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Abstract: It is significant to achieve the scientific forecast and quantitative analysis of construction
output. In most existing construction economic forecasting methods, both time series models and
BP neural network fail to consider the change in relevant influencing factors. This paper introduced
the support vector machine (SVM) to solve the above problems based on the grid search method
(GSM) optimization model. First, based on constructing an index system of influencing factors of
the gross industrial output, a grey relational method is adopted to verify the correlation between
the eight factors and output. Furthermore, a SVM forecast model of the gross output is constructed
with the relative datasets and influencing factors of the construction industry in Hubei from 2001
to 2016 as a training sample, while the parameters are optimized using the GSM. Then, the model
is used to forecast and analyze the gross output from 2017 to 2020 while checking errors. Finally,
according to systematic comparison analyses among three forecast models, including the GSM-SVM
model, BP neural network, and grey GM (1,1), the results showed that the GSM-SVM forecast model
processed the higher solution accuracy and generalization ability. The effectiveness and reliability of
our proposed model in the field of construction output forecasting are verified. It can provide a more
effective modeling and forecasting method for the gross output value of the construction industry.

Keywords: construction output; support vector machine; economic growth; forecast model

1. Introduction

Construction output denotes the sum of construction industry products and services
generated in a country or a region within a certain period. It is a specific manifestation
of production scale, development speed, and operating performance in the construction
industry [1,2]; it is essential for governments or companies to avoid risks, position the
industry, and formulate rules and regulations. It is necessary to forecast the future economic
development of the construction industry based on the intrinsic factors affecting the gross
construction output. The high-quality development of the construction industry will
be achieved by systematically evaluating and measuring the economic growth of the
construction industry [3].

The study of traditional forecasting methods based on construction output are gen-
erally achieved by establishing mathematical or physical models. Mainly includes linear
regression [4,5], time series [6,7], and other linear analysis methods. These forecasting
methods utilized the past construction output historical data to speculate on the future
development trend of the construction economy. The research objects of these time series
analysis methods require a continuous regular growth trend. However, the forecasting of
gross construction output is a non-linear problem affected by many factors, so the above
methods do not align with the objective development law of construction output. With
the rapid development of artificial intelligence (AI) technology, economic development
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forecasting methods based on AI algorithms have received widespread attention from
researchers, mainly including grey forecasting models [8,9], BP neural network [10,11],
and other integrated models of different algorithms. However, the grey model (1,1) has
low accuracy on irregular, and unstable sample data. BP neural network requires large
data samples during training and has poor learning ability and fault tolerance on the small
sample time series. Generally, current construction output forecasting algorithms have the
disadvantage of not considering the impact of relevant factors, slow convergence speed,
and low fault tolerance.

According to the above discussion, a suitable construction output forecasting model for
predictive economic development is urgently required. Firstly, it is necessary to introduce
the influencing factors of construction output into the forecasting model. Most existing
indicators of construction output influencing factors direct use macroeconomic indicators
to forecast construction output development, such as gross regional product and fixed asset
investment, which failed to summarize the impact of other factors. Therefore, a system of
indicators with a more distinct hierarchical structure and multiple integrated considerations
is necessary. Secondly, the Support Vector Machine (SVM) is a data mining method based
on statistical learning theory. Compared with other algorithms, it has unique advantages
in solving small samples, non-linear problems, and identifying high-dimensional patterns.
The Grid Search Method (GSM) possesses a solid self-adaptive optimizing search ability,
which is able to maximize the search for the optimal parameter combination of SVM. To
summarize, this paper uses a support vector machine optimized by the grid search method
(GSM-SVM). It will achieve a more accurate prediction of the construction industry’s
gross output.

The contributions of this paper are summarized as follows:

(1) Screening scientific and practical influencing factor indicators are the basis for con-
struction output to conduct predictive analysis research. Based on the literature and
related research, the evaluation index system for influencing factors is proposed by
combining it with the current Chinese construction industry development situation to
screen out the more scientific influencing factors of construction output.

