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1. Introduction

Tourism development is affected by a variety of economic (Sahoo et al., 2022; Febryano et al,
2022), socio-cultural (Ji et al., 2023), and environmental (Yuedi et al., 2023) variables. On the
other hand, it also influences these elements (Macdonald et al., 2023; Rahmawati et al., 2023).
In addition to natural events like floods and earthquakes, human activities have also had a
significant effect on the development of tourism. The spread of COVID-19 has been one of
the most significant recent influences on almost all spheres of the economy, including social,
cultural, and political spheres, have been affected by COVID-19 (Alves et al., 2023; Liu et al.,
2023; Akhter Shareef et al.,, 2023) and as a result of the introduction of regulations like re-
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maining at home, time limits, and border closures; lifestyles suffered significant adjustments
(Georgeades & Flynn-Obrien, 2023; Goh, 2021). The tourist industry was one of the major
sectors that COVID-19 most negatively impacted (Komasi et al., 2022). Governments attempt-
ed to get back to their economies as soon as possible when the intensity of the COVID-19
outbreak lessened (Takyi et al., 2023; Sharma et al., 2021). In order to speed up the process
of reviving the tourist industry, governments attempted to promote both local and overseas
travel (Wickramasinghe & Naranpanawa, 2023). The G7 nations-Canada, France, Germany,
Italy, Japan, the United Kingdom, and the United States, are categorized as developed na-
tions by the International Monetary Fund (IMF) and the World Bank (Ferndndez-Rodriguez
et al., 2023; Rungmaitree et al,, 2022; Ghosh et al,, 2022). The COVID-19 pandemic may have
changed their rankings on tourism indicators.

The economic impacts of COVID-19 on G7 countries have been substantial. For instance,
the (Total outbound tourism expenditure, disaggregated by Travel (US$ Millions)) indicator for
Canada in 2016 was approximately 32,712 million dollars. However, this indicator decreased
to 12,078 million dollars in 2020. Similarly, the (Total inbound tourism expenditure, disaggre-
gated by Travel (US$ Millions)) indicator for Japan in 2016 was around 30,752 million dollars,
but it decreased to 10,598 million dollars in 2020. Using the Multiple Criteria Decision Making
(MCDM) approach, it is possible to determine which of the G7 countries has experienced the
greatest economic impacts in the tourism sector due to COVID-19. Through this analysis and
by benchmarking successful countries — those that have experienced the least impact — plan-
ners and policymakers can effectively manage similar crises in the future.

The key contribution of this paper is to demonstrate how Multi Criteria Decision Making
(MCDM) can be used to generate insights into Tourism phenomena from secondary data.
MCDM is gaining increasing prominence in Tourism and Hospitality research (Vatankhah
et al., 2023). Using UNWTO data, this paper extends applications of MCDM by introducing
a novel integrated multi-criteria decision-making model. The model evaluates the effects of
Covid-19 on tourism in the G7 by comparing indicators in 2016 and 2020.

Almost with the occurrence of COVID-19, numerous research studies were conducted
within academic forums regarding the effects of COVID-19 on various economic sectors,
particularly in the tourism industry. Many studies have been carried out on G7 countries in
this regard. However, in terms of comparing the susceptibility of G7 countries to the effects
of COVID-19, especially in the tourism sector, comprehensive studies comparing their sus-
ceptibility to impacts with other countries have not been conducted. This study is dedicated
to the comparative assessment of G7 countries regarding their susceptibility to the effects of
COVID-19 in the tourism sector.

The rest of the paper is organized as follows. In section 2, The literature on how the
MCDM method has been applied to tourism is reviewed. In section 3, materials and data for
use for this research are presented. In section 4, a methodology that is used in this research
is discussed. In section 5, the results will be provided. In section 6, sensitivity analysis is per-
formed. Section 7 evaluates tourism rankings among the G7 countries based on the PIV and
DNCRADIS models. In section 8, the results and decisions will be concluded.
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2. Literature review

Since late 2019, Covid-19 has caused disruptions in the global tourism business, particularly
in urban regions (Liu, 2023). The World Travel and Tourism Council (2021) estimates that the
loss of 62 million tourism jobs- or 18.5% of all employment in the tourism and hospitality
industries- was led by COVID-19 (Seyitoglu et al.,, 2022). The scientific and academic com-
munity has been trying to evaluate the impact of COVID-19 on economic, social, and envi-
ronmental issues in addition to providing methods to lessen these effects almost since the
start of COVID-19 (Sharifi & Khavarian-Garmsir, 2020). The conceptual model of the present
study is shown in Figure 1 in accordance with the context of the research while considering
the available data.

