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S easonality and climate dependency of influenza are well 
established. Suggested mechanisms for the slowdown of 
influenza epidemics in summer months in temperate cli-

mates are related to higher temperature, higher humidity or 
higher solar radiation.1 These 3 characteristics are all associated 
with geographic latitude, a measure that can be determined 
effortlessly and with precision. Another possible explanation for 
the slowdown of influenza epidemics during summer months is 
school closures for summer breaks.2–4

To slow the growth of the current coronavirus disease 2019 
(COVID-19) pandemic, many countries have mandated school 
clos ures5 and other public health interventions, such as restric-
tions of mass gatherings, social distancing or closure of non-
essential businesses. However, it is unclear whether these inter-

ventions, or seasonal changes mediated by climate,6 affect the 
pandemic. We performed an analysis of the current epidemic 
growth in geo political areas affected by COVID-19 to determine 
whether epidemic growth was associated with climate, school 
closures or other public health interventions aimed at reducing 
contact rates in the population and thereby reducing transmis-
sion of severe acute respiratory syndrome coronavirus 2 (SARS-
CoV-2), the coronavirus driving the pandemic.7–9

Methods

We designed a prospective cohort study of geopolitical areas 
with documented outbreaks of COVID-19 to determine the asso-
ciation of epidemic growth of COVID-19 during a prespecified 
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ABSTRACT
BACKGROUND: It is unclear whether sea-
sonal changes, school closures or other 
public health interventions will result in 
a slowdown of the current coronavirus 
disease 2019 (COVID-19) pandemic. We 
aimed to determine whether epidemic 
growth is globally associated with cli-
mate or public health interventions 
intended to reduce transmission of 
severe acute respiratory syndrome 
coronavirus 2 (SARS-CoV-2).

METHODS: We performed a prospective 
cohort study of all 144 geopolitical areas 
worldwide (375 609 cases) with at least 
10 COVID-19 cases and local transmis-
sion by Mar. 20, 2020, excluding China, 
South Korea, Iran and Italy. Using 
weighted random-effects regression, we 

determined the association between 
epidemic growth (expressed as ratios of 
rate ratios [RRR] comparing cumulative 
counts of COVID-19 cases on Mar. 27, 
2020, with cumulative counts on Mar. 20, 
2020) and latitude, temperature, humid-
ity, school closures, restrictions of mass 
gatherings, and measures of social dis-
tancing during an exposure period 
14 days previously (Mar. 7 to 13, 2020).

RESULTS: In univariate analyses, there 
were no associations of epidemic 
growth with latitude and temperature, 
but weak negative associations with rel-
ative humidity (RRR per 10% 0.91, 95% 
confidence interval [CI] 0.85–0.96) and 
absolute humidity (RRR per 5 g/m3 0.92, 
95% CI 0.85–0.99). Strong associations 

were found for restrictions of mass gath-
erings (RRR 0.65, 95% CI 0.53–0.79), 
school closures (RRR 0.63, 95% CI 0.52–
0.78) and measures of social distancing 
(RRR 0.62, 95% CI 0.45–0.85). In a multi-
variable model, there was a strong asso-
ciation with the number of imple-
mented public health interventions (p 
for trend = 0.001), whereas the associa-
tion with absolute humidity was no lon-
ger significant.

INTERPRETATION: Epidemic growth of 
COVID-19 was not associated with lati-
tude and temperature, but may be asso-
ciated weakly with relative or absolute 
humidity. Conversely, public health 
interventions were strongly associated 
with reduced epidemic growth.
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follow-up period (Mar. 21 to Mar. 27, 2020) with characteristics 
ascertained during an exposure period 14 days previously (Mar. 7 
to Mar. 13, 2020). The time lag between exposure and follow-up 
was set to 14 days, to reflect the assumed time between trans-
mission of SARS-CoV-210 and reporting of confirmed COVID-19 
cases (Figure 1).11 Analyses were performed according to a pre-
specified protocol. Results of a preliminary unpublished analysis, 
conducted according to protocol version 1.0, are summarized in 
protocol version 1.2 (available in Appendix 1, at www.cmaj.ca/
lookup/suppl/doi:10.1503/cmaj.200920/-/DC1). An explanation of 
protocol changes is provided in the supplementary methods in 
Appendix 2, available at www.cmaj.ca/lookup/suppl/doi:10.1503 
/cmaj.200920/-/DC1.

Eligibility
We included all geopolitical areas (states for Australia and the 
United States, provinces and territories for Canada, countries 
and overseas territories for the rest of the world) with at least 
10  cases as of Mar. 20, 2020 (reference), and documented local 
transmission according to the World Health Organization’s 
(WHO) Situation Report 61.12 China was excluded as its epidemic 
growth had decelerated and the outbreak appeared to be con-
tained. South Korea, Italy and Iran were excluded as their epi-
demics were fully established, being further ahead on the epi-
demic curve than the rest of the world, with the possibility of 
reaching the hyperendemic state during the follow-up period.