(2) A grid search method is used to optimize the SVM algorithm to find the optimal
combination of values of penalty factor C and kernel function parameters g to improve
the recognition accuracy and prediction performance of the SVM prediction model.

(3) The SVM algorithm attempts to apply to Chinese construction output forecasting, and
related experiments verify that the GSM-SVM forecasting model has higher accuracy and
is a critical extension of the economic forecasting method of the construction industry.

The remainder of this paper is organized as follows. Section 2 introduces the related
works on the methodology and influencing factor indicators used to forecast construction
output gross output. Section 3 presents the index system’s support vector machine methods
and construction. In Section 4, construction of the GSM-SVM forecasting model and
verification analysis of forecasts for gross construction output. To verify the model’s
accuracy, we compared its forecast errors with those of the BP neural network and grey
GM (1,1) models. Finally, it clarifies the GSM-SVM approach’s feasibility in the construction
output forecasting field in Section 5.

2. Related Works
2.1. Current Status of Research on Factors Influencing Construction Output

Research on the evaluation index system of the construction industry is a prevalent
issue. Recently, domestic scholars proposed different models for the gross output value of
the construction industry in China and its provinces or cities. Yang [12] proved through
the Granger causality test that GDP, the added value of the real estate industry, and in-
vestment in construction and installation works to influence the construction industry.
Zhang et al. [13,14] selected from the comprehensive ratio of various inputs and outputs
of the industry: construction workers, number of construction enterprises, investment
in fixed assets in construction, and labor productivity in construction as input indicators
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that reflect the efficiency of the industry. Hua et al. [15,16] added the gross construction
industry assets in the constructed influencing factors of construction industry development
as a comprehensive indicator containing both produce results and operation of the con-
struction industry, to measure the capital stock of the industry. Jiang [17] proposed a more
comprehensive composition and evaluation indicators of high-quality development of
the construction industry, including scale growth, development efficiency, and innovative
development et al. Peng [18] utilized the number of enterprises, housing construction area
and completion rate to indicate the existing situation of construction industry and reflect
the development process of the industry.

Moreover, scholars proposed different index systems to study and analyze the devel-
opment of China’s construction industry. However, there are few analyses and evaluations
on the concept of influencing factors of construction industry economic development in
China, and there still needs to be a perfect index system of influencing factors of the gross
output value of the construction industry. Therefore, based on literature induction and
analysis, combined with the concept of high-quality development of China’s construction
industry [19]. It is planned to select the added value of the construction industry, the
gross income of construction enterprises, and other indicators to evaluate the economic
benefits and industrial scale of the construction industry. In addition, the impact of in-
dustrial innovation production capacity is also considered, increasing labor productivity,
the number of construction enterprises, and other production efficiency indicators. Com-
bining the economic development of the construction industry with ‘scale’ and ‘benefit’
contributes to construct the index system of influencing factors of the gross output value of
the construction industry from a more comprehensive analysis perspective.

2.2. Current Status of Research on Construction Output Forecasting

Scientific forecast of the construction industry’s gross output and development trend
plays a significant role in formulating supportive policies and legal regulation of the
construction industry in China. In recent years, Chinese scholars have proposed various
models to forecast and analyze the gross output of the national, provincial, or municipal
construction industry. For example, Lu [4] adopted the Granger Causality Test method
to verify the variables influencing economic growth and applied a multiple regression
model to forecast and analyze the growth potential. Zhang et al. [7] established an ARIMA
(1,1,2) model, whose performance is better than the grey model and triple exponential
smoothing. With the time series analysis, Tang et al. [5,6,9] constructed a grey forecast
model and the Logistic growth model to perform industrial forecasting research. Li [10]
adopted the data envelopment analysis method to establish an evaluation index system
for the development efficiency of the construction industry and constructed a BP neural
network model to reasonably forecast the output economic index value of the industry in
China. Li [8] established linear regression and grey (1,1) forecast models to forecast, thereby
expounding the application scope of the two forecast methods by combining the forecast
results. Based on the genetic algorithm and grey system, Guang [11] utilized BP neural
network theory to establish a GA-GM (1,1)-BP composite model to forecast the added value
of China’s construction industry.

