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Abstract: Construction costs and investment planning are the decisions made by construction man-
agers and financial managers. Investment in construction materials, labor, and other miscellaneous
should consider their huge costs. For these reasons, this research focused on analyzing construction
costs from the point of adopting multivariate cost prediction models in predicting construction cost
index (CCI) and other independent variables from September 2021 to December 2022. The United
States was selected as the focal country for the study because of its size and influence. Specifically, we
used the Statistical Package for Social Sciences (SPSS) software and R-programming applications to
forecast the elected variables based on the literature review. These forecasted values were compared
to the CCI using Pearson correlations to assess influencing factors. The results indicated that the
ARIMA model is the best forecasting model since it has the highest model-fit correlation. Additionally,
the number of building permits issued, the consumer price index, the amount of money supply
in the country, the producer price index, and the import price index are the influencing factors of
investments decisions in short to medium ranges. This result provides insights to managers and cost
planners in determining the best model to adopt. The improved accuracies of the influencing factors
will help to enhance the control, competitiveness, and capability of futuristic decision-making of the
cost of materials and labor in the construction industry.

Keywords: construction investment management; multivariate analysis; construction cost index;
prediction model

1. Introduction

Construction involves tremendous investment in labor, machinery, capital, and other
external support. One of the important decisions to make during construction is how to
invest and what to invest in. Researchers noticed actual public construction costs are mostly
higher than the expected or budgeted costs [1,2]. For example, 61.89% of government
works constructed between 2006 and 2017 in Brazil had cost inflated by the end of the
projects [3]. In this case, cost overrun refers to the situation that the expenditure of a
project exceeds its calculated budget [4]. There is no unanimous decision or explanation on
why cost overrun happens, but it often originates from the planning stage of the project.
Added costs (not budgeted for) can affect project performance and time because cost, time,
and schedule are the triple constraints of every project. Therefore, any change in one
variable affects the performance of the other two variables. For instance, an increase in
the cost of a project will affect the completion time when extra monetary commitments
are beyond the budget to accommodate inflation. This change in construction cost can
also impact the schedule by limiting the scope of work (to complete) because of the cost
implications of unable to meet the increase in the construction cost. This issue affects many
nations such as Portugal, Ghana, China, and Indonesia [4,5]. Cost estimation is particularly
important especially when tight restrictions exist on construction budgets [6]. Estimating
or predicting costs within an acceptable margin of error can help curb these challenges in
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cost budgeting [7]. Therefore, construction companies need accurate and practical methods
to analyze construction costs.

Researchers have explored varied methods to simplify the complexity of cost predic-
tions caused by consistent overruns. One approach is to forecast costs using the Construc-
tion Cost Index (CCI), whose calculations involve certain hours of common labor (e.g.,
200) and the prices of a few representative construction materials (e.g., steel, concrete, and
lumber) from 20 cities sampled in the U.S. Both private and public agencies in construction
investment adopt the CCI for decision making. Additionally, field research is also a way of
gathering data for cost prediction [8]. The prediction methods include the Simple Moving
Average (SMA), the Exponential Smoothing (ES), and the Autoregressive Integrated and
Moving Average (ARIMA). However, these methods still need improvement since they
have significant margins of error [9]. Artificial Neural Network (ANN) can help to under-
stand and predict construction costs using realistic estimated values [10,11]. During the
initiation stage of a project, several computation models such as Support Vector Machines
(SVM) and ANN are capable to improve prediction accuracy [12]. According to [6], other
researchers like [13] explored Vector Error Correction models, while [14] adopted genetic
algorithms. In estimating practice, project managers analyze the rate per unit cost of a floor
area to predict the construction costs [15]. However, managers are unsure which method
can provide the most reliable analysis and predictions on the labor and material costs of
construction projects.

This research aims to help managers to find and analyze the influencing factors of
construction cost prediction to make good decisions. Since construction budgeting happens
at the initiation stage, these factors are critical because any misinformation could lead to
poor project decisions. Researchers have not yet agreed on the exact models of influencing
factors for the prediction of construction cost overruns. While some discussed the subject
of cost overrun in general, others could not supply substantial information on how con-
struction cost overruns occur since many factors affect a construction project’s performance
other than cost. This pending problem has ignited the concerns of stakeholders on how to
accurately predict construction costs. Hence, this research targets the following hypotheses:
HO—There are no major influencing factors for the prediction of construction cost overruns;
H1—Major influencing factors for the prediction of construction cost overruns exist. This
paper is expected to contribute to the accuracy of construction cost predictions. Specifically,
the paper reviews and compares the influence factors and the prediction methods to estab-
lish an improved cost estimation and investment planning strategy. The goal is to establish
a scheme for the construction industry to consider when planning actions designed to
achieve their long-term or overall aim of development.

The research design combines the influencing factors retrieved from the literature
review and the multivariate analysis variables of construction cost indexes gathered from
the Engineering News Records (ENR). The selection of the factor analysis method is based
on the comparison of the prevailing prediction methods for accuracy and practicability.
Through the data analysis, the discussion presents the trend of CCI using descriptive
analysis and Pearson Correlation. Then, the paper provides the forecasts of CCI using
Holt Model and generates R-squared coefficients and mean average percentage errors
(MAPEs). The paper also analyzes the Pearson Correlations of forecasted and original
independent variables, and their impacts of transportation metrics on the CCIL. The results
reveal the current trend of the construction industry and the influences of the transportation
delays that the world is experiencing. The outcomes of this research also include the
selection of variables based on the literature review, their influencing factors, industry
trends, and reliable prediction models.

