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Abstract: The construction industry is heavily influenced by the volatility of material prices, which
can significantly impact project costs and budgeting accuracy. Traditional econometric methods
have been challenged by their inability to capture the frequent fluctuations in construction material
prices. This paper reviews the application of data-driven techniques, particularly machine learning,
in forecasting construction material prices. The models are categorized into causal modeling and
time-series analysis, and characteristics, adaptability, and insights derived from large datasets are
discussed. Causal models, such as multiple linear regression (MLR), artificial neural networks (ANN),
and the least square support vector machine (LSSVM), generally utilize economic indicators to predict
prices. The commonly used economic indicators include but are not limited to the consumer price
index (CPI), producer price index (PPI), and gross domestic product (GDP). On the other hand,
time-series models rely on historical price data to identify patterns for future forecasting, and their
main advantage is demanding minimal data inputs for model calibration. Other techniques are also
explored, such as Monte Carlo simulation, for both price forecasting and uncertainty quantification.
The paper recommends hybrid models, which combine various forecasting techniques and deep
learning-advanced time-series analysis and have the potential to offer more accurate and reliable
price predictions with appropriate modeling processes, enabling better decision-making and cost
management in construction projects.

Keywords: construction materials; construction cost; construction management; price forecasting;
data-driven modeling

1. Introduction

In general, construction cost items can be classified into four main components: con-
struction materials, equipment, labor, and administrative expenses [1]. Construction
material prices, along with their fluctuations, significantly influence project bid prices and
ultimately impact the overall project cost [2–4]. In large construction projects, material
costs can represent a substantial portion, sometimes up to 60–70%, of the total project
cost [5,6]. As a result, the accurate estimation of material costs is fundamental to effective
construction cost estimation and project management [7,8]. In other words, predicting
future trends in construction material prices is essential for accurate project budgeting and
bidding processes [9].

However, the construction industry grapples with the inherent volatility of material
prices, as presented in Figure 1. Fluctuations in prices of essential construction materials
such as steel, cement, asphalt, gravel, sand, and concrete are commonplace, driven by
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factors like raw material prices, energy costs, and market conditions [10–12]. These fluctua-
tions pose challenges for project managers and bidders alike, making the task of material
cost estimation complex and often prone to errors [13]. At the same time, the traditional
econometric methods are generally reported to fail to capture the frequent changes in
construction materials prices due to economic events [14,15].
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To address these challenges, data-driven techniques have emerged as a crucial tool
for construction materials price forecasting [16–18]. These techniques leverage past data to
model and predict future material prices, offering insights into potential price trends and
fluctuations. They often fall under the categories of “machine learning” and “deep learning”
and have been actively applied to relevant studies over the last two decades [19–21]. Presently,
the data-driven forecasting models in the field of construction economics can broadly be
classified into two categories: causal modeling and time-series analysis.

Causal models, such as multiple linear regression (MLR) and artificial neural network
(ANN) models, analyze historical data alongside independent variables to forecast con-
struction material prices [21]. Despite their widespread application in construction research,
these causal models face challenges in accurately predicting future values of explanatory
variables, often leading to estimation errors and high requirements on explanatory variables.

In contrast, time-series models rely solely on historical observations of construction
material prices to forecast future values [22–24]. By identifying meaningful patterns and
characteristics in the historical data, time-series models offer a cost-effective approach to
price forecasting, requiring minimal data inputs for model calibration.

While numerous models exist for forecasting construction materials prices, a compre-
hensive synthesis and evaluation of these approaches are still lacking. Most current studies
focus on developing or refining individual models, often emphasizing specific data sets or
forecasting techniques. However, there is a need for a thorough review that consolidates
these diverse methodologies, identifies common strengths and weaknesses, and highlights
key trends and gaps in the literature. Such a synthesis would not only provide valuable
insights into the most effective data-driven approaches but also guide future research
efforts in addressing the persistent challenges in construction materials price forecasting.

In this paper, we delve into the importance and challenges of construction materi-
als price forecasting, emphasizing the necessity of data-driven methodologies. We aim
to summarize the characteristics of each data-driven approach, highlighting their adapt-
ability and emphasis on leveraging large datasets to extract valuable insights. Through
a comprehensive review of data-driven methodologies, we expect to contribute to the
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advancement of accurate and reliable construction materials price forecasting, enabling
better decision-making and cost management in construction projects.

2. Research Methodology

To reach a deep understanding of data-driven construction materials price forecasting,
a systematic literature review methodology was applied to ensure clarity of communication,
internal validity, and transparency. The methodology consists of the following three steps:
(1) definition of the review question, (2) article search and selection with specific inclusion
criteria, and (3) analysis and results, which were presented subsequently in Figure 2.
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In the first step, the review question of this study was defined as follows: What data-
driven modeling techniques have been used to forecast the construction materials price?

In the second step, the relevant studies were collected from the Google Scholar
database, with “price forecasting” and “construction materials” as the two keywords
for the search. The rationale behind selecting these two keywords at the first step was that
they were most closely related to the topic. With a comprehensive list of potentially relevant
papers, further efforts were made to scan and examine each paper’s title, keywords, and
abstract. If the paper was unrelated to data-driven construction materials price forecasting,
it would be eliminated. After that, the references of the remaining papers were checked to
include other relevant papers that were missing, and a more comprehensive list was made.
Note that this step was necessary for the research methodology since it could help find the
missing papers with keywords similar to the selected two, such as “price prediction” and
“building materials”. Finally, a total of 60 papers on this topic were selected.