In all the research mentioned above, the forecast methods for construction output
mainly include regression analysis method, time series analysis method, grey GM (1,1)
model, and BP neural network. They all have characteristics but require many training
samples and do not consider the relevant influencing factors. There are certain limitations.
The comparative analysis of commonly used models is shown in Table 1.

Therefore, we introduced SVM theory into the construction industry gross output
forecast to establish the GSM-SVM forecast model to provide a more effective forecast
method to predict construction output. It has many unique advantages in solving problems
in limited samples, such as non-linear and high-dimensional pattern recognition [20–23].
Existing linear prediction methods cannot achieve this. In addition, its generalization ability
could be better and reflect the correspondence between the growth of gross construction
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output and the various influencing factors. As a result, it can not only be used to solve the
problem of limited samples and non-linear gross output value prediction but also to realize
the identification of the influence of various external factors [24] on the gross output value
of the construction industry.

Table 1. Comparative analysis of existing method.

Existing Method Method Limitations SVM Advantages

Forecast of
gross output of

construction
industry

linear regression,
ARIMA Model

For linear relationships only, it cannot
predict unstable data;

Kernel function can be used to solve
non-linear, high-dimensional problems;

Grey GM (1,1) Not suitable for non-linear prediction, does
not consider the influence of related factors;

Input influencing factors as
feature vectors;

BP Neural Network

Converge to a local minimum rather
than a global minimum,

usually results in overfitting and
unstable output data;

Obtained the optimal global solution,
low generalization error rate, and more

suitable for small sample learning;

3. Related Methods
3.1. Definition

It is challenging to solve the problems in the forecast of the gross output value of
the construction industry, such as the small sample size, the affected of multiple factors,
and the need to satisfy the linear separability of sample characteristic data. SVM [25–27]
is a machine learning method based on the VC (Vapnik-Chervonenkis) dimension the-
ory of statistical learning theory and the principle of structural risk minimization. The
obtained extreme-value solution is globally optimal, so it has higher accuracy than other
machine-learning methods. It can overcome many obstacles in time series forecast, pat-
tern recognition, etc. Currently, this model is barely used in the economic development
forecasting of the construction industry.

The mechanism of SVM is to search for an optimal classification hyperplane that satis-
fies the classification requirements. The system randomly generates a moving hyperplane
for a given sample set to classify the samples. When the points of different categories in the
training sample are set to fall on both sides of the hyperplane, it can maximize the sum of
the distances from the hyperplane to the nearest heterogeneous sample points. The model
is described in detail as follows:

A given training sample set is (xi, yi), i = 1, 2, . . . , n, in which xi ∈ Rn, yi ∈ R.
Let the regression function be:

F =
{

f
∣∣∣ f (x) = wTx + b, w ∈ Rn

}
(1)

In Equation (1), w is the n-dimensional weight vector; b is the threshold used to
determine the optimal classification hyperplane; the optimal classification hyperplane is
wTx + b = 0.

The gross output and relevant influencing factors are nonlinear time series, so when
the sample set is linearly inseparable, it is necessary to map the input vector from the
low-dimensional feature space to the high-dimensional feature space and construct the
optimal classification hyperplane in this space. Replace the input data x with the feature
φ(x), and derive a linear classification: x → φ(x) = (φ1(x), φ2(x), . . . , φn(x))T .

Transform from the input space χ to the feature space H. In the space H, the discrimi-
nant function is:

f (x) = wTφ(x) + b (2)
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The weight vector is expressed as a linear combination of training examples: w =
n
∑

i=1
αixi,

in which αi is the Lagrange multiplier introduced into the model, 0 ≤ αi ≤ C; C is an error
penalty factor to achieve a compromise between empirical risks and structural risks.

