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Abstract

:

At the beginning of 2020, the COVID-19 contagious virus swept, which caused a lot of disturbances in all countries worldwide. The Egyptian government declared an emergency and placed the country under lockdown. Preventive measures such as social distancing, sterilization, mask wear, frequent temperature checks, offering COVID-19-related training, and encouraging work-from-home initiatives, among other precautions, have been implemented. Such precautionary measures affected the construction production rate. This research used a questionnaire and face-to-face interviews to solicit the opinion of construction industry professionals and experts on tier-one construction companies on the impact of this pandemic on construction production rate. A quantitative analysis has been done in this study using IBM SPSS Statistics 26© to determine the most important effective factors of the production rate of the construction industry, mainly in Egypt. Also, this study illustrates an Artificial Neural Networks (ANNs) model to predict the project’s cost and production rate at construction for the actual status in Egypt at the peak of COVID-19. The model does not only present the actual case but can also predict the most important and influential factors of the construction industry mainly in Egypt, at the peak of the virus, and can be used in other similar crises as a lesson learned which no study covered this area at the previous works. Finally, the results and the validation study of the proposed ANN model in the research show and present the actual status of production rate in the construction sector, mainly in Egypt (case study), and also predict the production rates of the construction sector at the future crisis.
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1. Introduction


The construction industry represents an important part of many nations’ economies, about 13% of GDP [1] (Araya & Sierra, 2021). This industry was highly disrupted when COVID-19 began in 2020 and spread worldwide. There was no vaccine for this disease, so some responses have been taken to prevent the spreading of the infection, including on-site precautions such as social distancing, sterilization, and wearing masks. These precautions are wearing coveralls, goggles, face shields, gloves, and head covers, using personal hygiene, installing thermal scanners or handheld temperature monitors at the construction sites and factories entry points, and quarantining consignment crates with different facilities like in-house laundry. Unfortunately, this crisis happened suddenly; no previous studies or research dealt with a similar case. Different construction firms and organizations directly publish individual statistics and data about each case and how they dealt with this pandemic. This research collects many factors that affect the production rate from previous studies, questionnaires, and face-to-face interviews, mainly during the pandemic.



About eleven factors were expressed as the most important after a quantitative analysis using IBM SPSS Statistics 26©. Then, an Artificial Neural Networks (ANNs) model is developed for the most important factors to predict the production rate and project cost. The main aim of this research is to study the impact of COVID-19 on the production rate by developing an artificial neural networks (ANNs) model which simulates and predicts the most important and influential factors of the construction industry, mainly in Egypt, to evaluate the performance of this branch at the peak of the virus. Also, the developed ANN model can be used as a lesson learned in similar crises. No study covered this area in the previous works. To achieve the research objective, the research is divided into a literature review to illustrate what happened during this period in the construction sector in different countries worldwide. Then, the research methodology is introduced to explain step by step what will be presented in the research. After that, the data collected by the questionnaire, interviews, and analysis by IBM SPSS Statistics 26© deal with the essential factors only. Then, these factors are predicted and validated by the most accurate and eligible method—ANN. Finally, the limitations of the research and conclusions are illustrated.



So, the main idea of this research is to create a prediction model using ANN to study the behavior and response of the production rate of the construction sector at the peak of COVID-19.