Exposure
The exposure period was prespecified to last from Mar. 7 to 
Mar. 13, 2020 (Figure 1). Geographic latitude was prespecified 
as the primary exposure variable, with mean temperature, 
absolute humidity, school closures, restrictions of mass gath-
erings and measures of social distancing as secondary expos-
ure variables. Data on latitude, mean temperature and mean 
relative humidity (to derive absolute humidity) were collected 
for the capital of each geopolitical area, and data on school 
closures, restrictions of mass gatherings and measures of 
social distancing were collected at the level of the geopolitical 
area. Absolute humidity describes the absolute water content 
in g/m3, and relative humidity describes absolute humidity rel-
ative to the maximum possible humidity in percent given the 

current temperature. We gave precedence to absolute humid-
ity over relative humidity, as it was more strongly associated 
with influenza than relative humidity1 and showed less varia-
tion than relative humidity, but included relative humidity as a 
post hoc exposure variable. Mean temperature and humidity 
were calculated for the entire exposure period, deriving arith-
metic means across all available meas urement time points 
(median 8 per day, interquartile range [IQR] 8 to 45).13 For 
school clos ures, restrictions of mass gatherings and measures 
of social distancing, we determined whether they were imple-
mented by a prespecified cut-off, in the middle of the work-
week of the exposure period (Wednesday Mar. 11, 2020).

Outcome
The analysis of confirmed cases11 is complicated by potentially 
dramatic differences in detection and reporting of individuals 
infected with SARS-CoV-2,14 which prevent a meaningful analysis 
of absolute event rates across different countries. Conversely, an 
analysis of epidemic growth,15 which can be expressed in relative 
terms — a rate ratio comparing the current cumulative count of 
reported cases with the cumulative count of cases reported 
1 week earlier — is likely to account for some of the variation in 
detection and reporting. This approach analyzes the slope of the 
cumulative frequency rather than absolute rates, using each geo-
political area as its own comparison (Appendix 2, Figure S1). The 
follow-up period was prespecified to last from Mar. 21 to Mar. 27, 
2020 (Figure 1). The prespecified outcome was epidemic growth, 
defined as the rate ratio comparing the cumulative count of con-
firmed COVID-19 cases at the end of the follow-up period on 
Mar.  27, 2020, with the cumulative count 1 week previously, on 
Mar. 20, 2020 (reference).

Additional covariates
Altitude, gross domestic product (GDP) per capita, health expen-
diture as percent of GDP, life expectancy, percentage of inhabit-
ants aged 65 years or older, the Infectious Disease Vulnerability 
Index,16 urban population density, number of flight passengers 
per capita and closest distance to a country with already estab-
lished epidemic (city of Wuhan, South Korea, Iran, Italy) were 
additional prespecified covariates. Table S1 in Appendix 2 pro-
vides a justification for the choice of these covariates.

Exposure period Follow-up period
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Figure 1: Study design. Δ = difference between day 1 of exposure period and day 1 of follow-up period.



RE
SE

AR
CH

E568 CMAJ  |  MAY 25, 2020  |  VOLUME 192  |  ISSUE 21 

Data collection
Information on data sources is presented in Appendix 2, Table S1. 
On Mar. 28, 2020, we downloaded data covering the COVID-19 
outbreak until Mar. 27, 2020, from the online interactive dash-
board hosted by the Center for Systems Science and Engineering 
at Johns Hopkins University, Baltimore.11 The dashboard reports 
the cumulative number of cases daily at province level in China; at 
city or county level in Australia, Canada and the US; and at level of 
countries and overseas territories elsewhere.11 The case data 
reported on the dashboard align with the daily WHO situation 
reports.11,12 The data reported at city or county level for Australia, 
Canada and the US were aggregated to state or province level. 
Overseas territories, such as Réunion or Guam, were handled sep-
arately from their home country for the purpose of this study.

Temperature in degrees Celsius (°C) and relative humidity were 
collected for the exposure period of Mar. 7 to Mar. 13, 2020, from a 
publicly accessible meteorological website,13 with absolute humid-
ity calculated from relative humidity and temperature for each 
measurement time point.17 Data on school closures were obtained 
from the United Nations Educational, Scientific and Cultural Org-
anization18 and complemented with information on scheduled 
school holidays. Data on school holidays, restrictions of mass gath-
erings and measures of social distancing were obtained by 1 of 
4 investigators (P.J., P.B., D.G. and a research assistant) from official 
school schedules; provisions and press releases of relevant admin-
istrative and governmental bodies; and newspaper articles, and 
checked by at least 1 other investigator (P.J. or P.B.). Data on 
restrictions of mass gatherings and measures of social distancing 
were subsequently verified against timelines reported in the online 
encyclopedia Wikipedia.19 No documents were excluded based on 
language. Team members were able to read documents in English, 
German, Czech, Danish, Dutch, French, Greek, Italian, Portuguese, 
Slovak and Spanish directly. We used Web-based translation ser-
vices for remaining languages. “Social distancing” was defined as 
any measure that attempted to prevent small clusters of 10 individ-
uals or fewer, such as strong recommendations or formal require-
ments of social distancing, closure of sit-in restaurants and bars, or 
closure of nongrocery stores.

