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1. Materials and Methods 
1.1. Mathematical Framework of Estimating Time-Dependent Transmissibility  

In the present study, we estimated the time-dependent effective reproductive num-
ber Rt (defined as the expected number of secondary cases arising from a single primary 
case at calendar time t) following the Bayesian framework applied to the simple branching 
process models proposed by Cori et al. [1]. The model is an extension of Fraser’s method 
[2] and is widely adopted in infectious disease epidemiological study [3-5]. Fraser pro-
posed a time-varying estimate of temporal Rt from the deterministic renewal equation of 
an epidemic as:  𝑅 𝐼∑ 𝑤 𝐼 1.1  

where 𝐼  is the number of incident symptomatic cases (i.e., notifications) between time t 
and time t + 1, and 𝑤  is the serial interval distribution such that ∑ 𝑤 1. The serial 
interval distribution was assumed to be constant during the epidemic. A Bayesian frame-
work was developed to generalize this inferential approach and to account for the inher-
ent stochasticity of the transmission process, assuming that the expected incidence at 
time 𝑡 ( 𝑅 ∑ 𝑤 𝐼 ), is a Poisson-distributed count. Consider that the transmissibility 
is constant over the time window [𝑡 𝜏, 𝑡] and is denoted by 𝑅 , ; then, the likelihood 
of 𝐼 , … … … , 𝐼  given  𝑅 ,  and 𝐼 , … … … , 𝐼  is as follows:  𝑃 𝐼 , … … … , 𝐼 𝐼 , … … … , 𝐼 , 𝑤,  𝑅 , 𝑒  ,  𝑅 , 𝛬𝐼 ! 1.2  

where, 𝛬 ∑ 𝑤 𝐼 . Assuming that Gamma 𝑎, 𝑏  is a conjugate prior distribution 
for  𝑅 , , the posterior joint probability distribution of  𝑅 ,  can be derived as   𝑅 , ∑  𝑒  , ∑ 𝛬𝐼 ! . 1.3  

Equation 1.3 indicates the posterior distribution of  𝑅 ,  is a gamma probability 
distribution with parameters 𝑎 + ∑ 𝐼 , ∑ 𝛬 + . 

1.2. Serial Interval Probability Distribution and Smoothing Window 
Theoretically, epidemiological information regarding the generation time, which is 

defined as the period between the infection of the index and the next case, is needed; how-
ever, this information is usually difficult to ascertain. Instead, the Rt value can be adjusted 
to include the serial interval, which is defined as the interval between the onset of the 
index and the next case, as an infectivity function, assuming a gamma distribution [1, 6]. 
In this present study, we used the serial interval (SI) (mean SI: 4.7 days, standard deviation 
SI: 2.9 days) described by Nishiura et al. [7]. The choice of smoothing window was deter-
mined by a trade-off between temporal resolution and credible interval width around the 
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resulting estimates, and our time-varying estimates were made with a seven-day sliding 
window.  

1.3. Identification Strategy of the Time-Series Statistical Model 
To establish the time-series statistical model, multiple stages were used to build a 

robust and reliable model. Prior to constructing the model, we checked the probability 
distribution of the dependent variable, the daily time-dependent Rt (the normality of 
probability distribution was assessed by the Shapiro-Wilk test) (Figure S2), and assessed 
the relationships (e.g., linearity) between daily time-dependent Rt and each independent 
variable. If found to be significantly non-normal to the dependent variable, the value was 
transformed, as appropriate to approximate symmetry, utilizing logarithmic scale trans-
formation with a logarithmic-link probability function in the modelling process. Gener-
ally, assessing the transformation of dependent variables in time-series driven systems 
allows the variables to be assessed as stationary effects and often improves forecasting 
accuracy. All dependent and independent variables included in the statistical models 
were assessed for multicollinearity using the pairwise Spearman’s rank-order cross-cor-
relation coefficient (ρ). If the variables were found to be highly linearly correlated (cut-off 
of |ρ| > 0.8), the variable with the largest mean absolute statistical correlation with the 
other independent variables was removed [8]. In the preliminary analysis, no independ-
ent variables showed strong statistical linear correlations (Table S2). 