MCDM approaches have been applied to examine tourism phenomena and outcomes.
Satpathy and Mahalik (2010) used AHP for selecting spiritual tourism destinations in India.
Huang and Peng (2012) combined TOPSIS with the Fuzzy Rasch model to evaluate desti-
nation competitiveness in: China, Hong Kong, Japan, Korea, Malaysia, Singapore, Taiwan,
Thailand and the Philippines using six criteria and 15 indexes. Liu et al. (2012) modelled the
improvement strategy that should be pursued as part of tourism policy implementation in
Taiwan using DEMATEL-based analytic network process (DANP) to obtain the weight of each

Figure 1. Conceptual model of research
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criterion and achieve the desired level of tourism policy implementation by VIKOR, based on
network relation map (NRM) from decision-making trial and evaluation laboratory (DEMATEL)
technique. Among many criteria, Goksu and Kaya (2014) extract the main criteria that affect
tourists visiting Bosnia and Herzegovina and rank the most popular destination for tourists.
Due to the ambiguity of data, they used Fuzzy AHP for weighting criteria and TOPSIS for
ranking. Jafari-Moghadam et al. (2017) proposed a model for entrepreneurship tourism policy
and used DEMATEL-based ANP to calculate the weights of policy criteria. Niavis and Tsiotas
(2019) assessed the comparative tourism performance of Mediterranean coastal destina-
tions. The results of the analysis provide some useful implications in the field of destinations’
benchmarking theory as well as practical insights for decision-makers. In theoretical terms,
this paper used a multi-dimensional DEA approach describing a combined efficiency and
effectiveness consideration. The efficiency component was expressed by two DEA models
(CRS and VRS), consisting of capacity and demand configuration, whereas the effectiveness
component was expressed by a DEA (VRS) model incorporating five tourism dimensions. An
aggregated indicator (2effl) was introduced for the joint efficiency and effectiveness consider-
ation, and all the available variables were included in a further parametric and non-parametric
analysis. The proposed framework of the present paper is capable of assessing more dimen-
sions of the competitiveness concept than the previous frontier methods applications, which
mostly concentrated only on the efficiency of destinations. Therefore, the major achievement
of the paper is to pave the way for the wider incorporation of frontier methods towards
the holistic evaluation of destinations’ performance. Yang et al. (2020) studied the mutual
relationship between sport and tourism. They implemented two-stage MCDM models by
Bayesian BWM and rough DEMATEL and evaluated the related criteria. Abellana et al. (2021)
used a hybrid support vector regression-seasonal autoregressive integrated moving aver-
ages model (PROMETHEE 1) to forecast tourism demand due to its capability to handle the
data’s linear, nonlinear and seasonal components. Liu et al. (2021) MCDM of four dimensions
and 21 criteria by experts used to create a network-relationship map of the night marketing
tourism brand equity development model. Jena and Dwivedi (2021) used DEMATEL to anal-
yse the interrelationship between different barriers that affect rural tourism growth in India.
Skrinjari¢ (2021) evaluated sustainable tourism in European countries and, for showing the
robustness of these evaluations, used the MCDM approach MOORA and Multi-MOORA. Dina
and Juniarta (2022) employed VIKOR to identify criteria and rank the hotel based on users’
reviews. Nuriyev (2022), to select development sites for tourists in Azerbaijan, implemented
Fuzzy Z-information-based TOPSIS and PROMETHEE methods. Mohammed et al. (2023) used
a decision modeling approach for smart E-Tourism data management applications based
on a Spherical fuzzy rough sets environment (SFR-WZIC and SFR-DOSM). Zorlu and Dede
(2023), by CRITIC and PROMETHEE-GAIA approaches, determined the NBT potentials and NBT
competitiveness difference between the three lakes. Vatankhah et al. (2023) systematically
assessed the MCDM method to solve hospitality and tourist problems. Following this, these
studies that have used the Multiple Criteria Decision Making (MCDM) model methodology
are introduced in Table 1.
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Table 1. Some of the studies that have used the Multiple Criteria Decision Making (MCDM) model

neural network

Author Year MCDM methods Cause of Implementation
Satpathy and | 2010 | AHP Selecting spiritual tourism destinations in
Mabhalik India
Huang and 2012 | TOPSIS with the Fuzzy Rasch Evaluation of destination competitiveness in
Peng model China, Hong Kong, Japan, Korea, Malaysia,

Singapore, Taiwan, Thailand and the
Philippines
Liu et al. 2012 | DEMATEL-based analytic Defining improvement strategies that
network process (DANP) should be pursued as part of tourism policy
implementation in Taiwan
Goksu and 2014 | Fuzzy AHP and TOPSIS Ranking the most popular destination for
Kaya tourists in Bosnia and Herzegovina
Jafari- 2017 | DEMATEL-based ANP Proposing a model for entrepreneurship
Moghadam tourism policy
et al.
Niavis and 2019 | multi-dimensional DEA Assessing the comparative tourism
Tsiotas approach performance of the Mediterranean coastal
destinations
Abellana et al. | 2021 | PROMETHEE Il Forecast tourism demand
Yang et al. 2020 | Bayesian BWM and rough Determining the mutual relationship
DEMATEL between sport and tourism
Skrinjari 2021 | MOORA and Multi-MOORA Evaluation of sustainable tourism in
European countries
Liu et al. 2021 | DEMATEL-based ANP To create a network-relationship map of
the night marketing tourism brand equity
development model
Jena and 2021 | The integration of ISM and Analyse the interrelationship between
Dwivedi DEMATEL different barriers that affect rural tourism
growth in India
Dina and 2022 |VIKOR Rank the hotel based on users’ reviews
Juniarta
Nuriyev 2022 | TOPSIS and PROMETHEE Selection development sites for tourists in
Azerbaijan
Ocampo 2022 | Fuzzy FUCOM & Fuzzy WSM Evaluating the sustainability of farm tourism
sites
Mohammed 2023 | Spherical fuzzy rough sets Decision modeling approach for smart
et al. environment (SFR-WZIC and E-Tourism data management applications
SFR-DOSM )
Zorlu and 2023 | CRITIC and PROMETHEE-GAIA | Determining the NBT potentials and NBT
Dede approaches competitiveness difference between three
lakes
Vatankhah 2023 | Systematically assess the use of | Solve hospitality and tourism (H&T)
et al. Multi-criteria decision-making | problems while minimizing the risk of
techniques failure
Wang and Fu | 2023 |F-AHP & radial basis function | Regional tourism performance evaluation
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3. Materials and data

