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1. Introduction
Coronavirus disease was first discovered in Wuhan province, China in December
2019 [1] and has since then spread to all parts of the world with it being declared a global
pandemic by the World Health Organisation (WHO) in March 2020 when the number of
confirmed cases approached 200,000, deaths approached 8000 and cases were reported in
160 countries [2]. COVID-19 is caused by a novel coronavirus whose structure is related
to the Severe Acute Respiratory Syndrome (SARS) family of viruses [3] and is characterized by a respiratory illness that sometimes leads to death. Generally, COVID-19 has a
death rate estimated to be between 1% and 5% [4]. As of 22 April 2022, the death rate was
1.22% (507,912,123 cases and 6,236,644 deaths), globally [5].
After one year (as of 30 March 2021) into the pandemic, there had been 127 million
confirmed cases and 2.7 million deaths, globally [6]. Of those, Sweden had 780,000 confirmed cases and 13,000 deaths [6], representing 0.61% and 0.48% of global cases and death
respectively. Given that Sweden’s population (10 million) is equivalent to 0.13% of the
total world population (7.8 billion), the COVID-19 morbidity and mortality percentages
show that the Swedish population was affected more than the average population. While
the reasons for this dynamic could be many, it can generally be said that the global north
(including Sweden) was more affected by the pandemic than the global south [7].
Several scholars have attributed this disproportionate COVID-19 disease burden in
the global north, to among other hypotheses, the fact that this region experiences colder
climatic conditions characterized by extended colder winter periods compared to the
warmer climatic conditions generally predominant in the global south [8,9]. Cold
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temperatures are known to favor the survival of cold viruses as well as reduce immunity
in humans by modifying the body’s cellular and molecular response to infections in the
upper respiratory tract [10]. That said, it is unclear whether these geographically seasonal
conditions fully explain the observed disease burden disparity in the two regions. As such,
Adedokun, Olarinmoye [11] submitted in their conclusion, that there was a need for more
studies to characterize and identify the potential seasonality of COVID-19 cases.
The study of the seasonality of COVID-19 has, since the start of the pandemic, interested the research community [12]. This search is hinged on the premise that if the pandemic responds to or is significantly influenced by the seasons, its manifested spread
would show similar patterns. For example, Zoran, Savastru [13] through their study of
seasonal factors and COVID-19 waves in Madrid, Spain found that air temperature, relative humidity, air pressure and wind speed had a significant influence on COVID-19
spread with the pandemic having elevated incidence during winter–spring seasons and
lower incidences during the summer seasons.
Additionally, through their comprehensive review study on the impacts of temperature, humidity and other meteorological factors (precipitation, solar radiation, wind
speed) at a global level (USA, Norway, India, Singapore, China, Brazil, Turkey, Netherlands, and Mexico), Byun, Heo [14] qualified COVID-19 as seasonal evidenced by its inverse relationship with temperature and humidity. They, however, highlighted that local
region analyses had drawn ambiguous conclusions, especially on the effect of humidity
on COVID-19 transmission, hence advocated for further local scale studies to better understand COVID-19 seasonality—given that now the full seasonal cycle case data are
available.
Studies utilizing the full season cycle case data are still few. For Sweden, the Swedish
Board of Health and Welfare [15] publishes an overview of the COVID-19 situation but
fewer studies have gone in-depth to identify clusters of high disease case burden and the
seasons when this burden was prevalent. This study sets out to analyze the season-specific
spatiotemporal clustering of COVID-19 cases as officially reported in Sweden. It seeks to
do so for a period before the introduction of the nationwide immunization campaigns.
The full season cycle before immunization was chosen because we believe immunization
altered the original pandemic dynamics from its otherwise ‘natural’ trends. That said, it
is also appreciated that the lockdown and social distancing measures implemented in the
country [16] could have influenced the case patterns obtained in this analysis [17].
Moreover, even within the same country (Sweden in this case), not all regions are
affected the same way. From an individual-level survival standpoint, Drefahl, Wallace
[18] attributed this general spatial disproportionality in the COVID-19 mortality burden
