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Abstract

:

Changing people’s shopping behavior from face-to-face to online shopping during the COVID-19 pandemic led to reduced shopping trips, and this decrease directly affects traffic congestion and air pollution. Identifying the factors influencing the increase of online shopping behavior during the pandemic can be helpful for policymakers in the post-COVID-19 era. This study aims to discover the effect of factors related to the COVID-19 pandemic and demographic characteristics on shopping attitude and, consequently, on shopping trips. Based on the interviews of ten experts, factors associated with COVID-19 and demographic characteristics are selected as influential factors on shopping attitude and shopping trips. For pairwise comparisons between these factors, a web-based questionnaire was designed and given to thirty experts. The relationship between all factors is examined using interpretive structural modeling (ISM) and Microscopic–Macroscopic (MICMAC) analysis. In addition, to prioritize factors, the IAHP model is employed. Based on the results, five levels of influential factors affect shopping attitude, which affects shopping trips: level 1, age and gender; level 2, income and education; level 3, the household size and the COVID-19 awareness; level 4, COVID-19 attitude and COVID-19 practice; and level 5, norm subject and shopping personal control.
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1. Introduction


The amount of online shopping increased to an unprecedented level during the COVID-19 epidemic. Several factors such as general fear of COVID-19, quarantine rules, and health recommendations altered the activity patterns of people [1]. One of the most fundamental manifestations of this change was in people’s shopping behavior, which changed from physical to online [2]. A review of the pandemic impact on retail e-commerce shows unusual global traffic growth, and the number of visits to retail websites increased from 16.07 billion worldwide in January 2020 [3]. However, these changes were influenced by various factors, and understanding the position of each of these variables in relation to online shopping and city travel during the pandemic could influence the decisions of industry owners as well as governments in similar crises.



COVID-19’s readiness strategies directly affected retail store customer satisfaction, including sanitized retail entryways, sanitized retail shelves, and sanitized retail counters [4]. The perceived sense of safety against the COVID-19 virus during shopping became one of the essential attitudes of customers, and since all the retail enterprises did not adopt protective measures seriously, online shopping gained much popularity [5]. It is observed that people followed certain behaviors such as decreasing outside eating; increasing cooking at home [6]; and multiplying online food, fresh fruit, and vegetable shopping [6,7,8,9] to prevent disease; moreover, they were typically less willing to shop in the grocery stores physically [8]. Therefore, the pandemic caused some businesses to struggle and several online businesses to thrive such as online entertainment, food delivery, online shopping, and online education [10]. Besides the growth of online shopping, other kinds of shopping with no physical interaction, including curbside pick-up and robotic delivery, gained popularity [11].



Not only retailers experienced unpredictability during the COVID-19 pandemic [12]. The literature review reveals that 60% of residential communities had difficulties getting their essentials during lockdowns [13]. Moreover, aged people and those with a physical disability experienced numerous barriers to buying their essentials and were the most affected in the panic buying chaos [14,15]. A group of researchers tried to unravel the social media effect on the consumers’ panic that led to stockpiling [16,17,18,19]. To provide managerial insights for policy-makers during such crises, analyzing the panic buying behaviors of customers seems inevitable [20,21], and “attitude”, “subjective norm”, and the “fear of future unavailability” were found to be the main drivers of hoarding behaviors [22].



The social distancing regulations by governments and the self-isolation decisions made by people had consequences on daily travel patterns [23,24,25], and the incurred changes in travel behavior due to the COVID-19 pandemic is a worthy issue [26,27]. Although the lockdown was temporary and now is ended in almost all territories, and even public transport has resumed its operation [28,29], people are trying to diminish the number of their nonwork-related trips, including (1) grocery shopping, (2) other types of shopping, (3) eating out, and (4) leisure [30]. Online shopping has reduced short-distance traffic and significantly diminished the need for parking slots at shopping centers [31]. Peng did a study in 2019 about the impact of e-commerce on traffic congestion and found a 1.4% reduction in traffic congestion due to an increase in online shopping by 10% [32]. A group of researchers considered ten significant variables on travel behavior changes due to COVID-19: (1) essential sociodemographic characteristics, (2) vehicle ownership, (3) level of social anxiety, (4) risk perception, (5) weekly trip frequency by purpose before the pandemic, (6) weekly trip frequency by purpose after the pandemic, (7) behavioral changes in response to COVID-19, (8) the degree of going-out self-restriction, (9) social expectations of going-out self-restriction behavior, (10) subjective well-being as self-restrictive behavior [30].