After the step of article selection, the papers were further reviewed, especially the
methodology and results section, to identify the specific data-driven modeling techniques
used in each paper, and the results can be seen in the following section.

3. Results and Analysis
3.1. Causal Modeling

As mentioned above, the causal models generally forecast the construction material
price (as the explained variable) based on a series of explanatory variables [25]. In most
cases, these explanatory variables are independent from each other. Since construction
economics is, in fact, a branch of general economics, these explanatory variables are
generally economic indicators, especially macroeconomic indicators [26–29].

The primary economic indicators used in the causal modeling studies related to
construction economics issues, including the prediction of construction material price,
construction cost index, and tender price index, are summarized in Table 1. Furthermore,
the relevance of representative economic indicators—namely, the most used ones in the
literature—to the construction materials price is also described in detail in Table 2.
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Table 1. Primary economic indicators identified in relevant literature to construction economics.

Economic Indicator Explained Variable Country/Region References

Consumer price index (CPI) Construction material price; Construction
Cost Index; Tender Price Index

United States; Taiwan; Ghana;
Hong Kong; Egypt; Nigeria [11,22,27,29–36]

Producer price index (PPI) Construction material price; Construction
Cost Index; Tender Price Index

United States; Australia; Ghana;
Egypt [27,29,36–38]

Foreign exchange rate Construction material price; Construction
Cost Index; Tender Price Index

Nigeria; Ghana; Hong Kong;
Egypt; Nigeria; China [9,12,29–31,36,37,39]

Inflation rate Construction material price; Construction
Cost Index; Tender Price Index

United Kingdom; Nigeria; Egypt;
China [12,26,30,37,39]

Lending rate Construction material price; Construction
Cost Index; Tender Price Index

Nigeria; Hong Kong; Australia;
Ghana; Egypt [11,12,29–31,33,36,38]

Money supply (M2)/Monetary
policy

Construction material price; Construction
Cost Index; Tender Price Index

United States; Hong Kong; United
Kingdom; Egypt [11,26,27,33,37,40]

Unemployment rate Construction material price; Construction
Cost Index; Tender Price Index

United States; Hong Kong; United
Kingdom; Egypt [11,26,27,32,33,36–38]

Employment rate Construction material price Egypt [34,37]

Employment in construction Construction material price; Construction
Cost Index United States [32,34,35]

Gross domestic product (GDP) Construction material price; Construction
Cost Index; Tender Price Index

United States; Hong Kong; Egypt;
Nigeria [11,27,30,36,37,41]

GDP-construction Construction material price; Tender Price
Index Hong Kong; Egypt [11,37,41]

GDP growth rate Construction Cost Index; Tender Price Index Hong Kong; Nigeria [12,33]

Implicit GPD deflator Construction Cost Index; Tender Price Index United States; Hong Kong [11,27,35]

Crude oil price Construction Cost Index Nigeria; United States; Taiwan [12,27,31]

Average hourly earnings Construction material price; Construction
Cost Index United States [32,34,35]

Foreign reserves Construction material price Egypt [36]

Interest rate Construction material price Nigeria; Egypt; China [9,30,37,39]

Stock market index Construction Cost Index; Tender Price Index United States; Taiwan [27,31]

Balance of payment Construction material price Egypt; Nigeria [37,42]

Building cost index Tender Price Index Hong Kong [33,41]

Building permits Construction material price; Construction
Cost Index United States [32,34,35]

Dow Jones industrial average Construction material price United States [27,31,34,35]

Export Construction material price Egypt; Nigeria [37,42]

External debt Construction material price Egypt; Nigeria [37,42]

External reserve Construction material price Egypt; Nigeria [37,42]

Housing starts Construction material price; Construction
Cost Index United States [32,34,35]

Import Construction material price Egypt; Nigeria [37,42]

Industrial production Construction material price Egypt [37]

National expenditure Construction material price Egypt [28,37]

National revenue Construction material price; Construction
Cost Index United States; Egypt [27,37]
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Table 2. Relevance of representative economic indicators to construction materials price.

Economic Indicator Relevance to Construction Material Price

Consumer price index (CPI) CPI changes reflect broader economic conditions that can impact demand, production costs,
and, ultimately, material prices within the construction sector.

Producer price index (PPI) PPI reflects changes in the prices received by producers for their output, including materials
used in construction, thus impacting the cost structure of construction projects.

Foreign exchange rate Fluctuations in exchange rates can affect the cost of imported materials used in construction,
thereby impacting overall material prices in the market.

Inflation rate
Higher inflation rates often result in increased production costs, transportation expenses,
and demand-driven price pressures, ultimately leading to higher prices for
construction materials.

Lending rate Changes in interest rates can impact construction activity, investment decisions, and overall
demand for materials, consequently affecting their prices.

Money supply (M2)/Monetary
policy

Changes in the money supply can affect overall economic activity, including construction
demand, which in turn can impact material prices through demand–supply dynamics.

