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Abstract 

Making accurate predictions of the construction cost is essential for ensuring the smooth implementation of projects and 

guaranteeing economic benefits. The problem to be studied in this article is how to predict construction project costs accurately. 

The related factors affecting construction project costs are briefly introduced in this paper. A back-propagation neural network 

(BPNN) was proposed to predict construction engineering costs, and the AdaBoost algorithm was used to improve it. Then, 

simulation experiments were carried out. It was found that the Adaboost-BPNN algorithm converged to stability faster, and the 

mean square error was smaller (10-5) when it was stable. Compared with the support vector machine and traditional BPNN 

algorithms, the AdaBoost-BPNN algorithm had better goodness of fit (0.787) and provided more accurate prediction results for 

construction engineering costs (mean average error: 0.467, root-mean-square error: 1.118). The novelty of this article lies in 

utilizing AdaBoost to combine multiple weak predictors into a strong predictor, thereby enhancing the performance of the BPNN 

algorithm. The contribution lies in improving the predictive performance of the BPNN through the combination principle of 

AdaBoost, providing an effective reference for accurate cost prediction in construction engineering. 

 

Keywords- Neural network, Construction project, Cost prediction, AdaBoost. 

 

 

 

1. Introduction 
With the progress of the economy and the acceleration of urbanization, the construction engineering 

industry is occupying an increasingly important position in China's economic system (Saeidlou and 

Ghadiminia, 2024). However, implementing construction projects requires a significant capital investment, 

but the investment of capital costs needs to ensure future economic benefits and cannot be unlimited 

(Kawahara et al., 2022). Therefore, it is necessary to predict construction project costs in order to ensure 

project smooth implementation and guarantee economic benefits (Zahoor et al., 2022). Traditional methods 

for predicting construction project costs mainly include the quota and bill of quantities methods (Abed et 
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al., 2022). These methods usually obtain prediction results after calculation and analysis based on historical 

data and market surveys. Although traditional prediction methods are simple and easy to implement, they 

are limited by data sources and calculation methods (Cevik et al., 2023), and the improvement of prediction 

accuracy is necessary. A neural network algorithm is a prediction approach based on artificial intelligence 

technology. Compared with traditional prediction, neural networks can dig out hidden nonlinear laws from 

historical big data and market information to predict cost more accurately and reliably (Wang et al., 2020). 

The article first introduces the relevant indicators for predicting construction project costs and then proposes 

using a back-propagation neural network (BPNN) to predict construction project costs. Additionally, 

AdaBoost is utilized to enhance the performance of the BPNN, providing an effective reference for accurate 

cost prediction in construction projects. 

 

2. Related Works 
Ye (2021) used a BPNN algorithm optimized by particle swarm optimization to estimate the costs of 

construction projects and confirmed the algorithm's effectiveness by conducting simulated experiments.  

 

Zhao and Zi (2021) utilized earned value management (EVM) to evaluate and predict project costs and 

integrated it with established exponential smoothing techniques to enhance forecasting performance. The 

simulation experiment results demonstrated that combining EVM’s cost performance index with simple 

exponential smoothing techniques yielded favorable outcomes in estimating the final costs of projects. 

Building upon population forecast findings, Kawahara et al. (2022) conducted a cost burden analysis of 

different water supply systems by estimating their water demand and found higher efficiency in independent 

distributed small-scale water supply systems. 

 

Kumar et al. (2023) researched and examined several machine learning methods for estimating construction 

project costs and found that the artificial neural network (ANN) was the predominant choice. Hashemi et 

al. (2020) thoroughly investigated how machine learning techniques affects construction project cost 

estimation and analyzed three quantitative methods: statistical models, analogy models, and analysis 

models. Rafiei and Adeli (2018) utilized advanced machine learning concepts while considering economic 

variables and indices to propose an innovative model for estimating construction costs. The results showed 

that this model had significantly lower cost estimation errors than the support vector machine (SVM) and 

pure BPNN models. 

 

3. The Cost Prediction Algorithm for Construction Projects 

3.1 Factors Affecting Construction Project Costs 
Whether using traditional prediction methods or neural network algorithms, factors that can affect the cost 

of construction projects need to be considered when predicting construction project costs (Zhou et al., 2021). 

