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Abstract

Inspired by local outbreaks of campylobacteriosis in the
Czech Republic in 2010 linked to the debate about alleged health
risks of the raw milk consumption, a detailed study was carried
out. Firstly, scanning was utilised to identify spatio-temporal clus-
ters of the disease from 2008 to 2012. Then a spatial method (geo-
graphical profiling originally developed for criminology) served
as assessment in selecting fresh-milk vending machines that could
have contributed to some of the local campylobacteriosis out-
breaks. Even though an area of increased relative risk of the dis-
ease was identified in the affected city of Ceské Bud&jovice during
January and February 2010, geoprofiling did not identify any
vending machines in the area as the potential source. However,
possible sources in some nearby cities were suggested. Overall, 14
high-rate clusters including the localisation of 9% of the vending
machines installed in the Czech Republic were found in the period
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2008-2012. Although the vending machines are subject to strict
hygiene standards and regular testing, a potential link between a
small number of them and the spatial distribution of campylobac-
teriosis has been detected in the Czech Republic. This should be
taken into account in public health research of the disease.

Introduction

Fresh-milk vending machines are increasingly popular in the
Czech Republic as they offer benefits both for consumers and
farmers. Producers have a chance to provide people with fresh
farm milk directly, while they might profit financially and even
morally. However, the situation changed due to a discussion tak-
ing place in the region of South Bohemian in early 2010. During
that time, the growing number of fresh-milk vending machines
became challenged by reports of about possible health issues
(mainly digestive problems) caused by the drinking of fresh milk
sold through these vending machines. The originally very positive
adoption of fresh-milk vending machines was negatively affected
by the announcement by the then Czech chief hygiene officer
pointing out to these health risks officially issued by the Ministry
of Health in the Czech Republic (MoH CR) (2010). Although leg-
islation and control mechanisms assure monitoring of both
providers and machines by the relevant authorities, such as the
Agrarian Chamber of the Czech Republic (2010; Hygiena, 2010),
the announcement slowed down the expansion of fresh-milk vend-
ing machines, even phased out some machines (Andrlova, 2011).

Campylobacter is responsible for infectious diseases that
affect humans and animals. Campylobacter, typically C. jejuni or
C. coli, are Gram-negative, microaerophilic, curved or spiral rods
in the family of Campylobacteriaceae that are ubiquitous and
potentially found in humans and many animal species, although
some clonal complexes are more commonly associated with cer-
tain hosts (Center for Food Security & Public Health, 2013).
Although campylobacteriosis is the most common human gas-
troenteritis in developed countries (Weisent et al., 2011), this
infection is not as well-known by the general public as many oth-
ers, e.g., salmonellosis, as noted by the Institute of Health
Information and Statistics of the Czech Republic (2013). The
agent is usually transmitted by ingestion of contaminated poultry
meat, but according to the Centers for Disease Control and
Prevention (CDC), outbreaks can also be linked to raw milk and
dairy products (Centers for Disease Control and Prevention, 2009;
LeJeune and Rajala-Schultz, 2009), contaminated water, or by
exposure to infected animals (livestock, pets) and can rarely also
be caused by interpersonal transmission (Ambrozova, 2011),
while up to 75% of chicken meat on the market can be contami-
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nated by Campylobacter spp. and chilled chickens represent a
greater risk to the consumer than frozen chickens, according to vet-
erinary data (Ambrozova, 2011). Although a large number of trans-
mission routes has been identified, the epidemiology of the disease
is still unclear, and only half of all cases has been sufficiently
described with the infectious route identified (Nylen et al., 2002;
Ekdahl et al., 2005). The source of no more than 43% of
Campylobacter infections has been identified in the Czech
Republic during the study period (Figure 1B).

