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Abstract
The publicly available data on COVID-19 cases provides an opportunity to better understand
this new disease. However, strong attention needs to be paid to the limitations of the data to
avoid making inaccurate conclusions. This article, which focuses on the relationship between
the weather and COVID-19, raises the concern that the same factors influencing the spread
of the disease might also affect the number of tests performed and who gets tested. For
example, weather conditions impact the prevalence of respiratory diseases with symptoms
similar to COVID-19, and this will likely influence the number of tests performed. This general
limitation could severely undermine any similar analysis using existing COVID-19 data or
comparable epidemiological data. This could mislead decision-makers on questions of great
policy relevance.
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The publicly available datasets on confirmed COVID-191 cases and deaths provide a key
opportunity to better understand the drivers of the pandemic. Research using these datasets
has been growing at a very fast pace (see an indicative list of references in supplementary
material 1). However, little attention has been paid to the reliability of this type of
epidemiological data to make statistical inferences.
Our initial aim was to produce a detailed statistical analysis of the relationship between
weather conditions and the spread of COVID-19. This question has attracted significant
attention from the media (e.g. 1, 2) and the research community (e.g. 3, 4; see a wider list in
supplementary material 1) due to the possibility that summer weather might slow the spread
of the virus. After going through all the steps of such an analysis, we reached the unexpected
conclusion that the limitations of the available COVID-19 data are so severe that we would
not be able to make any reliable statistical inference. This applies, for example, to the data
provided by the John Hopkins University (5) and the data collated by Xu et al. (2020) (6).
This is a concerning yet very important finding considering that such data is being widely
used to make crucial policy decisions on a wide range of topics. Since invalid causal
inferences could be made with the publicly available COVID-19 data, and then enter policymaking discourse, there is an urgent need to raise awareness among the scientific
community and decision-makers regarding the limitations of the information at their disposal.
The elements discussed in this paper are also likely to be applicable to other epidemiological
datasets obtained with insufficient testing and monitoring, either during exceptional
epidemics or seasonal outbreaks.
***
Several challenges could undermine any causal statistical analysis of the influence of a
potential determinant, such as the weather, on the spread of COVID-19. To start,
confounding variables are likely to pose a significant problem: many factors (e.g. changes in
policy or social interactions) are simultaneously influencing how the disease spreads.
In addition, significant challenges come from the limitations of the COVID-19 case count data
itself. Firstly, testing capacity has been a major issue in most countries. Before March 1st,
2020, very few countries had sufficient testing capacity. By April 30th, 2020, high-income
countries had significantly increased their testing capacity, but testing remained critically

1 In this article we follow Xu et al. (2020) who define COVID-19 cases as individuals for whom SARS-CoV-2 has
been detected using rt-PCR.
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infrequent in most low- and middle-income countries.2 Figure 1, panel a illustrates the effect
that insufficient testing capacity has on the number of confirmed cases. It distinguishes
between three phases of limited (I), intermediate (II) and widespread (III) testing. In Phases I
and II, there is a risk that the number of confirmed cases depends more on the number of
tests available than on the actual number of people who have COVID-19, questioning the
validity of any analysis relying too heavily on this data.
Figure 1: Difference between actual COVID-19 cases in population and reported confirmed
COVID-19 cases. Confirmed COVID-19 cases (green) represent the number of people tested with a
positive test result. They include false positive and exclude false negative tests. The circles of panel b
represent the size of the populations with true positive, false negative or false positive tests. Quantities
in the y-axis of panel a, as well as the size of the circles in panel b, do not represent any true value or
proportion.
b) Challenge of test accuracy
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Moreover, there have been numerous concerns regarding the accuracy of the COVID-19
tests performed so far (7, 8, 9, 10). Figure 1, panel b illustrates the effects of both falsenegative and false-positive test results on the number of confirmed cases. False-negative
2