Unemployment rate Higher unemployment may signal decreased demand for construction projects, potentially
leading to lower material prices due to reduced demand pressure in the market.

Gross domestic product (GDP) GDP growth reflects overall economic activity, impacting construction demand and
investment, thereby influencing material prices through demand-supply dynamics

It should be noted here that in terms of predictive modeling, one of the main as-
sumptions was that the selected input variables should be independent from each other.
However, this issue was often neglected by most research works on this topic. In some stud-
ies, the explanatory variables were directly dependent. For these cases, the variables are
generally selected as the historical construction material prices. In other words, historical
prices, such as the prices in the last 6 months, are used as explanatory variables to predict
the price in the next month. In this case, the selection of variables was questionable, and
this type of model should be classified into the category of time-series analysis in essence.

The causal models used in existing relevant literature generally fall into the category
of supervised machine learning, in which historical observations serve as inputs (features)
alongside corresponding outcomes (labels) [43]. By analyzing these data points, the algo-
rithm learns patterns and relationships, allowing it to make predictions on unseen data. In
construction materials price forecasting, historical price data alongside relevant explanatory
variables, such as economic indicators, serve as outputs and inputs to train the model.

A crucial step in causal modeling is data preparation and feature engineering. This
involves preprocessing historical data to remove noise, handle missing values, and nor-
malize features to ensure uniformity. Additionally, feature engineering entails selecting
and engineering relevant features that capture underlying patterns and trends in construc-
tion materials prices. For example, feature selection is normally carried out by finding
the contribution of each explanatory variable to the models’ precision and then eliminat-
ing unnecessary and repetitive variables while also maintaining the most beneficial ones.
Standardization is also employed as a necessary step before feature selection since the
explanatory variables generally have different magnitudes of order, and using them as-is
might result in the ones with small magnitudes being overlooked.

In the process of model algorithm selection and training, supervised machine learning
offers a diverse range of algorithms suited for construction materials price forecasting tasks.
They range from the simplest MLR model to more complex ANN with strong nonlinear
mapping ability and fault tolerance capability. The selection of an appropriate algorithm
depends on the size of the price dataset and the desired interpretability of the model. Once
an algorithm is chosen, the model is trained on historical price data using gradient descent
or stochastic optimization to minimize prediction errors.
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After training the causal model, it is essential to evaluate its performance and ensure
its generalizability to unseen data. This is achieved through techniques such as cross-
validation, where the dataset is divided into training and validation sets multiple times to
assess the model’s performance across different data splits. Metrics such as mean absolute
prediction error (MAPE), mean absolute error (MAE), mean squared error (MSE), root mean
square error (RMSE), and coefficient of determination (R-squared) are commonly used to
quantify the model’s accuracy and reliability in construction materials price forecasting.
Once validated, the causal models can be deployed to forecast future material prices based
on new data inputs.

Regarding the causal modeling of construction materials price, most existing studies
proposed a single-point estimate for the price. Deterministic point predictions for the
material price, however, are probably unreliable due to the various sources of uncertainty
affecting the prediction results. To quantify the uncertainties, some researchers proposed
to generate forecasting intervals (including the upper and lower bound of price) in a
probabilistic form for construction materials price instead of a single point [44]. Therefore,
in the next section, we will separately introduce both the deterministic point prediction
and probabilistic interval prediction methods.

3.1.1. Point Prediction

In the algorithm list of causal models for point prediction, MLR is a linear statisti-
cal strategy for investigating the relationships between construction materials price and
multiple independent explanatory variables [45].

For example, Hosny et al. employed MLR models to improve the forecasting of
construction materials prices in Egypt by comparing their performance with the autore-
gressive integrated moving average (ARIMA) [37]. The authors collected historical price
data for steel, cement, brick, ceramic, and gravel and identified 19 economic indicators
that potentially influence these prices, such as GDP and unemployment rate. The research
methodology involved four main processes: determining the long-term price trend and
relevant indicators, validating model performance through out-of-sample projections, com-
paring results, and recommending the best-fitting model for each material type. The results
indicated that ARIMA models were more accurate in predicting construction material
prices, with a MAPE ranging from 1.4% to 2.8%. As a comparison, the range of MAPE
for the MLR models was from 3% to 21%. This suggested that ARIMA was better suited
for capturing the time-series nature of the price data, which was essential for accurate
forecasting. The authors also acknowledged the limitations of their research, noting that the
chosen indicators in MLR might not be exhaustive and that further research could explore
additional indicators to improve forecasting accuracy. Similarly, Afolabi and Abimbola
developed a web-based platform that used MLR algorithms to predict future prices of
cement products in the Nigerian construction industry [46]. The model was trained on
historical data of cement prices, petrol prices, diesel prices, interest rates, and exchange
rates, achieving an 80% fit in linear regression. The rationale behind the prediction shown
by the scatter plot diagram revealed that the cement increases by 250 naira biannually.
Besides, when petrol prices increase by 20 naira, the interest rate increases by 1%, diesel
prices increase by 50 naira, the exchange rate increases by 25 naira, and cement prices
increase by 250 naira.

