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Abstract
In the global market, the total amount of contracts of Korean construction companies has
increased for about 10 years. However, the number of extreme cases of failures has been
occur constantly. Many previous researches have indicated that a sudden change of the
market is one of the most influential causes of the global construction market. Conventional
methods that anlayze the construction market are commonly based on the regression
approach, which assumes that there exist trends and statistical distributions in historical data,
so that they have a limitation to predict a sudden change of the market. For those reasons,
this research aims to develop an early warning system against a sudden change of the global
construction market by focusing on Construction Cost Index (CCI). To achieve this objective,
this research provides a brief overviews of previous researches to clarify the difference of the
analysis concept of fractal analysis from others. The results of this analysis will have a
contribution to supplement the deficiencies of the conventional methods and evolve
construction market body of knowledge.
Keywords: Global construction market, construction cost index, early warning system, fractal
analysis, cycle estimation.

1 Introduction
1.1 Research Background
Because of continuous decline in the domestic market, many construction companies in
Korea have been trying to enter the global construction market such as South-East Asia or
Middle East (ICAK 2016). The total amount of contracts of Korean contractors in the global
market has increased for a decade, however, the number of the extreme cases of market
failures has occurred continuously (Kim et al 2007). Figure 1 shows the trend of the contract
amount of Korean contractors in the global construction markets and Figure 2 illustrated the
profit rates with respect to time periods
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Figure 2 Profit rates with respect to time periods

Many researches revealed various causes of failures in the global construction markets.
Han et al (2007) identified 64 influencing factors and suggested a hierarchical framework of a
cause-and-effect relationship between the risk variables. Other studies established that a
sudden change of market is one of the most significant causes of the global construction
market failure (Griffis and Christodoulou 2000; Nasirzadeh et al 2008; Kim et al 2009).
1.2 Literature Review
Akintoye et al (1998) mentioned that the understanding of future trends in construction
price is likely to influence the stakeholders of construction projects, and found out the
relationship between macro-economic leading indicators of construction contract prices.
These days, there are lots of previous research about Construction Cost Index (CCI), a typical
market factor representing the U.S. construction market measured by a famous Indexing
company – Engineering News-Record (ENR). Predicting CCI is very important, since
construction players consider it for cost estimation, bid preparation, and investment planning
on the global construction market (Williams 1994; Kim et al 2008; Hwang 2011; Lesniak 2013;
Jiang et al 2013; Shahandashti and Ashuri 2013).
There exist two big concepts to analyze construction market based on CCI: Time-series
analysis and Data-mining. Time-series means a sequenced data observed over a uniform time
interval, hence the data is affected by the time (Cho and Son 2009; Shmueli et al 2012). Hwang
(2011) estimated CCI using Autoregressive-Moving Average (ARMA) and VectorAutoregressive Model (VARM). Other researches used Vector Error-Correction Model
(VECM) to overcome the technical limitation of ARMA and VARM that require the stationarity
of time-series data. (Wong and Ng 2010; Jiang et al 2013; Shahandashti and Ashuri 2013).
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The other concept is data-mining techniques. Williams (1994) developed a backpropagation neural network model on the change of percentage of CCI. Lesniak (2013) and
Wang et al (2013) developed an artificial neural network (ANN) and Support Vector Machine
(SVM) model on project-level variables (type of works, project complexity, duration, etc.) to
predict cost and schedule of construction project.
1.3 Problem Statement & Research Objective
The problem is that those conventional analysis methods are commonly based on the
regression approach that assumes trends and distributions of historical data to be exist. The
prediction results of conventional models depend on the past observations, which is limited to
predict the sudden change of market. For this reason, construction companies have a difficulty
in risk management in the global market.
This research aims to develop an early warning system against a sudden change of the
global construction market. As a part of the objective, the research introduces a different
analysis concept using fractal analysis that estimates every cycles of the market. The results
will supplement the deficiencies of the conventional methods and evolve construction market
body of knowledge. Furthermore, it is considered to achieve a progressed body of knowledge
that supports decision making on the global construction market.

2 Methodology
2.1 Fractal Theory
A market fluctuates because of the result from the integration of some periodic or nonperiodic cycles. To develop a cycle estimation model, the research studied Fractal theory.
Fractal is a geometric phenomenon and mathematical set that has characteristics of selfsimilarity and recursiveness. The definitions of the fractal characteristics are following in table
1. Self-similarity is a characteristic that a special tendency or pattern is found at various
resolutions of the system. Recursiveness is similar to repetitiveness, meaning that the
tendency or pattern is found in the various regions of the system. Fractal analysis means
identifying these fractal characteristics of a system (Peters 1994).
Table 1 Definition of Fractal Characteristics

Characteristic
Self-similarity
Recursiveness

Explanation
A tendency of the system to be similar to parts of itself
A parts of the system appear in the entire area

