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Abstract

:

Over-budgeting due to inflation is a common phenomenon in the construction industry of both developed and developing countries. Inflation, with time changes, leaves an adverse effect on the project budget. Hence, this study aims to focus on the construction price index (CPI) behavior and inspect its correlation with inflation in Thailand’s construction industry as there has not been much work performed. The prediction of CPI was made from 2024 to 2028, relying on the data set from 2000 to 2023. The relationship between inflation and CPI categories helps in prediction by considering inflation as the independent variable and CPI (All Commodities, Lumber and Wood Products, Cement, and Iron Products) as the dependent variable that was incorporated in EViews to perform automated ARIMA forecasting. The correlation results show that out of four CPI, only Iron Products showed a significant relationship with inflation. For All Commodities, Lumber, and Wood Products, the predicted values were fluctuating, while for Cement and Iron Products, a clear seasonal pattern was observed. This prediction gives a direction to construction industry practitioners to make necessary adjustments to their budget estimation before signing the contract to overcome cost overrun obstruction.
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1. Introduction


The construction industry provides multiple benefits beyond infrastructural development [1]. Not only does it boost the economy of a country, but it also creates a sustainable job market at every level [2,3]. The construction industry is also responsible for the integration of new technologies and guarding the environment [4,5]. Despite the numerous benefits of this sector, the construction industry still faces a multitude of challenges in project deliverables that reduce project productivity, efficiency, sustainability, and inclusive development [6,7,8]. One of the key problems is the overbudgeting of construction projects, which ultimately overburden the client’s finances [9]. This overbudgeting occurs when the estimated cost exceeds the final closure cost. Overall globally in construction projects, the budget deviation ranges between 5% and 10% [10,11]. Several factors contribute to the overbudgeting of a construction project and cause financial setbacks, e.g., wrong estimation [12], change order, vague project scope [13], inflation [14], and unforeseen conditions [15]. Moreover, project delays also escalate the construction goods and services cost, which burdens the budget [16,17]. The construction goods and services costs change with the time in which the role of inflation is not barred [18,19].



The impact of inflation is either direct or indirect on the construction industry [20,21]. Inflation not only has an impact on the Construction Price Index (CPI), but it also influences construction and other services [22]. The rise in inflation occurs when the cost of raw materials also increases in the market [23,24]. Materials are the fundamental elements for construction projects, and an increase in their prices directly influences the CPI. Inflation also elevates the labor wages to meet living expenses. Such inputs reflect an upward trend in CPI, which makes construction projects costly in general. The CPI is indirectly influenced by inflation as well due to adjustments in the interest rates [25,26]. The increase in inflation triggers the alarm in central banks, which then causes a rise in interest rates to maintain the economic threshold. Higher interest rates boost construction projects, deriving costs and ultimately overburdening financial costs [14]. This behavior adds an additional layer of cost to the project budget through CPI. As a result, more funds are needed to meet the basic demands of the construction projects. In a nutshell, the direct influence of inflation is through materials, labor, and machinery rates increases, and the indirect rate is through the interest rate [27,28].



With the help of the Scopus database [29], the keywords (“Inflation”, AND “Construction”, AND “Cost overrun”) were searched to feature the recent trend and linkage of the literature, which can be seen in Figure 1. It is obvious from the output that inflation in recent times is the thrust of the research, which is connected with budget control and construction projects and shows a relationship with cost overrun. In fact, inflation is the key indicator that impacts project costs by deviating them over time. Cost overrun through inflation is a global worry, and several studies have highlighted concerns about unsuccessful project completion due to overbudgeting. The literature underlines that this issue pertains to all the regions, either developing or developed, and the construction industry of all the countries is suffering [11,15,30,31,32,33,34,35,36,37,38,39,40,41,42,43,44,45,46,47,48,49]. Based on the carried-out literature, Figure 2 shows the world map highlighted with some of the regions marked with red in which the budget deviated from the original cost due to the inflation rate and ultimately led to project overbudgeting.



Jiang, Xu [50] emphasized construction prices’ reliable prediction as it impacts the decision-making of the contractors and the financiers. The long-run construction prices are dependent on the interest rate, population, and country’s income, while short-run construction prices are dependent on the price itself and the population. In this manner, the vector error correction (VEC) model was used to predict construction prices. The results indicate that, with the help of dummy variables, the forecasting is more efficient for the construction prices. The study showed promising results; however, instead of the dummy variables, the real-time data would be more promising. In another study, Shiha, Dorra [51] utilized a neural networks model to make the predictions of construction prices with the help of macroeconomic indicators. The model selection was based on mean absolute percentage error ranging from 4% to 11%. There were several limitations in the study, such as selection of the indicators and validation of the models, that leave a study gap for the future. Elfahham [52] draws a comparison between time series analysis, neural networks, and regression models to forecast construction cost indexes. Based on means absolute error and means squared error, it was observed that by using autoregressive time series, the outcome is better in comparison to the other two used methods for prediction.



Inflation in the economy portrays an expansion in prices, which is why it becomes essential to monitor the price shift [53]. So far, it is evident that inflation has ruined the mode of construction [53], and Thailand’s construction industry is also responding in the same manner as other countries’ construction industries [54]. In 2022, Thailand’s construction market value reached $23.7 billion, and a 3% growth is expected in the next four years [55]. The Thailand construction industry is facing several challenges; cost overrun is the major one, hindering the overall sustainable growth of the industry. The major influential factor that triggers this problem is inflation, which changes the prices of goods and services required for construction projects.