2. Literature Review


To decrease the spreading of the virus during the pandemic, many managers and decision-makers decided to have laborers working remotely via different technology and some sites. On the other hand, governments issued new rules about the lockdown and working times to control the spread of the virus and reduce losses. On the other hand, Personal Protective Equipment (PPE) may be a profitable investment because all employees can work at the same time, lowering long-term operating costs and increasing the output rate [2] (Jain et al., 2020). On another side, other jobs during this period related to the new rules of the government’s designers worked remotely from home at different times to achieve their production rates before the virus. Different precautions have been taken for the construction workers, like social distancing and wearing the required PPE [3] (Bsisu, 2020). Others add a prioritizing of important works with the previous precautions and work was done to boost productivity. Construction companies also developed daily/weekly checklists to ensure adherence to the guidelines [4] (McGovern, 2020). Construction output in the UK dropped by 5.9% in March 2020, which was the worst drop since the financial crisis. However, infrastructure projects outside urban areas had a less significant drop in output and a faster return to work [5] (MACE, 2020). The housing projects were affected more than other sectors as most contractors and clients stopped work for at least a month, driven by a drop in demand for house sales from buyers who could no longer visit properties. Construction companies could survive the immediate impact of COVID-19 by relying on goverment assistance. In April 2020, the direct impact of the lockdown in the UK reduced output by up to 90% across construction and infrastructure projects, but the true challenge will be the long-term impact of reduced sustained production [5] (MACE, 2020). Another study by Alkhalouf (2020) [6] focused on the impact of COVID-19 on the materials supply chain and labor productivity in construction site building projects. This study utilised a real-life construction project at the peak of the pandemic in April 2020. The data collected includes interviews with project managers and progress meeting minutes. Results reveal that COVID-19 affected the progress of construction in two ways. The first way is a delay resulting from the shutdown of the manufacturing facilities and suppliers that state officials deemed nonessential. The second way is labor disruptions resulting from restrictions on gatherings and absenteeism of workers who were either sick with COVID-19 or who were avoiding construction sites and preferred to stay at home in response to state officials’ recommendations. The study suggested that contractors should request compensable time extensions as they establish the basis for a legitimate claim that will modify the contract time and total cost. In the UK, Working remotely is becoming more widespread in companies with higher educated and better-paid people. It is predicted to boost employee efficiency, increase output, decrease expenses, and shorten project completion times even after the pandemic [7] (Bartik et al., 2020). Productivity assessment of industries suitable for remote work shows fewer productivity losses [8] (Dingel and Neiman 2020). Jallow et al. (2020) [9] stated that improvements for the infrastructure sector in the UK had been taken to keep productivity while adhering to the COVID-19 lockout restrictions. According to the findings, the lockdown is a hard method to manage projects. However, technology techniques such as video chatting and online meetings are found to be effective in team communications. In major buildings and infrastructure projects, the cost of low productivity is very large. Management, technological, labor, and external factors were evaluated based on their impact on construction productivity. Planning and scheduling, material availability, and material storage are the top three factors affecting the construction production rate [10] (Dixit & Sharma, 2020). Bloom et al. (2020) [11] measured both labor productivity and total factor productivity (TFP) quarterly between the second quarter of 2020 to the second quarter of 2021 and provided medium-term projections for 2022. According to the findings, COVID-19 reduces TFP by up to 5% in the fourth quarter of 2020, dropping to 1% in the medium run. Because hours worked fall faster, the effects of COVID-19 on the hourly labor production rate are expected to be less negative than on TFP. Based on the review of the literature, the negative impacts of the COVID-19 crisis have increased significantly on the construction industry, and delivering building and construction services during these exceptional times has become a difficult challenge. It had an impact on the production rate of construction projects. As such, the main aim of this research is to study the impact of COVID-19 on the production rate by developing an artificial neural networks (ANNs) model which predicts the most important and influential factors of the construction industry in Egypt, to evaluate the performance of this branch at the peak of the virus. Also, the developed ANN model can be used in similar crises as a lesson learned for the same crisis in the future, and no previous studies mentioned these points.




3. Methodology


To achieve the goals of this research, six main steps are followed, as shown in Figure 1. Step one is to prepare the questionnaire for the highest effective factors collected from the previous works and then send it to respond online and interviews with experts (Appendix A shows the IRB of the experts). Step two: Collect data from responses, then go to the next step. Step three: check of sampling size of the data collected. If the answers and responses satisfy the required number, go to the next step, and if not, back to the predecessor step. The fourth step: is data analysis and determining the most effective factors using IBM SPSS Statistics 26. Fifth step: after prioritizing the factors and determining the most important, collect data from different sites (before and during COVID-19) to set up the database of ANN. The sixth step, create an ANN to predict the production rate of construction. This step goes throw four other sub-steps, as shown in Figure 1. The first sub-step: create the initial ANN structure, determine the activation function, number of hidden layers, and its neurons for each layer with the learning method. The second sub-step is the training of this initial ANN by multi-iterations. The third one is checking if the convergence between the Mean Absolute Percentage Error (MAPE) and the determination coefficient (R2) becomes stable, then going to the next sub-step and, if not, back to the last sub-step. Finally, an optimum number of hidden layers and several neurons for each layer will be determined by using trial and error and the transfer function tool.




