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Abstract

This study aims to develop machine learning prediction models for construction materials
susceptible to price fluctuations in Nigeria. Data relating to construction material price
influencing factors and construction material prices were obtained from Nigerian Bureau of
Statistics (NBS), Central Bank of Nigeria (CBN), and vendors. Making use of Python
programming language on Spyder version 3.6 software, a combination of Back Propagation
Neural Network (BPNN) and Autoencoder was utilised for data training/model development.
The developed models' predictive performance was validated by comparing predicted and
actual prices of building material prices using mean-square error (MSE). Results revealed that
the developed Autoencoder-BPNN model had an accuracy ranging from 82.04% to 96.92%
and was found to be the best for reinforcement. While the BPNN only model, on the other
hand, had accuracy ranging from 92.87% to 98.69% and was found to be the best for steel and
cement. The models are expected to assist both client quantity surveyors and contractors in
coming up with more accurate estimates of construction material prices for efficient cash flow
management of construction projects in Nigeria. The developed models put forward a new
course for predicting future prices of construction materials most susceptible to price
fluctuations in Nigeria.
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Introduction

Nigeria's infrastructure deficit has been and
remains a major impediment to her
economic growth. A leading rating agency
reported that Nigeria's infrastructure gap is
estimated at $3trn, six times its annual GDP
(Moody's Investors Service, 2020). The
World Bank (2021) reported that the
construction industry accounts for between
3 to 8 per cent of the Gross Domestic

Product (GDP) in developing countries.

Accordingly, the Nigerian Economic
Sustainability Plan (2020) contain a
programme expected to deliver up to
300,000 homes annually, with an average
growth of 5.36% between 2017 and 2020
using both private and public investment.
However, the increased inflation rate as well
as the COVID-19 pandemic, severely
affected the prices of construction materials,
resulting in a very high cost of building
materials and, consequently, poor

actualisation of the plan.

Construction cost has always been a primary
concern to project managers due to the fickle
nature of building materials' prices (Mir,
Kabir, Nasirzadeh & Khosravi, 2021).
Fluctuations in prices of building materials
are one of the major factors causing

deviations from the initial estimated cost.
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Furthermore, these fluctuations are
influenced by several factors, including
market conditions, energy prices and
macroeconomic variables. As a result, it
becomes more difficult to predict the
fluctuations in material prices owing to the
uncertain nature of these influencing

factors.

Several studies revealed that construction
practitioners are incapable of predicting the
future prices of building materials,
particularly during economic instability
(Shiha, Dorra & Nassar, 2020; Mir et al.,
2021). This inability of practitioners to
predict accurately the prices of building
materials can more often than not lead to
overestimation or underestimation of
building material prices, which eventually
may lead to cost and time overrun project
abandonment, amongst other forms of
project failure (Shiha, Dorra & Nassar,
2020). This clearly sign post a major
concern that needs to be addressed because
in a typical construction, materials take up to
50% of the total project cost (Alabi &
Fapofunda, 2021).

Efforts towards predicting the fluctuation in
building material prices have resulted in
modelling using country-specific factors

and, more importantly, using a variety of
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methodologies such as regression analysis,
Holt-winters exponential smoothing, Vector
error correction and Univariate ARIMA.
More recently, in order to boost accuracy
with increased forecasting period, efforts
have gravitated towards using artificial
neural networks to predict the fluctuations in
building material prices (Wong & Ng, 2010;
Shahandashti & Ashuri, 2016; Faghih &
Kashani, 2018; Hwang, 2011; Shiha, Dorra
& Nassar, 2020; Mir et al., 2021). Amongst
these efforts include neural network models
for the prediction of construction material
prices using macroeconomic indicators
(Shihaetal.,2020)and Miretal.,2021).

In Nigeria, following the dire influence of
inflation on construction material prices,
Olatunji (2010) and Oba (2019) have
assessed the impact of macro-economic
factors on construction material prices and
developed a model for predicting the future
price of cement. However, these efforts
result in suboptimal models, as several other
construction materials susceptible to price
fluctuations in Nigeria are yet to be
modelled.