The next section of this paper will examine and compare the published articles of
the calculations and predictions of construction costs. It also includes the discussion of
relevant knowledge gaps. This section will highlight the proposed solution and explain
the method of this research. Section 3 presents the results and discussions, which include
the trend of CCI, descriptive analysis, forecast of CCI and independent variables, Pearson
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Correlations, impacts of transportation metrics, and forecast of transportation indicators.
Section 4 includes the conclusion and suggestions for further studies. It sheds light on the
workings of the influencing factors of construction cost and project planning.

2. Materials and Methods

Construction practitioners challenged the historical CCI (see Equations (1)—(4)) because
of the short variations that exist in CCI predictions [16]. They explained that fluctuation in
the CCI makes it difficult to accurately predict labor and material costs for construction
decision-making. There are two traditional methods for forecasting the CCI. The casual
method forecasts construction costs are based on independent explanatory variables whilst
the time series forecasts cost based on the records and related variations. Additionally,
the time series method was chosen where the data was from January 1975 to December
2008, summing up to 408 points. The research compared data of the ENR against prediction
models such as the Simple Moving Average (SMA), Holt ES, Holt-winters, Autoregressive
Integrated Moving Average (ARIMA), and Seasonal ARIMA. All the models have some
accuracy, though the ARIMA and seasonal ARIMA have the highest accuracy index. How-
ever, CCI was exact in mid-and long-term forecasts [17]. The current time-series methods
were imprecise in predicting or forecasting for mid to long time forecasting. The researchers
selected input variables through the collection of raw data from the US Bureau of Labor
Statistics and the ENR. They applied machine learning algorithms such as the k-nearest
neighbor algorithm (K-NN) model training and testing, and the part model training and
testing to generate predicted results. They then compared various models, such as the
Mean Absolute Percentage Error (MAPE, see Equation (5)), Mean Squared Error (MSE, see
Equation (6)), and Mean Absolute Error (MAE, see Equation (7)), to measure the accuracy.
They also compared the predicted assessments generated from the K-NN model to the real
CCI sourced from the ENR monthly publications and repeated the comparisons for the
mid-term of 60 months and the long-term of 84 months respectively. Their results showed
that prediction errors in time series models increase when considering longer time.

CClLapor—Component = (200 hours of common labor) x (20 — city average rate for wages and fringe benefits) 1)

(CCILaborfComponent of current month) — (CCILabor,COmpomm of previous month)

CClLapor = - 2)
(CCILabor_COmpanmt of previous month)
CClMaterial—Component = (25 cwt of fabricated standard structural steel at the 20 — city average price)
+(1.128 tons of bulk portland cement priced locall 3)
p p y
+(1088 board feet of 2" by 4’ lumber priced locally)
cCl (CCIMuterial—Component Of current month) - (CCIMaterial—Component Of Previous month) @)
Material —
e (CCIMateriaPComponent Of Previous month)
1 &|A—F
MAPE = — 5
e (5)
MSE = %Z?ﬂ(Yt — Yt)z, Y; = observed values, Y; = predicted values (6)
1
MAE = EZ?:l Y; — Xi|, Yi = predicted values, X; = true values )
Root Mean Square Error = RMSE = v MSE (8)

The cwt stands for one hundredweight (abbreviated as CWT) is a standard unit
of weight or mass used in certain commodities markets. The 7 is the number of fitted
points, A; is the actual value, F; is the forecast value, and X is the summation of the
forecasted values for the period under consideration. As the name suggests, the MAPE
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indicates the reliability of the predicted values or the percentage error of the mean values.
Furthermore, the factors to consider when selecting an index include the purpose of
the index, selection of cost elements, choice of weights of each element, and choice of a
base year [12]. Particularly, historical CCIs were collected from the United States Central
Agency for Public Mobilization and Statistics, and generated forecast prices for the Neural
Networks, Regression Method, and Autoregression time series different models. They
were then analyzed and compared for the performances of the three models. The findings
of [12] showed that the autoregressive time series has the least absolute errors of 3.5.
The regression method had the most absolute errors of 17.5 and was, therefore, the least
effective method. According to [13,18], one reason for the errors in CCI predictions was
the use of only univariate analysis in the estimation. The researchers listed several multi-
variables that were determinants in forecasting construction costs. These include consumer
price indexes, employment level in construction, building permits, money supply, crude
oil, prices, producer price index, and housing start dates. The sources of the variables were
from areas such as the U.S. Bureau of Labor Statistics, the U.S. Bureau of Census, the Board
of Governors of the Federal Reserve Systems, and the U.S. Bureau of Economic Analysis.
Moreover, the researchers conducted the unit root test and the Granger Causality Test to
decide the ranking of the variables and the usefulness of one variable in predicting another
variable, respectively. The research concluded that there was no single multivariable
time-series analysis or model in forecasting construction costs.