One main aspect that was not considered in previous studies is the inflation rate impact on the deviation of the construction price index. Musarat, Alaloul [56] explored this issue where the impact of the inflation rate was utilized to forecast the construction rates by using the time series analysis; however, the results were limited to the Malaysian industry and could further be extended to the other ASEAN regions to draw a comparison. Although the study methodology is aligned with the current work, this study focuses on the construction prices index rather than the construction rates that have not been addressed previously by adapting the time series analysis. Thus, this study stacks the focus on inflation mobility’s impact on the CPI over time. The CPI is important to estimate the cost and set up the budget before the bidding process. It is one of the key indicators of the cost level, leveling up the value for experts to understand the construction industry environment [57,58,59,60]. Hence, the CPI prediction is essential to boost the construction industry’s performance [52,61]. Currently, no such study is available for Thailand’s construction industry to incorporate the CPI in budgeting upon evaluating a relationship with inflation. Hence, the objective of this study is to evaluate the behavior of CPIs with time and assess the impact of inflation on shifting performance. Four CPIs were taken into consideration for further analysis, which are All Commodities, Lumber and Wood Products, Cement, and Iron Products. Moreover, time series analysis was opted to predict the future price indexes. The inflation issue requires vital attention in altering the construction price indexes that can be adapted initially at the time of contract allotment, which is the focus of this study. Besides inflation impact, there could be other possible reasons for the construction price deviation that led to project cost overrun, e.g., supply and demand, economic conditions, government policies, raw material prices, oil prices, and global market trends, etc.



Looking into the objectives, the following research questions were established:




	
Do CPIs show any deviations in Thailand’s construction industry?



	
Does inflation have any correlation with the CPIs in Thailand’s construction industry?



	
Does Automated Autoregressive Integrated Moving Average (ARIMA) provide significant forecasting of CPIs?








The argument of this study is not based on low or high inflation in any country; rather it focuses on how the inflation rate deviates the prices in the construction market, which ultimately leads to cost overrun of a construction project. The scope of this study was limited to exploring the relationship between inflation and CPI in Thailand’s construction industry. The literature also supports auto machine learning [62]; however, this study utilized automated ARIMA forecasting, which has shown promising forecasting results for construction elements in the past [56]. Also, for the prediction of four CPIs, only the ARIMA model of time series analysis was considered without making any comparisons with other existing models due to the fact that the focus was kept on developing a strategy to make CPIs adjustments in the budget rather than drawing the comparison among the model for better predictions. Moreover, within the ARIMA model, there are several runs that give the best-suited value combination for the predictions. This study will help construction industry practitioners understand the seriousness of the matter and choose the outcome that will increase project productivity.




2. Research Method


The methodology of the study is divided into several steps. Initially, the mean and standard deviation of the construction index were evaluated, and then the percentage deviation was computed. Afterward, the linearity and nonlinearity of the data were determined as the correlation test selection was based on the data behavior. In the end, the prediction of the CPI was anticipated. For the mentioned processes, several tools such as Microsoft Excel (Version 2403, Build 17425.20176), Statistical Package for Social Sciences (SPSS-27), and EViews 12 SV were employed.



2.1. Inflation Rate and CPI Data Collection


The inflation rate and CPI data were collected from the web sources [63,64]. The data availability was from 2000–2023; the inflation rate was available annually while the CPI was monthwise. The CPI was comprised of four main categories: All Commodities, Lumber and Wood Products, Cement, and Iron Products. The inflation rate is reflected in Figure 3, while CPIs can be seen in Section 3.1.1. Over time, the inflation rate of Thailand has not been statistically significant and has fluctuated over time. The highest inflation appeared in 2022 and 2008 with rates of 6.08% and 5.47%, while the lowest was in 2020/2009 and 2015, with rates of −0.85% and −0.90%, respectively. The increase in inflation was due to high energy and food prices [4,65], while the decrease occurred due to a massive fall in global oil prices [3,66].




2.2. Descriptive Analysis


As the CPI data was monthwise, initially it was converted into yearly data by taking the average. This helps to calculate the arithmetic mean, standard deviation, and percentage deviation more appropriately [28,67]. The percentage deviation was computed using the following equation:


  P e r c e n t a g e   D e v i a t i o n =   ( C u r r e n t   t i m e − P r e v i o u s   t i m e )   P r e v i o u s   t i m e   × 100  



(1)








2.3. Linear and Nonlinear Data Behavior


Before conducting further analysis, it is important to verify the data’s behavior as the correlation test selection is based on it. There are two ways to estimate whether the data is linear or nonlinear: (1) estimate the difference between two datasets where the outcome should be equal to 1, and (2) plot a graph among them [68]. In this study, both methods were adopted to indicate the data behavior. Table 1 shows the difference in output between the inflation rate and All Commodities. Here it can be seen that the difference is not equal to 1. Similarly, Figure 4 indicates the distance among the variables from the plotted imaginary linear line. Both methods classify the data behavior as nonlinear.




2.4. Correlation Coefficient


The correlation coefficient test varies as per the data behavior. For linear data, preferably the Pearson correlation is favorable, while for nonlinear data, Spearman correlation is recommended as it is a nonparametric measure [28,69,70]. As the data behavior portrays a nonlinear behavior, the Spearman correlation was embraced in this study.



The correlation coefficient value ranges from 0.00 to 1.00, where the positive value shows the relationship in the same direction while the negative value shows the relationship in the opposite direction. The range is further categorized into five subcategories: very weak, weak, moderate, strong, and very strong relationships. The values are kept as 0.00–0.19, 0.20–0.39, 0.40–0.59, 0.60–0.79, and 0.80–1.0, respectively.




2.5. Time Series Analysis


Time series analysis is the key method in research for understanding data performance and forecasting it. It has been utilized in several fields, and due to promising outcomes, it is still considered one of the most reliable forecasting methods to date [71,72,73]. One such astonishing forecasting method in time series is the Autoregressive Integrated Moving Average (ARIMA) as this model is a combination of three models that provides more accurate forecasting [19]. In this study, automated ARIMA forecasting was performed using EViews 12 SV. This software performs several runs on the data and provides the best model combination for forecasting. To have better-forecasted results, a higher number of observations is essential. In this case, the month-wise data was considered, where the data from January 2000 to December 2016 was reflected as a train while the data from January 2017 to December 2023 was reflected as a test. The prediction of CPI was functioned from 2024 to 2028.





3. Results and Discussion


This section demonstrates the descriptive analysis outcome of inflation and CPIs, where initially mean, standard deviation, and percentage deviation were computed. Then the Spearman correlation coefficient was calculated to find the relation between inflation and CPIs. In the end, automated ARIMA forecasting analysis was performed for construction price index forecasting. The description of all the analysis is provided below.