The evaluation of tourism might use a variety of indicators. Seven indicators have been used
to examine the situation of tourists in these nations for the years 2016 and 2020 due to the
lack of data for all G7 nations Table 2. The reason for selecting these two years was also
due to the fact that for the year 2016, the highest indices were available for G7 countries
compared to 2017, 2018, and 2015. By comparing this period with the year 2020 — when
COVID-19 had virtually involved almost all countries worldwide — the possibility of comparing
the impacts of COVID-19 on the tourism of G7 countries has been feasible.

Table 2. The G4 countries’ tourist status according to the indicators examined (source: United Nations
World Tourism Organization [UNWTO], 2023)

Indicators
Total internation-
al arrivals. Data Total outbound Total inbound
disaggregated by: [ tourism expendi- | tourism expendi-
G7 g . . .
Countries Overnight, Same- | ture, disaggregat- | ture, disaggregat- |  Air transport, passengers
day (of which, ed by: Travel, |ed by: Travel (US$ carried
cruise passen- (US$ Millions) Millions)
gers), Thousands
2016 2020 2016 2020 2016 2020 2016 2020
Canada 30142 5068 32712 | 12078 | 22676 | 13535 | 8540642400 | 2762000000
France 203042 | 117109 | 40436 27758 55338 32646 | 6536274400 | 2495634400
Germany 35555 12449 79923 38752 37476 22068 | 11671358400 | 2575845000
Italy 84925 | 38419 24987 10871 40381 19895 | 2912004000 780149000
Japan 24039 4116 18562 5448 30752 10598 | 11770800000 | 5113112000
United 39129 | 11101 | 67124 | 21743 | 49257 | 18944 | 14378171200 | 3096752000
Kingdom
lSJtr;ltt:Sd 175261 | 44792 | 109156 | 34159 | 192866 | 72483 | 82403897600 | 36950099200
Inbounq Tourism/ Inbou.nd Tourism/ Inbound Tourism/
G7 Receipts per Tourism as % of Arrivals (million)
Countries arrival (USD) Exports
Canada 1132 4589 4.7 2.8% 19.97 2.96
France 667 781 8.3 4.8% 82.70 41.70
Germany 1179 2031 3.2 1.3% 31.76 10.89
Italy 768 786 7.5 3.5% 52.37 25.19
Japan 1276 2600 4.1 1.4% 24.04 412
United 1421 | 2398 | 68 | 34% | 37.36 | 11.10
Kingdom
United 2524 | 3773 | 102 | 39% | 7641 | 19.21
States
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This module introduces a novel integrated multi-criteria decision-making model to evaluate
the effects of Covid-19 on tourism in the G7 countries from 2016 to 2020. First, according to
experts’ statements, RANCOM has been utilized to obtain the criteria weights. In the second
step, a modified version of DNCRADIS is introduced and used along with PIV to prioritize
the alternatives according to research criteria. Figure 2 shows the methodology procedure.

Criteria and
Alternatives
determination

o
[T T T T T T o m e I ****************************************** 1
! PIV RANCOM DNCRADIS i
I |
! Define the research Define the criteria Construct the primary !
i criteria and alternatives| ranking decision matrix |
| |

I
i ! [ i ) ;
|
! Set up the primary Establish the Matrix of| Obtain the first Obtain the second i
} decision matrix Ranking Comparison normalized matrix normalized matrix |
| I
I I
; l A ——— T
I
} ize the pri - " Calculate the Summed | | Set up the weighted Form the weighted }
| Normalize the primary decision matrix Criteria Weights i normalized matrix normalized matrix |
I | I
I | I
| i i | ;;—J !
i ! !
1 Obtain the weighted normalized decision ¢ Obtain the final criteriaJ Determine the ideal and anti-ideal solutions 1
! matrix weights for each matrix }
'—N‘ |
|
| ! | !
I —
" . Calculate the deviations
| |
i PObt?'".:hle \glelg(f‘;‘t’?:) from ideal and anti-ideal |
! roximity Index solutions |
I
! ! ‘
} Determine the overall Calculate the deviation score }
| P of each alternative from I
| proximity values ideal and anti-ideal solutions }
|
! ’ i !
I
| N . |
: Calculate the utility function |
I
I Rank the options for each alternative }
|
I
! I
} Obtain the value of the }
| CRADIS method and rank 1
I the options !
P syt SR ;
Sensitivity analysis using 5 PIV and DNCRADIS
scenarios results’ comparison
No [
Are the
results

robust?

Yes

Discussion and Conclusion

Figure 2. Research methodology process
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4.1. RANCOM

Experts based on deep knowledge and skills in their specific fields always attempt to make
precise decisions. However, in complex problems such as Multi-criteria decision making, it
may cause hesitance for experts to determine the relevance of criteria to each other (espe-
cially in pair-wise methods). In this regard, some researchers proposed an approach to handle
experts’ hesitance effectively. Wieckowski et al. (2023) introduced RANCOM and showed
that even for a small hesitance, this method is reliable. Its operation is based on defining
the criteria ranking order to obtain the weights vector. Therefore, it provides accurate results
based on experts’ opinions. Considering this, this project implements this approach, and in
continuing these steps are presented.