4. Factors Affecting Construction Production Rate and Questionnaire Survey


Many factors that affect the production rate were collected from previous studies, questionnaires, and face-to-face interviews, mainly during the pandemic. After more than one round of discussion and data analysis (as Delphi technique) with experts (which the Institutional Review Board (IRB) is attached at the end of the research), about 34 factors appeared as a final list of factors, inserted at the questionnaire survey as shown at Table 1. First, the hierarchical breakdown structure for the effective factors is divided into main categories. Then each package or category is divided into six subcategories which are (1) Human/labor, (2) Management, (3) Technical and technological, (4) Logistics, (5) Financial, and (6) External, as shown in the table below. Based on that, the questionnaire was created to cover all these factors under the main categories’ subcategories of Google form. Therefore, the questionnaire is divided as follows:



The first part includes the respondent’s general personal information, such as name, job title, academic degree, organization, and years of experience. The second part includes general information about the current project: the name of the project and the company for the respondent. The third part is the main part of the questionnaire, which presents the effective factors mentioned before. The questionnaire is designed to determine the impact of each factor on a Likert scale ranging from one to five. Where one means very low impact, and five means very high impact. The Fourth part asks about the percentage of cost increases the concurrent projects due to the COVID-19 crisis. The final part talks about the response to findings during these periods to enhance the construction production rate to achieve the production rate the COVID-19.



The survey targeted specialized participants in the construction sector, like directors, senior managers, managers, and senior engineers. The output of this step is prioritizing the collected factors and determining the degree of importance for each one related to the construction sector in Egypt. The main goal of this step is to select the most important factors that affect the production rate and the impact of COVID-19 on the cost and production rate of projects. According to the Egyptian Federation for Construction and Building Contractors (EFCBC), there were 258 tier-one enterprises in Egypt, including 142 tier-one companies in Cairo. The study focused on -one of the truth auction enterprises in the New Administrative Capital in Cairo. So, the sample size targeted for this study which represents this was calculated based on Equations (1) and (2) [12] (Cochran, 1963):


n = n’/(1 + ((n’ − 1)/N)



(1)






n’ = (Z2 ∗ P ∗ q)/(e2)



(2)




where n = the required sample size, n’ = the first estimate of sample size, N = the population size, P = the proportion of the characteristic being measured in the target population, q = (1 − p), and e = standard error of the sample. As per applying Equations (1) and (2), the sample size was calculated as 91. The questionnaire is answered and collected online using Google Forms, emails, and LinkedIn, where the survey is distributed to a sample of 300 individuals. The response rate for the questionnaires obtained was 153 replies, which is more than the calculated sample size. The survey’s respondents are participants in the construction industry in Egypt.




5. Data Collection and Analysis


After collecting the questionnaire responses, reliability tests were performed to ensure accurate results to determine how homogeneous the extracted factors were and to measure the stability of the questionnaire. Then, the data were analyzed to identify the most important factors affecting the production rate of construction projects related to COVID-19 by calculating the relative important index (RII).



5.1. Reliability Analysis


Reliability tests were conducted to obtain accurate results and verify how homogeneous the extracted factors were. Cronbach’s alpha internal consistency factor (α) is used to perform the internal consistency test. The consistency factor (α) is expressed as a number between 0 and 1, with a higher value indicating greater factor reliability. The range of acceptable alpha values is 0.70 to 1 [13] (Tavakol & Dennick, 2011). Most values in the measuring procedure tend to be 1, and all affecting factors are regarded to have a high coefficient of reliability.




5.2. The Relative Importance Index (RII)


The RII is used to find the most important factors affecting the construction production rate using data from the survey mentioned before during COVID-19. The relevance of each factor is rated according to the participants’ opinions. The RII is calculated using Equation (3) [14] (Sambasivan & Soon, 2007). The importance level of a given factor is classified based on the values shown in Table 1 (Akadiri 2011). Table 2 shows only factors with RII ranges between 0.8 and 1 (ranked as high) are considered.


  RII = ∑  w  A ∗ N    



(3)






  RII =   5    n 5  + 4    n 4  + 3    n 3  + 2    n 2  + 1    n 1    5 ∗ N    



(4)




where: W: is the weight given to each question by the respondents, according to a Likert scale of one to five. A: is the highest weight for each item (5 on a 5-point Likert scale). N: is the total number of respondents. n1: number of respondents for very low impact, n2: number of respondents for low impact, n3: number of respondents for medium impact, n4: number of respondents for high impact, n5: number of respondents for very high impact.



Then, the RII for the factors is calculated, as shown in Figure 2.



Figure 2 shows the RII of each factor regarding the time package. The factors with the highest impact on production rate are E61: Import and export, F54: Fluctuations and high prices, L41: Material delivery delays at the site during the COVID-19 pandemic, E62: Slow buying and selling, L43: Monopoly of materials due to closure, F53: low sales revenue and cash flow, L44: Finding alternate sources for difficult-to-import resources, L43: Monopoly of materials due to closure, L42: Labor, equipment, and materials unavailability, E63: Supply and demand on productivity during COVID-19 and L45: Finding alternative sources for the resources that are difficult to import.