across regions in Sweden to the interaction of the virus causing COVID-19 and its social
environment. They thus explained that generally being male, having less disposable income, lower education, and being unmarried independently predisposed one to higher
risks of death from COVID-19. At a county-level, Gémes, Talbäck [19] used prognostic
analysis to underscore the relative interplay between having existing underlying health
conditions of being above 70 years, having Cardiovascular disease, cancer, chronic obstructive pneumatic/pulmonary disease (COPD), severe asthma or diabetes, and their contribution to severe COVID-19. They particularly stressed the need to spatially visualize
nationwide patterns to aid targeted epidemiologic planning and intervention.
For effective targeted intervention, the relative local disease burden needs to be evaluated before apportioning proportionate epidemiologic responses. Numerous spatial
and/or temporal methods have previously been used to evaluate such relativity in local
disease burden including but not limited to the use of Geographical Analytical Machine
(GAM) to investigate leukemia clusters in the north of England by Openshaw, Charlton
[20]. The use of other spatial methods was extensively discussed by Pullan, Sturrock [21]
as well as the application of space–time scan statistics [22].
The use of space–time scan statistics is specifically important for timely surveillance
of emerging clusters as has been applied in clustering of shigellosis [23,24], thyroid cancer
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[25], measles [26,27], and more importantly COVID-19, as was used by Hohl, Delmelle
[28] and Desjardins, Hohl [29] in the USA, Gomes, Andrade [30] in Brazil, Masrur, Yu [31]
in Bangladesh, to mention but a few. Being an ongoing pandemic, detailing the areas
where the disease has been more prevalent or where it is currently more prevalent is informative to epidemiologic preparation, resource appropriation and deployment of medical personnel.
To this end, our current study proposes to cast the observed spatial clusters in the
light of the seasons existing in Sweden. This way, different socio-economic activities
within the different seasons and especially those that promote social gathering or social
isolation can be used to plausibly explain the patterns of COVID-19 cases observed. As a
result, the study is aware of the modifying influence of the numerous restrictions that
were implemented during this time. Nonetheless, we are convinced that seasonality provides clues on how the pandemic was managed. Moreover, the study period was chosen
in such a way that it avoids the influence of adult COVID-19 immunization. Therefore, it
analyzed the reported cases before the compulsory immunization drives in Sweden.
This study contributes to ongoing COVID-19 surveillance efforts in Sweden by profiling the progression of COVID-19, on a seasonal basis. It also prospectively evaluates the
current space–time clusters in the country. This profiling, especially before the introduction of mass vaccination, is informative to the healthcare providers and planners as it provides evidence-based mechanisms to evaluate the different epidemiologic interventions
adopted by different regions and how COVID-19 cases responded to such local-level interventions.
The primary aim of this study, therefore, is to evaluate the retrospective and prospective space–time clusters of the COVID-19 epidemic through the four seasons using weekly
COVID-19 records at the municipality level in Sweden, provided by the Swedish Public
Health Agency (Folkhälsomyndigheten) from March 2020 to February 2021. The rest of
the manuscript is organized as follows: Section two handles the data and the applied
methods, the third section outlines the results, the fourth section discusses the results and
finally, the fifth section provides the conclusions.
2. Materials and Methods
2.1. Data
2.1.1. COVID-19 Data
The COVID-19 records were provided by the Swedish Public Health Agency—
Folkhälsomyndigheten [32]. The COVID-19 database is updated daily (for regions). For
finer spatial scales (municipality), however, the records are aggregated and provided as
weekly updates, in a single downloadable excel file.
The period of analysis was the four seasons of 2020: spring, summer, fall and winter
(2020/2021). The starting period (spring, 2020) of the analysis is coincident with the period
when COVID-19 cases in Sweden became noticeable (>100 cases). It is also about the same
time when it was declared a global pandemic by the World Health Organization [14]. This
was the rationale behind starting with week 11, 2020, in the analysis. Sweden and the
summary of the COVID-19 case profile for the four seasons are shown in Figure 1.
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Figure 1. Sweden and its COVID-19 case profile through the seasons (2020).

