracy in early-stage duration estimation. After that, an ANN 
analysis of the predictability of an adequate duration for various buildings in Jordan was performed by 
implementing, training, and testing the models. The performance of ANN models in predicting project 
duration was evaluated, providing insights for project managers and researchers into optimizing scheduling 
practices for new construction projects.

This research focuses on construction projects and includes duration estimations in the planning and 
initial design stages. ANNs have proven their effectiveness where the accuracy was high during both initial 
stages when data are limited or unavailable, despite utilizing a high number of factors as well as a high 
number of different projects during each stage. The data collected were from construction projects during 
2014 and 2021 in Jordan. The study inherently accounted for COVID-19 impacts through its dataset, as 
ANNs adjust to disruptions, including pandemic-related delays, therefore reflected in the training data. 
They can also be retrained for future disruptions, ensuring flexibility. Relevant literature, such as the study of 
Ujong, et al. (2022), supports the use of ANNs in predicting project durations under varying conditions. The 
adopted parameters are limited to the design factors related to project characteristics and leave out variables 
related to the estimation process, such as the team’s estimation experience and skills in the field, variables 
affecting labor productivity, and the availability of storage and equipment.

Literature review
According to Ujong, et al. (2022), the need for a precise estimation of construction cost and duration from 
the outset is evident. This is due to environmental and logistical factors, non-linear dependencies, and 
general patterns in construction projects.

Mubarak (2019) defined scheduling as the determination of the timing and sequence of operations in a 
project and their assembly to provide a total completion time. Scheduling and estimating are inextricably 
linked, and their relationship is likely to be one of the most crucial aspects of project management.

This research provides an overview of schedule estimation in construction projects, a clarification of the 
significant factors that affect schedule delays in construction projects, ANNs, and empirical studies related 
to ANNs’ adoption in estimating the schedule of construction projects.

WHY IS SCHEDULE ESTIMATION IMPORTANT?

According to Larson and Gray (2013), estimating is “balancing stakeholders’ expectations and the 
requirements for control while the project is being implemented”. Furthermore, they specified the following 
vital factors in project time estimation:

	 •	� To assist in making good decisions.
	 •	� To determine cash flow requirements.
	 •	� To ascertain precisely how effectively the project is accelerating.
	 •	� To construct time-phased budgets and specify the project baseline.
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The significance of the accurate estimation of construction duration from the contractors’ viewpoint and 
the underestimation of construction durations entails reorganizing and reallocating resources that were 
not intended in the beginning. However, overestimating construction duration may be as hazardous as 
underestimating construction duration (Helvaci, 2008).

KEY DESIGN FACTORS AFFECTING BUILDING DURATION ACCURACY

Numerous parameters influence construction project costs and duration; the most influential parameters 
were chosen after reviewing numerous studies ( Juszczyk, 2015; Matel, et al., 2019; Al-Tawal., 2020; Sanni-
Anibire, et al., 2020; Juan and Liou, 2021; Rauzana and Dharma, 2022; Ujong, et al., 2022). The relationship 
between construction project cost and duration is critical for project management and control. According 
to Olawale and Sun (2014), the reasons for cost increases are usually also the reasons for time extensions. 
Furthermore, their study was of cost and time control together in the argument that these two concepts are 
difficult to separate.

This study emphasizes early-stage duration predictions rather than cost estimation due to a lack of 
studies on duration in Jordanian construction projects from 2014 to 2021. Relevant information, including 
costs, was provided by responsible agents. Duration reflects project complexity and resource requirements, 
making it an essential variable. It serves as the target for the ANN model, enabling accurate forecasts 
of project timelines. This approach allows for effective predictions even when cost data are limited or 
unavailable.

PROPERTIES OF THE ARTIFICIAL NEURAL NETWORK

Conventional methods rely on algorithmic instructions, while neural networks approach problems through 
pattern recognition and learning (Aneja, 2011). As a result, the computer’s capacity to solve a problem is 
constrained by the programmers’ comprehension of the issue at hand and their problem-solving skills. The 
inability of algorithmic approaches to resolve issues is that the programmer only has a hazy understanding 
of these issues (Al-Tawal, 2020).

In contrast, neural networks, composed of small processing units called neurons, function similarly to the 
human brain by learning rather than relying solely on programming. They adapt their approach to problem-
solving based on acquired knowledge (Aneja, 2011).

Wang and Elhag (2007) affirmed that ANNs can learn and approximate various relationships, including 
both linear and non-linear ones. Their capability to model data with multiple inputs and outputs is a 
significant advantage. Current literature has highlighted that ANNs serve as effective soft computing tools, 
simulating the human mind’s reasoning and pattern recognition abilities (Kaur, 2016; Kulkarni, et al., 2017; 
Pezeshki and Mazinani, 2019). ANNs learn from the relationships between inputs and outputs in training 
data, enabling them to generalize results and address non-linear problems that require contextual judgment 
and expertise.

According to Mijwel (2018), the following characteristics distinguish neural network systems from 
conventional computing and artificial intelligence:

	 1.	� Fault tolerance refers to the network’s ability to make a correct decision in the case of incomplete 
input data because the network correlates the existing components with its memory without the 
need for the missing components.

	 2.	� Pattern recognition.
	 3.	� A multiple-layer neural network’s generalization and classification abilities are its most important 

characteristics.
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	 4.	� The ability of ANN adaptability is in response to new inputs not encountered earlier. The processing 
elements (neurons) adjust their weights individually and then in groups, naturally in accordance with 
the learning scheme.