The cost prediction model uses these factors to calculate and finally outputs the prediction results (Li and 

Sun, 2023). As shown in Table 1, in this paper, the relevant factors affecting the cost of construction 

projects are divided into building characteristic indicators and socio-economic indicators. The building 

characteristic indicators directly reflect the characteristics of construction projects, which will directly 

affect the project cost (Li et al., 2020a). Social and economic indicators reflect the economic situation of 

the region where the construction project is situated, and the local economic situation will affect the 

construction industry, the construction material industry, and the labor cost, thereby indirectly affecting the 

project cost. 
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Table 1. Related indicators for predicting the cost of construction projects. 
 

Primary indicator Secondary indicator Note 

Building characteristic indicators The occupied area of the project The sum of the area of the buildings above and 

below the ground. 

Aboveground building area The area of all floors above the ground 

Underground building area The area of all floors below the ground 

The number of aboveground floors The number of floors above the ground level 

The height of aboveground floors The average height of each floor above ground 

level 

The number of underground floors The number of floors below ground level 

The height of floors underground The average height of each floor below ground 

level 

Type of building structure The load-bearing structure and envelope structure 

of the building 

The seismic strength of buildings The performance of a building against earthquakes 

The interior and exterior wall decorations of 

buildings 

The cost of decorating the interior and exterior of 

a building 

Socio-economic indicator Regional gross domestic product The gross product of the region where the project 
is situated 

Regional consumer price index A value that reflects fluctuations in market prices 

in the region where the project is situated 

The average wage of employees in the region Remunerations for the workers in the region where 
the project is situated 

Total population at the year-end The total population in the region where the 

project is situated at the end of the year 

 
 

3.2 Neural Network Algorithm 
Traditional engineering cost prediction methods calculate and analyze historical data and market survey 

data to obtain prediction results (Faghih et al., 2021). However, selecting appropriate factors in a traditional 

way becomes difficult due to the presence of numerous related factors that can affect construction project 

costs. Moreover, collinearity between these factors further limits the accuracy of predictions. 

 

If the prediction error of the construction cost is excessively large, it will heavily influence the construction 

decision. In severe cases, the entire project may need to be redone. Unlike traditional prediction methods, 

neural network algorithms can quickly and accurately predict project costs by leveraging their nonlinear 

mapping ability to uncover hidden rules in big data (Kalinina, 2020). 

 

The basic principle of BPNN for prediction is to feed the input layer with the characteristic data of the 

sample, i.e., the relevant indicators, perform calculations in the hidden layer, and finally output the 

prediction results in the output layer. Under normal circumstances, increasing the number of hidden layers 

in BPNN allows for a better fit to nonlinear patterns; however, it also leads to increased computational 

requirements. Therefore, it is necessary to ascertain the appropriate number of layers according to the 

specific needs. The computational formula in the hidden layer (Lavi and Apt, 2024) is: 









−= 

=

n
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i
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where, a is the output of each layer, β is the adjustment item of each layer, )(•f  is the activation function, 

which is also the key for BPNN to fit the nonlinear law, and ω is the weight between layers. 
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Figure 1. Training process of the BPNN algorithm improved by the AdaBoost algorithm. 

 

 

However, in real-world scenarios, achieving a balanced learning degree during the training of BPNN is 

challenging, and the parameters obtained from a single BPNN training have weak generalization 

performance. In this paper, the AdaBoost algorithm is used to optimize the BPNN (Dong et al., 2020), and 

the overall training process is illustrated in Figure 1. 

 

① 0=t  is set, where, t  is a counter to count the weak predictors. Then, the initial weight of a sample is 

set as n1 . 

 

② Let 1+= tt . 

 

③ Some samples are randomly selected according to sample weight )(iW
t  

from high to low as the training 

samples of the weak predictor. 

 

④ The new training set is input into the t -th weak BPNN predictor for forward calculation. 

 

⑤ If the training of the weak BPNN predictor is terminated, it will go to the next step. If not, the weight 

parameter in the weak BPNN predictor will be adjusted reversely based on the error between the calculated 

results of the predictor and the actual sample results. The termination conditions for the weak BPNN 

predictor include stable convergence of the error within the threshold and reaching a threshold number of 

training iterations for the predictor. If one of these conditions is reached, termination is reached (Shi et al., 

2020). 