Figures on testing are available in Our World In Data (accessed on May 1 st, 2020):

https://ourworldindata.org/coronavirus
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results would imply that the number of confirmed COVID-19 cases is underestimated. Falsepositive results would imply that people who do not have COVID-19 are included in the
number of confirmed COVID-19 cases. Concerns regarding test accuracy create an
additional problem of measurement that might affect statistical analyses.
The two above-mentioned challenges are inherent to all current datasets of COVID-19
confirmed case count and mortality. In addition, specific datasets may have imperfect
geographical or time coverage.
To look at the impact of the weather on the spread of COVID-19, we initially used a wellestablished approach, similar to the ones used previously to look at the impact of the
weather on other diseases (e.g. 11, 12) (see details in supplementary material 2). However,
the fundamental measurement issues associated with the COVID-19 case count data cannot
be corrected by statistical techniques, as we outline below.
The main problem is that the weather could be influencing the number of tests carried out
and the segment of the population tested. For example, other respiratory diseases are often
similar to COVID-19 in their symptoms (e.g. 13) and are more common during cold weather
(e.g. 11, 12), which could influence the number of tests performed on people displaying
symptoms of respiratory infection. Therefore, even if the model correctly identified the impact
of the weather on COVID-19 case counts, it could not distinguish between the impact of the
weather on the spread of the disease and its impact on testing. Table 1 provides a nonexhaustive list of elements that could undermine any analysis of the impact of the weather on
the spread of COVID-19 using data on confirmed cases. The evidence suggests that the
weather may correlate with the number of tests conducted and who gets tested. We have not
been able to find any specific COVID-19 related evidence that the weather would correlate
with test accuracy (e.g. the weather affecting the nasopharyngeal or oropharyngeal swabs
used in the PCR analysis), even though this could be possible.
Other points of concern include: the fact that there may be indirect effects of weather
conditions on other factors that could have an impact on the spread of COVID-19 (such as
social interactions or air pollution); the heterogeneity of impacts across populations and
subgroups within a population; or the fact that some people may have travelled and therefore
been infected in a different place from where the cases are reported.
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Table 1: Non-exhaustive list of reasons why weather conditions could affect the number of
COVID-19 tests carried out and who gets tested.
Potential reason

Potential implication

Unrelated respiratory diseases
are weather sensitive (e.g. 11, 12)
and can be confused with COVID19 (e.g. 7, 14).

- More patients with symptoms of unrelated respiratory
diseases could be tested during cold weather.
- The prevalence of other weather-sensitive respiratory
diseases might make false-positive results more likely,
especially if only radiographic imaging is used, since it is
possible to confuse these diseases for COVID-19 (e.g. 7, 14).

The incidence of other

- Hospital capacity, and the workload of medical staff and

pathologies (e.g. cardiovascular
diseases) is influenced by the
weather (e.g. 11, 12).

testing structures is affected by weather conditions, with
potential implications on the number of tests conducted.
- At-risk individuals suffering from unrelated conditions are
more likely to be tested for COVID-19, even if they only have
mild symptoms for COVID-19.

People may be more inclined to
seek medical attention depending
on the weather (e.g. 15).

- Due to weather conditions, people may or may not decide to
seek medical attention, affecting the number of patients going
to the hospital with COVID-19, and the workload of medical
staff.

We ran our model (as detailed in the supplementary material 2) and provide results and
robustness checks in supplementary material 3. The model would technically suggest a
negative correlation (e.g. colder days would be associated with more confirmed COVID-19
cases, and hotter days with fewer cases). Yet, these results could be highly misleading since
these estimates are likely to be substantially biased because of the aforementioned reasons.
Figure 2, panel a, provides an illustration of how we could have obtained a negative
correlation even if temperature had no impact or a positive impact on the spread of COVID19 in our sample. The total number of estimated cases is given by the size of the circles as a
function of temperature (x-axis). The circles in green correspond to the effects we are
interested in – those that explain the influence of temperature on the spread of COVID-19. If
temperature has no effect on the spread of COVID-19, then the green circles should be the
same size at low and high temperatures. The pink circles represent the possible effect of
temperature on testing (as reported in Table 1) under the illustrative assumption that high
temperatures reduce testing frequency. In this case, the overall result is a negative