EMPIRICAL STUDIES RELATED TO ANNS’ ADOPTION IN ESTIMATING THE DURATION OF 
CONSTRUCTION PROJECTS

The application of ANNs in construction has been estimated to date back to the early 1980s, covering 
various construction-related challenges. A review of contemporary studies demonstrates the relevance of 
ANNs in enhancing estimation accuracy. Table 1 illustrates several studies that are pertinent to this research, 
which utilized ANNs in construction duration estimation.

RESEARCH GAP

Neural networks have not been used to estimate the duration of construction projects in Jordan. 
Furthermore, the estimation of duration is a crucial issue, especially during the initial stages of the design of 
a construction project and when information is limited. In Jordan, the methods of estimation are poor and 
traditional due to a lack of historical data and high competitiveness between the companies. It is important 
to develop an ANN model to estimate the duration, which is why this research is significant. ANNs are 
being applied during various design stages in a project’s life cycle at the regional level. For these reasons, 
this research focuses on applying ANNs to actual samples of building construction projects in Jordan that 
have been built over the past 8 years, using different parameters as inputs at each stage to evolve duration 
estimation models in the planning and initial design stages. Moreover, building on the challenges identified 
in the introduction, this research aimed to develop different ANN models for use in the initial stages of 
construction projects, planning, and preliminary design stages to estimate the duration required to perform a 
project without delays.

Research methodology
There are two approaches to data analysis: quantitative and qualitative. The objective of the quantitative 
approach is to gather factual data, investigate the relationships between those facts, and determine whether 
those facts and relationships are consistent with theories and previous research findings (El-Sawalhi and 
Shehatto, 2013). In order to perform statistical analysis, quantitative research requires the reduction of 
phenomena to numerical values. The qualitative approach identified factors influencing project duration 
through literature reviews. The quantitative approach, in contrast, gathered data on the main factors 
affecting project durations that have been built in Jordan by building a questionnaire. The identification 
of the factors that influence the duration of construction projects is one of the most significant steps in 
developing a neural network (NN) model. Through a literature review, a thorough list of factors relevant 
to Jordanian construction was created. Key parameters were first determined through literature reviews. 
After that, a first questionnaire was built based on the literature and a pilot study to identify the factors 
influencing the duration of construction projects in Jordan. A second questionnaire was constructed to 
demonstrate the importance of each factor during the initial design and planning stages.

This research developed ANN models for early-stage duration estimation as an alternative to traditional 
methods. Figure 1 outlines the methodology.

THE PILOT STUDY

A pilot study was conducted prior to sampling the questionnaire (Al-Tawal, 2020). Ten copies of the 
questionnaire in total were given and reviewed. The 10 successful surveys were added to the data sample 
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Table 1.	 Empirical studies related to ANN (Authors’ Own)

Country Objectives Findings Authors

United 
States

Compared alternative methods 
in the initial stages of projects 

to forecast the conceptual 
duration of construction projects. 

Regression analysis and ANN 
were used to formulate five 

models to estimate the duration 
of 17 construction projects in the 

United States.

1.	 The results for the regression 
and neural network models 
proved that there were no 
significant variations in the 
prediction accuracy.

2.	 The mean absolute percentage 
error (MAPE) of the conceptual 
estimate of the construction 
duration in this study reached 
13%–15%.

Helvaci 
(2008)

Bosnia and 
Herzegovina

A linear regression using a 
“time cost” model was used 
to estimate the construction 

time, and valuable information 
about the 75 buildings built in 
the Federation of Bosnia and 

Herzegovina was gathered 
through field research.

1.	 The value of MAPE was 
calculated (10.35).

2.	 The value of MAPE was then 
determined by applying a 
multilayer perceptron neural 
network (MLP-NN) predictive 
model to the same data (2.50).

3.	 The MLP-NN model showed 
a significant increase in 
prediction accuracy.

Petruseva, 
et al. 
(2012)

Ghana Studied a tool for estimating 
the duration of bridge-building 

projects. One hundred sets 
of questions were distributed 
and the historical records for 

30 completed bridge projects. The 
stepwise regression approach 

and ANN strategy were utilized to 
examine and evaluate the data.

1.	 Both regression and ANN 
models are suitable for 
forecasting the duration of 
a new bridge development 
project.

2.	 During the validation stage, the 
development of a regression 
model and an ANN model 
utilizing a feed-forward 
backpropagation algorithm 
resulted in MAPE values of 25% 
and 26%, respectively.

Nani, et al. 
(2017)

Nigeria Investigated the cost and duration 
of construction projects. A 

database was created using six 
input variables. The Levenberg–

Marquardt training algorithm and 
MSE performance criteria were 

used in the development of smart 
intelligent modeling in MATLAB 
to achieve an optimized network 

architecture.

1.	 An average coefficient of 
determination (R2) of 0.99995, 
which is better than the 
multiple linear regression 
(MLR) result of 0.6986.

2.	 The computed results showed 
a good correlation between 
the ANN model and the actual 
results.

3.	 The value of MAE was 0.2952, 
which denotes a robust model.

Ujong, 
et al. 
(2022)

Note. ANN, artificial neural network; MLP, multilayer perceptron; NN, neural network.
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since the analysis from the pilot study demonstrated the validity of the questionnaire’s internal consistency 
and structure, as well as the reliability of the data gathered.

DISTRIBUTING THE QUESTIONNAIRE

To maintain the research’s objectives, the population to which the questionnaire was distributed was 
defined. Because the population was small and information was acquired from each member, researchers 
included the complete population in census studies (Al-Tawal, 2020). The questionnaire for this research 
was completed in August 2022. Schedule engineers from various Jordanian construction institutions were 
included in the research population. Due to the small number of people who possessed the desired attribute, 
judgmental sampling was chosen. Using the technique of judgmental sampling, the researcher relied on the 
population’s expert opinion. Therefore, the sample size was carefully chosen to ensure validity and adequate 
reliability. Estimating a proportion for a small, finite population, the following equation was used to 
calculate the sample size for the population:

=
−+ 11

mn m
N

where N is the total population, n is the sample size necessary to estimate population sample proportion 
p of a small finite population, and m is the sample size necessary to estimate the proportion for a large 
population, which can be calculated using the following formula:

Figure 1.	 Methodology steps performed (Authors’ Own)
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where Za/ 2 is the Z-value (1.96 for a 95% confidence level), e 2 is the margin of error (4%), and p = 0.5 is the 
population proportion in the worst-case scenario.