2. Theoretical Background


Ajzen developed the planned behavior theory in 1991 to predict and explain various human behaviors in specific settings and deal with arbitrary complexities of social behavior. According to the planned behavior theory, three independent variables determine intention. Firstly, an attitude refers to a person’s value judgment, which indicates to what extent he or she finds the behavior favorable or unfavorable. Another predictor is a social factor called the subjective norm; it refers to the pressure people exert on an individual to follow the behavior. The third antecedent of intention is the degree to which a behavior is perceived as being controlled. This reflects one’s personal experience with the task and expectations regarding impediments and obstacles that could cause a violation of the norm. According to the theory of planned behavior, trying to accomplish a behavior is a joint function of intentions and perceived behavioral control [33]. Later, Chandrea et al. analyzed the factors that affect consumers’ shopping behavior as a vital issue of the e-commerce and marketing field. As independent variables, they considered demographics, desired consequences, attitude toward online shopping, subjective norms, and perceived behavior of the consumer as influences on online shopping behavior [34]. More recently, Alahdal et al. conducted a cross-sectional survey to assess the awareness, attitude, and practice of COVID-19 that concerns socioeconomic data among Riyadh residents. Several sociodemographic characteristics found in the population were considered independent variables, such as gender, age, education level, marital status, family size, and income. The levels of awareness, attitude, and behavior were considered as dependent variables. A score of one was given to every correct response and a score of zero for both wrong and “I’m not sure” responses. Scores ranged from 0 to 22, 0 to 9, and 0 to 11 for the level of awareness, attitude, and practice, respectively [35].



In this study, the relationship between urban trips and the shopping attitude during the pandemic is investigated. In addition, it is necessary to investigate the factors associated with shopping attitudes. These factors include factors related to the COVID-19 and demographic factors. Finally, the priority and relationship between passenger trips, shopping attitude, and COVID-19 and demographic factors are examined by using the ISM and IAHP.



The ISM approach identifies the variables related to the passenger trip and online shopping attitude. Afterward, the subordinate relation is selected for its relevance to the context. Once the contextual relation is determined, the structural self-interaction matrix (SSIM) is developed based on pairwise comparisons between variables. A reachability matrix (RM) is then constructed from the SSIM product, and transitivity is then checked. Using a matrix model, a transitivity embedding is completed. A structural model is then synthesized by partitioning the elements and extracting the ISM [36]. The following are the phases to implement ISM: (1) identify the ISM objectives to accomplish, (2) distinguish between attributes, (3) determine the relationships between the attributes, (4) develop SSIM matrix (structural self-interaction matrix), (5) convert SSIM into the initial reachability matrix (IRM), (6) compute final reachability matrix (FRM) and partition reachability matrix (RM), (7) develop canonical matrix, (8) develop pictorial view, and (9) examine the developed ISM [37].



Finally, the ISM model shows how the relationship between the considered variables and makes it possible to describe this relationship and set better policies to manage travel demand.



In the second step, to explore the priority between passenger trips, shopping attitude, and COVID-19 and demographic factors, IAHP was used. This approach is favored for its simplicity and conformity to the nine-scale principle, widely used regardless of the inconsistencies in the comparison matrix associated with classical AHPs.



The IAHP method has the following advantages over simple AHP: (1) Compatibility in comparisons: This method, with the sorting mode it creates for the criteria, forms an always consistent matrix. Simulation studies of this method show that when the number of criteria increases, the weight obtained with this method is in line with the conventional AHP method. (2) Efficiency of information extraction: Since the IAHP does not require decision makers to perform the pairwise comparison process, much effort can be saved. (3) Convenience in practice: In this method, pairwise comparisons are no longer made, so the ease of filling in comparisons leads to better and more accurate results [38].



In general, the main contribution of this study is to discover the relationship between passenger trips and shopping attitudes at the time of the COVID-19 pandemic. As summarized in Table 1, previous studies have focused on this relationship in normal conditions, but in the pandemic, this relationship is different, and this difference is caused by factors related to the COVID-19. Finally, for this purpose, the ISM and IAHP as advanced AHP have been employed.