2.1.2. Municipality Boundaries
The Demographic Statistics Areas (DeSO) digital boundaries data were obtained
from Statistics Sweden’s Geodata portal [33]. The advantage of using DeSO boundaries is
that in addition to being consistent over time (will not change over time), they follow municipality boundaries and aggregate to the municipality level. This ability to aggregate
into the municipality was used to collapse the DeSO units into their containing municipalities. This was necessary for interoperability as the COVID-19 weekly data were recorded at the municipality level. The DeSO dataset was provided as a Geopackage (zip
file), and the manipulation was completed in ESRI’s ArcMap 10.5.
2.2. Methods
Retrospective and Prospective Space–Time Permutation
The space–time permutation scan statistics evaluate existing or active space–time
clusters, by utilizing numerous overlapping cylinders to define the scanning window. In
this setup, each window has the potential of being an outbreak (cluster), with the base of
the cylinder defining the geographical area of the potential cluster [25].
Typically, the window iterates over a finite number of spatial points (municipalities),
gradually increasing the circle radius from zero to the predefined maximum value, set by
the user. The height of the cylinder represents the temporal dimension (weeks in our case),
with the last week always included together with a variable number of preceding weeks
until the maximum predefined value (by the user) if the statistic is used in the prospective
sense, as used in this study. The space–time permutation deviates from the Poisson and
other scan statistics probability models in that it does not require the population-at-risk.
This is consistent with COVID-19 reporting that has consistently been reported with the
number of cases only (morbidity and mortality) [28].
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Suppose we have the weekly case counts for a given municipality, nzd is the number
of cases in municipality z during week d. The total number of cases (N) is given in Equation (1).
N=