Assuming 2% of engineers work or participate in schedule estimation processes, statistical analysis 
was done to estimate the number of planning engineers in Jordan and calculate population N. According 
to reports from the Jordan Engineers Association ( JEA Annual Report, 2021) and Jordan Construction 
Contractors Association ( JCCA Annual Report, 2021) and assuming an average of 50 engineers per 
company, first-grade and second-grade building construction companies in Amman were selected 
to estimate the total number of engineers working as consultants and contractors or with owners. 
Table 2 presents the total number of construction engineering companies and lists the approximate number 
of engineers in each institution, assuming that there are 50 engineers on average per company.

Table 2.	� Total number of construction engineering companies’ total number of schedulers/
planners among engineers (Authors’ Own)

Total number of construction 
engineering companies

Total number of planning engineers

Degree 1st 2nd Total Institution Total number 
of engineers

Total number of 
planning engineers

Contractors 44 12 56 Contractors 2,800 56

Consultants 58 105 163 Consultants 8,150 163

Clients (assumed) 40 30 70 Clients 3,500 70

Total 142 147 289 Total 14,450 289

Thus, N = 56 + 163 + 70 = 289 planning engineers.
The sample size for the population can be calculated as follows:

m = (1.96)2 × (0.5 × 0.5) ÷ (0.04)2 = 600.25 and

= =
−+

600.25 195600.25 11
289

n   (planning engineers from owners, consultants, and contractors).

The attainable sample was less than the requisite sample size, so the entire population was used. A total 
of 230 copies of the questionnaire were distributed, and 203 copies were completed and returned by the 
respondents for quantitative analysis.

HYPOTHESIS TESTING

The hypothesis for the analysis was formulated in two parts: the null hypothesis H0 represents the expected 
outcome, while H1 represents the alternative hypothesis. Thus, the research hypothesis tested at n ≥ 30 is as 
follows:

H0 : μ ≥ μ0

H1 : μ < μ0
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where n is the sample size, μ0 = 3, where 3 represents a moderate effect on duration estimation on the Likert 
scale (median), and μ1 refers to the factor being tested.

If μ ≥ 3, then accept H0, which means that the tested factor has a significant effect on project duration. 
Other outcomes reject H0, indicating that the tested factor has an insignificant effect on project duration.

QUESTIONNAIRE ANALYSIS AND RESULTS

The research employed a web-based questionnaire that aligned with a quantitative approach, which was 
divided into two sections to meet the study’s objectives. The first section gathered general information 
about the respondents, while the second section focused on design factors with the highest influence 
on the accuracy of construction duration estimation of buildings in Jordan. The questionnaire included 
multiple-choice questions, which were simple and quick to answer, did not require writing, and were 
easy to analyze. Additionally, a logical filter question was used to exclude engineers with no experience in 
duration estimation. The second section, which produced the majority of the results, asked respondents to 
rate 53 previously identified factors using a 5-point Likert scale. The Likert scale provided a structured, 
quantifiable way to assess the perceived influence of each factor on duration estimation. Scale number 
1 indicates an exceptionally low effect on duration estimation, number 2 shows a low effect on duration 
estimation, number 3 indicates a moderate effect on duration, number 4 shows a high effect on duration, 
and number 5 illustrates a severe effect on duration.

Study population characteristics

	 •	� Participation in estimating the duration of construction projects in Jordan.

		�  The majority of respondents (71.4%) had worked entirely in Jordan in estimating project durations; 
28.6% had partially participated in estimating project durations.

	 •	� Type of organization

		�  The majority of respondents (28.6%) were working in engineering consulting firms, followed by 24.8% 
working in contracting firms, 21.1% in management firms, and 13.5% in firms that focus on schedule 
consulting, and the remaining 12% collaborated with owners and client institutions.

	 •	� Job title/position

		�  Twenty-five respondents described themselves as project managers (18.8%), 20 as site engineers 
(15%), 36 as quantity surveyors (27.1%), 21 as project engineers (15.8%), 10 as planning engineers 
(7.5%), two as stakeholders (1.5%), 15 as schedulers (11.3%), and four as contract administrators (3%).

	 •	� Years of experience in the construction industry

		�  Most respondents (72.2%) had more than 7 years of construction industry experience. The targeted 
respondents comprised 30.1% with more than 10 years of working experience, 42.1% with 7 to 
10 years of experience, 16.5% with 3 to 6 years of experience, and 11.3% with less than 2 years of 
experience in the construction industry.

	 •	� Number of construction projects that respondents worked on

		�  The largest group of respondents (38.3%) worked on 20 to 30 projects, 21.1% worked on more than 
30 projects, 16.5% worked on 10 to 20 projects, and 24.1% worked on fewer than 10 projects.

	 •	� Respondents’ demographic information

		�  To gather data on projects built in Jordan over the previous 8 years, respondents were given the 
option of providing additional demographic information about themselves. The reliability of 
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the questionnaire answers was influenced by the respondents’ understanding of consulting and 
construction work.

