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17 ABSTRACT

18  Background

19  While Aedes mosquitoes, the Dengue vectors, were expected to expand their spread due to
20 internationa travel and climate change, the effects of human mobility and low rainfall
21 conditions on them are largely unknown. We aimed to assess these influences during the
22 COVID-19 pandemic in Hong Kong, characterized by varying levels of human mobility.

23

24  Methods

25  Google’'s human mobility indices (including residential, parks and workplaces) and weather
26  conditions (total rainfall and mean temperature) together with Aedes albopictus abundance
27  and extensiveness monitored using Gravidtrap were obtained between April 2020 and August
28  2022. Distributed lag non-linear models with mixed-effects models were used to explore their
29 influencein three areas in Hong Kong.

30

31 Findings

32 The relative risk (RR) of mosquito abundance was associated with low rainfall (<50 mm)
33 after 4.5 months, with a maximum of 1.73, compared with 300 mm. Heavy rainfal (>500
34 mm) within 3 months was also associated with a peak of RR at 1.41. Warm conditions (21-
35  30°C; compared with 20°'C) were associated with a higher RR of 1.47 after half a month.
36 Residential mobility was negatively associated with mosguito abundance. The model
37  projected that if residential mobility in the year 2022 was reduced to the level before the
38  COVID-19 pandemic, the mosquito abundance would increase by an average of 80.49%
39 compared to the actual observation.

40

41  Significance

42 Both the human mobility and the lag effect of meteorological factors can be critical for the
43 prediction of vector dynamics, and stay-at-home policy may be useful for its control in
44 certainregions.
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46 AUTHOR SUMMARY

47  Previous studies have demonstrated that both meteorological factors and human mobility
48 were linked to the risk of Dengue transmission, with rainfall potentially exerting delayed
49  effects. Moreover, dry conditions have been found to increase Dengue risk in recent years.
50 However, the impact of these factors on vector (mosquito) activity remains unclear. This
51  study assessed the effect of human mobility and rainfall on the Dengue mosquito. The
52 Gravitrap indices were used to characterize local mosqguito (Aedes Albopictus) abundance and
53  extensiveness conditions. We used established Gravitrap indices to characterize mosquito
54  abundance and extensiveness in Hong Kong. We found that i) the decrease in residential
55  mobility might increase mosquito abundance and extensiveness; and ii) low rainfall (<50 mm)
56 was associated with a higher risk of mosquito abundance after 4.5 months. Additionaly,
57 heavy rainfall was associated with increased mosquito activity risk.The future mosquito
58  activity risk is expected to increase because of the relaxation of social distancing measures
59  after the COVID-19 pandemic along with climate change. The results suggest that non-linear
60 delayed effects of meteorological factors together with human mobility change can be used
61  for the Dengue mosquito forecast. Social distancing may be away to reduce the risk of Aedes
62  albopictus.
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63 INTRODUCTION
64  Dengue fever (DF) is one of the most widespread mosquito-borne diseases, with an estimated
65 390 million infections each year (1). Aedes aegypti and Aedes albopictus are two Dengue
66  vectors. Globa warming can facilitate their spread, leading to increasing risk in certain
67  previously non-endemic subtropics, including southern China (2). In addition, according to a
68  recent study, the risk of DF incidence can aso be largely influenced by socia distancing
69 measures and human movement behaviours (3). Hong Kong, a metropolitan in southern
70 China, faces an increased risk of Dengue outbreaks (4). Understanding how human mobility
71 together with weather conditions affects Aedes mosquito abundance in Hong Kong helps
72 make an early assessment of Dengue risk and decision-making in vector control.
73
74 In response to the increasing risk of DF (4), Hong Kong has established a Gravidtrap system
75 for vector surveillance since 2020 to replace the Ovitrap. The Gravitrap was developed to
76  capture female Aedes Albopictus (5). In addition to the extensiveness (i.e. the distribution) of
77 Aedes Albopictus, which could be measured by both traps, the new trap also monitored the
78  abundance (i.e. the number) of mosquitoes.
79
8o  During 2020 and 2022, socia distancing was regularly introduced to reduce the spread of
g1 COVID-19. In 2022, strict social distancing was introduced during the COVID-19 Omicron
82  wave. The strict social distancing might affect the likelihood of mosqguitoes biting humans,
83  especially Aedes albopictus, which tends to stay outside (6). Therefore, incorporating human
84  mobility into mosquito prediction modelling is essential, especially when socia distancing is
85  implemented.
86
87  While a warm condition has a known impact on mosquito development, breeding, survival,
g8 etc., (7) the effects of rainfall are diverse, with both heavier and lower rainfal being
89  associated with increased Dengue risk. Rainfall was an important Dengue risk factor (1,8),
90  but recent studies found that drought conditions were also associated with a higher risk of
91  Dengue incidence at long lead times of up to 5 months (9,10). Similarly, springtimerainfall, a
92  few months before seasonal Dengue outbreaks, appeared to be negatively associated with
93  annual Dengue incidence in Taiwan and Hong Kong (4,11). These previous studies suggested
94  avaried relationship between hydroclimatic factors and Dengue incidence with delay effects
95  (4,9-11). However, whether these delay effects occurred through influencing mosquito
96  population dynamics remains largely unknown.
97
98  Our study aimed to assess the influence of human mobility on the abundance and
99  extensiveness of Aedes albopictus, taking account of the nonlinear lagged effects of total
100 rainfall and mean temperature (Figure 1). The results provided important insights for Dengue
101 risk prediction and contral.
102
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105 Figure 1 Schematic flow for exploration of different factors in the mosquito
106  extensiveness and abundance predictions. WAIC was used for variable selection. The best
107 model was determined after the results were cross-validated and compared with different
108  lagged periods.