Fractal theory is known to explain the real world better than the classical model because
it rarely assumes distribution of data (Mandelbrot 1985; Alvarez-Ramirez et al 2008; Kumar
and Manchanda 2009; Sánchez-Granero et al 2012; Anderson and Noss 2013; Yin 2013;
Abdulhadi 2015). Hence it is used in various fields of researches. Mandelbrot (1985) designed
the fractal concept to forecast the amount of rain. In a statistic field, the fractal theory is used
for detecting outliers (Mohammadi 2010). Topper and Lagadec (2013) introduced a new crisis
management approach based on the fractal theory. Recently, fractal theory is widely used in
economic researches, such as estimating the stock market behavior (Alvarez-Ramirez et al
2008; Kumar and Manchanda 2009; Sánchez-Granero et al 2012; Anderson and Noss 2013;
Yin 2013; Abdulhadi 2015).
2.2 Fractal Analysis in Time-series
the characteristics of fractal (i.e., self-similarity and recursiveness) are found in time-series
data in the form of different period of cycles. Figure 3 shows an example of time-series
integrated by 4 different periods of cycles and amplitudes. The large peak between index 4
and 8 is shaped very similar to the small peak ranged between index 2 and 4; self-similarity.
A small peak ranged between index 2 and 4 looks similar to the other small peak ranged
between index 8 and 10; recursiveness. Figure 4 shows the component cycles of the example
in figure 3. Fractal analysis in time-series is to identify every cycle and estimate each period
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of cycles like figure 4. If every cycle of the system is identified, a sudden change of the system
would be explained better by re-integrating the decomposed cycles.
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Figure 3 Example of Fractal in Time-series
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Figure 4 Example of Fractal in Time-series (Decomposed Version)

2.3 R/S Analysis
Rescaled range (Range/Scale; R/S) analysis is the most general concept of the fractal
analysis for time-series data (Peters 1994; Kumar and Manchanda 2009; Yin et al 2013;
Abdulhadi et al 2015). The basic logic of the R/S analysis is that a range of the cycle never
grows bigger than the amplitude.
The process of calculating R/S is following. First, rescale or “normalize” the time-series
data 𝑥𝑡 to the adjusted range 𝑅𝑛 , as provided in equation (1) to (3)
𝑍𝑟 = 𝑥𝑟 − 𝑥̅ (r = 1, … , n)

(1)

𝑌𝑖 = ∑𝑖𝑟=1 𝑍𝑟 (𝑖 = 1, … , 𝑛)

(2)

𝑅𝑛 = max(𝑌1 , … , 𝑌𝑛 ) − min(𝑌1 , … , 𝑌𝑛 )

(3)

where n is the length of the sub section from the whole data points, that is a resolution of the
time-series data, namely, the scale. Second, the adjusted range 𝑅𝑛 divided by 𝑆𝑛 , standard
deviation of the sub section with length n, is the rescaled range 𝑅/𝑆𝑛 (Peters 1994). When n
grows, the 𝑅/𝑆𝑛 value would also grow usually and converge to a threshold when the
maximum range is covered.
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2.4 V Statistics
As mentioned above, the range of the time-series data never grows bigger than the
amplitude. In other words, the 𝑅/𝑆𝑛 value stops growing when the range reaches to the
amplitude, and when n reached to the length of a cycle. To represent the break point more
clearly, a simple statistic – V statistic – is measured (Peters 1994). V statistic is defined as the
equation (4)
𝑉𝑛 = (𝑅/𝑆)𝑛 /√𝑛

(4)

By plotting V statistics on the X axis and log(n) on the Y axis, the break points would occur
when a cycle of time-series is over. In this way, the research can identify the period length of
each cycle in time-series.

3 Results
3.1 Variable Description
This research used Construction Cost Index (CCI) as a variable to develop the cycle
estimation model for the early warning system. CCI is a cost index from 20-cities of U.S.
published monthly by Engineering News Record (ENR), covering four important cost factors
of construction projects – labor rates, steel price, cement price, and lumber price. Table 2
describes the detailed definition of each cost.
Table 2 Description of Construction Cost Index

Cost
Labor rate
Steel price
Cement price
Lumber price

Description
200 hours of common labor at the 20-city average of common
labor rates
25 cwt of standard structural steel shapes at the mill price prior to
1996 and the fabricated 20-city price from 1996
1.128 tons of Portland cement at the 20-city price
1,088 board-ft of 2 x 4 lumber at the 20-city price

8000
5000

Index

This research gathered CCI data from JAN 1990 to JAN 2015, 301 observations in a
monthly period. As Peters (1994) and other researchers mentioned, R/S analysis functions
well with the logarithmic ratio of the original data. For that reason, the research used the
logarithmic ratio of CCI (i.e., returns of CCI) as a variable of the model (Peters 1994; Kumar
and Manchanda 2009; Yin et al 2013; Abdulhadi et al 2015). Figure 5 represents the original
CCI and Figure 6 represents logarithmic ratio of CCI, 1-mth returns.