Artificial Intelligence is helpful to CCI analysis. Researchers [19] also expressed that
using a single ANN method was flawed because its analysis had biases. The researchers,
therefore, proposed an ensemble model comprising of one average and two stacked general-
izations. They concluded that the use of an ensemble of the neural network is more precise
than the use of a single ANN model for construction costs predictions. For example, Tarmizi
et al. [20] reviewed external influencing factors of construction cost indexes. The study
was carried out in Sumatra in Indonesia where data was collected from twenty-five cities
in North Sumatra. The corresponding data collection was on the economic growth of the
cities, the impact of duty on land acquisition, and the construction cost index in those
districts. Some of the indicators used to describe the variables were the Annual Domestic
Product and the CCI point. They analyzed the impact of economic growth and tax on
land acquisition on CCI and found that both the economic growth and the duty on land
acquisition affect the construction cost index at least with 95% confidence.

CClI values are subject to significant variations [17]. Researchers such as [16] utilized
the univariate times series method and concluded that the univariate analysis could only
predict in the short term but could not accurately predict long-term construction cost.
This was because the error of prediction using univariate time series increases over time.
To solve this issue, explored multivariate models were developed for effective mid-to-
long-term forecasting [13]. On the other hand, traditional methods of forecasting such as
the regression methods used in past were not effective because too many independent
variables affected the construction costs, and the modern time series approach was rather
effective [12].

Furthermore, research conducted by [18] explained that the Autoregressive integrated
moving average (ARIMA) was the most effective univariate time-series model, but its
statistical relevance could only be applied to short-term forecasting and cannot be used for
long-term prediction of construction costs. Moon and Shin [21] explained that the recent
construction cost index forecast method that utilizes multivariate analysis provides better
results than univariate cost predictions methods though the time of collecting for economic
and social information for multivariate analysis may be questionable. Internet search
patterns of people can be analyzed with the multivariate analysis to give a more accurate
comparison of social and economic indications and CCI. Table 1 shows literature review on
influencing factors of cost construction cost prediction as described by previous researchers.

The growth of the construction industry requires precise cost predictions. Many
researchers have explored various techniques in predictive costs for decision-making. Con-
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struction investment decisions depend largely on the cost predictions, and the accuracy
of these predictions affects the outcome of the decisions to be made. Caffieri et al. [22]
explore Artificial Neural networks in predicting cost using the construction/building
characteristics, such as usage area, average perimeter, building height, etc. This is differ-
ent from other researchers who have explored different methods. Some of the different
methods used include [23]—linear regression, artificial neural network, random forest,
and light boosting gradient; [19,20]—Artificial Neural Network; [17]—Machine Learn-
ing; [12]—Neural Network, Time-series, and [23-25]—BP Neural Network; [13]-Multilayer
approach; [18]—Multivariate time-series; [21]—Search Query.

Table 1. Literature review on independent variable of CCL

Factors of Construction Cost Prediction References

Economic growth, Construction cost index Acquisition of rights to land and building [20]

Types of work (general cost, installation works,

engineering works, etc.) The overall duration of the construction works,

Construction side location (in the city center, outside Size and necessary potential of the main contractor [19]
the city center, non-urban, etc.)
Consumer price index, employment level in Crude oil prices, Producer price index [18]
construction, Building permits, Money supply Housing starts, Gross domestic product
Consumer price index, Federal funds rate, Building permits, Money supply,
Unemployment rate, Average hourly earnings, [16]
The employment rate in construction, Crude oil price, Housing starts,
Average weekly hours, Prime loan rate Construction spending, Gross domestic product
The selling price of residential properties, Total number of residences, Total population, [26]
Total transaction of residential properties, Total number of new mortgages

Consumer price index, crude oil price,
producer price index, gross domestic product,

employment levels, number of building permits,
the number of housings starts [27]
the money supply crude oil prices

Payment delay by the client, Estimation methods,
Change by the client during construction, Techniques used, [25]
Owner understanding and granting strategy, Location of project,
Estimator’s experience level, Quality and contents of specification code
Clear and detailed drawings, Accuracy of the bill of quantities, Management team,
Experience and skill level of estimators, Financial capacity, [29]
Materials (price, availability, quality), Quality of assumption,
Experience on similar projects, Project complexity of design,

Researchers such as [12,17,18,21] have argued that multivariate analysis produces
accurate results in forecasting construction costs. The challenge is with the various variables
that have been presented. Diverse variables have been proposed by different researchers.
Understanding variables that truly impact construction cost prediction is key. There have
been disparities in the variables presented by researchers. Tarmizi et al. [20] explained
that economic growth and duty on the acquisition of the right to land and building are
the variables that affect construction costs, while [19] proposed that the type of works,
construction site location, the overall duration of the construction works, and site and
necessary potential of the main contractor are the independent factors of construction cost
predictions. Tajani [26] on the other hand proposed the selling price of residential properties,
total transaction of residential properties, the total number of residences. These are a few
of the discrepancies that exist in construction cost estimation enablers. Understanding
independent variables in construction cost estimation are very important.

The objective of this study is to examine through literature and multivariate analysis
variables of construction cost prediction or indexes. Hence, the research question is, “What
are the independent variables of construction cost predictions or indexes?” The researchers
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adopted the method proposed by [13,18]. The previous authors adopted a multivariate
research methodology looking at influencing factors of the Construction Cost Index (CCI).
On this basis, it was assumed that the CCI is the dependent variable and the others are
independent. The goal of this research is in line with the approach of the previous authors.
Nine independent variables were gathered from the literature review. This formed the
basis for the data collection. Also, data on the variables were sourced from the following
databases: US Bureau of Labor Statistics, Board of Governors of Federal Reserve System,
US Bureau of Census, US Bureau of Economic Analysis. Data were collected from January
2019 to August 2021. Also, the CCI from January 2019 to August 2021 from the Engineering
News-Record was collected, serving as the dependent variable for the study. Table 2 shows
the dependent and independent variables used for the analysis.

