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Abstract: Cost predictive models for highway projects are relatively scarce in developing 
countries, despite the frequency and magnitude of project cost overruns in such countries. 
This study identified critical cost risks impacting highway projects and modelled their impacts 
on the actual cost of the projects. Historical cost data on highway projects published by the 
Nigerian Federal Ministry of Power, Works and Housing in 2017 served as a preliminary list of 
projects for the study, while further cost data were obtained from highway engineers and 
quantity surveyors across Nigeria using the snowballing technique until 103 highway projects 
were identified. Project participants were purposively chosen to fill out questionnaires on cost-
risks factors associated with highway construction projects. The relative importance index 
and Pareto 80/20 rule were used to analyse the collected primary data. Thereafter, multiple 
linear regression and artificial neural network models were developed. Findings revealed that 
the increase in the cost of construction materials and labour and the fluctuations in foreign 
exchange rates were the most significant risks impacting highway project cost performance. 
A comparison of the models indicated that the artificial neural networks model performed 
better. Hence, the artificial neural networks model is a superior technique for modelling the 
relationship between cost risks and cost performance of highway projects.

Keywords: Nigerian highway projects, Artificial neural networks, Multiple linear regression, Cost 
risk of highway projects, Cost performance of highway projects

INTRODUCTION

Highway infrastructure is critical to the economic development of any nation, 
especially developing nations. According to Hamma-Adama et al. (2021), 
modern roads are crucial in context due to their ability to stimulate social and 
economic benefits. Because of the near absence of other means of transportation 
in developing countries like Nigeria, over 90% of people, goods and services are 
conveyed by roads (Anigbogu, Ahmad and Molwus, 2019). However, diverse 
factors have hampered the actualisation of an effective and efficient highway 
infrastructure due to uncertainties encountered during the project planning and 
execution phases. According to Okate and Kakade (2019), highway construction 
projects have enormous risks caused by their prevailing underground conditions 
and extensive geographical and regional spread.
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The initial and final costs of infrastructural projects often experience notable 
deviations due to underestimation at their planning stage (Kovacevic et al., 2021). 
Construction project cost overruns have remained a global problem. For example, 
Changali, Mohammad and Van Nieuwland (2015) claim that 98% of megaprojects 
experience cost and schedule overruns. Love, Edwards and Iran (2012) report that 
schedule and cost overruns could occasionally amount to 183% and 70% more than 
the initial stipulated estimate. According to Tariq and Gardezi (2023), the primary 
reasons for cost overruns are inadequate project planning and management, poor 
participant communication, poor management of materials, failure of equipment, 
variability in project solutions, poor management of resources and the use of 
outdated technologies and tools. According to Al-Zwainy and Aidan (2017) and 
Sodikov (2005), the absence of preliminary data, the absence of a database of 
road work costing and the lack of modern cost estimation techniques are the main 
challenges encountered when conducting cost estimation for road projects at the 
planning phase. Additional challenges are caused by uncertainties resulting from 
engineering solutions, environmental issues and socio-economic issues (Sodikov, 
2005). 

With the cost of constructing roads and maintaining the road infrastructure 
growing steadily every year, government and highway authorities need to identify 
and analyse the impact of risks on the cost performance of such construction 
projects. With the shortcomings of traditional estimation methods, which usually fail 
to consider the impact of risks on project performance, researchers and professionals 
in the construction industry are gradually embracing modern estimation methods. 
Artificial neural networks are among the modern approaches that have been 
recently employed in construction cost estimation. Notwithstanding the presumed 
superiority of modern modelling techniques over traditional models, there is a need 
for a comparison of models’ results using the same data parameters in order to 
ascertain this presumption. Based on the foregoing, it is, therefore, imperative to 
identify and quantify the impact of risks on cost performance in Nigerian federal 
highway projects, especially since the findings from a systematic review conducted 
by Awuku et al. (2022) showed that North America, Asia, Europe and the Middle 
East contributed the most to enhancing highway cost estimation research between 
1983 and 2019.    

Challenges in Nigeria’s federal highway projects centre on cost estimation 
and management (Ikechukwu and Akiohnbare, 2017). There is a notable gap 
in research regarding the effectiveness of artificial neural networks in modelling 
cost risk, comparing them with traditional methods, quantifying risk impact and 
incorporating artificial neural network-based models into current practices. This 
study sought to address these gaps to enhance the effectiveness of highway 
infrastructure development. This paper aimed to develop multiple linear regression 
and artificial neural network models for predicting the conceptual cost of highway 
projects in Nigeria. The research objectives were as follows:

1. Identify the cost-risk factors that affect the performance of Nigeria’s federal 
highways.

2. Use multiple linear regression and artificial neural networks to forecast the 
impact of cost risks on Nigeria’s federal highway projects.

