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Accurate forecasts of manpower in the construction industry are very important for
the government, educational institutions and individual construction firms in their
manpower planning. Although many good forecasting models have been developed,
they require a sufficient amount of good-quality data to produce accurate results. Grey
systems theory developed by Deng has become popular due to its ability to deal with
systems in which some information is unknown. Grey models require only a limited
amount of data to estimate the behaviour of unknown systems. This paper compares
the grey model with the Box-Jenkins model in the forecasting of manpower in the UK
construction industry. A GM (1, 1) grey model is proposed to forecast construction
manpower one quarter ahead using manpower data from the Construction Statistics
Annual published by the Office for National Statistics covering 72 quarters from 1991
Q1 to 2008 Q4. Within this period, two sets of manpower data were used: the total
manpower available for employment (labour supply) and the total number of
employees in employment (labour demand). An Excel programme was formulated to
execute the forecasts using the grey model. An SPSS programme was used to conduct
autoregressive integrated moving average (ARIMA) forecasts (Box-Jenkins model).
The minimum mean absolute percentage error (MAPE) forecasted by the grey model
for the total manpower and total employees time series was 1.52% and 2.14%,
respectively, whereas the MAPE forecasted by the ARIMA model was 1.61% and
2.33%, respectively. Given the small forecasting error, it is concluded that both the
GM (1, 1) model and the ARIMA model can accurately forecast manpower in the UK
construction sector, but that the GM (1, 1) model performs slightly better than the
ARIMA model.
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INTRODUCTION
The construction industry is characterised by a workload that fluctuates cyclically.
These cyclical fluctuations in workload in turn create fluctuations in labour supply and
demand. Consequently, labour supply and demand in the construction sector are rarely
in exact equilibrium: there is always either a labour shortage or a labour surplus.
Labour shortages results in the hiring of unskilled labour, overtime work to maintain
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original programmes, and increased wages to maintain existing labour and attract new
workers. In contrast, labour surplus results from the dismissal of skilled labour. The
recruitment and training of skilled workers is costly (Uwakweh and Maloney, 1991).
Accurate forecasting of the workforce is thus very important in the construction
industry to maintain the correct balance between labour supply and demand.
Forecasting models for construction manpower can be classified into different types or
levels: national aggregate manpower models, occupational manpower models,
regional manpower models, regional manpower models by occupation (Briscoe and
Wilson, 1993), company manpower models and project manpower models. Each of
these models requires different input data and forecasting approaches. However, the
transience of manpower, the reliance on self-employment and problems with
estimating the informal labour market reduce the reliability of employment statistics
in the construction sector (CLR-GB, 2008). As such, accurate manpower forecasting
at any level is a challenging task for government, educational institutions and
individual construction firms alike.
Many good statistical models have been developed for forecasting manpower.
However, most of these models require the input of a sufficient amount of suitable
data. If there is insufficient data or if the data is sufficient but does not follow certain
patterns, then the forecasts may not be reliable or accurate. Given the potential
limitations of existing statistical models, this study introduces a grey model for
forecasting national aggregate labour supply and demand in the construction industry
based on a limited amount of data. To demonstrate the accuracy of the grey model, its
forecasting results are compared with those forecasts obtained with the Box-Jenkins
statistical model.

PREVIOUS MANPOWER FORECASTING MODELS
A wide range of statistical models of varying degrees of complexity is available for
forecasting manpower. These models can be grouped into five broad approaches: the
exponential smoothing approach, single-question (linear or non-linear) regression
approach, simultaneous-equation regression approach, autoregressive integrated
moving average (ARIMA) approach and vector autoregression (VAR) approach
(Gujarati and Porter, 2009). Many studies have attempted to use these models to
forecast the aggregate labour supply and demand, some of which are reviewed here.
Based on the neoclassical labour economics theory, several employment functions
have been developed to forecast labour demand in the short run. The optimal
employment functions so derived usually incorporate a lagged adjustment mechanism,
and the inputs can only be adjusted gradually towards their desired levels. One of the
most seminal employment functions is that proposed by Ball and St. Cyr (1966):
୲ ൌ  െ ଵ   ଶ  ୲  ଷ ୲ିଵǡ