Owing to its capability of nonlinear fitting, the ANN algorithm has become a preferred
choice of researchers for causal modeling of construction materials price [47–49]. The
structure of a typical ANN algorithm can be seen in Figure 3.
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Shiha et al. provided predictive tools for construction material (including steel rein-
forcement bars and Portland cement) prices 6 months ahead in Egypt by leveraging the
ANN based on macroeconomic indicators [36,50]. The research identified leading economic
indicators that influenced steel and cement prices first, including the lending rate, foreign
reserves, foreign exchange rate, CPI, unemployment rate, GDP, and PPI. The models are
then trained and tested using historical data from 2008 to 2018, a period marked by eco-
nomic and political instabilities in Egypt. The developed ANN models showed promising
results in predicting month-to-month variations in material prices while having MAPE that
ranges from 4.0% to 11% for the different models. The paper also discussed the limitations
of traditional econometric methods and time-series analysis in capturing sudden price
changes due to economic shocks. The authors argued for the superiority of ANN models in
such scenarios, highlighting their ability to learn from complex, nonlinear relationships
and historical trends.

Ahmadu et al. also developed ANN models for construction material prices in Nigeria,
focusing on materials susceptible to price fluctuations [30]. Utilizing a dataset from the
Nigerian Bureau of Statistics (NBS), Central Bank of Nigeria (CBN), and vendors, the
researchers employed a combination of ANN and Auto-encoder to create models for
steel trusses, reinforcement, and Portland cement prices. The models were trained and
tested using a 10-year monthly dataset, capturing significant economic changes. A total of
12 construction material price-influencing factors were considered for this study: Interest
Rate, Inflation Rate, Exchange Rate, Money Supply, GDP, CPI, Lending Rate, PPI, Stock
Market Indices, Monetary Policy, and Crude Oil Prices. Also, three construction materials
were considered for the study, including steel trusses, reinforcement, and Portland cement.
The results indicated that the Autoencoder-ANN model achieved an accuracy range of
82.04% to 96.92% and was most effective for reinforcement price prediction. Conversely,
the ANN-only model, with an accuracy range of 92.87% to 98.69%, was more accurate for
steel and cement prices. The study suggested that these models could support more precise
estimates of construction material prices, aiding in the efficient financial management
of construction projects in Nigeria. It also opened avenues for further research into the
development of hybrid models that might offer improved accuracy.

Marzouk and Amin proposed the use of fuzzy logic to identify construction materials
that are most sensitive to price changes at first and ANN to predict future price changes
subsequently [51]. This dual approach was innovative as it combined the subjective
assessment capabilities of fuzzy logic with the predictive power of neural networks. The
research was based on material price changes in the Egyptian market from 2000 to 2010,
which were sourced from the Central Agency for Public Mobilization and Statistics in Egypt.
To be specific, this methodology involves several steps, including identifying common cost
items, determining the percentage of each component in the cost item, and applying fuzzy
logic to assess the importance of materials with respect to price changes. ANNs are then
used to predict future prices based on historical data. To estimate the price index for a
given month, two inputs are considered: (1) the price index of the last month and (2) the
average general number of the last year. These inputs enable the correct representation of
the characteristics of the problem, which affects the final cost of construction. The output
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from the NN model is the price index for the next month. The results indicated that the
following materials possessed the highest impact on cost item prices: reinforced concrete
(reinforcement bars), block works (blocks), insulation works (insulation materials), ceramic
works (ceramic), wood works (wood), aluminum works (aluminum), tiles work (tiles), steel
works (steel), and marble works (marble). Meanwhile, the training errors obtained from
the neural network model ranged from 0.37 to 37.07 for the different elements, whereas the
testing errors ranged from 0.04 to 36.12. The performance of ANN was compared with the
MLR analysis. It was revealed that the ANN technique outperformed regression analysis
with respect to the estimated error in the expected increase of the project’s elements cost.
Finally, the authors demonstrated the model’s effectiveness through a numerical example
of a housing project, showing how the model can predict future prices and adjust project
costs accordingly.

Except for the ANN algorithm with the independent explanatory variables as inputs,
several studies proposed a feed-forward time-delay neural network (TDNN) algorithm with
different selection ideas of inputs. For this special type of ANN, the historical price data
are used as inputs to the neural network to achieve the rolling forecasting of construction
materials price. For example, use the market price of January, February, March, and April to
forecast the fifth month’s market price, and use the market price of February, March, April,
and May to forecast the sixth month’s market price, and so on. Finally, use the market price
of June, July, August, and September to forecast the 10th month’s market price.

Ouyang et al. explored the use of TDNN for predicting steel prices, and they used the
rolling forecast method to forecast the steel price, which was to use the first four months’
market price to forecast the fifth month’s price [52]. The proposed model was designed to
learn from historical price data and adjust its weight values to minimize output error. The
results of the study showed that the TDNN model had a strong nonlinear mapping ability
and fault tolerance, making it a reliable tool for predicting material price trends.

Jha and Sinha also presented a comparative study between the TDNN and ARIMA
models for forecasting agricultural commodity prices, specifically oilseeds in India [53]. The
authors argued that while ARIMA models are widely used, their linearity assumption limits
their ability to capture nonlinear patterns in product prices. The paper emphasized the data-
driven characteristic of the TDNN model, which did not require a priori assumptions about
the data’s functional relationship. Results indicated that the TDNN model outperforms the
ARIMA model in terms of RMSE for nonlinear price series, suggesting its superiority for
short-term price forecasting. The study also finds that the TDNN model is more effective at
predicting the direction of price changes, which is valuable for understanding economic
trends and making informed decisions in the market.

