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Abstract: The space–time behaviour of COVID-19 needs to be analysed from microdata to understand
the spread of the virus. Hence, 3D space–time bins and analysis of associated emerging hotspots are
useful methods for revealing the areas most at risk from the pandemic. To implement these methods,
we have developed the SITAR Fast Action Territorial Information System using ESRI technologies.
We first modelled emerging hotspots of COVID-19 geocoded cases for the region of Cantabria (Spain),
then tested the predictive potential of the method with the accumulated cases for two months
ahead. The results reveal the difference in risk associated with areas with COVID-19 cases. The
study not only distinguishes whether a bin is statistically significant, but also identifies temporal
trends: a reiterative pattern is detected in 58.31% of statistically significant bins (most with oscillating
behaviour over the period). In the testing method phase, with positive cases for two months ahead,
we found that only 7.37% of cases were located outside the initial 3D bins. Furthermore, 83.02% of
new cases were in statistically significant previous emerging hotspots. To our knowledge, this is the
first study to show the usefulness of the 3D bins and GIS emerging hotspots model of COVID-19
microdata in revealing strategic patterns of the pandemic for geoprevention plans.
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Spain has suffered its third wave of the COVID-19 pandemic, in the post-Christmas
period. Management of the pandemic was decentralised from national government to
regional health policy makers at the end of the strict lockdown from March to June 2020.
Since then, each region in the country has set different rules and restrictions in place to
overcome each wave of the pandemic. In this context, with a population close to 47.5
million and with a second state of emergency declared for constitutional redress to the
regions (known as “autonomous communities”), Spain reached 3,000,000 COVID-19 cases
in February 2021. Regional perimeter lockdowns, working from home and reduced hours,
among others, have proved insufficient to stop the spread of the pandemic. There are not
enough diagnostic studies of these solutions.
In this context, this research is set within the collaboration framework established
by the University of Cantabria, the Valdecilla Hospital Research Institute (IDIVAL) and
the Department of Health of the Regional Government of Cantabria. It uses methods
based on geographic information systems (GIS) and the main goal is to analyse and model
the space–time trend of COVID-19 cases from an integrated perspective. Daily datasets
of cases, heat maps and animated maps of pandemic spread are not enough to quantify
the spatial pattern of COVID-19 and to differentiate the level of risk in many areas with
similar cumulative incidence rates at a given time. The large amount of data and the high
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temporal resolution (daily) can hinder the obtaining of strategic knowledge about the
spatial pattern of the virus and, more importantly, its expected spatial behaviour. This
research therefore seeks to apply GIS and location intelligence to COVID-19 pandemic
cases, and more specifically to test the potential of space–time 3D bins and emerging
hotspots for providing an understanding and plotting the spatial pattern of COVID-19.
In line with our research collaboration framework, the study area is the Autonomous
Community of Cantabria (Northern Spain). Our research results are presented in the form
of internal reports to the regional government health authorities.
Our methodological contribution has two main pillars: geocoding a daily microdata
record of COVID-19 cases and implementing a Fast Action Territorial Information System
(desktop and cloud) called SITAR, using ESRI technologies [1].
The contribution of GIS analysis to spatial understanding and control of diseases is
a wide research field. In this sense, the review by E.K. Cromley [2] on the use of GIS to
address epidemiological research questions highlights its value in geocoding and analysing
local patterns of health conditions, where autocorrelation and space–time clustering are
two extended approaches. Factually, the perspective of location intelligence has been
highlighted as an important approach for quantifying disease occurrence and designing
disease control actions [3]. GIS and the geographic perspective can thus help to ensure
prompt detection and control the spread of COVID-19 at the risk mitigation stage [4].
There is a large body of literature on spatial analysis and the application of geostatistical methods to the study of spatial patterns and cluster detection of diseases. Part
of this scientific background is significant from the partial viewpoint of contributing to
software and methods (although these studies are applied to diseases other than COVID19). Examples include the study using the SaTScan software package to identify incident
disease clusters based on space–time trends to adjust practical surveillance [5,6] and the
application of space–time clusters combining SaTScan for Poisson probability with GIS
software (ArcGIS) to determine Moran’s autocorrelation index and analyse patterns of
tuberculosis [7]. Dengue virus has also been analysed by autocorrelation and Kulldorff’s
SaTScan statistics, with high autocorrelation and a movement of virus clustering over time
being found [8]. Related to this, there are many research papers on processes for the spread
of epidemics that use space–time clusters, and even some studies tracking possible sources
of contagion [9].
Related to the objective of modelling spatiotemporal clusters in health issues, we
consider that the 3D bins and emerging hotspots methodology has comparative advantages
in Section 1. These are: the absence of conditioning of the data by starting administrative