(1)

where E = the level of employment, t = the time trend and Q = the construction output.
7KHFRHIILFLHQWVĮ0Į1Į2 DQGĮ3 are estimated by the regression method, which
captures explanatory rigour and uncovers the causal links amongst the variables.
However, the inclusion of a lagged dependent variable means that the parameter
estimates may be biased and the sampling variance underestimated. The regression
model is also unstable over time.
Econometric models also derive the supply and demand employment functions from
labour economics theory. By identifying appropriate reduced-form equations, the
relevant coefficients are then estimated by either the ordinary least-squares (OLS) or
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two-stage least-squares (2SLS) methods. For instance, Black and Kelejian (1970)
employed the 2SLS method to estimate a quarterly model of US labour demand and
supply and wage adjustments. The parameters estimated from an econometric model
are dependent on prevailing policy at the time of estimation, and will change if there is
a policy change.
The ARIMA model (or the Box-Jenkins model) focuses on analysing the probabilistic
properties of time series data (i.e. it lets the data speak for itself). Unlike single- and
simultaneous-equation regression models, the ARIMA model is not derived from any
economics theory. Wong et al. (2005) applied the model to forecast five construction
manpower time series in Hong Kong: employment level, productivity, unemployment
rate, underemployment rate and real wages. Their results showed the mean absolute
percentage error (MAPE) in the predicted employment level, productivity,
unemployment rate, underemployment rate and real wage values to be 12.8%, 6.6%,
7.4%, 7.5% and 2.2%, respectively. Depending on the patterns of the data, it is well
recognised that the ARIMA model achieves a better forecasting performance than
single- and simultaneous-equation regression models.
The VAR model resembles simultaneous-equation modelling in that several
endogenous variables are considered together, but each is explained by its lagged
values and the lagged values of all other endogenous variables in the model. By
examining a wide range of variables with the cointegrating regression method, Briscoe
and Wilson (1991, 1993) formulated the following long-run labour demand
specification for the UK engineering sector.
୲ ൌ   ሺ ୲ ሻ  ሺ୲ ሻ  ሺ

୲ሻ 

ሺ୲ ሻ  ሺ ୲ ሻǡ

(2)

where E = the employment level, Q = the construction output, RW = the real wages, H
= the average hours worked, ROP = the real oil prices, BR = the bank rates and t = the
time trend. Due to the small degree of freedom, the over-parameterized VAR model
was then simplified into a restricted error correction (EC) form.
ᇞ ୲ ൌ    ሺᇞ  ୲ ሻ  ଵ ሺᇞ  ୲ିଵ ሻ  ሺᇞ ୲ ሻ   ሺᇞ
 ሺᇞ  ୲ ሻ  ଵ ሺᇞ ୲ିଵ ሻ   ଶ ሺᇞ ୲ିଶ ሻ  ሺ୲ିଵ ሻǤǤ

୲ሻ

 ଵ ሺᇞ ୲ିଵ ሻ 
(3)

Briscoe and Wilson found that the dominant variables were output, real wages and the
lagged dependent variable.
Most statistical forecasting models require a large amount of data in order to achieve a
reliable conclusion. For instance, Box and Jenkins (1976) stated that 50 to 100
observations are necessary to ensure adequate power for model testing, although other
studies have shown that the minimum number of observations is more likely to be
between 100 and 250 (Yaffe and McGee, 1982). The foregoing literature review
clearly indicates the need for a manpower forecasting model that can produce accurate
forecasts with a limited amount of input data.