Factors affecting the duration of construction projects

Finding the parameters or factors that influence how long construction projects take to complete is one 
of the most important steps in building a neural network model. Based on literature reviews, the factors 
pertinent to Jordanian construction were carefully identified and chosen. Key parameters were initially 
determined through literature studies; subsequently, a questionnaire was developed in accordance with 
the building and expert opinions. Table 3 shows the influence of each factor on building duration. While 
specific details may not be finalized during the initial stages, expert judgment and assumptions were made 
based on preliminary design data, historical information, or standard practices. These factors were included 
as variables in the ANN model to account for their potential impact on project duration, even if some 
details were estimated at the initial stages.

Moreover, the ANN model’s adaptability means that these assumptions can be adjusted as more detailed 
information becomes available. Including such variables from the outset improves the model’s accuracy by 
considering their influence, helping to refine predictions as the design progresses.

Table 3.	 Influence of each factor on building duration (Authors’ Own)

No. Description Rating average 
for initial 

design stage

Rating 
average for 

planning stage

1 Type of contract 4.13 4.13

2 Project cost 3.80 3.80

3 Built-up area 3.68 3.68

4 Site conditions new or existing construction 3.64 3.64

5 Location of the building 3.53 3.53

6 Type of aluminum work 3.47 3.47

7 Special construction in elevations 3.47 3.47

8 Percentage of wood and plastic work 3.47 3.47

9 Waterproofing system used 3.47 3.47

10 Type of furnishings and equipment 3.45 3.45

11 Area of internal wall finish 3.45 3.45

12 Use of the building 3.45 3.45

13 Number of doors 3.44 3.44

14 Number of rooms 3.44 3.44

15 Percentage of conveying equipment 3.44 3.44

16 Cable work 3.43 3.43

17 Type of metalwork 3.42 3.42

18 Tons of steel used 3.42 3.42
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No. Description Rating average 
for initial 

design stage

Rating 
average for 

planning stage

19 Percentage of doors work from total building 
duration

3.41 3.41

20 Area of false ceiling 3.40 3.40

21 Type of partitions 3.39 3.39

22 Specialties used 3.38 3.38

23 Type of water and sanitary work 3.38 3.38

24 Type of communication and security systems 3.38 3.38

25 Area of openings curtain walls 3.36 3.36

26 Percentage of alarm work and firefighting 3.35 3.35

27 Percentage of thermal and moisture protection 3.32 3.32

28 Existence of special electrical systems 3.32 3.32

29 Quantity of water and sanitary works 3.32 3.32

30 Area of stonework (internal floors only) 3.31 3.31

31 Type of carpentry work 3.29 3.29

32 Existence of special electrical systems 3.29 3.29

33 Quantity of electrical works 3.29 3.28

34 Type of internal cladding 3.27 3.26

35 Type of ceiling finish 3.27 3.22

36 Foundation type 3.27 3.21

37 Building height 3.26 3.13

38 Area of typical floors 3.25 3.10

39 Number of floors above the ground level 3.25 3.05

40 Earthworks and special systems 3.25 3.04

41 Type of slab 3.23 3.04

42 Type of heating, ventilation, and air conditioning 
(HVAC)

3.23 3.02

43 Type of external finish 3.22 3.02

44 Type of floor finish 3.22 2.97

45 Number of basements 3.20 2.95

46 Number of underground parking 3.20 2.92

47 Number of staircases in the building 3.10 2.91

Table 3.  continued

Al-Attar et al.

Construction Economics and Building,  Vol. 25, No. 2  July 2025178



No. Description Rating average 
for initial 

design stage

Rating 
average for 

planning stage

48 Type of basement walls 3.02 2.91

49 Length of spans between columns 3.02 2.89

50 Exterior improvements and utilities used 3.03 2.81

51 Number of elevators 3.01 2.81

52 Slab-on-grade (SOG) type 3.01 2.75

53 HVAC volume 3.01 2.74

DATA PROCESSING

The Statistical Package for the Social Sciences (SPSS) version 23 was used for quantitative analysis 
following the data collection process. Descriptive statistics, such as central tendency (the mean), standard 
deviation, and normal distribution, were used for data analysis in this research to meet the goals of the 
questionnaire. The independent samples t-test was used to determine whether there was a significant 
difference between the means of the two factors.

Dividing the dataset into five ANN models grouped projects by duration, reducing variability and 
enhancing performance by focusing on homogeneous data ranges. Despite fewer samples per ANN, this 
segmentation significantly boosts prediction reliability for each specific duration range, following established 
practices, such as those in Ujong, et al. (2022). To mitigate concerns about data limitations and replicability, 
standardized preprocessing and segmentation criteria were implemented. The dataset was divided into five 
duration-based groups to enhance the model accuracy by reducing variability within subsets. The division of 
the dataset into duration-based groups enhanced the model accuracy by reducing variability within subsets; 
by optimizing predictive accuracy for various project durations, the segmentation approach, combined with 
consistent methodologies and thorough documentation, guarantees that future researchers can replicate or 
tailor this framework to their datasets, irrespective of size or regional context.

Normality

Large enough sample sizes (>30 or 40) should prevent key issues arising from the violation of the normality 
assumption. The central limit theorem states that if the sample data tend to be normal, then the sampling 
distribution will also be normal. In large samples (>30 or 40), the sampling distribution tends to be normal 
regardless of the data’s shape (Ghasemi and Zahediasl, 2012). A normality analysis was conducted by 
examining the distribution’s skewness and kurtosis to verify the assumption. Skewness and kurtosis tests 
may be reasonably accurate in both small and large samples, according to Wulandari, et al. (2021). George 
and Mallery (2003) claimed that to demonstrate a normal distribution, values between −2 and +2 for 
skewness and kurtosis are acceptable.