Related to this analysis, eleven factors with RII ranked as high are collected, as discussed. Those eleven factors shown in Table 3 are considered the most important effective factors in the production rate at construction buildings.





6. Artificial Neural Network


Artificial Neural Network (ANN) is a mathematical model that tries to simulate the structure and functionalities of biological neural networks. ANNs can solve complex real-life problems by processing information in their basic building blocks, artificial neurons, non-linear, distributed, parallel, and local. ANNs learn through experience rather than programming and by identifying patterns and relationships in data. Once the network is trained and tested, it can be given new input information to predict the output [15] (Agatonovic-Kustrin & Beresford, 2000). The basic ANN comprises input, output, and hidden layers. Each layer can have several nodes, and nodes from the input layer are connected to the nodes from the hidden layer. Also, nodes from the hidden layer are connected to the nodes from the output layer. Those connections represent weights between nodes [16], (Mirza Cilimkovic, 2015) [17]. This research developed many types of ANNs to select the best one that suits the current problem. The ANN types experimented with in this study were: feedforward neural network, perceptron neural network, general regression neural network, and feedforward backpropagation neural network. Based on the accuracy of developed models, the feedforward backpropagation neural network was the best one to solve this problem.



6.1. Data Collection and Analysis


The most important factors were sorted by using IBM SPSS Statistics 26. Then, another survey was done for tier-one companies in the new administrative capital in Cairo working at the peak time of COVID-19. Table 4 and Table 5 present a sample of data collected from these companies, mainly for production rate and cost for the most important factors which were determined before. The research uses this data as the database (collected from 153 responders) to develop an ANNs model to predict the production rate before and during COVID-19.



The input data is the most important factor, and output data is the production rate and project cost before and during COVID-19.



The learning (or training) process in a neural network is started by separating the data into three groups:




	
Training dataset—The Neural Network can comprehend the weights between nodes thanks to this dataset, 70% of data used in the training process (107 Records).



	
Validation dataset—The Neural Network’s performance is adjusted using this dataset, and 15% of data used the validation process (23 Records).



	
Test dataset—The accuracy and error margin of the neural network is evaluated using this dataset, with 15% of data used testing process (23 Records).








Once the data is segmented into these three parts, Neural Network algorithms are applied to them for training the Neural Network. The process of facilitating training in a neural network is known as optimization, and the optimizer is the applied method.




6.2. Selecting the Proper Network Architecture


The default steps to create a suitable ANN for the production rate in the construction sector are: first: Create the initial ANN structure (determine the activation function, number of hidden layers, and its neurons for each layer with the method of learning). Secondly, training this initial ANN by multi-iterations until the convergence between the Mean Absolute Percentage Error (MAPE) and the determination coefficient (R2) becomes stable. Finally, an optimum number of hidden layers and a number of neurons for each layer will be determined by using the trial-and-error method and the transfer function tool. These steps are required because there is no specific rule to determine the suitable number of hidden layers and neurons. In this study, several structures are developed with two hidden layers, with 10, 11, 12, 13, 14, 14, 15, 16, 17, 18, 19, and 20 neurons: and three hidden layers with a random number of neurons for each layer. Table 6 shows the ANN model structure (20-15-12-1) with the least MAPE (2.4136%) and highest R2 (0.9845) selected. Then, the proposed ANN model structure consists of one input layer with eleven neurons, three hidden layers with twenty, fifteen, and twelve neurons, respectively, and one output layer with two neurons, as shown in Figure 3.



Similarly, from Table 7, the ANN model structure (20-15-10-1) with the least MAPE (1.3802%) and highest R2 (0.97474) is selected. Then, the proposed ANN model structure consists of one input layer with eleven neurons, three hidden layers with twenty, fifteen, and ten neurons, respectively, and one output layer with two neurons, as shown in Figure 4. The training was set to stop after 600 iterations (this study used the gradient descent stochastic algorithm, which uses a dataset for training with its iterative learning algorithm for updating the model. The batch size is a gradient descent hyperparameter that trains the training sample numbers before the model’s internal parameters are updated to work through the batch. The epoch number is again a gradient descent hyperparameter that defines the number of complete passes through datasets under training). Finally, the MAPE and R2 statistical measures are used to assess the performance of the ANN. While comparing the actual data to the predicted data based on the developed ANN model, we noticed that the actual and predicted data are almost the same, i.e., there is no significant variance between them. Hence, the coefficient of correlation (R2) is high, and the Mean Absolute Percentage Error (MAPE) is low due to the high accuracy.