6

correlation between temperature and confirmed COVID-19 cases, even if temperature has
no effect on the spread of the disease. In practice, we naturally do not know the direction of
the bias caused by the effect of temperature on testing when using standard statistical
methods. There is also no way for us to evaluate the contribution of each of these effects
(green or pink) in our estimate. We arrive at the final size of the circles and cannot be sure if
the association that we are interested in is either negative, null or positive.
Figure 2, panel b, focuses on the risk that effects could be different across different
samples. The circles in blue capture other underlying factors that are influenced by
temperature (such as acclimatisation or the level of social interactions in the population), as
well as other socioeconomic factors (such as the demographic characteristics of a
population). These factors could be radically different in different regions but may also evolve
over time (e.g. between winter and summer seasons).
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Figure 2: Effects potentially captured by our estimate. The size of the circles represents the
estimated number of cases at different temperatures. These are examples that do not correspond to
actual data. In these examples, we assume no correlation between temperature and the effects in
green (see legend below), a negative correlation with the effects in pink (example 1) and a positive
correlation with those in blue.
a) Estimates are likely to be biased because the weather influences data collection

Temperature
b) Estimates could vary between samples
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Effect of the weather in
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the number of people with
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than COVID-19, affecting

For example, social
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samples are for different
countries.

to-people transmission is
higher.

the number of tests
performed.

There are strong reasons to be concerned with the scenario illustrated in Figure 2, panel b.
In our sample, for example, we only have data from the start of the pandemic until end of
April 2020; some countries (e.g. China) may be over-represented in the dataset; and the
average daily temperature is relatively low at 10.5°C. Furthermore, many countries have
implemented a stringent containment policy during the period covered by the sample.
Containment policies may have heightened (or lowered) the sensitivity of the spread of the
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disease to the weather because social interactions are limited. We are not able to observe
how the impact of the weather on COVID-19 might change at different gradients of social
interaction. Finally, our estimate is based on small, observed changes in temperatures, and
not on radical increases or reductions in temperatures. The spread of COVID-19 may
respond differently to large variations in temperature, e.g. by 5°C or 10°C across seasons,
making seasonal predictions even more unreliable.
Strong precautions need to be taken before using COVID-19 case count datasets for
inference. The results of our model using existing COVID-19 data would seemingly imply a
negative association between temperature and confirmed COVID-19 cases. Any projection of
COVID-19 cases with such estimates could conclude that, during the upcoming months of
June to September 2020, Southern Hemisphere countries would be exposed to higher risks
of COVID-19 spread, and Northern Hemisphere countries to lower risks.3 These types of
unsubstantiated results could be used as a misinformed justification for an early relaxation of
effective social distancing measures in the Northern Hemisphere.
These findings have equally strong implications for statistical analyses focusing on other
questions that rely on COVID-19 confirmed case count and/or mortality count data. Even
though the exact nature of the effects may change, such studies are also at risk of capturing
the effect that their parameters of interest have on tests and test results. For example,
studies interested in the effect of containment policies may have to consider that these
policies substantially affect testing because they change the awareness of the disease in the
population, political demands for more testing or the risk of contracting other respiratory
diseases. Other studies may also produce estimates that are very specific to the current
circumstances in the development of the pandemic and are, therefore, not suitable to use for
forecasts of what could happen in the coming months.
In the medium term, more reliable data needs to be gathered, for example through
experimental studies that randomly test a sample of the population for COVID-19. In the
short term, we are in a situation of fundamental uncertainty about how different factors affect
or are affected by the widespread societal changes we see with the COVID-19 pandemic.
Therefore, scientists, policymakers, journalists and the general public need to be very
cautious when discussing how the spread of COVID-19 correlates with the weather or any
other factor.