Step 1. Define the criteria ranking
In this step, the following procedures are implemented:
= Establish the ranking of criteria
= Score the criteria
= Order criteria using sorting algorithm
= Use the tournament method.

Step 2. Construct the Matrix of Ranking Comparision (MAC)
The MAC is determined by pair-wise comparison, and then the result is demonstrated
by A;; as follows:
g If f(c,.)<f(cj) then 1
a; =1If £(C,)=F(C;) then 05f. (1)
It £(C;)>f(C;) then 0

Step 3. Calculate the Summed Criteria Weight (SCW)
The SCW is obtained by

n
SCW, = Zay.. @
j=1

Step 4. Calculate the Final Criteria Weight
The value of preference for each criterion is calculated as follows:

scw,
W= 3)

L n :
SCW,
i=1

4.2. PIV

Adding or deleting an alternative to existing alternatives changes the rank of alternatives. This
phenomenon occurs because of the normalization process, which is used in all decision-mak-
ing problems. In literature, researchers say the Rank Reversal phenomenon to mentioned
problem. To minimize the rank reversal, this research implements Mufazzal and Muzakkir
(2018) method in which they proposed a model based on proximity index value (PIV) for
minimizing rank reversal. The steps of this method are as follows:
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Step 1. Formulation of the Decision Problem
Defining criteria and alternatives.

Step 2. Construction of the Decision Matrix (DM)
Making a matrix in which each row represents alternatives, and each column shows at-
tributes. The value of the matrix is shown by x;.

Step 3. Normalization of Data
To bring each value to the same scale, the following formulation (4) is used.

X.
r=—— (4)

2
Step 4. Determine the Weight of DM
The weighted normalized value is achieved by (5):

— *
Vi=w;*r;. (5)
Step 5. Evaluation of Weighted Proximity Index (WPI)

In this step, the deviation between each alternative from the best value (benefit attribute)
and the worst value (cost attribute). If u; be weighted proximity index, the WPI (u)) is calcu-
lated by the differences between v; and best or worst value.

Step 6. Determining of Overall Proximity Value
The overall proximity value (d)) is equal to the summation of the weighted proximity value
corresponding to each criterion. n
d = u-. 6
! Zj:1 J ©

Step 7. Ranking
Considering the least d; as the best alternative.

4.3. DNCRADIS

There are many methods in the literature for ranking alternatives. As you know, all of these
methods need normalization to put data in the same order. However, there are some meth-
ods that use double normalization. Puska et al. (2023) declare that the ranking of alternatives
is more stable when implementing methods with double normalization than methods with
one more time normalization. By this fact, researchers of this article make a decision to use a
method for ranking with this property. Among some methods, DNCRADIS is selected because
of calculating the deviation from ideal and anti-ideal solutions and calculating the value of
alternatives in relation to optimal alternatives. By these properties, the robustness of ranking
can be evaluated easily. The steps of this method are as follows:

Step 1. Formation of a decision matrix
In this step, the primary decision matrix based on designated criteria and alternatives is
constructed.
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Step 2. Normalization of decision matrix
In this approach, a double normalization is used as follows:

. X .
n; = Y ., and nlfj =M for benefit criteria; (7)
ijax Xij
X . X
n; = /M1 and ”{j =—2Y  for benefit criteria. (8)
Xg' ijax

Step 3. Weighting the normalized decision matrix
The value of the normalized decision matrix is calculated as follows:

(©)

— * LA ok
Vi =N twy, and Vi =ngtw

-
Step 4. Determination of ideal and anti-ideal solutions
The highest and the lowest value of the weighted decision matrix are ideal and anti-ideal

solutions.

t; =maxv;, and t; :maxvlfj; (10)
t;= minvl.j, and t, = minvl’.j. 11)
Step 5. Calculation of deviation from ideal and anti-ideal solution
The weighted data values are subtracted from max or min values.
d*=t,-v; and d"* =t/ -v[; (12)
d = 7 ~t,; and d'~ = ij ~t (13)
Step 6. Calculation of the deviation score
Deviation values are summed up, and optimal alternatives.
n n
S+ = d*, and S*= d'+; 14
! j=1 ! Zj=1 (4
n [ n ’
S; = d-, and S = d-. (15)
j=1 j=1
Step 7. Calculate the utility function
Each alternative is compared with optimal alternatives.
S+ S’+
K==L, and K+ =" (16)
S Si*
Sy Sy~
K =22, and K- =20, (7)
Si S~
L
S§.and Sy is an optimal alternative for ideal and anti-ideal solutions.
Step 8. Calculate the value of CARDIS in relation to utility function
K+ + K+ K+ +K*
Ql,:il 2 L , and Qi: Lt . (18)

2

Step 9. Final Ranking
It is obtained by dividing Q; and Q;, and the highest value is the best alternative.
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5. Results

This section presents the results of our novel integrated MCDM model. First, the criteria
weights are calculated using RANCOM, and then research options are evaluated using DN-
CRADIS and PIV.