3. Validate the models that have been developed and compare their 
performance.
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LITERATURE REVIEW

Using conventional techniques, Leo-Olagbaye and Odeyinka (2020) developed 
impact risk predictive models for highway projects in Nigeria using multiple linear 
regression. The findings, based on 37 historical highway projects, showed that 
39.7% of the variation in cost performance could be explained by five variables. 
For example, the coefficient of correlation (R2) = 0.397 implies that a model lacks 
the needed accuracy for predicting the actual cost of road projects in Nigeria. 
Highway project costs are impacted by several risk factors, but a few of these key 
risk factors are usually considered when using conventional modelling estimation 
techniques due to their inability to deal with multicollinearity among risk factors.

Sodikov (2005) developed a cost estimation model for road projects in 
developing countries using the artificial neural networks technique, particularly in 
Poland and Thailand, due to their relatively large number of projects. The study 
explored the relationship between the project estimate and other variables such as 
work activities, terrain types and road parameters. Findings revealed that the width of 
the pavement, volume of earthwork and the duration of work have a high influence 
on the estimate of a new road project. Al-Suhaili, Saco and Al-Zwainy (2010) used 
the artificial neural networks technique to develop a road project cost estimation 
model. The developed model exhibited a good degree of accuracy, with an R2 of 
84.95%. However, it is important to note that the model did not consider the impact 
of risk on cost estimation. Al-Zwainy and Aidan (2017) developed an artificial neural 
network cost prediction model for the structural work of highway projects in their 
planning phase. Factors affecting the cost parameter predictions were given, and 
equations were used to estimate the cost of the structural works for the highway 
project. The study concludes that the artificial neural networks model could predict 
the cost of structural work for highway projects with a high degree of accuracy 
(93.19%). El-Kholy (2019) used four artificial neural network-based paradigms as the 
principal component analysis in predicting delay and cost overrun percentages 
(PDCOP) for highway projects in Egypt. The study adopted 15 cost overrun factors 
as predictors. Findings show that the artificial neural network-based paradigm 
improved the prediction model’s accuracy and reliability for percentage delay 
and cost overrun. Fernando, Dishan and Zhang (2023) developed artificial neural 
network models that focused on predicting the costs of significant elements of 
bridge construction projects such as piling, piers, abutments, pre-stressed beams, 
concrete slabs, bridge paving, bridge furniture and miscellaneous. However, this 
study did not consider the impact of risk on the cost performance of infrastructural 
projects, therefore assuming that infrastructural projects were not impacted by risk. 

Although studies have previously been carried out by researchers exploring 
artificial neural network techniques in cost estimation for highway projects in 
developing nations (e.g., Al-Zwainy and Aidan, 2017; Sodikov, 2005; Al-Suhaili, 
Saco and Al-Zwainy, 2010; El-Kholy, 2019), it was observed that most of the studies 
did not consider the impact of risk on project actual costs and that there was no 
record of similar studies conducted in Nigeria. Therefore, this study was essential 
due to the limited research on Nigerian highway projects using modern techniques 
in conceptual cost estimation capable of evaluating the impact of risk on the 
project’s final cost. Considering that Nigeria is the world’s most populous black 
nation, covering 923,768 square kilometres, it is therefore imperative to develop 
and implement accurate cost prediction models for Nigeria’s construction industry, 
particularly its highway projects.
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Multiple Linear Regression

Multiple linear regression is a straightforward and understandable model best suited 
for linear relationships. A regression model calculates constant values that reflect 
how changes in independent variables affect the dependent ones. Multiple linear 
regression, as a statistical tool, elucidates the relationship between dependent 
variables (such as highway project cost overruns) and independent variables 
(e.g., cost-risk factors). The first step involved selecting relevant risk variables based 
on literature and expert input and then identifying and gathering data on these 
chosen variables.

Artificial Neural Networks

Based on the adjustment of weights, artificial neural networks enable learning 
through training and generalising the behaviour of a problem (Barros, Marcy and 
Carvalho, 2018; Pineda-Jaramillo, Insa and Martínez, 2017). It uses mathematical 
algorithms based on statistical models to identify data trends to provide descriptions 
or predictions (Sarker, 2021). The artificial neural network is a powerful and versatile 
model that can capture complex patterns and non-linear interactions. It can 
forecast the cost of construction projects with superior accuracy compared to 
other AI-based algorithms due to their ability to learn from historical data through 
training to generalise results (Glymis et al., 2017; Tijanić, Car-Pušić and Šperac, 2017).

Artificial neural networks is a method of computation that aids decision-
making and can address most of the significant shortcomings of conventional 
estimating methodologies, thereby reducing economic risks by automatically 
analysing vast volumes of project cost data and producing precise estimates 
(Awuku et al., 2022; Elbeltagi et al., 2014). Notwithstanding the presumed superiority 
of modern modelling techniques over traditional models, there is a need for a 
comparison of the model’s results using the same data parameters to ascertain this 
presumption.