units (which in any case avoids problems derived from the modifiable spatial unit for
diachronic analysis), the possibility of scalable applications from intraurban to regional
and higher levels and, finally, spatial precision incorporated from the initial method stages,
since it starts from the occurrence of cases from point features of geocoded microdata. A
significant number of studies of clusters with a spatiotemporal perspective are based on
aggregated cases for provinces, municipalities or other units [10], which in origin would
condition the results of disease patterns to base units that are not representative depending
on the health issue being addressed. On the other hand, the temporal variable of the cluster
is often relegated to the background, understood as an accumulation of cases in a time
period rather than as an internal differentiation of what is happening in a given space over
time intervals (slides). Thus, 3D bins can be understood as integrating cluster models of
spatial (bin size) and temporal perspectives (vertical timeline) to conclude with revealing
trend patterns, as we will expose in the Sections 2 and 3.
Even in comparison with cluster studies that are based on geocoded data, such as
the research collected in this paper, it is useful to consider the possibilities of the 3D
bins methodology to synthesise spatial and temporal trends, providing a strategic vision
regarding specific analysis in that several details make it difficult to reach clear spatial
pattern conclusions, beyond the definition of circular window areas and measurements of
spatial dispersion through ellipses by year [11] or expressive heat maps [12]. Nevertheless,
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each bin acts as a synthetic space–time trend unit for which other environment variables
(buildings, density, social content, etc.) are estimated and the pattern results obtained can
be explored in depth, with a scalable spatial and temporal approach. In this regard, the
proposed method responds to the approach advocated by Greenough and Nelson [13] that
holds the importance of geospatial analysis to identify hotspots as a way to understand
spatial patterns and improve programmatic success related to secure environments and
health issues.
Focusing on health studies on the spatial distribution of COVID-19, some studies show
COVID-19 spatial patterns using GIS. There are interesting papers that relate COVID-19
and external environment factors, such as mobility in urban areas [14]. Other papers seek to
analyse the spread of the virus indirectly using the characteristics of the main affected areas
in terms of incomes, economic activities and population density, among others [15–19].
Projects that apply geographically weighted regression to the spatial patterns of COVID19 find that scale effects are essential and sociodemographic factors and their effects on
COVID-19 spread produce different effects depending on scale [20]. However, the 3D
bins methodology has some interesting references based on point events analysis in the
safety field (crime patterns [21] and traffic accidents [22]), or even in the health field, more
specifically in other respiratory diseases, such as pulmonary tuberculosis cases [23], that
we will refer in Section 4.
In this context, the project reported here is based on extensive field research, as
mentioned above, but it includes novel approaches related to two main characteristics:
the COVID-19 dataset and a scalable methodological proposal. These details could not
be considered novel individually, but there are no previous papers on the application of
space–time clustering using 3D bins and emerging hotspots for microdata on reported
cases of COVID-19.
With a broader focus, there are very few publications on the application of 3D bin
analysis to the pandemic. There is one project that considers the spatiotemporal pattern in
China based on 3D bins, but the source dataset refers to cities and the authors conclude in
their paper that this large scale is a limitation [24].
The originality of our approach is based on the potential of using microdata on COVID19 (each reported case is a point) as the main source for designing scalable methodologies
and making significant progress in understanding the spatial behaviour of the virus. Other
authors have previously seen the need to use a point layer with COVID-19 cases to analyse
the virus spread. Some of them have also proposed original methods for identifying proxy
locations to overcome the lack of availability of official microdata [25].
Finally, we introduce a third original approach related to our research. The testing
phase demonstrates the short-time predictive potential of emerging hotspots analysis using
GIS: about 83% of new cases for the following two months were located in a statistically
significant previous emerging hotspot. As the challenges posed by the third and potential
fourth waves of the pandemic are addressed, the space–time evolution of the focus used
must be prioritised. In this context, the use of geotechnologies from an interdisciplinary
perspective is an interesting way to tackle COVID-19, the global pandemic of the early 21st
century [26,27].
2. Materials and Methods
2.1. Overview of the Study Area
This research focuses on the Autonomous Community of Cantabria (a northern region
of Spain). Cantabria has just over 580,000 inhabitants and a surface area of 5300 km2 (2055
square miles). This gives an average population density of close to 110/km2 (285 square
mile). However, the population is distributed unevenly between the coastal municipalities
and the inland valleys (Figure 1).
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Figure 1. The study area of Cantabria in the national context: settlements, functional urban area (FUA) and main communication infrastructures. Source: Own work based on ESRI (administrative base map), National Geographic Institute
(National Cartographic Base 200) and Government of Cantabria (digital elevation model).