3. Data and Methodology


3.1. ISM Modeling


An interactive learning model such as this results in a comprehensive learning process. A set of different elements is structured directly and indirectly in a systematic, comprehensive model. Interpretive structural modeling (ISM) identifies relationships between all factors contributing to a complex problem and ultimately represents them in a graphical structure.



Every complex problem is related to several factors in different ways. Some criteria are directly or indirectly relevant to the relevance of the COVID-19 outbreak and its impact on online shopping and urban travel. In this study, the ISM method has been applied to reveal the relationships between them, resulting in a collective insight into the issue.



A qualitative method was used to identify the parameters setting the study area (online shopping and city trips during the COVID-19 pandemic). In this method, in-depth interviews were conducted with ten experts in the field of marketing and transportation engineering. At the end of the interviews, their text was implemented and coded by two people. Each encoder was agreed upon by both coders, and in the event of a disagreement between the two coders, a third coder would give the final opinion. For more enrichment, recent articles related to this field were reviewed (when the COVID-19 disease had spread). The results of these codings were categorized, and finally, nine factors affecting shopping attitude and passenger trip were identified, which can be seen in Table 2 along with their definition.



The second stage of the study involved a web-based questionnaire designed and given to thirty experts in city management, transportation, and sociology, who gave four marks (V, A, X, or O). In the matrix of pairwise comparisons, specification types of relationships between the variables are as follows:




	
V: element i influencing element j.



	
A: element j influencing element i.



	
X: elements i and j influencing each other.



	
O: elements i and j are not associated.








In Table 3, each element of the matrix is selected with the most frequency by thirty experts.



The availability matrix was formed by substituting four symbols V, A, X, or O for one or zero according to the following principles:




	
V symbol converts the particular (i, j) entry by “1” and (j, i) entry by “0”.



	
A symbol converts the particular (i, j) entry by “0” and (j, i) entry by “1”.



	
X symbol converts the particular (i, j) entry by “1” and (j, i) entry by “1”.



	
symbol converts the particular (i, j) entry by “0” and (j, i) entry by “0”.








If the criterion  a  affects criterion  b  and the criterion  b  affects criterion  c , then the criterion  a  must also affect the criterion  c .




3.2. MICMAC Analysis


MICMAC analysis is a process for graphical representation of variables based on their influence and dependence on each other in interpretive structural modeling. Based on the power of dependence and the influence of variables, a coordinate system can be decomposed into four equal parts. This type of analysis focuses on each variable’s influence and level of dependency and can be further examined to find out the range of influence.




3.3. IAHP Modeling


There are various ways to prioritize factors that involve pairwise comparisons, which are also known as the Analytical Hierarchy Process (AHP). The AHP seeks to select the most appropriate option for a given set of requirements using pairwise comparisons. This technique is also used to assess criteria.



Based on the analysis of the ISM model, the variables are arranged into five levels. The first level represents the goal, and the criteria in other levels affect the number of urban trips. The AHP model allows for only the weight of the related criteria to be considered. Thus, the AHP model is based on a goal-criteria structure, which has been used in the present study.





4. Results


4.1. ISM Modeling


Many methods were used to merge the opinions of experts, and the majority opinion was selected as the final opinion and is presented in Table 4.



As can be seen in Figure 1, each criterion’s input (prerequisite) and output (outcome) criteria were calculated in the subsequent step, and then common factors were determined. After removing the detected variable(s) with highest impact from the table, the operation was repeated with the remaining criteria. This step was repeated until all of the variables became hierarchized.



The final step consisted of creating and mapping a network of relationships based on the criteria of ISM and their relationships between them. It should be noted that the above steps have been implemented in the R software using the ISM package. Figure 2 shows the final output of ISM.



In Figure 2, it can be seen that other factors affect urban travel the most. At the three levels, all demographic factors in terms of age, sex, education, income, and household size have a more significant and more intrinsic influence on the other factors. COVID-19 knowledge and attitude are affected by these variables. The practice of COVID-19 health protocols will be affected by these factors, according to the identified model. The factors above affect the norm subject, the shopping attitude, and shopping personal control at a higher level than all these factors. Based on the ISM method, urban travel has the highest impact and is influenced by all the factors mentioned. The findings indicate that the COVID-19 pandemic increases online shopping and increases urban travel.




4.2. MICMAC Analysis


MICMAC analysis consists of following elements:



Driver power: The number of elements that element  i  affects.