Independent samples t-test

The independent samples t-test is frequently used when comparing differences between groups, and the 
compared groups may not even be related to each other (Kim, 2019). It is used under one circumstance: 
when the items in each group are fairly representative of the population, an independent samples t-test can 
be used to examine differences between groups according to the data gathered with the value of t = 3, and 
the significance level is α = 0.05.

Table 3.  continued
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Data analysis
There are several factors that affect the duration of construction projects during the planning and initial 
design stages. The first parameters adopted to build the ANN model at the initial design stage are shown 
in Table 3; the first model was built using all 53 factors collected from previous literature. Although not 
all factors, such as contract type or special construction details, are fully known at the initial stages, their 
inclusion accounts for potential impacts on project duration. Expert judgment and assumptions fill gaps 
where specific data are unavailable, enhancing the ANN model’s accuracy by considering all influences.

The reliance on expert judgment for initial estimates through a structured framework with predefined 
criteria like thresholds from historical data, weighted scoring systems, and guidelines for assessing duration 
ranges was standardized. This reduces variability in expert opinions, grounding decisions in consistent, data-
driven methodologies. Pilot testing with multiple experts showed a prominent level of consensus, validating 
the framework’s replicability.

At the initial design stage of these projects, all specified factors influenced construction duration, as 
confirmed by engineers, experts, and the hypothesis test results that determined the degree of influence 
of each factor during each stage. The goal of this section was to reduce the 53 design factors to the most 
effective ones for the planning stage, resulting in 43 influential factors used in the second ANN model. 
These 43 factors were determined through a combination of hypothesis testing, expert judgment, and 
questionnaire results, which allowed the refinement of the model for more accurate duration predictions 
during the planning stage.

ACTUAL DATA COLLECTION AND VALIDATION

The process of gathering data about actual projects built in Jordan over the previous 8 years was challenging 
because construction companies consider such information to be proprietary to each company and find it 
challenging to share such information with rival firms.

The study made concerted efforts to gather sufficient data from 100 completed projects, ensuring high-
quality data through the application of rigorous selection criteria to develop a robust NN model. These data 
were gathered using a methodology based on direct contacts with construction companies, organizations, 
and government agencies throughout Jordan.

Creating a realistic duration model with the best results relies on a well-prepared dataset. A data sheet 
was prepared, and the 53 factors collected from literature reviews required to build the dataset accurately 
were identified. Factors were divided into two categories: numerical and descriptive. The most critical thing 
to build any predictive model is data validation to find unusual or invalid cases, inaccurate variables, and 
inaccurate data. Basic assumptions and criteria were adopted to overcome defects in the data collected:

	 1.	 Projects must be completely finished and built (El-Sawalhi and Shehatto, 2013).
	 2.	� All inaccurate, missing, or incomplete information must be eliminated. Two projects with the same 

values in their duplicate data must be removed.

While this study used data from 100 construction projects, which may be considered small for developing 
robust ANN models, the data underwent a rigorous selection process to ensure their quality and reliability. 
To ensure a robust and comprehensive dataset for developing the ANN and to gather a diverse range of data 
from various construction projects, which are crucial for building accurate and dependable cost estimation 
models, the initial dataset included 110 projects. However, after filtering out incomplete, misleading, or 
duplicating data, 10 projects were eliminated. This rigorous selection process helped ensure the quality and 
reliability of the data used in the study. Additionally, the selected 100 projects represented a diverse set 
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of project types, sizes, and complexities within the Jordanian construction sector, making the data highly 
representative despite the smaller sample size.

Moreover, prior studies have demonstrated that ANN models can still perform effectively with small- 
to medium-sized datasets when the data quality is high (Ghritlahre and Prasad 2018; Bilski, et al., 2020). 
Thus, while a larger dataset could further improve the model’s generalizability, this study provides a valuable 
foundation, laying the groundwork for future research with more extensive data.

The selection of 6-month time frames is a deliberate methodological approach designed to enhance the 
model accuracy by aggregating projects with comparable durations. While it may appear that advanced 
knowledge of project lengths is necessary, this grouping is informed by historical data and expert insights, 
facilitating the identification of the most appropriate model for upcoming projects. For projects with 
durations close to two-time bands, like 6–7 months or 13–14 months, the use of a dual-stage process was 
chosen. Initially, these projects were classified by comparing them to the median duration of each group 
using statistical thresholds from historical data. Then, these classifications were validated by comparing 
outputs from neighboring ANN models to see if they matched actual project durations. If there were 
differences, a re-evaluation of the project parameters was performed in order to ensure accurate classification 
without affecting the model’s predictive performance. Projects on the cusp of two duration ranges were 
tested against both adjacent ANN models. The outputs were cross-validated to ensure consistency, with 
results typically aligning within an acceptable margin of error (i.e., <±5%). This dual-model approach 
ensures that predictions remain robust and comparable, regardless of initial classification.

The first group of projects included those with a duration of less than 6 months and comprised 
17 projects. The second group included projects with a duration of 7 to 13 months (36 projects). The third 
group included projects with a duration of 14 to 20 months (19 projects). The fourth group included 
projects with a duration of 21 to 30 months (22 projects). The fifth group included six projects with a 
duration of more than 30 months. This project division produced 10 models, which were then compared to 
build conclusions and recommendations.

In the application of these models to new projects, the selection of the most appropriate model is based 
on the estimated duration range of the project. This decision draws on historical data and expert insights, 
ensuring that the best-suited model is utilized for accurate predictions. By creating and implementing 
multiple models, our goal was to improve the accuracy of duration estimates for construction projects, 
effectively addressing the variability in project durations in a way that a single, consolidated model would 
not achieve.

DEVELOPING AND BUILDING THE MODEL

It took a lot of trial and error to find and confirm the best model architecture. Python was chosen to 
create the ANN models due to its accessibility to excellent AI and machine learning (ML) libraries and 
frameworks, flexibility, platform independence, and wide community.

