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1 Mapping Changes in Human Mobility for Dining Activities: A Perceived 

2 Risk Theory Perspective

3 Structured Abstract

4 Purpose – This research aims to explain how the impact of COVID-19 on human 

5 mobility is affected by the perceived risk of the pandemic.

6 Design/methodology/approach – Using a statistical analysis and a geographic 

7 visualization technique, we investigate whether and how changes in people’s restaurant

8 visiting patterns during COVID-19 vary with their level of risk perception.

9 Findings – The changes in people’s restaurant visiting patterns vary with their risk 

10 perception: the tendency to increase the number of visits to restaurants located in non-

11 popular areas is related to the level of perceived risk.

12 Originality/value – This research confirms the importance of risk perception when 

13 examining the pandemic’s multi-dimensional impacts.

14 Keywords: Mapping behaviour; human mobility; COVID-19 lockdown; perceived 

15 risk theory; dining activities
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16 1. Introduction

17 COVID-19 has affected almost every destination around the world, mainly by 

18 influencing how people move within it. It has led people to avoid visiting popular travel 

19 sites (Falk et al., 2022) and avoid using public transport (Campisi et al., 2022). 

20 Considering that the pandemic reshaped people’s behaviour in often hidden ways, 

21 destinations need to examine the changes in people’s movement to understand the 

22 impact of COVID-19 on their region (Zenker and Kock, 2020). The examination of 

23 changes in movements within a destination can provide important insights for taking 

24 proper countermeasures to limit virus transmission; for example, by using different 

25 levels of social distancing measures (Chow et al., 2021).

26 The perceived risk theory argues that people make decisions based on the level 

27 of risk they perceive about the possible negative consequences associated with their 

28 decisions (Taylor, 1974). According to the theory, people react differently to similar 

29 potential negative consequences because risk perception is subjective (Chi et al., 2022). 

30 Once people’s movement within a destination during the pandemic is considered, 

31 people are either more or less sensitive to potential infection risk depending on their 

32 perception (Abraham et al., 2020). Such subjective perception may lead them to make 

33 different spatial decisions (Zenker and Kock, 2020). The changes in people’s movement 

34 within a destination during the pandemic should be explained based on consideration 

35 different levels of risk perception to further understand the impact of COVID-19 on a 

36 destination and, subsequently, develop granular countermeasures. However, the existing 

37 literature has scarcely examined the impact of risk perception on people’s movement 

38 during COVID-19 because their behavioral intention has been primarily investigated 

39 (Neuburger and Egger, 2021, Zhan et al., 2022).
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40 The aim of this study was to explain the effects of COVID-19 on people's 

41 mobility, taking into account risk perception in the response. While there are many 

42 factors affect people’s movement during COVID-19, we hypothesized that their risk 

43 perception is one of the factors based on the perceived risk theory (Taylor, 1974): the 

44 changes in people’s movements during COVID-19 would vary with their risk 

45 perception. Since risk perception is influenced by socio-demographic characteristics 

46 (Chi et al., 2022), we examined how the change in movement after the outbreak of 

47 COVID-19 differed with three characteristics that can affect risk perception: sex 

48 (Reisinger and Mavondo, 2006), age (Isaac and Van den Bedem, 2020), and status 

49 (Moreira, 2008). We targeted dining activities as the context of people’s movements, as 

50 these are among the most common aspects of our lives regardless of sex, age, and 

51 status. We adopted statistical analysis and geographic visualization techniques, using 

52 data from a smartphone driver navigation application. While some previous studies 

53 tracked people’s movements during COVID-19 with detail and precision by using 

54 mobile data (Chen et al., 2021), to our best knowledge, such movements have not been 

55 specified by socio-demographic characteristics. The mobile data used in this research, 

56 which were associated with users’ socio-demographic characteristics, allowed us to 

57 track the movement of people from different socio-demographic groups with detail and 

58 precision. 
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59 2. Literature Review

60 2.1. Determinants of human mobility

61 Human mobility is determined by interactions between and psychological 

62 factors (Grinberger and Shoval, 2019). The literature examined the effect of each factor 

63 on people’s spatial behavior and identified different contingencies among the effects 

64 (McKercher and Lew, 2004). One stream of the literature investigated time and space 