Kamaruddin et al. aimed to identify the most effective forecasting model for estimat-
ing the cement price index in Malaysia [54,55]. They adopted three common forecasting
methods: trendlines (e.g., linear, logarithmic, polynomial), economic models (e.g., Expo-
nential Smoothing, Holt-Winter’s Additive, and Single Moving Average), and ARIMA.
At the same time, they compared those methods with TDNN using historical data. The
research utilized monthly cement index data from 2005 to 2011 for Peninsular Malaysia
and from 2003 to 2011 for Sabah and Sarawak. The TDNN model, with its linear transfer
function, was found to produce the most accurate results based on RMSE. The paper also
recommended further research into hybrid models and other neural network architectures
to potentially enhance forecasting accuracy.

Except for ANN, Tang et al. introduced an advanced forecasting method for con-
struction material prices using a combination of the least squares support vector machine
(LSSVM) with an improved particle swarm optimization (IPSO) algorithm [56]. Among
them, the LSSVM model was chosen for its ability to handle nonlinear regression problems,
and its parameters were optimized using the IPSO algorithm to improve its performance
and generalization ability [57]. The authors addressed the limitations of standard PSO,
such as the tendency to fall into local optimum and premature convergence, by introducing
average particle distance and fitness variance to enhance the algorithm. LSSVM was used to
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train the historical data of steel prices and predict the price in the next six months. The pro-
posed IPSO-LSSVM model was tested using historical data on steel prices in Guilin, China,
and the results were compared with other forecasting methods, as presented in Figure 4.
The findings indicate that the IPSO-LSSVM model had superior predictive accuracy, with a
MAPE of 2.11% and an MSE of 2.44%. Compared with other traditional forecasting methods
such as ANN, time-series prediction, and MLR, the proposed method has the advantages
of high prediction precision, fast convergence rate, and good generalization ability.
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3.1.2. Interval Prediction

In terms of construction materials price forecasting, the uncertainty is inescapable,
but a better estimation of uncertainty results in better management and greater profitabil-
ity. Therefore, some studies were motivated to predict the price interval to account for
uncertainties instead of the single price point.

Mir et al. recognized that traditional machine-learning techniques often fall short
due to the high uncertainties associated with material prices [44]. To overcome this, they
proposed an ANN-based method to quantify uncertainties and generate forecasting inter-
vals for construction material prices, specifically for asphalt and steel in the US market.
The methodology employed the optimal lower upper bound estimation (optimal LUBE)
method to train ANN for direct interval generation, as presented in Figure 5. The paper
also discussed using the PPI as a proxy for material price, which was a pragmatic approach
given the variability in material prices based on location.
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The research methodology involves a thorough literature review to identify influential
factors on material prices, data collection from reliable sources, and the application of the
proposed ANN-based interval forecasting method to predict the PPI for asphalt and steel.
The prediction results are compared with traditional ANN-based single-point estimates and
regression analysis to validate the proposed method’s effectiveness. The findings revealed
that the proposed method outperformed traditional forecasting techniques, offering more
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accurate prediction intervals for material prices with the narrowest prediction intervals and
highest reliability. The interval forecasts provided a range within which the actual material
cost is expected to fall, with a specified confidence level, as presented in Figure 6.
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Overall, the ANN-based interval forecasting method demonstrated a new direction
for construction materials price forecasting studies and offered a robust tool for managing
price uncertainties. This approach was particularly beneficial for project managers who can
make better-informed decisions about cost management and risk mitigation.

3.2. Time-Series Analysis

As another approach for construction materials price forecasting, time-series analysis
focuses on studying the behavior of a variable (e.g., material prices) over discrete time
intervals. It considers how a variable evolves over time, capturing trends, seasonal patterns,
and irregular fluctuations. This temporal perspective allows stakeholders to uncover
underlying patterns and dynamics that may influence future price movements. Time-
series analysis can be classified into univariate and multivariate time-series analyses.
Among them, univariate time-series analysis focuses on analyzing the behavior of a single
variable, such as material prices, over time. In contrast, multivariate time-series analysis
extends beyond the confines of a single variable, considering the interrelationships and
dependencies among multiple variables over time. In general, the univariate time-series
methods are more suitable for short-term predictions, and the multivariate time-series
methods are more costly in terms of their analysis and prediction process.

3.2.1. Univariate Time-Series Analysis

The univariate time-series analysis approach seeks to uncover patterns, trends, and sea-
sonal fluctuations inherent in the data without considering the influence of other variables.
Techniques commonly employed in univariate time-series analysis include autoregres-
sive moving average (ARMA), ARIMA, and seasonal ARIMA. The overall workflow of
univariate time-series analysis is described in Figure 7.
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It should be noted that in conducting any econometric analysis, it is important to
understand whether the data at hand exhibits stationary or nonstationary characteristics.
A stationary time-series analysis is a stochastic process whose statistical properties, such
as mean or variance, remain constant over time. If a time-series analysis is nonstationary
(economic series are often nonstationary), however, it can frequently be transformed into
a stationary process by differencing the data set (referred to as a differenced stationary
process); the number of times it takes to difference the process until it becomes stationary is
referred to as the order of integration. Two of the more common tests that can be used for
quantifying the order of integration of a process are the augmented Dickey–Fuller (ADF)
and Phillips–Perron (PP) tests.