We calculated the number of flight passengers per capita from 
published passenger statistics of major airports.20–22 Data on the high-
est urban density in major metropolitan areas of a geopolitical area 
were obtained from Demographia World Urban Areas23 and comple-
mented with data from the US Census.24 We obtained data on 
remaining covariates from the World Bank.25 Latitude, altitude, tem-
perature and humidity were collected for the capital of each 
geopolit ical area, and the remaining covariates at the level of the 
geo political area. For Ecuador, we collected data for the de facto cap-
ital, Guayaquil.25 The Infectious Disease Vulnerability Index16 was 
available only at country level; therefore, values of the home country 
were assigned to states, provinces and overseas territories. To make 
interpretation of the index more intuitive, we inverted it so that larger 
values indicate higher vulnerability to infectious diseases. All data 
were supplemented with publicly available information for overseas 
territories, states or provinces for the US, Australia and Canada, and 
— in cases where data were missing or implausible in the databases 
used — using the latest available information (Appendix 2, Table S1).

Statistical analysis
We used weighted random-effects regression26 to determine the 
association between the log rate ratio of COVID-19 and exposure 
variables. Rate ratios were calculated as cumulative count of 
confirmed cases in a geopolitical area since the beginning of the 
epidemic as of Mar. 27, divided by the cumulative count of con-
firmed cases since the beginning of the epidemic as of Mar. 20 
(Appendix 2, Figure S1). The observation time was identical 
across all areas. Because the populations in question were large, 
they could be considered equal at both time points and can-
celled out in calculations of rate ratios. A rate ratio of 2 indicates 
that the number of cases in a geopolitical area doubled within 
1 week. As the exposure period of Mar. 7 to Mar. 13 was near ver-
nal equinox, no transformation was necessary to reflect the asso-
ciation of the log rate ratio of COVID-19 with the square of the lat-
itude. Associations were expressed as ratios of rate ratios (RRRs) 
per 400 degrees2 increase in latitude, 5°C increase in tempera-
ture, 10% increase in relative humidity, 5 g/m3 increase in abso-
lute humidity, and RRR comparing geopolitical areas with versus 
areas without implementation of school closures, restrictions of 
mass gatherings or measures of social distancing. The units of 
analysis were geopolitical areas; log rate ratios of COVID-19 
(dependent variable) and exposure variables (independent vari-
ables) were defined at the level of geopolitical areas. An RRR less 
than 1 indicates that an increase in a continuous exposure vari-
able or the presence of a public health intervention is associated 
with a decrease in epidemic growth, with an RRR of 0.60 corres-
ponding to a 40% relative reduction in epidemic growth.

We determined associations of epidemic growth with exposure 
variables in univariate analyses, and in different multivariable 
models and analysis sets to determine robustness of associations 
as prespecified in the protocol (see Appendices 1 and 2). Then, we 
developed 2 parsimonious multivariable models. For Model 1, we 
first prioritized covariates on theoretical grounds and then used 
unsupervised cluster analysis for variable selection (Appendix 2, 
Table S2);27 for Model 2, we used stepwise backward selection of 
covariates based on the adjusted R2 statistic. We prespecified that 
Model 1 would take precedence over Model 2, as it would not be at 
risk of overfitting. Cluster analysis indicated clustering of the 
3 public health interventions (Appendix 2, Figure S2). We therefore 
derived a post hoc composite of exposure to any of the 3 interven-
tions. In addition, we prespecified to perform tests for trend 
according to the number of public health interventions imple-
mented (0, 1, or 2 or more) under the assumption that the RRRs for 
the association of epidemic growth with school closures, restric-
tions of mass gatherings or measures of social distancing would 
have the same direction and a similar magnitude. We forced major 
geographical regions (Asia, Oceania, Europe, Africa, Americas) into 
both models to account for the geographic progression of the pan-
demic. Analyses were performed in Stata, Release 14 (StataCorp, 
College Station, TX) and R (R Foundation for Statistical Computing, 
Vienna, Austria).

Ethics approval
This study did not require research ethics approval, as publicly 
available, anonymized aggregate data were used for all analyses. 
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Results

We included 144 geopolitical areas with 375 609 cases in our 
analyses (Appendix 2, Figure S3 and Table S3). The median 
COVID-19 case count per 1 million inhabitants for the 144 geo-
political areas was 87.6 (IQR 31.9–193.7); the median rate ratio 
representing epidemic growth was 3.56 (IQR 2.41–4.66, Table 1). 
Most geopolitical areas were in the northern hemisphere, near 
sea level, with temperate climates. The median temperature was 
12.8°C (IQR 7.3–21.2), the median relative humidity was 69.0% 
(IQR 60.3–76.6) and the median absolute humidity was 7.1 g/m3 

(IQR 5.1–10.8). Temperature was strongly associated with the 
square of the latitude and, to a lesser extent, so was absolute 
humidity; relative humidity was not associated (Appendix 2, Fig-
ures S4–S6). In 38 geopolitical areas, at least 1 public health 
intervention had been implemented by Mar. 11, 2020, with 
24 areas having 1 implemented (16.7%), and 14 areas having 2 or 
3 interventions (9.7%); the remainder had no public health inter-
ventions in effect (73.6%). The implementation of public health 
interventions was correlated (Appendix 2, Figure S2). The median 
percentage of the population aged 65 years or older was 14.0%; 
the median life expectancy at birth was 79 years; on average, 
9.2% of GDP was spent on health (IQR 6.3%–13.5%); and the 
median distance to the closest established epidemic was 
4300 km (IQR 1300–8000; Table 1).