nzd
z

(1)

d

The expected number of cases for each municipality and week µzd conditioning on
the observed marginals is calculated by Equation (2).
µzd =

1
N

nzd

nzd

z

(2)

d

The expected number of cases µB in a particular cylinder, B is the summation of
expectations over all the municipality weeks within the cylinder B given by Equation (3).
µB =

µzd

(3)

(z,d)∈B

Based on this approximation, the Poisson generalized likelihood ratio (GLR) is used
to indicate whether a given cylinder B is an outbreak (cluster) by comparing the observed
and the expected number of cases, within and outside the cylinder, according to Equation
(4).
GLR =

nB
µB

nB

N-nB
N-µB

N-nB

(4)

Of the many cylinders evaluated, the one with the maximum GLR constitutes the
space–time cluster of cases least likely to have occurred by chance and is considered a
candidate for a true outbreak.
Given a large number of spatial locations, sizes and time lengths, the obtained results
need to be adjusted for multiple testing problems. In the absence of population-at-risk,
this is achieved by creating a large number of random permutations in both spatial and
temporal attributes of each case in the dataset, ensuring that the marginals remain unchanged. Then the most likely cluster is computed for this simulated dataset as was done
for the real data. The statistical significance was evaluated using Monte Carlo hypothesis
testing. Under the prospective settings, the null occurrence rate is reported too—the expected time between observing an outbreak signal with equal or higher GLR, under the
null hypothesis. It is calculated as every 1/p temporal units [29].
Having tested for sensitivity, this analysis retained the default upper bounds for the
spatial window (50% of the population at risk), while the temporal maximum cluster size
was set to 50% of the study period. The minimum temporal cluster size was set to 3 weeks,
with the minimum number of cases in a cluster set to 10.
3. Results
3.1. COVID-19 Reported Cases Profile
The summary statistics for the reported cases from the declaration of the disease as a
pandemic (week 11) to the last month (week 60) just before the implementation of nationwide immunization were as follows. Nationally, there were 627,338 confirmed cases during the study period. The national weekly average case count was 12,547 while the median
weekly case count was 4174 cases. Graphically, the trends were summarized as shown in
Figure 2.
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Figure 2. COVID-19 weekly reported cases within the four seasons. (A) shows the general trends
for all the seasons; (B) shows the trend in Spring; (C) shows the trend in Summer; (D) shows the
trend in Fall; and (E)shows the trend in Winter.

