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In recent years, the cost index predictions of construction engineering projects are becoming important research topics in
the field of construction management. Previous methods have limitations in reasonably reflecting the timeliness of en-
gineering cost indexes. +e recurrent neural network (RNN) belongs to a time series network, and the purpose of timeliness
transfer calculation is achieved through the weight sharing of time steps. +e long-term and short-term memory neural
network (LSTM NN) solves the RNN limitations of the gradient vanishing and the inability to address long-term de-
pendence under the premise of having the above advantages. +e present study proposed a new framework based on LSTM,
so as to explore the applicability and optimization mechanism of the algorithm in the field of cost indexes prediction. A
survey was conducted in Shenzhen, China, where a total of 143 data samples were collected based on the index set for the
corresponding time interval from May 2007 to March 2019. A prediction framework based on the LSTM model, which was
trained by using these collected data, was established for the purpose of cost index predictions and test. +e testing results
showed that the proposed LSTM framework had obvious advantages in prediction because of the ability of processing high-
dimensional feature vectors and the capability of selectively recording historical information. Compared with other ad-
vanced cost prediction methods, such as Support Vector Machine (SVM), this framework has advantages such as being able
to capture long-distance dependent information and can provide short-term predictions of engineering cost indexes both
effectively and accurately. +is research extended current algorithm tools that can be used to forecast cost indexes and
evaluated the optimization mechanism of the algorithm in order to improve the efficiency and accuracy of prediction, which
have not been explored in current research knowledge.

1. Introduction

Due to unique industry characteristics, construction projects
require a large amount of capital investment [1]. Accurate
cost predictions are essential for the effective implementa-
tion of construction projects [2]. +e cost indexes used in
construction engineering projects are technical and eco-
nomic indicators which reflect the impacts of market price
fluctuations on the construction costs of engineering factors
during certain periods of time. Construction engineering
cost indexes have been widely implemented in cost pre-
dictions, tender compilations, and investment planning [3].
In addition, engineering cost indexes can be used to measure
the fluctuations in the construction costs and also provide
foundations for the bidding quotations, project predictions,

and settlements in the cost management processes [4].
+erefore, the accurate cost predictions have major benefits
for investment planning, bidding, and feasibility analyses
during the early stages of construction projects.

+e research of engineering cost prediction has a long
history. +e initial prediction form must be based on a
complete design drawing, which is unable to meet the re-
quirements of the actual scenarios in terms of time and
efficiency. With the development of information technology,
cost prediction began to break away from the limitation of
drawings, and gradually a solution emerged to establish an
information model based on various algorithms. At present,
the cost prediction methods available based on information
technology can be divided into two branches: construction
cost prediction and cost indexes prediction. +e types of
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construction cost prediction mainly include the prediction
of bidding price [5] and market information price [6]. +e
prediction types of cost indexes mainly include the pre-
diction of tender price index (TPI) [7] and Engineering
News-Record (ENR) construction cost index (CCI) [8].
Among them, the construction cost prediction data mainly
comes from expert judgment or historical data of similar
projects [9], which lacks authority and persuasion. However,
the data source of cost indexes prediction is generally a
dynamic release from authoritative institutions. +e calcu-
lation mode of construction cost is based on the engineering
cost indexes. With reference to the concept of Computer
Science, the cost indexes can be called the data provenance
(lineage or pedigree) of construction cost. By directly pro-
cessing the data provenance, the error and distortion of the
data during the processing can be avoided to a certain extent
[10]. Most of the current advanced research methods achieve
prediction based on a certain regression analysis or as-
suming some combination patterns to appear repeatedly
[11]. LSTM NN replaces the hidden layer neurons in the
RNN with four logic units and establishes a long-time lag
between input, feedback, and prevention of gradient ex-
plosion. +is structure type realizes the continuity of the
internal state error flow in the special memory unit, enables
LSTM to capture the large dependence of the time step
distance in the time series, and has a strong approximation
ability for nonlinear and nonstationary time series, which
will improve the prediction efficiency and accuracy of se-
quence data with temporal or spatial attributes.

2. Literature Review

2.1. Cost PredictionMethods. +emethods of cost predictions
can be divided into two categories: causal analysis and time
series analysis [12]. With the development and advantages of
artificial intelligence, machine learning algorithms have been
applied in this field. As determined by the available research
reports, the causal method, also known as causal analysis, needs
to specify the relationships between the predictive variables and
the dependent variables or between dependent variables and
interpretative variables [12]. +erefore, causal analysis pre-
dictions are based on the interpretations of the relationships
between the engineering cost indicators and other variables,
which can then be used to predict project cost indexes [13]. In
the present study, previous related reports were reviewed, in
which causal methods had been successfully used to predict
tender price indices (TPI), building prices, and construction
costs [8]. Akintoye and Skitmore used OLSmultiple regression
analysis to construct a contract price model and provided a
structural explanation for the trend changes in the TPI through
the structural equation model [14]. Trost and Oberlender
obtained the ranking of the factors influencing the accuracy of
early cost estimation through factor analysis and multiple
regression analysis [15]. Chen proposed a combinationmethod
based on transformed time series data, multiple regression
analysis, Yule–Walker estimates, and incomplete principal
component regression analysis to predict the company-level
cost flow within a certain range successfully [16].