Therefore, in the feature space H, the optimal classification function can be obtained
as follows:

f (x) =
n

∑
i=1

αiφ(xi)
T

φ(xj) + b (3)

The inner product operation in the high-dimensional feature space is replaced by
a kernel function K(xi, xj) = φ(xi)

Tφ(xj) that satisfies the Mercer condition.
The kernel function of the support vector machine and its corresponding param-

eters affect the number of support vectors and the prediction model’s internal algo-
rithm and significantly impact the model’s performance. Generally, the RBF (radial basis
function) kernel function is selected by default, which has the characteristics of few pa-
rameters, strong adaptability, and strong anti-interference ability to noise data. That is

K(xi, xj) = exp(− ‖xi−xj‖2

2σ2 ) [28–31], and the kernel parameter is g = − 1
2σ2 .

The SVR (support vector regression) function can be expressed as a kernel function:

f (x) =
n

∑
i=1

αiK(xi, xj) + b (4)

3.2. Construction of the Index System

In the study, construction output in the Hubei province of China is taken as the
research subject, and the influencing factors of the gross output are selected by the following
scientific, systematic and operable principles. Eight major influencing factors at the current
stage are selected comprehensively based on the current research findings in the related
fields of the construction industry [32–37] and the status quo of the industry development
in Hubei. The index system is shown in Figure 1.
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Figure 1. Factors influence construction output.

The hierarchical structure of the influencing factor index system can be divided into
three layers. The first is the target layer, namely the factors influencing construction
output; the second is the criterion layer, including three dimensions of production capacity,
industrial scale and economic growth; the third is the index layer, including: (1) the
construction area of buildings, and the number and labor productivity of companies in
the construction industry, which are selected to reflect the influence of labor input on the
output of the construction industry in Hubei; (2) the gross assets and gross revenue of
companies in the construction industry, which are selected to reflect the development level
and competition potential of the industry from the perspective of gross volume; (3) the
investment in fixed assets of construction and installation projects, the regional GDP and
the added value of the construction industry, which are selected to reflect the influence of
economic scale on the gross output growth of the industry.
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A grey correlation degree algorithm [38,39] was adopted in the research for analysis
in order to inspect the degree of correlation between the eight influencing factors and
the gross output. As shown in Table 2, the correlation between each index and the gross
output is higher than 0.65, representing a high correlation state, indicating the remarkable
influence of the selected influencing factors on the construction industry output.

Table 2. Correlation of influencing factors.

Evaluation
Items

Construction
Area

Company
Number

Labor
Productivity

Gross
Assets

Gross
Revenue

Investment in
Fixed Assets

Regional
GDP

Added
Value

Correlation 0.863 0.718 0.725 0.915 0.930 0.857 0.782 0.822

3.3. SVM Prediction Model Based on GSM Optimization

As the RBF kernel function parameter g and penalty factor C are both randomly val-
ued in the positive range, there are many types of two-parameters random combinations.
Furthermore, the different combinations significantly influence the prediction model’s
performance and prediction accuracy. However, the traditional trial and error and ex-
perimental methods are time-consuming and laborious and prone to under-fitting and
over-fitting [40,41]. Therefore, this paper uses the grid search method (GSM) [42–44] to
debug and optimize penalty parameters C and kernel parameters g in the SVM model.

The basic principle of the grid search algorithm is to divide parameters into each grid
with equal step length (a grid represents a pair of parameters) and traverse all points in
the grid to find the optimal global solution. For the set parameters C and g, the parameter
variations are first roughly selected over a wide range, and accuracy was found for different
combinations of parameters using K-fold cross-validation. Then, the parameter selection
range is refined to obtain more accurate parameter combinations. Finally, the best set of
parameters to achieve the minor parameter C in the higher validation classification rate is
obtained [45].