Prior literature review underscores challenges in Nigerian highway 
infrastructure projects and primarily centres on cost estimation and management. 
However, the research gap lies in the scarcity of studies examining the efficacy of 
artificial neural networks as a cost-risk modelling technique for these projects. There 
is a dearth of empirical evidence showcasing artificial neural network applications 
in Nigerian federal highway projects, which is in contrast with its recognition in 
developed countries. Secondly, there is a lack of comparative studies directly 
pitting traditional methods against artificial neural networks within the Nigerian 
context, hindering insights into artificial neural networks’ suitability. Furthermore, 
while risks’ impact on project costs is acknowledged, there has been insufficient 
research quantifying this impact using artificial neural networks in Nigerian highway 
projects. Finally, there’s an absence of exploration of integrating artificial neural 
network-based cost-risk models into existing risk management practices in Nigeria. 
Addressing these gaps promises advancements in construction cost estimation, 
risk management knowledge and practical guidance for enhancing highway 
infrastructure development efficiency in Nigeria. 



Cost-Risk Impact on Nigerian Highway Projects

PENERBIT UNIVERSITI SAINS MALAYSIA/111

METHODOLOGY 

This section discussed the following subsections: Identification of Cost-Risk Factors, 
Data Collection and Data Analysis. 

Qualitative Research: Identification of Cost-Risk Factors

Factors impacting highway performance have been investigated in previous 
studies, resulting in the identification of 140 highway risks. Consequently, further 
examination and processing should be applied to extract cost-related risks from 
the identified total highway risk. A total of 10 experts in highway construction, 
consultancy and management with 15 years to 25 years of experience (Glymis  
et al., 2017; Gondia et al., 2019), were chosen from the industry and academics to 
partake in a focus group discussion (FGD).

Content analysis was conducted on the responses received from the FGD. 
The results of the content analysis indicated 29 cost-risk factors. Finally, the outcome 
of the FGD and content analysis served as constructs presented in the questionnaire 
to enable further investigation. 

Quantitative Research: Survey and Statistical Analysis

This section consists of the quantitative approach adopted to achieve a significant 
part of the study’s objectives.

Data Collection

Cost data for highway projects was partly collected from a publication in 2017 by 
Nigeria’s Federal Ministry of Works and Housing. A total of 229 highway projects 
made up the total number of projects on the list. Despite examining a total of  
68 completed projects, including those finished by January 2022, the information 
for five projects was unable to be accessed. As a result, only 63 projects from this 
source were included in the study. Recently completed projects were identified for 
inclusion through a pilot study, resulting in 40 highway projects totalling 103 (refer 
to Appendix).

During the pilot study, researchers utilised the snowballing technique to 
contact quantity surveyors and highway/civil engineers across the six geopolitical 
zones. Respondents were provided with a pro forma to supply the required 
information. Questionnaires were then distributed to construction professionals, 
including quantity surveyors and highway/civil engineers, both in hardcopy and 
electronically. These professionals, who participated in the projects as clients, 
contractors, or consultants, were chosen due to their frequent roles as construction 
cost and project managers during highway project implementation. Table 1 
presents the demographics of the study respondents.
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Table 1. Demographics of respondents

Respondent’s Information Category Frequency (n) %
Post-qualification experience 
(years)

Less than five 
years 

9 8.70

6 years to 10 
years

19 18.40

11 years to 15 
years

43 41.70

16 years to 20 
years

27 26.20

More than 20 
years

5 4.90

Total 103 100.00
Occupational category Client 49 47.57

Consultant 26 25.25
Contractor 28 27.18
Total 103 100.00

Number of projects in the 
geographical locations

Southwest 19 18.45
Southeast 17 16.50
South-South 18 17.48
Northeast 17 16.50
Northwest 13 12.62
Northcentral 19 18.45
Total 103 100.00

DATA ANALYSIS 

This section consists of the following subsections: Cost Performance of Highway 
Projects, Significant Cost-Risk of Highway Projects, Multiple Linear Regression Model 
Development and Artificial Neural Networks Model Development.

Cost Performance (Experiment Data) of Highway Projects

The historical cost data and its analyses in developing the models are given in 
the Appendix. The percentage cost overruns represent the deviation from the 
estimated cost of the contract and the actual costs (as shown in Equation 1). To 
arrive at a comparable digit, a five-point Likert scale was used to measure the 
severity of the risk impact. The percentage cost overruns were divided by 100. 

Pco =  × 100 Eq. 1

where Pco = Percentage cost overrun, AEC = Actual construction cost and ECC = 
Estimated construction cost.
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Determination of Significant Cost-Risk Factors

This section discusses the methods of data analysis required to determine the 
significant cost-risk factors of Nigeria’s federal highway projects in the following 
subsections:  Relative Importance Index (RII) and Pareto 80/20 Rule. 

Relative importance index 

The responses of respondents were obtained and evaluated using the RII approach, 
which has been previously used in other construction management studies  
(El-Sayegh and Mansour, 2015; Thaseena and Vishnu, 2017). The responses were 
based on a Likert scale of 1 to 5, as illustrated in Table 2. The RII scores of each risk 
factor were also classified into a five-point category from the risk factor with the 
highest RII downwards. 