As such, the developed ANNs models consist of one input layer with eleven neurons, one output layer with two neurons, and three hidden layers, as shown in Figure 3 and Figure 4, in which the definitions of the input layer, hidden layer, and output are as follow:




	
The input layer is the initial data for the neural network.



	
Hidden layers are the intermediate layer between the input and output layers and where all the computation is done.



	
Finally, the output layer is the result of given inputs.








The summary of steps to create a suitable ANN for the production rate in the construction sector are as follows:




	1-

	
Create the initial ANN structure: at this step, the authors determine the activation function, the number of hidden layers, and its neurons for each layer with the learning method.




	2-

	
Training of this initial ANN by multi-iterations until the convergence between the Mean Absolute Percentage Error (MAPE) and the determination coefficient (R2) becomes stable.




	3-

	
Then an optimized number of hidden layers and a number of neurons for each layer will be determined using trial and error and the transfer function tool.









Finally, in this study, two ANN models were developed: the first was used to predict the production rate, and the second was used to predict the projects’ cost.





7. Results


Figure 5 shows the predicted production rates. Figure 6 shows the expected cost of the projects. The ANNs show a high degree of success. The accuracy of this research was based on calculating the coefficient of correlation (R2).



Figure 5a shows a comparison between actual and predicted values of production rate which illustrate a high coefficient of collocation, equal to 0.9845, in the validation process. Figure 5b compares actual and predicted values of the production rate of cost, which illustrate a high coefficient of collocation, equal to 0.94657, in the testing process.



Figure 6a compares actual and predicted values of the production rate of cost, which illustrate a high coefficient of collocation equal to 0.97474, in the validation process. Figure 6b compares actual and predicted values of the production rate of time, which illustrate a high coefficient of collocation, equal to 0.9334, in the testing process.




8. Validation of the Proposed Model (Case Study)


Validation was carried out to ensure the accuracy of COVID, which was inferred using ANNs. A Z-Tower building is considered to validate the proposed ANN model. It is located in El-Sheikh Zayed, October region, Cairo. It consists of a podium with six levels, four towers (towers 1 and 4 consist of 17 floors, also towers 2 and 3 consist of 19 floors), and Steel Bridge for connecting two towers with approximately 700ton steel. The land area is 38,000 m2, and the built-up area for the Podium and the towers is 197,000 m2, as shown in Figure 7.



A database was constructed by collecting data from the project team mainly for the important factors mentioned above. The data were collected before and during the peak of COVID-19. The results acquired from the survey are compared to those received from the database. Figure 8 and Figure 9 show the results. The results acquired from the survey are compared to those received from the database. Figure 7 and Figure 8 show the results.



The comparison resulted in a large convergence between them, showing the validity of the data that ANNs deduced. All of these results and validations by the ANN model predict the production rate of construction at the peak of COVID-19, which can be expressed as a database or learned lessons for the production rate of the construction sector of the same crisis in the future. Therefore, the proposed model is ready to simulate any construction project at the new administrative capital in Cairo or in the same environment to predict the project’s cost and production rate of construction related to setting some information of it. This information represents the basic characteristics of the project and its normal production rate. This will help the planners to expect the production rate of the project at the planning stage in the same pandemic or similar crisis or to be ready by plan B for any changes or similar problems.




9. Limitations of the Study


The complexity phase of the research is the phase of collecting data because of the different companies which dealt with the new administrative capital in Cairo. Size, privacy, competition, and different style and response of people who called expertise and responded and others affected the analysis phase and pushed the authors did the double effort to achieve the objectives of the research. The study targeted only the firms classified as tier one in Egypt and working in the same zone and environment. Also, the research dealt only with construction works and buildings but didn’t study other civil engineering projects. Finally, as it can inherit the learning capability from past experiences, one can easily predict that the impact of COVID-19 on the production rate of construction will be one of the pillars of enhancement and improvement of the work environment in construction sites and buildings.




10. Conclusions and Recommendations


This paper presents the Impact of COVID-19 on Construction production rates related to the case study in Egypt. The study identified eleven factors that highly impact the construction industry in Egypt at the peak of COVID-19. The first factor with the highest importance is the impact of import and export on the production rate during COVID-19 (E61). The lowest importance is the effect of using information technology with an abbreviation (T34).



The artificial neural network model structure (20-15-12-1) was developed, trained, and tested for the most important factors in predicting production rate. The structure is determined to be composed of one input layer having eleven neurons, three hidden layers composed of twenty, fifteen, and twelve neurons, and one output layer having two neurons. The best results were obtained with the lowest MAPE percentage of 2.4136% and the highest R2 value of 0.9845.