In the present study, we conducted a retrospective time-series analysis of the trans-
mission dynamics heterogenicity of the outbreak using classical standard time-series sta-
tistical modelling. Generally, the respiratory viruses transmissibility is influenced by the 
depletion of susceptible inter-epidemic effects as intrinsic drivers, along with the potential 
effects of extrinsic drivers (e.g., non-pharmaceutical interventions [NPIs] and meteorolog-
ical drivers). Therefore, we formulated a standard time-series generalized additive model 
(GAMs) with a gamma probability distribution family and logarithmic-link probability 
function, allowing for overdispersion in the observational epidemiologic data, combined 
with distributed lag nonlinear models (DLNMs). This method was used to disentangle the 
underlying association between temporal transmissibility (i.e., time-varying Rt) and dif-
ferent potential behavioral and environmental drivers (i.e., mean ambient temperature 
and retail and recreation mobility) as the main exposures, as a primary model. Generally, 
GAMs are a semi-parametric extension of the generalized linear model (GLMs), which 
allows a more flexible description of exposure-response relationships between dependent 
variables that are attributable to the transmission dynamics of infectious diseases and en-
vironmental exposures. Notably, the results are assumed to depend on the sum of 
smoothed linear combinations of the dependent variable [9-13]. The class of DLNM mod-
els introduces a cross-basis function, which can be obtained by calculating the tensor prod-
uct of the basis functions and describes the probability distribution of the dependent var-
iable in the independent variable dimension and the lagging dimension to simultaneously 
assess the lag effect and non-linear effects of the time-varying exposure driver [14-16]. 
Indeed, these bidimensional exposure-lag-response associations represent the temporal 
change in risk after a specific exposure, and they estimate the probability distribution of 
immediate and delayed effects that accumulate across the lag period. 

The cross-basis term for the DLNM acts as a basis function predictor in two dimen-
sions: exposure space and lag space. For the exposure space, we chose the natural cubic 
spline function with three knots as the basis function, corresponding to the 25th, 50th, and 
75th percentiles of the exposure distribution. To address for the possible harvesting and 
misalignment of effect delayed heterogeneity of behavioral and environmental drivers on 
the dynamics of SARS-CoV-2 transmission, based on previous accumulated literatures 
describing the incubation period of SARS-CoV-2 (approximately 1–14 days) [17-20] and 
potential reporting delay [21], we considered temporal lags (i.e., delays in potential effect) 
of up to 21 days as the default lag for cross-basis function of each independent variable 
(i.e., ambient mean temperature and retails and recreation mobility) related to the 
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dependent variable, accordingly. In the lag response dimension, we considered a natural 
spline with one internal knot as the basis function. These temporal time lags are useful for 
describing biologically and physically plausible time lag processes in the population dy-
namics and natural history of the SARS-CoV-2 host reservoir and the subsequent incuba-
tion period before disease notifications occur.  