Table 2. List of variables in the study (January 2019—-August 2021).

Dependent Variable Source
Construction Cost Index (CCI) Engineering News-Record [30]
Independent Variables

Consumer Price Index (CPI) U.S. Bureau of Labor Statistics [31]
Unemployment Rate (UNEMP) (general) U.S. Bureau of Labor Statistics [31]
Employment Rate (EMP) (general) U.S. Bureau of Labor Statistics [31]
Producer Price Index (PPI) U.S. Bureau of Labor Statistics [31]

Crude Oil Prices (COIL) * U.S. Energy Information Administration [32]
Gross Domestic Products (GDP) Bureau of Economic Analysis [33]

Census Bureau [34], Housing and Urban
Development [35]

Import Price Index (IPI) U.S. Bureau of Labor Statistics [31]

Building Permits (BP)

U.S. Board of Governors of the Federal Reserve
System [36]
* Crude Oil Prices—The West Texas Intermediate Crude Oil Spot Price was used. * Money Supply—This data

used consists of M2 which is the total currency outside the U.S. Treasury, Federal Reserve Banks, etc. plus saving
deposits, small-denomination time deposits, etc.

Money Supply (MS) *

The purpose of the research is to identify independent variables of CCI, thus economic
determinants that influence the course of the CCI. Knowing this can inform decision-
makers in forecasting what could happen to the construction materials and labor costs
based on the changes of these variables. We adopted a two-way analysis approach where
the first step provides the Pearson Correlation to identify the variables that have a correction
with the CCIL. We created a tread line of the CCI to visualize the nature of the CCI from
January 2019 to August 2021. We also forecasted the CCI for September 2021 to December
2022 to determine the future trend of the CCI. The adopted Holt Model in this predictive
analysis includes the forecast of the identified independent variables from September 2021
to December 2022, and the identified independent variables are also presented. In this
research, the analysis compares the Autoregressive Integrated Moving Average method,
the Simple Seasonal, and the Winters” Additives methods using the collected data. The data
analysis software is R Programming (version 4.1.2, R Foundation for Statistical Computing,
Vienna, Austria) with a combination of the Statistical Package for Social Sciences (SPSS
AMOS version 26.0 software, IBM, Armonk, NY, USA). The following section provides the
results generated from the analysis.

3. Results and Discussion
3.1. Trend of Construction Cost Index

Figure 1 below shows the trend of the CCI from January 2019 to December 2021.
The CCI has been increasing with only a few almost all the times under review. It can be
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observed that during 2019 the CCI remained stable between March and April, August and
September, and November and December. However, the CCI increased steadily throughout
the period of 2020, which could be because of the falling economic growth due to the
pandemic, therefore, leading to an increase in construction-related variables such as the
prices of cement, high labor costs, prices of steel, etc. In 2021, the construction cost remained
stable between March and April.

Simple Line of CCl by Dates
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11,626.00
11,539.00
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11,436.00
11,412.00
11,396.00
11,381.00
11,311.00
11,268.00
11,228.00
11,206.00

6102 uef
6102 924
6102 42N
6102 1dy
6102 Aepy
6102 unf
610Z Inf
6102 bny
6102 das
61020
6102 AON
6102220
0207 uef
020Z 934
0Z0Z JeN
0202 1dy
0202 Aey
0202 unf
0zoz Inf
0z0z Bny
020z das
020Z 0
0Z0Z AON
0202220

z0z uef
1202 unf
1z0Z Inf
1202 Bny

Figure 1. Trend line of CCI from January 2019 to August 2021.

3.2. Descriptive Analysis and Pearson Correlation (I) of the Original Variables

Table 3 shows the descriptive statistics of the independent and the dependent vari-
ables. Table 4 shows the Pearson Correlation of the identified dependent and independent
variables. The p-value (p) is the sig (2-tailed), which shows the correlation at both 95%
and 99% confidence levels. The Building Permits, Consumer Price Index, Unemployment,
Money Supply, Producer Price Index, Gross Domestic Products, and the Import Price Index
demonstrate correlation to the construction cost index at 99% confidence level for the period
under review with correction indexes of 0.726, 0.976, —0.706, 0.398, 0.853, 0.953, and 0.727
respectively. And the Crude Oil prices show a 95% confidence level of correlation to the
CCI with a correlation index of 0.398. The employment rate for the period of January 2019
to August 2021 does not correlate with the construction cost index. The BP, CPI, MS, PP],
GDP, and IPT have a very strong positive relationship and the UNEMP has a very strong
negative relationship, while the COIL has a weak positive relationship.

Table 3. Selected descriptive statistics of identified variables from January 2019 to August 2021
(N =32).