The artificial neural network model structure (20-15-10-1) was developed, trained, and tested for the most important factors to predict the cost of projects. The structure is determined to be composed of one input layer having eleven neurons, three hidden layers consisting of twenty, fifteen, and ten neurons, and one output layer having two neurons. The best results were obtained with the lowest MAPE percentage of 1.3802% and the highest R2 value of 0.97474. All of this information led the research to some main points as conclusions:




	
The highest impact factor on the production rate during COVID-19 in this study is the impact of the import and export factor (E61).



	
The proposed model by ANN simulates and predicts the production rate of construction with very accurate results.



	
The proposed model can be used by planners to prepare plan B or to calculate the project’s cost and production rate of construction in the same pandemic or similar crisis.



	
The study shows that the construction industry lacks the knowledge and training to deal with the same crisis.









11. Further Work


The work detailed in this study might be expanded to include the following:




	
Improve the proposed model by adding an interface to be more user-friendly, clear, and simple.



	
The study must be expanded by collecting data from other countries, the Middle East, Europe, and the United States.



	
Replace the Artificial Neural Network (ANN) with Artificial Intelligence (AI) or any other smarter system to make the simulation and prediction of the problem smarter and easier.
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Figure 1. Flowchart and Methodology of the Research. 
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Figure 2. The RII of the Factors’ Impact. 
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Figure 3. Neural Network to production rate. 
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Figure 4. Neural Network to cost projects. 
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Figure 5. Actual and predicted production rates. (a): Training (b): Testing. 
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Figure 6. Actual and predicted cost of the projects. (a) Training (b) Testing. 
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Figure 7. The actual and predicted cost of the projects. 
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Figure 8. The results were acquired from the validation of production rates. (a) Training (b) Testing. 






Figure 8. The results were acquired from the validation of production rates. (a) Training (b) Testing.



[image: Buildings 13 01127 g008]







[image: Buildings 13 01127 g009 550] 





Figure 9. The results were acquired from the validation of to cost of the projects. (a) Training (b) Testing. 






Figure 9. The results were acquired from the validation of to cost of the projects. (a) Training (b) Testing.



[image: Buildings 13 01127 g009]







[image: Table] 





Table 1. Factors affecting the rate of production.
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	Group
	Factor





	1-Human/labor Factors
	(H11) The Pandemic effects on Employee’s absence from work.

(H12) The effect of COVID-19 on work performance where workers, engineers, and managers have been injured.

(H13) The influence of spreading the pandemic on staff that works in the office in closed areas.

(H14) The influence of spreading the pandemic on staff that works in open areas.

(H15) The influence of the 14-day isolation on dealing with an infected person or having symptoms.

(H16) The impact of social distancing among office staff on production rate.

(H17) The impact of social distancing among Site/construction workers on production rate.

(H18) The impact of Using Personal Protective tools (coveralls, goggles, face shields, masks, gloves, headcovers, temperature, handwashing, and alcohol) on the production rate of each labor.



	2-Management factors
	(M21) Many companies have responded to lockdown during the COVID-19 outbreak and the effect of that response on production rate.

(M22) Giving priority to the safety and health of employees and the effect based on that.

(M23) The impact of Lockdown time decreases the business hours.

(M24) The impact of change orders during the COVID-19 on production rate.

(M25) The number of workers in each shift was reduced to ensure the distancing among them and, as a result, increase the number of shifts.

(M26) Work schedule has been impacted by lockdowns during the COVID-19 outbreak.

(M27) Slow decision-making impact on production rate related to COVID-19.

(M28) Reducing wages and laying off employees impact.



	3-Technical and technological factors
	(T31) The extent of the effect of investment companies in upgrading the internet speeds and purchasing software to work online on the production rate of projects.

(T32) Many companies had to shift their work online to allow staff to work from home during COVID-19.

(T33) Many companies have shifted their work to bring more online, and many meetings with the clients, stakeholders, and staff have moved online During COVID-19.

(T34) The effect of using information technology.



	4-Logistics Factor
	(L41) The effect of material delay to the site during the COVID-19 Pandemic.

(L42) The impact of labor unavailability, equipment, and materials.

(L43) The impact of the monopoly of materials due to closure.

(L44) The impact of finding alternative sources for the resources that are difficult to import.

(L45) The impact of the difference in the site conditions from the plan during the COVID-19 pandemic.

(L46) The impact on the resilience of supply chains during COVID-19.