As the impact of macroeconomic indicators
and other price fluctuation influencing
factors on the economies of various

countries differ, it is evident that existing

building material price prediction models
for materials susceptible to fluctuations are
context and country-specific and cannot be
used to predict construction material prices
in Nigeria accurately. This study thus
addressed how machine learning prediction
models can be used to accurately predict the
future prices of construction materials

susceptible to price fluctuations in Nigeria.

Literature Review

Construction Materials

Construction materials or building materials
can be used to develop any given
construction project (Alabi and Fapohunda,
2021). Such materials include cement, sand,
gravel, iron, bricks, and blocks. Akanni et al.
(2014) opined that construction materials
play an important role in building
construction as they serve as the major input
in developing construction projects. It has
been reported that building materials take
up to 50% of the total project cost (Alabi and
Fapofunda, 2021).

As a result, fluctuation in the prices of
building materials influences the rate of
project execution as well as the ability to
complete the project (Hasware et al., 2020;
Windapo and Cattell, 2012). These
fluctuations have become exacerbated by

the fact that a contractor cannot meet the
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requirements of various aspects of
construction work despite presenting the

right offer before project execution.

Consequently, it has become necessary to
identify materials whose prices change over
the course of a project so as to predict
materials' prices accurately. Although only a
few literature clearly specify the materials
susceptible to fluctuations, Table 1 shows
the list of materials that previous studies
have reported to be susceptible to price
fluctuation. Price prediction models have
been developed for these construction
materials over the years and across various

countries.

Although over twelve different materials
have been used in several studies, materials
such as cement, reinforcement, sand and
gravel were the most reoccurring materials

among researchers, as shown in Table 1.
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This clearly suggests that the prices of
concrete materials fluctuate more than all
other materials in construction projects. In
addition, Shiha et al. (2020) stated that
cement and reinforcement are the major
construction materials. Similarly, Hassanein
and Khalil (2006) reported that cement,
reinforcement and bricks are the main

material components in Egypt.

In line with the discussion above, Marzouk
and Amin (2013) assessed materials that are
susceptible to fluctuations. The study found
reinforcement bars, steel, blocks, cement
and aluminium to be the top five materials
susceptible to fluctuations. Marzouk and
Amin (2013) study has validated previous
studies since at least one material from the
top five materials found to be vulnerable to
fluctuations in their study was mentioned in

all previous studies.
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Factors Influencing Construction
Material Prices

Determining the factors affecting the price
of construction materials will help
determine the causes of construction
materials price fluctuations. Several studies
have explored various factors that influence

construction material prices (Kamaruddeen,
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Noor, & Wahi, 2020; Rajaprabha, Velumani,
& Jayanthi, 2016; Akanni, Oke, &
Omotilewa, 2014; Huan & Jianhua, 2013;
Windapo & Cattell, 2012; Oladipo & Oni,
2012; Braden, 2009). Table 2 summarises
these factors influencing construction
material prices as identified by authors

across a wide range of countries.

Table 2: Factors Influencing Construction Material Prices

S/No Factors

Authors/Year

Country

1 Interest Rate

2 Inflation Rate

3 Exchange Rate

4 Money Supply
5 Gross Domestic Product (GDP)
6 Consumer Price Index (CPI)

7 Lending Rate

8 Producer Price Index (PPI)
9 Stock Market Indices
10 Monetary Policy

11 Crude Oil Prices

Oladipo and Oni (2012); Huan and
Jianhua (2013); Kamaruddeen et al.
(2020)

Oladipo and Oni (2012); Huan and
Jianhua (2013); Danso and Obeng-
Ahenkora (2018); Kamaruddeen et al.
(2020)

Oladipo and Oni (2012); Huan and
Jianhua (2013); Akanni, et al. (2014);
Kamaruddeen et al. (2020)

Akintoye et al. (1998); Ng et al. (2004);
Ashuri et al. (2012)
Ng et al. (2004); Olatunji (2010)

Ashuri et al. (2012); Cao et al. (2015);
Ernest et al. (2019)

Ng et al. (2004); Olatunji (2010); Cao et
al. (2015)

Ashuri et al. (2012); Ernest et al. (2019)

Ashuri et al. (2012); Cao et al. (2015)

Huan and Jianhua (2013); Kamaruddeen
et al. (2020);

Windapo and Cattell (2012); Akanni,
Oke, and Omotilewa (2014); Danso and
Obeng-Ahenkora (2018)