Statistical methods are also known as black box
methods or time series methods which can be divided into
the two categories of univariate andmultivariate time series
analyses [17]. Wong et al. utilized an autoregressive inte-
grated moving average model (ARIMA) to predict the five
main indicators of the Hong Kong labour market [18].
Hwang proposed two dynamic univariate time series
models to successfully predict ENR CCI [19]. In contrast,
multivariate time series analysis is based on multiple
variables. +e advantage of this type of analysis is that only
quantitative data can be used, and objective predictions can
be made without additional subjective judgment processes.
+erefore, multivariate time series analysis methods the-
oretically have higher predictive abilities [20]. Hwang
compared and analysed the prediction effects of autore-
gressive moving average models (ARMA) and vector
autoregression (VAR) time series models on structural cost
indicators. +e comparison results indicated that univar-
iate and multivariate time series analysis methods each had
their own advantages, resulting in the ARMA (5, 5) having
slightly higher precision [20]. Xu and Moon adopted a
cointegration equation to establish a cointegrated VAR
model, in which the deviations between the cointegrating
relationships and the long-run stable relationships between
the variables were considered. As a result, the ENR CCI was
successfully predicted [12].

+e branch of machine learning which has been most
widely used in the field of engineering cost prediction is
mainly composed of neural networks, support vector ma-
chines (SVM), and k-nearest neighbour (KNN) algorithms.
Juszczyk and Leśniak proposed a model based on the arti-
ficial neural networks (ANN) which are involved in radial
basis functions (RBF) for the purpose of forecasting the
indexes of site overhead costs. It was found that the pre-
diction models had achieved satisfactory results [21]. Nam
et al. proposed a hybrid model which combined artificial
neural networks and wavelet transformation in its predic-
tions of engineering cost index trends [22]. In the studies
conducted by Cheng et al., a hybrid method was proposed
which was based on Least Squares support vector machines
(LS-SVM) and differential evolution (DE), referred to as
ELSVM. +e results of the aforementioned method indi-
cated that it had the ability to successfully predict the
fluctuations of ENR CCI [23]. Wang and Ashuri adopted a
modified KNN algorithm to establish prediction models. It
was found that although the models were better than the
time series models, they still could not capture the feature of
jump in CCI. +erefore, this study believed that further
exploration of more advanced nonlinear machine learning
algorithms was necessary [24].

2.2. Limitations of Traditional Prediction Methods and Ad-
vantages of LSTM. As discussed in previous literature re-
view, traditional prediction methods have their own
limitations in predicting the construction cost index. For
example, the causal methods require many explanatory
variables to be predicted and cannot reflect the uncertain
price fluctuations [12]. +e univariate time series methods

2 Advances in Civil Engineering



are only suitable for short-term predictions [11], and the
multivariate time series methods are costly in terms of their
analysis and prediction process [20]. +e major drawback of
the SVM and KNN algorithms is their high computational
burden [25, 26]. LSTM was originally proposed by
Hochreiter and Schmidhuber [27], which is an effective
nonlinear recurrent network. LSTM has proven to be su-
perior to most nonparametric prediction methods [28]. +e
advantages of LSTM can be specifically analysed by com-
paring with the limitations of other methods. It has been
found that RNNs have the problem of gradient vanishing
and lacking of long-term memory ability [29]. In the process
of LSTM application in the field of cost prediction, LSTM
replaces RNN neurons with memory cell states and controls
the flow of information by adding an input gate, forget gate,
and output gate. +ese nonlinear summation units of LSTM
use the sigmoid function to calculate the memory state
(previous network state) of the network as the input. If the
output result reaches the threshold, then the output of the
gate and the calculation result of the current layer are input
to the next layer by means of matrix multiplication. If the
threshold is not reached, then the output result is forgotten
[30]. +e weight of each layer of network and gate nodes will
be updated during each backpropagation training process.
+is structural form grants LSTM more sophisticated
transition abilities for addressing gradients [31], thereby
compensating for the limitations of RNNs. Correspondingly,
although LSTM has no advantage in dealing with highly
nonlinear and long interval time series datasets [32], the
training cost and duration of the LSTM model are generally
low and easy to control when the number of hidden layer
neurons is set reasonably.

3. Research Methodology

3.1. Research Questions and Methodology Consideration.
+is study poses two research questions: how LSTMNN can
be applied to predict engineering cost indexes and how
various factors can affect model performance including
input features, time series length, and model structures.

Applying LSTM NN in predictions of construction
engineering cost indexes and exploring the optimization
mechanism are mainly based on the following
considerations:

(i) According to literature review and theoretical re-
search analysis, the structure type, training cost, and
calculation efficiency of LSTM NN are suitable for
the processing of cost indexes data. However, the
performance of LSTM NN in this field has not been
explored in the previous research.

(ii) +e feature selection of an LSTM neural network
model has a major influence on the prediction ac-
curacy of the model. However, there is currently no
standard selection criterion for the selection of the
parameters of such a model.

3.2. Research Objectives and Research Methods. +e aims of
this research were to explore the various theories and

methods available for LSTM neural networks in the ac-
curate predictions of construction engineering cost in-
dexes and to evaluate the proposed model’s prediction
performances. +e first objective of this research is to
investigate the research gaps in the field of cost prediction
and the limitations of the current forecasting methods.
+e corresponding research methods are literature review
and theoretical analysis methods. +e second research
objective is to determine a set of indicators suitable for
the prediction of China’s cost indexes. +rough literature
review and expert argumentation, the content of the
indicator set can reach a certain level of comprehen-
siveness. +e third research goal is to verify the appli-
cability of the LSTM NN, for which the case analysis
method can be used to objectively judge the predictive
performance of the model. +e final research goal is to
explore the optimization mechanism of the LSTM model.
Different input features, time series lengths, and model
structures are set by comparative analysis to improve
prediction accuracy.