Based on the grid search method optimization support vector machine combination
forecasting model (GSM-SVM) implementation process, as shown in Figure 2.
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Figure 2. Workflow of GSM-SVM gross output value forecast.
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4. Results and Discussion
4.1. Data Sources and Data Pre-Processing

This paper selected construction output in Hubei during the 20 years from 2001 to 2020
as the research object. Furthermore, the eight indexes mentioned above were selected as the
characteristic values of the prediction model. The data comes from the “China Statistical
Yearbook”, “Hubei Statistical Yearbook” and “China Construction Industry Statistical
Yearbook” from 2001 to 2020. The original gross output data and relevant indexes are
shown in Table 3.

Table 3. Raw data of gross output and relevant indexes of the construction industry in Hubei from
2001 to 2020.

Year
Construction

Area
(Thousand m2)

Company
Number

(Unit)

Labor
Productivity

(Yuan/Person)

Gross
Assets

(Billion
Yuan)

Gross
Revenue
(Billion
Yuan)

Investment
in Fixed Assets
(Billion Yuan)

Regional
GDP

(Billion
Yuan)

Added
Value

(Billion
Yuan)

Gross
Output
(Billion
Yuan)

2020 852,682.0 4633 752,079 1581.790 1480.225 2341.263 4344.35 282.80 1613.611
2019 920,422.3 4566 675,791 1488.138 1608.693 2886.884 4542.90 307.31 1697.967
2018 882,381.0 4196 595,205 1303.266 1435.736 2603.141 4202.20 278.14 1513.387
2017 792,576.9 3692 525,908 1145.165 1248.490 2377.298 3723.50 234.25 1339.073
2016 728,350.5 3368 458,776 985.331 1165.986 2287.658 3335.30 210.92 1186.240
2015 622,047.2 3218 454,961 889.491 1113.957 2182.603 3034.40 195.78 1059.286
2014 622,278.8 3217 487,456 755.753 971.267 1818.542 2824.21 187.54 1005.959
2013 489,379.6 3197 486,265 635.188 834.340 1431.225 2537.80 165.70 846.527
2012 391,139.0 2774 410,437 585.253 708.284 1105.416 2259.09 141.79 704.342
2011 310,237.5 2640 261,332 487.432 568.842 805.652 1994.25 124.68 558.645
2010 250,467.0 2846 268,719 375.635 465.363 670.191 1622.69 102.27 434.520
2009 204,993.3 2860 234,352 311.270 364.885 502.562 1319.21 84.23 342.189
2008 182,728.6 2972 193,189 225.493 264.597 356.897 1149.75 67.57 260.508
2007 166,796.8 2490 167,141 196.809 215.524 285.731 945.14 54.49 211.080
2006 144,782.4 2271 145,998 134.349 170.648 225.272 753.18 41.80 166.700
2005 120,911.6 2072 122,576 114.010 136.572 169.68 646.97 35.74 134.932
2004 107,201.3 2417 96,520 106.860 113.538 140.925 554.68 32.52 111.213
2003 89,334.4 1746 81,761 90.862 94.460 105.998 475.75 27.39 87.300
2002 72,275.0 1579 69,478 74.870 65.506 97.473 421.28 23.69 63.655
2001 66,626.0 1637 63,664 60.080 52.588 89.060 388.05 21.43 52.902

In the SVM algorithm, unifying the magnitude of original data will significantly
improve the SVM recognition rate and training efficiency and eliminate the forecast errors
caused by the significant value differences of indexes [46]. The mapminmax function was
used to normalize the data to [0, 1]. Let the training sample set to be {xi}, the test sample
to be {x′ i}, xmax and xmin to be the maximum and minimum values of the indexes in the
training sample set, respectively. A sample xi in the training sample set was selected for
calculation with the normalization equation xi =

xi−xmin
xmax−xmin

. The normalization of the test
sample set x′ i is the same as that of xi. The results after simulation need to be de-normalized
to obtain the final forecast value.

