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Abstract: Objective — To substantiate the choice of optimal tools for clustering spatially referenced data on disease incidence for GIS-
based analysis of their spatial distribution.

Material and Methods — We used primary data on the incidence of malignant neoplasms, chronic alcoholism, and asthma in the
population of eight administrative areas in Arkhangelsk Oblast as a constituent entity of the Arctic Zone of the Russian Federation. Disease
incidence was averaged over a 5-year period from 2016 to 2020. We assessed the methods for visualizing the distribution of spatially
referenced indicators using the ArcMap geoinformation system tools.

Results — The study yielded differences in the outcomes of automated clustering of spatially referenced data in ArcMap, depending on the
normality of the distribution in individual samples and the spread of indicator values, which was visually reflected on the resulting map.
The parameter values in the samples directly affected the features of data clustering. Hence, this issue is important to consider for ensuring
the correct choice of the appropriate analytical tool.

Conclusion — Our study demonstrated that when using tools for automated clustering of spatially referenced incidence data in terms of
their visualization in ArcGlIS, it is necessary to consider the factors that directly affect the accuracy of their presentation. We consider it

most appropriate to use a clustering tool based on the geometric interval method.
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Introduction

The generally accepted definition of medical geography is an
interdisciplinary science at the intersection of geography
(cartography) and medicine that studies the effect of
environmental features on human health, as well as the laws of
the spatial distribution of diseases and other pathological
conditions [1]. Currently, the use of geoinformation technologies
to assess the state of sanitary and epidemiological wellbeing of the
population is an independent scientific field. Consequently, the
clause 1.3.7, Management of Epidemiological Risks Using GIS
Technologies, was included in the research program of the Federal
Service for Surveillance on Consumer Rights Protection and Human
Wellbeing (Rospotrebnadzor) for 2021-2025 [1].

Some of traditional methods of mapping events, and
visualization and modeling of spatial and temporal patterns are
quite complicated, such as multidimensional spatial analysis, or
interpolation analysis requring a spatial analysis by deterministic
mathematical methods and predicting values for points in space
(e.g., modeling the presence of dust in the air).

Geostatistical analysis [2] predicts the spatial distribution of
trends both in interpolation analysis and statistical analysis, which

can be used to search for relationships between points, values of
which reflect the dependence between different map layers [3].

Initially, geographic information systems were used mainly in
epidemiology, since mapping foci of infections with
geoinformation technologies allows seeing their location and
concentration zones, visually encode various parameters, and
investigate their dynamics over time. The multiscale imaging
(transition from a larger scale to a smaller one) makes it possible
to study in detail the foci of the disease, suggest the presence of
latent sources of infection [4], and create models for predicting
the development of the epidemic situation for each specific
nosology [5].

Moreover, if there is information about the place of residence
and/or the potential place of occurrence of an infectious or
parasitic disease, mapping is more informative than the traditional
analysis of disease incidence by district or municipality since the
boundaries of disease foci and administrative boundaries may not
coincide [6]. It should also be noted that the rapid assessment of
the spatial distribution of cases of infectious and parasitic diseases
by geographic information systems that allow creating focus
density maps has great potential in planning anti-epidemic
measures and can be performed in real time [7]. Hence,
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geoinformation systems are gradually becoming a flexible tool for
improving the system of epidemiological surveillance and
expanding the possibilities in making managerial decisions [5, 8].
However, geographic information systems are widely used in
analyzing the incidence of noncommunicable diseases [9], as well
as in assessing the state of sanitary and epidemiological wellbeing
of the entire population. In particular, the Geoportal of Sanitary
and Epidemiological Welfare of the Population of the Arctic Zone
of the Russian Federation, developed by the Northwest Research
Center for Hygiene and Public Health, is a tool for a comprehensive
assessment of the state of the living environment and health in the
population of the Russian Arctic [10, 11].

At the same time, incidence rates, unlike most technogenic
environmental factors, are not standardized, so it is necessary to
select an adequate algorithm for their analysis. One of these
algorithms includes ranking of disease incidence values based on
determining the average long-term level and the root-mean-
square deviation from it, and on their basis determining the
boundaries of disease incidence levels characteristic for the area
under assessment (e.g., high, above average, medium, below
average, and low) [9]. A similar approach can also be used for a
comparison of incidence rates between territories due to
Classification tool built into software products [12].