In this time-series statistical modeling study, we formulated a penalized smoothing 
thin plate spline function for relative humidity (continuous), precipitation (continuous), 
windspeed (continuous), and daily number of SARS-CoV-2 vaccinations (continuous) to 
control for nonlinear confounding effects of the meteorological variables and immune re-
sponses after vaccination (i.e., hybrid immunity). We also incorporated a prefectural-level 
fixed effect indicator variable during the state of emergency declaration period (category) 
to control the intensity of NPIs at the population level and to control for time-invariant 
prefectural characteristics in each prefecture or regional variation [22]. We used prefec-
tural-level geographical (i.e., latitude and longitude in each prefecture) variables (contin-
uous) to better control for spatiotemporal variations, fixed effect indicator variable of each 
SARS-CoV-2 variant in day t (i.e., four categories of the wild type, the Alpha [B.1.1.7] var-
iant, Delta [B.1.617.2] variant, and Omicron [B.1.1.529] variant). The thin plate splines are 
data-driven, and the optimal degree of freedom (d.f.) (i.e., smoothing parameter) for the 
penalized smoothing plate spline function in the models was selected through minimiza-
tion of the generalized cross validation (GCV) criterion. The best statistical model with a 
low GCV value and high prediction accuracy is preferred, as it achieves a more optimal 
combination of goodness-of-fit and parsimony. Additionally, we also modelled individ-
ual-varying baseline risk on top of shared long-term, seasonal variation and cycle, and 
weekly trends by incorporating natural cubic splines of time (seven degrees of freedom 
per year for the main analysis), day-of-week (category), and public holiday (category) 
fixed-effects variables as possible confounder [23-26]. Additionally, autocorrelation of re-
siduals in the case of infectious disease is pathogen-specific and needs to be accounted 
for; therefore, autoregressive terms of order one (i.e., one day) were incorporated into the 
statistical models [27].   

Formally, the general algebraic definition of time-series statistical models is formu-
lated as follows, with further extensions attempted: 𝑃 𝑌  | 𝑅  ~ 𝐺𝑎𝑚𝑚𝑎 𝑒𝑥𝑝 𝛼 + 𝑓 𝑥 , , + ℎ 𝑦 , , + 𝑆 , + 𝑃 + 𝐿𝑎 + 𝐿𝑜 + 𝑓 𝑧 ; 𝜃  + 𝐷 + 𝐻 + 𝑉+ 𝑚𝑖𝑛 𝑤 , , 𝑤 , + 𝑂 + 𝑙𝑛 𝑅 + 𝜀 ,   
where Yt is the outcome time series; Rt is the expected time series of the daily time-de-
pendent effective reproductive number in prefecture i on day t; α corresponds to the over-
all intercept; and fG(xτ,t,i) denotes the cross-basis function with exposure and lag effects mod-
elled by a natural cubic spline function and a linear function of mean ambient temperature and 
retail and recreation mobility in prefecture i on day t, respectively. The notation hG(yτ,t,i) 
represents a penalized smoothing spline function of relative humidity, precipitation, wind 
speed, and daily number of SARS-CoV-2 vaccinations, to control for nonlinear confound-
ing effects (term of nonlinear). St,i is a fixed effect indicator variable that takes the value of 
one during the state of emergency declaration period in prefecture i on day t and zero. 
Otherwise, Pi denotes prefectural characteristics or regional variable indicators in prefec-
ture i. Lai and Loi denote latitude and longitude variables in prefecture i. ∑ 𝑓 𝑧 ; 𝜃  de-
notes natural cubic splines of time (seven degrees of freedom per year). Dt denotes week-
of-day at t. Ht denotes public holiday in day t, and Vt is a fixed effect indicator variable of 
each variant on day t. In this statistical model, wt,i is the degree of risk awareness in pre-
fecture i on day t [28]. This was graded by assuming that it was linearly associated with 
the smoothed number of newly reported cases, following a positive association between 
confirmed cases and risk perception found in a study from the United Kingdom (UK), 
using longitudinal data [29]. The effect of this variable wt,i was capped at a predefined 
upper limit (wlimit,i) that corresponded to the government definition of the "highest alert 
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level" incidence in Japan (i.e., 25 confirmed cases per 100,000 population in a week) [30]. 
According to this definition, the daily number of cases giving an upper limit for each pre-
fecture i (wlimit,i) was specified as 497 in Tokyo, 315 in Osaka, 270 in Aichi, 188 in Hokkaido, 
182 in Fukuoka, and 52 in Okinawa. Rt−1 denotes autoregressive terms of order one, ac-
counting for potential serial correlation. Ot denotes the logarithm of the yearly population 
by prefecture as an offset term [31], and term εt,i indicates the error term. To quantify the 
total contribution, independent effects, and relative importance of behavioral and envi-
ronmental drivers, we included all variables in the same model.  By including all varia-
bles of interest in the same regression equation, we strengthened the interpretation of the 
effects as independent and additive, based on accumulated empirical knowledge. 