5.1. RANCOM results

Firstly, four experts provided their opinions based on the criteria in Table 1, and then the
matrix of comparison was constructed. In the next step, the criteria weights are evaluated.
Table 3 shows the comparison matrix and Summed Criteria Weights (SCW) to obtain the final
weights of the research criteria.

Table 3. RANCOM results

G G G C, Cs Ce G | scw Weights
G 05 05 1 1 1 1 1 6 0.203389831
G 05 05 1 1 1 1 1 6 0.203389831
G 05 0 05 1 1 1 0 4 0.13559322
Cs 05 0 0 05 1 0 0 2 0.06779661
Cs 05 0 0 1 05 0 1 3 0.101694915
Ce 05 0 0 1 1 05 05 35 0.118644068
G 05 0 1 1 1 1 05 5 0.169491525

5.2. PIV results

In this sub-section, PIV method results are presented. The PIV procedure is utilized twice to
assess alternatives according to available data from 2016 and 2020. In the first step, Table
1 is taken as the primary decision matrix, and then G7 countries are assessed according to
research criteria. Table 4 shows the primary decision matrix for 2016.

Table 4. Primary decision matrix for 2016

G G G Cs Cs G G
Canada | 8540642400 | 22676 30142 32712 47 19.97 1132
France | 6536274400 | 55338 | 203042 | 40436 83 82.7 667
Germany | 11671358400 | 37476 35555 79923 32 31.76 1179
Italy 2912004000 | 40381 84925 24987 75 52.37 768
Japan 11770800000 | 30752 24039 18562 4.1 24.04 1276
Eirrgfﬁ)m 14378171200 | 49257 39129 67124 6.8 37.36 1421
gtg'tt:f 82403897600 | 192866 | 175261 | 109156 10.2 76.41 2524
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Furthermore, Table 5 presents the weighted normalized decision matrix.

Table 5. Weighted normalized decision matrix for 2016

G G G G Cs Cs G
Canada 0.020 0.021 0.014 0.014 0.027 0.017 0.052
France 0.015 0.052 0.095 0.017 0.047 0.072 0.031
Germany 0.028 0.035 0.017 0.033 0.018 0.027 0.054
Italy 0.007 0.038 0.040 0.010 0.042 0.045 0.035
Japan 0.028 0.029 0.011 0.008 0.023 0.021 0.058
United Kingdom 0.034 0.046 0.018 0.028 0.038 0.032 0.065
United States 0.195 0.181 0.082 0.045 0.058 0.066 0.115
Max 0.195 0.181 0.095 0.045 0.058 0.072 0.115

Finally, the G7 countries are ranked according to Table 6 by obtaining weighted proximity

indexes and overall proximity values.

Table 6. PIV results for 2016

C; (& (o) Cs Cs C; Overall Proximity Value [ Rank
Canada 0.175 | 0.159 | 0.081 | 0.032 | 0.031 | 0.054 | 0.064 0.596 7
France 0.179 | 0.129 | 0.000 | 0.029 | 0.011 | 0.000 | 0.085 0433 2
Germany | 0.167 | 0.146 | 0.079 | 0.012 | 0.040 | 0.044 | 0.062 0.549 5
Italy 0.188 | 0.143 | 0.055 | 0.035 | 0.015 | 0.026 | 0.080 0.543 4
Japan 0.167 | 0.152 | 0.084 | 0.038 | 0.034 | 0.051 | 0.057 0.583 6
Ei:i;?j%m 0.161 | 0.134 | 0.077 | 0.018 | 0.019 | 0.039 | 0.050 0.499 3
;Jtr;itt:Sd 0.000 | 0.000 | 0.013 | 0.000 | 0.000 | 0.005 | 0.000 0.018 1

Moreover, Table 7, Table 8, and Table 9 show the mentioned process for available 2020

data.

Table 7. Primary decision matrix for 2020

G G G G Cs Ce G
Canada 2762000000 13535 5068 12078 2.8 2.96 4589
France 2495634400 32646 117109 27758 4.8 417 781
Germany 2575845000 22068 12449 38752 1.3 10.89 2031
Italy 780149000 19895 38419 10871 3.5 25.19 786
Japan 5113112000 10598 4116 5448 14 412 2600
United Kingdom 3096752000 18944 11101 21743 34 11.1 2398
United States 36950099200 72483 44792 34159 39 19.21 3773
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Table 8. Weighted normalized decision matrix for 2020

G G G Cy Cs Ce G
Canada 0.013 0.033 0.006 0.107 0.013 0.033 0.006
France 0.029 0.057 0.090 0.018 0.029 0.057 0.090
Germany 0.041 0.015 0.024 0.047 0.041 0.015 0.024
Italy 0.011 0.042 0.054 0.018 0.011 0.042 0.054
Japan 0.006 0.017 0.009 0.060 0.006 0.017 0.009
United Kingdom 0.023 0.040 0.024 0.056 0.023 0.040 0.024
United States 0.036 0.046 0.042 0.088 0.036 0.046 0.042
Max 0.041 0.057 0.090 0.107 0.041 0.057 0.090

The final results of PIV method for 2020 are shown in Table 9.