4.2. Model Fitting Based on GSM-SVM

After data sorting and preprocessing, the eight influencing factors and the gross output
of the construction industry were selected as the input and output of the model. The time
series data of construction output in Hubei from 2001 to 2016 was selected as the training
samples, and the data from 2017 to 2020 was selected as the testing samples.

In this study, Radial Basis Function (RBF) kernel function was selected to establish
a predictive SVR model, which transformed the optimization problem into solving equa-
tions. The grid search method was used to optimize the parameters C and g of SVM since
the accuracy and performance depend on C and g. Firstly, the large step length is used for
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rough search, and then the small step length is used for accurate search. The accuracy of
different parameter combinations is compared by 5-fold cross-validation, and the optimal
SVM parameter set is finally determined.

The process of parameter optimization is shown in Figure 3. The x-axis represents the
value of parameter C taken as the logarithm of base 2, the y-axis represents the value of
the kernel parameter g taken as the logarithm of base 2, and the contours represent the
accuracy rates corresponding to taking the corresponding C and g. The optimal parameters
for Support Vector Regression (SVR) were obtained, bestc = 11.3173, bestg = 0.0078, and
CVmse = 0.0073.
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The SVM network was trained with the optimal parameters C and g of regression
analysis, and the network regression forecast was carried out on construction output in
Hubei from 2017 to 2020. The output data were processed by de-normalization, and the final
forecast value of the construction output in Hubei Province was obtained. The comparison
between the value forecasted by the model and the actual value is shown in Figure 4.
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Figure 4. Fitting results of GSM-SVM forecast model for the construction industry output in Hubei.
(a) total samples’ absolute error diagram, (b) testing samples’ relative error diagram.

Figure 4 shows the forecasted output value of Hubei’s construction industry given by
the GSM-SVM model, which better fits the actual value. The overall trend of their curves is
consistent, and the prediction accuracy of the overall sample is 93.90%. Of the accuracy
test of all samples from 2001 to 2020, the prediction results in 2008 and 2015 are slight
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deviations, while the rest predicted values that were consistent with the actual results. It
can be seen more intuitively from Figure 4a absolute error diagram that the maximum
absolute error of the overall sample is no more than 30 billion Yuan. Among the training
samples, the prediction effect of 2004, 2012, and 2016 is excellent, and the absolute error is
no more than 4 billion Yuan. Figure 4b testing samples’ relative error diagram shows that
the relative error of the industry’s gross output forecasted by the GSM-SVM model in the
past four years (2017–2020) is relatively stable. The maximum relative error of the testing
sample is no higher than 1.5%, and this forecast result has high accuracy in macroeconomic
forecasts. To sum up, it shows that the GSM-SVM model can be used to forecast the gross
output of the construction industry, and our model forecasts that the construction output
has high credibility.

4.3. Model Comparison and Analysis

As is well known, the GSM-SVM model is compared with the BP neural network and
the grey GM (1,1) model, which are commonly used in the construction of the gross output
value prediction, and to verify the reliability and practicability of the GSM-SVM model.
Table 4 and Figure 5 show the comparison of construction output in Hubei from 2017 to
2020 forecasted by the three models.

Table 4. Comparison between the gross output forecasted by the three models and the actual value
of the construction industry.

Year

Actual
Value

(Billion
Yuan)

Value Forecasted
by the GSM-SVM

Model
(Billion Yuan)

Relative
Error
(%)

Value Forecasted
by the BP Neural
Network (Billion

Yuan)

Relative
Error
(%)

Value Forecasted
by the Grey

GM (1,1)
(Billion Yuan)

Relative
Error
(%)

2020 1613.611 1601.869 0.7277 1654.968 −2.5630 1708.434 −5.8764
2019 1697.967 1681.539 0.9675 1736.754 −2.2843 1568.251 7.6395
2018 1513.387 1516.158 −0.1831 1471.862 2.7438 1433.838 5.2563
2017 1339.073 1320.183 1.4107 1339.562 −0.0366 1304.956 2.5478
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Figure 5. Comparison of the predictive performance of the three models. (a) forecast values and
targets for the gross output of construction, (b) relative error diagram.