4. Selection of the Prediction Indicators and the
Original Data Collection

4.1. Selection and Adjustment of the Forecasting Indicators.
+e indicators selection criteria of this study benefit from
previous research of Zhang [33], which analysed various
factors affecting Taiwan’s engineering cost indexes. +e
indicators must reflect four aspects: economy, finance, stock
market, and energy. In addition, the building materials
market is a new consideration.+rough statistical analysis of
related studies and expert demonstrations, six indicators
were identified, namely, GDP [3, 7, 13, 34], Floor Space
Started [3, 13, 19, 20, 34, 35], Crude Oil Price
[3, 13, 23, 34, 36], Prime loan rate [19, 20, 35, 36], Consumer
Price Index [3, 7, 12, 13, 19, 20, 23, 34, 36, 37], and Money
Supply [3, 7, 13]. Due to the fact that the price information of
materials has a great influence on the domestic cost indexes,
the jury believes that the relevant indicators should be added
to the indicator set. +en, in order to evaluate the practi-
cability of the proposed method, eight experts in the field of
engineering and construction were interviewed, including
two university professors, two cost consulting experts, two
engineering managers of construction units, and two
technicians of design units. +e experts’ review is divided
into two rounds. +e goal of the first round is to revise the
initial indicators and delete the individual indicators, which
involves a level of correlation that is too low for our pur-
poses. +e second round is implemented through expert
questionnaire scoring, and the opinion concentration (Ei)
and dispersion (σi) are calculated at the same time.When the
indicator satisfies Ei ≤ 1 or σi ≥ 3, it can be selected. Sub-
sequently, 16 indicators were selected as the final index set,
as detailed in Table 1.

4.2. Preparatory and Data Collection Processes. +e original
data used for the training of forecasting model in this
research were collected from several different data
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resources, including the CEIC database (https://insights.
ceicdata.com); National Data Network (http://data.stats.
gov.cn/); Shenzhen Construction Cost Network (http://
www.szjs.gov.cn/); and the Wide Timber Network
(https://www.gldjc.com/). Based on the established in-
dicator set, the data were collected from May 2007 to
March 2019, totaling 143 months of datasets. Each
month’s data attributes correspond to 16 indicators. A
total of 143 datasets which were collected from the various
data sources were identified as appropriate for use in the
following model training and evaluation processes.

Due to the fact that the original data only contained raw
information which could potentially lead to problems re-
lated to noise, anomalous points, missing information, er-
rors, and frequency differences, the data were preprocessed
prior to being used for training the model. Boxplot is a
method to describe data using five statistics in the data:
minimum, first quartile, median, third quartile, and maxi-
mum [38]. +rough the boxplot method, we found one
outlier (cement price). Since the number of outliers has a
little impact on the total number of samples and would not
reduce the effective information, the method of deleting the
dataset was used. If there are a large number of outliers, they
must be treated as missing values, and the data must be filled
in by means of average value or max likelihood. Due to the
different dimensions and orders of magnitude, min-max

standardization was adopted to perform a certain linear
transformation on the original data for the purpose of
making the processed data fall into the range of [0, 1]. +en,
following the completion of the data preparatory processing,
the characteristics of the dataset and the statistical results
were determined, as shown in Table 2.

5. Development and Comparison of the LSTM
Neural Networks

5.1. Model Creation and Performance Evaluations. Based on
normal machining learning theories and pervious research
[11, 24, 39], the division of training data and test data
generally takes datasets of the last 5%–10% time series as test
sets. Since this study uses five months as the prediction data
unit, the training set and test set are divided in a 4 :1 ratio,
i.e., the first 80% of the data blocks was used as the training
set, with the remaining 20% used as the testing set. +e
accuracy of each model was assessed according to its ability
to predict the engineering cost indexes based on the training
data. +ree common statistical error measurement methods
were used to evaluate the accuracy and predictability results
of the models, namely, mean square error (MSE), mean
absolute error (MAE), and mean absolute percentage error
(MAPE) methods. +eir equations are as follows:

Table 1: Coding, type, and data sources of the index set.

Indicator name Brief explanation Data source

Gross domestic
product (GDP)

GDP refers to the final result of the production activities of all resident units in
a country (or region) calculated in accordance with the national market price
in a certain period of time, and is often recognized as the more accurate

indicator to measure the economic status of the country National Bureau of Statistics of
ChinaConsumer price

index (CPI)
CPI is a macroeconomic indicator that reflects changes in the price levels of

consumer goods and service items generally purchased by households

Money supply (MS)
Money supply refers to the sum of cash and deposits in circulation at a certain
point in time; money supply is one of the main economic statistical indicators

compiled and published by the central banks of various countries

Floor space started
(FSS)

Floor space started is the construction area of each house newly started in the
report period; the commencement of the house shall be subject to the date
when starting to break the ground and dig the trench (foundation treatment or

permanent pile driving) China entrepreneur Investment
ClubCrude oil price

(COP) Crude oil price is the first purchase price of a barrel of crude oil

Loan rate (LR)
Loan rate is the interest rate charged to borrowers when banks and other
financial institutions issue loans; this refers to the annual interest rate of the

Bank of China’s loans

Steel bar price (SBP) Glass price
(GLP) +e information price is the publicly announced average

social price determined by the government cost
management department based on the amount of various

typical engineering materials and social supply; it is
generally updated once a month