Similar to the point prediction and interval prediction in causal modeling, the uni-
variate time-series analysis can also be performed with or without the consideration of
uncertainty. For the case without considering uncertainty, the conventional ARMA, ARIMA,
and seasonal ARIMA are employed to forecast construction materials prices with some
underlying assumptions (e.g., the residuals of the model follow a white-noise process and
are not statistically significant). In contrast, the univariate time-series analysis considering
uncertainty aims to not only forecast the price but also measure the uncertainty associated
with the price fluctuations. Meanwhile, the autoregressive conditional heteroscedasticity
(ARCH) and generalized autoregressive conditional heteroscedasticity (GARCH) models
are employed, which are well-suited for analyzing financial time-series data that exhibit
volatility clustering.

In terms of univariate time-series analysis without uncertainty consideration, for
instance, Ilbeigi et al. characterized the variations in asphalt prices and developed multiple
time-series forecasting models that predict future prices [58]. The authors analyzed the
monthly asphalt cement price index data from Georgia over an 18-year period and identified
the time-series data as autocorrelated and nonstationary, without a strong seasonal pattern.
In four univariate time-series models, including Holt Exponential Smoothing (ES), Holt–
Winters ES, ARIMA, and seasonal ARIMA, the ARIMA and Holt ES models prove to be the
most accurate, with errors of less than 2%. Out-of-sample forecasting validates the models’
applicability, with all models demonstrating less than 4% error rates in predicting future
asphalt prices.

Hwang et al. also introduced an Automated Time-Series Material Cost Forecasting
(ATMF) system [59]. This system is designed to address the need for a simplified and
automated process for forecasting the cost escalations of numerous construction materi-
als. The system is built on the ARIMA model and is automated to select the best-fitting
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forecasting model and extract forecast values, as presented in Figure 8. The research was
commendable for its innovative approach to integrating auto-selected procedures and
an auto-extracting module within the ATMF system. This system was evaluated using
out-of-sample forecasts for three types of construction materials: high-tensile rebar, H-type
steel beam, and ready-mixed concrete. The results demonstrated the system’s effectiveness,
with MAPE values indicating a robust forecasting capability.
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Similarly, Yao et al., adopted an Ensemble Empirical Mode Decomposition (EEMD)
method combined with the ARIMA model and Radial Basis Function (RBF) neural network
to forecast cement prices [60]. This integration of EEMD was particularly noteworthy as it
addressed the complexity of price fluctuations by decomposing the time-series data into
intrinsic mode functions and residuals, which were then analyzed and predicted using
different models. The results indicated that the EEMD-ARIMA method outperformed
the EEMD-RBF method in terms of prediction accuracy, as evaluated by the RMSE, MAE,
and coefficient of determination. The superior performance of the EEMD-ARIMA method
could be attributed to its ability to handle the complexities of price fluctuations, including
non-normality and non-linearity in the time-series data.

For the univariate time-series analysis considering uncertainty, Ilbeigi et al. further
addressed the significant issue regarding the volatility and uncertainty in the asphalt
price [61]. They filled a knowledge gap not only by quantifying and forecasting asphalt
prices but also by measuring the uncertainty associated with price fluctuations. To be
specific, the authors employed ARCH and GARCH time-series models, which are well-
suited for analyzing financial time-series data that exhibit volatility clustering. The study
was based on monthly asphalt price index data from the State of Georgia over an 18-year
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period. The research methodology involved creating a conditional mean function using an
ARMA model, testing for heteroscedasticity in the residuals, and developing a GARCH
model to capture the volatility of the price index. The GARCH (2,1) model, combined
with an ARMA (2,2) model, is identified as the most effective for modeling the conditional
volatilities in the asphalt price. The study finds that the uncertainty in the price index was
significant between March 1996 and January 2002 and between July 2007 and August 2012.
The model’s out-of-sample forecasting results indicated that it could predict uncertainty
with less than 3% error, demonstrating its potential utility for transportation agencies in
timing the implementation of risk management strategies.

In summary, to effectively measure, model, and forecast the volatility of construction
material prices using univariate time-series analysis while considering uncertainty, the
authors propose the following steps:

• Develop a conditional mean function.
• Conduct heteroscedasticity testing on the residuals of the mean function to assess the

statistical significance of volatility.
• Employ ARCH/GARCH models if heteroscedasticity is present.
• Validate the ARCH/GARCH model by conducting heteroscedasticity testing on

its residuals.
• Measure conditional volatility using the established ARCH/GARCH model.
• Evaluate the model’s performance by comparing estimated volatilities with realized

volatilities.
• Perform out-of-sample forecasting for conditional volatility.

In addition to these traditional time-series models, advanced deep-learning models
offer promising alternatives for construction material price forecasting [62–65]. Notably,
recurrent neural networks (RNNs), specialized ANNs designed for sequential data pro-
cessing, including time-series, speech, and natural language, stand out. RNNs operate as
information conveyors processing data sequentially, leveraging information from previ-
ous elements to predict subsequent ones. Their recurrent layer facilitates comprehensive
sequence processing, making them ideal for tasks like time-series prediction.

