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Abstract

This study aimed at detecting space-time clusters of COVID-
19 cases in Fars Province, Iran and at investigating their potential
association with meteorological factors, such as temperature, pre-
cipitation and wind velocity. Time-series data including 53,554
infected people recorded in 26 cities from 18 February to 30
September 2020 together with 5876 meteorological records were
subjected to the analysis. Applying a significance level of P<0.05,
the analysis of space-time distribution of COVID-19 resulted in
nine significant outbreaks within the study period. The most likely
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cluster occurred from 27 March to 13 July 2020 and contained
11% of the total cases with eight additional, secondary clusters.
We found that the COVID-19 incidence rate was affected by high
temperature (OR=1.64; 95% CI: 1.44-1.87), while precipitation
and wind velocity had less effect (OR=0.84; 95% CI: 0.75-0.89
and OR=0.27; 95% CI: 0.14-0.51), respectively.

Introduction

World Health Organization (WHO) is strengthening the
surveillance systems for infectious diseases and developing new
techniques that can prioritize times and locations for targeting
interventions and resource allocations (Zare et al., 2019a). In
January 2020, WHO declared the corona-virus disease 2019
(COVID-19) a serious epidemic (Kasraeian et al., 2020) and in
March 2020 a pandemic. This infection is caused by the SARS-
CoV-2 virus, which is the third zoonotic corona-virus breakout
with human-to-human transmission in the 21% century (Xie and
Chen, 2020). As it is a respiratory viral disease, COVID-19 could
potentially be influenced by climatic features, such as tempera-
ture, precipitation and wind velocity (Carlson et al., 2020).
Various studies have been done nationwide evaluating the impact
of these climate variables on COVID-19 cases; however, there are
still controversies on the major consequences of these factors on
COVID-19 occurrence. In a review study assessing the intricate
relationships between meteorological factors and COVID-19
cases, it was demonstrated that temperature as well as wind veloc-
ity and precipitation could have positive, negative or neutral
effects on COVID-19 cases in different countries (Srivastava,
2021). Spatial technologies, such as geographic information sys-
tems (GIS) and spatial and temporal scan statistics (SaTScan)
(Kulldorff, 2015) have assisted health managers and policymakers
by detecting space-time clusters of diseases (Zare ef al., 2019a).
This study aimed at detecting space-time clusters of COVID-19
and also at investigating the associations of COVID-19 incidence
rates with temperature, precipitation and wind velocity.

Materials and methods

Study design, sample size, data collection and variable
definition

Time-series data, including 53,554 COVID-19 cases recorded
in 26 cities of Fars Province, Iran from February 18 to September
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30, 2020, were used to assess the space-time features of COVID-
19. All cases registered during this period at 44 COVID-19 testing
centres affiliated with Shiraz University of Medical Science were
entered into the study. There were no exclusion criteria.

The COVID-19 incidence was taken as that presented by the
positive cases confirmed by real-time reverse transcription poly-
merase chain reaction (RT-PCR). Temperature (°C), precipitation
(%) and wind velocity (m/s) were measured as daily averages during
each day. Information about meteorological factors was obtained
from the Meteorological Organization of Fars Province. Besides,
population densities were gained from the 2016 census performed in
Iran, while the geographical coordinates of the locations were
obtained through Google-Earth (US Dept. of State Geographer,
2021) based on the latitude-longitude coordinate system.

Study area

Fars Province, which is located in Iran at 27°3” and 31°40°
northern latitude and 50°36” and 55°35” western longitude, has an
area of 122.66 km? and a population of 4,299,676. It includes 26
cities with Shiraz as capital. The province has moderate winters
with an annual rainfall of 100-600 mm. Topographically, there are
three in the area including mountainous areas in the North,
Northwest and West with cold winters and annual rainfalls of 400-
600 mm; the central parts with mild winters and warm summers
and annual rainfalls of 200-400 mm; and the southern and south-
eastern parts with hot and dry summers and annual rainfalls of 100-
200 mm (Zare et al., 2019a). This results in six specific climatic
regions.

Statistical analysis

Kolmogorov-Smirnov test

To test if the data follow a given distribution, the Kolmogorov-
Smirnov (KS) normality test (with the null hypothesis of normal
distribution) was employed. Median (Q1, Q3) and frequency (i.e.
relative frequency) were used to describe the non-normal quantita-
tive and qualitative variables. The other applied statistical tests
were the following.

Spearman’s correlation coefficient

Correlation is defined as a relation existing between two vari-
ables which tend to vary, be associated with or occur together in a
way not expected by chance alone. For non-normal distributions
(presence of extreme values or outliers) the correlation coefficient
is calculated from ranks of data, not from their actual values. The
coefficient designed for this purpose, p (Akoglu, 2018) is
described as:

_q1._ 6xd}
p—l n{n-1) (1)

where d;is the difference between the two ranks of observations;
and n the number of observations.