To test the sensitivity of the results to the modeling choices described above, we re-
peated the analysis by varying the d.f. of the natural cubic spline of time from seven d.f. 
per year to three or 11 d.f. per year. In addition, we assessed the sensitivity of redefining 
the lag-response dimension using a natural cubic spline and three equally placed internal 
knots. For all statistical models, we quantified estimates as cumulative days (i.e., 0–21 
days) and single days (i.e., 0, 7, 14, and 21 days), and evaluated relative risks (RRs) to-
gether with their 95% confidence intervals (CIs) at the 1st, 25th, 75th, and 99th percentiles of 
the mean ambient temperature. Retails and recreation mobility were used to present the 
strengths of the associations. Because the associations were generally non-linear and de-
layed, we utilized the overall median value (50th percentile) of mean ambient temperature 
and the retail and recreation mobility as the reference levels. Furthermore, we described 
three-dimensional plots and exposure-response curves to observe the shape of the associ-
ations. Statistical significance was considered at a p-value of less than 0.05 (i.e., a type I 
error), on a two-tailed test. All analyses were performed using STATA version 15.1 statis-
tical software (Stata Corp, College Station, TX, USA) and R statistical programming soft-
ware version 4.1.0 (R Foundation for Statistical Computing, Vienna, Austria) using "dlnm" 
and "mgcv" [32, 33]. 
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Figure S1. The geographic locations of the 47 Japanese prefectures. Japan is located at latitudes 
from approximately 26°N to 43°N and longitudes from approximately 127°E to 141°E, in the western 
pacific region, and constructed of a total of 47 Japanese prefectures (covering the whole country) 
from north to south: Hokkaido, Aomori, Iwate, Miyagi, Akita, Yamagata, Fukushima, Ibaraki, 
Tochigi, Gunma, Saitama, Chiba, Tokyo, Kanagawa, Niigata, Toyama, Ishikawa, Fukui, Yamanashi, 
Nagano, Gifu, Shizuoka, Aichi, Mie, Shiga, Kyoto, Osaka, Hyogo, Nara, Wakayama, Tottori, 
Shimane, Okayama, Hiroshima, Yamaguchi, Tokushima, Kagawa, Yamanashi, Nagano, Gifu, Shi-
zuoka, Aichi, Mie, Shiga, Kyoto, Osaka, Hyogo, Nara, Wakayama, Tottori, Shimane, Okayama, Hi-
roshima, Yamaguchi, Tokushima, Kagawa, Ehime, Kochi, Fukuoka, Saga, Nagasaki, Kumamoto, 
Oita, Miyazaki, Kagoshima, and Okinawa. 
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Figure S2. Probability distribution of the daily temporal effective reproductive numbers in Japan 
across all of the included prefectures throughout the study period. The mean daily temporal effec-
tive reproductive numbers in Japan across all the included prefectures and days was 1.30 (standard 
deviation [SD], 1.40). These observational data do not follow a normal distribution (Shapiro-Wilk 
test, P < 0.001). 
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Figure S3. Time-series plots of daily meteorological variables and mobility patterns across all six 
selected prefectures over the study duration. (A) Time-series plot of daily mean ambient tempera-
ture in Hokkaido, Tokyo, Aichi, Osaka, Fukuoka, and Okinawa, Japan (units: °C); (B) Time-series 
plot of daily relative humidity in Hokkaido, Tokyo, Aichi, Osaka, Fukuoka, and Okinawa, Japan 
(units: %); (C) Time-series plot of daily precipitation in Hokkaido, Tokyo, Aichi, Osaka, Fukuoka, 
and Okinawa, Japan (units: mm); (D) Time-series plot of daily wind speed in Hokkaido, Tokyo, 
Aichi, Osaka, Fukuoka, and Okinawa, Japan (units: m/s); (E) Time-series plot of daily retail and 
recreation mobility across all prefectures and days (units: %); and (F) Time-series plot of daily num-
ber of vaccinations in Hokkaido, Tokyo, Aichi, Osaka, Fukuoka, and Okinawa, Japan (units: doses). 
Notes: the present study covers the period between 1 May 2020 and 31 March 2022 and included six 
prefectures (i.e., Hokkaido, Tokyo, Aichi, Osaka, Fukuoka, and Okinawa). Hokkaido, Tokyo, Aichi, 
Osaka, Fukuoka, and Okinawa are represented in dark blue, green, light red, light blue, grey, and 
yellow, respectively. 
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Figure S4. Visualizing pooled non-linear and delayed associations of the relative risks of the time-
dependent transmissibility of SARS-CoV-2 with mean ambient temperature and retail and recrea-
tion mobility. (A) Three-dimensional plot of the association between daily mean ambient tempera-