Table 2. Likert scale and RII classification

Points Likert Scale RII Classification
1 Very low ˂ 1.5
2 Low 1.5 ≤ RII ˂ 2.5
3 Moderate 2.5 ≤ RII ˂ 3.5
4 High 3.5 ≤ RII ˂ 4.5
5 Very high 4.5 ≤ RII ˂ 5.00

Pareto 80/20 rule

This study applied the Pareto principle to determine the most significant variables to 
achieve a sizable number of significant cost-risk factors. According to the rule, 80% 
of consequences emerge from 20% of causes (Grosfeld-Nir, Ronen and Kozlovsky, 
2007). The Pareto 80/20 rule aims for fewer activities when assessing their total 
productivity (Rizwan and Iqbal, 2011) and helps certain businesses design rapid 
models. Based on the rule, the first six factors, according to ranking, as shown in 
Table 3, were considered critical risks. These factors were then used as independent 
variables to develop the models. 

Table 3. The ranking of cost-risk factors

Rank Variables RII Risk 
Level

Ref. 
Code

1 Inflation in the cost of construction materials and 
labour

4.33* H CR9

1 Foreign exchange rate fluctuation/variation 4.33* H CR7

3 Changes in input resource prices/Variations in raw 
material prices

4.32* H CR5

4 Improper feasibility study 4.07* H CR19

5 Construction cash flow problems/Project funding 
challenges

3.98* H CR3

(Continued on next page)



Victor Imohnikhe Aligamhe et al.

114/PENERBIT UNIVERSITI SAINS MALAYSIA

Rank Variables RII Risk 
Level

Ref. 
Code

6 Unexpected location/Ground conditions 3.90* H CR13

7 Change in government/Political change 3.88 H CR24

8 Interest rate fluctuation/increase 3.83 H CR8

9 Uncertainty of project budget 3.82 H CR12

10 Poor communication/coordination between 
construction parties (owner, consultant and 
contractor)

3.81 H CR29

11 Lack of joint risk management mechanism by the 
contractor and parties

3.75 H CR22

12 Mismanagement of site and supervision by 
contractor

3.70 H CR21

13 Lack of experienced contractor 3.69 H CR17

13 Lack of experienced consultant 3.69 H CR18

15 Not applying cost control 3.65 H CR23

16 Incompetent project supervision/Poor project 
management

3.63 H CR15

17 Mishandling of resources 3.42 M CR20

18 Multiple approval problems 3.28 M CR28

19 Poor estimating/Inaccurate cost estimate 3.27 M CR11

20 Discrepancies between actual and contractual 
quantities

3.25 M CR27

21 Lack of professionals/experts 3.23 M CR16

22 Unethical practices/corruption/fraud/bribe 3.22 M CR25

23 High cost of maintenance 3.18 M CR14

24 Insufficient design details/specification 3.11 M CR1

25 Health, safety and environmental (HSE) issues 2.85 M CR26

26 Low budgeting 2.80 M CR10

27 Claims 2.79 M CR6

28 Scope vagueness 2.72 M CR2

29 Changes in taxation/New tax rates 2.28 L CR4

Notes: *First six significant risk factors as determined by the Pareto 80/20 rule; H = High, M = Moderate,  
L = Low.

Table 3. Continued
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Data Partitioning and Model Performance Criteria

Prior to the partitioning of the data, outliers were removed, resulting in 97 total 
experimental datasets (dependent variables as presented in the Appendix). This is 
to enhance model stability. The data were then categorised into two sets of 80:20 
(80% and 20%, respectively). This represents 80% (78 projects) and 20% (19 projects) 
of the training dataset. The training data were selected randomly from the 97 
experimental data points by R-statistical software. The process of the multiple linear 
regression and artificial neural networks model development techniques involved 
multiple linear regression and artificial neural networks. The artificial neural networks 
model usually requires optimisation to minimise the prediction errors.

The multiple linear regression and artificial neural network performances 
were evaluated by assessing their predictive accuracy through the test datasets 
using the mean absolute percentage error (MAPE), mean square error (MSE) and 
root mean square error (RMSE). These processes were undertaken to calculate and 
quantify the error and validate the model.

Multiple linear regression 

The critical cost-risk factors constituted the independent variables, while the 
historical data on cost made up the dependent variables upon which the multiple 
linear regression model was developed using R-statistical software. The regression 
equation is presented in Equation 2. 

Yc = α + β1X1 + β2X2 + β3X3 + … + βnXn  Eq. 2

Representing the dependent variable as Yc, α = Regression constant, β1, β2… βn = 
Regression estimates, X1, X2... Xn = Critical cost risk factors (independent variables) 
as presented in Table 3.