Moreover, within the realm of time-series networks, RNNs excel in transferring timely
information through weight sharing across time steps. Specifically, the Long Short-Term
Memory (LSTM) neural network overcomes RNN limitations, such as gradient vanishing
and handling long-term dependencies while retaining the advantages. This advancement
has been underscored in recent studies [66–68]. The structure of a typical LSTM neural
network is presented in Figure 9.
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Mbah et al. applied both traditional and deep learning methods to predict limestone
price variations, including the ARIMA and LSTM models [70]. The study used historical
limestone price data from January 2014 to April 2020, preprocessing the data to address
issues such as missing values and outliers. In particular, the LSTM model, a type of RNN
capable of capturing long-term dependencies, is implemented with dropout regularization
and the Adam optimizer. The performance of both models was evaluated, with the ARIMA
model demonstrating higher accuracy (95.7%) compared to the LSTM model (91.8%).
Additionally, the ARIMA model required less training time than the RNN model. The
study suggested that the superior performance of the ARIMA model might be attributed
to its auto ARIMA function, which optimized the model parameters. The issue of the
advanced deep learning algorithms not achieving superior performance as expected can
probably be attributed to insufficient data for modeling training or the lack of efforts in
data preprocessing and feature engineering. The study also highlighted the potential for
further integrating deep learning algorithms into construction materials price forecasting
and suggested exploring the development of hybrid models to improve predictability.

3.2.2. Multivariate Time-Series Analysis

Unlike univariate, multivariate time-series analysis extends beyond the confines of
a single variable, considering the interrelationships and dependencies among multiple
variables over time [35]. This approach acknowledges that construction material prices
may be influenced by various factors, such as market conditions, economic indicators, and
industry trends. Multivariate time-series models incorporate these additional variables into
the analysis, allowing stakeholders to capture more nuanced and comprehensive insights
into price movements. Common techniques in multivariate analysis include vector autore-
gression (VAR) models, vector error correction (VEC) models, dynamic regression models,
and structural time-series models [34,38,71,72]. By accounting for the interactions between
different variables, multivariate time-series analysis enables stakeholders to develop more
accurate and robust forecasts that are better suited to the complexities of real-world price
dynamics. The typical workflow is presented in Figure 10.
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Faghih and Kashani developed a VEC model for forecasting the prices of construction
materials, specifically asphalt, steel, and cement, in the US [32]. A VEC model typically
integrates with a VAR model, which comprehensively captures interdependencies among
multiple time series with cointegration restrictions. The VAR model can be represented by
the following equation:

Yt = C + A1Yt−1 + A2Yt−2 + · · ·+ ApYt−p + εt (1)

where Yt is k × 1 vector of variables (i.e., intercept terms) at period t; C is k × 1 vector of
constants; A is k× k coefficients matrix that describes the correlation between the considered
variables; ε is k × 1 vector of unobservable error terms; p is the number of lag terms; and k
is the number of variables.

The preceding VAR model can then be restricted and transformed into a VEC model:

∆Yt = ΠYt−1 +
p−1

∑
i

Γi∆Yi−1 + C + εt (2)

Π =
p

∑
i

Ai − Ii (3)

Γi =
p

∑
j=i+1

Aj (4)

where I is the identity matrix, Yt and Yt−1 are the price (time series) in the period t and
t − 1, Γi is the k × k coefficient matrices of endogenous variables, and Π is the k × k
coefficient matrix.

When the coefficient matrix Π, diminishes in rank order to r, it signifies the existence
of r cointegration relationships among the variables of interest. These relationships entail a
stationary linear combination, establishing the long-run price equilibrium.

The research methodology involved the identification of candidate explanatory vari-
ables, data collection, stationarity testing, causality testing, cointegration testing, and the
construction of VEC models. The explanatory variables included in this study were CPI,
West Texas Intermediate (WTI), building permits (BP), crude oil price, and so on. One of
the strengths of this study is its use of the Johansen cointegration test to establish long-term
relationships between variables, which is a crucial step in the development of VEC models.
The VEC model’s performance was further compared with that of univariate time-series
models, such as ARIMA, demonstrating the superior predictive capabilities of the VEC
model, as presented in Table 3 and Figure 11. Overall, the authors addressed a critical
gap by addressing the need for models that could predict both short- and long-term price
movements of individual construction materials, which was essential for accurate cost
estimation and project planning.

Table 3. Forecasting performance comparison of different time-series models.

Model Explanatory Variables Lag RMSE MAE MAPE

Univariate ARIMA model None (7, 1, 6) 0.335 0.266 5.338
Bivariate VEC model WTI 4 0.109 0.091 1.780
Multivariate VEC model CPI, WTI, BP 4 0.117 0.103 1.951
Multivariate VEC model CPI, WTI 8 0.082 0.062 1.205
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Swei et al. also introduced a probabilistic hybrid forecasting model for long-term
price projections of construction materials, specifically concrete and asphalt [73,74]. The
model was designed to provide expected price projections and quantify the uncertainty
associated with future price movements. The authors implement a four-step methodology
that includes establishing a long-run price trend between paving materials and their
constituents with VEC models, projecting future prices of relevant constituents and paving
materials using Monte Carlo simulations, and validating the model’s performance through
out-of-sample forecasts. Specifically, the probabilistic price forecasting equations of asphalt
and concrete were derived by the integration of constituent models within the long-term
price equilibrium. Finally, they found that the proposed model performed similarly to
current practice regarding expected price projections but offered a significant advantage in
providing theoretical uncertainty bounds that closely matched future volatility. This was
crucial for decision-makers who must account for risk in their investment choices.