The capital city, Santander, is located mid-way along the coast and has 172,000 inhabitants. It is the biggest city in the Community of Cantabria and the chief city of a functional
urban area (FUA, identified at the European level) that includes Torrelavega, the second
biggest city. The Santander FUA comprises 25 municipalities with a total population
of 380,000 (just over 65% of the total for the region). The polycentric hinterland around
Santander–Torrelavega stands out for several factors, including number of inhabitants, population density, concentration of activities, main transport infrastructures and a prominent
role in daily commutes between central and outlying areas [28].
Our research into the general evolution of the pandemic in Cantabria focuses on
two periods: the first method stage, from the beginning of officially reported data on
the pandemic (March 2020) until the onset of the second wave (November 2020) and the
second method stage, based on cases reported for two months from November 2020 to
January 2021, coinciding with the third wave. As Figure 2 shows, the cumulative data
show that cases exceeded 15,000 in November 2020 (the end of the first stage analysed
here). At that time, the cumulative incidence rate was very high, at more than 500 cases
per 100,000 inhabitants.
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Figure 2. Daily and cumulative trend in COVID-19 cases in the Community of Cantabria (first method stage: March–
November 2020). Scheme 19 [29]. in Cantabria (open data from the Government of Cantabria).

2.2. The Main Source: Daily Microdata on Reported Cases
This research is based on daily microdata in the form of positive cases of COVID-19
reported by the Government of Cantabria (Spain). Permission to report data only in the
context of our research line was granted by the Medical Research Ethics Committee of
Cantabria (CEIm) in June 2020 (ID: 2020.238). The authors wish to clarify that the microdata
record is anonymous, due to data protection rules at the international level (European
Union Regulation 2016/679 of the European Parliament and of the Council of 27 April
2016) and also at the domestic level (Framework Act 3/2018 on the Protection of Personal
Data and Guarantee of Digital Rights of 5 December 2018).
These daily files have a tabular structure with data on all individuals who have tested
positive for COVID-19 in Cantabria. The microdata also include many fields related to
different thematic areas: location (address, town, municipality and post code), demographic
profile (gender, age and occupational category in the case of healthcare personnel) and,
finally, health structure and virus details (start and end dates, allocated health area, COVID19 status (positive if the virus is active, cured or deceased), test type, binary fields related
to hospitalisation, intensive care unit and residential care homes (if the infected person
lives in such a home)). Apart from the necessary fields for each COVID-19 case, some
characteristics are related to circumstances specific to the pandemic in Spain: the data on
occupational category for infected individuals who work in healthcare is connected to
the high incidence of the virus among healthcare providers (more than 83,000 infected,
i.e., around 5% of all COVID-19 patients in Spain); and the field of residential care homes
for the elderly is related to the high incidence of the first wave of the virus in Spain in
such homes. In our research, COVID-19 cases among residents of homes for the elderly
are separated out because the geoprevention strategies in such circumstances differ from
the others: if they were included in our methodology, they could result in statistical and
cartographic results being misread.
Related to the main figures and general data from a time-based perspective, the daily
microdata record by the end of the first stage of this research (November 2020) shows
more than 15,000 cases (rows in the microdata table) from the outset (March 2020) and
nearly 21,000 by the end of the second research stage (with more than 5000 new cases
from November 2020 to January 2021). Looking at the total number of records in the study
(Table 1), it must be clarified that in both stages of analysis, we got the corresponding
geocoded data from the initial cases reported in tabular format for over 97% of the records.
The records missing can be attributed to various circumstances such as positive cases
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from other regions that were detected while the patients were visiting Cantabria or the
absence of specific addresses in the data. Additionally, taking into account that it could be
misleading to consider location for cases in homes for the elderly, such cases were filtered
out of the base layer, so the final study focused largely on geocoded cases of persons who
did not live in homes for the elderly.
Table 1. Number of records in the study detailed by research stages.
Cases (COVID-19 Records)

First Stage (March 2020 to
November 2020)

Second Stage (November
2020 to January 2021)

Cases initially reported
Total geocoded cases
Geocoded cases studied

15,168
14,938
13,907

6530
6200
5766

Source: Own work based on COVID-19 microdata daily records from the health authorities (Government of
Cantabria, Spain).

2.3. Research Methods
The proposed methodology is based on geographical information technologies and
spatial analysis functions. We implement the SITAR Fast Action Territorial Information
System using two environments from the ESRI Technologies Ecosystem, accessed by the
user license held by the University of Cantabria.
More specifically, we use ArcGIS Pro as a desktop geographic information system
(GIS) and ArcGIS Online as a GIS cloud with an operations dashboard for ArcGIS, Web
AppBuilder and Experience Builder. The main advantage of SITAR is the normalisation
and integration of geodatabases that include data from many different sources. Aside from
sources provided by official institutions, SITAR includes geographic, demographic and
socioeconomic data from the ESRI COVID-19 GIS Hub [30], the ArcGIS GeoEnrichment
Service based on big data technologies [31] and, finally, Web Map Services to connect to
global cartography (satellite images or similar). Our territorial information system also has
a multi-scalar perspective on a detailed scale from buildings (cadastral layer) and point
dataset COVID-19 cases up to municipalities and the whole Autonomous Community of
Cantabria. This multi-scalar GIS structure is essential in proposing a valid methodology,
because knowledge of COVID-19 spatial patterns suggests that scale is fundamental [32]. A
factor or theory which is valid at the country level may not be so if it is desegregated at the
departmental entity level or even at the neighbourhood level (detailed scales). Therefore,
it is useful to implement a GIS structure, such as SITAR, with detailed data that could be
aggregated into higher levels or entities if necessary.
The methodological workflow is organised in two stages (Figure 3). Both use the same
COVID-19 microdata, geocoded by multiple fields to produce vector point datasets. The
tabular micro data provided by the health authorities of the Government of Cantabria are
included in SITAR, where they are geocoded from various fields related to location: street
and portal number, postal code, name of town, village or city and municipality. However,
the data entries for the two phases are from two consecutive periods and pursue different
goals: the first stage focuses on the analysis of the space–time pattern of COVID-19 from
the beginning to the second wave and the second seeks to test the predictive potential of
the first stage model using new cases for a period of two consecutive months.

ISPRS Int. J. Geo-Inf. 2021, 10, 261

7 of 19

Figure 3. Methodological design of the research based on two stages.

2.3.1. First Stage, from March to November 2020: 3D Bins and Emerging Hotspots Analysis
This part of the proposed method focuses on identifying COVID-19 trends in space
and time. Accordingly, taking into account that our main source is a highly detailed
record of locations of positive cases of COVID-19, we opted for a methodological plan that
highlights the high spatial and temporal granularity of the initial dataset and, in parallel,
is able to produce an expressive model to identify risk areas which is not conditioned by
polygonal administrative entities. This is the main reason why we designed a methodology
based on 3D bins and emerging hotspots analysis. These GIS analyses have been applied by
researchers to other diseases, with interesting results, because they can reveal the detailed
areas that are most at risk from the pandemic during the period under consideration [33].
Indeed, emergency hotspots can be useful (depending on spatial and temporal granularity)
not only for analysing but also for predicting the spatial pattern of the virus with a multiscale perspective [34]. However, as mentioned in the Introduction, our method is innovative
in the specific study of COVID-19 spatial patterns.
Before we present the method details, we must point out that 3D bin analysis includes
parameters (for time or temporal slides and distance or cube size) that could modify
the results. Many authors warn that the method could hide recently emerging clusters,
especially if the research includes a long time period [35].
The first stage methodology begins with an exploratory analysis that enables us to
confirm the statistical significance of spatial patterns of the pandemic. This exploratory
work also gives us the distance parameter for the 3D bins model.
The spatial autocorrelation analysis of COVID-19 reveals that the distribution of the
13,907 cases is not random. Moreover, Moran’s index confirms that the spatial pattern of
COVID-19 cases is statistically significant and shows a clustered distribution. Indeed, the
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Z score of 6.56 (up to 2.58) implies a probability of less than 1% of random distribution of
COVID-19 cases.
It is worth mentioning that we explored Moran’s index including cases in homes
for the elderly and found that although the spatial pattern was not random, the p value
increased from 0 to 0.19 and the probability of non-random distribution was less clear
(under 5% instead of under 1% without cases in homes for the elderly). These comparative
results (with and without residential home cases) confirm the importance of excluding
such cases to avoid distorting the statistical results. Moreover, in the cases of homes for the
elderly, COVID-19 outbreaks and the spatial focus are joined or linked, while in the rest of
the cases there is no such spatial association.
Additionally, the nearest neighbour distance confirms the non-random spatial pattern
of COVID-19, which matches a clustered distribution. As shown in Table 2, in the nearest
neighbour analysis, the average observed distance between cases is 38.7 metres (0.02 miles)
and the Z score (standard deviation) is −201.58 (under −2.58), so the spatial pattern is
clustered and non-random once again with a confidence level of more than 99%.
Table 2. The spatial average nearest neighbour: COVID-19 cases and COVID-19 location counts (number of COVID-19 cases overlapped in the same points because of same address: street and number).
Nearest Neighbour Results