109

110 METHODS

111 Meteorological data

112 Meteorological data in Hong Kong were collected based on the weather stations in three
113 regions from the Hong Kong Observatory (12), including daily total rainfall and daily mean
114  temperature. We collected the data from April 2020 to August 2022 and divided it into three
115 areas (13): Hong Kong Island and Kowloon (HKK), New Territories East (NTE), and New
116 Territories West (NTW) (Table S1). Monthly total rainfall and monthly mean temperature (i.e.
117 obtained by averaging the daily mean temperatures) were calculated from these daily
118  measurements (Table S2). The meteorological factors for each area are the average value of
119  selected weather stations within that area (Supplementary Methods).

120

121 Human mobility data

122 Human mobility data for Hong Kong were collected from Google to represent the human
123 behavioural changes in response to the COVID-19 pandemic and socia distance measures
124  during the study period (14). We used three categories of places in human mobility data,
125 including residential, parks and workplaces. All indices were computed relative to a baseline
126  day. The baseline day is the median value from the 5 weeks Jan 3—Feb 6, 2020. The monthly
127 human mobility index was calculated for model prediction (see Supplementary Methods).

128

129  Mosquito activity data

130  Mosquito activity data were provided by the Food and Environmental Hygiene Department
131 (15). Two indices were measured by the mosquito Gravitrap surveillance: The Area Density
132 Index (ADI) defined as the number of mosquitoes captured in the traps (used to represent the
133 abundance of Aedes albopictus); and the Area Gravidtrap Index (AGI), defined as the
134  proportion of Gravidtraps that are found to have positive results in a specific area (used to
135  represent the extensiveness of Aedes albopictus).

136

the previous year (2021)
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137 We calculated the abundance and extensiveness for each area during each month t. First, the
138 index for each area (i.e. HKK, NTE, and NTW) was calculated as the average index for al
139 Gravidtrap sitesin the region.