3

We performed such a projection to confirm this point (see supplementary material 4).
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In the long term, this paper suggests that more attention should be given to how
epidemiological data is recorded and used during exceptional epidemics and seasonal
outbreaks, since insufficient testing and monitoring can undermine essential statistical
analyses. This article calls for the complementary use of different methods for data
collection, such as random testing in samples of the population.
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extent to which publicly available COVID-19 data is being used by researchers. The sole
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on confirmed COVID-19 cases and deaths, considering its widespread use and policy
relevance.
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A. Impact of the weather on COVID-19
B. Impact of air pollution on COVID-19
C. Impact of non-pharmaceutical interventions
D. Other drivers or impacts of COVID-19
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2. Data and methods to correlate weather conditions to confirmed COVID-19
cases
Data
We linked the real-time geo-referenced epidemiological data from Xu et al. (2020) (17) to
meteorological data from the 5th generation of European Centre for Medium-Range Weather
Forecasts atmospheric reanalyses over the globe (ECMWF-ERA5)1. The weather data
provides consistent data with high spatial (~0.25 degrees) and temporal (hourly) resolutions.
We use daily averages and consider mean, maximum, and minimum temperatures as well as
total precipitation and relative humidity (calculated using temperature and dewpoint
temperature). We provide the summary statistics for the meteorological data in Appendix
Table A1.
The dataset from Xu et al. (2020) constitutes a rigorous, multinational effort to provide
statistics on COVID-19 at subnational level. It provides information on the location (longitude
and the latitude) of confirmed COVID-19 cases with the highest resolution available globally,
allowing researchers to produce analyses at sub-national level (18). In our case, this data
source allows us to control for local climates and seasonality. This dataset includes data from
January onwards and is updated on a regular basis.
Appendix Figure A1 provides the distribution of the confirmed cases in the dataset. We
observe confirmed COVID-19 cases in both Hemispheres, in cold and hot weather. New
York (the red dot in Figure 1) records the highest number of confirmed cases in an area.

Appendix Table A1: Summary statistics of the meteorological data after it is matched to
COVID-19 data

1

Variable

Mean

Std. Dev.

Min

Max

Avg. temperature (°C)

10.5

9.5

-31.6

38.6

Min. temperature (°C)

5.9

10.0

-36.2

32.6

Max. temperature (°C)

14.7

9.3

-29.0

43.6

Total Precipitation (mm)

2.8

6.9

0.0

293.7

Relative humidity (%)

69.5

15.8

7.4

100.0

Downloadable from Copernicus Climate Change Service: https://cds.climate.copernicus.eu/
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Figure A1: Confirmed cases in Xu et al. (2020). Data retrieved on April 30th, 2020. Cases reported
with geographical information at country level only were excluded.

Method
We use the following econometric model to look at the correlation between the weather and
confirmed COVID-19 cases:
(1)