Layer of Cases (Points)

Layer of Location Counts

Observed distance
Expected distance
Nearest neighbour ratio
Z Score
p value

38.7 m
408.2 m
0.095
−201.58
<0.01

126.5 m
538.5 m
0.217
−122.07
<0.01

Source: Own work based on COVID-19 microdata daily records from the health authorities (Government of
Cantabria, Spain).

The preliminary geostatistical analysis is fundamental in providing support for the following research steps. The fact that the COVID-19 spatial pattern is statistically significant
enables a deeper analysis to be run based on 3D space–time bins and emerging hotspots.
Furthermore, in the absence of established standard thresholds of time and distance (size
of the cubes) for the creation of 3D COVID-19 bins, we set time periods of 4 weeks and
base distance on preliminary statistical analysis, considering as a reference an expected
distance threshold of 538.5 m (334.6 miles) derived from exploratory spatial average nearest
neighbour analyses (as indicated in Table 2). This distance dimension is suitable since it
starts from the consideration of points in which there have been COVID cases (located in
street address and number) and considers as weight the number of cases that have occurred
in the same position over time. Therefore, our tool statistically simulates the distances
based on unique locations where there have been COVID-19 cases without losing intensity
of occurrence from the weight (count of cases in the same pair of geographical coordinates).
Nevertheless, the exploratory analysis based on Moran’s I would have some distortion
since they decrease observed and expected distances when considering unique locations,
although these locations correspond exactly to the same pair of geographical coordinates.

•

The organisation of time intervals starts from three basic principles. The first are the
temporal references used by health authorities, which frequently handle terms close to
two weeks (for example, for confining close contacts and for estimating accumulated
incidents of 14 or, where appropriate, 7 days to follow the trend). Secondly, we must
consider the methodological restriction of the 3D bins creation tool that requires a
minimum of ten time intervals and, finally, an adjusted number of intervals close to
10 as the excess of intervals in the tests performed created too many cube moments
with no cases or very low counts. The effect of excessive time compartmentalisation
tends to disconnect emerging countries from the general pattern of the pandemic
wave. As a result of the three criteria described, the 4-week interval is suitable since it
includes 2 periods of the usual reference time for the study of accumulated incidents
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•

(i.e., 14 days) and meets the condition for the method to be applied that establishes a
minimum of 10 moments in time for the development of bins. As we mentioned before,
exploratory analysis of slides based on 1 period (2 weeks instead of 4) produced too
many bins (many of them with 0 cases) and the results were not adequate.
The bin size is a metric based on expected distance (nearest neighbour analysis) from
layer of points with COVID-19 cases and a weight field of location counts equivalent
to number of positive cases in the same geographical coordinate. It is an objective size
that improves the results for observed distance (bins too small and with 0 cases or only
1 case) and gives an objective parameter for reproducing this method at other times
and elsewhere, with the nearest neighbour analysis needing to be calculated first. The
size of the cubes based on the expected distance avoids distortions derived from cube
sizes that are too small (which do not provide a spatial pattern with respect to the
geocoded point layer) and also the possible cancellation or concealment of spatial
differences if the cubes that are generated were too big. The tests carried out at both
the municipal and regional levels support the value of the expected distance as a
distance parameter of the bins of COVID-19.

Using these parameters, the method includes the creation of space–time 3D bins in a
Network Common Data Form (NetCDF) layer where points are accumulated into a bigger,
more regular, constant structure with the aforementioned spatial and temporal dimensions
(ESRI). Each bin represents a regular location (with a specific area and volume) where
cases are counted and aggregated over time in a 3D structure, so the number of cases is
not lost in the method. In each bin location (spatial component), it includes the number of
cases over time-steps as slides (temporal component). Therefore, the space–time 3D bins
model overcomes the excessive detail of each location to reveal a simplified crosstab model
that integrates spatial and temporal components. This new data model is essential to the
next stage, where we introduce an emerging hotspots analysis to identify trends. The tool
is based on Getis-Ord Gi* statistics to identify hotspots and Mann–Kendall statistics to
determine trends [36]. The method is based on the key field count (aggregated cases) of
each bin recorded over time.
Pairwise comparisons of each bin value with the subsequent time-step value are
essential to identify a trend as incrementing, decrementing or unchanging. Related to
this, the method includes other parameters to examine current trends (expected and
observed sum of cases, Z score to learn the trend sign and p value to check for statistical
significance) [26]. On this basis, the Mann–Kendall method produces an interesting trend
type for decreasing bins (cold spots) and increasing bins (hotspots), with eight categorised
results based on trends (both increasing and decreasing).
2.3.2. Second Stage, from November 2020 to January 2021: Checking the Predictive
Potential of Emerging Hotspots
One of the hypotheses of the method proposed is the potential for using emerging
hotspots as a predictive model. The second stage of the method thus seeks to check the
relative location of new COVID-19 cases against the types of emerging hotspots. This stage
consists of recoding a consecutive period of two months and analysing the distribution of
these cases in comparison with the emerging results.
To that end it is necessary to join point or new geocoded COVID-19 cases spatially
into polygons or bins. In line with the expected results, the reports include these possible circumstances:

•
•

New cases outside the emerging hotspots modelled.
New cases inside previous emerging hotspots, where there are two possible combinations: one corresponding to “no pattern detected” because statistical significance is not
reached, and the other consisting of emerging hotspots with statistical significance.