65 constraints as the main determinants of people’s spatial behavior. The literature 

66 developed a conceptual framework called time-geography to explain the effects of the 

67 time-space resources on an individual’s movement (Ellegård and Svedin, 2012). A 

68 tourist’s movement within a destination was found to be determined by the available 

69 time budget for travelling in the destination (Bauder and Freytag, 2015) and the distance 

70 between attractions (Wong et al., 2021). Another stream of the literature explained the 

71 effects of individuals’ psychological factors on their representations of the physical 

72 world. The literature found that individuals’ time and distance estimations are biased by 

73 cognitive (Kang et al., 2020), social (Zhao et al., 2018), and emotional factors (Han et 

74 al., 2018). The literature showed that individuals make different spatial decisions, 

75 determined by psychological factors, even when exposed to similar time-space 

76 constraints (Grinberger and Shoval, 2019). It is important to identify the psychological 

77 factors that affect their perception of the physical environment and to explain how these 

78 factors motivate specific spatial choices (Zheng et al., 2022). The impact of COVID-19 

79 on people’s movement during the pandemic can be explained based on the 

80 psychological factors that affect their perception of the surrounding environment. 

81 2.2. Impact of COVID-19 on people’s movement within a destination

82 Many studies investigated the multi-dimensional impact of COVID-19 on 

83 destinations, including political economy (Florido-Benítez, 2021), public health (Li et 
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84 al., 2021), and social well-being (Wen et al., 2020). One stream of the literature 

85 attempted to explain the impact of COVID-19 on a destination based on the changes in 

86 people’s movement within the area. Falk et al. (2022) found that people in four Europe 

87 countries were more likely to visit areas with a low population density than those with a 

88 high population density during their domestic travel in summer 2020. Li et al. (2022) 

89 verified that while tourism flow networks in large cities in Hubei Province damaged by 

90 the pandemic recovered slowly, rural and natural scenic spots showed rapid recovery. 

91 Although the existing literature described the change in people’s movement during the 

92 COVID-19 pandemic, there has been little examination of what makes people display 

93 different spatial behaviour patterns during the pandemic. The impact of COVID-19 on 

94 people’s movement can be further examined based on the psychological factors that 

95 affect their perception of the environment. This research aims to explain the impact of 

96 COVID-19 on people’s movement based on the psychological factors that could affect 

97 their perception of the pandemic situation: the perceived risk (Abraham et al., 2020). 

98 This research targeted an essential activity for an individual when traveling, which is 

99 movement for dining activities.
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100 3. Research Model and Hypotheses

101 This study anticipated that the change in people’s movements for dining 

102 activities during COVID-19 would depend on their socio-characteristics affecting risk 

103 perception: sex (Reisinger and Mavondo, 2006), age (Isaac and Van den Bedem, 2020), 

104 and status (Moreira, 2008).

105 [Figure 1]

106 According to the perceived risk theory, when making decisions, people perceive 

107 a certain level of risk related to the possible negative consequences of those decisions 

108 and that perceived risk affects decision-making (Taylor, 1974). Individuals show a 

109 range of reactions to the same possible negative consequence because risk perception is 

110 subjective (Pope et al., 1999). The theory maintains that certain socio-demographic 

111 groups tend to perceive higher risk in general (Chi et al., 2022). Many studies used the 

112 perceived risk theory to explain how people react to COVID-19 pandemic situation 

113 differently based on their socio-demographic characteristics. Bae and Chang (2021) 

114 explored South Korean citizens’ intention to conduct non-contact tourism during 

115 COVID-19 and found that males’ preference for non-contact tourism is different from 

116 females’ preference because of the difference between the groups in terms of the 

117 perceived risk of infection. The impact of risk perception of COVID-19 on people’s 

118 travel intention was also examined as moderated by their age (Abraham et al., 2020). 