In univariate analyses (Figure 2), there was no association 
between epidemic growth and latitude (RRR per 400 degrees2 
increase 0.99, 95% CI 0.96–1.03, p = 0.72) or mean temperature 
(RRR per 5°C increase, 0.97, 95% CI 0.93–1.02). Conversely, there 
was a negative association with relative humidity (RRR per 10% 
increase 0.91, 95% CI 0.85–0.96) and with absolute humidity (RRR 
per 5  g/m3 increase 0.92, 95% CI 0.85–0.99). In Appendix 2, 
Figures S7–S10 show bubble plots of the rate ratio of COVID-19 
on a logarithmic scale against latitude, temperature and relative 
and absolute humidity.

The composite of any public health intervention (RRR 0.62, 
95% CI 0.53–0.73) and its components, restrictions of mass gath-
erings (RRR 0.65, 95% CI 0.53–0.79), school closures (RRR 0.63, 
95% CI 0.52–0.78) and measures of social distancing (RRR 0.62, 
95% CI 0.45–0.85), all showed strong negative associations with 
epidemic growth during the follow-up period between Mar. 21 
and Mar. 27 (Appendix 2, Figures S11–S13). The negative associ-
ation was more pronounced in geopolitical areas that had 2 or 
3  public health interventions compared with regions that had 
implemented 1 intervention (p for trend <  0.001; Figure 3). Epi-
demic growth varied by continent, health expenditure, Infec-
tious Disease Vulnerability Index and distance to closest estab-
lished epidemic.

In prespecified multivariable analyses and restricted 
analyses, associations with latitude and temperature remained 
nonsignificant (Appendix 2, Tables S4 and S5). The associations 
of epidemic growth with relative and absolute humidity 
attenuated and became mostly nonsignificant (Appendix 2, 
Tables S6 and S7). Negative associations with public health 
interventions all remained robust, except for measures of social 
distancing (Appendix 2, Tables S8–S12).

The main multivariable model (Figure 4) showed a weak, 
nonsignificant negative association of epidemic growth with 
absolute humidity (RRR per 5  g/m3 0.92, 95% CI 0.84–1.00, p = 
0.064), but a continued strong association with the number of 
public health interventions implemented (p value for trend = 
0.001). A multivariable model based on stepwise backward 
selection (Appendix 2, Figure S14) showed a weak negative asso-
ciation with absolute humidity (RRR per 5  g/m3 0.87, 95% CI 
0.77–0.99) and a strong negative association with the number of 
implemented public health interventions (p for trend = 0.004), 
and additionally suggested a negative association of epidemic 

Table 1: Characteristics of analyzed geopolitical areas 
(n = 144)

Variables Median or n IQR or %

No. of cases 558 221–1419

Case count (per 1 000 000 inhabitants) 87.6 31.4–193.7

Rate ratio 3.56 2.41–4.66

Latitude (degrees) 38.4 21.8–44.6

Temperature (°C) 12.8 7.3–21.2

Relative humidity (%) 69.0 60.3–76.6

Absolute humidity (g/m3) 7.1 5.2–10.8

Altitude (m) 82.5 16.0–274.0

Passenger flights (passengers/capita/yr) 2.3 1.0–4.7

Urban density (1000 inhabitants/km2) 3.6 1.8–6.2

Population (1 000 000  inhabitants) 7.1 3.1–20.6

Percentage of inhabitants aged 65 yr or older 14.0 8.3–17.2

Life expectancy at birth, yr 79 76–81

GDP (1000 USD/inhabitant) 40.1 8.4–56.3

Health expenditure as percentage of GDP 9.2 6.3–13.5

Infectious Disease Vulnerability Index 0.87 0.64–0.92

Any public health intervention 38 26.4%

Restrictions of mass gatherings 24 16.7%

Social distancing 10 6.9%

School closures 25 17.4%

No. of public health interventions

    0 106 73.6%

    1 24 16.7%

    2 or 3 14 9.7%

Global region

    Asia 30 20.8%

    Oceania 6 4.2%

    Europe 36 25.0%

    Africa 10 6.9%

    Americas 62 43.1%

Closest distance to established epidemic 
   (1000 km)

4.3 1.3–8.0

Note: GDP = gross domestic product, IQR = interquartile rage, USD = United States dollars.
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growth with increased life expectancy at birth, and residual vari-
ation by continent. Post hoc analyses based on a different met-
ric to estimate epidemic growth showed more pronounced 
reductions with public health interventions (Appendix 2, Tables 
S13 and S14).

Interpretation

In this prospective cohort study of 144 geopolitical areas with 
375 609 confirmed cases of COVID-19, epidemic growth of COVID-19 
during the follow-up period from Mar. 21 to Mar. 27, 2020, was not 

Latitude (per 400 degrees2)

Temperature (per 5°C)

Relative humidity (per 10%)

Absolute humidity (per 5g/m3)

Altitude (per 100 m)

Passenger flights (per 1 passenger/capita/yr)

Urban density (per 5000 inhabitants/km2)

Percentage of inhabitants aged 65 yr or older (per 5%)

Life expectancy at birth (per 5 yr)

GDP (per 20 000 USD/inhabitant)

Health expenditure as percentage of GDP (per 5%)

Infectious Disease Vulnerability Index (per 0.1)