Model development using the multiple linear regression technique

The multiple linear regression model development output is presented in  
Table 4. One predictor was eliminated during the development of the multiple 
linear regression model, indicating a high degree of multicollinearity among the 
variables, as evident in the high variance inflation factor (VIF) and low tolerance 
values. The models and their coefficients, as presented in Table 4, were substituted 
into Equation 2, and the mathematical expression of the multiple linear regression 
model is presented in Equation 3:

Yc = 0.551 + 0.011X1 + 0.029X2 + 0.026X3 + 0.032X4 – 0.035X5 Eq. 3

The multiple linear regression model predicts cost overruns (Y) based on cost 
risk factors acting as independent variables. In Equation 4, Yc represented the 
predicted cost overrun, while X1, X2, X3, X4 and X5 represent different cost risk factors. 
The coefficients (0.011, –0.029, 0.026, 0.032, –0.035) indicated the impact of each 
risk factor on the cost overrun prediction. 
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Multiple linear regression model validation  

The model validation process entails developing the model with the test datasets 
comprising 19 projects extracted from the 97 projects after removing outliers using 
Equation 4. The multiple linear regression equation indicated that the predicted 
values were not supposed to deviate from the expected percentage by more or 
less than 27% (as shown in Table 5). Also, the R2 of the trained model was 0.061, 
which indicates that it has negligible predictive ability. This affirms the limitations of 
multiple linear regression models in predicting patterns in non-linear relationships 
among dependent and independent variables. 

Table 5. Multiple linear regression training and validation results

Model Partition R2 MSE MAPE RMSE

Cost overrun (impact) Training 0.0605 (6.05%) 0.0408 15.83 0.2019

Validate 0.0027 (0.27%) 0.0383 17.11 0.1957

Artificial neural network

Artificial neural network model development consists of the following steps: data 
gathering for tasks with regards to network creation, configuration of the network, 
initialisation of weight and bias, training of the network, validation of the network 
and analysis of data. Equation 4 provided predictive cost overruns (Y) based on the 
influence of various cost risks. The artificial neural networks model was constructed 
using the neural net function and incorporated independent variables: CR7, CR9, 
CR5, CR19, CR3 and CR13. Equation 4 featured the hidden layers, with five neurons 
in the first layer and three neurons in the second layer. The error function, ‘sse’ (sum 
of squared errors), with a threshold of 0.05 set for desired accuracy. Linear output 
was enforced for the model. Visualising the model using the plot function could 
offer insights into its performance and fit to the data.

#Build the Neural model = CRModel_2 < –neuralnet(Yc ~ CR7 + CR9 + CR5 
+ CR19 + CR3 + CR13,data = train,hidden = c(5,3),err.fct = ‘sse’,threshold = 
0.05,linear.output= T)plot(CRModel_2,rep = ‘best’) Eq. 4

Model development using the artificial neural networks technique

The artificial neural networks modelling process starts with determining the network 
architecture, followed by the learning process and, thereafter, testing the network. 
The nature of the problem, complexity and features of data, as well as the quantity 
of samples, are some elements that influence the choice of the network architecture 
(Sodikov, 2005). Since there is no precise method for defining artificial neural network 
architecture in just one attempt, it typically takes a number of tries and errors to 
arrive at a suitable artificial neural network architecture with less predictive error 
(as shown in Table 6). Hegazy, Fazio, and Moselhi (1994) suggest that the number of 
hidden nodes should be set at one-half of the total input and output nodes serve 
as a guide for this artificial neural network architecture selection. 
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Neural networks with the least error (MAPE, MSE and RMSE), when compared 
with others, were considered most accurate and were adopted. Based on 
these criteria, after several trials, a suitable network was found. Figure 1 presents 
a graphical representation of the sensitivity analysis shown in Table 6. It can be 
deduced from the graph that Model 2 (6–5–3–1) correlates closely with the pattern 
of the observed or test datasets. 

Table 6. Artificial neural networks model’s sensitivity test

Model Partition R2 MSE MAPE RMSE

Model 1 
(6–6–3–1)

Training 0.0499 (5.0%) 0.0415 15.90 0.2036

Validate 0.0256 (2.6%) 0.0367 16.29 0.1915

Model 2
(6–5–3–1)

Training 0.0314 (3.1%) 0.0420 15.94 0.2051

Validate 0.0347 (3.4%) 0.0356 15.78 0.1888

Model 3
(6–5–2–1)

Training 0.0438 (4.4%) 0.0416 16.01 0.2040

Validate 0.0341 (3.4%) 0.0368 16.16 0.1918

Model 4
(6–4–2–1)

Training 0.0528 (5.3%) 0.0411 15.96 0.2028

Validate 0.0012 (0.1%) 0.0367 16.39 0.1915

Figure 1. Artificial neural networks sensitivity analysis chart

The most suitable network architecture consisted of two hidden layers of eight 
nodes (6–5–3–1), as presented in Table 6 and Figure 2. The artificial neural network 
estimation included six inputs and one output function given by Yc, where cost risk 
factors were the independent variable and Yc was the dependent variable.
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Figure 2. Artificial neural networks model architecture (6–5–3–1)

Artificial neural networks model validation  

The artificial neural network models were validated by testing the results of the 
trained dataset against a new dataset (test dataset), and the performance was 
documented. One of the most crucial stages of model building is validating and 
verifying the model’s accuracy (Dysert, 2001). A new dataset (the test dataset) was 
used to validate the model. It excluded the training datasets. Immediately after the 
model’s stability was confirmed and the generated output established, the output 
was handled as a model that could subsequently be developed and abstracted for 
future use. The dataset for the model validation consisted of 19 projects extracted 
from the 97 projects. The predicted cost overrun was computed and compared 
with the cost overruns of the 19 test datasets, as presented in Table 7.