ln(𝐶𝑖,𝑡 ) − ln(𝐶𝑖,𝑡−1 ) = ∑𝑋
𝑥=0 𝑎𝑥 . 𝑊𝑖,𝑡−𝑥 + 𝜇𝑐,𝑡 + 𝑛𝑖,𝑤 + 𝜖𝑖,𝑡

In Eq. (1), ln(𝐶𝑖,𝑡 ) is the logarithm of the total number of confirmed cases of COVID-19
observed in area i on day t. The dependent variable is therefore the first difference of this
logarithm. This transformation allows us to scale any change in confirmed cases in relative
terms based on the level of confirmed cases the day before. This is to account for the fact
that infections can only be proportional to the number of people already infected in an area.
𝑊𝑖,𝑡−𝑥 is a matrix of weather-related variables that includes information on the weather at
time 𝑡 − 𝑥. We include the lagged values of these weather variables (until 𝑡 − 𝑋) to capture
the correlation between the weather of the previous days and confirmed cases. 𝑊𝑖,𝑡−𝑥 is
modulable. We run our main specifications with average temperature, but we also separate
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average temperatures into minimum and maximum temperatures and use humidity and
precipitation as controls in robustness checks.
We use different values for the total number of lags (𝑋). Our main models use 15 lags (𝑋 =
15) and therefore covers 16 days. This should cover most cases for the maximum time
reported for the incubation of the disease (two weeks maximum) and its detection through
testing. We report alternative models with less lags, and more lags, in supplementary
material 3.
𝜇𝑐,𝑡 are country by day fixed effects (e.g. the UK on March 25 th, 2020). They therefore control
for national factors which may vary from day to day and influence the spread of the disease.
𝑛𝑖,𝑤 is an area-specific (e.g. regions or cities) fixed effect that is assumed to be different
every week 𝑤 and 𝜀𝑖,𝑡 is the error term. The parameters 𝑎𝑘 are the vectors of interest to be
estimated. The joint use of these fixed effects (𝜇𝑐,𝑡 and 𝑛𝑖,𝑤 ) implies that we only use withinweek, within area variations of the weather, expressed as deviations to the national daily
average. The model is estimated using the estimator developed by Correia (2018) (19). We
cluster standard errors at the country level.
Our identification strategy relies on the assumption that the distribution of these deviations
over a week are as good as random, such that their correlation with confirmed cases will
identify the effect of the weather on confirmed COVID-19 cases. In the past, many studies
(e.g. 20, 21, 22, 23) have used relatively similar statistical frameworks to look at the impact of
the weather on diseases that are very well-known to be sensitive to the weather, for example
respiratory diseases such as influenza, metabolic diseases like diabetes, or cardiovascular
diseases (e.g. stokes).
To match the COVID-19 data with the meteorological data, we had to handle the following
imprecisions in the COVID-19 datasets. For 0.7% of confirmed cases, the COVID-19 data
does not provide us with an exact date, but with a period when the testing happened. This
period is between 2 and 14 days, and most of the time lower than 4 days. We chose to
include these observations and add them to each possible day of case confirmation with a
weight reflecting that the observation is included for several days. For example, if the date of
confirmed cases is a period of 2 days, we add this observation to the case count for each of
these 2 days with a weight of 1/2. If the period is 3 days, the observation is added to the case
count of these 3 days with a weight of 1/3, and so on. We found that including these
observations in the analysis has no impact on the results.
In addition, the COVID-19 dataset does not always provide detailed georeferenced
information. The information is provided either at national (7% of observations), regional
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(43%), city (39%), postcode level (1%) or specific location (10%). We drop the observations
that only report national level geographical information and match the other ones with the
weather information corresponding to the longitude and latitude reported in the COVID-19
dataset.
We bound the analysis based on the dates when new cases are observed. The model does
not include observations before at least one case is observed in an area, and we have
dropped the observations at the end of the sample, once the last case has been recorded in
an area. This is to avoid measurement errors in case some areas are no longer reported in
the COVID-19 dataset we use for the estimation.
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3. Main results and robustness checks
The estimation results are reported below in Appendix Table A2 for the sum of all the lags
(∑𝑋=15
𝑥=0 𝑎𝑥 ) and in Appendix Figure A2 for each individual coefficient separately (the 𝑎𝑥 ). We
find a negative correlation between the outcome variable and temperature. The association
is strong for China, while it is only statistically significant at 10% outside China. This suggests
that the negative association may not systematically hold. We do not find statistically
significant results when looking separately at the United States or the European Union. This
could be due to lack of data but also, as explained in the core of the paper, associations are
likely to be dependent on the sample used. There are many reasons why this could be the
case, starting with different methods used by countries to collect their case data or because
social interactions or other parameters influencing disease spread correlate differently with
temperature.

Appendix Table A2: Linearized results. The dependent variable is ln(𝐶𝑖,𝑡 ) − ln(𝐶𝑖,𝑡−1 ). Standard
errors are in brackets and clustered at country level. *** is for statistical significance at 1%. The results
displayed for the average temperatures are for the lagged temperatures combined (∑𝑋𝑥=0 𝑎𝑥 ). The
model includes country-by-day fixed effects (e.g. UK, 6th April, 2020) and area-by-week fixed effects
(London, 5th–11th April, 2020).
Variable
Av. Temperature (°C)
Observations

All observations

China

Outside China

-0.0082***

-0.0090***

-0.0065*

(0.0026)

(0.0029)

(0.0035)

76,696

24,932

51,764

The corresponding individual effects are reported in Appendix Figure A2. The figure shows
that all lags seem to have a similar, negative correlation.
There is a strong and statistically negative impact of temperature on confirmed cases for the
temperatures on the day. This could be due to two reasons. As explained in the core of the
text, testing is very likely to be influenced by the weather, explaining why we would find
effects of temperatures on the day of reporting. Another possibility is that the severity of the
COVID-19 infections could increase with cold weather, especially for people with
preconditions that are known to be affected by the weather (e.g. diabetes, cardiovascular
illnesses), or people that also suffer from other respiratory infections (since these are known
to correlate with cold weather). We would then capture some effect of temperature very close
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to the date of case confirmation for severe cases (which are the ones we record).
Coronavirus test results can arrive on the same day as when the test is performed.
Appendix Figure A2 below also provides the individual effects (𝑎𝑥 ) for minimum and
maximum temperatures separately using another econometric specification reported later, in
Appendix Table A3, column 2. Effects are clearer and seem mostly determined by
temperatures a few days before the cases are confirmed to be COVID-19.