From Table 4 and Figure 5, it is clear that the grey GM (1,1) forecast model has the
worst performance. Moreover, the value forecasted by the GSM-SVM model and the BP
neural network model has a similar variation tendency with the actual construction output,
indicating that they can effectively forecast the output of an industry. Among them, the
curve of the values forecasted by GSM-SVM was more consistent with the actual values,
proving its better forecast performance.
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Furthermore, in this paper, the mean absolute percentage error (MAPE) and Theil
inequality coefficient (TIC) [47] are used to analyze the errors of the three models. The
comparison of the model forecast accuracy is shown in Table 5. The equation of MAPE is

MAPE = 1
n

n
∑

i=1

∣∣∣ pi− p̂i
pi

∣∣∣, where p̂i is the forecasted construction industry output, and pi is the

actual value, n is the number of forecasted samples. MAPE reflects the overall closeness of
the forecasted value to the actual. The smaller the value is, the higher the forecast accuracy

of the model is. The equation of Theil’s inequality coefficient is T = 1
n

n
∑

i=1

√
(pi− p̂i)

2√
(pi)

2+
√
( p̂i)

2
,

reflecting the difference between the real value and the simulation result. The smaller the T
value is, the better the fitting is. Herein, T = 0 means complete fitting.

Table 5. Comparison of the forecast accuracy of the three models.

Value Forecasted by
the GSM-SVM Model

Value Forecasted by the
BP Neural Network

Value Forecasted by
the Grey GM (1,1)

(MAPE) % 0.823 1.905 5.333
(TIC) % 0.413 0.951 2.704

It can be concluded by comparing the errors in Table 5 that the MAPE and TIC of
the GSM-SVM model are 0.823% and 0.413%, respectively. It has remarkable prediction
accuracy compared with 1.905% and 0.951% of the BP neural network model and 5.333%
and 2.704% of the grey GM (1,1) forecast model. The correlation coefficient between the
forecasted value by the GSM-SVM model and the actual value is also as high as 0.99612,
overall better than the other two algorithm models.

According to the above analysis and comparison, the GSM-SVM algorithm model
proposed has the best forecast performance in terms of forecasting construction output
in Hubei. The grey GM (1,1) algorithm model has the worst performance. In conclusion,
the GSM-SVM forecast model can forecast construction output more accurately, which
is an efficient and reasonable forecast method and has the opportunity to be applied to
a larger scale of output value prediction and has significant promotion and application
value. Additionally, it can provide a decision-making basis for China to formulate con-
struction industry plans scientifically and effectively, thus boosting its output through
multiple channels.

5. Conclusions

This study presents the influencing factors of the gross value of construction output.
The principle of the GSM-SVM is further employed to establish a forecast model for the
gross output of the construction industry in Hubei. The relevant industry data from 2001 to
2020 is used for simulation and forecast. The maximum relative error of the test samples is
no higher than 1.5%. According to a systematic comparison among three forecast models,
including the GSM-SVM model, BP neural network, and grey GM (1,1), the MAPE of the
GSM-SVM forecast model is 0.823%, and the TIC coefficient is 0.413%. The prediction effect
is superior to BP neural network and grey GM (1,1) prediction model, which has better
forecast and convergence performance for forecasting the construction industry output.

This paper is only a tentative study to apply the SVM model to forecasting the gross
construction output in China and to verify the method’s feasibility. As is well known, the
gross construction output is also affected by various other complex factors, such as the level
of technology and equipment and industry policies. Therefore, it is necessary to add new
explanatory variables further to improve the model in the future to build a more scientific
and practical forecasting model.
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