ture (units: °C) and the percent change in the estimated time-dependent effective reproductive num-
ber (Rt) over a lag of 21 days. (B) Overall associations of the 21-day cumulative risk of the percent 
change in the estimated time-dependent Rt of SARS-CoV-2 with daily mean ambient temperature 
(units: °C). (C) Three-dimensional plot of the association between daily retail and recreation mobil-
ity (units: %) and the percent change in the estimated time-dependent Rt over a period of 21 days. 
(D) Overall associations of the 21-day cumulative risk of the percent change in the estimated time-
dependent Rt of SARS-CoV-2 with daily retail and recreation mobility (units: %). Red and blue lines 
represent the estimated cumulative relative risks of the time-dependent transmissibility of SARS-
CoV-2, with shaded bands as 95% CIs. The corresponding reference levels were 18.5 °C and −16.0%, 
respectively. The present study covers the period between 1 May 2020 and 31 March 2022 in six 
selected prefectures (i.e., Hokkaido, Tokyo, Aichi, Osaka, Fukuoka, and Okinawa) in Japan. In this 
sensitivity analysis, a natural cubic spline of time was set up with different degrees of freedom (three 
degrees of freedom per year). 
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Figure S5. Visualizing pooled non-linear and delayed associations of the relative risks of the time-
dependent SARS-CoV-2 transmissibility with mean ambient temperature and retail and recreation 
mobility. (A) Three-dimensional plot of the association between daily mean ambient temperature 
(units: °C) and the percent change in estimated time-dependent effective reproductive number (Rt) 
over a lag of 21 days. (B) Overall associations of the 21-day cumulative risk of the percent change in 
estimated time-dependent Rt of SARS-CoV-2 with daily mean ambient temperature (units: °C). (C) 
Three-dimensional plot of the association between daily retail and recreation mobility (units: %) and 
the percent change in estimated time-dependent Rt over a lag of 21 days. (D) Overall associations of 
the 21-day cumulative risk of the percent change in the estimated time-dependent Rt of SARS-CoV-
2 with daily retail and recreation mobility (units: %). Red and blue lines represent the estimated 
cumulative relative risks of the time-dependent transmissibility of SARS-CoV-2, with shaded bands 
as 95% CIs. The corresponding reference levels were 18.5 °C and −16.0%, respectively. The present 
study covers the period between 1 May 2020 and 31 March 2022 in six selected prefectures (i.e., 
Hokkaido, Tokyo, Aichi, Osaka, Fukuoka, and Okinawa) in Japan. In this sensitivity analysis, a nat-
ural cubic spline of time was set up with different degrees of freedom (eleven degrees of freedom 
per year). 
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Figure S6. Visualizing pooled non-linear and delayed associations of the relative risks of time-de-
pendent SARS-CoV-2 transmissibility with mean ambient temperature and retail and recreation 
mobility. (A) Three-dimensional plot of the association between daily mean ambient temperature 
(units: °C) and the percent change in estimated time-varying effective reproductive number (Rt) 
over a lag of 21 days. (B) Overall associations of the 21-day cumulative risk of the percent change in 
estimated time-varying Rt of SARS-CoV-2 with daily mean ambient temperature (units: °C). (C) 
Three-dimensional plot of the association between daily retail and recreation mobility (units: %) and 
the percent change in estimated time-dependent Rt over a lag of 21 days. (D) Overall associations of 
the 21-day cumulative risk of the percent change in the estimated time-dependent Rt of SARS-CoV-
2 with daily retail and recreation mobility (units: %). Red and blue lines represent the estimated 
cumulative relative risks of the time-dependent SARS-CoV-2 transmissibility, with shaded bands as 
95% CIs. The corresponding reference levels were 18.5 °C and −16.0%, respectively. The present 
study covers the period between 1 May 2020 and 31 March 2022 in six selected prefectures (i.e., 
Hokkaido, Tokyo, Aichi, Osaka, Fukuoka, and Okinawa) in Japan. In this sensitivity analysis, the 
lag-response dimension using a natural cubic spline and three equally placed internal knots was 
redefined. 
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Table S1. Descriptive statistics for daily new confirmed COVID-19 cases, effective reproductive 
numbers, meteorological variables, mobility patterns, and vaccinations across all days by prefec-
ture. 