Dependence power: The number of elements that affect the element  i .



In this analysis, the variables are divided into four groups: autonomous, dependent, linked (independent), and independent.



Autonomous factors: Autonomous variables have low dependencies and conductivities. In general, these criteria are separated from the system because they do not have good connections with the system. Changes in these variables do not change the system in a significant way.



Independent factor: Independent variables have strong dependence and poor conductivity. These variables generally have high effectiveness and little impact on the system.



Dependent factors: A dependent variable has low dependence and high conductivity. The characteristics of these variables are high effectiveness and low impact.



Linkage factors: Linkage interface variables have high dependency and conductivity. Therefore, the effectiveness of these criteria is very high, and any change in these variables will cause significant changes in the system.



Figure 3 shows the graphical output of MICMAC analysis.




4.3. Interpretations and Findings of ISM Modeling


In Figure 3, the MICMAC analysis explains that the variables of age, gender, income, family size, and COVID-19 awareness are independent variables and have directly/indirectly impacted other characteristics and have the most significant impact on the system. They are located in the northwest quadrant of the chart, and changes to them can alter the output and results. Southeast of the chart is the dependent variables. They include attitudes toward COVID-19, COVID-19 practices, personal shopping control, attitudes toward online shopping, and attitudes toward urban travel. These variables have low driving power and high dependency, are controlled by independent variables, and tend to be significant variables. These variables are the outputs of the system and are the ones most affected by the input variables. The only variable located in the southeastern part of the chart is education, with weak driving power, and consists of weak dependence power as part of the MICMAC system’s autonomous section.



Furthermore, this variable can be an unconnected variable, which other variables can control. As a result, this variable has very little power, so it is out of the system. According to the analysis of the MICMAC method and the high driving power and low dependence of the variables located in northwest quadrant of the chart, for example, it is possible to use the classified programs for different ages and genders to obtain the necessary knowledge to correct behavior toward the COVID-19 pandemic by adopting that it directly affects the attitude and practice of COVID-19 on the one hand and the attitude of the shopping on the other hand and, thus, indirectly affects people’s trip. This study shows that since the variables are not placed adjacent to the coordinate diameter, the system is not unstable. Despite this, it has not fully formed a complete L-shape that can be considered stable. Considering that some variables of this study are related to COVID-19 and are inherently temporary, as well as the fact that online shopping is a fairly new phenomenon in Iran, this is both expected and justified. However, this system seems to be stable.




4.4. IAHP Modeling


There are various ways to prioritize factors involving pairwise comparisons, also known as the Analytical Hierarchy Process (AHP). The AHP seeks to select the most appropriate option for a given set of requirements using pairwise comparisons. This technique is also used to assess criteria.



Based on the analysis of the ISM model, the variables are arranged into five levels. The first level represents the goal, and the criteria in other levels affect the number of urban trips. The AHP model allows for only the weight of the related criteria to be considered. Thus, the AHP model is based on a goal-criteria structure, which has been used in the present study. Based on Weber and Fechner’s Psychophysical Law, which gives a comparative scale of 1 to 9 (Table 5) and is used to show preference, the questionnaire used in the AHP model of preference allocation was written by the same thirty experts in marketing, planning, transportation, and sociology.



The compatibility of the AHP model is generally lowered with increasing the number of criteria, and the value is generally greater than 0.1. An expert becomes confused by a pairwise comparison matrix, which is inevitable when the number of criteria increases even for an experienced expert. Due to this problem, the pairwise comparison matrix of the AHP model does not satisfy the requirement for compatibility, and the results of the model are unreliable. Therefore, the IAHP (Improved AHP) model has been used instead of the AHP model in this study.



In the IAHP model, instead of determining the matrix of pairwise comparisons between criteria that require a large number of questions to complete, it determines only the weight of each criterion, and the matrix of pairwise comparisons   A =    (   a  i j    )    n × n     is generated using the following criteria.




	
Assume      {   F i   }    i = 1 , 2 , … , n     is a set of factors affecting decision  A , where n is the number of factors.



	
Order the factors    F i    according to their importance using a discrete scoring scale from 1 to 9, which will lead to a set of scores      {   f i   }    i = 1 , 2 , … , n    .



	
Generate the CM according to the    F i    as their importance:




	
If    f i  ≥  f j    the matrix element    a  i j   = max  (   f i  −  f j  , 1  )   .