Name Mean Sth. Devw. Coefﬁ.cu?nt Name Mean Sth. Dev. Coefﬁ_cu?nt
of Variation of Variation
CCI 11,518.4063 308.5893 2.6791 COIL 52.0747 12.8476 24.6715
BP 123,176.5000 18,290.1588 14.8487 MS 17,235.2344 2297.0631 13.3277
CPI 259.8683 5.4227 2.0867 PPI 119.9594 3.2528 2.7116
UNEMP 59.6619 4.5107 7.5605 GDP 2.4750 2.0947 84.6339
EMP 5.8438 2.9303 50.1431 IPI 125.8156 4.0993 3.2582
Table 4. Pearson Correlation matrix for variables (N = 32).
CCI BP CPI UNEMP EMP COIL MS PPI GDP IPI
Pearson 1 0.726 ** 0.976* —0.706 ** 0.104 0.398 * 0.853 ** 0.953 ** 0.738 ** 0.727 **
ca <0.001 <0.001 <0.001 0.571 0.024 <0.001 <0.001 <0.001 <0.001
Pearson 0.726 ** 1 0.794 ** —0.519 ** 0.014 0.405 * 0.742 * 0.757 ** 0.767 ** 0.628 **
BP 4 <0.001 <0.001 0.002 0.939 0.021 <0.001 <0.001 <0.001 <0.001
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Table 4. Cont.

ccl BP CPI UNEMP EMP coIL MS PPI GDP IPI
Pearson  0.976** 0.794 % 1 —0.690 ** 0.030 0.455 ** 0.858 ** 0.962 ** 0.818 ** 0.762 *
Pl p <0.001 <0.001 <0.001 0.872 0.009 <0.001 <0.001 <0.001 <0.001
Pearson ~ —0706™  —0519*  —0.690 ** 1 ~0.091 —0.369*  —0.688™  —0729**  —0.657*  —0.637*
UNEMP <0.001 0.002 <0.001 0.620 0.038 <0.001 <0.001 <0.001 <0.001
EMP Pearson 0.104 0.014 0.030 ~0.091 1 0710 0433* ~0.133 0283 —0472*
p 0.571 0.939 0.872 0.620 <0.001 0.013 0.468 0.117 0.006
Pearson 0.398 * 0.405 * 0455*  —0369*  —0.710* 1 0.071 0.627 % 0.639 ** 0.885 "
COIL p 0.024 0.021 0.009 0.038 <0.001 0.699 <0.001 <0.001 <0.001
MS Pearson  0.853 ** 0.742% 0.858*  —0.688™  0.433* 0.071 1 0.740 ** 0.644 ** 0.436 *
p <0.001 <0.001 <0.001 <0.001 0.013 0.699 <0.001 <0.001 0.013
Pearson  0.953** 0.757 * 0962*  —0729*  —0.133 0.627 ** 0.740 ** 1 0.838 ** 0.889 **
PPI p <0.001 <0.001 <0.001 <0.001 0.468 <0.001 <0.001 <0.001 <0.001
Pearson  0.738 ** 0.767 % 0818*  —0.657*  —0.283 0.639 ** 0.644 * 0.838 * 1 0.738 *
GDP p <0.001 <0.001 <0.001 <0.001 0.117 <0.001 <0.001 <0.001 <0.001
Pearson  0.727 ** 0.628 * 0.762%  —0.637*  —0472*  0.885* 0.436 * 0.889 ** 0.738 ** 1
IPI p <0.001 <0.001 <0.001 <0.001 0.006 <0.001 0.013 <0.001 <0.001
** s significant <5% (0.05) and * <10% (0.1).
3.3. Forecast of CCI Using Holt Model
A Holt model is adopted in forecasting the CCI from September 2021 to December
2022 to understand the changes in the CCI for the next 16 months and determine the
fluctuations of the CCI, as well as the Upper and Lower Control Limits. The results
(Table 5) are generated from the R Programming extension of the SPSS software (version
26.0, IBM, Armonk, NY, USA). A mean R-squared coefficient of 0.980 indicates 98% of the
data values fit the regression model, showing a very strong fit for data analysis. This is a
good indication because the dataset is very fit and can be used for further analysis. A lower
(<0.50) co-efficient of model fit indicates that such results are weak and therefore would
not be very useful for further analysis.
Table 5. Model fit of the Construction Cost Index Forecast for the September 2021-December 2022.
Fit Statistic Value Fit Statistic Value Fit Statistic Value
Stationary R-squared 0.410 MAPE 0.217 MaxAE 194.060
R-squared 0.980 MaxAPE 1.619 Normalized BIC 7.789
RMSE 44.098 MAE 25.394
The Value is the same for Mean, Minimum, Maximum, and 5, 10, 90, and 95 Percentiles.
A Mean Average Percentage Error of 0.217% indicates that the model prediction is
excellent. MAPE < 10% is excellent and 20 < MAPE > 10 is good (Gilliland, 2010). Table 6
and Figure 2 below presents the forecast values of the CCI for September 2021 to December
2022. The results indicate the predicted values, the lower control limit (LCL), and the
upper control limit (UCL) for the study period. It is worth noting that the CCI increases
throughout the period under review. The UCL and LCL are critical indicators to determine
whether variation in the process is stable and caused by an anticipated source. In this case,
the CClI forecast line in Figure 2 is between UCL and LCL, so the observed variation in the
forecast is due to random causes and probably occurs by chance. Additionally, this result
indicates that the CCI forecast is stable.
Table 6. Forecasted values of CCI for September 2021 to December 2022.
MONTH YEAR PREDICTED LCL UCL MONTH YEAR PREDICTED LCL UCL
September 2021 12,635.03 12,544.97 12,725.09 May 2022 14,181.19 13,284.05 15,078.33
October 2021 12,828.30 12,689.25 12,967.34 June 2022 14,374.46 13,332.63 15,416.29
November 2021 13,021.57  12,810.42 13,232.71 July 2022 14,567.73 13,374.05 15,761.41
December 2021 13,214.84 12,915.72 13,513.95 August 2022 14,761.00 13,408.65 16,113.36
January 2022 13,408.11 13,008.60 13,807.62  September 2022 14,954.27 13,436.71 16,471.83
February 2022 13,601.38 13,090.89 14,111.87 October 2022 15,147.54 13,458.50 16,836.59
March 2022 13,794.65 13,163.72 14,425.58  November 2022 15,340.81 13,474.24 17,207.39
April 2022 13,987.92 13,227.91 14,747.93  December 2022 15,534.08 13,484.13 17,584.03
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Figure 2. Forecast of CCI for September 2021 to December 2022.
3.4. Forecast of Independent Variables for September 2021 to December 2022