Material cost index is an index that reflects changes in
material cost prices in construction and installation

engineering

Shenzhen housing and
Construction Bureau, Glodon

Company Limited

Concrete price (CP) Wood price
(WP)

Cement price (CEP) Block price
(BP)

Medium sand price
(MSP)

Diesel price
(DP)

Gravel price (GRP) Material cost
index (MCI)

Shenzhen
engineering cost
index

Shenzhen engineering cost index is an indicator that reflects the degree of
impact of price changes on engineering costs over a certain period of time
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5.2. LSTM Neural Network Development

5.2.1. Data Input. Due to the fact that cyclic calculations
have unique types, the original data were required to be
segmented by a time-step process, and the input of each time
step was required to correspond to all of the index char-
acteristics of a single time point. In addition, due to the
powerful synthesis ability of the LSTM at different time
steps, the index feature information of multiple time points
could be gradually extracted and synthesized within the
movements of the time steps, which allowed for the
extracted feature vectors to be increasingly powerful in their
expressions of the input data. +erefore, it was determined
that during the data processing the data should be divided
into blocks, with each block containing the input index
characteristics of multiple time steps.

+e data used in this study were divided into a set of
input data representing every five-month period in order to
predict the cost indexes of the following sixth month. +e
model structure of the LSTM was organized by groups, as
shown in Figure 1. Each group contained five datasets, each
of which included 16 indicators. Meanwhile, the dataset for
the first month of each group contained 17 indicators, due to
the fact that the engineering cost index value of the first
month (T1) had been added to the dataset as a new feature.
+is was mainly due to the fact that the data for the first
month had been utilized to predict the cost index for the

second month. +erefore, there was no output value in the
first month. However, there was an output value (T2′)
beginning from the second month, and T2′ was the com-
parison between the predicted value for the first month and
the actual value for the second month, referred to as the
calculated residual. +e values of engineering cost indexes
from the second month to the fifth month (T2–T5) had been
placed on the output end, which was then compared with the
predicted values as the comparison data. Due to the fact that
the influence results were transmitted to the forecast of the
next month, their input only included 16 indicators.

5.2.2. Model Training. During the process of developing
deep neural networks of LSTM, a method of multilayered
LSTMwas applied for the structural combinations, as shown
in Figure 2. LSTM′ represents the given initial network
model, [X1, . . ., X16, Y] represents 16 indicators and en-
gineering cost index per month. +e parameter learning
processes for multiple LSTMs were conducted from the
LSTM. In order to match the actual application scenarios,
the mode structure had specifically deployed an analysis
pattern, in which every month had its own LSTM module
trained using the data of the current month. +e results are
output after the multilayer structure training is completed.
+en, the results of loss and gradient calculation are input
into the multilayer LSTM structure, and finally a cyclic
network is formed.

MXNet is one of Amazon’s most powerful deep learning
frameworks. Currently, distributed machine learning plat-
forms that support time series prediction based on LSTM
include MXNet, PyTorch, and Caffe2. Compared with other
deep learning frameworks, Mxnet has the advantages of
strong readability, ease of learning, high parallel efficiency,
and memory saving [40]. It also supports multi-GPU
training, multiple language interfaces, and multiple devices.
+ere are two main reasons for choosing MXNet as the
development framework to be used in this study. One is to
ensure the high efficiency of the model in the actual

Table 2: Statistics of the primary selection index set.

Indicator name Mean Median Maximum Minimum Std. Dev.
Shenzhen engineering cost index 136.181 139.260 177.460 100.000 22.005
Material cost index 112.432 113.110 134.290 99.520 7.528
Floor space started 10300.070 10297.610 22178.700 2580.100 4547.512
Crude oil price 572.126 540.860 948.800 231.870 188.525
Loan rate 5.700 6.000 7.470 4.350 0.918
Consumer price index 124.960 127.260 144.080 100.000 11.624
Money supply 92.915 89.557 173.986 31.671 43.158
Steel bar price 4225.671 4250.000 6050.000 2400.000 868.063
Concrete price 385.115 360.720 540.920 314.780 57.445
Cement price 491.685 495.000 630.000 49.000 68.999
Medium sand price 97.531 95.000 146.000 54.000 34.170
Gravel price 111.252 120.000 160.000 60.000 26.289
Glass price 38.979 35.000 52.000 30.000 7.864
Wood price 1169.238 1200.000 1499.000 1000.000 139.684
Block price 279.203 290.000 290.000 233.000 14.054
Diesel price 7.325 7.350 9.360 5.470 1.110
Gross domestic product 14125.420 14035.170 25269.960 6015.410 5116.898
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application scenario, and another is to use the MXNet’s
automatic gradient function and the packaged optimizer. In
present study, two libraries in MXNet are used to build the
entire LSTM model, namely, NDArray and Autograd. +e
former is used to store and process data, while the latter can
automatically derive the model parameters to achieve re-
verse gradient propagation. +e parameters needed for
model establishment based on MXNet include input gate,
forget gate, output gate, candidate memory cells, weight
parameters for the output layer, and migration parameters.
+e weight parameters were randomly initialized to a
normal distribution, with a standard deviation of 0.01 and a
mean of 0.+emigration parameters were all initialized to 0,
and gradients were created for all the network parameters.
+e network parameters were then connected to the network
structure by an LSTM computing mode.