GREY MODEL
Grey systems theory, originally developed by Deng (1982), is a generic theory that
deals with problems with small samples or poor data. It looks for realistic patterns
based on the modelling of a small amount of available data. Several types of grey
models have been developed over the years. Probably, the most popular predicting
model is the single-variable first-order grey model, abbreviated as GM (1, 1). The GM
(1, 1) modelling algorithm can be summarised in the following steps, details of which
FDQEHUHIHUUHGWR/LXDQG/LQ¶V  ERRN
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Step 1: Assume that x(0) is the original raw data sequence with n samples:
(4)
  ൌ ൣ ሺሻ ሺͳሻǡ  ሺሻ ሺʹሻǡ ǥ Ǥ Ǥ ǡ  ሺሻ ሺሻ൧ ൌ ሾ  ሺሻሿǢ   Ͷ,
where the superscript (0) represents the original data and negative data values are not
allowed. The task here is to forecast x(0)(k+1) (i.e. one sampling time ahead).
Step 2: In the grey system, the original sequence x(0) is transformed into a new
sequence x(1) using a first-order accumulated generation operator (AGO). The main
function of the AGO is to discover the potential regular pattern or trend of the original
data sequence through the accumulation of data so that the prediction can be more
accurate. The new sequence x(1) is the AGO sequence of x(0), which is defined as
follows.
ଵ ൌ   ή   ൌ ൣσଵ୩ୀଵ   ሺሻǡ σଶ୩ୀଵ   ሺሻǡ ǥ Ǥ Ǥ ǡ σ୬୩ୀଵ   ሺሻ൧

(5)

where
 ଵ ሺͳሻ ൌ  ݔ ሺͳሻ
ଵ ሺʹሻ ൌ  ݔଵ ሺͳሻ   ݔ ሺʹሻ
ଵ ሺ͵ሻ ൌ  ݔଵ ሺʹሻ   ݔ ሺ͵ሻ
«««««««.....
ଵ ሺሻ ൌ  ݔଵ ሺ݇ െ ͳሻ   ݔ ሺ݇ሻ

(6)

Step 3: The sequence x(1) is then modelled by a first-order differential equation
(whitening equation) as follows.
ୢ୶ሺభሻ
ୢ୲

  ሺଵሻ ൌ ,

(7)

where dx(1)/dt is the derivative of the function x, x is the background value, and the
parameters a and b are the development coefficient and grey input, respectively.
Step 4: In order to handle the discrete data sequence which is not continuous and
differential, Equation (7) is generalized into the following grey differential equation.
 ሺሻ ሺʹሻ   ሺଵሻ ሺʹሻ ൌ 
 ሺሻ ሺ͵ሻ   ሺଵሻ ሺ͵ሻ ൌ 
«««««««««
 ሺሻ ሺሻ   ሺଵሻ ሺሻ ൌ ,

(8)

(1)

where z (k) is the generated sequence of the consecutive neighbours of x

(1)

 ሺଵሻ ሺሻ ൌ Ƚ ሺଵሻ ሺሻ  ሺͳ െ Ƚሻ ሺଵሻ ሺ െ ͳሻǢ Ƚ  אሾͲǡͳሿ ൌ ͳǡ ʹǡ ǥ Ǥ Ǥ ǡ ,

given by
(9)

(1)

ZKHUHĮLVWKHJHQHUDWLRQFRHIILFLHQW which depends on whether z (k) places more
emphasis on new or ROGGDWD:KHQĮޓWKHJHQHUDWLRQRI](1)(k) is said to have
emphasis more on new daWDZKHUHDVZKHQĮ(]ޒ1)(k) is said to have emphasis
more on old data.
Step 5: In order to provide a solution for Equation (8), the parameters a and b can be
solved by the traditional least-squares error method as follows.