	
If    f i  <  f j    the matrix element    a  i j   =  1  (  f j  −  f  i )      .













Experts determined different values for the weighting of the criteria that were, according to the background literature on the geometric mean, used in this study to determine the values of the matrix of pairwise comparisons. Based on the merged pairwise comparison matrix, the consistency index (CI), Average Consistency Random Index (RI) (Table 6), the values of the weighted criteria were normalized (Table 7), and consistency ratio (CR) values were calculated, which should be less than 0.1.




4.5. Interpretations and Findings of IAHP Modeling


Table 7 illustrates that the eleven factors mentioned earlier affect the ISM model’s output, urban travel. Based on the calculation of the weight values of each of the criteria and the fact that the values of CI (consistency index), RI (average consistency random index), and CR (consistency ratio) are all less than 0.1, it is clear that all factors affect urban travel. The findings of this section and Figure 4 show that factors related to demographics had the greatest impact on urban travel, followed by COVID-19-related factors. After the previously mentioned factors, online shopping factors (attitude, control, and norm subject) impact urban travel.





5. Conclusions


This study presented four basic categories of online shopping, the COVID-19 pandemic approach, demographic characteristics, and urban travel in the form of an interpretive structural model. The highest level of this model is urban travel. This variable is the most affected by the lower-order variables. It seems evident that due to quarantine restrictions and the need for social distance, people should avoid traveling within the city. Compliance with pandemic protocols is not the only factor that has resulted in reduced urban traffic. In fact, the expansion of online shopping itself is an influential factor in people’s urban travel [32].



On the one hand, the factor of buying items needed by households affects urban traffic, and on the other hand, it is affected by COVID-19 itself. According to UNCTAD 2020, the COVID-19 outbreak has affected online shopping, and people are more likely to shop online to maintain social distancing [43]. In this study, the results indicate that online shopping and the social distancing restrictions are directly related to urban travel, while COVID-19 factors are directly associated with online shopping.



Throughout the study results, it was demonstrated that demographic characteristics are among the most fundamental characteristics. In other words, age and gender are the two most significant factors affecting other issues. It is stated in the literature that the gender of individuals influences their attitude response toward COVID-19. According to the literature in this field, gender plays a role in how individuals react to COVID-19 [44], and studies show that gender influences people’s attitudes toward online shopping. This factor is an essential predictor for online shopping [45]. Additionally, age is another factor that can determine the community that buys online due to the generation gap [46], which the higher penetration of the internet can explain in the younger generation. In contrast, studies show that age differences lead to a different perception of COVID-19’s risks, which can be used to predict protective behavior [47].



Income and education were significantly greater than age and gender, implying that age and gender impacted these two variables. Gender-based income and education effects are well known concerning the issue of gender gaps and discrimination. On the other hand, the effect of age on income and education is also apparent. However, these two variables should be regarded as the essential variables that contribute to the performance of online commerce and COVID-19 in particular. Possibly, income differences affect self-restriction behavior and elicit different reactions to COVID-19 [45]; also, a level of trust in online shopping can be affected by this factor [48]. Another essential variable is the level of education.



On the one hand, the differences in education facilitate access to new data and analysis on COVID-19, and on the other hand, education can influence the online shopping approach. It seems different educational backgrounds may have different needs and strategies to online shopping [49]. Besides, the number of households may affect the approach to online shopping. Online shopping literature has considered the impact of this factor, revealing its importance [50]. It can be inferred that household size can provide information about the desire of people to shop online.



On the whole, online shopping affects urban trips, and the increase in online shopping during the epidemic has led to a more significant impact. Not only can these findings be used to reduce urban trips in postpandemic times, but they will also decrease urban travel in the future, when people’s attitudes toward crisis will remain positive to reduce urban trips so that everyone can do so with no problems obtaining essentials.



Based on the proposed interpretive structural model, it can be concluded that urban travel has been influenced by online shopping and quarantine restrictions. The fact that online shopping soared during the pandemic has led to a double effect. These issues are influenced by several factors, including age, gender, education, income, and household size. Since it is essential to reduce urban traffic from an environmental and psychological perspective and since online shopping is becoming more popular, wholesalers and retailers should take advantage of this experience and keep their new online customers.