	5-Financial Factor
	(F51) The impact of financial support from financial institutions.

(F52) The impact of low sales revenue and cash flow.

(F53) The impact of fluctuations and high prices.

(F54) Pandemic effect on overtime.



	6-External factors
	(E61) The impact of import and export on production rate during COVID-19.

(E62) The impact of slow buying and selling on production rate during COVID-19.

(E63) The impact of supply and demand on production rate during COVID-19.

(E64) The impact of going back to work after the lockdown again.
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Table 2. RII classification.






Table 2. RII classification.





	
RII Value

	
Importance Level






	
0.8 <= RII <= 1.0

	
High

	
H




	
0.6 <= RII <= 0.8

	
High-Medium

	
H-M




	
0.4 <= RII <= 0.6

	
Medium

	
M




	
0.2 <= RII <= 0.4

	
Medium-Low

	
M-L




	
0.0 <= RII <= 0.2

	
Low

	
L
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Table 3. The most important factors.
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	No.
	Code
	The Factors





	1
	E61
	The impact of import and export on production rate during COVID-19.



	2
	F54
	The impact of fluctuations and high prices.



	3
	L41
	The effect of material delay to the site during the COVID-19 pandemic.



	4
	E62
	The impact of s2 buying and selling on productivity during COVID-19.



	5
	L43
	The impact of the monopoly of materials due to closure.



	6
	F53
	The impact of 2 sales revenue and cash flow.



	7
	L44
	The impact of finding alternative sources for the resources that is difficult to import.



	8
	L43
	The impact of the monopoly of materials due to closure.



	9
	L42
	The impact of labor unavailability, equipment, and materials.



	10
	E63
	The impact of supply and demand on productivity during COVID-19.



	11
	L45
	The impact of finding alternative sources for the resources that is difficult to import.
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Table 4. The most important factors are impacting the production rate (database sample).
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	E61
	L41
	L44
	L46
	L42
	F54
	E62
	L43
	F53
	M28
	T34
	Before COVID-19
	At COVID-19





	5
	5
	4
	5
	5
	5
	5
	4
	5
	2
	5
	81
	59



	5
	5
	5
	5
	5
	5
	5
	5
	5
	1
	3
	71
	53



	5
	5
	5
	4
	2
	4
	5
	4
	3
	5
	5
	76
	56



	3
	3
	3
	2
	5
	3
	3
	4
	4
	4
	2
	66
	49



	3
	3
	3
	3
	3
	3
	3
	3
	3
	3
	3
	57
	42



	3
	4
	3
	4
	4
	3
	2
	4
	4
	3
	4
	64
	47



	5
	5
	4
	4
	5
	5
	5
	5
	5
	5
	4
	84
	62



	4
	4
	4
	4
	4
	4
	4
	4
	4
	5
	5
	71
	53



	5
	5
	4
	5
	4
	5
	4
	3
	5
	5
	5
	79
	58



	4
	4
	4
	4
	5
	4
	4
	4
	5
	4
	5
	78
	58



	5
	5
	4
	5
	5
	3
	5
	3
	5
	5
	4
	71
	53



	5
	4
	4
	3
	3
	4
	5
	2
	4
	2
	4
	62
	46



	3
	3
	2
	3
	2
	4
	3
	1
	3
	1
	1
	43
	31



	5
	3
	3
	4
	3
	3
	3
	3
	3
	1
	2
	53
	39



	5
	4
	5
	4
	4
	4
	5
	5
	4
	5
	5
	81
	59
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Table 5. The most important factor is the cost of the project’s database sample.
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	E61
	L41
	L44
	L46
	L42
	F54
	E62
	L43
	F53
	M28
	T34
	Before