 

⑥ The original training set is inputted into the weak BPNN predictor for calculation. The calculated 

outcomes are compared with the actual outcomes, and the weights of all the training samples whose error 

exceeds the set threshold are summed up as the prediction error of the predictor. If the error between the 
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calculated and actual results exceeds the set threshold, it indicates that the predictor predicts the sample 

incorrectly. The weight of the sample indicates how severe a prediction mistake is made, so the sum of the 

weight of all the wrongly predicted samples is the severity of the prediction mistake of the original training 

set made by the predictor, which can be used as the prediction error of this predictor. Then, the predictor 

error is used to calculate its weight. The relevant formula is: 

 
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where, 
t

E  is the prediction error of the t-th weak BPNN predictor,   +−
iiit

yyxfi ,)(:
 
represents 

training sample xi beyond the set range after the calculation of the t-th weak BPNN predictor ft(), yi is the 

actual result of xi, θ is the set error, Wt(i)
 
is the weight of sample 

i
x  in the original training set used for the 

t-th weak BPNN predictor, and αt
 
is the weight of the t -th predictor. 

 

⑦ Whether t < T is true is determined. T refers to the number of weak predictors required. If it is not true, 

the existing weak BPNN predictors are weighted and combined. 

 

⑧ If Tt   is true, the sample weight of the original training set is updated (Li et al., 2020b) using the 

following equations: 

 
 

 























 +−

=





−

+−
=

−

−
=


+

ba

othersb

yyxfa
C

others

yyxf
l

lCiWC

lCiWC
iW

iiit

i

iiiti

t

i

i

titti

i

titti

t









,)(

1

,)(1

)exp()(

)exp()(
)(

1

                                                                                                                        (3) 

 

Where, )(
1

iW
t+  

is the weight of updated sample xi, i

t
l  is an indicator parameter, which is used to guide the 

increase or decrease of the weight, Ci is the cost parameter. a and b are two set values of Ci. It returns to 

step ② after the sample weight of the initial training set is updated. 

 

4. Simulation Experiments 

4.1 Experimental Data 
The simulation experiment was carried out on a laboratory server. In this study, 345 actual construction 

engineering cases from 2012 to 2022 in Henan were collected from the network platform. To reduce the 

difficulty of calculation and improve the accuracy of prediction, the construction engineering cases selected 

were all simple decoration projects for roughcast houses with only basic decoration. The selected 

engineering cases were further screened based on the factors summarized in this paper, and finally, 300 

sample cases were obtained. Among these, 200 were utilized as training samples, and the rest served as 

testing samples. Due to space limitations, it is not possible to present detailed data for all 300 sample cases 

in this article. Therefore, only a statistical description of the sample case collection was provided. The 

statistical description of the sample cases is displayed in Table 2. 
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Table 2. Statistical description of the engineering cases. 
 

Indicator 
No. of 

indicator 
Minimum Maximum 

Averag

e 
Standard deviation 

The occupied area of the project (103m2) 1 1.23 57.89 16.54 11.25 

Aboveground building area (103m2) 2 1.23 55.87 15.47 11.03 

Underground building area (103m2) 3 0.00 13.69 3.58 1.24 

The number of aboveground floors 4 3.00 35.00 19.25 9.58 

The height of floors above ground (m) 5 2.80 4.80 2.87 0.25 

The number of underground floors 6 0.00 4.00 0.98 1.01 

The height of floors underground (m) 7 2.50 5.10 3.21 0.36 

Type of building structure 8 1.00 4.00 1.50 1.25 

The seismic strength of buildings (level) 9 5.00 8.00 6.58 1.39 

The interior and exterior wall decorations of buildings 

(yuan/m2) 
10 1287.68 2587.41 1987.85 21.44 

Regional gross domestic product (one hundred billion yuan) 11 0.83 21.58 7.89 6.32 

Regional consumer price index (%) 12 100.4 106.3 101.2 0.89 

The average wage of employees in the region (ten thousand 

yuan/year) 
13 4.15 12.32 6.58 1.57 

Total population at the year-end (million) 14 1.63 20.35 8.98 6.24 

Project cost (100 yuan/m2) 15 10.98 35.21 19.89 4.87 

 
 

4.2 Experimental Setup 
The parameters of the proposed algorithm obtained through orthogonal experiments are displayed in Table 

3, and it was compared with the traditional BPNN and SVM algorithms. The SVM algorithm is a machine 

learning algorithm. It maps the features of samples to a vector space and then separates the vector space 

using a 'hyperplane', and the prediction results are obtained by comparing the data to the predicted to the 

'hyperplane' in the vector space. The relevant parameters of the traditional BPNN algorithm were consistent 

with the parameters used in the weak BPNN predictor in this paper. For the relevant parameters of the SVM 

algorithm, the kernel function was sigmoid, and the penalty parameter was set to 1. 