The independent variables are forecasted for the period under review to understand
the trends of changes that will occur for the next 16 months using the Autoregressive
Integrated Moving Average (ARIMA) Model, the Winter’s Additive model, and the Simple
Seasonal Model. Table 7 shows how these models are used for each analysis parameter in
Section 2. Specifically, the analysis parameters are introduced in Table 1, and their data
sources are listed in Table 2. The descriptive statistic values of these analysis parameters
are in Tables 3 and 4. The CCI predictions based on these parameters are in Tables 5 and 6.
After identifying the models for analysis parameters (a.k.a., independent variables) in
Table 7, Table 8 shows the fitness analysis of the parameters. Notice that Tables 7 and 8 are
not for model comparison. Each coefficient in Table 8 is used to describe the quality of one
model, isolated from other analyzes. When comparing different models, other statistics,
such as the corrected R-squired (R2), centered R2, or information criteria of Likelihood
Ration (LR) should be used. It is due to the different numbers of degrees of freedom (DF)
of the analyzed models—resulting from a different number of estimated parameters. It can
be seen even in the ARIMA models themselves. Therefore, the results in Table 8 are for the
initial examination of the independent variables, not for model comparisons.

Table 7. Models adopted for the Independent Variables.

ID Description Type ID Description Type
BP Model_1 Winter’s Additive COIL Model_5 ARIMA (0,1, 1)
CPI Model_2 ARIMA (0, 2, 0) MS Model_6 ARIMA (0, 2, 0)
UNEMP Model_3 Simple Seasonal PPI Model _7 ARIMA (0,2,1)
EMP Model_4 Simple Seasonal GDP Model_8 ARIMA (3,1, 0)
1PI Model_9 ARIMA (0, 2, 0)

Table 8. Model fitness of the Independent Variables Forecast for the September 2021-December 2022.

Model Fit Statistics Ljung-Box Q (18)
Model Stationary R-Squared = R-Squared Statistics DF Sig.
BP-Model_1 0.707 0.751 23.658 15 0.071
CPI-Model_2 —2.022 x 10~ 0.984 22.999 18 0.191
UNEMP-Model_3 0.782 0.736 16.428 16 0.424
EMP-Model_4 0.721 0.690 26.935 16 0.042
COIL-Model_5 0.285 0.823 10.639 17 0.875
MS-Model_6 2.011 x 10716 0.993 21.116 18 0.274
PPI-Model_7 0.274 0.974 7.450 17 0.977
GDP-Model_8 0.249 0.737 10.982 17 0.857

IPI-Model_9 0.000 0.934 15.416 18 0.633
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The results in Table 8 indicate an overall R-squared coefficient of 0.847 depicting
that 84.7% of all the independent variables fit the models adopted above. Hence, the
forecasted values are a good fit for further analysis. However, Building Permit (BP) has
an R-squared coefficient of 75.1%, Consumer Price Index (PPI) of 98.4%, Unemployment
(UNEMP) of 73.6%, Employment (EMP) of 69%, Crude Oil (COIL) of 82.3%, Money Supply
(MS) of 99.3%, Producer Price Index (PPI) of 97.4%, Gross Domestic Product (GDP) of
73.7%, and Import Price Index (IPI) of 93.4%. The Ljung-Box Q (18) test in Table 8 is for the
absence of serial autocorrelation. Based on the Ljung Box Q (18) results, Model 4—shows
no fit with a p-value of 0.042 (<5%), and model 1 with a p-value of 0.071 (<10%), it can be
assumed that autocorrelation exists between these two models.

Table 9 shows that the results from the Simple Seasonal Model for the Unemployment
(UNEMP) and Employment (EMP) parameters have the least R-squared coefficients of
73.6% and 69% respectively. The results from Winter’s Additive Model produce the fourth-
least R-squared coefficient of 75.1%. The Autoregressive Integrated Moving Average
(ARIMA) produces the highest R-squared coefficients which are CPI (98.4%), COIL (82.3%),
MS (99.3%), PPI (97.4%), and IPI (93.4%). The overall Mean Absolute Percentage Error
(MAPE) in Table 9 of all the independent variables is 5.519 indicating 5.52% of prediction
error. It is less than 10%, showing that the model prediction is excellent. Thus MAPE < 10%
is excellent and 20% > MAPE > 10% is good [37].

Table 9. Model fit of the Independent Variables Forecast for the September 2021-December 2022.