3.1. Construction Price Index Descriptive Outcome


3.1.1. Mean and Standard Deviation


Mean and standard deviation were computed for the four CPIs, as shown in Figure 5 and Figure 6. The highest mean was observed for Cement, with a 272.20 price index, and the lowest for All Commodities, with a 265.32 price index. In terms of standard deviation, the lowest value was for All Commodities at 60.74, indicating a lesser deviation in the price index, while the highest deviation was observed for Iron Products at 73.32, showing a much higher deviation in comparison to the other construction price index categories.




3.1.2. Percentage Deviation


The percentage deviation was computed for inflation and all the construction price indexes during each year. The results can be seen in Figure 7. In Figure 7a, the deviation of inflation can be seen where the highest positive deviation was recorded during 2021–2022 and 2009–2010 with a percentage of 4.85 and 4.10, while the highest negative deviation was reported during 2022–2023 and 2008–2009 with a percentage of −4.73 and −6.32, respectively. This indicates the instability of the Thailand inflation rate due to several factors that have a significant impact on inflation dynamics. The factors include retail energy, goods and services prices, and public policies [11]. In Figure 7b, the deviation of All Commodities can be seen where the highest positive deviation was recorded during 2007–2008 and 2003–2004 with a percentage of 17.14 and 10.17, while the highest negative deviation was reported during 2022–2023 and 2016–2017 with a percentage of −49.25 and −35.65, respectively. In Figure 7c, the deviation of Lumber and Wood Products can be seen where the highest positive deviation was recorded during 2018–2019 and 2008–2009 with a percentage of 10.69 and 12.25, while the highest negative deviation was reported during 2022–2023 and 2016–2017 with a percentage of −47.74 and −39.72, respectively. In Figure 7d, the deviation of Cement can be seen where the highest positive deviation was recorded during 2010–2011 and 2003–2004 with a percentage of 10.44 and 17.20, while the highest negative deviation was reported during 2022–2023 and 2016–2017 with a percentage of −51.83 and −39.96, respectively. In Figure 7e, the deviation of Iron Products can be seen where the highest positive deviation was recorded during 2020–2021 and 2007–2008 with a percentage of 33.88 and 38.38, while the highest negative deviation was reported during 2022–2023 and 2008–2009 with a percentage of −46.65 and −31.15, respectively.



Overall, the maximum positive deviation was scattered during the years 2000 to 2023, which is in line with the findings of the Musarat, Alaloul [28] study, where the prices of the materials show a positive deviation from 2013 to 2018. The negative deviation for the majority of the price indexes occurred during 2022–2023, which indicates the decrease in prices that could have arisen due to the decrease in inflation, which deviated up to −4.73%, showing a positive relationship. To strengthen the argument further, a correlation test was performed between inflation and CPIs; the details can be seen in the next section.





3.2. Spearman Correlation


As the data possess a nonlinear behavior, the Spearman test was performed to compute the influential relationship between inflation and CPIs. The outcome of the correlation coefficient can be seen in Table 2. At a 0.01 level, Iron Products showed a significant relationship with inflation. For other categories, it appeared weak and moderate, implying that the inflation rate directly influences the prices of iron products. In contrast, other categories are not that much affected by the push of inflation. The findings are in line with Musarat, Alaloul [27], where the inflation rate showed a moderate impact on the deviation of construction rates.




3.3. Construction Index Forecasting


From the Spearman correlation coefficient, it is obvious that inflation has a significant impact on Iron Products CPI; hence, in this manner, the forecasting of this category was estimated by considering inflation as the influential factor, mainly an independent variable. For the other CPI categories, such as All Commodities, Lumber and Wood Products, and Cement, the forecasting of construction indexes was made without considering the influence of inflation. The forecasting was pursued through EViews 12 SV, where the automated ARIMA forecasting method was applied. The prediction was made from the year 2024 to 2028, mainly five years in a row where the data for training purposes was considered from January 2000 to December 2016, while testing was pursued from January 2017 to December 2023. ARIMA is comprised of three major parts, i.e., AR (autoregressive), I (integrated), and MA (moving average). In automated ARIMA forecasting, the maximum value for AR was taken as 4, for I as 2, and for MA as 4 as well. Also, the maximum seasonality of AR and MA was considered as 2. The purpose of setting up the indicators at the maximum is that the automated ARIMA forecasting analysis runs several models, out of which the best model with a precise indicators combination gives accurate predictions over time.



3.3.1. Inflation Forecasting


The inflation data was available from 2000 to 2023 annually, and it was converted into monthly data to increase the number of observations and provide a better analysis. To incorporate the impact of inflation on construction indexes, initially, it was solely forecasted for the next 5 years. The sample was considered from 2000M01 to 2016M12, covering 204 observations, and the forecast length was 144. Out of 225 performed ARMA models, the best-suited model to predict the inflation rate was (2,0)(2,2). In contrast, Musarat, Alaloul [56] also predicted the inflation rate using the ARIMA model where (2,2)(0,0) was the best-estimated model. The model selection is based on the AIC value, which was 1.61. The lesser the AIC value, the better the model. Figure 8a shows the actual and predicted values of the inflation rate. It can be observed that the test data from 2016 to 2023 shows some fluctuations; however, over time, a gradual increase can be seen in inflation, implying its stability with the passage of time. Figure 8b shows the comparison of best-suited forecasting results with the other run models. The highlighted red line shows the smoothness in the predicted value. Table 3 shows the equation output of the (2,0)(2,2) model, and for each variable, the coefficient, standard error, t-statistic, and prob. can be seen. The R-squared value was 0.920968, while the adjusted R-squared value was 0.918146. The Schwarz criterion, which is the goodness of fit of a statistical model, was 1.763700.