Prefecture Potential drivers Mean SD Min P25 P50 P75 Max 

Hokkaido 

Daily new confirmed cases 302 302 0 13 63 201 4,295 
Effective reproductive number 1.16 0.69 0.18 0.76 1.00 1.43 5.54 

Mean ambient temperature (°C) 10.22 9.94 –10.4 –7.55 10.4 19.2 29.2 
Relative humidity (%) 70.90 10.07 36 .00 64.50 72.00 78.00 95.00 

Precipitation (mm) 2.80 6.66 0.00 0.00 0.00 2.50 61.5 
Wind speed (m/s) 3.43 1.41 1.1 2.40 3.20 4.30 9.70 

Retail and recreation mobility (%) –12.64 9.00 –53.00 –18.00 –12.00 –8.00 23.00 
Daily number of vaccinations 14,410 20,546 0 0 31 28,861 73,295 

Tokyo 

Daily new confirmed cases 1,753 3,694 2 124 352 966 20,040 
Effective reproductive number 1.17 0.86 0.23 0.81 0.81 1.29 9.15 

Mean ambient temperature (°C) 16.57 7.89 0.70 9.70 16.70 22.90 31.70 
Relative humidity (%) 69.58 16.91 31.00 56.00 72.00 82.00 100.00 

Precipitation (mm) 4.67 13.77 0.00 0.00 0.00 1.75 138.50 
Wind speed (m/s) 2.71 .84 1.2 2.10 2.60 3.10 6.5 

Retail and recreation mobility (%) –26.21 9.88 –68.00 –30.50 –26.00 –20.00 2.00 
Daily number of vaccinations 38,887 58,195 0 0 446 74,600  228,078 

Aichi 

Daily new confirmed cases 948 2,562 0 21 86 290 16,199 
Effective reproductive number 1.40 1.81 0.11 0.67 0.95 1.45 16.35 

Mean ambient temperature (°C) 16.91 8.59 0.00 9.50 16.90 24.45 32.50 
Relative humidity (%) 69.18 13.04 24.00 61.00 68.50 76.00 99.00 

Precipitation (mm) 4.97 12.71 0.00 0.00 0.00 1.75 101.50 
Wind speed (m/s) 2.96 1.04 1.20 2.20 2.70 3.60 7.90 

Retail and recreation mobility (%) –11.2 8.27 –41.00 –16.00 –11.00 –7.00 34.00 
Daily number of vaccinations 20,295 30,065 0 0 14 40,019 114,952 