Infected people suffer diarrhoea, fatigue, fever, abdominal pain
and nausea, including vomiting. The incubation period is usually
2-5 days (range 1-10 days), while symptoms last one week on aver-
age. The demographic groups most vulnerable to campylobacterio-
sis are children, teenagers and young adults up to 30 years of age
(independently of gender) (Lexova et al., 2013) (Figure 1A). The
incidence in the Czech Republic reached 230 cases per 100,000
people in 2013 comparing to the incidence of salmonellosis that has
stabilised around 100 cases per 100,000 since 2008 (Institute of
Health Information and Statistics of the Czech Republic, 2013).
Outbreaks in the Czech Republic follow a seasonal pattern peaking
during the summer months (mainly August) (Lexova et al., 2013;
Domasova, 2014). The infection distribution in an affected popula-
tion is shown in the series of graphs in Figure 1. Even though the
campylobacteriosis is considered the most common reason for gas-
troenteritis, it is also highly underreported due to both occasional
mild symptoms and insufficient diagnostics tests. The study of
Havelaar et al. (2013) estimates that this infection might be up to
11.3 times more common than reported in the Czech Republic and
up to 46.7 times more common in the European Union as a whole.

Mullner et al. (2010) applied an individual model to assess the
spatial risk of infection based on demography, patient genotype
and the potential source of the outbreak. The direct impact of the
climate on the geographical distribution of the disease has been
studied by Sari Kovats et al. (2005) and Jagai et al. (2007).
Modelling of the relative risk (RR) or incidence of campylobacte-
riosis, and identification of environmental, demographic or socioe-
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conomic associations has been the main topic of studies in Canada
(Green et al., 2006; Arsenault et al., 2012, 2013), Sweden (Nygard
et al., 2004), USA (Weisent et al., 2011, 2012), and England and
Wales (Gillespie et al., 2008). With some exceptions, local studies
rather deal with the mechanism of transmission to humans (Bardon
et al., 2009) than the spatial distribution of the infection
(Zelenakova et al., 2012; Marek et al., 2015a, 2015b).

The main motif of the study presented here was directly
inspired by the situation mentioned above. It aims to proceed a ret-
rospective spatio-temporal investigation with the focus on the dis-
tribution of campylobacteriosis regarding the location of fresh-
milk vending machines. The study aims to discover whether any of
these machines might have been the source of a local outbreak of
campylobacteriosis during the period of 2008-2012, or whether
most incidents could have been an expression of the disease’s reg-
ular, seasonal pattern. Additional attention is drawn to the situation
in Ceské Budgjovice, the regional capital of South Bohemia, that
was specifically mentioned in the original announcement referred
to above (Czech Republic Ministry of Health, 2010). Spatio-tem-
poral clustering and geographic profiling were utilised to uncover
the spatio-temporal patterns of campylobacteriosis.

Materials and Methods

Data

The essential dataset in the this study came from the
Information System of Infectious Diseases Epidemiological
Database (EPIDAT), a database covering the mandatory nation-
wide reporting, recording and analysis of infectious diseases in the
Czech Republic (http://www.szu.cz/publikace/data/infekce-v-cr),
managed by The National Institute of Public Health the Czech
Republic (NIPH CR) and the MoH CR since 1993. EPIDAT is the
basis for local, regional, national and international control of infec-
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Figure 1. Characteristics of population affected by campylobacteriosis (2008-2012). Age- and gender-specific incidence (A); relative fre-
quency of individual cases by employment (B); and relative frequency of individual cases by cause (C).
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tious diseases. The data storage ensures secure exchange of actual
datasets on the prevalence of infections among the departments of
National Health Service (NHS), MoH CR and Czech Republic
National Institute of Public Health (2016). The campylobacteriosis
dataset, provided by the NIPH CR, contains facts about 98,933
recorded cases of the disease in the Czech Republic in the period
2008-2012. All records were available anonymously, so localisa-
tion of individual events could not be done better than the street
level in towns and cities. The dataset also contains 78 characteris-
tics of recorded cases such as date of record, gender, age, a poten-
tial source of infection, and occupation. However, these data vary
in completeness, quality and consistency throughout the database
so all records needed to be checked, cleaned, and repaired before
analysis. It was possible to geocode the checked data assigning
geographical coordinates to all records based on available (partial)
address information. However, geocoding 98,500 records with
incomplete addresses is taxing as the tools are generally limited,
e.g., the Google Geocode tool API allows only 2,500 queries per
day) and OpenStreetMap Nominatim is not recommended for
geocoding of high volumes of data even if it can approximate
addresses. The geocoding was therefore conducted using the R
script querying Mapy API (https://api.mapy.cz/), a programme
application interface from the Czech company Seznam
(https://www.seznam.cz/).