RESULT AND DISCUSSION

Highway Projects Cost-Risk Factors

The Pareto principle, also known as the 80/20 rule, dictates that 80% of effects stem 
from 20% of causes, guiding construction project risk management to prioritise 
resources towards critical risk factors. This study aligned with this principle, identifying 
the top six risk factors of the ranked mean scores, which collectively constituted 
approximately 80% of the most significant risks. These factors, such as inflation, 
foreign exchange fluctuations and changes in input prices, strongly impacted 
project costs and demanded increased attention during planning and execution. 
The diverse distribution of risk factors across varying risk levels underscores the 
multifaceted challenges in construction projects, with immediate high-level risks 
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like inflation and exchange rate fluctuations alongside moderate or low risks like 
scope vagueness and tax changes. By ranking the RII scores of the time-risk factors 
and using the Pareto 80/20 rule, stakeholders could strategically allocate resources, 
enhance cost predictability, optimise project outcomes and mitigate financial 
losses. This emphasised the critical role of proactive risk management strategies in 
ensuring the success and sustainability of Nigeria’s highway construction projects. 

Multiple Linear Regression Model Development and Validation

The results of the multiple linear regression model development, presented in 
Table 4, highlighted the presence of a significant correlation between variables, 
leading to the elimination of one predictor. Additionally, the analysis revealed 
high multicollinearity among predictors, indicated by elevated VIF values and 
low tolerance values. Table 7 reveals a notable discrepancy between predicted 
and actual values, with a substantial MAPE of 17.11%. Despite these limitations, the 
result was considered satisfactory, given the intricate nature of construction project 
management and the inherent uncertainties involved.

Artificial Neural Networks Model Development and Validation

The validation of the artificial neural networks cost model revealed insights into its 
predictive accuracy. Across training and validation phases, the model showed a 
consistent MAPE and RMSE value around 15.78% and 0.1888, respectively (as shown 
in Table 6). The artificial neural networks model’s ability to generalise to unseen 
data suggested its practical use in real life.

Multiple Linear Regression and Artificial Neural Networks Model Comparison

After the removal of outliers from the first 103 historical datasets, the multiple linear 
regression and artificial neural networks prediction models were developed from 
97 datasets. The datasets were split into 80:20 training and test datasets. From the 
results presented in Table 6, the preferred artificial neural networks model (artificial 
neural networks architecture of 6–5–3–1) had a MAPE of 15.78%. The result indicated 
that the model had good predictive accuracy, as suggested by Lewis (1982), which 
states that the MAPE of a good model should not exceed 20%. Because the artificial 
neural networks model can predict the future, it is possible to get very accurate 
estimates of how much highway projects will cost in the future. The test dataset was 
then utilised to validate the model. Although the multiple linear regression model 
had a MAPE of 0.1711, the five chosen predictors (i.e., R2 = 0.0605) only accounted 
for 6.05% of the difference in cost overrun. Table 7 presented a comparison 
between the test dataset, which was the actual projects, cost, or cost overrun 
and the predicted data of the multiple linear regression model and the artificial 
neural networks model, respectively. For the artificial neural networks model, it was 
found that 58% of the test data had a percentage error of less than 20%, while the 
multiple linear regression model had 21% of the test data with a percentage error 
of less than 20%. Furthermore, the results in Table 7 are represented graphically in  
Figure 3 for the purpose of visual comparison. The parentage error between 
the actual overrun (test data) and the predicted overrun was computed using 
Equation 5. 
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( )P APC
APC PPC 100e #=

-
 Eq. 5

where Pe = Percentage error, APC = Actual project cost and PPC = Predicted 
project cost.

Table 7. The summary of actual cost overrun, multiple linear regression (MLR) 
predictive cost overrun and artificial neural networks (ANN) predictive cost overrun

Test Data S/N 
(Refer Appendix)

Actual Project 
Cost (Cost 

Overrun Data)

Multiple Linear Regression Artificial Neural Networks

Predicted Percentage 
Error (%) Predicted Percentage 

Error (%)
1 0.1579 0.316746 –50.15 0.173874 –9.19
2 0.1511 0.325072 –53.52 0.207126 –27.05
7 0.0810 0.404733 –79.99 0.162570 –50.18

11 0.3063 0.404733 –24.32 0.312257 –1.91
15 0.0897 0.325072 –72.41 0.171264 –47.62
20 0.2744 0.325072 –15.59 0.307126 –10.66
21 0.0609 0.252623 –75.89 0.207232 –70.61
30 0.0845 0.293227 –71.18 0.146929 –42.49
39 0.2950 0.325072 –9.25 0.337126 –12.50
48 0.1917 0.293227 –34.62 0.306929 –37.54
50 0.5070 0.325072 55.97 0.607126 –16.49
51 0.1302 0.325072 –59.95 0.153713 –15.30
56 0.6245 0.325072 92.11 0.712643 –12.37
57 0.3021 0.252623 19.59 0.307232 –1.67
63 0.3599 0.325072 10.71 0.347126 3.68
82 0.4172 0.252623 65.15 0.37232 12.05
89 0.6016 0.293227 105.17 0.522854 15.06
94 0.2003 0.316746 –36.76 0.307387 –34.84
96 0.6533 0.325072 100.97 0.512643 27.44