Any public health intervention

Restriction of mass gatherings

School closures

Social distancing

Number of public health interventions

1 intervention

2 or 3 interventions

Major geographical regions

Oceania

Europe

Africa

Americas

Closest distance to established epidemic
(per 1000 km)

0.99 (0.96–1.03)

0.97 (0.93–1.02)

0.91 (0.85–0.96)

0.92 (0.85–0.99)

1.01 (1.00–1.03)

0.99 (0.96–1.01)

0.98 (0.91–1.06)

1.04 (0.97–1.12)

0.96 (0.88–1.05)

1.04 (0.98–1.10)

1.26 (1.16–1.37)

0.95 (0.91–0.99)

0.62 (0.53–0.73)

0.65 (0.53–0.79)

0.63 (0.52–0.78)

0.62 (0.45–0.85)

0.67 (0.55–0.82)

0.54 (0.42–0.70)

1.88 (1.31–2.70)

1.13 (0.93–1.38)

1.68 (1.24–2.28)

1.92 (1.60–2.31)

1.07 (1.05–1.10)

RRR

0.72

0.21

0.002

0.024

0.088

0.25

0.63

0.23

0.40

0.17

< 0.001

0.018

< 0.001

< 0.001

< 0.001

0.003

< 0.001

< 0.001

< 0.001

p value

Associated with
decreased epidemic

growth

Associated with
increased epidemic
growth 

1

RRR (95% CI)

0.5 0.7 1.4 2

Figure 2: Caterpillar plot presenting results of univariate analyses. Shown are ratios of rate ratios (RRRs) with 95% confidence intervals (CI) and 2-sided 
p values. The p value for number of public health interventions is a p value for trend. Reference categories are no public health intervention for number 
of public health interventions, and Asia for major geographical regions. An RRR of 0.62, for example, indicates a 38% relative reduction in epidemic 
growth. Note: GDP = gross domestic product.
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associated with geographic latitude, nor with temperature during 
the exposure period 14 days before, when SARS-CoV-2 transmis-
sion was assumed to have occurred. We found associations with 
relative and absolute humidity, but these were attenuated in multi-
variable models. The associations of epidemic growth with both 
dimensions of humidity, despite their low mutual correlation,28 
were suggestive of a minor role of humidity in the epidemiology of 
COVID-19, but this remains hypothetical. On the other hand, it is of 
considerable importance that we found strong negative associa-
tions with 3 public health interventions commonly used to contain 
the COVID-19 pandemic: restrictions of mass gatherings, school 
clos ures and measures of social distancing. Even though we were 
unable to reliably quantify the independent contribution of the 
3  interventions, our results are of immediate relevance, as many 
countries currently consider the removal of some of the imple-
mented public health interventions.

Our results are concordant with 3 studies from China,29–31 
which reported no evidence for an association of epidemic 
growth with temperature and relative humidity,29 but strong 
decreases in epidemic growth associated with public health 
measures.30,31 A recent rapid systematic review concluded that 
the evidence to support national closure of schools to combat 
COVID-19 is very weak and that data from influenza outbreaks 
suggest that school closures could have relatively small effects 
on SARS-CoV-2 owing to its high transmissibility and apparent 
low clinical effect on school children.32 Our results suggest that 
school closures are likely to have a larger effect than suggested 
in this review, but the clustering of school closures with other 

public health interventions means that we were unable to reli-
ably estimate the independent effect of this intervention on 
the COVID-19 pandemic. The effect of restrictions of mass 
gathering, measures of social distancing and school closures 
on viral transmission is understudied.32–34 However, mathemat-
ical models and limited observational evidence suggest that 
they can interrupt disease transmissions. Our study provides 
evidence using global data from the COVID-19 pandemic, that 
these interventions are strongly associated with reduced epi-
demic growth.

Limitations
Our study has a number of important limitations. First, 
because of considerable differences in testing practices 
between different geopolitical areas, actual rates of COVID-19 
could not be reliably estimated. We assumed, however, that 
rate ratios as measures of epidemic growth could be reliably 
estimated, as testing practices would affect both counts used 
to calculate the rate ratio in the same way during the ascer-
tained 1-week follow-up period. We were unable to identify 
reliable information on the number of SARS-CoV-2 tests per 
million inhabitants, and on different testing strategies, and 
therefore could not directly verify this assumption. Health 
expenditure as percent of GDP and Infectious Disease Vulner-
ability Index16 may be associated to some extent with a health 
care system’s capacity to test and could serve as imperfect sur-
rogates. They were indeed both associated with epidemic 
growth in the univariate analysis, but the main multivariable 
model did not suggest an association with health expenditure. 
In addition, the random effects used in the regression model 
implicitly accounted for residual variation in characteristics of 
geopolitical areas that remained unexplained, including varia-
tion in testing strategies. Second, we assumed that SARS-CoV-2 
testing strategies did not vary during the follow-up period. 
Testing capacity was limited globally in March 2020 and was 
unlikely to change rapidly during the follow-up period in most 
geopolitical areas. In addition, we believe that the time win-
dow of 1 week was short enough so that reported confirmed 
cases in each geopolitical area were likely to represent a con-
stant percentage of the true actual cases. 