There are other data classification tools available in ArcGIS.
Among the standard tools, we can single out the following
methods: equal ranges (the range of values is divided into
subranges of equal size), specified range (for example, with a step
of 5%), quantiles (each class contains the same number of objects),
natural breaks in values sensu Jenks (for large differences between
data values), geometric interval (class boundaries are set based on
intervals that have a geometric sequence), and standard
deviation/root-mean-square deviation (shows how much the
values of feature attributes differ from the mean value). Besides, a
manual method is possible as well, when the user independently
sets the class boundaries. Due to the presence of a large number
of tools for the spatial analysis of baseline materials, a researcher
may face a difficult task of choosing the correct approach to data
visualization and clustering.

The objective of our study was to substantiate the choice of
optimal tools for clustering spatially referenced data on disease
incidence for GIS-based analysis of their spatial distribution.

Material and Methods

We examined the methods for visualizing the distribution of
spatially referenced indicators. These methods employ a standard
set of data grouping tools and the graduated colors function in the
ArcMap geoinformation system (ArcGIS by ESRI). The above
methods allow grouping polygonal objects on the map
(municipalities, towns) considering the similarity criteria for the
values of the selected indicator, which simplifies the visualization
of the indicator distribution and the degree of its severity on the
map. These tools are present in the standard set of desktop
versions of the ArcMap geoinformation system and are
additionally implemented in the Geoportal mapping application
built based on ArcGlIS for Server Advanced Enterprise v.11 [11].

We selected five automated data clustering tools of the seven
available: equal ranges, quantiles, natural breaks in values,
geometric interval, and standard deviation (root-mean-square
deviation). The manual data clustering tool and the specified
interval clustering tool were not considered in our study.

To develop the criteria for choosing optimal tools for clustering
of spatially referenced data, we used data from the Federal
Information Base of Social and Hygiene Monitoring on the disease
incidence in the population of the following administrative areas in
the Arkhangelsk Oblast: Urban District of Arkhangelsk, Mezensky
Municipal District, Urban District of Novodvinsk, Onezhsky
Municipal District, Primorsky Municipal District, Urban District of
Severodvinsk, Leshukonsky Municipal District and Pinezhsky
Municipal District.

Due to substantial variation of year-to year disease incidence
rates within the same territory, the incidence was averaged over a
5-year period from 2016 to 2020 by summing up the cases of
diseases and the population numbers, and then calculating per
100,000 population. As an example for the selection of spatial
analysis tools, we investigated the primary incidence of the
following diseases in the population of Arkhangelsk Oblast:
malignant neoplasms (for entire population), alcohol dependence
syndrome (chronic alcoholism), asthma and status asthmaticus
(for the population 18 years of age and older). As a part of spatial
analysis tool selection, we also compared primary incidence of
malignant neoplasms in children (0-14 years old) in the
Arkhangelsk Oblast and chronic alcoholism in the adult population
of 69 municipalities that are part of the Arctic Zone of the Russian
Federation (AZRF).

Results

The various tools for automated clustering of georeferenced
data in ArcGIS group datasets into classes that are visually
reflected on the map. The results of clustering using five selected
tools are explicitly shown in Figures 1-3.

In some cases, the ranges of grouped classes are similar: e.g.,
the geometric interval and equal ranges when grouping indicators
of the chronic alcoholism in adults (18 years of age and older)
(Figure 1); quantiles and equal ranges when grouping the
indicators of the incidence of asthma and status asthmaticus in
adults (18 years of age and older) (Figure 2); geometric interval
and quantiles when grouping the incidence rates of malignant
neoplasms (cumulative total for all locations) (Figure 3).

Some locations, with any variant of data grouping, can be
classified as risk areas characterized by an increased incidence
rate, compared with other studied territories of Arkhangelsk
Oblast. For instance, the risk areas in terms of the primary
incidence of chronic alcoholism in the adult population are
Onezhsky Municipal District and the Urban District of
Severodvinsk; for asthma and status asthmaticus, the risk area is
Onezhsky Municipal District; for malignant neoplasms (for the
entire population), these are Mezensky and Primorsky Municipal
Districts.