ො ൌ ቂ ቃ ൌ ሺ  ሻିଵ   ,

(10)
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where
 ሺሻ ሺʹሻ
െ ሺଵሻ ሺʹሻͳ
ۍ
ې
ۍ
ې
ሺଵሻ
 ێሺሻ ሺ͵ሻۑ
ێെ ሺ͵ሻͳۑ
 ێሺሻ ۑ

 ێሺଵሻ
ۑ
 ൌ  ێሺͶሻ ۑǡ  ൌ ێെ ሺͶሻͳ ۑǡ ො ൌ ቂ ቃ.

Ǥ
ێ
ۑ
 ێǤ ۑ
Ǥ
ێ
ۑ
 ێǤ ۑ
ሺଵሻ
ሺሻ
ۏെ ሺሻͳے
 ۏሺሻے
(11)
Step 6: Setting the initial value ො ሺଵሻ ሺͳሻ ൌ  ݔሺሻ ሺͳሻ and t = 1, the solution to Equation
(7) is given approximately by
ୠ

ୠ

ො ሺଵሻ ሺ  ͳሻ ൌ ቀ ሺሻ ሺͳሻ െ ୟ ቁ ିୟ୩  ୟ Ǣ  ൌ ͳǡ ʹǡ ͵ǡ ǥ ǡ ,

(12)

where ො ሺଵሻ ሺ  ͳሻ is the predicted value of  ሺଵሻ ሺ  ͳሻ at time (k+1) and  denotes
the forecasted value.
Step 7: By using the inverse accumulated generation operator (IAGO) which is an
inverse operator of the accumulated generation, the forecasted value ො ሺሻ ሺ  ͳሻ) can
be obtained by:
ො ሺሻ ሺ  ͳሻ ൌ ො ሺଵሻ ሺ  ͳሻ െ ො ሺଵሻ ሺሻ.

(13)

Step 8: The metabolic GM (1, 1) model is used by inserting x(0)(n+1) and deleting
x(0)(1) in the sequence x(0) = [x(0)  «[(0)(n), x(0)(n+1)] because the value of new
data is greater than that of old data. As the system develops, older data are deleted and
newer data added so that the modelling sequence is constantly renewed to reflect the
latest characteristics of the system.
Step 9: The overall accuracy of this forecasting model can be measured by its means
absolute percentage error (MAPE):
ଵ

 ൌ ୬ σ୬୩ୀଵ

ห୶ሺబሻ ሺ୩ሻି୶ොሺబሻ ሺ୩ሻห
୶ሺబሻ ሺ୩ሻ

ͳͲͲΨǢ  ൌ ͳǡ ʹǡ ǥ ǡ ,

(14)

where  ሺሻ ሺሻ and ො ሺሻ ሺሻ are the actual and forecasted values, respectively, and n is
the number of forecasts.

RESEARCH METHODOLOGY
Based on a limited amount of data, the metabolic GM (1, 1) model is used to forecast
the aggregate labour supply and demand in the UK construction sector. The BoxJenkins (ARIMA) model is used to perform the same forecasts based on the same
datasets. The results forecasted by the two approaches are then compared based on the
means absolute percentage error (MAPE). Amongst several statistical models, the
ARIMA model is chosen for the comparison purpose for two reasons. First, in many
cases, the ARIMA model produces more reliable and accurate forecasts than the
exponential smoothing model, single-question regression model and simultaneousequation regression model. Second, same as the grey model, the ARIMA model does
not rely on the input of other external data so that these two approaches can be directly
compared on the same base.
The manpower data is based on the Construction Statistics Annual published by the
Office for National Statistics. It contains a total of 72 quarterly datasets, covering the
first quarter of 1991 to the fourth quarter of 2008. Within this period, this study
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examines WZRVHWVRIGDWDWKHµWRWDOPDQSRZHU¶WLPHVHULHVDQGWKHµWRWDOHPSOR\HHV¶
time series. The manpower time series represents the total amount of labour available
for employment (i.e. the labour supply), whereas the employees time series represents
the total amount of labour in employment (i.e. the labour demand). All of the data
were adjusted to reduce seasonal fluctuations. Figures were occasionally revised due
to differences in the definitions and coverage from the original series. This created
certain fluctuations in the time series that would affect the accuracy of the forecasts.