3.3.2. All Commodities Forecasting


The availability of All Commodities data was from 2000 to 2023 monthwise, which gives sufficient observations for better analysis. The sample was considered from 2000M01 to 2016M12, covering 203 observations, and the forecast length was 144. Out of 225 performed ARMA models, the best-suited model to predict the All Commodities price index was (4,3)(0,0). The model selection is based on the AIC value, which was −6.03. Here, the impact of inflation was not considered due to the fact that it does not show an acceptable relationship with this construction index as per the output came from the Spearman correlation. Figure 9a shows the actual and predicted values of All Commodities. It can be observed that the test data from 2016 to 2023 shows some fluctuations in a downward direction; however, over time, a gradual increase can be seen in CPI, implying an increase in the rate of passage of time. Figure 9b shows the comparison of best-suited forecasting results with the other run models. The highlighted red line shows the smoothness in the predicted value. Table 4 shows the equation output of the (4,3)(0,0) model, and for each variable, the coefficient, standard error, t-statistic, and prob. can be seen. The R-squared value was 0.408387, while the adjusted R-squared value was 0.383991. The Schwarz criterion, which is the goodness of fit of a statistical model, was −5.883816. The Schwarz criterion is a tool that is required for better model selection on the same set of data.




3.3.3. Lumber and Wood Products Forecasting


The availability of Lumber and Wood Products data was from 2000 to 2023 monthwise, which gives sufficient observations for better analysis. The sample was considered from 2000M01 to 2016M12, covering 204 observations, and the forecast length was 144. Out of 225 performed ARMA models, the best-suited model to predict the Lumber and Wood Products price index was (2,0)(2,0). The model selection is based on the AIC value, which was −5.45. Here, the impact of inflation was not considered due to the fact that it does not show an acceptable relationship with this construction index. Figure 10a shows the actual and predicted values of Lumber and Wood Products. It can be observed that the test data from 2016 to 2023 shows the same pattern over time, implying that the predicted indexes will act in the same manner as in the past. Figure 10b shows the comparison of best-suited forecasting results with the other run models. The highlighted red line shows that the model provided the seasonal pattern in the predicted value. This indicates that Lumber and Wood Products have seasonality in the indexes. Table 5 shows the equation output of the (2,0)(2,0) model, and for each variable, the coefficient, standard error, t-statistic, and prob. can be seen. The R-squared value was 0.997961, while the adjusted R-squared value was 0.997909. The Schwarz criterion, which is the goodness of fit of a statistical model, was −5.348425.




3.3.4. Cement Forecasting


The availability of Cement data was from 2000 to 2023 monthwise, which gives sufficient observations for better analysis. The sample was considered from 2000M01 to 2016M12, covering 203 observations, and the forecast length was 144. Out of 225 performed ARMA models, the best-suited model to predict the Cement price index was (2,2)(2,2). The model selection is based on the AIC value, which was −3.36. The findings are in contrast with the Musarat, Alaloul [56] study, where the best-suited model appeared as (1,0)(0,0). It is worth mentioning that the impact of inflation was taken into account in the highlighted study. Here, in the present study, the impact of inflation was not considered due to the fact that it does not show an acceptable relationship with this construction index. Figure 11a shows the actual and predicted values of Cement. It can be observed that the test data from 2016 to 2023 shows the same pattern over time, implying that the predicted indexes will act in the same manner as in the past. Figure 11b shows the comparison of best-suited forecasting results with the other run models. The highlighted red line shows that the model provided the seasonal pattern in the predicted value. This indicates that Cement has seasonality in the indexes. Table 6 shows the equation output of the (2,2)(2,2) model, and for each variable, the coefficient, standard error, t-statistic, and prob. can be seen. The R-squared value was 0.984891, while the adjusted R-squared value was 0.984186. The Schwarz criterion, which is the goodness of fit of a statistical model, was −3.192545.




3.3.5. Iron Products Forecasting


The availability of Iron Products data was from 2000 to 2023 monthwise, which gives sufficient observations for better analysis. The sample was considered from 2000M01 to 2016M12, covering 204 observations, and the forecast length was 144. Out of 225 performed ARMA models, the best-suited model to predict the Iron Products price indexes was (3,3)(2,2). The output is in contrast with the Sen, Roy [74] findings, where the best-suited ARIMA model was (1,0,0)(0,1,1) for Indian pig iron. The model selection is based on the AIC value which was 7.79. Here, in the current study, the impact of inflation was considered due to the fact that, it showed an acceptable relationship with this construction index. Figure 12a shows the actual and predicted values of Iron Products. It can be observed that the test data from 2016 to 2023 shows the same pattern over time, implying that the predicted indexes will act in the same manner as in the past. Figure 12b shows the comparison of best-suited forecasting results with the other run models. The highlighted red line shows that the model provided the seasonal pattern in the predicted value. This indicates that Iron Products have seasonality in the indexes. Table 7 shows the equation output of the (3,3)(2,2) model, and for each variable, the coefficient, standard error, t-statistic, and prob. can be seen. The R-squared value was 0.988449, while the adjusted R-squared value was 0.986973. The Schwarz criterion, which is the goodness of fit of a statistical model, was 8.181163.





3.4. Discussion on Predicted CPIs


The predicted CPIs, along with inflation, can be seen in Figure 13. It is noticeable that more or less inflation will be stable and have a percentage near 2. For the CPI, all commodities will increase as time passes, hence increasing the prices of goods and services. This might be due to the supply and demand in Thailand’s construction industry in the near future. For Lumber and Wood Products, Cement, and Iron Products, the predicted construction indexes show fluctuation in rates, indicating that they will not follow a specific pattern and can vary over time depending on the construction and economic environment. Based on the AIC values, the predicted CPIs are in line with the findings of the Musarat, Alaloul [56] study, where the emphasis was on the impact of the inflation rate in deviating the construction project cost. Jiang, Xu [50] emphasize the prediction of CPI as the price indicators impact the decision-making of the contractors. Elfahham [52] argued that the pricing process is challenging, and a controlled CPI would help to balance the project cost. The focus of the current study was more on the importance of adjusting the inflation rate in budget estimates rather than drawing the model’s comparison. This study will help to incorporate the predicted CPIs more efficiently when required by the construction industry authorities to look into the project budget before its finalization. The forecasted results set a benchmark for how effectively the CPIs can be predicated before setting up the project budget.