Percentile
Fit Statistic Mean SE Minimum Maximum
5 90 95
Stationary 0.335 0.324 2,022 x 10-17 0.782 2220 x 10-16 0.782 0.782
R-squared
R-squared 0.847 0.124 0.690 0.993 0.690 0.993 0.993
RMSE 1070384  3134.629 0.529 9427.694 0.529 9427.694 9427.694
MAPE 5519 6.446 0.193 17.605 0.193 17.605 17.605
MaxAPE 44.625 67.704 0.615 203.457 0.615 203.457 203.457
MAE 798485  2344.909 0.411 7050.581 0.411 7050.581 7050.581
MaxAE 2672519 7793375 1167 23,449.075 1167 23449.075  23,449.075
Normalized BIC ~ 3.847 6.582 —1.160 18.628 ~1.160 18.628 18.628

Table 10 and Figure 3 show the predicted values for each of the independent variables

and their respective months and years for prediction. Figure 4 illustrates the graphical
presentation of the data presented in the table. The red line trend of Figure 4 shows the line
trend of the existing or original data values of the independent variables from January 2019
to August 2021, and the blue line trend indicates the forecast for the next 16 months ending
December 2022. It can be observed from the presentation that the Building Permits (BP),
Consumer Price Index (CCI), the Money Supply (MS), and the Producer Price Index (PPI)
have somewhat consistent trends from January 2019 to December 2022, while the rest of

the variables have fluctuating trends.

Table 10. Forecasted values September 2021 to December 2022.

Month Year BP CPI EMP UNEMP COIL MS PPI GDP IPI
Sept. 2021 150,207.64 273.77 56.13 4.95 65.24 21,067.91 130.00 5.70 133.74
Oct. 2021 158,415.65 274.53 56.34 4.55 65.24 21,347.03 131.11 5.89 133.23
Now. 2021 139,852.66 275.31 56.25 4.45 65.24 21,364.36 132.21 5.89 132.66
Dec. 2021 146,541.17 276.11 56.21 4.45 65.24 21,929.90 133.32 5.89 132.03
Jan. 2022 146,289.07 276.91 49.60 3.90 65.24 22,233.65 134.42 5.80 131.35
Feb. 2022 137,591.75 277.75 53.54 3.77 65.24 22,545.61 135.53 5.80 130.61
Mar. 2022 160,649.10 278.60 53.37 4.00 65.24 22,865.78 136.63 5.80 129.81
April 2022 158,432.77 279.47 52.50 7.40 65.24 23,194.16 137.73 5.80 128.96
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Table 10. Cont.

Month Year BP CPI EMP UNEMP COIL MS PPI GDP IP1
May 2022 157,918.78 280.36 52.84 6.80 65.24 23,530.75 138.84 5.84 128.05
June 2022 164,083.79 281.29 53.01 6.10 65.24 23,875.55 139.94 5.84 127.08
July 2022 165,363.12 282.24 53.18 5.63 65.24 24,228.56 141.05 5.84 126.06
Aug. 2022 170,432.11 283.22 53.42 5.00 65.24 24,589.21 142.15 5.82 124.98
Sept. 2022 166,520.26 284.23 56.13 4.95 65.24 24,989.21 143.26 5.82 123.84
Aug. 2022 174,728.26 285.28 56.34 4.55 65.24 25,336.85 144.36 5.83 122.65
Now. 2022 156,165.28 286.37 56.25 4.45 65.24 25,722.70 145.47 5.83 121.40
Dec. 2022 162,853.79 287.50 56.21 4.45 65.24 26,116.76 146.57 5.83 120.09
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Figure 3. Forecast of Independent Variables for September 2021 to December 2022.



Sustainability 2022, 14, 1703

12 of 16

== Observed

350
—— Forecast

340

330

320

1 12pow-uodsuel] |4d

310

60
40

Number
]
[=]
Z PO
-yodsuel]4an

145

Bra14ISL

140

135

130

£ [PpoIN-1Y

125

L€
1)
134
9%

Date

Figure 4. Forecast of Transportation Metrix for September 2021 to December 2022.

3.5. Pearson Correlation (II) of Forecasted Independent and Dependent Variables

This study calculates a second Pearson Correlation of the forecasted values of the
independent and dependent variables for the following purposes: (1) to understand what
independent variables correlate with the CCI for the next 16 months starting September 2021
to December 2022 and (2) to verify the correlation generated from the original independent
and dependent variables. The Holt forecasted model for the CCI generates a mean R-
Squared coefficient of 98% and a MAPE of 0.217%, indicating that the prediction model is
excellent and can be used for further analysis. The overall R-squared of the independent
variables is 84.7% of model fit with a MAPE of 5.5% also indicates that the model is good
for further analysis. Therefore, the results of the Pearson Correlation have high confidence
of reliability.

The analysis shows that Building Permit, Consumer Price Index, Money Supply, Pro-
ducer Price Index, and Import Price Index have a strong correlation with the Construction
Cost Index at 99% confidence level. It is worth noting that Consumer Price Index, Money
Supply, and Producer Price Index have a very strong positive correlation with the CCI,
and Building Permit has a strong correlation. Meanwhile, the Import Price Index has a very
strong negative correlation with the CCI at a 99% confidence level.