Figure 2A shows that generally, there was a rise in the cumulated weekly COVID-19
reported cases from spring 2020 to summer 2020 with a slight decline within the summer
season. The fall season of 2020 was characterized by an almost exponential increase in the
number of reported cases. The peak was in the first weeks of the winter season (week 52).
This was followed by a sharp fall in the number of reported cases as the winter season
progressed before another increase in weeks 57–60 of the winter 2020–2021.
The individual subsequent seasons are characterized by almost opposing patterns as
shown by the seasonal graphs on the right of Figure 2B–E. The spring season (Figure 2B)
for example shows a gradual increase in the number of reported cases, while the summer
season (Figure 2C) depicts a sharp fall in the cases before the numbers are sustained at
almost the lowest level. The fall season (Figure 2D) on the other hand shows a rise in the
cases again, this time a sharper rise. The winter season (Figure 2E) shows a decline in the
cases before another rise in the cases towards the end. In terms of absolute numbers, the
mean weekly cases recorded started at 3132 in spring, to 3094 in summer, to 15,849 in fall
and 30,942 cases in winter.
While these general trends at the national level are informative, especially given their
breakdowns into the different seasons, Figure 2 does not show the areas where the case
burden was more, hence not pinpointing the areas of priority. This was resolved in this
study through space–time permutation analysis of the reported cases for the four seasons.
The COVID-19 clusters that existed within each season and those that persisted to
the end of each season were analyzed using the two variants of space–time permutation
analysis (retrospective and prospective). The retrospective analysis evaluates clusters that
existed within the period of analysis. As the nature of the retrospective analysis is backwards-looking, and, as shown from our tests, it is not (very) sensitive to the clusters that
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were emerging at the end of each season. To evaluate for emerging clusters and clusters
that were still persistent as the seasons were ending, the prospective variant of space–time
permutation analysis was applied. The two resulting sets of clusters were then spatially
overlaid for visualization, interpretation and discussion. For visualization, the retrospective clusters are labelled in this paper with their weeks of occurrence while the prospective
clusters are labelled with numbers (blue) as their other details are given in the tables. To
this end, Figure 3 is used to visualize the spatiotemporal clusters within the four seasons
of analysis (spring 2020, summer 2020, fall 2020, and winter 2020/21).

Figure 3. Retrospective and prospective space–time clusters through the seasons.

Figure 3 shows the clusters from the retrospective and prospective space–time analysis. From a general perspective, Figure 3 brings to the fore three aspects that are worth
further probing: (1) There was a general movement of the COVID-19 case clusters towards
the north as seasons progressed (general ‘northification’ of the clusters); (2) Larger clusters
were observed in summer and winter when compared with those obtained in the spring
and fall seasons. This aspect becomes clearer with the calculation of average cluster diameter in Table 1; (3) The number of clusters increases during the spring and fall seasons.
However, these clusters, though numerous, are smaller than those in the summer and
winter seasons.
In terms of numbers, the spring season had 3 retrospective clusters and 9 prospective
clusters. The summer season had 5 retrospective clusters and 6 prospective clusters. The
fall season had the highest number of clusters with 9 retrospective clusters and 11 prospective clusters. Finally, the winter season had 4 retrospective clusters and 6 prospective
clusters. Going by the number of clusters, it can be inferred that the retrospective analysis
is less sensitive than the prospective analysis. This was especially so when the clusters
appeared towards the end of the season. For this reason, the prospective clusters are subsequently given more attention.
The precise details of the prospective clusters are given in Table 1. These characteristics include the cluster number, the duration, significance measure (p and t-Statistic), the
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observed cases, the expected cases, the ratio of observed to expected (O/E), the number of
municipalities involved and the cluster diameter in kilometers.