4. Conclusions


The construction price index (CPI) is the key indicator of the cost estimate as it helps to set up the project budget wisely. However, over time, the CPI becomes elevated, and the fluctuating behavior is unfavorable for all construction practitioners. Hence, this study focuses on evaluating the changing behavior of CPIs with the inflation effect and the prediction of CPIs to overcome the project overbudgeting problem. Four CPIs, i.e., All Commodities, Lumber and Wood Products, Cement and Iron Products, were deemed dependent, whereas inflation was independent. Initially, descriptive analysis, percentage deviation, and correlation coefficient were computed. The deviation showed that the data behavior was nonconsistent and the indexes changed over time, while the correlation coefficient showed a significant relationship between inflation and Iron Products price indexes. After evaluating the correlation, ARIMA forecasting was performed to predict construction price indexes. Inflation as an independent variable was considered for Iron Products price indexes only, whereas a seasonal pattern showed up for Cement and Iron Products. In contrast, for All Commodities and Lumber and Wood Products, the data did not show any specific pattern. This study gives a predicted value for all the CPIs that can be considered for budget adjustments before the time of contract allotment, which will help construction practitioners reduce the cost overrun impact due to price deviation. The forecasted values show the pattern in the coming years that can be considered at the initial budgeting time to avoid over-budgeting.




5. Implications and Limitations


This study provides the prediction of CPI based on the impact of inflation on the construction industry of Thailand. As a theoretical implication, this study clarifies the need for CPI prediction with inflation adjustment. As a practical implication, the formulated strategy can help construction industry practitioners make necessary adjustments. This prediction will help in making modifications at contract time to avoid the cost overrun effects. The predictions will also help to present the best-suited project budget at the time of bidding. This will reduce the impact of cost deviation from the initial budget to the final budget and will reduce the burden on the financiers. Although, as a case study, the data from the Thailand construction industry was analyzed, it can be implicated in other regions’ construction industries as well by keeping the impact of influential factors such as the inflation rate. Further, the results are useful for other ASEAN countries as well, as they have similarities in construction industry characteristics due to their close geographical proximity, interconnected economies, and comparable stages of development.



Some limitations occurred while pursuing this study. The data was taken from 2000 to 2023, and for a better understanding of its behavior, the observations could be increased. Only four categories were taken into account for construction price indexes. Other individual categories need vital attention to study the data behavior more precisely. Automated ARIMA forecasting was implemented on the gathered data. However, other techniques such as ANN, CNN, or AI tools could also be utilized to predict the construction price indexes. Lastly, in this study, inflation was considered as the independent variable; however, other factors may also be measured in the future in order to evaluate the influential relationship with construction price indexes.
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Figure 1. Overlay visualization from keywords. 
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Figure 2. World map showing countries with cost overrun issues due to inflation. 
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Figure 3. Thailand inflation rate. 






Figure 3. Thailand inflation rate.



[image: Buildings 14 01243 g003]







[image: Buildings 14 01243 g004] 





Figure 4. Scattergram of inflation rate with price index. 
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Figure 5. Construction categories prices index. 
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Figure 6. Standard deviation of construction categories. 
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Figure 7. Percentage deviation. 
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Figure 8. Inflation forecasting analysis. 
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Figure 9. All Commodities forecasting analysis. 
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Figure 10. Lumber and Wood Products forecasting analysis. 
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Figure 11. Cement forecasting analysis. 






Figure 11. Cement forecasting analysis.



[image: Buildings 14 01243 g011]







[image: Buildings 14 01243 g012] 





Figure 12. Iron Products forecasting analysis. 
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Figure 13. Predicted construction price indexes (January 2024 to December 2028). 
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Table 1. Nonlinearity of data.






Table 1. Nonlinearity of data.





	Year Difference
	Inflation Rate (Δx)
	All Commodities (Δy)
	Δy/Δx





	2000–2001
	0.00040
	8.53
	21,312.50



	2001–2002
	−0.00930
	1.86
	−199.82



	2002–2003
	0.01100
	17.56
	1596.21



	2003–2004
	0.00960
	25.07
	2611.11



	2004–2005
	0.01780
	−0.06
	−3.28



	2005–2006
	0.00100
	10.12
	10,116.67



	2006–2007
	−0.02400
	13.78
	−574.31



	2007–2008
	0.03230
	50.60
	1566.56



	2008–2009
	−0.06320
	−45.10
	713.61



	2009–2010
	0.04100
	6.82
	166.26



	2010–2011
	0.00560
	19.29
	3444.94



	2011–2012
	−0.00800
	11.54
	−1442.71



	2012–2013
	−0.00830
	2.97
	−358.43



	2013–2014
	−0.00280
	2.41
	−860.12



	2014–2015
	−0.02800
	−17.53
	626.19



	2015–2016
	0.01090
	−8.80
	−807.34



	2016–2017
	0.00480
	−113.17
	−23,576.39



	2017–2018
	0.00390
	5.34
	1369.66



	2018–2019
	−0.00350
	−2.68
	766.67



	2019–2020
	−0.01560
	−3.65
	233.97



	2020–2021
	0.02080
	16.43
	790.06



	2021–2022
	0.04850
	2.69
	55.50



	2022–2023
	−0.04730
	−109.54
	2315.89










 





Table 2. Spearman correlation coefficient.
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	Correlation
	Inflation
	All Commodities
	Lumber and Wood Products
	Cement
	Iron Products





	Inflation
	1.000
	0.380
	0.110
	0.232
	0.547 **



	All Commodities
	0.380
	1.000
	0.800 **
	0.917 **
	0.900 **



	Lumber and Wood Products
	0.110
	0.800 **
	1.000
	0.693 **
	0.761 **



	Cement
	0.230
	0.917 **
	0.693 **
	1.000
	0.747 **



	Iron Products
	0.547 **
	0.900 **
	0.761 **
	0.747 **
	1.000







** Correlation is significant at the 0.01 level (two-tailed).













 





Table 3. Equation output of inflation forecast.
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Variable

	
Coefficient

	
Std. Error

	
t-Statistic

	
Prob.