The State Veterinary Administration of the Czech Republic
(SVA CR) keeps the records about the location of all active fresh-
milk vending machines. Any user can download the data from the
organisation’s Portal of Registered Subjects under the category of
raw milk vendors (http://eagri.cz/public/app/svs pub/subjekty/
mleko.php). However, the portal stores only information on oper-
ating vending machines, so historical data cannot be obtained auto-
matically. For that reason, we used alternative sources, such as the
(now inactive) platform Countryside Forum (Venkovské Forum)
and producers of vendor machines (e.g. the Toko chain), which
also store these data. By the combination of these sources, a dataset
consisting of 267 fresh-milk vending machines active between
2008 and 2012 was assembled.

The final dataset needed was the National Census 2011 data
covering the demographic structure of administrative units, which
was essential for the analyses of spatio-temporal clustering.

Space-time clusters

The time dimension is still mostly treated as one of many data
characteristics during geospatial data analyses rather than empha-
sising its genuine inseparable part allowing the more complex
overview of a situation under analysis. Main reasons for that might
be limited support in common geographical information systems
(GIS) software platforms coupled with higher requirements for
data handling, analysis and visualisation. Due to these reasons,
spatiotemporal analyses are mostly conducted in separate space
and time dimensions or (better) in time slices. However, methods
utilising joint spatio-temporal approach exist. One of them is spa-
tio-temporal (permutation) scan statistics by Martin Kulldorff and
implemented in SaTScan software (Kulldorff and Information
Management Services Inc, 2009). The Kulldorft spatio-temporal
scan statistic uses the concept of moving cylindrical windows with
a circular or elliptical base where the height corresponds to time.
The window changes its parameters (according to settings) while
moving in space and time. This means that it permutes all possible
space-time combinations theoretically creating an infinite number
of overlapping cylinders, each of them representing a possible
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cluster (Kulldorff ez al., 2005). A likelihood ratio test, which is
based on the number of recorded cases and the expected number of
cases in and outside the cylinder is computed for every combina-
tion, and potential clusters are identified accompanied by their sig-
nificance (P value). The analysis distinguishes between high-value
clusters (characterized by higher RR and more strongly affected
areas) and low-values clusters (characterized by lower RR and
healthier areas). Simultaneously, it also evaluates whether the sta-
tistically significant clusters represent a primary (the most likely)
cluster or several secondary clusters. A benefit of spatio-temporal
scan statistics, as defined by Kulldorff, is that the approach is both
deterministic (identification of cluster location) and inferential
(hypothesis testing and evaluation of cluster significance) (Osei,
2014). The formalised description of the process can be found in
various follow-up manuscripts (Kulldorff and Nagarwalla, 1995;
Kulldorff, 1997, 1999; Kulldorff et al., 2005).

Spatio-temporal scan statistic using SaTScan 9.3 allows the
identification of cluster patterns of administrative units, healthy or
affected by campylobacteriosis and differentiates the results from
random processes in the study area. The input data used consisted
of gender- and age-stratified disease events aggregated spatially
with regard to municipalities (city districts in the case of bigger
towns and cities) at weekly intervals. The complementary data
included the demographic structure of administrative units (gender
and age), and their locations in the form of centroid coordinates.
The spatio-temporal scanning was then based on such a stratified
data and Poisson distribution of events. The analysis was set to
find clusters based on a maximal size of 3% of the population in
the circular window (Weisent et al., 2011; Marek et al., 2015b) and
with a maximal temporal cluster size set at 50% (100% in case of
purely spatial clusters). Nonparametric temporal trend adjustment
randomization (with time stratified) was applied to ensure the
comparability of rates within various periods (Kulldorff, 1999).
The significance of identified clusters was assessed at P values
lower than 0.05 and performed by 999 Markov chain Monte Carlo
(MCMC) realisations. Then, indirectly standardised rates
expressed as RR were computed for each identified geographic
cluster according to Green et al. (2006) so that only significant
clusters remained in the output files. Final visualisation was creat-
ed using ArcGIS 10.3 (ESRI, Redlands, CA, USA).