119 Joo et al. (2021) found that the residents of a destination perceived a higher level of risk 

120 than tourists and showed lower levels of support for tourism. We hypothesized that how 

121 people change their movements for dining activities within a destination during 

122 COVID-19 might be dependent on three socio-demographic characteristics that affect 

123 risk perception. 
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124 People’s motivations for dining out at a restaurant are functional or hedonic 

125 (Park, 2004). Depending on the main motivation for dining out, people’s choice of a 

126 restaurant to visit is determined by different aspects. If the functional motivation 

127 becomes pronounced because of the outbreak of the epidemic, the location of a 

128 restaurant can be a major determinant of people’s choice (Radic et al., 2021). Thus, we 

129 expected that people in socio-demographic groups with high levels of perceived risk of 

130 COVID-19 would be more affected by functional motivation and, thus, be more active 

131 in avoiding visiting popular, crowded areas than their counterparts. The former group’s 

132 active avoidance of crowded locations would lead them to diversify their choice of areas 

133 to visit and, thus, their visiting of places within a destination would become more 

134 evenly distributed after the outbreak of COVID-19 (Park et al., 2021).

135 We hypothesise that the extent to which people move to dine within a destination 

136 following an outbreak of COVID-19 varies by sex, age, and status. Males tend to 

137 perceive a higher risk of infection than females (Malik et al., 2020). Therefore, we 

138 postulate that males will have a stronger diversification pattern than females in selecting 

139 an area for eating activities during COVID-19.

140

141 H1a. Males perceive a higher risk of infection and they are more active in in 

142 diversifying their choice of areas to visit a restaurant than females after the COVID-19 

143 outbreak.

144 H1b. The restaurants visited by males during COVID-19 are more evenly distributed 

145 than those visited by females.

146

147 A previous study showed that older generations had higher levels of fear of 

148 contracting COVID-19 (Shahid et al., 2020). We hypothesise that older generations 
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149 would show more diversification in selecting dining activities during COVID-19 than 

150 younger generations.

151

152 H2a. Older generations perceive a higher risk of infection and they are more active in 

153 in diversifying their choice of areas to visit a restaurant than younger generations after 

154 the COVID-19 outbreak.

155 H2b. The restaurants visited by older generations during COVID-19 are more evenly 

156 distributed than those visited by younger generations.

157

158 The residents of a destination were found to feel a higher infection risk than 

159 tourists (Zenker and Kock, 2020). We hypothesise that residents would show more 

160 diversification in selecting an area for dining activities during COVID-19 than tourists.

161

162 H3a. Residents perceive a higher risk of infection and they are more active in in 

163 diversifying their choice of areas to visit a restaurant than tourists after the COVID-19 

164 outbreak.

165 H3b. The restaurants visited by residents during COVID-19 are more evenly distributed 

166 than those visited by tourists.

167

168 If the changes in people’s movement patterns during COVID-19 are due to their 

169 risk perception, people might return to their normal pattern if their perceived risk 

170 relating to the pandemic situation decreases (Gogoi et al., 2022). As the pandemic 

171 duration increases, people may become accustomed to the situation and less sensitive to 

172 the potential infection risk (Wang and Xia, 2021). We hypothesise that the diversified 

Page 15 of 52 Tourism Review

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



Tourism
 Review

9

173 patterns in selecting an area for dining activities during COVID-19 will disappear as the 

174 pandemic situation becomes prolonged.

175

176 H4a. Both males’ and females’ movements for dining activities long after the COVID-

177 19 outbreak will be similar to each group’s movements before the outbreak.

178 H4b. Both older and younger generations’ movements for dining activities long after 

179 the COVID-19 outbreak will be similar to each group’s movement before the outbreak.

180 H4c. Both residents’ and tourists’ movements for dining activities long after the 

181 COVID-19 outbreak will be similar to each group’s movements before the outbreak.

182

183 [Figure 2]
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184 4. Methodology

185 We selected Jeju Island in South Korea as our study site. We used the usage data 

186 from a driver navigation application. We collected the usage data from Tmap, the 

187 country’s most popular navigation application in terms of market share over almost a 

188 decade (Lee, 2022). We were able to access the usage data associated with sex, age, and 

189 status (i.e., whether the usage occurred within the person’s area of residence or not) 

190 over a specific period (from June 2019 to June 2020). Since the number of navigation 

191 application users has already exceeded that of built-in car navigation users across sexes 

192 and age groups from 2014 in South Korea (Kim, 2022), we expected our data to be 

193 useful in showing the movement of the majority of Korean people. The dataset included 

194 the following information (see Appendix for the dataset preview):

195  Trip: Date of the trip.

196  User: Sex, age, and status.

197  Destination: Location (latitude and longitude), category (e.g., restaurants,

198 accommodation, and public services).