140
141 The average monthly mosquito extensivenessin area 4 is defined as:

142

143 AGIA() = T emacy(AGI™ (£))/nf (6) (ed. 1)
144

145  where n# represents the total number of mosquito monitoring sites in area A. AGI™
146  represents the AGI in the surveyed aream;. M4 = {m,, m,, ..., m;} is a collection of sites
147  (surveyed aress), in which m; represents each site in the area.
148
149 The monthly abundance N4(t) (per 1,000 traps) in area A is defined as:
150
151 NA() = Ymemay (AGI™(t) - ADI™i(t) - 1000) /1y, (t) (eg. 2)
152
153 where ADI™i(t) represents the mean ADI at the site m; in month ¢.
154
155  Mode development
156 We developed prediction models for mosquito abundance and extensiveness based on
157  distributed-lagged non-linear models (DLNM) (16). For mosquito abundance prediction, we
158 assumed the mosquito number per 1000 traps follows the negative binomial distribution and
159  selected the log function as the link function. Let 1, be the mosquito number per 1000 traps in
160  the month t, such as:
161

Ar ~ NB(u,, x)
162
163  whereu, is distribution mean of A, at month t and k is the overdispersion parameter in the
164 negative binomia distribution. 4, in area, A can be measured by monthly mosquito
165  abundance N4 (t) (see eg. 2). Then, the regression model to predict mosquito abundance was:
166
167 log(d) =B +y+S+fwR, L))+ fwT,lL)+m +a (eg. 3)
168
169  where f.w(R,, ;) and f.w(T, L,) represent the nonlinear exposure-lag functions of total
170  rainfall R, from O to [, months and mean temperature T, from O to [, months in ¢t** month,
171 respectively; S is the area random effect; y is the monthly random effect; g is the yearly
172 random effect; a is the intercept; and m, is the human mobility index in one category (e.g.
173 residential areas, workplaces, or parks) at tt* month.
174
175 In the mosquito extensiveness prediction, we assumed the number of positive traps follows
176  the binomial distribution and selected the logit function as the link function. Let Y; be the
177 number of positive traps in the t* month, following the binomial distribution with the total
178 number of the traps (n,), and the probability of a positive trap (p,) in the t** month, such as:
179

Y, ~ B(ny, pe)
180
181  wherep, at each surveyed area A can be measured by AGI“ (see eqg. 1). n, can be calculated
182  as the product of the number of surveyed sites and the average number of traps per site. In
183 Hong Kong, an average of 55 Gravitrap were placed in each selected site. Similarly, the
184  regression model to predict mosquito extensiveness was.
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185
186 logit(p,)) =B +y+S+ fwR,l)+ fw(T,l,)+m, +a (eq. 4)
187
188  Mode selection criteria
189  To determine the best model (best-prediction model) among different combinations of
190 predictors, in a two-stage selection approach, the Watanabe-Akaike information criterion
191 (WAIC) was used in the first stage to select different sets of variables (candidate models)
192 (17). Besides the yearly, monthly, and area-specific random effects, variables include the lag
193  effects of total rainfall and mean temperature and three human mobility indices (see Table
194 S3) In the second stage, leave-one-out cross-vaidation (LOOCV) based on mean square
195  error (MSE) was performed for the candidate models to compare the model’ s predictions to
196  the observed data.. In LOOCV, the data set is divided into k parts (i.e. the total number of
197  months), where k-1 parts are used as the training set and the remaining parts are used as the
198  validation set. The procedure was repeated until every part (i.e. month) had been used for
199  validation.
200
2010 Comparison between mosquito abundance and extensiveness
202 For comparing the predictive performance among mosquito abundance and extensiveness, we
203 used two standardized mosquito indices to unify the scales of different indices: the
204  standardized abundance index (SAI) and the standardized extensiveness index (SEIl). The SAl
205  was:
206

SAl = /0oy
207
208  where 1 and g; represent mosquito abundance and standard deviation of mosguito abundance,
209  respectively. Similarly, the SEI was:
210

SEI =p/o,
211
212 where p and o, represent mosquito extensiveness and standard deviation of mosquito
213 extensiveness, respectively.
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214 RESULTS