+e LSTM model training process is shown in Figure 3.
In the internal structure of LSTM NN, the calculation
processes of the input gate, forget gate, output gate, and
candidate memory cells consisted of the output of the input

layer and the last hidden state. For example, the 17 char-
acteristic variables xt � [f1, f2, . . . , f17] of the current
month and the valid information retained in the previous
month. +e calculations of the current memory cell were
controlled by the output of both the input gate and the forget
gate.+e forget gate controlled the reading of the cell state of
the previous month, and the input gate controlled the inflow
of the current candidate cell state. Finally, the current hidden
state was calculated by the output gate and the current
memory cell, and it had flowed into the next month’s cal-
culations along with the current cell state.

+e loss function L2 was calculated by comparing the
predicted values calculated each month with the actual
values placed in the output layer. During the training phase,
L2 was taken as the optimization goal, and the L2 loss
function was defined as follows:

L2 �
1
2


i

labeli − predi



2
. (2)

LSTM′ LSTM LSTM LSTM LSTM LSTM Output

[X1, ... X16, Y] [X1, ... X16, Y] [X1, ... X16, Y] [X1, ... X16, Y] [X1, ... X16, Y]

Gradient
calculation 

Initial state

The loss function
quickly converges

to zero

Y

N

Figure 2: Training structure of the LSTM model.

Cell

Cell

Cell

Cell

T1

T2

T5

T6′

T5′

T2′

Input Output

The 1st month

The 2nd month

The 5th month

Pending month

17 indicators, including the actual value
of the first month engineering cost index 

The output value is the calculated residual.
The actual value of the engineering cost

index is placed on the output 

No output

16 indicators, excluding the actual value
of the first month engineering cost index

16 indicators, excluding the actual value
of the first month engineering cost index 

The output value is the calculated residual.
The actual value of the engineering cost

index is placed on the output 

Figure 1: LSTM model data input structure.
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A momentum method was used as the model’s opti-
mization algorithm. By introducing the intermediate vari-
ables, the gradients in the irrelevant direction were cancelled
both positively and negatively, which overcame the prob-
lems of slow convergence or even nonconvergence caused by
the gradients swinging back and forth in the nondescending
direction which had been encountered in the traditional
gradient descent methods. +e updated parameter formulas
for each iteration of the momentummethod were as follows:

υt←cυt−1 + ηtgt,

θt←θt−1 − υt,
(3)

where υt represents the current momentum; ηt is the current
learning rate;gt indicates the current gradient; θt is the updated
parameter; and c denotes the momentum parameter. +e
intermediate momentum υt needed to be initialized to υ0 when
using the momentummethod optimizer. After that, the model
initialization state, data generator, learning rate, and learning
rate attenuation mode could be set to perform the model
parameter training. During the training stages, the calculated
gradients were clipped to prevent gradient explosions during
the process of backpropagation which would cause the model
to diverge. +e gradients after clipping were as follows:

min
0

‖g‖
, 1 g. (4)

After the single batch gradient calculation was com-
pleted, the network parameters were updated by the mo-
mentum method optimizer. +e Stochastic Gradient
Descent Momentum (SGDM) was able to achieve faster
parameter updates and the model had displayed improving
converging ability. Finally, the trained model parameters
were saved for future use during the prediction phase.

In addition, the detailed methods used in the training
process included batch processing and flow training. With
consideration given to the performance levels of the com-
puters used in this study, the batch size of the training set
was established as 5; the batch size of the test set was 1; and
the learning rate was initialized to 0.1 after the in learning of
200 epochs was completed. +en, in order to avoid the
model parameter values becoming too large, this method
used a weight decay technique with a value of 5e− 4 and a
gradient clipping parameter value of 0.1, which was able to
achieve the effects of regularity for the L2 parameter. +e
model total time step (num_steps) was set as 5 and a data
block consisted of datasets for every 5 months. +e input
value for the single step was the feature number
(FeatureNumber� 17) which represented the 17 charac-
teristic variables for the actual values of the engineering cost
index.+e output vector of each time step moving through a
single fully connected layer contained a single value
(num_outputs� 1) which indicated the only prediction of
the engineering cost index for one month.

Create LSTM model
parameters and gradients

LSTM internal network
structure calculation

Calculate loss
based on L2

Training parameters
based on momentum 

Update parameters

Epoch = 200?

End of training

Data iterator

Provide data by batch 

Set momentum initial
value 

Set the learning rate
and attenuation mode 

Initialize momentum
parameters 

Gradient
clipping

Y

N

Figure 3: Training process of the LSTM model.
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5.2.3. Model Validation and Analysis Result. After the de-
velopment of the LSTM model, the decreases in the output
for the loss function with the number of learning iterations
could be used to determine the convergence and fitting
effects of the model. As shown in Figure 4, the values of the
loss function for the LSTM model had rapidly converged to
near zero as the number of learning iterations increased
during the training process. When the number of learning
iterations reached 200, the value of loss function was ob-
served to be almost zero, which indicated that the model had
achieved a good convergence and could be used for the
predictions of the test sets.

+e differences observed in the fitting effects between the
predicted and real values are displayed in Figure 5. +ese
observed differences indicated that the trend patterns of the
two curves were almost same and that the LSTM model had
achieved improved prediction results.

As can be seen in Figure 6, the error values of the LSTM
prediction model were extremely small, and it was slightly
biased around the value of 0. Negative error means that the
predicted value is lower than the actual value and the
positive errors are the opposite. +e maximum error value
was only −2.03, and the minimum error value was deter-
mined to be −0.7. In addition, the mean absolute error
(MAE) of this study’s 27 test sets was only 0.96. +erefore,
the prediction effects had met the prediction requirements.
+e mean square error (MSE) and the mean absolute per-
centage error (MAPE) were also selected to evaluate the
prediction accuracy of the LSTM model. +e calculation
results are detailed in Table 3. +e MAPE of this study’s
LSTM model was 0.71%, and the prediction accuracy had
reached 99.29%, which was adequate to show the capacity of
the LSTM neural networks to utilize the long-distance de-
pendence information in the sequence data.