199 For each destination categorized as a restaurant (point of interest; POI, 

200 hereafter), we computed the number of visits made by different groups of people (i.e., 

201 visits by males or females; visits by people in their 20s, 30s, 40s, 50s, or 60s; visits by 

202 residents or tourists) for the months we targeted. All the computed values were 

203 normalized for the relative comparison of visit density for each POI. We used the 

204 computed values as an outcome variable: the normalized value of the number of visits 

205 to a restaurant over a month.

206 We targeted June 2019, April 2020, and June 2020 as the months before, right 

207 after, and long after the COVID-19 outbreak (hereafter referred to as before, right after, 

208 and long after COVID-19), respectively. While restaurant visits were possible in all the 
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209 target months, people needed to wear a mask to visit a restaurant and were 

210 recommended to limit their gathering in April and June 2020. Although both April and 

211 June 2020 were within the pandemic period, the latter was about three months after the 

212 outbreak of COVID-19 and the situation was somewhat improved at that time: people 

213 might have been reverting to their normal patterns due to the prolonged pandemic 

214 situation (Gogoi et al., 2022). We used April 2020 to assess how people’s movements 

215 for restaurant visits changed after the outbreak of COVID-19 (H1, H2, and H3) and 

216 June 2020 to estimate whether the change in the movement was maintained when the 

217 pandemic situation was prolonged (H4).

218 We conducted several analyses using the normalized value of the number of visits to a 

219 restaurant for a month as an outcome variable (normalized restaurant visits, hereafter). 

220 First, a regression analysis was performed. We used the Poisson regression model 

221 because the outcome variable represents the occurrence of a specific event (i.e., a visit 

222 to a restaurant). Each restaurant was treated as a unit of analysis and the normalized 

223 restaurant visits made by a certain socio-demographic was used as the outcome variable. 

224 The month was used as the independent variable (1: before, 2: right after, 3: long after 

225 COVID-19) and the socio-demographic characteristic was used as the moderating 

226 variable. The following elements relating to a restaurant’s location were used as control 

227 variables (Table 1).

228  Number of nearby restaurants (number of restaurants located within a 100-meter 

229 radius from a focal restaurant): A restaurant in an area where many alternatives are 

230 concentrated tends to be more visited by people compared to its counterparts (Ryu 

231 and Han, 2010).

232  Proximity to nearby beach (Straight-line distance from a focal restaurant to the 

233 closest beach): The major tourist areas on Jeju Island are close to beach areas. A 
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234 restaurant near a beach area is considered as being located in a popular area (Jang 

235 and Jeong, 2011).

236  Proximity to the airport (Straight-line distance from a focal restaurant to Jeju 

237 International Airport): A restaurant near Jeju International airport tends to be 

238 frequently visited by tourists right after arriving or right before leaving the island. 

239 Also, a restaurant close to the airport might be easily visited by residents because 

240 the airport is near to the major residential areas of the island (Cantallops and Salvi, 

241 2014).

242 [Table 1]

243 A regression model was developed to examine the difference between 1) males’ 

244 and females’; 2) age groups’; 3) residents’ and tourists’ restaurant visit patterns before, 

245 right after, and long after COVID-19, respectively.

246  Model 1. Visitsi = αi + βi·month + γi·sex + δi·month·sex + ζi·number of nearby 

247 restaurants + ηi·proximity to nearby beach + θi·proximity to the airport + εi

248  Model 2. Visitsi = αi + βi·month + γi·age + δi·month·age + ζi·number of nearby 

249 restaurants + ηi·proximity to nearby beach + θi·proximity to the airport + εi t

250  Model 3. Visitsi = αi + βi·month + γi·status + δi·month·status + ζi·number of nearby 

251 restaurants + ηi·proximity to nearby beach + θi·proximity to the airport + εi

252 where Visitsi represents the normalized number of visits to a restaurant i, indicating how 

253 many visits were made to a certain restaurant (restaurant i in this case) for a month. The 

254 parameter δi represents the interaction effect between the month and a given socio-

255 demographic factor on the dependent variable, which is the main focus of the current 

256 research. The parameters βi and γi represent the impact of the month and a certain socio-

257 demographic factor, and the other parameters (ζi, ηi, θi) represent the effects of three 
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258 control variables on the dependent variable. Finally, the parameters αi and εi represent 

259 the constant and error terms, respectively.  