Observed (O)
4170
713
342
192
45
43
18
39
52
1616
235
288
110
26
73
4978
14,072
4414
6266
567
2334
2860
4637
289
1146
463
2650
47,387
9011
1048
289
170

Expected (E)
2785.46
391.60
197.46
128.23
20.77
21.64
5.99
20.33
30.52
740.03
92.65
157.72
56.47
8.03
42.24
3438.12
12,063.93
3778.33
5593.95
390.74
1980.22
2585.05
4310.98
216.13
1008.12
392.74
1025.94
41,581.47
8234.66
816.17
176.99
108.14

O/E # Muni
1.50
57
1.82
12
1.73
14
1.50
3
2.17
1
1.99
1
3.00
1
1.92
1
1.70
2
2.18
45
2.54
7
1.83
29
1.95
1
3.24
3
1.73
3
1.45
13
1.17
22
1.17
10
1.12
8
1.45
2
1.18
17
1.11
12
1.08
6
1.34
1
1.14
6
1.18
8
2.58
14
1.14
128
1.09
12
1.28
1
1.63
3
1.57
1

Diameter (KM)
181.65
113.67
109.86
23.68
0.00
0.00
0.00
0.00
18.31
190.81
41.29
123.54
0.00
32.81
25.90
135.63
77.46
49.24
30.01
37.89
104.62
45.29
19.11
0
58.28
49.86
143.97
228.23
45.92
0
85.52
0

SUMMER 2020

p
t-Statistic
<0.001
323.65
<0.001
107.15
<0.001
43.57
<0.001
13.78
<0.001
10.57
<0.001
8.17
<0.001
7.79
0.004
6.74
0.008
6.23
<0.001
395.94
<0.001
76.63
<0.001
43.34
<0.001
19.85
<0.001
12.58
0.007
9.19
<0.001
308.36
<0.001
168.98
<0.001
51.7
<0.001
39.97
<0.001
34.92
<0.001
30.18
<0.001
14.32
<0.001
12.29
<0.001
11.11
<0.001
9.07
<0.001
5.95
<0.001
894.56
<0.001
444.40
<0.001
36.40
<0.001
30.27
<0.001
29.71
<0.001
15.05

FALL 2020

Duration
weeks 21–23
weeks 21–23
weeks 21–23
weeks 19–23
weeks 20–23
weeks 21–23
weeks 21–23
weeks 19–23
weeks 20–23
weeks 33–36
weeks 31–36
weeks 34–36
weeks 33–36
weeks 34–36
weeks 31–36
weeks 47–49
weeks 47–49
weeks 47–49
weeks 47–49
weeks 47–49
weeks 47–49
weeks 45–49
weeks 46–49
weeks 47–49
weeks 47–49
weeks 47–49
weeks 58–60
weeks 56–60
weeks 58–60
weeks 58–60
weeks 57–60
weeks 58–60

WINTER 2020/21

Cluster
1
2
3
4
5
6
7
8
9
1
2
3
4
5
6
1
2
3
4
5
6
7
8
9
10
11
1
2
3
4
5
6

SPRING 2020

Table 1. Characteristics of the prospective spatiotemporal clusters (weeks 11–60).