5.3. Prediction Performance Comparison with SVM Model.
For comparing the performance of the proposed model, this
paper selects the current advanced SVM algorithm as the
comparison object and trains the model based on the same
dataset. +e predicted results are shown in Figure 7, and the
error results are shown in Table 4.

+rough comparison, it is found that LSTM has ad-
vantages in terms of both prediction accuracy and parameter
adjustment.+e accuracy of the SVMmodel is 98.01%, while
that of the LSTMmodel is 99.29%, and the fitting effect of the
LSTMmodel is better.+e LSTMmodel’s fluctuation level of
the absolute error and mean square error are smaller than
that of the SVM model. In addition, the SVM model only
involves two parameters, the penalty term “C” and the kernel
function difference coefficient “gamma.” However, there is
no universally accepted method for determining these. +e
conventional approach is to take values based on experience
within a certain range, then gradually narrow the range by
comparing the MSE after training to determine the stronger
parameters. Although LSTM involves many parameters, and
generally the input value, output value, and hidden layer, the
neuron number must be adjusted. +e weights and
thresholds are randomly assigned, and the parameters are
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updated using SGDM. Taking these aspects together, the
proposed prediction framework is shown to possess certain
competitiveness.

5.4. Framework Application Scenarios and Steps. +e pro-
posed framework can be applied in forecasting the short-
term or long-term trend of macroeconomic situation that
has great influence to the cost and financial budget of a
construction project, in terms of the real practical scenarios
including policy making of government departments, the
investment decision-making of real estate enterprises, the
rationality of technical and economic indicators of design
unit, and the dispute settlement between the client and the
general contractor.

Take the issue of contract risk between the client and the
general contractor as an example. In the bidding stage, the
contracting company usually gives harsh bidding conditions
for the price adjustment of building materials, which often
makes the construction units in a passive situation. +e
proposed framework can avoid the risk of the construction
party to a certain extent. +e specific steps are as follows.
Firstly, the construction units can quickly establish a
training team within the validity period of the tender to
collect the indicators of the current period and previous
years and use it as the original training data. Secondly, the
teammembers predict the monthly engineering cost indexes
during the construction phase based on the proposed model
and the construction period. Finally, judge the rationality of

the relevant requirements of the bidding documents
according to the change range of the cost indexes between
the completion period and the current period. If the re-
quirements are reasonable, the construction units will
normally participate in the bidding. Instead, they can apply
to negotiate with general contractor or abandon the bid to
minimize their own risks. In summary, the proposed
framework has practical value to assist bidding decisions.

5.5. Analysis and Optimization of the Prediction Accuracy of
the LSTM Model. +e aforementioned research results
showed that the proposed LSTM neural network model was
suitable in prediction applications of construction engi-
neering cost indexes. However, during the process of cre-
ating the LSTM model, it was found that there was no
standard method available for sample selections, parameter
settings, setup of time series lengths, and the designing of the
model structure. Generally speaking, the setup of the model
was in accordance with previous experience. However, it was
accepted that the selection of the various samples and other
model settings would potentially affect the prediction per-
formance of the model. +erefore, it was necessary in this
study to discuss the mechanisms and optimization of the
parameter selections andmodel settings for the development
process of the LSTM model.

5.5.1. Input Feature Analysis. +ere are many factors which
may potentially affect the predictions of construction project

Table 3: Prediction error and accuracy results of the LSTM model.

Model Absolute maximum error Absolute minimum error MAE MSE MAPE Model accuracy
LSTM 2.03 0.7 0.96 1.03 0.71 99.29
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Figure 7: Prediction error trend of the SVM model.

Table 4: Prediction error and accuracy results of the SVM model.

Model Absolute maximum error Absolute minimum error MAE MSE MAPE (%) Model accuracy
SVM 7.23 0.74 2.83 10.51 1.99 98.01
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cost indexes. +ese factors can mainly be divided into four
categories: economic, energy, construction market, and all
indicators.

In the present study, in accordance with the afore-
mentioned four groups of indicators, the following four
models were established, and a basic model of all the in-
dicators was used as a comparison model in order to explore
the impacts of the input features on the engineering cost
indexes. +e prediction results of the other three models
were obtained by modifying the input sample dimensions of
the base model. +e mean square error and prediction ac-
curacy of the model were then successfully calculated. +e
results are shown in Table 5.

+e absolute error values of the prediction results were
calculated according to the prediction results of the 27 test
sets. In order to compare the error values of the models and
their stability, the absolute error values of the predictions of
the four models were determined, as described in Figure 8.

As previously illustrated in Table 5, the prediction ac-
curacy of Model M1 had reached 98.71%. +erefore, it was
also confirmed to be appropriate to use the LSTM model of
the economic indicators to predict the engineering cost
indexes. In this study’s comparison of Model M1 and Model
M12, it was observed that the LSTM model with energy
indicators added was more effective. However, although the
prediction accuracy had been improved, the absolute error
fluctuations of Model M1 were found to be similar to those
of Model M12, which indicated that the energy indicators
had only increased the amount of training information and
not the amount of effective information.+en, by comparing
Models M1, M12, and M123, it could be seen that the
prediction accuracy of the LSTM model had gradually
improved, and the performance results of the model had
become increasingly more stable. +ese findings indicated
that when the dimension of input data was small, appro-
priately increasing the input features of the model could
potentially improve the overall prediction accuracy of the
model.