Table 9. PIV results for 2020

C; (& G Cy Cs Cs C; | Overall Proximity Value | Rank
Canada 0.028 | 0.024 | 0.084 | 0.000 | 0.028 | 0.024 | 0.084 0.000 5
France 0.011 | 0.000 | 0.000 | 0.089 | 0.011 | 0.000 | 0.000 0.089 2
Germany 0.000 | 0.042 | 0.067 | 0.059 | 0.000 | 0.042 | 0.067 0.059 6
Italy 0.029 | 0.015 | 0.036 | 0.088 | 0.029 | 0.015 | 0.036 0.088 3
Japan 0.035 | 0.040 | 0.081 | 0.046 | 0.035 | 0.040 | 0.081 0.046 7
United Kingdom | 0.018 | 0.017 | 0.066 | 0.051 | 0.018 | 0.017 | 0.066 0.051 4
United States 0.005 | 0.011 | 0.049 | 0.019 | 0.005 | 0.011 | 0.049 0.019 1

5.3. DNCRADIS results

In order to assess the G7 countries’ tourism industry more accurately, the double normalized
CRADIS method is also utilized in this research. Tables 10 and 11 show the DNCRADIS results
for G7 countries in 2016 and 2020, respectively.

Table 10. DNCRADIS results for 2016

St K ST K7 S+ K:* S~ K- Q; Q R | Rank

[ [ L [ L L L L

Canada 1.187 | 1.061 | 0.187 | 0.197 | 0.717 | 1.758 | 0.657 | 0.692 | 0.629 | 1.225 [0.514 | 7

France 0.942 | 1.337 | 0.431 | 0.454 | 0.965 | 1.305 | 0.408 | 0.430 | 0.895 | 0.867 | 1.032 | 2
Germany | 1.125 | 1.119 | 0.248 | 0.261 | 0.870 | 1.447 | 0.503 | 0.530 | 0.690 | 0.989 | 0.698 | 4
Italy 1.100 | 1.145 | 0.273 | 0.288 | 0.782 | 1.612 | 0.592 | 0.623 | 0.716 | 1.118 | 0.641 5
Japan 1.174 | 1.073 | 0.200 | 0.210 | 0.754 | 1.672 | 0.620 | 0.653 | 0.642 | 1.162 | 0.552| 6
Ei?:;?j%m 1.052 | 1.198 | 0.322 [ 0.339 | 0.996 | 1.265 | 0.377 | 0.397 | 0.768 | 0.831 | 0.924| 3

United

States 0.451 | 2.791 | 0.922 | 0.971 | 1.255 | 1.004 | 0.119 | 0.125 | 1.881 | 0.564 | 3.333| 1
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Table 11. DNCRADIS results for 2020

St KH | S| K| st k| ST | k| Q| @ | R |Rank
Canada 1.106 | 1.185 | 0.287 | 0.296 | 0.872 | 1.504 | 0.522 | 0.538 | 0.740 | 1.021 | 0.725 | 5
France 0.885 | 1.481|0.509 | 0.524 | 1.071 | 1.224 | 0.323 | 0.333 [ 1.003 | 0.779 | 1.288 | 2
Germany 1132 1.158 [0.262 | 0.270 | 1.011 | 1.296 | 0.383 | 0.395 | 0.714 | 0.845 | 0.844 | 4
Italy 1.125 | 1.165 | 0.268 | 0.277 | 0.843 | 1.554 | 0.550 | 0.567 | 0.721 | 1.061 | 0.679 | 6
Japan 1.214|1.079 [0.180 | 0.185 | 0.755 | 1.735 | 0.638 | 0.658 | 0.632 | 1.197 | 0.528 | 7
United Kingdom | 1.110 | 1.180 | 0.283 | 0.292 | 1.066 | 1.230 | 0.328 | 0.338 | 0.736 | 0.784 [0.939 | 3
United States | 0.629 | 2.085 | 0.765 | 0.789 | 1.279 | 1.025 | 0.115 | 0.118 | 1.437 | 0.571 [ 2.515 | 1

6. Sensitivity analysis

The robustness of the research methodology will be evaluated through two experiments. For
PIV and DNCRADIS results, the Pearson correlation coefficient test is utilized first. Then, we
applied a sensitivity analysis using five strict scenarios to observe the ranking discrepancies.

6.1. Results comparison

Our research methodology is constructed based on two newly developed MCDM methods,
which are PIV and DNCRADIS. Therefore, comparing their results can show the accuracy of
G7 countries’ tourism evaluation. Figures 3 and 4 show the comparison of the results.

Furthermore, the Pearson correlation coefficient test is implemented to analyze the per-
formance of PIV and DNCRADIS. The results are shown in Tables 12 and 13.

m PIV for 2016
= DNCRADIS for 2016

7 7
6 6
5 5
4 4
3 3
2 2

1

CANADA FRANCE GERMANY ITALY JAPAN UNITED UNITED

KINGDOM STATES

Figure 3. PIV and DNCRADIS results for 2016 data
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7 7
6 6
5 5
4
3
2 2 |

m PIV for2020
= DNCRADIS for 2020

4
3
| 1 1

CANADA FRANCE GERMANY ITALY JAPAN UNITED UNITED
KINGDOM STATES
Figure 4. PIV and DNCRADIS results for 2020 data
Table 12. Pearson correlation coefficient test for 2016 data
DNCRADIS PIV
DNCRADIS 1 0.964285714
PIV 0.964285714 1
Table 13. Pearson correlation coefficient test for 2020 data
DNCRADIS PIV
DNCRADIS 1 0.75
PIV 0.75 1

Pearson correlation coefficient test results indicate that the experimental design is robust

and that modified DNCRADIS and PIV produce highly correlated results.