Appendix Figure A2: Values of the individual coefficients (𝒂𝒙 ) for average temperature (from
Table A2, column 1), and maximum and minimum temperatures (from Table A3, column 2)
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Alternative choice of weather variables. Appendix Table A3, column 1 implies that the
correlation between temperature and COVID-19 cases is similar at different temperature
ranges. Column 2 suggests that the correlation is driven by maximum temperatures.
Columns 3 to 5 suggest that relative humidity and precipitation do not strongly correlate with
COVID-19 cases. None of the effects below should be interpreted as being causal, as
explained in the core of the text.

Appendix Table A3: Alternative choice of weather variables. The estimation is for the full sample.
The dependent variable is ln(𝐶𝑖,𝑡 ) − ln(𝐶𝑖,𝑡−1 ). Standard errors are in brackets and clustered at
country level. *, **, and *** are for statistical significance at 10%, 5% and 1% respectively. The results
displayed for all the weather variables are for the lagged variables combined (∑𝑋𝑥=0 𝑎𝑥 ). The model
includes country-by-day fixed effects (e.g. UK, 6th April, 2020) and area-by-week fixed effects (London,
5th–11th April, 2020).
Column

(1)

Av. Temperature (°C)
x below 0°C

(2)

(3)

(4)

(5)

-0.0093***

-0.0099***

-0.0095***

-0.0049

(0.0034)

(0.0031)

(0.0029)

(0.0051)

0.0005
(0.0043)

x above 25°C

-0.0025
(0.0035)

Max. Temperature (°C)

-0.0098***
(0.0027)

Min. Temperature (°C)

0.0008
(0.0052)

Relative humidity (%)

-0.0006

-0.0009

-0.0002

(0.0008)

(0.0008)

(0.0005)

x Av. Temperature (°C)

-0.0001
(0.0001)

Precipitations (mm)
Observations

76,696

76,789
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76,696

0.0016

0.0015

(0.0016)

(0.0015)

76,696

76,696

Choice of fixed effects. The specifications below illustrate that there are high risks that
confounding variables could contaminate the association between the weather and
confirmed COVID-19 cases. In columns (1) to (4), the fixed effects do not control for changes
in local climates, as well as for differences in sub-regional testing practices. Columns (5) and
(6) use area-by-week fixed effects that are able to control for local climates, and results
suggest a negative association between the weather and confirmed COVID-19 cases.
These results are only correlations. As explained in the core of the text, these estimates
suffer from serious shortcomings.

Appendix Table A4: Robustness checks on the choice of the fixed effects. The estimation is for
the full sample. The dependent variable is ln(𝐶𝑖,𝑡 ) − ln(𝐶𝑖,𝑡−1 ). Standard errors are in brackets and
clustered at country level. *, **, and *** are for statistical significance at 10%, 5% and 1% respectively.
The results displayed for average temperature are for the lagged temperatures combined (∑𝑋𝑥=0 𝑎𝑥 ).
Column

(1)

(2)

(3)

(4)

(5)

(6)

-0.0002

0.0002

-0.0052**

-0.0011

-0.0081**

-0.0082***

(0.00070)

(0.00026)

(0.00210)

(0.00145)

(0.00395)

(0.00256)

Day

N

Y

Y

Y

Y

Y

Country

N

Y

Y

Y

Y

Y

Area

N

N

Y

Y

Y

Y

Day by country

N

N

N

Y

N

Y

Area by week

N

N

N

N

Y

Y

Av. temperature
(°C)
Fixed effects:

Model dynamics. We change the number of lags below. The effect is stable over specific
periods (0-5 lags and 12-18 lags) but lose significance between the 6 th and the 10th lag.
Either results are unstable because of multicollinearity, or there is no to little effect on these
lags and therefore the standard deviation increases when they are included. This could be
the case if it takes 11-15 days for most people to develop symptoms, get tested and receive
their confirmation. In Appendix Table A6, we reduce the number of parameters to be
estimated by assuming that the effect of temperature on the outcome variable is the same for
ranges of lags over 4 day time windows (1st to 4th lags, 5th to 8th and so on). This allows us to
check that our main results are not driven by multicollinearity issues. The results of Appendix
Tables A5 and A6 are similar, suggesting that multicollinearity is not driving our results.