Figure 3. Initial cost overrun, multiple linear regression predicted cost overruns and 
artificial neural networks predicted cost overruns chart
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Models’ Application 

Figure 4 depicts the application of the artificial neural networks cost predictive 
model to estimate the costs for new highway projects, beginning with defining 
goals and progressing to project design and data processing. The activation of 
the pre-developed artificial neural networks model was done after choosing the 
critical cost prediction parameters, such as cost and risk. After activation, the 
model used the projected final cost of the new project to determine new project 
costs. Regular assessments and adjustments were necessary to accommodate any 
changes or new data that might influence the project’s cost. The project finished in 
knowledge transfer, which could guide future efforts and promote organisational 
learning. The project cycle ended after the complete integration of the model and 
dissemination of the resulting insights. Figure 4 provides a flowchart that highlights a 
structured and data-driven approach to cost estimation, emphasising continuous 
improvement and knowledge sharing.

Figure 4. Artificial neural network’s cost predictive model application flowchart

CONCLUSIONS 

In this study, critical cost-risks of highway projects were identified and predictive 
cost estimating models were developed to determine the impact of critical cost-
risks on the actual costs of highway projects at an early phase of the project. 

Summary of Findings

Major cost-risk factors impact highway projects by increasing the cost of 
construction materials and labour, depending on the variations in a country’s 
exchange rate and input resource prices. In Nigeria’s federal highway projects, 
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their cost estimation is highly prone to inflation and responds to the volatility of the 
country’s currency and foreign exchange rate.

This study found that the artificial neural networks model performed much 
better than the multiple linear regression model, with an accuracy of 84.22%. The 
result further clarifies the superiority of the artificial neural networks model over the 
multiple linear regression. Researchers could be guided by the findings to explore 
the application of artificial neural networks further in similar studies.

This study also presented a valuable tool for consultants and project managers 
to appreciate how different risk configurations impact the cost of highway projects. 

The results of this study, which revealed an increase in the cost of construction 
materials and labour, foreign exchange rate variation and changes in input resource 
prices, are important findings that can encourage policymakers to promptly and 
adequately release certified fees and valuations to enhance cash flow during the 
project construction life cycle.

Significance of Study

The study’s significance lies in its potential to revolutionise project management in 
the construction industry, particularly in Nigerian highway projects. By introducing a 
predictive model that utilises artificial neural networks to forecast the impact of risk 
on project costs, the study offers a proactive solution to a longstanding problem. 
This approach enables highway contractors and project managers to identify 
critical cost-risk factors early in the planning phase, facilitating the adoption of 
efficient risk management strategies. The study also suggests using data-driven 
methods instead of guesswork for traditional estimation methods. This will lead to 
more accurate project estimates and lessen the impact of cost overruns. 

Contributions

The developed model can enhance decision-making in project management 
to aid highway contractors and project managers in identifying critical cost-risk 
factors for Nigerian highway projects. This enables the adoption of an efficient risk 
management strategy. Additionally, the study presented a proactive, data-driven 
approach to project cost determination, contrasting with traditional estimation 
methods that are reliant on assumptions for contingency planning. Implementing 
the proposed approach from this study promises to significantly improve cost 
performance on Nigerian highway projects.

Recommendations

Professionals and experts in the construction industry should advocate and embrace 
the use of artificial neural networks to forecast the influence of risk on the actual 
cost of highway projects. Implementing this approach during the conceptual and 
planning stages of highway projects will facilitate more realistic project estimates 
and reduce the occurrence and impact of cost overruns in Nigerian highway 
projects.
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APPENDIX 

Highway project historical/Experiment data

No. Length
(km)

Initial Contract 
Sum

(NGN Million)

Actual Contract 
Sum

(NGN Million)

Cost Overruns 
(%)

Adjustment for Data 
Compatibility (%)

1 19.20 3,200 3,705 15.79 0.1579
2 31.00 2,500 2,878 15.11 0.1511
3 22.00 3,502 4,604 31.48 0.3148
4 10.50 14,990 17,490 16.68 0.1668
5 5.60 6,210 6,338 2.05 0.0205
6 7.20 8,661 10,025 15.75 0.1575
7 84.00 96,304 104,110 8.10 0.0810
8 72.70 3,993 5,111 28.00 0.2800
9 166.02 65,223 72,619 11.34 0.1134