Third, only 38 geopolitical areas had implemented public 
health interventions by the cut-off date of Mar. 11, 2020, and the 
implementation of interventions was clustered. We therefore 
refrained from exploring the individual contributions and poten-
tial interactions between these interventions in multivariable 
models and merely constructed a binary composite variable, 
and a variable representing the number of interventions imple-
mented. This means that we were unable to reliably estimate 
the individual contributions of the 3 public health interventions 
that we analyzed. We therefore consider the magnitude of the 
association of epidemic growth with the composite of any pub-
lic health intervention and the linear trend of the association 
with the number of public health interventions more reliable 
and relevant for decision-making than the magnitude of associ-
ations of epidemic growth with the 3 public health interventions 
individually. Fourth, there was variation in measures of social 

p for trend < 0.001

2 or 3
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Figure 3: Bubble plot of epidemic growth against the number of public 
health interventions (0, 1, or 2 or more). Each bubble represents a 
geopolitical area, with the size of the bubble proportional to the weight 
of the geopolitical area in weighted random-effects regression with 
inverse-variance weights. Box and whisker plots: the box represents 
median and interquartile range; whiskers the most extreme values within 
1.5 times of the interquartile range beyond the 25th and 75th percentile. 
The p value for trend is from univariate weighted random-effects 
regression (see Figure 2). A rate ratio of 2, for example, indicates that the 
cumulative case count in a geopolitical area doubled within 1 week; a 
rate ratio of 3 indicates that it tripled.
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distancing reported by different geopolitical areas, including 
recommendations or requirements regarding social distancing, 
closure of sit-in restaurants and bars, or closure of nongrocery 
stores, and the derived average association will not shed light 
on the specific components of social distancing. Fifth, we ana-
lyzed only when restrictions of mass gathering were instituted, 
irrespective of the size of mass gatherings that were restricted. 
Sixth, we were unable to quantify compliance of the population 
with social distancing and restrictions of mass gatherings. Con-
versely, even though there may be local variations in strategies 
to implement school closures, we consider a high adherence to 
this intervention likely. 

Seventh, data on latitude, temperature and humidity were 
collected for the capital of each geopolitical area, which may not 
have accurately represented area-wide climate patterns. The 
limited granularity of the available data may therefore have 
resulted in nondifferential misclassification of exposure, which in 
turn may have biased estimates of associations toward the null 
(see Appendix 2, Tables S15–S23 and Figure S15 for details on 
risks of bias for individual exposure variables). The association 
between relative and absolute humidity and epidemic growth 
was suggestive but not consistent. Even if humidity proves 
important in the epidemiology of COVID-19 in the future, sea-
sonal effects will likely be attenuated by the high levels of sus-
ceptibility associated with pandemic diseases.35

Conclusion
Epidemic growth of COVID-19 was not associated with geographic 
latitude, nor with temperature during the exposure period, in our 
global analysis. Only area-wide public health interventions were 
consistently associated with reduced epidemic growth, and the 
greater the number of co-occurring public health interventions, the 
larger the reduction in growth. Taken together, these findings sug-
gest that seasonality is likely to play only a minor role in the epi-
demiology of COVID-19, while public health interventions (school 
closures, restricting mass gatherings, social distancing) appear to 
have a major impact. The important effect of public health interven-
tions needs to be weighed carefully against potential economic and 
psychosocial harms when deciding when and how to lift restrictions.

References
 1. Tamerius J, Nelson MI, Zhou SZ, et al. Global influenza seasonality: reconciling pat-

terns across temperate and tropical regions. Environ Health Perspect 2011;119:439-45.
 2. Cauchemez S, Ferguson NM, Wachtel C, et al. Closure of schools during an 

influenza pandemic. Lancet Infect Dis 2009;9:473-81.
 3. Filleul L, D’Ortenzio E, Kermarec F, et al. Pandemic influenza on Reunion Island 

and school closure. Lancet Infect Dis 2010;10:294-5.
 4. Cauchemez S, Valleron A-J, Boëlle P-Y, et al. Estimating the impact of school 

closure on influenza transmission from Sentinel data. Nature 2008;452:750-4.
 5. Couzin-Frankel J. Does closing schools slow the spread of coronavirus? Past out-

breaks provide clues. Science 2020 Mar. 10. Available: www.sciencemag.org/
news/2020/03/does-closing-schools-slow-spread-novel-coronavirus (accessed 
2020 Apr. 7). 

Absolute humidity (per 5g/m3)

Urban density (per 5000 inhabitants/km2)

GDP (per 20 000 USD/inhabitant)

Health expenditure as percentage of GDP (per 5%)

Number of public health interventions

1 intervention

2 or 3 interventions

Major geographical regions

Oceania

Europe

Africa

Americas

Closest distance to established epidemic
(per 1000 km)

0.92 (0.84–1.00)

1.06 (0.99–1.14)

0.95 (0.90–1.00)

1.06 (0.94–1.21)

0.83 (0.69–1.01)

0.70 (0.55–0.89)

1.28 (0.75–2.18)

0.73 (0.53–1.02)

0.73 (0.53–1.01)

1.38 (0.78–2.44)

0.98 (0.92–1.05)

RRR

0.064

0.079

0.063

0.32

0.001

0.15

0.66

p value

Associated with
decreased epidemic

growth

Associated with 
increased epidemic 
growth 

1
RRR (95% CI)

0.5 0.7 1.4 2

Figure 4: Caterpillar plot presenting results of the main parsimonious multivariable model. Shown are ratios of rate ratios (RRRs) with 95% confidence 
intervals (CIs) and 2-sided p values. The variables presented are those included in the parsimonious model. The p value for number of public health 
interventions is a p value for trend. Reference categories are no public health intervention for number of public health interventions, and Asia for major 
geographical regions. An RRR of 0.70, for example, indicates a 30% relative reduction in epidemic growth. Note: GDP = gross domestic product.