15

Appendix Table A5: Alternative number of day lags. All the specifications are based on Table A2,
column 1, but using different number of daily lags. The coefficients are for the lagged temperatures
combined (∑𝑋𝑥=0 𝑎𝑥 ). Standard errors are in brackets and clustered at country level. *, **, and *** are for
statistical significance at 10%, 5% and 1% respectively.
Specification

Coefficient

Standard error

20 daily lags

-0.0046*

(0.0026)

19 daily lags

-0.0058

(0.0035)

18 daily lags

-0.0062**

(0.0029)

17 daily lags

-0.0074***

(0.0022)

16 daily lags

-0.0056**

(0.0027)

15 daily lags

-0.0082***

(0.0026)

14 daily lags

-0.0061**

(0.0027)

13 daily lags

-0.0053**

(0.0022)

12 daily lags

-0.0050**

(0.0020)

11 daily lags

-0.0038*

(0.0021)

10 daily lags

-0.002

(0.0015)

9 daily lags

-0.0012

(0.0015)

8 daily lags

-0.0013

(0.0014)

7 daily lags

-0.0021*

(0.0011)

6 daily lags

-0.0008

(0.0014)

5 daily lags

-0.0019**

(0.0009)

4 daily lags

-0.0022***

(0.0006)

3 daily lags

-0.0022**

(0.0010)

2 daily lags

-0.0016**

(0.0007)

1 daily lags

-0.0014**

(0.0007)

No lag

-0.0012***

(0.0003)
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Appendix Table A6: Estimating jointly the effect of groups of lags over 4-day time windows. All
the specifications are based on Table A2, column 1, but assuming that groups of lags have the same
effect on the outcome variable to reduce multicollinearity. We also vary the number of lags in the
model. The coefficients are for the lagged temperatures combined (∑𝑋𝑥=0 𝑎𝑥 ). Standard errors are in
brackets and clustered at country level. *, **, and *** are for statistical significance at 10%, 5% and 1%
respectively.
Specification

Coefficient

Standard error

20 daily lags

-0.0041

(0.0035)

16 daily lags

-0.0064**

(0.0030)

12 daily lags

-0.0051**

(0.0023)

8 daily lags

-0.0016

(0.0015)

4 daily lags

-0.0023***

(0.0009)

No lag

-0.0012***

(0.0004)
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4. Information on Projections
The estimates above could mislead researchers and policymakers. If misinterpreted as being
causal, they could lead them to make unreliable forecasts. A forecast with our main estimate
would suggest that warmer weather in summer would attenuate the spread of COVID-19,
while colder weather in autumn and winter could lead to flare ups.
In the process of developing this manuscript, we produced such projections. Given the major
concerns outlined in this article, however, we have chosen not to provide the results of such
a projection since they are misleading and should not be used to inform for policy-decisions.
We are, however, happy to share our projection approach and the associated results for
research purposes upon request. Below we present our projection methodology for
transparency.
We followed the following steps to produce the projections. First, we used the 10-year
average (2010-2019) of daily temperature and relative humidity from ERA5 for March to
December and aggregated this data to the country-level using 2020 population weighting
(24). Second, we constructed a daily anomaly dataset of the weather conditions for March 1st
–
December 31st with respect to the monthly mean values for March, as most confirmed cased
considered in this study have been observed in March this year. This gave us a very rough
estimate of the difference in the expected weather conditions by country with respect to
March until the end of 2020. Third, we used the baseline model estimates to project changes
in the daily growth rate of COVID-19 confirmed cases. Fourth, we inserted these estimates of
the weather impacts on the daily growth rate of infection into a simple susceptible-infectiousrecovered (SIR) compartment model (25, 26, 27), using the parameters provided in Walker et
al. (2020) for COVID-19.
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