Nigeria, China, Malaysia

Nigeria, China, Ghana,
Malaysia

Nigeria, China, Malaysia

United Kingdom, Hong Kong,
United States
Hong Kong, Nigeria
United States, Taiwan, Ghana
Hong Kong, Nigeria, Taiwan
United States, Ghana
United States, Taiwan

China, Malaysia

South Africa, Nigeria, Ghana
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Existing Predictive Models

Several studies in the past have adopted
time series analysis in developing models
for forecasting construction costs. The
models developed based on time-series
analysis have been broadly classified into
two. The first set of models is the univariate
time series analysis. A popular example is
the ARMA model promoted by Box and
Jenkins (Box and Jenkins 1976). Other
works that have forecasted construction
costs using the ARMA or its generalisations,
for instance, the ARIMA model, include
Ashurietal. (2012) and Wong et al. (2005).

However, the univariate time series models
have been noted to take only the historical
values of the variable under investigation
into account (Xu and Moon 2013). The
models fail to capture the basic change
drivers and also fail to appraise the
relationships between the dependent and
independent variables (Fan et al., 2011).
Hence, the time-series models are
unsuitable for formulating policies and

making decisions.

Moreover, the general applicability of the
univariate time series analysis is on short-
term forecasting, making it unsuitable for

the long-term forecast of construction

material prices (Jiang et al., 2013; Xu and
Moon, 2013; Wong and Ng, 2010). The
multivariate time series analysis is
employed for the second model category.
This has been applied in forecasting indices
of construction costs (Shahandashti and
Ashuri, 2015; Ashuri et al., 2012; Wong and
Ng, 2010; Ng et al., 2000; Akintoye et al.,
1998).

Xu and Moon (2013) developed a bivariate
Vector Autoregression (VAR) model for
forecasting indices of construction costs
(Xu and Moon, 2013). Shahandashti and
Ashuri (2016) employed a Vector Error
Correction (VEC) model to predict the
National Highway construction cost indices
in the United States. Faghih and Kashani
(2018) also used VEC to forecast the prices

of construction materials.

Several authors have used Neural Networks
in predicting cost index (Williams, 1994),
construction costs (Hegazy and Ayed,
1998), final cost (Pewdum et al., 2009),
duration (Pewdum et al., 2009), the impact
of economic conditions on the Construction
Cost Index (Cao et al., 2015); construction
material prices (Issa, 2000; OuYang, Zhang
& Hu, 2013; Shiha, Dorra & Nassar, 2020;
Miretal.,2021).
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Methodology

To achieve the aim of the study, a
quantitative approach was adopted where
data was sourced and analysed to develop
predictive models for construction material
prices. The various steps taken to achieve the

aim of'this study are discussed in this section

Data Collection

The study used factors influencing
construction material prices as
predictors/explanatory variables for
determining variations in construction
material prices. Factors influencing
construction material prices are statistics or
readings that reveal the production or output
of an economy, government, or sector. They
often fluctuate, resulting in continuous
changes in the prices of construction
materials. Hence, the decision to be similar
to several other previous studies makes use
of them as predictors/explanatory variables

in this study.

Over the years, several efforts have been
made to study how various factors affect the
cost of construction and tender price indices
in several countries. It was found that every
country's economic conditions are peculiar;
thus, each country has a set of unique
principal economic indicators affecting its

construction market. For the purpose of this

Ahmadu / Ibrahim / Abdulrahman / Jibril / Yamusa

study, similar to Shiha et al. (2020), an
extensive review of extant literature and
availability of data formed the basis for the
factors influencing construction material
prices as well as construction materials
considered for the construction material

price model development.

Essentially, a total of twelve (12)
construction material price influencing
factors were considered for this study,
namely Interest Rate, Inflation Rate,
Exchange Rate, Money Supply, Gross
Domestic Product (GDP), Consumer Price
Index (CPI), Lending Rate, Producer Price
Index (PPI), Stock Market Indices,
Monetary Policy, Crude Oil Prices. Also,
three (3) construction materials were
considered for the study: steel trusses,

reinforcement and Portland cement.