Generalized linear model

Generalized linear models are used to analyse data following
non-normal distributions. It works by obtaining maximum likeli-
hood estimates of the parameters with observations distributed
according to some exponential family and systematic effects that
can be made linear by a suitable transformation or link function. A
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generalization of the analysis of variance is given for these models
using log-likelihoods (Nelder and Wedderburn, 1972). In this con-
text, the Poisson regression, described by equation 2 below, mod-
els how the mean of a discrete (count) response variable ¥ depends
on a vector of explanatory variables x:

log /= a + fx 2)

where log is the natural logarithm (to the base of e=2.7); 4 the
mean of Poisson distribution (E(YIx)); a the intercept; and / the
coefficient of the regression line.

Random component: the distribution of Y is Poisson with mean 4.

Systematic component: x is the explanatory variable (can be
continuous or discrete) and is linear in the parameters. This can be
extended to multiple variables of non-linear transformations.

Link function: the log link function is used:

Odds ratio (OR) = exp (f) 3)

Space-time scan statistics and clusters within a cluster methodology

Space-time permutation modelling, with which permutation
scan statistics is derived, was used to detect high-rate clusters con-
sidering time aggregation unit =day, time aggregation length =one
day, minimum temporal cluster size =1 day; maximum temporal
cluster size =50% of the study period; minimum cases for high
rates =2; maximum spatial cluster size =50% of the population at
risk; and the number of replications =999. Temporal data were
checked to ensure that all cases were within the specified temporal
study period. In addition, geographical data check was done to
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Figure 1. The geographical distribution of the total 53,554
COVID-19 cases in the 26 cities of Fars province, Iran during
October 1-November 14, 2020.
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ensure that all observations were within the specified geographical
area. No geographical overlap as criterion for clusters and sub-
group analysis were used. Here permutation scan statistics tested
the null hypothesize of constant risk over space and time.
Permutation scan statistics can be visualized as a cylinder based on
a window (here circular) that moves across space using an
adjustable diameter that can vary from zero to maximum, e.g., a
city. The cylinder height is the time period and whenever and
wherever the observed number of cases exceeds the expected num-
ber of cases, a cluster (characterized by the log likelihood ratio), is
reported (Kulldorft, 2015). When a detected cluster is large, it may
be interesting to look for clusters within that cluster in the same
way (Zare et al., 2017, 2019a).

ArcGIS, version 10 (https://help.arcgis.com/en/arcgisdeskto-
p/10.0/), R version 3.6.3 (https://www.r-project.org/) and SaTScan

software (https://www.satscan.org/) were applied. A significance
level of 0.05 was considered for all tests.

Results

Geographical distribution of COVID-19

The geographical distribution of the total 53,554 COVID-19
cases recorded in the 26 cities of Fars Province from February 18
to September 30, 2020 is depicted in Figure 1. The largest number
of cases (53.49%) occurred in Shiraz followed by Lar (8.64%),
Jahrom (6.25%) and Fasa (5.95%), while the lowest numbers
occurred in Sarvestan (0.20%) followed by Bavanat (0.24%) and

Table 1. The association between incidence rates of COVID-19 and key climate variables in Fars Province, Iran February 18-September

30, 2020.

~\"

Temperature (°C) 24.36 (20, 30) 021 <0.001 1.64 144-187
Precipitation (%) 31.50 (22, 40.50) —0.07 <0.001 0.84 0.75-0.89
Wind velocity (mv/s) 231(2,3) —0.09 <0.001 027 0.14-051
Ql, first quartile; Q2, third quartile; p, Spearman’s correlation coefficient; OR, odds ratio; Cl, confidence interval.
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(A) The incidence rates of the 53,554 COVID-19
cases in Fars province from February to September
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Figure 2. The time distribution of COVID-19 incidence rates from 18 February to 30 September 2020 (A) and climatic distribution of

COVID-19 incidence rates by 26 cities and six climate zones (B).
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Kharame (0.28%). It should be noted that the COVID-19 cases
were not distributed uniformly across the cities (test statistics
=1391.66, df =25, P<0.001) where df is the degree of freedom.

Time distribution of COVID-19

Out of the total COVID-19 cases, 0.3% occurred in February,
3.5% in March, 6.5% in April, 4.7%in May, 19.7%in June, 24.0%
in July, 18.7% in August, and 22.6 % in September. It should be
mentioned that the COVID-19 cases were not distributed uniform-
ly across the months (test statistics =520.36, df=7, P<0.001). In
addition, an increasing trend was observed incidence rates from
February to September (Figure 2A). There was also COVID-19
one peak in each season; April in spring and July in summer.