215  Dataanalysis

216  In Hong Kong, mosquito abundance exhibited strong seasonal patterns, growing in the spring
217 (March-May), peaking in the early summer (June or July), and remaining nearly at O in the
218  winter (December-February) (Figure 2A). Among three predefined regions, NTE (a
219  northeastern region) recorded higher mosquito abundance (i.e. the number of Aedes
220  albopictus) than others. M osquito extensiveness (i.e. the distribution of Aedes albopictus) had
221 a sSimilar pattern of variation to abundance (Figure S1 and Figure S2). Two mosquito
222 standardized indices were proposed for mosguito abundance and extensiveness prediction
223 (Figure S3). in Hong Kong from April 2020 to August 2022. During the study period, human
224  mobility generally fluctuated at the beginning but showed rapid declines in parks and
225  workplaces and a sharp increase in residential since January 2022. This rapid change
226  reflected the behavioural changes and social distancing measures introduced during the
227 COVID-19 Omicron wave (Figure 2B).

228

229  The monthly total rainfall typically exceeded 300mm during summer and early autumn (June-
230  October) and was mostly less than that during winter and early spring (November-April) but
231 varied substantially between different regions and years. For example, in 2020-2021, HKK (a
232 southern region) had the most total rainfall, while NTW (a northwestern region) had the least
233 (Figure 2C). In 2022, all the regions experienced higher levels of total rainfall in February
234  than the previous year. The monthly mean temperature among these three regions was similar,
235 with the highest at about 30°'C around July and the lowest at about 15°C in January or
236 February (Figure 2D).
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240  Figure 2 The monthly change in mosquito abundance and its predictorsin Hong Kong.
241 (A) Mosguito abundance; (B) Tota rainfall; (C) Human mobility; (D) Mean temperature. In
242 A, B, and D, red refers to Hong Kong Island and Kowloon (HKK); blue refers to New
243 Territories East (NTE); and green refersto New Territories West (NTW).

244

245
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247  Mode selection of mosquito abundance and extensiveness

248  Afterinitial variable selection, a baseline model for mosquito abundance prediction (Model A;
249  see Table 1) was obtained. The candidate models in mosquito abundance prediction (see eg. 3)
250  include Model A, Model A-Mp, Model A-My, and Model A-M,. After incorporating human
251 mobility in residential, the best model for abundance (Model A-M,) was obtained using
252 LOOCV. The best model for extensiveness (Model E-M,) also contained the same set of
253 variables.

254

255  Tablel Comparison of candidate modelsfor mosquito abundance.

256  The top six rows represent the results of variable selection to obtain the best model. The
257  bottom six rows represent the results of sensitivity analysis to ensure the best time lag of
258  total rainfall and mean temperature. Model A comprised the total rainfall with lags from O to
259 6 months, mean temperature with lags from 0 to 2 months, and random effects for years,
260  months, and regions were used as a baseline model. Model A-M,, Model A-My,, and Model
261 A-M, were models incorporating the human mobility index in parks, workplaces, and
262 residential based on Model A, respectively.

Model Model formula WAIC MSEin
LOOCV
Model Al B+y+S+a 741.12 —
Model A2 B+y+S+fw(R,6)+a 727.31 —
Model A B+y+S+fw(R,6)+f.w(T,2)+a 681.60 0.63

Model A-M, B+y+S+fwR,6)+fw(T,2)+m,+a 677.92 0.65
Model A-My B+y+S+fwR,6)+fwT,2)+m, +« 658.89 0.46
Model A-M; B+y+S+fwR,6)+fwT,2)+m +a 651.87 0.37
Model A-M;1 B+y+S+fwR, 5+ fw,2)+m. +a 666.57 —
Model A-M,2 B+y+S+fwR, D+ fwT,2)+m +a 668.37 —
Model A-M;3 B+y+S+fwR,3D+fwT,2)+m. +a 664.26 —
Model AM4  B+y+S+fwR,2) +fw(T,2)+m,+a 67156 —
Model A-M;5 B+y+S+fwR, D+ fwT,2)+m,+a 669.79 —
Model A-M;6 B+y+S+fwR,6)+fwl,D+m +a 653.22 —