Additionally, as mentioned above, the proposed method can be replicated on other
spatial scales and in other periods of time. In regard to the replicable method, in the second
stage, we introduce 3D bins and emerging hotspots analysis from November 2020 to
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January 2021. This is calculated with the same distance parameter (expected distance from
nearest neighbour analysis) and more detailed temporal slides due to the methodological
constraint of ten time intervals (in this case calculated for five days over two months).
The new emerging hotspot for the second stage is compared with the first one by
spatial joining. It is useful to analyse the evolution of certain typologies from the first model.
It is important to see this stage as strategic because it helps to test the usefulness of
the method as regards a geoprevention framework in a near short-time period.
3. Results
This section presents the analysis of 3D bins and emerging hotspots for the Autonomous Community of Cantabria over two periods (stages), as presented in the methodology section.
3.1. First Stage: 3D Bins and Emerging Hotspots in Cantabria from March to November 2020
The period considered in this analysis runs from the beginning of the recording of
COVID-19 microdata (1 March 2020) to the second wave in continuous daily records that
stop temporarily in the analysis on 20 November 2020. Hence, the sequence includes
the COVID-19 cases (13,907 records) from the first and second waves and the run-up to
the third.
The result provided by the 3D bins model is revealing in that it simplifies the information from the starting points and their corresponding heat map and brings to the fore the
hierarchies of the effects of the pandemic in the territory analysed (Figure 4). COVID-19
cases in Cantabria are represented in 1414 bins with different intensities and distributions.
The bins show two stand-out levels of spatial segregation: the first is the difference between
inland and coastal areas, with a clear articulation in the coastal municipalities, and the
second is the concentration in areas of high population density and mobility such as the
Santander–Torrelavega hinterland in the Santander FUA and especially the western arc of
Santander Bay, which is where the city of Santander is currently expanding most intensely.

Figure 4. Space–time 3D bins of COVID-19 in the Autonomous Community of Cantabria (March–November 2020). Source:
Own work based on COVID-19 microdata daily records from the health authorities (Government of Cantabria, Spain).
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The cubes in the eastern coastal area are much larger than in the western coastal area.
The main reason for this west–east disparity is the proximity of Bilbao, the tenth biggest
city in Spain (the population of the city itself is almost 350,000 but that of its metropolitan
area is over 1 million). Bilbao is 100 km (62 miles) from Santander and has an important
role as a pole of economic attraction in the north of Spain, exerting influence on the eastern
part of Cantabria. The large-scale flow of people between the neighbouring communities
is another factor to take into account in these results. At the European level, the FUA of
Bilbao extends beyond the borders of the Autonomous Community of the Basque Country
and includes the eastern part of Cantabria. This is an important sign of the intensity of
relations between the eastern part of Cantabria and Bilbao.
By contrast, inland Cantabria has a layout based on small cubes over most of its
territory, except for the regional headwaters of the inland valleys.
The first significant result for emerging hotspots is that of the 1414 cubes identified in
the region, 812 (57.43%) show no statistically significant pattern that could be associated
with a specific hot or cold spot (Table 3). In fact, from the COVID-19 distribution and the
consideration of its spatial pattern over time, no cold spots can be derived.
Table 3. Emerging hotspot statistics: bins and number of COVID-19 cases.
Emerging Pattern

Number of Bins

% Bins

Number of
Cases

% Cases

No pattern detected
Pattern detected:

812

57.43

3,461

24.89

New hotspots

251

Oscillating hotspots

178

Sporadic hotspots

98

Consecutive hotspots

75

Total pattern detected
Total emerging

602
1414

17.75 *
41.69 **
12.59 *
29.57 **
6.93 *
16.28 **
5.30 *
12.46 **
42,57
100.00

2190
3163
3988
1105
10,446
13,907

15.75 *
20.96 **
22.74 *
30.28 **
28.68 *
38.18 **
7.95 *
10.58 **
75.11
100.00

* Percentage of total emerging hotspots. ** Percentage of emerging hotspots with a pattern of statistical significance.

The emerging hotspots analysis is revealing from the point of view of geoprevention
in that it significantly reduces the territory where it is important to focus the analysis and
therefore policy making. In fact, despite the said large number of cubes with no pattern
detected, it should be noted that only 24.89% of COVID-19 cases occurred in these areas.
The statistical significance of the cubes refers to the spatial and temporal neighbourhood simultaneously. The absence of a clear pattern would imply that areas that have had
COVID-19 cases in one or more moments of time throughout the period considered were
not significant either temporally with respect to the preceding interval or spatially related
to nearby areas. Regarding heat maps and animated cartography, we can observe a way
to disentangle which spots on a pandemic heat map should be understood as problem
areas and, on the contrary, which areas covered by the colour gamut in a heat map should
go into the background from the point of view of the spatial behaviour of COVID-19. In
summary, the statistical significance of the cube is a way to catch a glimpse of which areas
should not be the focus of policy makers against those that we will comment upon, which
present spatial–temporal statistical significance and contribute to emerging patterns.
A look at the 602 cubes with statistical significance (new, oscillating, sporadic and
consecutive patterns) reveals that they all correspond to the hotspot pattern. Depending
on the numbers of cases, the results are as follows:

•

Two hundred and fifty-one bins (41.69%) are new hotspots, i.e., these are hotspots
with statistical significance only in the final part of the period analysed (October–
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•

•

•

November). These bins contain 2190 cases (15.75% of the series analysed, 20.96% of
cases in hotspots with statistical significance).
One hundred and seventy-eight bins (29.57%) are oscillating hotspots. These are
hotspots which are significant towards the end of the period (October–November) but
show a previous trend in which they were significant cold spots. Less than 90% of the
time intervals in these cases have shown significant hotspots. In Cantabria, this type
is ranked second not only in number of bins but also in number of cases, with 3163
reported positive cases of COVID-19 (22.74% of the series analysed, 30.28% of cases in
hotspots with statistical significance). This type is also where the lowest mean age of
cases is detected (41.7 years).
Ninety-eight bins (16.28%) are sporadic hotspots. This type corresponds to locations
that switch from hotspot to non-hotspot status several times in the period considered.
They show up as significant hotspots in less than 90% of the time intervals and
never as significant cold spots. This type is striking in that in 16.28% of statistically
significant cubes, it is the one with the most COVID-19 cases, with a total of 3988 cases
(28.68% of the series analysed, 38.18% of cases in hotspots with statistical significance).
Furthermore, possibly related to the large number of cases, it is in this hotspot pattern
where most deaths are found when those in residential homes are excluded (42 deaths,
equivalent to 31%).
Seventy-five bins (12.46%) are consecutive hotspots. These are areas with significant
hotspots in a single run without interruption in the final time intervals considered.
These cubes were not significant hotspots before the last run. These hotspots are also
the least common in terms of number of cases, accounting for 1105 cases (7.95% of the
series analysed, 10.58% of cases in hotspots with statistical significance) in all.

Therefore, it is important to highlight that the study not only distinguishes whether a
bin is statistically significant, but also identifies temporal trends: a reiterative pattern is
detected in 58.31% of statistically significant bins (most with oscillating behaviour (29.57%)
and 16.28% sporadic over the period and 12.46% consecutive at the end of the period).
In addition to the general statistical guidelines, the spatial pattern is also very interesting (Figure 5). The new hotspots establish areas of new cases which, in urban areas already
hit by the first wave of the pandemic, have a peripheral configuration in the form of rings
around areas that previously had a high concentration of cases. This seems to reflect the
spatial process of COVID-19 spread in the central and eastern coastal area. By contrast,
in rural areas, most hotspots correspond to new locations in the main towns within rural
areas of the region.
The types with alternating cases over time are concentrated in the municipal areas
of the two main cities, Santander and Torrelavega, and on the edges of Santander on the
metropolitan arc of the bay. It is noteworthy that these types do not intermingle but rather
are segregated in an east–west direction in Santander and north–south in Torrelavega, with
sporadic hotspots coinciding with more affluent areas and oscillating hotspots with more
modest areas.
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Figure 5. Emerging hotspots for COVID-19 in the Autonomous Community of Cantabria (March–November 2020). Scheme
22 [29]. Source: Own work based on COVID-19 microdata daily records from the health authorities (Government of
Cantabria, Spain).

Hence, according to the spatial patterns obtained, we emphasise that 3D space–time
bins and analysis of associated emerging hotspots are useful methods for revealing the
areas most at risk from the pandemic.
3.2. Testing the Predictive Potential of the Emerging Initial Model: The Spread of the Pandemic
Two Months Later
The period considered at this checking stage starts after the end of the first stage,
and uses the record of COVID-19 microdata for two months (from 21 November 2020 to
21 January 2021). We analyse the distribution of 5766 new COVID-19 cases in relation to
the emerging hotspots model previously presented.
As explained in the methodology section, the second stage of this research involves
two approaches: the relative locations of new COVID-19 cases outside/inside emerging
hotspots from stage one; and then a new 3D bins and emerging hotspots model applied
only to cases from this period. We obtained interesting results, which are reported below.
3.2.1. The Predictive Power of Analytics of Emerging Hotspots Is Confirmed
The locations of new COVID-19 cases in relation to emerging hotspots from the first
stage demonstrate that 92.63% of new cases (that correspond to the third wave) are located
inside a previous bin, which means that only 7.37% of cases were located outside the
initial 3D bins, as we highlighted in the Abstract. Furthermore, 83.02% of new cases were
in statistically significant previous emerging hotspots. These results confirm the spatial
repetition factor and the value of the emerging hotspots map (based on first and second
wave cases) as a prelude to the third wave. Indeed, an analysis of the Euclidean distance of
new cases outside emerging hotspots demonstrates that most are very near areas in our
model (the median is 250 m, 0.16 miles).
In relation to the distribution of new cases inside previous emerging hotspots (Table 4),
it is important to mention the secondary role of areas where no pattern is detected: they are
the largest in terms of area (57.43%) but account for only 16.98% of new cases. This is the
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second main result of our checking stage: 83.02% of new cases inside previous emerging
hotspots coincide with significant emerging patterns.
Table 4. Location of new COVID-19 cases in relation to the emerging hotspot model from stage 1.
Emerging Pattern

Previous Pattern (Stage 1)

New Cases (Stage 2)

Area

% Area

COVID-19 Cases

% Cases

Outside previous emerging hotspot

−

−

425

7.37

Total inside previous emerging hotspot

410.79 *
158.61 **

100.00

5341

92.63

57.43

907

16.98

42.57

4,434

83.02

17.75

987

18.48

12.59

1,355

25.37

6.93

1,608

30.11

5.30

484

9.06

No pattern detected
Pattern detected:
New hotspots
Oscillating hotspots
Sporadic hotspots
Consecutive hotspots

235.90 *
91.08 **
174.89 *
67.53 **
72.92 *
28.15 **
51.71 *
19.97 **
28.47 *
10.99 **
21.79 *
8.41 **

* Area in square kilometres. ** Area in square miles.