3.3. Monte Carlo Simulation

Besides the commonly utilized causal modeling and time-series analysis, the Monte
Carlo simulation is another noteworthy statistical method for forecasting construction
materials prices. Widely employed in predicting construction project costs, this approach
stands out for its ability to model short-term variations in construction materials prices [75].
While methods like applying a fixed percentage of the total cost as a risk premium or
inflating estimated material costs to the expected midpoint of the construction date ex-
ist, only the Monte Carlo approach can effectively capture these short-term fluctuations.
However, its predictability hinges greatly on the accuracy of input distributions and lacks
consideration for autocorrelation in historical price trends and causal inference with other
indicators. Essentially, it generates random values for material price escalation rates based
on histograms, making it more suitable for assessing price ranges.

In a study by Ilbeigi et al., a Monte Carlo simulation model was developed to fore-
cast future asphalt prices and compared against other time-series forecasting models like
ARIMA [58]. Initially, the histogram of historical asphalt price escalation rates was fitted
with a triangular distribution [76]. Subsequently, over 100,000 random paths were gener-
ated during the simulation process. At each time point in the out-of-sample period, the
average value of simulated future asphalt cement prices was calculated. Figure 12 illus-
trates the expected values of future asphalt cement prices calculated by the Monte Carlo
simulation and compares them to actual values. Notably, the Monte Carlo simulation’s
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three error measures, including MAPE, MSE, and MAE, were higher than those of other
time-series models. The authors reasoned that this discrepancy stemmed from Monte Carlo
simulations inadequately addressing the autocorrelation present in historical price data.
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4. Summary and Discussion

In summary, the advantages and disadvantages of each data-driven modeling tech-
nique mentioned in the above section and the corresponding references are discussed, as
presented in Table 4.

Table 4. Summary of data-driven construction materials price forecasting methods.

Forecasting Method Advantages Disadvantages Representative References

Causal modeling

MLR Ease of implementation
Accounting for only linear
relationship between
explanatory variables

[33,37,41,45]

ANN

Ability to incorporate complex
nonlinear relationships and
predict drastic price volatility
with sufficient data

Necessity of extensive data
collection needed for network
training; Intrinsic
characteristic of black box

[49,50,77]

Time-series analysis

ARIMA & seasonal ARIMA Only one variable (i.e., time) is
needed for modeling

Inability to include other
influencing factors and
capture sudden price changes

[23,58]

ARCH & GARCH

The ability to capture the
time-varying nature of
volatility and quantify price
volatility risk

Sensitive to the choice of
model specifications,
including lag orders and
distributional assumptions;
Computationally intensive

[61]

VAR & VEC

The ability to capture the
internal structure of price data
and achieve Highly
accurate forecasting

Difficult implementation;
potential failure of forecasting
drastic price increase due to
inflated market dynamics

[32,73]
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5. Conclusions

In conclusion, the accurate forecasting of construction material prices is paramount
for the financial management and overall success of construction projects. This review has
comprehensively examined the various data-driven methodologies for predicting price
trends and fluctuations in the construction industry. Furthermore, accurate price predictions
enable construction firms to manage costs better, reduce financial risks, and improve project
planning and budgeting. This, in turn, contributes to more stable construction markets,
which is beneficial for economic growth and infrastructure development.

Causal modeling, particularly through MLR and ANN, has been widely applied
but faces challenges in capturing the nonlinear and complex relationships inherent in
price volatility. Time-series analysis, both univariate and multivariate, offers a more
focused approach by analyzing historical price data for pattern recognition, which is
crucial for short-term predictions. Integrating advanced algorithms, such as LSSVM and
LSTM, has demonstrated improved predictive accuracy and generalization capabilities.
Furthermore, the use of Monte Carlo simulation also provides a probabilistic approach
to account for uncertainties in price forecasting, although it is limited by its reliance on
accurate input distributions. Overall, the causal modeling methodology is a preferred
choice of practitioners if sufficient information and data (e.g., macroeconomic indicators)
related to the material price are available for the modeling, in particular with the assistance
of machine learning techniques. On the other hand, if only historical materials price data
can be accessed, it is more recommended to adopt the time-series analysis methodology,
mining the inherent trends in historical data for future price forecasting.

For future studies, the review highlights that hybrid models, which combine the
strengths of different forecasting techniques, may present the most effective solution
for construction material price prediction. These models leverage the predictive power
of machine learning while incorporating the temporal analysis strengths of time-series
methods. Meanwhile, developing deep learning-advanced time-series analysis models,
supported by rigorous data preparation and feature engineering, also offers a promising
direction for future relevant research. As the construction industry continues to evolve, the
adoption of these advanced forecasting methods will be instrumental in navigating market
uncertainties and optimizing project cost estimation and management.
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