260 After statistically examining the change in people’s movements, we conducted a 

261 geographic visualization using software called ArcGIS to visually describe the 

262 heterogeneous restaurant visit patterns. Based on the outcome variable, we mapped the 

263 restaurants hierarchically, where a restaurant of a higher value is represented by a 

264 bigger symbol on the map.
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265 5. Results and Discussions

266 5.1. Sex 

267 The first interaction variable (Males*Right after COVID-19) had a significant 

268 impact on the dependent variable (b = 0.541, p < 0.05) (Table 2). The extent to which 

269 males increased restaurant visits right after COVID-19 was 54.1% higher than the 

270 extent to which females did. However, the impact of the second interaction variable 

271 (Males*Long after COVID-19) was not significant (b = -0.147, p = 0.580). Both graphs 

272 increased right after COVID-19, but the line for males showed a stronger increase 

273 compared to the line for females (Figure 3). During the period of long after COVID-19, 

274 both lines decreased to levels similar to those recorded before COVID-19.

275 [Table 2]

276 [Figure 3]

277 The blue circles represent restaurant visits by males (top of Figure 4), and the 

278 red circles reflect those by females (bottom of Figure 4). As indicated in Figures 4b and 

279 4e, both blue and red circles became more evenly distributed across Jeju Island right 

280 after COVID-19. More 2nd, 3rd, and 4th level circles (i.e., restaurants whose computed 

281 value was between 0.2 and 0.8) appeared right after COVID-19. These tendencies seem 

282 more evident for males than females. However, as shown in Figure 4c and 4f, both 

283 males’ and females’ restaurant visit patterns long after COVID-19 were similar to those 

284 before COVID-19.

285 While both males and females diversified their spatial choice for dining 

286 activities right after COVID-19, males were likely to be more active in diversifying 

287 their spatial choice for dining activities during the pandemic compared to females. 

288 However, the diversified patterns for males and females right after COVID-19 

289 disappeared as the pandemic continued. H1a, H1b, and H4a were supported. 
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290 [Figure 4]

291 5.2. Age 

292 For the first group of interaction variables (Age*Right after COVID-19), the 

293 impact was significant only for those in their 50s (b = 0.411, p < 0.05) and 60s (b = 

294 0.416, p < 0.05) (Table 3). The extent to which people in their 50s and 60s increased 

295 their restaurant visits right after COVID-19 was higher than the reference group by 

296 about 40%. For the second group of interaction variables (Age*Long after COVID-19), 

297 no significant impact was found. Consistent trends were shown in all age groups, but 

298 the strongest changes were shown in the 50s and 60s age groups (Figure 5).

299 [Table 3]

300 [Figure 5]

301 The red circles represent people in their 20s (1st row of Figure 6), orange, 30s 

302 (2nd row of Figure 6); yellow, 40s (3rd row of Figure 6); green, 50s (4th row of Figure 6); 

303 and blue, 60s (5th row of Figure 6). In general, more 2nd, 3rd, and 4th level circles 

304 appeared and circles became more evenly distributed right after COVID-19. However, 

305 such tendencies were more evident in those in their 50s and 60s (Figures 6k and 6n) 

306 than those in their 20s, 30s, and 40s (Figures 6b, 6e, and 6h). The diversified patterns in 

307 the periods right after COVID-19 disappeared for all ages when the pandemic was 

308 prolonged (Figure 6c, 6f, 6i, 6l, and 6o).

309 These findings imply that 1) older adults tended to be more active in 

310 diversifying their spatial choice for dining activities during the pandemic compared to 

311 younger adults, supporting H2a and H2b, and that 2) all age groups tended to return to 

312 their original restaurant visit patterns when they became accustomed to COVID-19, 

313 supporting H4b.