Geographic profiling

Geoprofiling is a method originally developed for the statisti-
cal evaluation in criminology, where it has been successfully
utilised for identification of the most likely home addresses of
crime offenders based on serial delinquencies (Stevenson et al.,
2012). Recently, the method has also been applied to tasks dis-
parate from its original purpose, such as in field of species mod-
elling (Martin et al., 2009; Raine et al., 2009) or spatial epidemi-
ology (Buscema et al., 2009; Le Comber et al., 2011), where single
or multiple sources (nests, feeding places, outbreaks, efc.) may be
identified. The technique uncovers common hidden geographical
patterns of events and/or similar behaviour. These can be regular
movements in a familiar area, similar feeding patterns or a com-
mon source in disease outbreaks. In addition, a sufficient amount
of events allows the construction of the most likely estimate
(Snook et al., 2005). Geoprofiling seeks original locations of
events overcoming the methodological limitation of spatially
aggregated data by revealing continuous patterns and processes
that might be masked, e.g. when using administrative units as map
inputs (Le Comber et al., 2011). The performance of a geoprofile
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is determined by a measure called the hit score percentage (HS%).
This is defined as the ratio of the size of an area to be searched fol-
lowing geoprofile prioritisation compared to the total area in ques-
tion before a specific address is found (Rossmo, 2014). A HS% of
50% (0.5) represents either random or regular search patterns,
while a HS% of 2% (0.02) is used in most of studies to distinguish
the most likely geoprofile (Rossmo, 1999).

The research presented here utilised a modification of geopro-
filing based on the usage of the Dirichlet process mixture (DPM)
model, which benefits from Bayesian modelling of clusters using
the MCMC application (Verity et al., 2014). Since DPM does not
require an estimation of a number of clusters beforehand (i.e. the
number of sources), it is suitable for applications where the num-
ber of clusters is unknown or impossible to assume. The mathe-
matical apparatus and analytical solution of DPM have been
described by Verity et al. (2014).

Geoprofiling was applied to the geocoded records of campy-
lobacteriosis cases together with the locations of fresh-milk vend-
ing machines in the Czech Republic in the 2008-2012 period. The
number of disease events was reduced to cases that appeared in the
area up to 15 km to the nearest vending machine, which not only
considers local people but also those commuting to work or to
school (Horék and Ivan, 2010). By setting this distance threshold,
the data were reduced to 50,000 records subdivided into 18
regions. This approach reduced the computationally demanding
MCMC implementation of geoprofiling and facilitated catching
the local character of analysis and also

The geoprofile was created using Rgeoprofile (Stevenson and
Verity, 2014; R Core Team, 2016). The generation of geoprofiles
using Rgeoprofile is straightforward; firstly data are loaded, then
parameters for graphics, model and simulation are set, and then
simulation commences. The most important parameter is the

Sigma defining the distance-decay function, and that was set to
0.1° (approximately 1 km in the study area). Thinning is of impor-
tance in MCMC sampling parameters setup as it defines the reduc-
tion of the data. Its level is estimated through the autocorrelation
plot as depicted in Figure 2 for South Bohemia. Then the geopro-
file with HS%s was constructed and visualised. The number of dis-
ease events in study area subdivisions, the number of vending
machines in the subdivision, the time of analysis, and the level of
thinning together with a number of potential outbreak sources are
mentioned in Table 1. The visualisation of the final geoprofile was
created using ArcGIS 10.3.

y
l

T

Figure 2. Autocorrelation plot of simulations (A) and number of
realised sources (B) in South Bohemia.