263
264

265  Prediction of mosquito activity using weather and human mobility

266  Overdl, both models A-M, and E-M, showed similar predictive performances (Table 1 and
267 Table $4), The model fit for mosquito abundance appeared to be slightly better than that for
268  Mosquito extensiveness as more observed data points in the year 2022 were within 95%
269  confidence interval (Cl) of the predicted values for mosquito abundance (Figure 3A and
270  Figure $4A). It might be because mosquito abundance is more wesather-related while
271  mosquito extensiveness is more related to the presence of potential breeding places or the

272 placement of thetraps (Table 1 and Table $4).
273

274  The model estimated that residential mobility change has a negative effect on the mosquito
275  abundance prediction (correlation coefficient = -0.075 (95%Cl, -0.118--0.033); see Table S5).
276 On the other hand, park mobility and workplace mobility had a positive effect on mosquito
277  abundance. The effects of the human mobility indices on mosquito extensiveness were
278  consistent with mosguito abundance.

279


https://doi.org/10.1101/2024.04.17.24306004
http://creativecommons.org/licenses/by-nc-nd/4.0/

medRxiv preprint doi: https://doi.org/10.1101/2024.04.17.24306004; this version posted April 19, 2024. The copyright holder for this preprint
(which was not certified by peer review) is the author/funder, who has granted medRxiv a license to display the preprint in perpetuity.
It is made available under a CC-BY-NC-ND 4.0 International license .

10

A B
Hong Kong Island & Kowloon Hong Kong Island & Kowloon
-LOOCV -Fitted
B 7-57 -Observed & 7-571-Human mobility returns to normal
jei 5 0 L 5 0_-Observed
~ i 2.7-Y]-Same human mobility as 2021
2] i w J
g 2‘5 ;/ \"_ / - g 2b5 /K/\XJ\
S 0.04 S 0.0
vl New Territories East vt New Territories East
[ [}
_E 7.51 E 757
85.01 » 85.01
@ AN
5 2.51) I\ 525
£ "NV Ak
20.04 = == 2 0.0
© New Territories West © New Territories West
ge) geo]
@ ©
N7 54 N7 51
2 2
J5.01 85.07
c i c
wn Ay / (0p]
0‘0- T T T = T T T T it T T OO- T T T T T T T T T
FLPLPIFIIIIPd  PPPP PP GGG
FAFIFFFIILY ISV
QAN QO Q9 O N O O O QO N QO Q9 O N O O 9O
280 Date Date

281
282 Figure 3 Comparison of observed and predicted results using the best model for
283  mosquito abundance. (A) Predicted results of mosquito abundance using leave-one-out
284  cross-validation (LOOCV) with Model A-M,. The grey shaded area represents the 95%
285  confidence interval. The blue dashed line represents observed data and the green solid line is
286  the leave-one-out cross-validation result. (B) Projected results of mosquito abundance in the
287  year 2022 under different scenarios in human mobility (residential category): human mobility
288  returns to the COVID-19 pre-pandemic period (orange) and the same human mobility as year
289 2021 (red). The blue dashed line represents observed data and the brown solid line represents
200 fitted data.

291

292 Effects of weather conditions

2903 Higher relative risks in mosquito abundance were observed in the conditions of extremely
294 low (<50 mm) or heavy rainfal (>500 mm) (Figure 4A). Compared with the reference (300
295 mm), areduction in total rainfall was associated with a higher relative risk (RR) after about
296 4.5 months, reaching a maximum of 1.73 (95%CI, 1.19-2.51). However, heavy rainfall
297  conditions (>500 mm) were associated with a higher RR within 3 months, reaching a
298  maximum of 1.31 (95%CI, 0.99-1.73). When lagged effects were accumulated, the maximum
299  RR occurred at no rainfall (Figure 4B). The accumulated RR decreased with total rainfall up
300 toabout 500 mm but increased again thereafter.