The Nigerian Bureau of Statistics (NBS),
the Central Bank of Nigeria (CBN) as well
as vendors were the main sources where data
relating to both sets of variables
(construction material price influencing
factors and construction material prices)
were obtained for this study. Similar to
previous studies (Marzouk & Amin, 2013;
Shiha etal., 2020), data retrieved from these
sources spanned a period of 10 years (2012
to 2021). This period was used as it had
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numerous economic and political
volatilities, which include the 2016 and
2020 economic recessions, the global
economic crisis due to COVID-19, capital
outflows, intensified risk aversions, low oil
prices, and shrinking foreign remittances
(World Bank Group, 2021). A total of 120
material price influencing factor data points
were obtained within the study period

(monthly data for ten years).

Model Development

The construction material price influencing
factors and construction material price data
were partitioned into training and testing.
This is similar to Rafiei and Adeli's (2017)
and Rafiei and Adeli (2018b) studies. The
data partitioning was done in the ratio of
85:15 for training and testing, respectively.

Thereafter, using the Python programming

Table 4: Summary of Network Architectures

language on Spyder version 3.6 software, a
combination of supervised and
unsupervised learning tools were utilised for

the data training/model development.

The combination of supervised and
unsupervised learning tools addresses the
requirement for extensive training data,
thereby increasing the accuracy and
performance of a predictive model (Rafiei &
Adeli, 2018a; Shiha et al., 2020). For this
study, the supervised learning tool used was
a neural network, specifically, the Back
Propagation Neural Network (BPNN). At
the same time, the unsupervised learning
tool used was Autoencoder. Table 4
summarises the network architectures,
which capture the input layer, hidden layers,
output layer, and the number of iterations for

each network architecture.

Model Input Layer Hidden Hidden Hidden Output Number of
Layer 1 Layer 2 Layer 3 Layer Iterations
Autoencoder- 32 24 8 24 32 500
BPNN
BPNN-only 64 32 8 NA 1 200
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The Autoencoder is an unsupervised
learning algorithm capable of discovering
structure in a dataset. The Autoencoder
constitutes layers of a neural network and
learns through an iterative process. The
layers function by simulating the learning
pattern of the human brain's neural layers.
They extract features via received
perceptions and reconstruct them numerous
times consecutively. The BPNN, on the
other hand, fine-tunes the weights of the
neural network by feeding a forward
propagation error rate backwards through
neural network layers. In this study, training

the proposed algorithm started by using the
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Autoencoder to extract patterns from the
dependent variables of the training dataset.
The features are extracted in the output layer
of the Autoencoder network and fed to train
in the BPNN network. The output of the
BPNN network is the building material
prices. The network architecture of the
Autoencoder is represented in Figure 1,
while that of the BPNN is represented in
Figure 2. The Autoencoder-BPNN model
starts in Figure 1 and ends in Figure 2, where
the output from Figure 1 serves as the input
for Figure 2. For the BPNN-only model, it
starts directly in Figure 2.

#7
7 ;"'
Code o P \ /
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Figure 1: Autoencoder network architecture.
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input layer

hidden layer 1

hidden layer 2 output layer

Figure 2: BPNN network architecture.

Testing the Model/Algorithm

After the training, the model was introduced
to the testing dataset, constituting 15% of
the entire dataset. The model is seeing the
testing dataset for the first time. Hence, its
predictive performance was validated by

comparing the predicted and actual prices of

the building material prices using the mean-
square error (MSE).

Implementation

The developed model was implemented in
Python using a Laptop (Intel(R) Core (TM)
15-8250U CPU @ 1.60GHz 1.80 GHz).
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The steps for the Autoencoder-BPNN models development are summarised in Figure 3.
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Figure 3: Steps for developing the proposed model.
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Results and Discussions

This section presents the results of the
models developed. The results of the
Autoencoder-BPNN models as compared to
the BPNN-only model for each material, are
captured in Table 5. However, Figures 4-9
capture the actual and validation loss of the
materials' Autoencoder-BPNN model and
BPNN-only models. The MSE and
Accuracy for only Reinforcement show a
better accuracy for the Autoencoder -BPNN
over the BPNN-only model.

For all other situations, i.e., Cement and
Steel, the BPNN model has a better
performance than the Autoencoder-BPNN.