RESEARCH

 CMAJ  |  MAY 25, 2020  |  VOLUME 192  |  ISSUE 21 E573

 6. Cohen J. Why do dozens of diseases wax and wane with the seasons — and will 
COVID-19? Science 2020 Mar. 13. Available: www.sciencemag.org/news /2020/03/
why-do-dozens-diseases-wax-and-wane-seasons-and-will-covid-19 (accessed 
2020 Apr. 7). 

 7. Markel H, Lipman HB, Navarro JA, et al. Nonpharmaceutical interventions 
implemented by US cities during the 1918-1919 influenza pandemic. JAMA 
2007;298:644-54.

 8. Ferguson N, Laydon D, Nedjati Gilani G, et al. Report 9: Impact of non-pharmaceutical 
interventions (NPIs) to reduce COVID-19 mortality and healthcare demand. London: 
Imperial College London; 2020 Mar. 16. doi: 10.25561/77482. Available: http://spiral 
.imperial.ac.uk/handle/10044/1/77482 (accessed 2020 Apr. 6). 

 9. Bootsma MCJ, Ferguson NM. The effect of public health measures on the 1918 
influenza pandemic in U.S. cities. Proc Natl Acad Sci U S A 2007;104:7588-93.

10. Lauer SA, Grantz KH, Bi Q, et al. The incubation period of coronavirus disease 
2019 (covid-19) from publicly reported confirmed cases: estimation and appli-
cation. Ann Intern Med 2020; Mar 10 [Epub ahead of print]. doi: 10.7326/
M20-0504.

11. Dong E, Du H, Gardner L. An interactive web-based dashboard to track COVID-
19 in real time. Lancet Infect Dis 2020;20:533-4.

12. Coronavirus disease 2019 (COVID-19) — situation report 61. Geneva: World Health 
Organization; 2020. Available: www.who.int/docs/default-source/coronaviruse/
situation-reports/20200321-sitrep-61-covid-19.pdf (accessed 2020 Mar. 21). 

13. Weather for 243 countries of the world. St. Petersburg (Russia): R. Pogodi; 
2020. Available: https://rp5.ru/ (accessed 2020 Mar. 14). 

14. Zhao S, Musa SS, Lin Q, et al. Estimating the unreported number of novel coro-
navirus (2019-nCoV) cases in china in the first half of January 2020: a data-
driven modelling analysis of the early outbreak. J Clin Med 2020;9. pii: E388. 
doi: 10.3390/jcm9020388.

15. Tuite AR, Fisman DN. Reporting, epidemic growth, and reproduction numbers for 
the 2019 novel Coronavirus (2019-nCoV) Epidemic. Ann Intern Med 2020 Feb 5. 
[Epub ahead of print]. doi: 10.7326/M20-0358. Available: https://annals.org/aim/
fullarticle/2760912/reporting-epidemic-growth-reproduction-numbers-2019 -novel 
-coronavirus-2019-ncov (accessed 2020 Mar 9). 

16. Moore M, Gelfeld B, Okunogbe A, et al. Identifying future disease hot spots: Infectious 
Disease Vulnerability Index. Santa Monica (CA): Rand Corporation; 2016. Available: 
www.rand.org/pubs/research_reports/RR1605.html (accessed 2020 Mar. 9).

17. Peci A, Winter A-L, Li Y, et al. Effects of absolute humidity, relative humidity, 
temperature, and wind speed on influenza activity in Toronto, Ontario, Can-
ada. Appl Environ Microbiol 2019;85.pii: e02426-18. doi: 10.1128/AEM.02426-18. 
[print 2019 Mar. 15].

18. COVID-19 educational disruption and response. Paris (FR): UNESCO; 2020. Avail-
able: https://en.unesco.org/covid19/educationresponse (accessed 2020 Mar. 14). 

19. Wikipedia. The free encyclopedia. Wikimedia Foundation; 2020. Available: 
https://www.wikipedia.org/ (accessed 2020 Mar. 12). 

20. CAPA — Centre for Aviation. Available: https://centreforaviation.com/ 
(accessed 2020 Mar. 12). 

21. Annual World Airport Traffic Report, 2019. Airports Council International; 2020. 
Available: https://store.aci.aero/product/annual-world-airport-traffic-report 
-2019/ (accessed 2020 Mar. 12). 