301

302  Compared with the reference mean temperature (20 ‘C), the warm conditions (21-30 "C) were
303  associated with an increased risk of mosquito abundance after about half a month, leading to
304 amaximum RR of 1.47 (95%Cl, 0.94-2.32) a 25.5 'C (Figure 4C). When lagged effects were
305  accumulated, the RR increased with mean temperatures from 15 °C to 26 "C but decreased at
306 warmer conditions (>26 ‘C) (Figure 4D). The associations between total rainfall and mean
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307  temperature with mosguito extensiveness were similar to that of mosqguito abundance (Figure
308 SH).
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311 Figure 4 Effects of total rainfall and mean temperature on mosquito abundance using

312 the best modd. (A) Relative risk (RR) by total rainfall and lag months; (B) Cumulative RR

313  for total rainfall; (C) RR by mean temperature and lag months; (D) Cumulative RR for mean

314  temperature. The reference of total rainfall and mean temperature are 300mm and 20°C,

315  respectively. The deeper the shade of red, the greater the increase in RR compared with the
316  reference. The deeper the shade of blue, the greater the decrease in RR compared with the
317 reference. The black dashed line represents the cumulative exposure-response association.

318  The grey shaded area represents the 95% confidence interval.

319

320 Modd projectionsfor human mobility change

321 The model projected the mosquito abundance in two alternative scenarios for the year 2022: 1)
322 same residential mobility as before the COVID-19 Omicron wave, indicating returning to a
323 norma state, and 2) same residential mobility as year 2021, indicating a weak social

324  distancing. In the first scenario when human mobility returned to normal (before the COVID-

325 19 pandemic), cumulative mosquito abundance in all areas significantly increased by an

326  average of 80.49% compared to the actual situation. The cumulative mosquito abundance in
327 the HKK is increasing the most, at 83.41%. In the second scenario, cumulative mosquito
328  abundance in all areas was only slightly higher than the actual situation by an average of

329  10.96% (Figure 3B). The projection results of mosquito extensiveness were similar to those
330  of mosqguito abundance (Figure 4B).

331

332 Senditivity analysis
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333 Prediction models in mosquito abundance and extensiveness were sensitive in the variable
334  selection of the lag of total rainfall, the lag of mean temperature, and the human mobility
335 indices (Table 1 and Table $4). Model A, the WAIC decreased from 681.60 to 651.88 after
336  adding the residential mobility index. When the total rainfall lag reduced from 6 months to
337  other lengths, WAIC increased. Similarly, When the mean temperature lag reduced from 2
338 months to 1 month, WAIC increased. The durations of lags in total rainfall and mean
339  temperature that produced the lowest WAIC for mosquito abundance and extensiveness were
340  selected.

341
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342  DISCUSSION

343 Influence of human mobility on mosquito activity

344  Understanding the association between human mobility and mosquito activity helps in
345  forecasting the risk of DF transmission and developing effective strategies for its prevention.
346  Our results showed that residential mobility was negatively associated with mosquito
347  abundance, while mobility indices in parks and workplaces showed positive associations. The
348  results can be explained by that the increase in outdoor activities provides more chances to
349  feed meds (blood) to Aedes albopictus (6). The model projected that if human mobility (i.e.
350 residentia) returned to normal in 2022, the risk of mosquito activity would increase
351 significantly (80% more) during the peak. In addition to border reopening (18), a possible
352 increase in mosquito abundance, extensiveness, and DF incidence might appear due to more
353 outdoor human activity.

354

355  Recently, Brady et a. also reported that Dengue incidence was associated with certain
356  Google human mobility indices (e.g. workplace mobility and park mobility) during the
357 COVID-19 period (3). The difference between their modelling results with our study may be
358 explained by some factors. The impact of human mobility may be different in mosquito
359  activity and Dengue incidence. Moreover, an increase in residential mobility may have
360 different impacts on mosguitoes between Aedes Albopictus and Aedes Aegypti, which are
361  both the main vectors to transmit DF. However, Aedes Albopictus was the only mosquito
362 vector found in Hong Kong. Those differences suggest that prevention of DF through vector
363  control should take into account the impact of human mobility on mosguito and Dengue
364  incidence simultaneously.