EMPIRICAL RESULTS AND DISCUSSION
GM (1, 1) Model
One of the major advantages of the GM (1, 1) model is that it only requires the input
of a few data for model building. The sample number determines the amount of
memory in the model. Generally, when a series is very random, a larger sample
number produces a lower MAPE. In contrast, if the series moves smoothly up and
down, then a smaller number produces a lower MAPE. The optimal sample number is
that which produces the lowest MAPE. To achieve the lowest MAPE, a search method
was employed to find the optimal sample size. Different sample sizes were used to
build the models, forecast the number of workers one quarter ahead, compare the
differences between the actual and forecasted numbers and finally calculate the
absolute percentage error of each forecast and the overall MAPE. Table 1 presents the
MAPE of forecasts based on sample sizes of 4, 5, 6, 7, 8 and 9.
Table 1: MAPE of forecasts based on different sample sizes
MAPE of forecasts based on
Time series

4 data
input

5 data
input

6 data
input

7 data
input

8 data
input

9 data
input

Total manpower

1.95%

1.74%

1.66%

1.75%

1.81%

1.98%

Total employees

2.44%

2.47%

2.64%

2.89%

2.95%

3.11%

As can be seen in Table 1, the results demonstrate that the grey model requires few
input data and indeed, a larger amount of input data does not produce more accurate
results. Based on the minimum MAPE, the optimal sample sizes for the total
manpower and total employees time series are 6 (1.66%) and 4 (2.44%), respectively.
7KHFRHIILFLHQWĮLQ(TXDWLRQ  GHSHQGVRQWKHUHODWLYHUHOLDQFHRQQHZYHUVXVROG
date in the accumulated generation process. Again, the optimal coefficient is that
which produces the lowest MAPE. Based on the identified optimal sample sizes, a
search method was used to find the optimal coefficient. Table 2 presents the MAPE of
IRUHFDVWVEDVHGRQĮYDOXHVUDQJLng from 0.50 to 1.00.
7DEOH0$3(RIIRUHFDVWVEDVHGRQGLIIHUHQWĮYDOXHV
Time series

MAPE of forecasts based on
Į 

Į 

Į 

Į 

Į 

Į 

Total manpower
(6-data solution)

1.66%

1.62%

1.59%

1.56%

1.54%

1.52%

Total employees
(4-data solution)

2.44%

2.35%

2.27%

2.21%

2.17%

2.14%

$VVKRZQLQ7DEOHXVLQJDODUJHUĮYDOXHUHGXFHVWKH0$3(RIIRUHFDVWVLQERWK
time series. This indicates that the value of new data is greater than that of old data in
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the forecast. The optimal coefficients for the total manpower and total employees time
series are both equal to 1.
Based on the optimal sample size of 6 data for the total manpower time series and the
RSWLPDOĮYDOXHRIWKHILUVWVL[DFWXDOYDOXHVwere used to build the GM (1, 1) model
and to forecast the seventh value (i.e. one quarter ahead) according to Equations (4) to
(13). The seventh forecasted value was compared with its actual value. The absolute
percentage error was then calculated according to Equation (14). The same calculation
procedure was repeated until the end of the last set of data. As each forecast required a
large number of calculations, an Excel program incorporating Equations (4) to (14)
was used to manipulate the calculations. The dataset comprises 72 data. After
deducting the first 6 data for model building, the remaining 66 data were used to
evaluate the accuracy of the ex-post forecasts. The same forecasting method was used
with the total employees time series to produce similar forecasts. Table 3 shows a
comparison of the actual and forecasted values for one quarter ahead, together with its
absolute percentage error, for the total manpower and total employees time series.
Table 3 shows that the MAPE of the overall forecast for the total manpower and total
employees time series is only 1.52% and 2.14%, respectively. The respective
maximum absolute percentage error (MaxAPE) is 7.19% at 2000 Q1 and 6.98% at
2002 Q1. These relatively larger errors are due to irregular movements of the time
series at those periods. With few exceptions, the error for most forecasts is very small.
Therefore, the actual and forecasted values are in a very good agreement as shown in
Figure 1.
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Table 3: Actual and forecasted values for one quarter ahead from the grey model
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* Maximum absolute percentage error.