314 [Figure 6]
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315 5.4. Status

316 The impact of the first interaction variable (Residents*Right after COVID-19) 

317 on the dependent variable was significant (b = 0.791, p < 0.01) (Table 4). Also, the 

318 impact of the second interaction variable (Residents*Long after COVID-19) was 

319 significant (b = 0.681, p < 0.01). The extent to which residents increased restaurant 

320 visits right and long after COVID-19 was higher than the extent to which tourists did by 

321 about 80% and 70%, respectively. The line for residents ascended right after COVID-19 

322 and remained at a similar level long after (Figure 7). However, the line for tourists did 

323 not show much change over the period.

324 [Table 4]

325 [Figure 7]

326 The red circles represent residents (top of Figure 8), while the blue circles 

327 represent tourists (bottom of Figure 8). As shown in Figure 8b, more 2nd, 3rd, and 4th 

328 level red circles appeared and those red circles became evenly distributed right after 

329 COVID-19, compared to before. However, restaurant visit patterns visualized in Figure 

330 8e were very similar to those in Figure 8d, indicating that tourists did not change their 

331 restaurant visit patterns across the periods. Similar trends were found even when the 

332 pandemic became prolonged. Regarding residents’ restaurant visit patterns, more 2nd, 

333 3rd, and 4th level red circles appeared across the Island long after COVID-19 (Figure 

334 8c) than before (Figure 8a). For tourists’ patterns, no clear differences were identified 

335 between the periods (Figure 8d and 8f).

336 These results imply that while residents dealt with the pandemic situation by 

337 diversifying their spatial choice for dining activities, tourists were not active in taking 

338 this approach. H3a and H3b were supported. Even when the pandemic situation became 

339 prolonged, residents maintained their diversified restaurant visit patterns. In the same 
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340 period, tourists also maintained their original restaurant visit patterns. H4c was partially 

341 supported.

342 [Figure 8]
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343 6. Conclusions

344 6.1. Theoretical Implications

345 First, this research clarified the factors influencing people’s differences in 

346 movement patterns within a destination during the COVID-19 pandemic. The previous 

347 research described how people’s movement patterns changed after the outbreak of 

348 COVID-19 (Falk et al., 2022, Li et al., 2022). Little is known about what leads people 

349 to make an unusual spatial decision during the pandemic. This research showed that 

350 how people changed their spatial behavior during the pandemic was dependent on the 

351 level of risk they perceived. These findings also contribute to the literature on people’s 

352 perceived risk of COVID-19, which investigated the risk’s impact primarily with 

353 people’s cognitive and affective perceptions (Kim et al., 2022, Wang et al., 2021, Joo et 

354 al., 2021).

355 Second, this research showed how pandemic fatigue is manifested in people’s 

356 movements. Some recent studies attempted to demonstrate pandemic fatigue via a range 

357 of indications (Zaman et al., 2021). This research adds to the literature by providing 

358 further evidence of pandemic fatigue: the extent to which people revert to their pre-

359 pandemic behaviors. While the previous research could not indicate when people start 

360 to experience pandemic fatigue (Kim et al., 2022), this research provided some clues: 

361 about 3 months after the outbreak of COVID-19. Furthermore, our findings indicated 

362 that residents continued to be active in diversifying their movements even after 3 

363 months from the outbreak of COVID-19. This finding extends the literature on 

364 pandemic fatigue by proposing a possible moderator: residents accommodating an 

365 influx of tourists may be less prone to pandemic fatigue (Zenker and Kock, 2020).

366 Third, this research methodologically contributes to the literature on the impact 

367 of COVID-19 on people’s spatial behaviour in several ways. On one hand, many 
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368 previous studies examined people’s movement during the COVID-19 using proxy data, 

369 such as the revenue or the number of overnight stays in accommodation facilities (Falk 

370 et al., 2022, Jang et al., 2021). Compared to the proxy data, the data from a smartphone 

371 driver navigation application are more effective in capturing people’s movements with 

372 detail and precision (Chen et al., 2021). On the other hand, most previous studies 

373 comparing people’s spatial behaviour before and after the COVID-19 outbreak targeted 

374 different months of the year (Falk et al., 2022, Li et al., 2022). By targeting the same 

375 month of the year, this research tries to control the potential confounding effect of 

376 seasonality.