 

When conducting training, 200 samples were randomly selected from the 300 samples as training samples. 

When inputting the training samples into various algorithms, the data required to be input were numerical 

values for sample indicators numbered from 1 to 14, and the final output was the predicted result of 

'engineering cost', which was compared with the actual result to adjust algorithm parameters. 

 
Table 3. Parameter settings of the proposed algorithm. 

 

Structure Parameter setting Structure Parameter setting 

Input layer 14 nodes Hidden layer Two layers, 64 nodes each layer 

Output layer One node Learning rate 0.02 

Maximum number of trainings 500 T  10 

  0.1 ba,  0.9, 1.0 

Activation function Sigmoid Optimization method Stochastic gradient descent 

 

4.3 Evaluation Criteria 
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where, MAE  is the mean absolute error, RMSE  is the root-mean-square error, R2 stands for goodness of 

fit, yi is the expected result for the i-th sample, yi
cal is the calculated result, yi

fit is the expected result after 

recalibration, and ymean is the mean of the output calculated using the set of test samples. 

 

4.4 Experimental Results 
The SVM algorithm used for comparison fits and solves the support vector surface during training, which 

is different from the iterative training method of neural networks, and the changes in the training process 

are not suitable for comparison. Therefore, only the traditional BPNN algorithm and the BPNN algorithm 

improved by the AdaBoost algorithm were compared here, as shown in Table 4 and Figure 2. The training 

mean square error of the two algorithms decreased as the number of training iterations increased and 

eventually converged to stability. However, the comparison of the two convergence curves showed that the 

AdaBoost-BPNN algorithm converged to stability faster than the traditional algorithm, and the mean square 

error was smaller when converging to stability. 

 
Table 4. The mean square error of the traditional BPNN algorithm and the AdaBoost-BPNN algorithm under 

different numbers of iterations. 
 

Number of iterations Traditional BPNN AdaBoost-BPNN 

0 0.1 0.1 

50 0.0079433 0.0050118 

100 0.00079432 0.00031622 

150 0.00015848 6.3095  10-5 

200 6.3095  10-5 3.1622  10-5 

250 3.9811  10-5 1.5848  10-5 

300 1.9952  10-5 1.0000  10-5 

350 1.5848  10-5 1.0000  10-5 

400 1.2589  10-5 1.0000  10-5 

450 1.2589  10-5 1.0000  10-5 

500 1.2589  10-5 1.0000  10-5 

 

 

 

 
 

Figure 2. Training curves of the traditional BPNN algorithm and the BPNN algorithm improved by the AdaBoost 

algorithm. 

 

Figure 3 is a scatter plot of the predicted and actual values of the construction project cost, which were 

after applying the three prediction algorithms to the test set. Each point on the graph corresponds to a sample 
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from the test set. The sample's actual project cost is represented by the x-coordinate of each point, while 

the y-coordinate represents the forecasted project cost calculated by the prediction algorithm. In theory, if 

the prediction algorithm is accurate enough, the sample points should all fall on the diagonal; however, in 

practice, no perfect accurate prediction algorithm exists. Therefore, most of the sample points will be 

scattered on both sides of the diagonal, with only a few samples falling on them. It can be seen that the 

scatter points after using the SVM algorithm to predict the construction project cost were generally close 

to the diagonal rather than randomly distributed. However, compared with the other two algorithms, the 

scatter points after using the traditional BPNN algorithm were relatively more concentrated on the diagonal. 

After using the AdaBoost-BPNN algorithm, the scatter points were almost concentrated on the diagonal. 

From the distribution of scatter points, it can be seen that the AdaBoost-BPNN algorithm had the best 

prediction effect on construction project cost, followed by the traditional BPNN algorithm and then by the 

SVM algorithm. 

 

 
 

Figure 3. Scatter plots of actual and predicted cost under the three cost prediction algorithms. 
 

 

Table 5. Prediction performance of three cost prediction algorithms. 
 

Algorithm SVM Traditional BPNN AdaBoost-BPNN 

MAE  0.875 0.603 0.467 
RMSE  1.447 1.387 1.118 

2R  0.787 0.724 0.634 

 
 

By comparing the data in Table 5, it can be found that the MAE and RMSE of the SVM algorithm for 

construction project cost prediction were the largest, the traditional BPNN algorithm was the second, and 

the AdaBoost-BPNN algorithm was the smallest. In terms of reflecting the degree of fitting of the prediction 

model, the goodness of fit was highest for the AdaBoost-BPNN algorithm, followed by the traditional 

BPNN algorithm, and lastly, by the SVM algorithm. 