Table 1. Study area subdivisions, geoprofile settings and potential sources identified.

iosis (n

Brno 6,116 100 23 4 36.00
Hana (Hanakia) 3,180 100 13 3 11.13
South Bohemia 3,046 1,000 26 6 9.63
South Moravia 1,494 100 11 5 2.85
Opava 1,599 100 6 2 3.03
Ostrava 4,657 1,500 8 0 13.30
Plze (Pilsen) 3,082 500 24 8 7.90
Prague 4,828 600 13 1 26.94
North Bohemia 694 100 9 3 0.44
North Moravia 1,214 100 14 5 1.36
East Bohemia 3,985 100 21 1 19.15
Silesia 3,052 1,200 16 1 6.07
Slovacko* 3472 100 28 4 13.12
Central Bohemia-east 1,276 100 3 0 1.56
Central Bohemia-west 2,010 2,000 7 0 3.53
Valagsko (Wallachia) 3,028 100 14 1 13.57
Vysocina Region 711 100 6 0 0.52
West Moravia 2,088 50 19 7 5.10
Sum 50,032 267 51 175.19
*Moravian Slovakia.
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Results

Spatio-temporal clustering

The scanning performed allowed the identification of 30 statis-
tically significant clusters (P<0.001) during the study period with
the locations depicted in Figure 3. Fourteen clusters were high-
value clusters consisting of areas more prone to occurrence of
campylobacteriosis indicated by a strongly increased RR (>1.50).
Details are given in Table 2. The primary (and most likely) cluster
(RR=2.16) was located in the north-east of the Czech Republic in
the city of Ostrava and surroundings and consisted of 31 munici-
palities and city districts with a population of almost 293,000 (indi-
cated as 1 in Figure 3 and Table 2). Although the other clusters
were denoted as secondary, they were still considered statistically
significant as well as locally important. High-rate clusters no. 2
and 3 were closely connected to the primary cluster and together
with cluster no. 4, they were also the most homogenous. On the
contrary, the most heterogeneous ones were mainly the large-scale
clusters no. 5, 9, 10 and 13. Only six clusters had average RRs
equal to or less than 2.00.

Most of the high-rate clusters (9 out of 14) were located in
Moravia and Silesia (in the eastern part of the Czech Republic),

SPATIOTEMPORAL CLUSTERS OF CAMPYLOBACTERIOSIS
CZECH REPUBLIC
2008-2012

2

S

while five of them were found in Bohemia (in the western and cen-
tral parts). Most of these clusters were also present throughout the
study period, only five of them (no. 5, 10, 11, 13, 14) appeared
only at specific times. Clusters no. 5, 13 and 14 occurred in the
warm part of the year, while cluster no. 10 (in south Wallachia)
covered more than 1.5-years. The cluster with the overall highest
RR (5.41, no. 11) appeared in the city of Ceské Bud&jovice and its
neighbourhood. It consisted of up to 60 municipalities affecting
almost 158,000 people but it was also the high-rate cluster of the
shortest duration, i.e. six weeks in the winter of 2010. This result
was noted as an exceptional situation and later commented on by
the relevant authorities. Up to 25% (2.6 million) of the Czech pop-
ulation lived in areas classified as high-rates clusters during the
2008-2012 period.

Sixteen low-rate clusters (RR<0.80) were identified during the
study period, all of them in Bohemia. The first group appeared in
mountainous/highland municipalities with a relatively low popula-
tion densities (no. 15, 17, 20, 21, 22, 25, and 26). The second group
appeared in rather densely populated areas on the outskirts of mid-
sized municipalities. Only two of the low-rate clusters (no. 26 and
29) were temporally specific, lasting for five and 19 months,
respectively. Up to 37% (3.9 million) of the Czech population lived
in areas classified as low rates clusters during the study period.

- High rates cluster

Quitliers in high rates clusters

- Low rates cluster

Qutlier in low rates clusters

Zero case area within cluster

| Spatiotemporal cluster

o01emE4E Town (population > 20,000)
Regions
. State boundary

Figure 3. Location of spatiotemporal clusters identified in the Czech Republic in the period 2008-2012 using SaTScan. Red=affected
areas represented by high-value spatiotemporal clusters (RR>1.50); green=healthier areas represented by low-value spatiotemporal clus-
ters (RR=<0.80). The clusters were heterogeneous with lighter shades indicating less strongly affected areas and grey municipalities with-

out disease occurrence.
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Table 2. Spatiotemporal clusters of high values identified in the Czech Republic in the period 2008-2012.