377 6.2. Practical Implications

378 This research suggests that restaurant managers should adapt their operational 

379 strategies by understanding the location of their properties and identifying those who 

380 are sensitive to infection risk. According to our findings, restaurants located in popular 

381 areas would be visited less during the early period of a disease outbreak. In contrast, 

382 restaurants in less popular areas may have more visitors during the early period of a 

383 disease outbreak, and those visitors are likely to be those who are sensitive to infection 

384 risk. Based on these findings, restaurant managers could prepare for potential changes 

385 in the customer base according to their properties’ locations. For example, the managers 

386 of restaurants located in the popular (vs. less popular) areas could consider decreasing 

387 (vs. increasing) ingredient orders or hiring fewer (vs. more) temporary staff. The 

388 restaurant managers located in the less popular areas could focus on enhancing the 

389 attributes that are important to groups of people who are highly sensitive to infection 

390 risk right after the outbreak of a disease. Furthermore, this research indicates that people 

391 revert to their normal restaurant visit patterns around 3 months after the outbreak of a 

392 disease. If another pandemic situation happens in the future, this finding could allow 
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393 restaurant managers to estimate when they can return to their original management 

394 operations.

395 Based on our findings, destination managers could determine which groups of 

396 people mainly visit which areas in their restaurant visits and, accordingly, implement 

397 location-based management. For example, destination managers could enforce stricter 

398 monitoring of people’s compliance with social-distancing rules for restaurants located 

399 in regions that are mainly visited by older adults when a pandemic occurs. With regard 

400 to restaurants located in regions that are mainly visited by tourists during the early 

401 period of a disease outbreak, tourists’ irresponsible behaviour may damage both the 

402 businesses and the region. Thus, destination managers can provide local restaurants with 

403 indirect educational resources (e.g., video campaigns or brochures) to encourage tourists 

404 to be more responsible toward the businesses and the region (Kane et al., 2021). 

405 Building on the findings about people’s tendency to revert to their normal restaurant 

406 visiting patterns, destination managers could set a possible duration for social distancing 

407 policies, which can be a reference for future pandemic situation.

408 6.3. Limitations

409 First, our results are limited to specific periods of the COVID-19 pandemic, and one 

410 geographic area. Future research needs to increase the generalizability of this study by 

411 targeting different periods and areas. Second, there can be other socio-demographic 

412 characteristics that influence individuals’ risk perception. Future research should target 

413 other socio-demographic characteristics related to individuals’ risk perception. Finally, 

414 this research only targeted people’s movement via private vehicles. While the majority 

415 of people’s movement may be covered by private vehicles on account of their 

416 preference for using such vehicles during COVID-19, other travel modes should be 

417 investigated to fully explain human movement.
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Table 1. Descriptive statistics

Variables (Restaurant level) Min Max Mean SD

Number of nearby restaurants (kilometres) 0 29 8.192 5.883

Proximity to nearby beach (kilometres) 0.071 24.422 9.878 5.104

Proximity to the airport (kilometres) 0.602 52.114 17.554 7.416

Normalized restaurant visits (proportion) (total)* 0 1 0.018 0.047

Normalized restaurant visits by month (proportion)

 Before COVID-19 0 1 0.024 0.054

 Right after COVID-19 0 1 0.024 0.052

 Long after COVID-19 0 1 0.024 0.051

Normalized restaurant visits by sex (proportion)

 Males 0 1 0.021 0.051

 Females 0 1 0.017 0.048

Normalized restaurant visits by age (proportion)

 20s 0 1 0.014 0.046

 30s 0 1 0.019 0.051

 40s 0 1 0.021 0.049

 50s 0 1 0.019 0.057

 60s 0 1 0.024 0.069

Normalized restaurant visits by status (proportion)

 Residents 0 1 0.058 0.094

 Tourists 0 1 0.012 0.053

*According to the result of the Chi-square test for analyzing the distribution of data by 

comparing observed and expected intensity of the data, the dependent variable was found to 

follow Poisson distribution (x2 = 121.18, p = 0.104) (Rahnama-Moghadam et al., 2001).
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Table 2. Poisson regression: Males’ and females’ restaurant visit patterns during COVID-19