22. Federal Aviation Administration. Available: www.faa.gov/ (accessed 2020 Mar. 12). 
23. Demographia World Urban Areas. 15th ed. St. Louis (MO): W. Cox; 2019. Available: 

www.demographia.com/db-worldua.pdf (accessed 2020 Mar. 14). 
24. United States Census Bureau. Available: www.census.gov/ (accessed 2020 Mar. 12). 
25. World development indicators. Washington (D.C.): The World Bank Group; 

2020. Available: https://data.worldbank.org/ (accessed 2020 Mar. 9).  
26. Harbord RM, Higgins JPT. Meta-regression in Stata. Stata J 2008;8:493-519.
27. Harrell FE, Lee KL, Califf RM, et al. Regression modelling strategies for 

improved prognostic prediction. Stat Med 1984;3:143-52.
28. Nguyen JL, Schwartz J, Dockery DW. The relationship between indoor and outdoor 

temperature, apparent temperature, relative humidity, and absolute humidity. 
Indoor Air 2014;24:103-12.

29. Yao Y, Pan J, Liu Z, et al. No Association of COVID-19 transmission with temperature 
or UV radiation in Chinese cities. Eur Respir J 2020 Apr. 8 [Epub ahead of print]. pii: 
2000517. doi: 10.1183/13993003.00517-2020.

30. Pan A, Liu L, Wang C, et al. Association of public health interventions with the 
epidemiology of the COVID-19 outbreak in Wuhan, China. JAMA Apr. 10 [Epub 
ahead of print]. doi: 10.1001/jama.2020.6130. Available: https://jamanetwork.
com/journals/jama/fullarticle/2764658 (accessed 2020 Apr. 13). 

31. Leung K, Wu JT, Liu D, et al. First-wave COVID-19 transmissibility and severity 
in China outside Hubei after control measures, and second-wave scenario 
planning: a modelling impact assessment. Lancet 2020;395:1382-93.

32. Viner RM, Russell SJ, Croker H, et al. School closure and management practices 
during coronavirus outbreaks including COVID-19: a rapid systematic review. 
Lancet Child Adolesc Health 2020;4:397-404.

33. Park M, Cook AR, Lim JT, et al. A systematic review of COVID-19 epidemiology 
based on current evidence. J Clin Med 2020;9:pii:E967.

34. Nunan D, Brassey J. What is the evidence for mass gatherings during global 
pandemics? A rapid summary of best-available evidence. Oxford (UK): The Cen-
tre for Evidence-Based Medicine: Oxford COVID-19 Evidence Service. Available: 
www .cebm.net/wp-content/uploads/2020/03/Mass-gatherings-and-sporting-events 
-during -a-pandemic_PDF-template-4.pdf (accessed 2020 May 1). 

35. Simonsen L, Chowell G, Andreasen V, et al. A review of the 1918 herald pan-
demic wave: importance for contemporary pandemic response strategies. Ann 
Epidemiol 2018;28:281-8.

Competing interests: None declared.

This article has been peer reviewed.

Competing interests: None declared.

Affiliations: Applied Health Research Centre (Jüni, Rothenbühler, 
Bobos, Thorpe, da Costa, Slutsky) Li Ka Shing Knowledge Institute of 
St. Michael’s Hospital; Department of Medicine and Institute of Health 
Policy, Management and Evaluation (Jüni), University of Toronto, 
Toronto, Ont.; Ava AG (Rothenbühler), Zürich, Switzerland; Depart-
ment of Health and Rehabilitation Sciences (Bobos), Western Univer-
sity, London, Ont.; Dalla Lana School of Public Health (Thorpe, 
Fisman, Gesink), University of Toronto, Toronto, Ont.; Institute of Pri-
mary Health Care (da Costa), University of Bern, Switzerland; Inter-
departmental Division of Critical Care Medicine (Slutsky), University 
of Toronto, Toronto, Ont. 

Contributors: Peter Jüni conceived and designed the study, collected, 
analyzed and interpreted data, wrote the first draft of the article, and con-
tributed to all revisions. Martina Rothenbühler and Bruno da Costa ana-
lyzed and interpreted data, and contributed to all revisions. Pavlos Bobos 
contributed to designing the study, collected and interpreted data, and 
contributed to all revisions. Kevin Thorpe analyzed and interpreted the 
data, and contributed to all revisions. David Fisman and Arthur Slutsky 
contributed to designing the study, interpreted data, and contributed to 

all revisions. Dionne Gesink contributed to designing the study, collected 
and interpreted data, wrote the first draft of the article, and contributed 
to all revisions. All of the authors gave final approval of the version to be 
published and agreed to be accountable for all aspects of the work.

Funding: Peter Jüni is a Tier 1 Canada Research Chair in Clinical Epidemi-
ology of Chronic Diseases. Pavlos Bobos is a recipient of a Frederick Ban-
ting and Charles Best Canada Graduate Scholarships of the Canadian 
Institutes of Health Research. Arthur S. Slutsky is supported by grants # 
FDN143285 and 137772 from the Canadian Institutes of Health Research. 
This research was completed, in part, with funding from the Canada 
Research Chairs Program and the Canadian Institutes of Health Research.

Data sharing: The authors welcome proposals for joint use of the study 
data. Proposals for joint use of the study data should be sent to the cor-
responding author (peter.juni@utoronto.ca). Data will be made avail-
able with investigator support, with a signed data access agreement, 
after approval of a proposal by the investigators of the study. 

Acknowledgement: The authors thank Maggie Law for help with data 
collection on public health interventions.

Accepted: May. 5, 2020 

Correspondence to: Peter Jüni, peter.juni@utoronto.ca

https://rp5.ru/