+is study then compared the four models in combi-
nation with Table 5 and Figure 8. It was found that the
prediction accuracy of Model M3 was almost the same as
that of Model M123 and the stability levels of the models
were similar, both of which were better than those of Model
M1 and Model M12. +erefore, using this study’s experi-
mental results, it was determined that the indicators related
to the construction market had major impacts on the pre-
dictions of the construction engineering cost indexes. +en,
by comparing Model M12 with Model M123, it was found
that the prediction accuracy of themodel had increased from
98.87% to 99.29%, which again showed that the indicators
related to the construction market had major influences on
the predictions of the engineering cost indexes. Further-
more, the results also indicated that the prediction accuracy
of the model could be improved by the appropriate addition
of effective input information. In addition, by outputting the
loss values of the training set and test set, it was observed that
the loss functions of the four models had all decreased
rapidly, with good convergence and no occurrences of
overfitting.

In summary, among the three types of indicators,
economic indicators, energy indicators, and construction
market indicators, the construction market indicators were
found to have the most significant impacts on the pre-
dictions of the engineering cost indexes and could be used
as effective information for the proposed model. It was
observed that when increasing or decreasing the dimen-
sions of the input features, the dimensions of the input data
were small; appropriately increasing the effective infor-
mation could potentially improve the prediction accuracy
of the model. However, when the dimensions of the input
data were larger, the prediction accuracy of the model
could not be greatly improved. In such cases, even re-
dundancy of the input information may occur, which could
potentially reduce the accuracy of the model. +erefore, it
was determined in this study that the economic, energy,
and construction market indicators should be used as the
input features for the proposed model, which would im-
prove the prediction accuracy of the LSTM model. It was
also believed that if the data collection was difficult, the
constructionmarket indicators could be directly used as the
input features.

5.6.TimeSeries LengthAnalysis. +e length of the time series
may also affect the prediction accuracy of a model. +e
length of a time series is usually obtained from the analysis of
specific problems, and there currently is no standard de-
terminationmethod. In the present study, 16 indicators were
used as the input variables, and the data were processed into
time series of lengths of 3, 5, 7, and 10, respectively.+en, the
model was established and trained. +e results are shown in
Table 6. Since the time series lengths of each model had
varied, it was necessary to redivide the training set and test
set of each model. +e test sets were extracted by a random
function in order to ensure that the prediction accuracy of
the test sets also represented the prediction accuracy of the
model.+en, in accordance with the prediction results of the
27 indicators of each model test set, the absolute error values
were calculated. +e results are shown in Figure 9.

As can be seen in Table 6, the prediction accuracy of
Model M123-d3 was lower than that of the other two
models. Meanwhile, as shown in Figure 9, the absolute errors
of Model M123-d3’s predictions had fluctuated greatly, and
the stability of the model’s performance was obviously lower
than that of the other three models. In this study’s com-
parison results of Models M123-d5 and M123-d7, it was
found that the accuracy levels had slightly decreased, which
may have been caused by the different test sets. +e stability
levels of the aforementioned two models were also found to
be similar. +en, by comparing the three models with the
time series length of 5, 7, and 10, it could be seen that the
prediction accuracy results were close, and the stability levels
of the models’ performances were also similar. +at is to say,
when the time series lengths had increased, the prediction
accuracy of the models had first improved and then almost
remained unchanged. Similarly, the loss functions of the
four models still converged rapidly to 0, without any
overfitting observed.
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It was observed in this study that when the time series
length was excessively short and the effective information
provided by the samples was insufficient, the proposed
LSTMmodel could not learn the transformation rules of the
training samples, which led to a low accuracy rate of the
model. However, because the further the data were taken
from the predictive period, the smaller the prediction im-
pacts on the data of the prediction period would be, the
prediction accuracy of the model was not significantly
improved when the time series length had been increased.
Moreover, the longer the time series was, the more noise it
would contain, which is not conducive to the accurate
predictions of the model. In summary, the time series length
has a certain influence on the prediction accuracy, but the
training cost is more sensitive to its change. With the in-
crease of time series length, the improvement of training cost
is much higher than the prediction accuracy. +erefore, it is
necessary to select the appropriate time series length to

improve the application efficiency of the model. In the
present study, it was observed that the M123-d5 and M123-
d10 Models exhibited the highest prediction accuracy. +e
accuracy rates of the twomodels were found to be analogous,
although the training duration of Model M123-d10 was
longer. Subsequently, the time series length was set as 5 in
this research, in order to achieve an improved model
performance.

5.7. Analysis of the Model Structure. For LSTM neural net-
works, the number of hidden layer neurons determines the
structure of the neural network model. However, there is
currently no unified method which can be applied to de-
termine the number of neurons in a hidden layer. In this
study, by comparing the prediction accuracy rates of the
model under the conditions of various numbers of neurons
in the hidden layer, the most suitable number of neurons was
selected.

+erefore, on the basis that all 16 indicators were used as
the input variables of the model and the time series length
was set as 5, the number of hidden layer neurons was set to
the value of 10 times between 10 and 150. +e model’s
training and the prediction results were successfully ob-
tained, as shown in Table 7.