6. Limitations and Future Research


The implementation of this research has not faced any particular limitations, and according to the research method, it has been able to achieve its goal, but in the extension of this research, its geographical limits should be considered because cultural and legal issues in each country during the pandemic can affect the relationship between factors. However, this study has shown how factors affect online shopping and the number of urban trips during the pandemic; therefore, the durability of this study in the postpandemic control period can be the subject of research to determine whether the relationship Will these factors be the same under normal circumstances or not?
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Figure 1. Level partition of each iteration. 
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Figure 2. Final output of the ISM. 
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Figure 3. Output of MICMAC analysis. 






Figure 3. Output of MICMAC analysis.



[image: Sustainability 13 11995 g003]







[image: Sustainability 13 11995 g004 550] 





Figure 4. Weight of the factors on urban travel. 
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Table 1. Summary of related previous studies.






Table 1. Summary of related previous studies.





	Literature
	Data

(No. of Questionnaire)
	Study
	Methodology





	Parady et al. 2020 [30]
	800
	travel behavior change
	binary logit model



	Islam et al. 2021 [20]
	1081
	panic buying
	structural equation modeling



	Lins et al. 2020 [39]
	393
	panic buying
	factor analysis



	Lopes et al. 2020 [17]
	411
	compulsive buying
	structural equation modeling



	Passavanti et al. 2021 [40]
	1612
	psychological impact of COVID-19
	ANOVA model



	Rukuni et al. 2020 [4]
	344
	shopping behavior
	structural equation modeling



	Laato et al. 2020 [16]
	211
	shopping behavior
	structural equation modeling



	Grashuis et al. 2020 [9]
	900
	grocery shopping behavior
	multinomial logit



	Untaru et al. [5]
	401
	physical shopping satisfactory
	structural equation modeling



	Hao et al. 2020 [13]
	540
	online shopping behavior
	probit model



	Gao et al. 2020 [8]
	770
	online food shopping
	linear regression



	Alaimo et al. 2020 [41]
	248
	online food shopping
	logit model



	Koch et al. 2020 [42]
	451
	online shopping motives
	structural equation modeling



	Pencarelly et al. 2021 [2]
	937
	e-shopping behavior
	basic statistical tests (Correlation, U test, H test)
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Table 2. Definition of selected factors by experts.
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	SI. NO
	Factor’s Name
	Definition





	F1
	Shopping Attitude
	An evaluation about online shopping that consists of behavioral beliefs and evaluation of behavioral outcomes



	F2
	Norm Subject
	Perceived social pressure by the individual refers to whether or not the target behavior is performed



	F3
	Shopping Personal Control
	The degree that a person feels like doing or not doing a behavior that is within his or her control



	F4
	COVID-19 Awareness
	Knowledge of transmission methods, symptoms, vulnerable people, incubation and recovery periods, possible treatments, and virus mortality rate



	F5
	COVID-19 Attitude
	Satisfaction with the application of various restrictions such as travel, community, and the application of health protocols



	F6
	COVID-19 Practice
	How to behave and how to act according to health protocols such as quarantine, wearing a mask, hand washing



	F7
	Education
	Level of education



	F8
	Income
	Level of income



	F9
	Age
	Age of a person



	F10
	Gender
	The male or female sex



	F11
	Family Size
	Number of individuals in the household



	F12
	Passenger Trip
	Number of urban trips
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Table 3. Marks with the most frequency of selection by thirty experts.
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	F1
	F2
	F3
	F4
	F5
	F6
	F7
	F8
	F9
	F10
	F11
	F12





	F1
	1
	A
	A
	A
	A
	A
	A
	A
	A
	O
	A
	V



	F2
	
	1
	X
	A
	A
	A
	A
	A
	A
	A
	O
	V



	F3
	
	
	1
	A
	A
	A
	A
	A
	A
	O
	O
	V



	F4
	
	
	
	1
	V
	V
	A
	O
	O
	O
	O
	V



	F5
	
	
	
	
	1
	V
	A
	A
	A
	O
	A
	V



	F6
	
	
	
	
	
	1
	A
	A
	A
	O
	A
	V



	F7
	
	
	
	
	
	
	1
	X
	A
	A
	O
	O



	F8
	
	
	
	
	
	
	
	1
	A
	A
	O
	V



	F9
	
	
	
	
	
	
	
	
	1
	O
	V
	V



	F10
	
	
	
	
	
	
	
	
	
	1
	O
	V



	F11
	
	
	