3.2. Municipality-Level Results—Spring 2020 (Week 11—Week 23)
Table 1 shows the characteristics of the prospective significant clusters for the whole
study period. It shows that most clusters for the spring season were from week 21 to week
23 (clusters 1–3, 6, 7), including the biggest cluster in the southwestern parts of Sweden.
It can also be observed that apart from the first 4 clusters (>100 cases), the observed cases
were still few. Additionally, 4 of the 9 clusters were single-site clusters (cluster diameter
of 0.00). The mean and standard deviation of the observed cases were 623.8 and 1349,
respectively.
The location of these space–time clusters that persisted until the end of the spring
season can be seen in Figure 3 (leftmost panel). It shows that 3 major clusters were persistent until the end of the spring season, much as there were 9 significant clusters in total.
These were mainly in the southwest (Kalmar County), south-east (Västra Götaland and
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Värmland counties) and another cluster around Gävleborg county. It also shows that
Stockholm and its surrounding areas were still free of any clusters. The same is true for
the Skåne region at the south-most end of Sweden.
The spring retrospective clusters in Figure 3 show an early cluster around Stockholm
and the surrounding counties of Östergötland, Södermanland and Västmanland. These
specific clusters occurred very early into the pandemic around the 12th to the 16th week
of 2020. The other clusters identified were coinciding with the clusters from the prospective analysis in both the spatial and temporal dimensions—Västra Götaland and Gävleborg in weeks 21–23.
3.3. Municipality-Level Results—Summer 2020 (Week 24—Week 36)
Table 1 also provides the statistical characteristics of the space–time clusters that persisted to the end of the summer season of 2020. There were 6 significant space–time clusters, with the largest being about 190 km in diameter while the smallest was a single location cluster. The range of observed cases was 1616–1626 while the mean and standard
deviation were 391.3 and 608.1, respectively.
From the standpoint of the location of the clusters, the summer prospective clusters
were distributed around Sweden with most of them to the south of the country. Figure 3
(second left panel) shows the location of these clusters. The biggest cluster consisted of
Skåne, Blekinge, Kronoberg and Halland counties. The second-largest cluster was centred
around Dalarna County. The other 3 clusters were in Kalmar and Västra Götaland counties.
The summer retrospective clusters in Figure 3 were also mainly in the southern parts
of Sweden and existed between the weeks 24–26 around Östergötland county, weeks 27–
30 around Gävleborg and Dalarna counties and weeks 33–36 around Skåne and its northward bounding counties of Kronoberg Blekinge and Halland.
3.4. Municipality-Level Results—Fall 2020 (Week 37—Week 49)
Additionally, Table 1 outlines the fall season prospective cluster statistics. It can be
observed that the number of significant clusters was the highest during this season. There
were 11 clusters altogether with the largest spanning about 135 km and the smallest being
30 km with one single location cluster. The range of the observed cases was 14,072–289—
the mean was 3820.5 while the standard deviation was 3975.5.
The fall season was characterized by an increased number of clusters as given in Figure 3 (second right panel). There were 11 significant clusters, even when only nine seem
visibly distinct. The biggest cluster was located north of Stockholm around Västernorrland and Gävleborg counties; the second largest was located in the southwest around Västra Götaland and Värmland regions; the third largest was located around the Skåne region. Other relatively smaller clusters were around the Kalmar region, Stockholm and
Uppsala regions and the areas westerly of Stockholm towards Västra Götaland.
For the fall season retrospective clusters in Figure 3, their numbers were the highest
with most of them minimally intersecting the prospective clusters if at all. These were
mainly in Uppsala, Dalarna, Östergötland, and Halland. The retrospective clusters around
Skåne and Västernorrland County overlapped with the prospective clusters for weeks 47–
49.
3.5. Municipality-Level Results—Winter 2020/21 (Week 50—Week 60)
The final segment of Table 1 provides the statistics for the space–time clusters that
persisted during the winter season of 2020/21. It shows that there were 6 significant clusters with the biggest spanning some 228 kilometers and 2 of the clusters being single location clusters. The observed cases for the different clusters ranged from 47,387 for cluster
2 to 170 for cluster 6. The range, the mean and standard deviation of the observed cases
were 47,387–170, 10,092.5 and 18,567.8, respectively.
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The spatial distribution for the prospective clusters in the winter season is depicted
in Figure 3 (rightmost panel). It shows that the largest cluster covers most areas around
the southwestern parts of the country, excluding the Skåne and Blekinge counties. The
second largest is located to the north of the country and includes municipalities within
the counties of Västerbotten and Norrbotten. The third-largest is located to the west and
includes municipalities within Dalarna County. The last non-single-location cluster includes municipalities within Stockholm County.
The summer retrospective clusters in Figure 3 show fewer but extensive easterly clusters in the mid-northern parts (Västerbotten), the middle counties (Stockholm, Dalarna,
Uppsala, and Gävleborg) and the southern counties (Skåne, Blekinge, Kalmar, Jönköping,
Östergötland, and Gotland) of Sweden. Only the mid-northern cluster coincides with the
prospective cluster in space and time (weeks 58–60).
4. Discussion
This study set out to analyze the space–time clusters of COVID-19 morbidity in Sweden, one year since it was declared a global pandemic. We utilized both the retrospective
and prospective space–time permutation scan statistics to detect clusters that were present
within the seasons and those that were persistent until the end of the four seasons (spring,
summer, fall and winter), stretching from 2020 week 11 to week 60 (week 7 of 2021). The
prospective scanning statistic is valuable to epidemiologic surveillance as it helps to identify clusters that are emerging or active during a specific period, hence helping health
departments in monitoring and potentially intervening promptly [29].
Moreover, when used with the permutation procedure as applied in this study, the
scan statistic is robust with both normal and non-normal data [15,33]. The advantage of
using the statistic, in both the retrospective and prospective settings, lies in our observation that when used in just one of the settings alone, some space–time clusters are missed.
For example, when used in a retrospective sense, we observed that the statistic (always)
missed some of the space–time clusters that were identifiable with the prospective setting,
and vice versa. By the nature of the prospective analysis, the set-up allows for the inclusion of the new cases as they come and the analysis is re-run [24]. This way, it can help in