365

366  Impact of total rainfall lags and mean temperature on mosquito activity

367 Rainfall appeared to influence mosquito activity by different mechanisms. Both dry and wet
368  conditions were found to be associated with an increased risk of Dengue infection in China
369  (19). We found that heavy rainfall conditions (>500 mm) within 3 months were associated
370  with ahigher risk of Aedes mosqguito activity. On the other hand, low rainfall (<50 mm) was
371 associated with a higher risk with a longer lag (Figure 4A). A possible explanation is that
372 early low rainfal (around late winter or springtime) helps to maintain the number of
373  mosquito eggs or larval sites without the flushing effect (20). Aedes albopictus survives the
374  winter a its egg stage. When more rain comes in awarmer environment after a period of dry
375 conditions, there will be a large number of eggs hatching simultaneously leading to a bloom
376  inadult mosquitoes. This scenario can be particularly important when the mosqguito begins to
377 grow, corresponding to the period from springtime to the pre-rainy season before the
378  monsoon in many subtropical regionsin Asia(21). The results suggest that, in southern China
379  or its neighbourhoods, some extreme hydroclimatic events, such as delayed monsoon or
380  drought conditions, during springtime might increase the Dengue risk in summertime. Severe
381 drought conditions have been observed in spring in 2018 in Hong Kong, and 2015 and 2023
382 in Taiwan, followed by significant outbreaks (11,22,23).

383

384  Inour findings, the mean temperature was positively associated with mosquito activity until
385  exceeding a threshold. We observed an increased mosquito activity risk after about a half-
386  month, similar to the time that Aedes albopictus may use to develop from eggs to adults. A
387  maximum level occurred about two months later when the mean temperature was between
388 25 and 26'C (Figure 4C). Our findings in Hong Kong were consistent with the previous
389  studies using Dengue incidence (9).

390

391 Implications
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392  The spread of vector-borne diseases such as DF, Malaria, and Zika diseases can have serious
393 conseguences for human health and even lead to large-scale deaths. Residential mobility
394 indicates the change in the time people spend at home, as the outcome of social distancing
395  measures during the COVID-19 pandemic period. Therefore, our results suggest that social
396 distancing measures may be an important intervention to reduce mosquito abundance.
397  Furthermore, our results indicate that knowing the impact of hydroclimatic events on these
398  diseases can provide important risk projections for the future. In vector control of South-East
399  Asia, the Global Vector Control Response prioritized enhancing vector surveillance,
400 forecasting, and monitoring effects of different factors (24). Extreme weather or
401  hydroclimatic events, such as heavy rains or droughts are happening more frequently in the
402  world (25). They might have critical influences on the dynamics of the mosquito population
403  depending on the time of their occurrences (26). Incorporating extreme hydroclimatic events
404  (such as drought conditions) together with human mobility patterns helps to forecast Dengue
405  risk and inform public health decisionsin vector control for its prevention.

406

407  Limitationsand future works

408  Several limitations exist within this study. The mosquito activity may also be influenced by
409  other human-induced factors, such asland use type and urbanization process (27,28). Control
410 measures may have been taken specifically around those Gravidtrap sites. But during the
411 zero-COVID period in Hong Kong, the impact of these mosquito control measures was
412 expected to be smaller. Furthermore, extreme westher events can affect a variety of climatic
413 factors, some of which might be important factors for mosquito activity, such as typhoons
414 (29). We chose two important weather factors according to the previous studies (1,8), instead
415  of considering all of them. Recent studies have assessed the impact of climate change on
416  Dengue risk (19,30). Incorporating the insights from our findings can provide a better
417  understanding of how extreme weather conditions and human mobility might influence the
418  Dengue vector’s abundance and control.

419

420 Conclusion

421 Asthe COVID-19 pandemic ends and borders reopen, the risk of DF is expected to be higher
422 in many parts of the world. The study found that social distancing measures were associated
423 with reduced mosguito abundance and extensiveness. Furthermore, low rainfall was
424  associated with a higher risk of mosquito activity (abundance and extensiveness) with the 4.5
425  months lag (Figure 4A), which was able to explain the recent findings of the delayed effects
426  of weather conditions on Dengue incidence (9,10). The results suggested that the highest
427  Dengue risk after drought conditions was likely to be affected by the spread of Dengue
428  mosquitoes.
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