	
C

	
2.194712

	
0.606260

	
3.620085

	
0.0004




	
AR(1)

	
0.985125

	
0.670448

	
1.469353

	
0.1433




	
AR(2)

	
−0.007173

	
0.693668

	
−0.010341

	
0.9918




	
SAR(12)

	
0.186447

	
0.316973

	
0.588211

	
0.5571




	
SAR(24)

	
0.307683

	
0.032796

	
9.381837

	
0.0000




	
MA(12)

	
−0.972736

	
11288.41

	
−8.62 × 10−5

	
0.9999




	
MA(24)

	
−0.027260

	
656.6765

	
−4.15 × 10−5

	
1.0000




	
SIGMASQ

	
0.246019

	
206.1922

	
0.001193

	
0.9990




	
R-squared

	
0.920968

	
Mean dependent var

	
2.232941




	
Adjusted R-squared

	
0.918146

	
S.D. dependent var

	
1.768686




	
S.E. of regression

	
0.506024

	
Akaike info criterion

	
1.633577




	
Sum squared resid

	
50.18785

	
Schwarz criterion

	
1.763700




	
Log-likelihood

	
−158.6249

	
Hannan–Quinn criterion

	
1.686214




	
F-statistic

	
326.2883

	
Durbin–Watson stat

	
1.990976




	
Prob(F-statistic)

	
0.000000

	











 





Table 4. Equation output of All Commodities forecast.
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Variable

	
Coefficient

	
Std. Error

	
t-Statistic

	
Prob.






	
C

	
0.002159

	
0.000940

	
2.295630

	
0.0228




	
AR(1)

	
0.177184

	
0.068835

	
2.574051

	
0.0108




	
AR(2)

	
0.709834

	
0.090861

	
7.812312

	
0.0000




	
AR(3)

	
0.483491

	
0.091907

	
5.260653

	
0.0000




	
AR(4)

	
−0.462280

	
0.083747

	
−5.519974

	
0.0000




	
MA(1)

	
0.483692

	
56.75715

	
0.008522

	
0.9932




	
MA(2)

	
−0.528842

	
100.5943

	
−0.005257

	
0.9958




	
MA(3)

	
−0.954838

	
291.9963

	
−0.003270

	
0.9974




	
SIGMASQ

	
0.000127

	
0.000808

	
0.156629

	
0.8757




	
R-squared

	
0.408387

	
Mean dependent var

	
0.001879




	
Adjusted R-squared

	
0.383991

	
S.D. dependent var

	
0.014662




	
S.E. of regression

	
0.011508

	
Akaike info criterion

	
−6.030707




	
Sum squared resid

	
0.025691

	
Schwarz criterion

	
−5.883816




	
Log-likelihood

	
621.1168

	
Hannan–Quinn criterion

	
−5.971281




	
F-statistic

	
16.73963

	
Durbin–Watson stat

	
1.964301




	
Prob(F-statistic)

	
0.000000

	

	

	











 





Table 5. Equation output of Lumber and Wood Products forecast.
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Variable

	
Coefficient

	
Std. Error

	
t-Statistic

	
Prob.






	
C

	
5.557116

	
0.074450

	
74.64229

	
0.0000




	
AR(1)

	
0.111829

	
0.112344

	
0.995417

	
0.3207




	
AR(2)

	
0.164115

	
0.065529

	
2.504461

	
0.0131




	
SAR(12)

	
−0.000860

	
0.001455

	
−0.590980

	
0.5552




	
SAR(24)

	
0.998264

	
0.000936

	
1066.249

	
0.0000




	
SIGMASQ

	
0.000120

	
3.42 × 10−6

	
35.20780

	
0.0000




	
R-squared

	
0.997961

	
Mean dependent var

	
5.557793




	
Adjusted R-squared

	
0.997909

	
S.D. dependent var

	
0.243412




	
S.E. of regression

	
0.011131

	
Akaike info criterion

	
−5.446017




	
Sum squared resid

	
0.024530

	
Schwarz criterion

	
−5.348425




	
Log-likelihood

	
561.4937

	
Hannan–Quinn criterion

	
−5.406539




	
F-statistic

	
19377.10

	
Durbin–Watson stat

	
2.047059




	
Prob(F-statistic)

	
0.000000

	

	

	











 





Table 6. Equation output of Cement forecast.






Table 6. Equation output of Cement forecast.





	
Variable

	
Coefficient

	
Std. Error

	
t-Statistic

	
Prob.






	
C

	
5.569992

	
0.088445

	
62.97714

	
0.0000




	
AR(1)

	
1.396289

	
0.101657

	
13.73529

	
0.0000




	
AR(2)

	
−0.910738

	
0.103743

	
−8.778795

	
0.0000




	
SAR(12)

	
−0.005831

	
0.017116

	
−0.340685

	
0.7337




	
SAR(24)

	
0.980879

	
0.012204

	
80.37355

	
0.0000




	
MA(1)

	
−1.427389

	
14.39211

	
−0.099179

	
0.9211




	
MA(2)

	
0.999984

	
20.14361

	
0.049643

	
0.9605




	
SMA(12)

	
−0.035521

	
0.201697

	
−0.176112

	
0.8604




	
SMA(24)

	
0.515332

	
0.054369

	
9.478397

	
0.0000




	
SIGMASQ

	
0.001107

	
0.010875

	
0.101761

	
0.9191




	
R-squared

	
0.984891

	
Mean dependent var

	
5.58293




	
Adjusted R-squared

	
0.984186

	
S.D. dependent var

	
0.271303




	
S.E. of regression

	
0.034117

	
Akaike info criterion

	
−3.355757




	
Sum squared resid

	
0.224647

	
Schwarz criterion

	
−3.192545




	
Log-likelihood

	
350.6093

	
Hannan–Quinn criterion

	
−3.289728




	
F-statistic

	
1397.853

	
Durbin–Watson stat

	
1.87343




	
Prob(F-statistic)

	
0.000000

	

	

	











 





Table 7. Equation output of Iron Products forecast.






Table 7. Equation output of Iron Products forecast.





	
Variable

	
Coefficient

	
Std. Error

	
t-Statistic

	
Prob.