	
	
	
	
	
	
	
	1
	V



	F12
	
	
	
	
	
	
	
	
	
	
	
	1
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Table 4. The majority opinion as the final opinion.
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	F1
	F2
	F3
	F4
	F5
	F6
	F7
	F8
	F9
	F10
	F11
	F12





	F1
	1
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	1



	F2
	1
	1
	1
	0
	0
	0
	0
	0
	0
	0
	0
	1



	F3
	1
	1
	1
	0
	0
	0
	0
	0
	0
	0
	0
	1



	F4
	1
	1
	1
	1
	1
	1
	0
	0
	0
	0
	0
	1



	F5
	1
	1
	1
	0
	1
	1
	0
	0
	0
	0
	0
	1



	F6
	1
	1
	1
	0
	0
	1
	0
	0
	0
	0
	0
	1



	F7
	1
	1
	1
	1
	1
	1
	1
	1
	0
	0
	0
	1



	F8
	1
	1
	1
	1
	1
	1
	1
	1
	0
	0
	0
	1



	F9
	1
	1
	1
	1
	1
	1
	1
	1
	1
	0
	1
	1



	F10
	1
	1
	1
	1
	1
	1
	1
	1
	0
	1
	0
	1



	F11
	1
	1
	1
	0
	1
	1
	0
	0
	0
	0
	1
	1



	F12
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	0
	1
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Table 5. Grades and semantics in IAHP.
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	Grade
	Semantics





	1
	Equally Preferred



	3
	Moderately Preferred



	5
	Strongly Preferred



	7
	Very Strongly Preferred



	9
	Extremely Preferred



	2, 4, 6, 8
	Compromises/Between
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Table 6. Values of random index (RI) based on order of matrix.
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	Order of Matrix
	RI





	1
	0



	2
	0



	3
	0.52



	4
	0.89



	5
	0.12



	6
	1.26



	7
	1.36



	8
	1.41



	9
	1.46



	10
	1.49



	11
	1.52



	12
	1.54



	13
	1.56



	14
	1.58



	15
	1.59
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Table 7. Normalized pairwise comparison matrix.






Table 7. Normalized pairwise comparison matrix.





	Normalize
	     a 1     
	     a 2     
	     a 3     
	     a 4     
	     a 5     
	     a 6     
	     a 7     
	     a 8     
	     a 9     
	     a  10      
	     a  11      
	Weight





	     a 1     
	0.026
	0.030
	0.024
	0.023
	0.023
	0.025
	0.025
	0.026
	0.030
	0.027
	0.024
	0.026



	     a 2     
	0.030
	0.035
	0.040
	0.035
	0.033
	0.034
	0.034
	0.034
	0.037
	0.035
	0.033
	0.034



	     a 3     
	0.043
	0.035
	0.040
	0.044
	0.038
	0.045
	0.040
	0.039
	0.04
	0.039
	0.038
	0.04



	     a 4     
	0.095
	0.082
	0.075
	0.082
	0.062
	0.074
	0.103
	0.100
	0.071
	0.080
	0.090
	0.083



	     a 5     
	0.061
	0.057
	0.057
	0.072
	0.054
	0.045
	0.058
	0.052
	0.050
	0.050
	0.058
	0.056



	     a 6     
	0.047
	0.046
	0.040
	0.050
	0.054
	0.045
	0.045
	0.043
	0.043
	0.042
	0.048
	0.046



	     a 7     
	0.122
	0.120
	0.117
	0.095
	0.111
	0.118
	0.118
	0.115
	0.113
	0.143
	0.119
	0.117



	     a 8     
	0.134
	0.135
	0.135
	0.109
	0.138
	0.139
	0.135
	0.132
	0.129
	0.143
	0.129
	0.132



	     a 9     
	0.171
	0.186
	0.195
	0.228
	0.213
	0.203
	0.205
	0.201
	0.196
	0.164
	0.212
	0.198



	     a  10      
	0.156
	0.165
	0.168
	0.169
	0.178
	0.175
	0.135
	0.152
	0.196
	0.164
	0.148
	0.164



	     a  11      
	0.114
	0.111
	0.108
	0.095
	0.096
	0.097
	0.103
	0.106
	0.096
	0.114
	0.103
	0.104







Note: CI = 0.047, RI = 1.51, CR = 0.0031 ≤ 0.1.
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