Osaka 

Daily new confirmed cases 721 1,365 0 55 166 618 7,872 
Effective reproductive number 1.21 0.87 0.27 0.69 0.93 1.46 6.75 

Mean ambient temperature (°C) 17.59 8.26 0.20 10.30 17.60 24.90 32.80 
Relative humidity (%) 65.56 11.49 23.00 58.00 65.00 72.00 96.00 

Precipitation (mm) 4.76 12.82 0.00 0.00 0.00 1.00 105.00 
Wind speed (m/s) 2.32 0.74 1.00 1.80 2.20 2.70 5.20 

Retail and recreation mobility (%) –18.02 9.14 –56.00 –23.00 –17.00 –12.50 17.00 
Daily number of vaccinations 23,259 33,884 0 0 112 42,947 125,443 

Fukuoka 

Daily new confirmed cases 358 789 0 9 46 219 5,122 
Effective reproductive number 1.32 1.37 0.11 0.64 0.93 1.54 12.66 

Mean ambient temperature (°C) 18.00 7.94 –0.50 11.00 18.30 24.75 32.30 
Relative humidity (%) 68.47 10.96 42.00 61.00 68.00 76.00 98.00 

Precipitation (mm) 5.58 18.62 0.00 0.00 0.00 1.00 231.50 
Wind speed (m/s) 2.83 1.03 1.10 2.10 2.60 3.30 7.80 

Retail and recreation mobility (%) –12.67 8.82 –64.00 –17.00 –12.00 –8.00 28.00 
Daily number of vaccinations 13,965 20,361 0 0 23 26,965 74,951 

Okinawa 

Daily new confirmed cases 174 308 0 13 39 140 1,819 
Effective reproductive number 1.54 2.12 0.04 0.71 1.04 1.48 20.63 

Mean ambient temperature (°C) 23.79 4.59 11.60 20.20 24.10 28.10 30.50 
Relative humidity (%) 77.91 10.59 52.00 70.00 80.00 86.00 98.00 

Precipitation (mm) 7.33 20.72 0.00 0.00 0.00 3.50 213.00 
Wind speed (m/s) 5.16 1.85 1.80 3.90 4.90 6.10 17.90 

Retail and recreation mobility (%) –19.21 8.65 –71.00 –25.00 –19.00 –14.00 18.00 
Daily number of vaccinations 3,449 5,277 0 0 32 5,735 23,275 

Abbreviations: SD, standard deviation; Min, minimum; P25, 25th percentile; P25, 50th percentile; P75, 
75th percentile; Max, maximum. Notes: The present study covers the period between May 1, 2020, 
and March 31, 2022, in six selected prefectures (i.e., Hokkaido, Tokyo, Aichi, Osaka, Aichi, Fukuoka, 
and Okinawa) in Japan. 
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Table S2. Assessments of multi-collinearity using pairwise Spearman's rank-order linear correlation 
matrix between daily meteorological variables, mobility patterns, and vaccinations across all six 
prefectures and the entire study period. 

Potential drivers 1 2 3 4 5 6 7 
1. Effective reproductive number 1.00       

2. Mean ambient temperature (°C) −0.04** 1.00      
3. Relative humidity (%) 0.003 0.38*** 1.00     

4. Precipitation (mm) 0.01 0.06*** 0.62*** 1.00    
5. Wind speed (m/s) 0.01 0.13*** 0.06*** 0.11*** 1.00   

6. Retail and recreation mobility (%) 0.13*** –0.12*** –0.20*** –0.19*** –0.06*** 1.00  
7. Daily number of vaccinations −0.10*** 0.07*** 0.02 0.01 –0.10*** –0.04** 1.00 

Notes: The present study covers the period between May 1, 2020, and March 31, 2022, in six selected 
prefectures (i.e., Hokkaido, Tokyo, Aichi, Osaka, Aichi, Fukuoka, and Okinawa) in Japan. Signifi-
cant predictors in the statistical model are described by *P < 0.05, **P < 0.01, and ***P < 0.001. 
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