No. of Construction Labour (in Thousand)

2 500

2 000

1 500

1 000
Actual values - total manpower
Forecasted values - total manpower
Actual values - total employees
Forecasted values - total employees

500

0

Q1 Q4 Q3 Q2 Q1 Q4 Q3 Q2 Q1 Q4 Q3 Q2 Q1 Q4 Q3 Q2 Q1 Q4 Q3 Q2 Q1 Q4 Q3
1991 1992 1993 1994 1995 1996 1997 1998 1999 2000 2001 2002 2003 2004 2005 2006 2007
Years

Figure 1: Actual and forecasted values for the total manpower and total employees time
series from the grey model

ARIMA Model
The ARIMA approach consists of four steps: identification of the model (tentative
choice of p, d, q), parameter estimation for the chosen model, diagnostic checking and
forecasting, details of which can be found in Box--HQNLQV¶VHPLQDOERRNµ7LPH6HULHV
$QDO\VLV)RUHFDVWLQJDQG&RQWURO¶7KH6366SURJUDPPHZDVXVHd to find the fitted
values based on the same data as that used in the grey model. The best models for the
total manpower and total employees time series were found to be ARIMA (0, 1, 3) (0,
1, 1) and ARIMA (0, 1, 0) (0, 0, 0), respectively. The model parameters are shown in
Table 4.
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According to Table 5, the MAPE of the overall forecast for the total manpower and
total employees time series is 1.61% and 2.33%, respectively, whereas the respective
MaxAPE is 5.68% at 2000 Q1, and 6.88% at 1998 Q1. As with the grey model, the
actual and forecasted values for both time series are in very good agreement.
Comparison of the GM (1, 1) Model and ARIMA Model
Table 6 shows a comparison of the forecasting accuracy of the GM (1, 1) model and
ARIMA model. The MAPE values forecasted by both models are between 1.52% and
2.33%, which is very small. Hence, both the GM (1, 1) model and the ARIMA model
can be considered to be able to accurately forecast labour supply and demand in the
UK construction sector.

It is also observed from Table 6 that the GM (1, 1) model performs slightly better than
the ARIMA model, although the differences are only 0.1% and 0.2% for the total
manpower and total employee time series, respectively. As the ARIMA model is well
recognised as one of the most reliable forecasting approaches, the results demonstrate
the reliability and robustness of the grey model in forecasting short-term construction
manpower.

CONCLUSIONS
As shown in Figure 1, labour supply in the construction industry has always been
greater than labour demand over the past 20 years. In other words, the UK
construction industry is demand led rather than supply led. Hence, it is more important
to focus efforts on the forecasting of labour demand rather than labour supply.
Contrary to the general belief that it is difficult to make an accurate labour forecast,
the above results empirically demonstrate that both the GM (1, 1) model and the
ARIMA model can accurately forecast labour supply and demand in the UK
construction sector. Besides the robustness of the models, one of the main reasons is
that the data was fairly stable over the period of analysis as indicated in Figure 1. As
378

Forecasting and Decision Making
the overall MAPE values are only around 2%, there should be little concern about the
forecasting method itself.
Based on sample sizes of only 6 and 4 data for the total manpower and total
employees time series respectively, the GM (1, 1) model produced a slightly more
accurate forecast then the ARIMA model. This demonstrates that the GM (1, 1) model
can handle a time series with a small sample size. The model may thus be equally, or
even more, suitable for forecasting other detailed manpower models such as the
occupational manpower model, regional manpower model and regional manpower by
occupation model. This would be a promising area for further research.
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