6.2. Scenario implementation

It is unlikely that a model will experience severe fluctuations under changing criteria weights
if it is robust enough. Thus, an experiment based on five scenarios is implemented to assess

the research methodology’s validity. Table 14 shows the implemented scenarios.

Table 14. Sensitivity analysis scenarios

G G G Gy Cs Ce G
Base 0.203 0.203 0.136 0.068 0.102 0.119 0.169
Scenario 1 0.143 0.143 0.143 0.143 0.143 0.143 0.143
Scenario 2 0.2 0.2 0.25 0.2 0.05 0.05 0.05
Scenario 3 0.25 0.2 0.2 0.2 0.05 0.05 0.05
Scenario 4 0.2 0.25 0.2 0.2 0.05 0.05 0.05
Scenario 5 0.05 0.1 0.05 0.05 03 0.25 0.2
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Moreover, Figures 5 to 8 show the results of scenario implementation.

Scenario implementation shows that our research methodology is valid, and discrepan-
cies in rankings are neglectable. Moreover, the results indicate that PIV is more sensitive than
DNCRADIS to changing criteria weights.

7. Discussion

Findings from the comparison of tourism rankings among the G7 countries based on the PIV
and DNCRADIS models, as depicted in Figure 3, indicate that in 2016, the rankings of five
countries (United States, United Kingdom, Japan, France, and Canada) remained stable out
of the total seven G7 nations, while the rankings of two countries (Italy and Germany) varied
between the two models. Notably, the United States consistently secured the top position
in both models, underscoring its robustness and appeal in attracting tourists. Furthermore,

Canada

—— Base

——— Scenario 1
Scenario 2
Scenario 3

——— Scenario 4

United States France

——— Scenario 5

United Kingdom Germany

Japan Italy

Figure 5. PIV results for implementing scenarios on 2016 data

Canada

—— Base
——— Scenario 1
Scenario 2
France Scenario 3
——— Scenario 4

United States

——— Scenario 5

United Kingdom Germany

Japan Italy

Figure 6. PIV results for implementing scenarios on 2020 data
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France and the United Kingdom played significant roles in the tourism industry, holding the
second and third positions, respectively, in both models during the studied period, highlight-
ing the significance and allure of their tourist destinations.

Conversely, Japan and Canada faced the lowest tourism rankings among the G7 countries,
occupying the sixth and seventh positions in both PIV and DNCRADIS models, respectively.
These results underscore the influence of diverse factors on the tourism trends in these
countries.

The examination of Germany and Italy’s rankings in 2016 reveals divergent positions in
both PIV and DNCRADIS models. Germany secured the fourth position in the DNCRADIS
model and the fifth position in the PIV model, whereas Italy occupied the fifth position in the
DNCRADIS model and the fourth position in the PIV model.

Canada —— Base
——— Scenario 1
Scenario 2
Scenario 3
France ~—— Scenario 4
——— Scenario 5

United States

United Kingdom Germany

Japan Italy

Figure 7. DNCRADIS results for implementing scenarios on 2016 data

Canada Base
Scenario 1

Scenario 2

Scenario 3
Scenario 4
Scenario 5

United States France

United Kingdom Germany

Japan Italy

Figure 8. DNCRADIS results for implementing scenarios on 2020 data
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The findings from the investigation of the G7 countries’ tourism rankings for the year
2020 based on the PIV and DNCRADIS models, as shown in Figure 4, indicate that except for
the United States and France, which maintained stable positions in both rankings and results
compared to 2016, with the United States in the first position and France in the second posi-
tion, the other countries (United Kingdom, Japan, Italy, Germany, and Canada) experienced
changes either in their rankings or in the results from both models.

In 2020, the United Kingdom, similar to 2016, ranked third based on the DNCRADIS model
and fourth based on the PIV model. Canada, on the other hand, secured the fifth position in
both models, whereas it was in the seventh position in 2016, based on both models.

Japan also experienced a shift, ranking seventh in 2020 according to both models, while
it held the sixth position in 2016 according to both models. The most significant changes
were observed in Italy in 2020. Italy ranked third based on the PIV model and sixth based on
the DNCRADIS model, in contrast to 2016 when it held the fourth position based on the PIV
model and the fifth position based on the DNCRADIS model. The examination of Germany's
rankings in 2020 also revealed notable differences, with the country securing the fourth posi-
tion in the DNCRADIS model and the sixth position in the PIV model. It is worth noting that
Germany's ranking remained consistent in both 2016 and 2020, holding the fourth position
in both years based on the DNCRADIS model. However, based on the PIV model, Germany
ranked fifth in 2016 and sixth in 2020.

Therefore, the study presents valuable insights into the effects of the Covid-19 pandemic
on tourism in the G7 countries between 2016 and 2020. The findings highlight the resilience
of the United States’ tourism industry and the significant roles played by France and the
United Kingdom in attracting tourists. Additionally, the research identifies Japan and Canada
as facing challenges in their tourism sectors. Moreover, Italy and Germany displayed fluctua-
tions in their rankings, indicating the dynamic nature of tourism trends. The results of this
study can guide future researchers and policymakers in developing effective strategies to
navigate and mitigate the impacts of crises on the tourism industry.