Meteorological factors and COVID-19

The association between the 5876 recorded meteorological
factors and the incidence rates of the 53,554 COVID-19 cases in
Fars Province during the study period are presented in Table 1.

There was a higher COVID-19 incidence rate with higher tem-
peratures, with lower incidence rates together with higher precipi-
tation and higher wind velocity. The incidence rates of the 53,554
COVID-19 cases in relation to the six different climates in the dif-
ferent areas of the province are depicted in Figure 2B.

Coldness and humidity decrease, while warmth and dryness
increase when one moves from north to the south in the province.
In this study, the highest COVID-19 incidence rates were detected
in Lar, Jahrom and Fasa, which are located in arid and semi-arid
climates.

Space-time outbreaks of COVID-19

The space-time COVID-19 outbreaks and the related sub-
groups are presented in Table 2. Nine statistically significant
space-time outbreaks including 94% of the total cases were detect-
ed during 18 February-30 September 2020. In addition, sub cluster
analysis revealed significant clusters within three large clusters.

The most likely cluster (MLC) included 11% of the total num-
ber of cases and eight secondary clusters comprised 83% of the
cases during the study period (P<0.001). However, the space-time
distribution of the disease in Fars Province was far from stationary.
The MLC covered 77% of the cases in Lar as well as 16% of the
cases that occurred in April, June and July. Moreover, 53% of the
secondary cluster cases belonged to cluster 5 that included Shiraz
during the period April 3-16, 2020. In fact, it included 52% of all
cases that occurred in April. Furthermore, 0.59%, 0.62%, 5%,
0.63%, 1%, 0.33% and 1% of the total cases belonged to the clus-
ters 2, 3, 4, 6, 7, 8 and 9, respectively. Only 6% of the total cases
were not included in the detected outbreaks. Subgroup analysis
revealed significant outbreaks covered by the MLC including
Lamerd, Khonj and Ghirkarzin during July 10-13, 2020, with
Ghirkarzing as the epicentre. Other cities were epicentres at differ-
ent times: Lamerd on March 5 and 23 June; Khonj on September
3-27; and Ghirkarzin on June 24 and September 2; cluster 4 includ-
ed three epicentres including Abade, Safashahr and Sepidan, which
occurred on September 17-30; on June 9 and July 18; and during
August 22-23, respectively; cluster 6 included Mamasani as epi-
centre during June 27-30, 2020.

= .Cpress

Table 2. COVID-19 cluster analysis in Fars Province, Iran February 18-September 30, 2020.

MLC* Lamerd, Khonj, Ghirkarzin, Lar 119.70 Lamerd 2020/0527 20200713 321.17 10.58 <0.001
Cluster 2 Fasa 0 Fasa 2020/0924  2020/0926 13543 10.58 <0.001
Cluster 3 Jahrom 0 Jahrom 2020/09/26  2020/0929  125.57 10.58 <0.001
Cluster 4  Abade, Eghlid, Safashahr, Bavanat, Pasargad, Sepidan ~ 128.74 Abade 2020/08/22  2020/09/01 95.27 10.58 <0.001
Cluster 5  Shiraz 0 Shiraz 2020/04/03  2020/04/16  82.47 10.58 <0.001
Cluster 6  Kazerun, Mamasani 55.26 Kazerun 2020/07/10  2020/07/21 60.90 10.58 <0.001
Cluster 7 Farashband 0 Farashband 202009221 2020/09/21 35.14 10.58 <0.001
Cluster 8 Marvdasht 0 Marvdasht 2020/06/26 20200629  29.89 10.58 <0.001
Cluster 9 Firoozabad 0 Firoozabad 202000711 202007/11 26.51 10.58 <0.001
MLC* Lamerd, Khonj, Ghirkarzin 114.69 Ghirkarzin 2020007710 202007/13  63.93 7.28 <0.001

Lamerd 0 Lamerd 2020/03/05  2020/06/23 16.70 5.18 <0.001

Khonj 0 Khonj 2020/09/03  2020/0927 7148 5.18 <0.001

Ghirkarzin 0 Ghirkarzin 2020/06/24  2020/09/02 10.20 5.18 <0.001
Cluster4  Abade 0 Abade 202000917 202000930 20.32 6.90 <0.001

Safashahr 0 Safashahr 2020/06/09  2020/07/18  96.46 6.90 <0.001

Sepidan 0 Sepidan 2020/08/22  2020/0823  22.20 6.90 <0.001
Cluster 6 Mamasani 0 Mamasani 2020/06/27  2020/06/30 8.01 545 0.002

*Most likely cluster; °Standard Monte Carlo critical value.
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Discussion

In our hands, permutation scan statistics detected space-time
outbreaks effectively, which is in accordance with work using this
approach in other countries. For example, in the United States,
space-time outbreaks of COVID-19 were detected by Desjardins et
al. (2020) during two periods and in Hong Kong, Kan et al. (2021)
similar results. Furthermore, it has been shown that space-time per-
mutation scan statistics works well for the detection of frequent
outbreaks of many infectious diseases (Zare et al., 2017, 2019b;
Rezaianzadeh et al., 2018; Rezaianzadeh et al., 2020) .