3.6. Impact of Transportation Metrics on the Construction Cost Index

This research establishes the Transportation Index from the Transportation Gross
Domestic Product (GDP Transport), Transportation Consumer Price Index (CPI Transport),
Transportation Service Index (TSI Freight). The first purpose is to analyze the correctness
of predictions, and then secondly to check the model fit of the prediction from September
2021 to December 2022. Table 11 shows the Pearson Correlation of the variables. The CCI
indicates that none of the variables have a correlation with the CCI neither at 95% nor 99%
confidence levels.
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Table 11. Pearson Correction of CCI, CPI Transport, GDP Transport, and TSI Freight (N = 32).

Name CCI CPI Transport GDP Transport TSI Freight
Pearson Correlation 1 0.257 —0.213 —0.055
Ca Sig. (2 tailed) 0.156 0.242 0.767
CPI Transport Pearson Correlation 0.257 1 —0.158 0.792
Sig. (2—tailed) 0.156 0.387 <0.001
GDP Transport Pearson Correlation —0.213 —0.158 1 0.075
Sig. (2—tailed) 0.242 0.387 0.683
TSI Freight Pearson Correlation —0.055 0.792 0.075 1
Sig. (2—tailed) 0.767 <0.001 0.683

3.7. Forecast of Transportation Metric

The purpose of this analysis is to determine a suitable model to forecast the Trans-
portation Metrics, such as Transportation GDP, Transportation CPI, and Transportation
Service Index (Freight). The data in Table 12 indicates that none of the proposed models
(ARIMA and Simple Regression) is suitable to predict the metrics since the MAPE is very
high with a low R-squared of 48% model fit as well.

Table 12. Transportation metrics model fit.

Percentile
Fit Statistic Mean SE Min. Max.
5 10 90 95

Stationary R-squared 0.091 0.140 —0.001 0.252 —0.001 —0.001 0.252 0.252

R-squared 0.478 0.223 0.252 0.699 0.252 0.252 0.699 0.699

RMSE 8.049 7.867 2.466 17.047 2.466 2.466 17.047 17.047
MAPE 157.810 271.572 0.824 471.394 0.824 0.824 471.394 471.394
MaxAPE 2676.961 4626.141 4157 8018.768 4.157 4.157 8018.768 8018.768

MAE 5.222 5.332 1.611 11.346 1.611 1.611 11.346 11.346

MaxAE 26.996 26.937 10.002 58.055 10.002 10.002 58.055 58.055

Normalized BIC 3.623 1.972 1.914 5.780 1.914 1.914 5.780 5.780

In general, the data analysis focuses on the prediction aspect of construction costs
and trends. The discussion on the predictive analytics process includes the increasing
trend of CCI in 2022. The validation of the results uses descriptive analysis and Pearson
correlations, which shows that building permits, consumer price index, money supply,
producer price index, gross domestic products, and import price index have very strong
positive relationships with the construction cost index. On the other hand, unemployment
rates have a very strong negative relationship with the construction cost index. The results
from the Holt model and the MAPE analysis also imply that the forecasts are highly reliable.
Moreover, the analysis of the transportation metrics does not support the correlation
between transportation development and construction costs.

The descriptive and predictive parameters and models demonstrate how they can be
used in risk monitoring and control. Managers can use the discussion of CCI to develop
risk prediction models and evaluate different risk control methods, such as penalized
regression, ridge regression, and lasso regression when the construction industry is in a
downtrend; or market development and penetration when the industry is in an uptrend.
Managers should also be aware of the implementation limitations of the CCI forecasts,
for example, the model overfitting issues of big data analytics and sample sizes.

4. Conclusions

Using the monthly CCI published by the ENR helps in budgeting for materials, labor,
and other construction-related costs. One implication to practice is that other factors
influence the CCI and should be taken into consideration. The analysis from our research
shows that the number of building permits issued has a strong influence on the CCI. These
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results confirm the study by [13,16,18,38]. Also, the consumer price index, money supply,
and producer price have a strong positive influence on the CCI, whilst the import price
index has a very strong negative influence on the CClI, these results confirm the studies
of [27]. In addition, the Autoregressive Integrated Moving Average (ARIMA) promises to
be the most accurate prediction model with a minimum R-squared of 82.3% and maximum
R-squared of 99.3%, the Winter Additive Simple Seasonal Model been the next accurate
prediction model with an R-squared of 75%, and the Simple Season Model comes off with a
minimum R-squared of 69% and a maximum R-squared of 73.6%. Construction managers
and cost planners should adopt the ARIMA in their cost predictions as well as monitor
the trends of building permits, consumer price index, money supply, producer price index,
and import price index since they have a strong influence on the cost of materials, and labor.

According to the research results, it is important to provide adequate information
about influencing factors and the corresponding risks with no ambiguity. This helps in
developing a necessary response in risk monitoring and control, programming risk in
cause-effect diagrams, and attributing ownership. The identified preliminary information,
assumptions, background information, and the situation of the construction industry
should be of substantial importance to project managers, senior managers, and directors of
construction companies. The areas where uncertainties may occur should be identified and
accurately described. In this way, the factors and their influences examined and discussed
in this research will help construction companies to clearly understand and estimate the
risks related to construction costs.

One limitation of this research is that machine learning techniques were not used
for risk prediction. For example, future researchers could use machine learning and
artificial neural networks to explore the relationships between transportation metrics,
such as transportation gross domestic products, transportation consumer price index,
transportation service index (freight), and CCI. This can help to determine whether changes
in those indexes affect the costs of materials and labor in the construction industry.
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