tracking the nature of the clusters, whether they are expanding, shrinking or stable over
time. Whereas this specific aspect of updating and re-running is not pursued in this exploratory paper, it is an aspect that can be taken advantage of.
Equally, the clusters that existed within the seasons, but faded before the seasons
ended, were analyzed using the retrospective version of the space–time permutation analysis. The start and end weeks for both analyses were the same (as with prospective), with
the benefit of obtaining clusters that were coincident in both space and time dimensions—
thereby confirming the specificity of each of the two space–time analysis versions. To this
end, it should be stressed that for all the clusters that overlapped 100% in the spatial aspect, they also coincided temporally.
The spring season of 2020 marked the spread of COVID-19 globally and its declaration as a global pandemic [6]. It is also the time when COVID-19 in Sweden became noticeable (cases > 100) [16]. That said, unlike other European and Scandinavian countries
(Denmark, Norway, Finland), Sweden imposed fewer legal restrictions in the form of total
lockdowns and instead relied on the population to comply with government advice and
recommendations on COVID-19 containment and prevention [34]. Possibly resultantly,
there was excess mortality during the first COVID-19 wave when compared with other
Scandinavian neighbors [35].
From our retrospective results, the early space–time clusters occurred from week 12
to week 16 of 2020 and were in Stockholm and its surrounding counties of Östergötland,
Södermanland and Västmanland. Interestingly, the prospective analysis had missed out
on this early cluster around Stockholm, inconsistent with COVID-19 reports in early
spring 2020 [36]. Later, in weeks 21–23, the space–time clusters were around Kalmar, Västra Götaland, Värmland and Gävleborg counties. The specific drivers for these early
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clusters could be linked to early exposures, possibly due to travelers that became sources
for community transmission of COVID-19 in the different clustered areas and areas in
their surroundings [37]. It could also be true that other areas also had some cases (and
possibly clusters in early spring) but were left undetected due to a lack of readiness to test
and detect COVID-19 as it was still a new epidemic whose confirmatory tests were still
developing at the time. From the mean and standard deviation of the observed cases, this
period had the least number of cases.
Generally, there was a reduction in the number of observed COVID-19 cases for the
summer season of 2020. This downshift, while it could be linked to the different county
health authorities adjusting to COVID-19 cases by imposing stricter health guidelines in
terms of social distancing [17], it could also be linked to the general decrease of common
flu prevalence whenever ambient temperatures increase [12] as observed in a related
study in Belgium [38]. This could also be true for COVID-19 observed patterns. The space–
time clusters that persisted until the end of summer were generally in areas around Skåne,
Dalarna, and Västra Götaland. Some of the general driving factors could be linked to the
increased movement of people and general outdoor activity during this season. This
thinking of increased outdoor activity and interaction is consistent with the results obtained by Venter, Barton [39] in Norway.
The fall season saw a rise in the number of cases and a general increase in the number
of space–time clusters. The clusters were located in all major cities in Sweden (Stockholm,
Gothenburg, Malmö, etc.). Additionally, the mean number of observed cases was the
highest (3820). This could be linked to the after-effects of the free movement and the increased outdoor activity during the summer season that possibly resulted in increased
exposure of the general population. It could also be a result of the outburst of untreated
cases within communities—mainly because COVID-19 was initially concentrated in the
socially disadvantaged groups of the poor [18] and immigrants [36]. Finally, it is also possible that the testing mechanism of the numerous cities had improved by this time, hence
testing more and confirming more cases. This observation is consistent with the increased
tightness of the health guidelines in most parts of the country for most regions, during
this period [16].
The winter season was characterized by a disproportionate burden of observed cases
in the southwestern parts of Sweden. While it can be said that generally flu and colds tend
to increase during the winter seasons [14], the driving factors for this observed disproportionate pattern in the south are not clear but could be related to fairly more relaxed social
regulations that were prevalent in these regions compared to other regions. The same
could be said for other clusters around the capital Stockholm, Dalarna, Västerbotten and
Norrbotten counties. The alternating rise and fall of the confirmed cases through the seasons was consistent with the results by Huang [40] even when his study was a global one.
He observed intensifying and persistent cold spots in some parts of Sweden, as well as a
belt of new hotspots and oscillating hotspots especially in the south and southwestern
parts of Sweden, for his period of analysis (22 January 2020 to 22 January 2021).
5. Conclusions
The COVID-19 pandemic has been a global challenge and has brought most of the
world to a standstill. We analyzed, and took stock of space–time clusters of the pandemic
within Sweden for the past year, considering the different seasons. From our results, it
was evident that the clusters were not static in space and time. The clusters seemed to
respond to changes in seasons while acknowledging the contribution of socio-economic
factors. In all, this analysis provides a profile of COVID-19 spatiotemporal clustering in
Sweden before the introduction of mass vaccination and provides pointers towards a possible evaluation of the different epidemiologic interventions employed by the different
regions in Sweden and how COVID-19 cases responded to such interventions.
Whereas this study achieved its set objective of identifying the spatiotemporal
COVID-19 clusters within the different seasons, the authors understand that the patterns
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observed are also influenced by other socio-economic factors as adequately discussed by
Drefahl, Wallace [18] and Modig, Ahlbom [35] who noted that being male, having a less
individual income, lower education and not being married, all independently predispose
one to a higher risk of dying from COVID-19. This position is shared by [Hansson, Albin
[36]] who observed variations in COVID-19 cases along immigrant and ethnic lines. As
such, the aggregated nature of the data, especially spatially, was a limitation. Certainly,
analyzing using individual-level or age-adjusted COVID-19 data would improve the results obtained in this study. This particular aspect is being considered for our subsequent
study.
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