Climatically, we found higher COVID-19 incidence rates in
higher temperatures, while fewer incidence rates were seen in con-
ditions involving higher precipitation and stronger wind velocity.
The average temperature was also positively correlated to similar
COVID-19 trends in Jakarta, China and India (Pawar et al., 2020;
Tosepu et al., 2020; Xie and Zhu, 2020). However, some studies
have reported negative associations in this regard (Shi ez al., 2020,
Rosario et al., 2020; Notari, 2021). On the other hand, no evidence
was obtained supporting a decline in the number of COVID-19
cases in high temperatures in Brazil and China (Jamil ef al., 2020;
Prata et al., 2020).

Previous studies, consistent with our findings, revealed a neg-
ative correlation between the number of COVID-19 cases and
humidity (Ahmadi et al., 2020; Haque and Rahman, 2020; Wang et
al., 2020; Wu et al., 2020) and wind velocity (Ahmadi et al., 2020;
Coccia, 2020; Rendana, 2020; Rosario et al., 2020). In Turkey,
however, Sahin (2020) reported higher average temperatures and
higher wind velocity and humidity to be reported to be negatively
correlated to COVID-19; yet, due to lack of statistical significance,
the results should be considered with due caution. In line with the
current results, precipitation was shown to be a good predictor of
COVID-19 in the United States (Gupta et al., 2020). However, no
significant relationship was seen between lower precipitation and
the number of COVID-19 cases in Spain (Briz-Redén and Serrano-
Aroca, 2020).

Several limitations were encountered, which might have affect-
ed our results. Firstly, the surveillance system of infectious diseases
in Iran is a passive system and many COVID-19 infected people
with none, mild or moderate symptoms do not generally come to
health centres and were therefore not diagnosed resulting in a prob-
able underestimation of the reported incidence rates. This could
affect the prediction of new COVID-19 cases, space-time outbreaks
as well as COVID-19 loads. Secondly, like other detection methods,
scan statistics could discover more than one cluster in a given area
and time. Hence, interpretation of the results is sometimes difficult
and so is prioritizing of clusters. Thirdly, although the detected clus-
ters were ranked based on their likelihood-ratio scores, prioritizing
statistical and clinical significance is still under debate and a scale-
free statistic, such as risk attributed to populations (a value between
0 and 1) alongside statistical significance can be helpful. The other
restriction of scan statistics is that the exact boundaries of the dis-
covered clusters remain inexact. Thus, detected clusters may not
reflect a high risk everywhere, while high-risk sites may exist out-
side the cluster. This can occur when a circular scan window is
used, while the cluster shape is oval or irregular. The way to deal
with this problem is either to increase the sample size or using the
Oliver-F measure, which gives values between 0 and 1 for each
location; the closer to 1, the more likely that the related location is
part of a factual cluster. The Oliver-F measure is derived from
SaTScan (Kulldorff, 2015) when the Poisson distribution (purely
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spatial) is used. Hyper-geometric distribution (space-time permuta-
tion scan modelling), however, was used in the current work. It is
worth mentioning that sub-group analysis used to detect significant
clusters could also be a solution here. Another problem that can
potentially lead to a limited outcome would be lack of information
on human movements and contacts, in which case one would have
to explore meteorological risk factors related to COVID-19 without
considering any factors directly but in some indirect way reflecting
human movements and contacts. In addition, further investigations
are needed regarding genetic variants of SARS-CoV-2, vaccination
and drug treatment of COVID-19 as well as studies of human
movements and contacts.

Conclusions

Respiratory viral infections are supposed to be positively asso-
ciated with cold weather; however, the current geospatial investi-
gation revealed a positive association between COVID-19 inci-
dence rate and warm weather. Therefore, in order to oppose com-
ing outbreaks of the variants of concern, such as Delta and
Omicron, forecasts are required for deployment of medical equip-
ment and resources in these areas; especially, in the warm season
of the year. In addition, vaccination coverage including a third and
fourth booster doses, is mandatory and must be part of a surveil-
lance-response system.
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