	
INFLATION

	
0.275909

	
0.497121

	
0.555013

	
0.5796




	
AR(1)

	
−0.823

	
0.167117

	
−4.924672

	
0.0000




	
AR(2)

	
0.967595

	
0.086061

	
11.24316

	
0.0000




	
AR(3)

	
0.803576

	
0.153786

	
5.225287

	
0.0000




	
SAR(12)

	
−0.33226

	
0.072482

	
−4.584061

	
0.0000




	
SAR(24)

	
0.651887

	
0.071521

	
9.11465

	
0.0000




	
MA(1)

	
0.933316

	
0.155323

	
6.008883

	
0.0000




	
MA(2)

	
−0.90411

	
0.137158

	
−6.59177

	
0.0000




	
MA(3)

	
−0.86965

	
0.126955

	
−6.850007

	
0.0000




	
SMA(12)

	
0.072988

	
0.072749

	
1.003285

	
0.3171




	
SMA(24)

	
0.828168

	
0.062154

	
13.32448

	
0.0000




	
SIGMASQ

	
70.21861

	
5.094261

	
13.78387

	
0.0000




	
R-squared

	
0.988449

	
Mean dependent var

	
272.4676




	
Adjusted R-squared

	
0.986973

	
S.D. dependent var

	
78.15826




	
S.E. of regression

	
8.920823

	
Akaike info criterion

	
7.790796




	
Sum squared resid

	
14324.6

	
Schwarz criterion

	
8.181163




	
Log-likelihood

	
−770.6612

	
Hannan–Quinn criterion

	
7.948707




	
Durbin-Watson stat

	
1.967388

	

	

















	
	
Disclaimer/Publisher’s Note: The statements, opinions and data contained in all publications are solely those of the individual author(s) and contributor(s) and not of MDPI and/or the editor(s). MDPI and/or the editor(s) disclaim responsibility for any injury to people or property resulting from any ideas, methods, instructions or products referred to in the content.











© 2024 by the authors. Licensee MDPI, Basel, Switzerland. This article is an open access article distributed under the terms and conditions of the Creative Commons Attribution (CC BY) license (https://creativecommons.org/licenses/by/4.0/).








Check ACS Ref Order





Check Foot Note Order





Check CrossRef













media/file13.jpg
=

b -

b = I P

— |

EETY L R

a
o o :

FEEFFEFEEFEFFFFFEFS

§ FEeddidddididddiddiddd
@ tnfaion

B cresse B Decrese W Tosl

000k o B RO

2008 e e - o
ooox e l
oo

SRS IRFET
FEEETiidiiisiiiiiiidiis

(8) All Commodities

B cresse B Decrese W Tosl

ook
inaox

10008

(€) Lumber and Wood Products





media/file4.png
g::uﬁ_. i
ad N u"oabie‘s'm' .

ARE A ‘1' ;’Q \:
w.o‘. araror, e K4

L s F

N~ i -

SOUTH AFRICA

NEW ZEALAND






media/file18.png
O L N W B U O N

'
RN

-1

16

L1y

17

18

18

Actual and Forecast

19 20 21 22 23 24 25

Actual

Forecast

(a) Forecast graph of inflation

Forecast Comparison Graph

26

27

28

19 20 21 22 25 24 A5

(b) Forecast comparison graph of inflation

26

27

28





media/file21.jpg
Actual and Forecast
400

350
300
250
200
150

100
16 17 18 19 20 21 22 23 24 25 26 27 28

—— Forecast —— Actual

(a) Forecast graph of Lumber and Wood Products

Forecast Comparison Graph
440
400
360
320
280
240
200
160

120
17 18 19 20 21 22 23 24 25 26 27 28

(b) Forecast comparison graph of Lumber and Wood Products





media/file26.png
Actual and Forecast
450
400

350

300 |
250

200 , VY

150

100
16 17 18 19 20 21 22 23 24 25 26 27 28

Forecast Actual

(a) Forecast graph of Iron Products

Forecast Comparison Graph

500
450
400
350
300
250
200
150

100
17 18 19 20 21 22 23 24 25 26 27 28

(b) Forecast comparison graph of Iron Products





media/file27.jpg
]

2

g

H

hot i

g s

8

xopul 3pd

g

g

10

g

g

szon
atss
s
i
seen
sz
seon
o
o
e
w
e
sz
aedss
ser
st
szoem
st
seon
sedss
senr
seien
st
szt
Voo
s
v
o
v
o

Ouraton

¢
H
|
!
_
g
£
W
_

- -,





media/file3.jpg





media/file22.png
400

350

300

250

200

150

100

440
400
360
320
280
240
200
160
120

16

17

Actual and Forecast

17 18 19 20 21 22 23 24 25 26 27 28

Forecast Actual

(a) Forecast graph of Lumber and Wood Products

Forecast Comparison Graph

18 19 20 21 22 23 24 25 26 27 28

(b) Forecast comparison graph of Lumber and Wood Products





media/file14.jpg
@) Cement

W locresse W Decesse B Tott

ool

2008 son Bl

N & SSSIISSS S8R
;iﬁjifgfég@;’gggﬁjﬁﬁ FSFFFES

) Prodons:






media/file19.jpg
Actual and Forecast

200
100
16 17 18 19 20 21 22 23 24 25 26 27 28

—— Forecast —— Actual

(a) Forecast graph of All Commodities

Forecast Comparison Graph

520

360
320
280

240
17 18 19 20 21 22 23 24 25 26 27 28

(b) Forecast comparison graph of All Commodities





media/file7.jpg
Inflation Rate

100

150

200 250
All Commodities (Price Index)

300

350





media/file28.png
2.30

600

2.20

500

2.10

o
S o))
~

oeoes00csoe
2000000000000 00000000000° .

400

uolleju

X9pUu| 9214

o
)
i

200

1.70

100

1.60

1.50

8C-\ON
gz-das
8¢-Inr
gz-Aen
8C-JeN
gz-uef
[T-NON
£7-dsS
LT-INf
LT-AeN
LT-IeN
LT-uer
9Z-NON
9¢z-das
9z-Inf
9z-Aen
9Z-JeN
9gz-uef
GZ-NON
Gg-das
YAy
qz-Aen
qz-JeN
qg-uer
¥Z-NON
¢-dss
ve-Inf
vc-Aen
vZ-JeN
ve-uer

Duration

seeeee |nflation

Iron Products

Cement

—— | ymber and Wood Products

All Commodities






media/file10.png
Price index

500
450
400
350
300
250
200
150
100

50

All Commodities, 265.32

All Commodities Lumber and Wood Products Cement Iron Products

Category

BN 2000 E=12001 232002 32003 E==02004 ====2005 w2006 200/ 2008
BN 2009 w2010 w2011 132012 @32013 32014 12015 E@2016 32017
BN 2018 2015 2020 2021 2022 2023 es—(\ean