 

5. Discussion 
Construction projects are often long-term endeavors, and the costs involved throughout the entire process 

are quite significant. Therefore, it is necessary to make cost predictions before commencing a construction 

project in order to make more informed adjustments to the design and reduce costs while improving 

efficiency. The principle behind predicting construction project costs essentially involves understanding 

the relationship between key indicators of construction projects and their associated costs and then using 

this knowledge to forecast project expenses. There are various methods for uncovering data patterns, such 

as multiple regression equations and machine learning algorithms. Finally, this article used the BPNN 
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algorithm to forecast construction project costs. Compared to other algorithms, the BPNN algorithm, as a 

deep learning algorithm, can effectively fit nonlinear patterns in data samples. However, in practical 

applications, training the BPNN algorithm is often difficult to balance the learning process, and determining 

parameters using a single BPNN algorithm has weak generalization performance. Therefore, this article 

adopted the AdaBoost algorithm to combine multiple BPNNs to enhance the predictive performance of the 

BPNN algorithm. Subsequently, simulation experiments were conducted on 300 collected construction 

project samples. The AdaBoost algorithm-improved BPNN algorithm converged faster during training and 

had a lower mean square error when converged to stable, making it superior in predicting construction 

project costs. The reasons for the above results were analyzed. Although the SVM algorithm can map the 

sample features to the high-dimensional space through the kernel function and make the features as linear 

as possible, it still cannot fully fit the nonlinear law in the sample set, so the goodness of fit of this algorithm 

was the smallest and the prediction error was larger. As a kind of neural network, the BPNN algorithm can 

effectively fit the nonlinear law with multiple hidden layer nodes and the activation functions in the nodes. 

Therefore, the goodness of fit of this algorithm was greater than that of the SVM algorithm, and the 

prediction error was smaller. The BPNN algorithm improved by the AdaBoost algorithm weighted and 

combined multiple weak BPNN predictors. When training the weak BPNN predictor, the weight is assigned 

to the samples in the training set. If a sample is predicted incorrectly in the training predictor, the weight of 

this sample will be increased in the next step to make the predictor focus on samples with larger weights, 

i.e., the training of the predictor pays more attention to those samples that are more prone to be wrongly 

predicted. 

 

6. Conclusions 
This paper briefly introduces the related factors that affect construction project costs and proposes a BPNN 

algorithm to predict construction project costs. Moreover, the AdaBoost algorithm was used to optimize 

the BPNN algorithm, and the improved algorithm was compared with the traditional BPNN algorithm and 

SVM algorithm using simulation experiments. The mean square error of the traditional BPNN and 

AdaBoost-BPNN algorithms converged to stability gradually in the process of training iteration, and the 

AdaBoost-BPNN algorithm converged faster and had a smaller mean square error after convergence to 

stability. In the scatter plots composed of the predicted results of the test set obtained by the three prediction 

algorithms and the actual results, the AdaBoost-BPNN algorithm showed more concentrated scatter points 

on the diagonal line while the traditional BPNN algorithm had slightly dispersed ones; the scatter of the 

SVM algorithm was the largest scatter. The prediction error for construction project costs was highest in 

the SVM algorithm, followed by traditional BPNN and AdaBoost-BPNN algorithms. In terms of goodness 

of fit, the AdaBoost-BPNN algorithm was the highest, followed by the traditional BPNN algorithm, and 

the SVM algorithm was the smallest. 

 

The drawback of this article is the limited size of the training dataset used to train the algorithm. Even 

though the AdaBoost algorithm has been employed to combine multiple BPNN predictors, its 

generalization will still be affected. Therefore, future research should focus on increasing the number of 

training samples to enhance the generalization of the prediction algorithm. 

Limitations and future works. 

 

The limitation of this article lies in that the results obtained from testing the algorithm were simulated 

through experiments using 300 collected samples on a laboratory server, so the test results belong to 

simulation results and have certain deviations from actual cases in reality. Therefore, in order to enhance 

the algorithm's ability to make accurate predictions and reduce prediction bias, future research directions 

include applying the algorithm to actual construction cost prediction. 
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