10 24.00 1,535 2,132 38.87 0.3887
11 27.60 2,693 3,518 30.63 0.3063
12 16.90 188 323 71.57 0.7157
13 52.00 47,504 73,525 54.78 0.5478
14 30.00 999 1,352 35.36 0.3536
15 75.00 3,536 3,853 8.97 0.0897
16 5.20 873 1,229 40.73 0.4073
17 52.00 47,504 52,141 9.76 0.0976
18 32.20 2,600 2,786 7.14 0.0714
19 46.00 2,137 3,169 48.30 0.4830
20 0.82 250 319 27.44 0.2744
21 51.00 37,500 39,785 6.09 0.0609
22 21.00 2,995 4,019 34.19 0.3419
23 33.49 9,998 12,473 24.75 0.2475
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No. Length
(km)

Initial Contract 
Sum

(NGN Million)

Actual Contract 
Sum

(NGN Million)

Cost Overruns 
(%)

Adjustment for Data 
Compatibility (%)

24 25.00 4,613 6,431 39.41 0.3941
25 30.00 5,209 7,448 42.99 0.4299
26 25.50 5,245 6,780 29.27 0.2927
27 337.00 64,125 91,590 42.83 0.4283
28 83.01 65,220 74,876 14.81 0.1481
29 0.50 139 144 3.47 0.0347
30 55.43 8,720 9,504 9.00 0.0900
31 338.47 29,922 41,562 38.90 0.3890
32 470.32 44,884 66,000 47.05 0.4705
33 18.70 113 130 14.88 0.1488
34 46.00 2,093 3,123 49.22 0.4922
35 59.50 39,550 43,973 11.18 0.1118
36 7.00 515 542 5.26 0.0526
37 10.00 991 1,250 26.16 0.2616
38 49.00 5,092 6,657 30.73 0.3073
39 49.00 4,614 5,975 29.50 0.2950
40 10.50 600 750 25.00 0.2500
41 17.00 1,277 1,683 31.78 0.3178
42 10.00 251 416 65.84 0.6584
43 13.50 1,787 2,410 34.90 0.3490
44 75.00 8,965 9,623 7.34 0.0734
45 40.27 11,603 12,519 7.90 0.0790
46 39.00 3,287 4,325 31.59 0.3159
47 58.00 200 384 91.81 0.9181
48 22.00 4,208 5,014 19.17 0.1917
49 76.00 4,207 5,163 22.73 0.2273
50 25.80 3,296 4,967 50.70 0.5070
51 19.50 66,830 75,529 13.02 0.1302
52 42.00 11,228 18,058 60.83 0.6083
53 9.00 982 1,305 32.83 0.3283
54 50.00 11,987 19,352 61.44 0.6144
55 58.59 11,664 18,877 61.84 0.6184
56 49.36 9,697 15,753 62.45 0.6245
57 93.60 14,587 18,994 30.21 0.3021
58 5.00 1,320 1,849 40.04 0.4004
59 88.00 7,935 9,518 19.95 0.1995
60 98.00 4,424 6,254 41.36 0.4136
61 13.30 3,383 4,571 35.13 0.3513
62 82.00 5,402 8,883 64.44 0.6444
63 5.50 1,185 1,611 35.99 0.3599
64 100.00 8,969 13,827 54.16 0.5416
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No. Length
(km)

Initial Contract 
Sum

(NGN Million)

Actual Contract 
Sum

(NGN Million)

Cost Overruns 
(%)

Adjustment for Data 
Compatibility (%)

65 53.40 8,847 9,672 9.33 0.0933
66 40.00 9,951 12,286 23.46 0.2346
67 24.50 3,698 3,977 7.54 0.0754
68 24.30 2,253 4,394 95.02 0.9502
69 15.00 3,076 3,477 13.01 0.1301
70 117.78 35,841 52,015 45.13 0.4513
71 101.84 29,100 39,458 35.59 0.3559
72 38.20 7,130 8,820 23.70 0.2370
73 145.11 39,999 47,869 19.67 0.1967
74 73.00 5,020 9,998 99.17 0.9917
75 20.00 1,240 1,592 28.32 0.2832
76 122.00 5,720 7,764 35.74 0.3574
77 36.28 9,881 12,384 25.34 0.2534
78 68.00 7,257 8,135 12.11 0.1211
79 69.00 5,156 5,808 12.64 0.1264
80 6.50 984 1,176 19.46 0.1946
81 25.00 6,582 7,507 14.05 0.1405
82 96.24 30,250 42,870 41.72 0.4172
83 25.00 6,582 7,505 14.02 0.1402
84 30.00 2,319 2,914 25.65 0.2565
85 32.80 7,953 9,229 16.04 0.1604
86 14.08 610 688 12.85 0.1285
87 13.59 1,764 2,468 39.90 0.3990
88 65.00 3,792 5,037 32.82 0.3282
89 64.90 16,000 25,625 60.16 0.6016
90 10.20 989 1,020 3.15 0.0315
91 21.30 4,394 5,420 23.36 0.2336
92 26.60 13,227 18,772 41.92 0.4192
93 105.00 37,047 49,195 32.79 0.3279
94 104.00 7,942 9,533 20.03 0.2003
95 210.00 3,000 4,397 46.58 0.4658
96 296.00 10,560 17,459 65.33 0.6533
97 11.40 2,256 3,548 57.25 0.5725