This is as opposed to the study of Rafiei and
Adeli (2018b), whose encoder-BPNN
model performs better than the BPNN-only
model. The training was done using 500
iterations each for the Autoencoder-BPNN,
and 200 iterations for the BPNN-only
model. The Autoencoder-BPNN has
accuracy ranging from 82.04% to 96.92%.
The BPNN-only model, on the other hand,
has accuracy ranging from 92.87% to
98.69%. From the results, the
Reinforcement price prediction performs
better with the Autoencoder-BPNN. For the
Cement and Steel price prediction, the
BPNN-only models have better

performance.
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Table 5: Top five combinations of the predicted values, MES and accuracy for the
Autoencoder-BPNN are compared to the BPNN-only models

BPNN only Autoencoder-BPNN
MSE MSE
Material Actual Predicted (Accuracy %) Predicted (Accuracy %)
0.0155 0.0811
2,550.00 2,554.58 (98.45) 1.831.44 (91.89)
0.014 0.1024
2,550.00 2,757.81 (98.60) 1,780.00 (89.76)
0.0187 0.1237
Cement 1,400.00 1,490.47 (98.13) 2,002.24 (87.63)
0.0211 0.107
2,600.00 2,605.77 (97.89) 2,060.49 (89.30)
0.0207 0.0839
2,550.00 2.439.17 (97.93) 2,012.89 (91.61)
0.0166 0.1079
10,500.00 10,537.83 (98.34) 9,564.02 (89.21)
0.0159 0.1592
13,800.00 13,717.43 (98.41) 10,278.84 (84.08)
0.0131 0.1562
Steel 8,500.00 8,428.53 (98.69) 10,395.05 (84.38)
0.0142 0.1294
10,100.00 10,046.13 (98.58) 9,648.86 (87.06)
0.0191 0.1796
10,900.00 10,643.94 (98.09) 9,962.91 (82.04)
0.0513 0.0308
147,500.00 160,544.89 (94.87) 204,531.33 (96.92)
0.0519 0.0391
234,000.00 234,882.19 (94.81) 203,006.44 (96.09)
' 0.0605 0.0494
Reinforcement  98,000.00 103,272.13 (93.95) 180,447.33 (95.06)
0.0713 0.0689
155,000.00 182,632.47 (92.87) 204,638.70 (93.11)
0.0696 0.0494
180,000.00 179,967.64 (93.04) 202,709.17 (95.06)
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Figure 4: Cement actual loss vs. validation loss (BPNN only)
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Figure 7: Steel actual loss vs. validation loss (Autoencoder-BPNN)
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Figure 9: Reinforcement actual loss vs. validation loss (Autoencoder-BPNN)

Conclusion

Incessant fluctuations in prices of
construction materials often lead to cost
overruns and project abandonment.
Nonetheless, accurately predicting the
future price of construction materials
susceptible to changes facilitates efficient
cash flow management of a construction
project, reducing the risk of cost overrun and

projectabandonment.

This study developed machine learning

prediction models for construction materials

susceptible to price fluctuations in Nigeria,
using a combination of supervised and
unsupervised learning approaches. The
models were developed using a dataset
consisting of twelve construction material
price influencing factors as independent
variables and construction material prices
for reinforcement, steel and cement as the

dependent variables.

The dataset was collected for a period of 10
years every month. An Autoencoder-BPNN
model and a BPNN-only model were

ATBU Journal of Environmental Technology 16, 1, June, 2023 37



Developing Machine Learning Prediction Models for
Construction Material Prices in Nigeria

developed for each construction material.
Validation of the models revealed that the
Autoencoder-BPNN model performs better
than the conventional BPNN-only model for
the Reinforcement price prediction, while
the BPNN-only model performs better for

Cement and Steel price prediction.

As previous attempts to predict the future
price of construction materials susceptible
to price fluctuations in Nigeria focused only
on cement, the developed models for
reinforcement and steel using a novel
approach represent the new knowledge this

study contributes to the existing literature.

The models are prediction tools that depend
on artificial neural networks' predictive
supremacy via historical trends learning.
They put forward a new course for the
prediction of construction materials
susceptible to price fluctuations in Nigeria.
They are expected to assist both client
quantity surveyors and contractors in
coming up with more accurate estimates of
future construction material prices that are
to be relied upon for efficient cash flow
management of construction projects in

Nigeria.

As the models were developed using price

influencing factors whose impact on the

economies of various countries differ, the
applicability of models is limited to only the
region where data for the study was

collected.
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