COVID-19

(Normal)
	At COVID-19





	5
	5
	4
	5
	5
	5
	5
	4
	5
	2
	5
	100
	132



	5
	5
	5
	5
	5
	5
	5
	5
	5
	1
	3
	100
	116



	5
	5
	5
	4
	2
	4
	5
	4
	3
	5
	5
	100
	125



	3
	3
	3
	2
	5
	3
	3
	4
	4
	4
	2
	100
	115



	3
	3
	3
	3
	3
	3
	3
	3
	3
	3
	3
	100
	110



	3
	4
	3
	4
	4
	3
	2
	4
	4
	3
	4
	100
	113



	5
	5
	4
	4
	5
	5
	5
	5
	5
	5
	4
	100
	132



	4
	4
	4
	4
	4
	4
	4
	4
	4
	5
	5
	100
	117



	5
	5
	4
	5
	4
	5
	4
	3
	5
	5
	5
	100
	131



	4
	4
	4
	4
	5
	4
	4
	4
	5
	4
	5
	100
	131



	5
	5
	4
	5
	5
	3
	5
	3
	5
	5
	4
	100
	117



	5
	4
	4
	3
	3
	4
	5
	2
	4
	2
	4
	100
	112



	3
	3
	2
	3
	2
	4
	3
	1
	3
	1
	1
	100
	130



	5
	3
	3
	4
	3
	3
	3
	3
	3
	1
	2
	100
	111



	5
	4
	5
	4
	4
	4
	5
	5
	4
	5
	5
	100
	130



	5
	5
	5
	4
	5
	5
	5
	5
	5
	5
	3
	100
	116
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Table 6. Experiments to determine the proper ANN architecture (to Production Rate).
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	Trial No.
	ANN Structure
	MAPE
	R2





	1
	20-10-1
	3.2997
	0.9616



	2
	20-11-1
	3.1807
	0.9712



	3
	20-12-1
	3.2384
	0.9677



	4
	20-13-1
	4.1961
	0.9197



	5
	20-14-1
	2.7770
	0.9533



	6
	20-15-1
	5.1699
	0.9192



	7
	20-16-1
	2.9738
	0.9708



	8
	20-17-1
	4.8545
	0.9057



	9
	20-18-1
	3.5353
	0.9435



	10
	20-19-1
	4.3229
	0.9613



	11
	20-20-1
	4.4463
	0.9395



	12
	20-15-10-1
	5.7755
	0.9566



	13
	20-15-11-1
	5.9865
	0.9583



	14
	20-15-12-1
	2.4136
	0.9845



	15
	20-15-13-1
	3.1182
	0.9658



	16
	20-15-14-1
	5.3039
	0.9492



	17
	20-15-15-1
	3.9750
	0.9659



	18
	20-16-10-1
	4.3616
	0.9053



	19
	20-16-11-1
	6.5215
	0.9645



	20
	20-16-12-1
	5.3649
	0.9395



	21
	20-16-13-1
	5.7413
	0.9699



	22
	20-16-14-1
	3.4704
	0.9191



	23
	20-16-15-1
	3.2447
	0.9610



	24
	20-16-16-1
	3.5108
	0.9679



	25
	20-17-10-1
	4.5337
	0.9291



	26
	20-17-11-1
	6.0032
	0.9574



	27
	20-17-12-1
	6.043
	0.9692



	28
	20-17-13-1
	3.8376
	0.9536



	29
	20-17-14-1
	3.0987
	0.9441



	30
	20-17-15-1
	3.225
	0.9265
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Table 7. Experiments to determine the Optimum ANN Architecture to cost of projects.
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	Trial No.
	ANN Structure
	MAPE
	R2





	1
	20-10-1
	2.1085
	0.9644



	2
	20-11-1
	2.2851
	0.9665



	3
	20-12-1
	1.7514
	0.9739



	4
	20-13-1
	2.0880
	0.9634



	5
	20-14-1
	2.6768
	0.9326



	6
	20-15-1
	3.7667
	0.8475



	7
	20-16-1
	2.1379
	0.9609



	8
	20-17-1
	2.0805
	0.9696



	9
	20-18-1
	2.1483
	0.9508



	10
	20-19-1
	2.1581
	0.9654



	11
	20-20-1
	2.1523
	0.9655



	12
	20-15-10-1
	1.3802
	0.97474



	13
	20-15-11-1
	2.3295
	0.9425



	14
	20-15-12-1
	2.9567
	0.9364



	15
	20-15-13-1
	2.5302
	0.9317



	16
	20-15-14-1
	2.0337
	0.9466



	17
	20-15-15-1
	2.8406
	0.9206



	18
	20-16-10-1
	2.2948
	0.9671



	19
	20-16-11-1
	2.4519
	0.9575



	20
	20-16-12-1
	2.0572
	0.9444



	21
	20-16-13-1
	1.8481
	0.9559



	22
	20-16-14-1
	2.2694
	0.9475



	23
	20-16-15-1
	1.7480
	0.9491



	24
	20-16-16-1
	1.8867
	0.9534



	25
	20-17-10-1
	1.7067
	0.9685



	26
	20-17-11-1
	2.1659
	0.9661



	27
	20-17-12-1
	2.3652
	0.9308



	28
	20-17-13-1
	1.7807
	0.9491



	29
	20-17-14-1
	2.1440
	0.9310



	30
	20-17-15-1
	1.5521
	0.9692
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