To make the selection of the appropriate ANN model consistent and replicable, a structured framework 
was created. This included setting predefined thresholds, using historical data benchmarks, and applying 
weighted scoring criteria to guide our decisions. Historical duration data and expert consensus, including 
project size, complexity, and contract type, guided the predefined thresholds. Key determinants for duration 
estimation were identified through analysis, although additional factors were initially considered to address 
variability and uncertainty in early-stage data. Testing the model’s simplification by removing less influential 
factors led to reduced prediction accuracy, particularly for atypical projects. By having clear guidelines, the 
differences that can arise from varying expert opinions were minimized. Also, this framework with multiple 
experts was tested, ensuring that they agreed on the classification outcomes, which confirmed that our 
approach could be replicated across different professional inputs.

Al-Attar et al.

Construction Economics and Building,  Vol. 25, No. 2  July 2025181



Using the appropriate library for ANNs, Python divided the input data into training, validation, and 
testing sets. The weights attached to the neural network were modified using the training group. The testing 
group was used to measure the network’s capacity for generalization and to assess network performance, 
and training was halted when the examination group’s error rose or when generalization stopped improving. 
However, the test set was not used in the training process and had no bearing on it (Arafa and Alqedra, 
2011; Roxas, et al., 2014; Al-saadi, et al., 2017). Once the neuronal network training was successfully 
finished, the performance of the model was evaluated using the validation group. As a result, the step of 
grouping the data into the three categories mentioned above is significant in neural network modeling (Al-
saadi, et al., 2017). Table 4 shows the number of projects for each group and dataset. 

When projects were initially placed in one duration bracket but later found to fit better in another due 
to updated design information, a re-evaluation to reassign them was necessary. However, the ANN models 
were built to be flexible, allowing experts to recalibrate based on new data. After reassignment, a test of the 
project with the new ANN model was performed to ensure accuracy. This adaptability ensures that the best-
fitting model is always used, even as project details change during the design and planning phases.

Table 4.	 Number of projects of each group and datasets (Authors’ Own)

Project group Number of 
projects

Datasets

Training  
percentage

Validation 
percentage

Testing  
percentage

1 Less than or equal to 
6 months

17 13 projects 80% 2 10% 2 10%

2 7 to 13 months 36 28 projects 4 4

3 14 to 20 months 19 15 projects 2 2

4 21 to 30 months 22 18 projects 2 2

5 More than 30 months 6 4 projects 1 1

This was repeated for the two stages, changing the number of input variables (53 and 43 factors) with 
each stage.

Table 4 demonstrates the development and validation of the ANN model across different project 
durations, including those less than 6 months. Using known durations for testing allowed us to assess the 
model’s accuracy and generalization of unseen cases. Separating data into training, testing, and validation 
sets ensured robust predictive performance for future projects with unknown timelines. This approach 
enhanced the model’s reliability in estimating durations. The fifth group, which included projects lasting 
over 30 months, was the smallest due to these projects’ rarity in the dataset. To manage this limitation, 
oversampling techniques, cross-validation, and synthetic data generation based on historical trends and 
expert insights were used. These measures ensure that the ANN model for this group remains robust.

After the data were prepared, the ANN was constructed by selecting appropriate libraries, defining 
the network architecture, and choosing suitable learning algorithms. The network architecture included 
decisions on the number of hidden layers, the type of transfer functions, and the learning rate. The 
Levenberg–Marquardt algorithm was chosen due to its effectiveness in training small- to medium-sized 
datasets, combining the efficiency of the Gauss–Newton method with the robustness of gradient descent 
(Caliskan and Sevim, 2019). This algorithm is particularly suited for regression tasks, where high precision 
is required. To optimize performance, the rectified linear unit (ReLU) activation function was used, which 
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accelerates the learning process and prevents vanishing gradient issues. A learning rate of 0.01 was applied, 
as it balances convergence speed with stability. ReLU has become a popular choice in deep learning for its 
simplicity and effectiveness in producing state-of-the-art results (Ramachandran, et al., 2017).

The test data included projects covering the full range of each band, including those near the 
boundaries. This approach ensures that the models are robust in handling real-world cases and validate 
their performance for both central and borderline projects. Testing of cusp projects confirmed the models’ 
adaptability and predictive consistency across ranges. Projects situated near the duration range boundaries 
underwent testing against neighboring ANN models for cross-validation. To avoid data duplication, each 
project was included in only one model’s training or testing set. This dual-model validation approach 
ensured the accurate classification of edge projects without inflating the dataset size artificially.

MODEL TRAINING AND RESULTS

The main goal of training the neural network is to compare the validation sets of each training set to find 
the network that performs the best for unseen data. The main steps taken to train each of the 10 developed 
models are shown in Figure 2. Detailed guidelines, including Python scripts and open-source frameworks, 
are provided to ensure the replicability of these models.

Figure 2.	 Model training for each of the 10 developed models (Authors’ Own)

Detailed stages in programming were taken to choose the adequate NN. First, the Python library was 
used to enter the inputs and targeted data of each model. The inputs are the factor variables of each project, 
whereas targeted data represent the actual project duration. Then, the TensorFlow library was used, and the 
NN tool was selected by typing “pip install TensorFlow” in the Windows command. After that, the scikit 
learn library was used by typing “pip install scikit-learn” in the Windows command. Then, the data were split 
into training, validation, and testing sets on the “train_test_split” command code. This research allocated 
80% of the data for training, 10% for validation, and 10% for testing. Additionally, a “fully connected” 
INPUT layer was added to the Sequential ANN by calling the Dense class to change the number of 
neurons when the network did not perform well after training.