The emerging types that involved temporary reiterative hotspots in the first stage
account for 55.48% of new cases (25.37% in oscillating and 30.11 in sporadic bins). Again,
a repetition pattern is shown, and types that showed up in trends as significant hotspots
(new and consecutive) host 27.54% of new third wave COVID-19 cases.
3.2.2. Emerging Patterns Detected Two Months Later
Applying the new 3D bins and emerging hotspots model only to cases from November
2020 to January 2021 results in 900 3D bins and an interesting emerging pattern, where a
new type of intensifying hotspot appears. We presume that this is an effect of considering
a shorter period, with which the results show more detailed specific trends.
However, in the checking stage, we seek to analyse relevant changes in emerging
patterns from the point of view of geoprevention. To that end, we use the spatial join to
cross-analyse new emerging hotspots with the model from stage one and obtain 27 combinations (Table 5). One-third of bins do not change their types.
Focusing on the changes, we suggest focusing on the most risky patterns related to
geoprevention, i.e., those areas where the last trend indicates intensifying patterns or new
areas of COVID-19. These types are marked in Table 5 with **. Areas that were previously
sporadic but have changed to intensifying hotspots in stage two are of particular interest.
They are located mainly in the city centre of Santander, where more than 1400 new cases
in these last two months are located. This demonstrates a process of consolidation of
emerging hotspots in relation to the recent time trend.
By contrast, 651 new cases are located in hotspots that have switched from oscillating
to intensifying (326 cases) or consecutive (325 cases). Their distribution is associated with
less affluent areas near the main cities of Cantabria (Santander and Torrelavega).
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Table 5. Cross-analysis of types of emerging hotspots (stage 1–stage 2), in decreasing order of number of COVID-19 cases.
Cross Emerging Patterns: Stage
One–Stage Two *

Number of Bins

Average % Time
Hot

Average % Time
Cold

Number of Cases

Sporadic–Intensifying **
No Pattern–No Pattern
New–No Pattern
Oscillating–Sporadic
Consecutive–Sporadic
Oscillating–Intensifying **
Oscillating–Consecutive **
New–Consecutive **
Sporadic–Consecutive **
Not previous–No pattern
Consecutive–Consecutive
Oscillating–New
No Pattern–Consecutive **
New–Sporadic **
Oscillating–Oscillating
No Pattern–New **
No Pattern–Oscillating **
Oscillating–No Pattern
New–Oscillating **
Not previous–Consecutive **
New–New **
Sporadic–Sporadic
Consecutive–No Pattern
Not previous–Oscillating **
Consecutive–New
Consecutive–Oscillating
Not previous–Sporadic
Total

57
331
133
58
40
20
46
31
24
96
15
10
2
2
2
3
4
6
3
4
2
2
1
2
3
1
2
900

98.92
0.49
5.44
51.19
35.00
92.69
29.93
23.82
30.77
0.32
29.23
7.69
38.46
42.31
26.92
7.69
15.38
0.00
15.38
28.85
7.69
80.77
15.38
15.38
7.69
23.08
30.77
−

0.00
5.32
2.37
0.00
0.00
0.00
0.00
0.00
0.00
2.32
0.00
2.31
0.00
0.00
7.69
0.00
7.69
20.51
7.69
0.00
7.69
0.00
0.00
7.69
0.00
7.69
0.00
−

1433
1013
662
632
354
326
325
298
224
168
141
36
30
21
19
13
13
10
9
7
6
6
5
4
4
4
3
5766

* All these are hotspots, so the name is omitted. ** Interesting cross-typology from the point of view of geoprevention.