Coefficient

(Z value)
Standard error

Intercept
-3.917***

(-34.858)
0.143

Month

 Right after COVID-19 0.235

(1.036)
0.192

 Long after COVID-19 0.173

(1.001)
0.194

Sex

 Males
0.222

(0.716)
0.192

Males*Right after COVID-19
0.541*

(1.976)
2.717

Males*Long after COVID-19
-0.147

(-0.716)
0.554

Number of nearby restaurants
0.447*

(2.115)
2.158

Proximity to nearby beach
-0.701**

(-2.929)
1.229

Proximity to the airport
-0.663**

(-3.012)
2.891

Efron’s pseudo R2 0.158

*p < 0.05; **p < 0.01; ***p < 0.001
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Table 3. Poisson regression: Restaurant visit patterns of customers aged in their 20s, 30s, 40s, 

50s, and 60s during COVID-19

Coefficient

(Z value)
Standard error

Intercept
-4.111

(-27.374)
0.143

Month

 Right after COVID-19 0.744**

(2.870)
0.602

 Long after COVID-19 0.158

(1.645)
0.214

Sex

 30s
0.339

(0.338)
0.206

 40s
0.354

(0.737)
0.205

 50s
0.421*

(2.079)
0.203

 60s
0.665**

(2.687)
0.197

30s*Right after COVID-19
-0.161

(-0.873)
0.291

40s*Right after COVID-19
0.102

(0.818)
0.279

50s*Right after COVID-19 0.411* 0.282
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(1.852)

60s*Right after COVID-19
0.416*

(1.997)
0.272

30s*Long after COVID-19
-0.246

(-0.737)
0.287

40s*Long after COVID-19
0.035

(0.438)
0.275

50s*Long after COVID-19
-0.036

(-0.553)
0.282

60s*Long after COVID-19
-0.196

(-0.664)
0.274

Number of nearby restaurants
0.655*

(2.117)
2.216

Proximity to nearby beach
-0.598*

(-1.958)
-1.267

Proximity to the airport
-0.681*

(-2.001)
-2.577

Efron’s pseudo R2 0.218

*p < 0.05; **p < 0.01; ***p < 0.001

Page 37 of 52 Tourism Review

1
2
3
4
5
6
7
8
9
10
11
12
13
14
15
16
17
18
19
20
21
22
23
24
25
26
27
28
29
30
31
32
33
34
35
36
37
38
39
40
41
42
43
44
45
46
47
48
49
50
51
52
53
54
55
56
57
58
59
60



Tourism
 Review

Table 4. Poisson regression: Residents’ and tourists’ restaurant visit patterns during COVID-

19

Coefficient

(Z value)
Standard error

Intercept
-2.816***

(-34.217)
0.083

Month

 Right after COVID-19 1.254

(0.042)
0.168

 Long after COVID-19 0.099

(0.029)
0.139

Sex

 Residents
1.169

(0.873)
0.114

Residents*Right after COVID-19
0.791**

(2.873)
0.240

Residents*Long after COVID-19
0.681**

(2.898)
0.234

Number of nearby restaurants
0.710**

(3.033)
0.977

Proximity to nearby beach
-0.668**

(-2.976)
0.383

Proximity to the airport
-0.702**

(-3.052)
0.974

Efron’s pseudo R2 0.211
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*p < 0.05; **p < 0.01; ***p < 0.001
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Figure 1. Conceptual framework 

291x126mm (150 x 150 DPI) 
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Figure 2. Research model 

339x136mm (150 x 150 DPI) 
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Figure 3. Interaction plot of Regression model 1 

338x190mm (300 x 300 DPI) 
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Figure 4. Males’ and females’ restaurant visit patterns during COVID-19 

371x181mm (300 x 300 DPI) 
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Figure 5. Interaction plot of Regression model 2 

338x190mm (300 x 300 DPI) 
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Figure 6. Restaurant visit patterns of people in their 20s, 30s, 40s, 50s, and 60s during COVID-19 
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Figure 7. Interaction plot of Regression model 3 

338x190mm (300 x 300 DPI) 
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Figure 8. Residents’ and tourists’ restaurant visit patterns during COVID-19 
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Appendix. Preview of the data of a smartphone driver navigation application 

(Tmap)
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