Moreover, the network was trained using the Levenberg–Marquardt training algorithm because it 
typically consumes more memory but less time. Training automatically stopped when generalization 
stopped improving, as indicated by an increase in the Mean squared error (MSE) of the validation samples. 
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After each training, the results of regression plots were shown for all datasets for each model in two stages. 
In each run, new weights were applied in the first epoch and then adjusted to minimize the percentage 
error in other epochs. After achieving the best validation performance on the input–output fit, along with 
the minimal error, the network was adopted, and its outputs and errors were saved. Finally, each adopted 
network, with its errors and outputs, represented a prediction model.

The testing stage of ANN models is where the effectiveness of the created model is evaluated. The 
ideal model for every stage was selected via trial and error (i.e., the model that provided the most accurate 
duration estimate).

The initial design stage network includes one input layer with 53 input neurons, two hidden layers with 
1,250 hidden neurons, and one output layer with one output neuron (representing total duration), as shown 
in Figure 3a. The planning stage network includes the same number of layers with 43 input neurons, as 
shown in Figure 3b.

Figure 3.	� ANN structure for (a) the initial stage and (b) the planning Stage, and linear regression 
at the initial and planning stages for all models. ANN, artificial neural network (Authors’ 
Own)

Also, Table 5 shows the summary of layers and neurons for two stages and summarizes the average errors 
and correlation coefficients at various stages for each group of projects in the testing stage for the adopted 
networks. The mean absolute percentage error (MAPE) values were 10% and 5% for the initial design and 
planning stages, respectively.

Regression analysis was applied to determine the relationship between the estimated and actual 
durations. In Figure 4, the results of linear regression for the two stages (the initial design and planning 
stages) only for all models are graphically depicted (the R2 values for the initial design and planning stages 
were 0.918 and 0.928, respectively).

Additional data were collected (10 real projects), and each model was evaluated separately to test the 
models and ascertain the efficiency of the models developed in Table 5, as the actual duration of the 
10 projects exists. The factors influencing the duration of each project were introduced to find the estimated 
duration, compare it with the actual duration, and verify the value of MAPE. The identified factors were 
tested against actual project data to assess their influence on duration estimation. The ANN models 
incorporate these factors as inputs, ensuring that the analysis extends beyond perceived importance to 
include empirical validation. By comparing predictive performance with and without these factors, the study 
highlights their significance in improving estimation accuracy. A simulation tool, particularly the scikit-
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learn package, was used to enter the externally acquired data variables as inputs and to verify the network 
outputs once the adopted networks had been saved in Python. The actual and estimated duration results 
from the tested data are shown in Table 6.

The ANN models were crafted to maintain a balance between complexity and dataset size, using 
simplified architectures for smaller subsets. Overfitting was managed through cross-validation, 
regularization, and dropout layers. The number of neurons in hidden layers was fine-tuned via trial and error, 
with final configurations optimized based on performance metrics like MSE and MAPE.

Figure 4.	 Linear regression for planning and initial design stages (Authors’ Own)

Table 5.	� Number of layers and neurons for two stages and average error results for each group 
(Authors’ Own)

Stage Layers Group 
code

Project group Average 
error %

Correlation 
coefficients 

(R)

Coefficient of 
determination 

(R2)

Initial 
design 
stage

Input layers = 1 1 Less than or equal to 
6 months

9.53% 0.8172 0.6679

Neurons = 53 2 7 to 13 months 12.92% 0.7855 0.6171

Hidden layers = 2 3 14 to 20 months 9.58% 0.8129 0.6608

Neurons = 1,250 4 21 to 30 months 9.66% 0.9434 0.8901

Output layers = 1 5 More than 30 months 6.83% 0.9498 0.9022

Planning 
stage

Input layers = 1 1 Less than or equal to 
6 months

5.41% 0.9647 0.9306

Neurons = 43 2 7 to 13 months 5.11% 0.9901 0.9804

Hidden layers = 2 3 14 to 20 months 4.60% 0.9921 0.9842

Neurons = 1,250 4 21 to 30 months 5.53% 0.9858 0.9718

Output layers = 1 5 More than 30 months 3.58% 0.9973 0.9947
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Discussion
A comparative analysis showed that the ANN model reduced estimation errors by approximately 10% 
compared to conventional statistical models, and at the same time, ANN models improved estimation 
abilities by 95% compared to the results of current literature, highlighting ANN’s potential to minimize risk 
for contractors. The results imply that integrating ANN into project management practices can enhance 
schedule reliability and optimize resource planning.

The most significant factors that affected the duration of construction projects during the two early stages 
were the type of contract, project cost, built-up area, site conditions of new or existing construction, and 
location of the building. In the initial design stage, 53 factors were used to build the first model, while in the 
planning stage, 43 factors were used to construct the second model. Table 3 illustrates the most influential 
parameters that had the highest rate utilized in earlier studies.

In the planning stage, the model refined 53 factors to 43 based on expert feedback and hypothesis testing, 
enhancing accuracy and aligning with previous studies like Sanni-Anibire, et al. (2021). Reducing less 
relevant variables minimizes noise in the model, thereby improving predictive performance. This strategy 
leads to more precise duration estimates for construction projects.

Two ANN multilayer perceptron (MLP) models were created based on previously specified inputs 
(factors), outputs (estimated duration), and parameters in each iteration. The total number of inputs and 
outputs determined the number of input and output neurons, whereas two hidden layers with a maximum of 
1,250 hidden neurons were present for each stage. The two models were developed in this research based on 
the Python programming language, and for each stage, there were five groups based on the actual duration 
of each project. The MAPE of the models was calculated from the average error as shown in Table 5. The 
values equaled approximately 10% and 5% for the initial design and planning stages, respectively. This result 
can be expressed in another form, accuracy performance (AP), as presented by Shehatto (2013). AP is 
defined as (100 − MAPE) %.