/ Cement, 272.20
. Iron Products, %%%.56
Lumber and Wood
Products, 267.79
264
I 262
260

274

272

268 <
©

e

266 =





media/file15.png
B Increase M Decrease [ Total

5% 4.85%

4% 3.23%

39 1.78% 0.10%

2%

100 0.96%

" 0.08% 1.10%

O% - 0.39% 2.08%

19 N -4.73%

-1% -0.93% -0.35%

-2%

3% -1.56%

g & & &S S S & S I I Y
A2 A A A VEAY (o’,\/ ,\’,\/ (o’,\/ ,\’,\/ A A A A VA
S § &§ &S FSFT & &S S & S &§ & & &S I ¢
v v v v v v v v v v Y Y v Y Y v v v v v Y
(a) Inflation
B Increase B Decrease [ Total

60.00% 17.14% 6.279% 3.53% 0.88% 0.71%

40.00% o, 4.90% 22— -5.10% _5 709

20.00% lodm = -'13'04% - l 8.08% 1.22%

. 7.67% _ 0 o 08% 1.22%
° 3.90% 0.82% gmmm B -0.02% 2.61% — mm

0.00% === -35.65% -1.28%-1.76%

-20.00%

-40.00% :
T &§ & FFFTT TS T IFIF I ITIFTIT FFyLFIT oY
Q’,\/’,\/’NC\/CVC\/(OCV,\’,\/',\/',\/Q’,\/’,\")/C\/’,\")/(O’,\/,\’,\/CV’,\/Q’,\",\/’,\/
S & & & FIFISFT ST TSI I IFTIIJTIFFTITIFTFeF gy
N~ N N N N N N N NNy NN N Ny Ny NNy NN N

(b) All Commodities
B Increase M Decrease [ Total

70.00% 5.53% 0.34% 1.04%

60.00% 1819 2:98% 2.30% -1.04%

50.00% 12.25% 1-017% ™ =

40.00% 4 10.69% 0.41% 1.88% 1.14%

30.00% e, 535 o2 I 099% M

20.00% 2110 525 AL -39.72%

10.00% 3970, 1.74% ‘g W

0.00% ===

-10.00% -47.74%

-20.00%

T & & FSF TS TS T IFIFIITIIFTIT FFIFI Y

',\/i\fi\f',\/',\/W(OW,\WWWWWCVCV'NW(OW,\CV’N’N'NWW
S &§ & F S TS TS IT I I IIJI IFTIFT T TSI I Y
v v v v Y Y Y v Y Y Y Y v Y Y Y v v Y Y v v v

(c¢) Lumber and Wood Products





media/file11.jpg
All Commodities
80

70

Lumber and Wood

Iron Products
ron Products 0 e

Cement





media/file6.png
Inflation Rate

7%
6%
5%

4%

3%

2%
1%

0%

-1%

-2%

2001
2002
2003
2004
2005
2006
2007
2008
2009
2010
2011
2012
2013
2014
2015
2016
2017
2018
2019
2020
2021
2022
2023





nav.xhtml


  buildings-14-01243


  
    		
      buildings-14-01243
    


  




  





media/file29.png





media/file16.png
B Increase M Decrease [ Total

40.00%

6.77% 0.73%

20.00% % 7.04% 10.44% e’ T
° 4.95% 17'20/— 4.65% 1.98% WM o, WM -1.75% -3'88%-53%

[ - - % . _ 0 ’
0.00% 10.12% s e 6.28%
_2000% ’ 2.63% 0.00% -
-37.96% -0.54% -1.14%

-40.00%

-60.00%

-80.00% -51.83%
§ & FSFSF &I TS T I IFIFIFTISTSTITITIFTIT I
C\/’,\/',\/C\/’,\/’,\fb’,\/,\’,\/’,\/’,\/’,\/’,\/’,\/’,\/’,\/’,\/(o’,\/,\',\/’,\/’,\/’,\/’)/’,\/
S &§ &§ & TS FIST &S IJFT FIFIFITISTI FIFT &I Y
v Y v v v v v v v v v v Y Y v v v v v v v v v

(d) Cement
B Increase [ Decrease | Total
120.00% )
PP 38.38%
) 11.52%
7.04% T opo, W
80.00% 0 e W 1.20% 3519 155% 1 . 4.17%
32.07% 10.31% 31 15% S 33.88% T2/
60.00% : —_— T w4270 -15.22%-1.72% o
60.00% e B
y 0° 13.44% -27.70% 9.37% 7-51(y

20.00% ¢ 109 ok . o -46.65%

0.00% ™=
S & FFLEF &P T I I IFIT ISP I ISP LY
Q’NW‘NW’N'N(OC\/,\'N’,\/WQ’N’N',\/W’,\/CV(O’,\/,\’,\/’N’,\/Q’,\/’,\/’,\/
S &§ & & FT LIS &S IFIT FJ I FIFT IFIFT ST Feyag ey
v v v Y v v v v Y v v v v v v v v v av av v av Y

(e) Iron Products





media/file2.png
—

v c.ost rrun
o
. \ > I ~ ,// | > <o
\ <N S AN X"““
‘ develomr‘coun(es 1 /2 \
risk as ment X LA AT >

)
project Magement
investiments

'., VOSviewer
2016

2017

2018

2019

2020





media/file20.png
Actual and Forecast

500

400

200 M

.

16 17 18 19 20 21 22 23 24 25 26 27 28

100

Forecast Actual

(a) Forecast graph of All Commodities

Forecast Comparison Graph
520
480
440
400
360
320
280

240
17 18 19 20 21 22 23 24 25 26 27 28

(b) Forecast comparison graph of All Commodities





media/file23.jpg
Actual and Forecast
360
320
280
240
200
160
120

80
16 17 18 19 20 21 22 23 24 25 26 27 28

—— Forecast —— Actual

(a) Forecast graph of Cement

Forecast Comparison Graph

480
a40
400
360
320
280
240
200
160
120

80
17 18 19 20 21 2 23 24 25 26 27 28

(b) Forecast comparison graph of C