It was observed in this study that when the number of
hidden layer neurons increased from 10 to 40, the mean
square errors of the model’s predictions gradually decreased

Table 5: Effects of the input features on the model’s accuracy.

Model Dimension Category Indicators MSE Model accuracy
M1 4 Economy LR, CPI, MS, GDP 3.92 98.71
M3 10 Construction market MCI, FSS, SBP, CP, CEP, MSP, GRP, GLP, WP, BP 1.27 99.22
M12 6 Economy+ energy MCI, CPI, MS, GDP, COP, DP 3.16 98.85
M123 16 All All 1.03 99.29
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Figure 8: Predictions of the absolute error trends of the four
models with different input features.

Table 6: Effects of the time series lengths on the accuracy rates of
the models.

Model Time series
length

Mean square
error

Model accuracy
(%)

M123-d3 3 2.27 98.95
M123-d5 5 1.03 99.29
M123-d7 7 1.10 99.22
M123-d10 10 0.88 99.33
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Figure 9: Predictions accuracy and absolute error trends of the
models with different time lengths.
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until reaching a minimum value. In addition, the prediction
accuracy rate of the model gradually increased until the
maximum value was attained. Furthermore, as the number of
hidden layer neurons continued to increase, the prediction
accuracy rate of the model did not improve, and when the
number of hidden layer neurons increased to approximately
100, then the accuracy of the model’s results tended to
fluctuate. It was determined in this study that too many or too
few hidden layer neurons would potentially reduce the pre-
diction accuracy of the model. For example, if the number of
hidden layer neurons was too small, then the underfitting of
themodel led to increased prediction errors.Meanwhile, if the
number of hidden layer neurons was too great, then the
prediction accuracy of the model tended to not be improved,
which had a tendency to lead to the occurrence of unstable
phenomena and overfitting of the model.

6. Conclusions

In this article, we proposed a prediction model based on an
LSTM neural network, which is suitable for the short-term
engineering cost indexes prediction or other cost data with
temporal or spatial properties. +e proposed model will be
applied to the feasibility study stage or bidding stage of the
project. It can provide accurate industry trends so that all
engineering participants can evaluate the project risk in a
comprehensive manner in advance, which is helpful to for-
mulate relevant response plans. +is research makes signif-
icant contributions in terms of new emerging tools and new
AI algorithm for the traditional field of construction cost
index prediction. Firstly, the new emerging tools are originally
applied in this area after reviewing previous research results.
Although LSTMNN has been used in prediction problems in
other application areas, there is a lack of explorative research
to train the algorithm model by using specific construction
date and evaluate the forecasting results for the theoretically
suitability of cost index prediction. Secondly, the new AI
algorithm of LSTM NN has the ability to sort out the limi-
tations of existing methods in cost index prediction. Since

most of the traditional methods are not suitable for nonlinear
fitting and have poor response to the timeliness of the data,
LSTM NN has advantages in dealing with limitations of the
gradient vanishing and the inability to address long-term
dependence. Upon analysing the experimental results of the
LSTM model, the following key findings are observed. (1)
Sixteen prediction indicators can comprehensively and timely
reflect the domestic economic, energy, and market condi-
tions, which meet the requirements of capturing the fluctu-
ation trend of the engineering cost indexes. (2) +e proposed
LSTM model has good fitting effect and small prediction
error, which fully demonstrates the ability of the algorithm to
utilize long-distance dependent information in sequence data.
(3)+rough the optimizationmechanism in three aspects, the
experience of model creation is successfully converted into
principle standards, in which the optimization of the input
features is the most critical. (4) Compared with other
methods, the LSTMmodel possesses significant advantages in
training cost, time series process, and short-term prediction
accuracy. +is model can be used to deal with similar time
series, such as crowd or vehicle flow, and stock prices.
Generally speaking, it was confirmed in this study that the
LSTM neural networks were applicable and effective in regard
to predictions of construction cost indexes. +e obtained
research findings of this study could potentially provide some
guidance for subsequent researchers in selecting prediction
algorithms and model parameters. However, the proposed
method framework still has some limitations, such as the
following. First, the data required for the research weremainly
taken from four domestic databases, and the authenticity of
these historical data lacks verification. Second, the index
determination criteria used in this article lack authority, and
different countries or organizations may involve various
criteria. Finally, due to the limited amount of statistical data
available in China at present, this study only validated the
short-term prediction performance of LSTM. Based on the
above limitations, our future work will focus on improving
the structural layer of LSTM, in order to compensate for its
disadvantages in the long-term prediction process.

Table 7: Effects of the model’s structure on the accuracy results.

Model Model structure Mean absolute error Mean square error Accuracy (%)
M123-h10 16-10-1 1.11 1.37 99.18
M123-h20 16-20-1 1.07 1.28 99.21
M123-h30 16-30-1 1.07 1.23 99.21
M123-h40 16-40-1 0.85 0.89 99.34
M123-h50 16-50-1 0.96 1.02 99.29
M123-h60 16-60-1 1.02 1.14 99.24
M123-h70 16-70-1 1.05 1.26 99.21
M123-h80 16-80-1 1.06 1.22 99.21
M123-h90 16-90-1 1.01 1.15 99.27
M123-h100 16-100-1 1.25 1.67 99.11
M123-h110 16-110-1 1.05 1.16 99.24
M123-h120 16-120-1 1.14 1.41 99.17
M123-h130 16-130-1 1.16 1.45 99.15
M123-h140 16-140-1 1.09 1.29 99.20
M123-h150 16-150-1 1.13 1.48 99.18
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