1990

1995

2000

2005

2010

2015

Month

Figure 5 Construction Cost Index
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Figure 6 Logarithmic Ratio of Construction Cost Index (1-mth Returns)
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3.2 Results of R/S Analysis
The V statistics stop growing and reach a break point when the range of the time-series
data covers the amplitude of the cycle; the number of observation covers the period of a cycle.
After the break point, the V statistics grow again heading towards the amplitude of the next
cycle. Figure 7 shows the growing trend and arrival at the break point of the V statistics on the
CCI data. The X axis represents the number of observations in the log and the Y axis
represents the V statistics. The results show three break points at 12, 30, and 75 observations,
which means there exist cycles of the period in 12, 30, and 75 months. The V statistics, then,
grow again after the 75-mth break point and don’t stop until the maximum scale of the
observation, which means there exists the longer period of the cycles than that of the
maximum data points, 300 months.
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Figure 7 V Statistics of Construction Cost Index

3.3 Verification & Validation
The research estimated the cycles of CCI in different scales (i.e., the returns in different
time lag) to verify the cycle estimation model based on the fractal analysis. Because the total
length of the observations is only 300 data points, which is too small size that could mislead
the results of the model, the research used the 2-mth, 3-mth, and 6-mth returns with 150, 100,
and 50 data points for verification. The results are shown in figure 8 to 10. The 60-mth cycle
in Figure 8 & 9 and 30-mth cycle in Figure 10 verify the 30-mth cycle of the original result of
R/S analysis, as the 30-mth cycle supposed to derive the 60-mth cycle. Similarly, 150-mth
cycle in Figure 8 verify the 75-mth cycle of the original result. The original results show that
CCI also has 12-mth cycle, which is obvious to say, as many macroeconomic factors have 12mth (1 year) cycle.
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Figure 8 V Statistics of Construction Cost Index (2-mth Returns)
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Figure 9 V Statistics of Construction Cost Index (3-mth Returns)
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Figure 8 V Statistics of Construction Cost Index (6-mth Returns)

This research estimated cycles of other factors of the construction market, which are
related to CCI. The model could be validated by estimating the other market factors because
the relationship would share some cycles in the same period. Four variables are selected as
CCI-related factors through the judgement of professionals, literature reviews of previous
researched and cross-correlation function (Han et al 2007; Kim et al 2009; Deng and Low
2013; Jiang et al 2013). The variables are market factors representing the U.S. construction
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market, in detail, Crude Oil Price (COP) from western Texas, Gross Domestic Product (GDP),
Construction Industrial Production (CIP), and Total Construction Spending (TCS). Among
them, only COP is used for validation because other variables are quarterly data, thus, the
number of observations is insufficient to proceed R/S analysis. The result is following with
Figure 11. COP, one of the construction market factors related to CCI, have the cycles with
the 30-mth and 60-mth periods, similar results to CCI.
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4 Conclusion
4.1 Summary
Many Korean construction companies have attempted to enter the global construction
market. However, the failure cases still occur due to a sudden change in the market. Previous
researches revealed risk factors, and tried to predict the market fluctuation using time-series
analysis and data-mining. The problem is that these conventional methods are based on the
concept of regression that assumes trends and distributions of the data to be exist, thus, a
sudden change of market might be hardly predicted. The research aims to develop the early
warning system against a sudden change of the construction market, focusing on the
estimation of cycles of the global construction market factor, Construction Cost Index. This
research performed the cycle estimation on CCI using R/S analysis, which adopts the fractal
theory. The R/S analysis is used to identify the characteristics of fractal of time-series data
(i.e., self-similarity & recursiveness). The V statistic, a result of R/S analysis, is used to
estimate the length of a cycle. The results of the analysis showed that CCI has some cycles
whose lengths of period are the 30-mth and 60-mth. The verification with different time lags
and validation with other market factors were performed in a qualitative manner.
4.2 Contribution
The research introduced the fractal analysis in the construction domain in order to estimate
cycle of market factors. For a practical contribution, the research estimated the cycles of
Construction Cost Index, and made the basis of the development of the early warning system
against sudden change of the global construction market.
4.3 Limitation
One limitation of this research is the insufficiency of observation data. Since the cycle
estimation depends on the change of the rescaled range upon time scale, it is difficult to
identify the cycles whose length of period is larger than the number of observation data. The
other limitation is that the verification and validation were performed only in a qualitative
manner, hence it is ambiguous to insist the existence of cycle.
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4.4 Future Research
Future research will perform a process such as quantitative verification and validation in
order to propose an objective criteria of cycle estimation. The results would converge with
conventional time-series model to predict a sudden change of the global construction market
and support decision makers with early warning system.
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