At the same time, several study locations can be classified as
risk areas only if certain methods of data clustering are employed.
E.g., for the incidence of chronic alcoholism, the Leshukonsky
Municipal District (method of natural breaks in values sensu
Jenks); for asthma and status asthmaticus, the Leshukonsky
Municipal District and Urban District of Severodvinsk (geometric
interval method); for malignant neoplasms, the Leshukonsky
Municipal District (method of equal ranges).
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Geometric interval Natural breaks (sensu Jenks)

Incidence of asthma and status asthmaticus in adults (18 years of age and older)

Incidence of asthma and status asthmaticus in adults (18 years of age and older)
1230-540 1230-378
I 54.1-946 B 37.9-977
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Quantiles Equal ranges
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Leshukonsky Municipal District
Pinezhsky Municipal District

Incidence of asthma and status asthmaticus in adults (18 years of age and older)
55D
B .15--050SD
|-0.50-0.50 SD
I 0.50-1.5SD
W 15-185D

Figure 1. Clustering of data on incidence of chronic alcoholism in adults (18 years of age and older) performed by various automated techniques in
ArcGIS.
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B 0.50-1.5SD
B 15-17SD

Figure 2. Clustering of data on incidence of asthma and status asthmaticus in adults (18 years of age and older) performed by various automated
techniques in ArcGIS.
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Panezhaky Municipal District

Incidence of malignant neoplasms in adults (18 years of age and older)
B < -0.50 SD
-0.50-0.50 SD
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Figure 3. Clustering of data on incidence of malignant neoplasms in adults (18 years of age and older) performed by various automated techniques in
ArcGIS.
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Figure 4. Clustering of data on incidence of chronic alcoholism in adults (18 years of age and older) performed using the standard deviation at an arbitrary
interval step. A — Standard deviation (root-mean-square deviation) (The step is % of standard deviation value); B — Standard deviation (root-mean-square

deviation) (The step is % of standard deviation value).

Discussion

From a mathematical standpoint, the examined data clustering
tools are characterized by the following criteria:

- the ability to automatically group data, which simplifies the
process of their analysis.

- data grouping ranges cannot be arbitrarily changed by the
user, in contrast to the manual clustering method.

The method of grouping based on the root-mean-square
deviation does not allow setting the number of classes of indicator
values arbitrarily: it is limited by the degree of deviation from the
arithmetic mean.

The method of equal ranges is the simplest way to classify
data; however, it should be used with caution in the analysis of
incidence rate or medical and demographic indicators, since in this
case the researcher focuses solely on the magnitude of the value
of this attribute relative to other values [12]. For example, this
method may show that the Mezensky, Leshukonsky and Primorsky
Municipal Districts of the Arkhangelsk Oblast are included in the
group of areas with the highest incidence of malignant neoplasms,
but it would not be obvious whether the incidence rates in these
areas differ significantly from the incidence in other studied
territories of Arkhangelsk Oblast.

Classification of administrative territorial units by quantiles is
possible, but it is best suited only for linearly distributed data [12].
This method groups the same number of values into each class,
and since objects (administrative units) are grouped according to
the principle of their equal number in each class, the resulting map
may be unenlightening: areas with similar incidence rates may fall
into different classes, while areas with substantially different levels
of incidence may be in the same class.

In the case of a small number of study areas, this drawback, as
a rule, is insignificant, whereas when analyzing many territories,
the quantile method may inadequately reflect the actual patterns
of incidence. E.g., when clustering all of 69 municipalities included
in the AZRF into three classes (23 municipalities in each) based on
the level of primary incidence of chronic alcoholism, the first and
second classes of municipalities will be almost equally divided by
the incidence rate (0-45.3 and 45.7-95.9, respectively). However,

the third class of municipalities (risk areas) will already include the
incidence range of 100.0-847.1 cases per 100,000 adults).
Increasing the number of classes is possible, but manual selection
of the required number of classes will complicate the researcher’s
task and, consequently, may make the map imperceptible due to
their large number.

In the case of using the natural breaks in values method,
classes of objects are defined to group similar values and maximize
differences between classes. In other words, objects are clustered
into classes, the boundaries of which are set where there are
relatively large differences between data values [12].

Therefore, the use of spatial classification by the method of
natural breaks in the analysis of disease incidence is recommended
only with significant differences in values. For example, the use of
this method was generally valid in the analysis of the primary
incidence of chronic alcoholism in the studied territories of the
Arkhangelsk Oblast, but it was not informative enough to explain
the incidence of malignant neoplasms.