7.1. Future implications

The COVID-19 pandemic has brought about profound social, economic, and environmental
impacts that have reverberated across all sectors of the economy. The tourism industry, too,
has not remained exempt from these effects, experiencing a multitude of repercussions.
Beyond the direct ramifications on the tourism sector, there have been cascading and in-
direct impacts on related industries, including transportation, restaurants, retail, and other
businesses.

Given the sudden and unanticipated onset of the COVID-19 pandemic, numerous coun-
tries faced severe damage and struggled to adapt to the new circumstances. The experience
of this crisis and understanding the extent of economic damages suffered by countries, par-
ticularly when compared to peer nations, can serve as a pivotal lesson for preparedness in
facing future crises within the tourism industry. Furthermore, this experience can facilitate the
enhancement of policies and programs pertaining to health and travel security.

Conversely, it became evident for many countries that the tourism industry is not im-
mune and is highly susceptible to both natural and anthropogenic crises. Hence, nations can
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strengthen other economic sectors alongside the tourism industry to fortify their economic
structure against vulnerabilities. By diversifying their economic portfolios, countries can en-
sure a more resilient economic landscape less susceptible to disruption, particularly during
crises such as COVID-19, thereby minimizing the damage incurred.

Another advantage of discerning the extent of COVID-19's impact on tourism lies in the
capacity it offers to managers and planners. By understanding the tourism indicators influ-
enced by COVID-19 and precisely identifying affected segments such as hotels, restaurants,
and transportation, these stakeholders can amass the ability to manage and strategize for
these sectors in the face of analogous crises. Therefore, the optimal course of action for
them involves developing an array of diverse scenarios tailored to different situations and
conditions. For instance, scenarios outlining alternative occupations to those associated with
the tourism sector in the event of a human calamity such as war or disease must be tailored
based on the duration of the said human calamity. These scenarios should be structured into
short-term, medium-term, and long-term scenarios. This proposition necessitates a deeper
study for each of the G7 countries.

7.2. Limitations of the study

Given the subject of the current article, the research limitations include:

= There are numerous indicators available to assess the state of tourism development, but
there is insufficient data for all these indicators. The necessary data and information for
some countries are comprehensive, but certain countries have not published sufficient
data for specific indicators, leading to the exclusion of some important indices.

= In research conducted using MCDM (Multiple Criteria Decision Making), one of the
most crucial aspects is assigning weight to the examined indicators. Considering the
breadth of the study's constraints, the possibility of experts’ weighing the indicators
necessitates a significant amount of time and cost.

= Limited studies have been conducted on G7 countries, especially in various sectors of
tourism.

8. Conclusions

The level of economic dependence of different countries on the tourism industry can de-
termine their susceptibility to future natural and human-made crises. The higher a country’s
readiness to cope with such crises, the fewer negative impacts it may experience.

The COVID-19 crisis had significant effects on the tourism industries of G7 countries
during the four-year period from 2016 to 2020. Countries like the United States, France, and
the United Kingdom appeared as leading nations in the tourism industry, while Japan and
Canada faced challenges, and Germany and lItaly experienced changes in their positions.
Based on these results, officials and planners in the tourism industry of G7 countries can
make appropriate decisions for developing and improving tourism under similar crisis condi-
tions. Moreover, these findings can serve as a valuable guide for other countries in managing
similar crises in the tourism industry and fostering future research in this area.
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The results of this study play a crucial role in advancing knowledge about the impacts
of the COVID-19 crisis on the tourism industry in G7 countries. Hence, implementing the
proposed suggestions can aid in enhancing the management and performance of the tour-
ism industry in facing future challenges, as well as strengthening the required knowledge for
future studies.

Investigating the factors influencing country rankings in the tourism industry can be an
effective guide for tourism managers and policymakers. These analyses can contribute to a
better understanding of how economic, social, and health factors affect the prosperity of the
tourism industry.

To cope with sudden natural and human-made crises, such as the COVID-19 pandemic,
the tourism industry of countries needs to be more flexible. Developing various scenarios
tailored to different circumstances can enhance the industry’s adaptability and resilience.
Therefore, a novel MCDM approach (RANCOM-PIV-DNCRADIS) has been utilized to assess
the effect of the COVID-19 pandemic on G7 tourism industries. The implemented hybrid
model has shown to be robust enough to trust for future implications.

In conclusion, several recommendations are offered to future researchers:

1. Instead of the PIV and DNCRADIS models, more advanced data analysis methods and
accurate predictive models can be utilized in future articles to achieve more precise
analyses and results regarding the impact of COVID-19 on the tourism industry.

2. Future studies should employ up-to-date and more accurate data to attain more reli-
able results.

3. It is suggested to investigate the impacts of similar crises on the tourism industry in
other countries, particularly advanced nations, to enhance and improve strategies for
facing future crises.

4. Conducting more advanced research using accurate data analysis methods with a
future-oriented approach can contribute to knowledge advancement in this field and
make the tourism industry of these countries more resilient against future crises. Ad-
ditionally, strategic planning and more precise forecasting for crisis management in the
tourism industry should be implemented to minimize negative impacts on the sector.

5. Utilizing innovative technologies and tourism management innovations can aid in im-
proving the performance of the tourism industry under critical natural and human-
made crisis conditions. Hence, future researchers can focus on further research in areas
such as artificial intelligence, tourism observation technologies, and tourist experience
assessment.
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