To conclude, we highlight that the distribution of the second type in terms of the
number of cases (1013), i.e., that in which no pattern is detected in either stage, in Cantabria
is associated with low-density areas (peri-urban and rural coastal and interior valleys with
a residential model based on single-family homes).
4. Discussion
Our findings reveal that COVID-19 microdata provide a useful way of interpreting
trends behind emerging hotspots with a multi-scalar perspective. Moreover, the method
based on space–time bins has a high potential for obtaining significant spatial patterns of
hotspots with both space and time perspectives.
This is essential since COVID-19 data with a high level of spatial disaggregation
(points such as coordinates after geocoding) and with high granularity (daily) must be
properly analysed so that they can be transformed into strategic spatial information. In
other words, the optimal data sequences could be useless (other than as expressive heat
maps or cumulative incidence rates for districts or health areas) if they are not analysed
using expressive geostatistical analysis.
In this regard, the first stage of our study demonstrates the diagnostic contribution
provided by the combination of exploratory analysis of statistical significance, calculations
of space–time bins and emerging hotspots. There is recursive filtering from the cubes that
are not statistically significant to those that are and, within the latter, a type that may reveal
the specific areas where it would be useful to act. We therefore confirm the high potential
of such analysis for planning periodic geoprevention actions in affected areas.
These results are important to reduce spread and distinguish a problematic focus from
others, answering the key question “where?” as the main aim according to Kamel and
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Geraghty [37]. In relation to this, geospatial sciences play a strategic role in shortening
response times for social management [38].
There is considerable scientific support for spatial cluster methods applied to health
research, as mentioned in the Introduction. However, we realise that one limitation of our
research is that we cannot compare our results with those from other studies at similar
scales for the same subject, COVID-19, as has already happened in the case of other authors
with the patterns detected in other respiratory diseases such as pulmonary TB cases, where
the authors use about 1000 records as a key study for implementing proper prevention
programmes [23]. However, it is possible to identify thematic affinity insofar as similarities
are observed in the approach of applying 3D space–time bins in other investigations that,
like ours, seek to contribute to geoprevention plans. This concept goes beyond health
research and could be extended to other topics of interest such as safety [21,22], where there
are similarities with the methodology used by us for point layer analysis, in our case with
a novel approach to geoprevention in health and more precisely in relation to a priority
research object: COVID-19.
It is true that the usefulness of our results is limited in time and that they could
undergo modifications as a function of trends over time and parameters linked to the
spatial scale of analysis. Indeed, when long periods of time are used (which with daily
series and with the COVID-19 virus fully active could be considered to mean more than a
month) there are certain types of hotspot that are omitted or masked in periods within the
set of time periods considered, as highlighted by Kulldorff [34] in his research with different
temporal granularity for series of years. This is what happens with intensifying hotspots in
our study: they do not appear in the nine months of stage one but are found in the second
stage of the research in the emerging hotspots for the last two months, corresponding
to the third wave. Such categories, which are of great interest for geoprevention actions,
could be hidden in the first stage due to the long period considered. This crucial aspect is
pointed out at a methodological level for future research, but it does not invalidate or lead
us to question the results obtained. We simply propose the opportunity to use this method
continuously over time and at shorter intervals or time-steps as a follow-up measure for
policy makers in terms of geoprevention. This concept, which was born in the field of
environmental criminology [39] is applicable to the health field and more specifically to
the design of public health measures to face the pandemic. Therefore, it must be pointed
out that in Spain, currently, the management of the pandemic corresponds to the regional
governments, coordinated at the national level by the inter-territorial council and that
there are no levels of administration with powers below the autonomous community.
However, where statistically significant hotspots with patterns of repetition are detected,
it would be interesting to coordinate the regional authorities with the municipal ones so
that the latter help in the implementation of geoprevention strategies related to cleaning
(disinfection of public spaces and buildings in areas of special risk according to emerging
hotspots models) and vigilance (for example, compliance with social distancing rules, use
of masks, compliance with night hours, etc.). Moreover, health authorities at the regional
level could also use the spatial patterns resulting from 3D bins and emerging hotspots
to identify areas in which to carry out preventive actions, such as massive screening to
identify asymptomatic cases, or inspections of buildings (systems of air circulation in
indoor bathrooms, for example) in emerging hotspots where a large number of infections
happen in short periods of time and repeatedly over time (oscillating and sporadic patterns,
for instance).
Back to the results discussion, we must consider the difficulty of the hotspot relationship with outbreaks. In some cases, new hotspots are identified with outbreaks (as occurs
in homes for the elderly, where the causal location and the place of residence of the infected
people are the same). However, in most cases, outbreaks have a spatial incidence in many
locations (because of the different places of residence of the infected people). There is also
a high proportion of positive cases where the origin of the contagion is unknown. In this
regard, 3D bins analysis is crucial for identifying and assessing the different levels of risk
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associated with the active hotspot and for analysing the role of neighbourhoods in the
spread of the pandemic from a historical perspective.
In regard to the risk of subjectivity, we must clarify that although the method has
parameters that have to be established by the researcher, in our study, we have opted to use
distance thresholds based on nearest neighbour analysis. This enables the methodological
design to be objectified and acts as a standard element that can be extended for the
replication of the method in other case studies using other time periods or different scales
of analysis.
Indeed, the second stage of our methodological framework enables us to compare
the new emerging model from the first stage due to the use of the same parameter of
distance thresholds. We believe that the fact that 92.63% of the 5341 new cases are located
within a previous emerging hotspot is a revealing result in terms of addressing the next
wave of the pandemic and helping policy makers to design strategies adapted to the
particular features of each territory. Moreover, discipline-based knowledge about each
territory, sociodemographic content and health advances could help take advantage of the
geotechnology-related opportunities to overcome the effects of COVID-19 on society [40].
This line of research is likely to be linked with other approaches addressed in publications cited in the bibliography, and especially with those that seek to analyse the
socioeconomic, demographic and functional frameworks of the areas where COVID-19
cases are found. We thus intend to work to study the conditions and environment variables
that arise in the different kinds of hotspot in order to find social patterns that can be
correlated and ultimately explain the spatial patterns presented in this paper.
5. Conclusions
To the best of our knowledge, this is the first study that demonstrates the usefulness
of 3D space–time bins for COVID-19 and emerging hotspots analysis based on geocoded
microdata in engaging the geoprevention measures proposed by policy makers. Thus, it
provides support for decision makers in matters of geoprevention, from the perspective
of the necessary link between measures and the particularities of the spatial pattern of
COVID-19 in each territory.
Indeed, considering the eight types of trend, different levels of importance can be distinguished: the most worrying are new, consecutive, intensifying persistent and oscillating
hotspots, followed at a second level of importance by diminishing, sporadic and historical
hotspots. In this regard, the SITAR GIS system implemented enables us to analyse the
spatial patterns of COVID-19 over time at detailed scales and to produce reports in real
time related to sources of contagion that may arise at a certain time.
It should be remembered that the method requires at least 10 moments in time to
analyse emerging points. With a daily series of COVID-19 cases, we believe that it could
be applied as a diagnosis every 20 or 30 days at the intraurban level. It could also help
in decision making with strategic information as it highlights a diagnosis of emerging
points, which may be of special interest when hotspots are identified in situations associated with extreme levels of danger and dynamism (new, growing or persistent hotspots,
among others).
The research confirms the predictive potential of this methodology and the possibility
of it being replicated elsewhere from a multi-scale (space and time) perspective. Accordingly, researchers need to collaborate with health authorities to access microdata records,
which are the essential source for applying this methodology.
Finally, our results report significant space–time trends. This can serve as support
due to their short-term predictive nature in that when intensity changes due both to the
accumulation of cases and their trend and to associated spatial diffusion processes, the
types of emerging hotspot can be interpreted as a prelude to what will happen in the
coming days and weeks.
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