If the root-mean-square method is chosen, the class
boundaries are set to ensure equal ranges of values proportional
to the standard deviation (1, 0.5, 0.33, or 0.25 of the standard
deviation), while the arithmetic mean is used as the main
boundary of values. Two colors can be used for color coding: e.g.,
shades of red for values above average, shades of green for values
below average [12].

This method stands out among all considered tools for
automated clustering, since it automatically selects a certain
number of ranges (classes of values). Therefore, this number
cannot be set arbitrarily (unlike in case of other examined tools)
(Figures 1-3). At the same time, the settings allow defining several
options of the interval step — from one-quarter to the full value of
the standard deviation in the sample under consideration, which
directly affects the number of classes of values of the grouped
indicator. It should be noted that in the case of manual setting of
the interval step, the number of clustering ranges may exceed the
number of values of the studied indicator, and the map will display
an outdated legend, some of the values of which do not correlate
with the visualized values of the indicator (Figure 4).
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It is worth mentioning that this method may only be used
when the data distribution is normal. Furthermore, the
comparison of disease incidence rate with other intensive
indicators (mortality, birth rate) in municipalities may be
illegitimate due to the potentially different population sizes of
municipalities. For example, the arithmetic mean of the primary
incidence of malignant neoplasms in the studied territories of the
Arkhangelsk Oblast is 545.7 cases per 100,000 population.
However, its calculation in eight districts of the region by summing
up the absolute number of disease cases, dividing by the total
population of these districts and multiplying by 100,000 will yield a
slightly different result, viz., 531.0 cases per 100,000 population.
When analyzing the incidence of malignant neoplasms in children
(0-14 years), the relative difference in incidence rates is even
higher: the arithmetic mean is 11.1 cases per 100,000 child
population, while the incidence value obtained by dividing the sum
of absolute cases of the disease by the total population of eight
districts is 19.5 cases per 100,000 child population. This is
explained by the fact that the differences in the absolute numbers
of the child population between the studied districts of the
Arkhangelsk Oblast is almost 47-fold, while among children,
malignant neoplasms are not recorded in all these districts. As a
result, the use of the root-mean-square deviation method can lead
to flawed grouping of districts on the map. Thus, along with the
illegitimate use in the absence of a normal distribution, this
method of data clustering is also not recommended as a tool for
automated grouping of data on disease incidence and other
intensive indicators in case of large differences in the population
sizes of the compared territories. In such case, it would be more
correct to compare the disease incidence in the municipal district
with the incidence in the entire higher-order administrative unit
(in our study, oblast), with the subsequent arbitrary establishment
of classes (for example, less than 0.9, 0.9-1.1, and more than 1.1 of
the incidence rates in the higher-order administrative unit of the
Russian Federation).

The geometric coefficient when using the geometric interval
classifier can be represented by an inverse function to optimize
the class ranges. Geometric intervals are created by minimizing the
sum of squares of the number of elements in each class, thereby
ensuring that all classes have roughly the same number of values,
while the interval sizes are also similar. This algorithm is used to
process continuous data and combines the advantages of equal
ranges, natural breaks, and quantile methods. It allows separating
the average values from outliers, thereby yielding an outcome that
is adequate from a cartographic standpoint and visually attractive.
Besides, this clustering method is suitable for displaying a dataset
when the attributes of most territories are equal to zero [12]. An
example of the latter is the incidence of malignant neoplasms in
the child population. Hence, the geometric interval method is
most suitable as a tool for automated clustering of disease
incidence data.

Our research limitations included restricted possibilities of
using the selected research methods, limited characteristics of the
research objects, the unambiguity of the context and the subject
of the experiment under consideration, along with the ethical and
sociocultural restraints.

Conclusion

Our results suggested that when using tools for automated
clustering of spatially referenced incidence data in the context of

municipalities and their visualization in ArcGlIS, it is necessary to
consider several factors that directly affect the accuracy of their
presentation:

- Absolute and relative differences in disease incidence rates.
- Linearity of distribution of disease incidence levels.

- The nature of the distribution of disease incidence levels
(normal, other than normal).

- Absolute population numbers and the number of cases of
diseases.

- The number of zero values of disease incidence.

For an objective presentation of quantitative indicators of
incidence on a map, it is advisable to choose a clustering tool
based on the geometric interval method.
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