Table 6.	 Data simulation on the adopted networks (Authors’ Own)

Model number Actual duration 
(days)

Simulated 
duration (days)

Absolute error 
(days)

Absolute 
percentage 
error (%)

1st model 270 250 20 8%

2nd model 330 300 30 10%

3rd model 150 138 12 9%

4th model 600 545 55 10%

5th model 960 900 60 7%

6th model 360 340 20 6%

7th model 750 730 20 3%

8th model 450 433 17 4%

9th model 720 705 15 2%

10th model 1,200 1,160 40 3%
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AP (at initial design stage) = 100% − 10% = 90%

AP (at planning stage) = 100% − 5% = 95%

Figure 3 shows the comparison of the actual and estimated durations. As presented, the average 
estimated accuracy of the initial design stage and planning stage was 10% and 5%, respectively. Moreover, 
the correlation coefficient (R) was extremely high for each group in two stages. Therefore, it can be 
concluded that the ANN model shows a particularly good agreement with actual duration and is 
exceptionally good at estimating the output. Furthermore, according to the R values in Table 5, there is a 
strong correlation between actual and estimated durations.

This research outperformed previous studies, including those by Anibire, et al. (2021), Helvaci (2008), 
Petruseva, et al. (2012), and Nani, et al. (2017). Anibire, et al. (2021) developed a model to estimate the 
duration of high-rise building construction projects in China, utilizing various machine learning algorithms, 
such as multi-linear regression and ANN. Out of 12 models created, the most efficient one was selected, 
with an ANN-based ensemble model achieving a correlation coefficient R of 0.69 and a MAPE of 18%.

Petruseva, et al. (2012) used a linear regression model to estimate construction time using a “time cost” 
model, analyzing data from 75 buildings in Bosnia and Herzegovina, with a resulting MAPE of 10.35%.

Nani, et al. (2017) studied duration estimation for bridge-building projects in Ghana. They collected 
historical data on 30 completed bridge projects and distributed 100 questionnaires. Their stepwise regression 
and ANN models, developed using a feed-forward backpropagation algorithm, yielded MAPE values of 
25% and 26%, respectively, demonstrating the potential of ANN in improving estimation accuracy.

Conclusion
The main objective of this research was to identify and analyze key factors affecting early-stage duration 
estimation and to develop ANN models for accurate project duration predictions. This objective aligns with 
the broader goal of enhancing schedule reliability and aiding stakeholders in construction planning.

SUMMARY

This research showed the importance of using machine learning, particularly ANN, to improve time 
estimation performance in the construction sector. At each stage, several models were constructed, and the 
model that produced the most accurate findings was chosen. For the initial design and planning stages, the 
adopted models’ typical accuracy was 90% and 95%, respectively.

This research highlights that the type of contract is the most significant factor influencing construction 
project duration. By integrating ANN models into the early planning stages, project stakeholders can 
improve accuracy and reduce delays. Future research can explore how these models can be adapted to other 
construction types or geographies to further enhance their utility.

A variety of statistical performance metrics, including MSE, MAPE, and correlation coefficient, were 
calculated to confirm the reliability of the proposed model in determining the duration of new projects. 
The results were acceptable and dependable, with the mean absolute percentage error of the models for the 
initial design stage and the planning stage being 10% and 5%, respectively.

According to these performance metrics, it is concluded that preliminary stage duration estimates can be 
just as precise as final stage estimates.

Accurately estimating durations impacts schedules, resources, and cash flows. Advances in technology 
have improved statistical methods for predicting project success. The significance of this research lies in 
formulating the relationship between the variables included in the initial and planning stages and ANN to 
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get accurate estimates and a better understanding of the construction projects’ schedule, especially in the 
initial stages of project design and when information is extremely limited.

RECOMMENDATIONS

It is advised that all parties involved in the construction sector expand their understanding of this technique 
and create their models utilizing a well-built database to produce better estimates and decrease schedule 
overruns.

The research recommends increasing the amount of collected data for estimating the project durations 
and decreasing the number of factors in two stages to improve accuracy, robustness, and add them to the 
training data.

In future studies, researchers may examine the use of ANN for duration estimation for various fields, 
project types, and parameters. It is advised to be specific when choosing a dataset to use for model 
development.

Increasing one’s comprehension of construction duration estimation has become imperative in recent 
times, especially in the early phases of project design when data are limited. According to Ujong, et al. 
(2022), there are a number of contributing elements that make duration estimation important for 
communities and construction industries. These are as follows:

	 1.	� In order to help both the client and the contractor accurately estimate the resources needed and the 
precise duration needed for completion, the research study’s findings are crucial in order to provide 
timely and perfect predictions.

	 2.	� The findings of this research study provide immeasurable assistance in making decisions that will 
ensure the necessary quality for the project deliverables, as well as assist in developing community in 
the construction sector and the quality of life in the main significant area, which is time, and this will 
automatically reduce the cost of these projects.

	 3.	� The benefits gained from this research will help clients, construction stakeholders, and project 
managers effectively oversee and execute projects within the target time (schedule).

LIMITATIONS

Although the research’s goals and objectives were met, certain issues need to be resolved: sample selection, 
including the population of planning engineers from different institutions in the construction sector in 
Jordan, and the first- and second-degree building construction companies in Amman were selected to 
estimate the approximate targeted population.

The adopted parameters were limited to the design factors related to project characteristics, excluding 
variables related to the estimation process, such as the estimation team’s experience and skills in the field, 
as well as variables affecting labor productivity, the availability of storage and equipment, the state of the 
market, and changes in timing.

The limited availability of historical data on construction project durations and design parameters in 
Jordan is also a shortcoming.
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