Time Region in the Municipalities in Observed cases in  Expected casesin RR Population
(from-to) Czech Republik cluster (n) the cluster (n) the cluster (n)
1 2008/01/01-2012/12/31 Ostrava 31 5975 2861 2.16 292,978
2 2008/01/01-2012/12/31 North Wallachia - Lachia 70 5414 2788 2.00 211,236
3 2008/01/01-2012/12/31 Silesia 16 4773 2534 1.93 256,657
4 2008/01/01-2012/12/31 Prague - centre 1 1006 245 413 29,948
5 2008/05/13-2010/11/01 South Moravia 167 2274 1432 1.60 292,885
6 2008/01/01-2012/12/31 Drazic 1 1 2 419 214
7 2008/01/01-2012/12/31 Brno - centre 19 3951 2590 1.55 271,742
8 2008/01/01-2012/12/31 Opava 37 1714 877 1.97 87,203
9 2008/01/01-2012/12/31 Hand 66 3828 2526 1.54 256,721
10 2009/04/14-2011/09/05 South Wallachia 90 1596 932 1.72 196,522
11 2010/01/12-2010/02/22 Ceské Budgjovice 60 194 36 541 157,425
12 2008/01/01-2012/12/31 Benesov 15 640 313 2.05 31,115
13 2010/04/06-2010/10/04 Brno - surroundings 224 568 286 1.99 284,346
14 2011/05/03-2011/11/14 Pilsen 22 394 201 1.96 197,263
RR, relative risk. P value of all clusters is <0.001.
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Figure 4. Geographical profile constructed for South Bohemia (created by the adapted functionality of the Rgeoprofile package).
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Geographical profiling

The geoprofiling approach was utilised to find out which fresh-
milk vending machines could have been sources of campylobacte-
riosis outbreaks. All subdivisions of the study area were evaluated
by individual geoprofiles presenting HS% surfaces that were com-
bined with the locations of vending machines in the sub-area.
Initially, the analyses identified 51 machines (19.1%) as potential
sources of campylobacteriosis in the 2008-2012 period. The geo-
profile constructed for South Bohemia (Figure 4) identified six
fresh-milk vending machines that could have caused some of the
local outbreaks. However, none of them was located in the city of
Ceské Budgjovice, the place where the risk argumentation had
begun. Although two potential sources were found in the two near-
by towns LiSov (12 km/15 min) and Ttebon (26 km/30 min), the
vending machines there were installed at later dates: beginning of
February 2010 in Tfebon and in August 2010 in LiSov. However,
after additional control, it was found that the DPM had overrated
the HS%s with regard to those sources having only small numbers
of cases in their vicinity. Based on this finding, the potential of
individual vending machines to be outbreak sources was cate-
gorised as (1) an unconfirmed source; (2) a potential source with
less than 30 cases within 2 km radius; and (3) a potential source of
30 cases or more within 2 km radius. By this procedure, only 24
fresh milk vending machines (9%) were considered to be the more
likely potential source of an outbreak in the area.

Presence of fresh
milk vending machine

"215!

o2omaLe  Toun (population > 20,000)
Regions
. State boundary

2

% o

All geoprofiles were combined into a surface covering the
whole of the Czech Republic, visualizing the combined HS% sur-
faces and location of the vending machines (Figure 5). The map
also differentiates between areas within 15 km distance from a
vending machine (depicted in saturated colours) with further areas
masked. Since the final surface was created from combined geo-
profiles, one can notice the different size of thinning set up recog-
nisable by the size of the lowest HS% hotspots.

Based on the geoprofiling analysis, the Czech Republic can be
split into four zones concerning the outcome of the evaluation of
the individual vending machines (for the location of zones see the
small map at top left corner of Figure 5). The first zone covers the
southern part of Bohemia where the highest ratio of machines as a
potential source of a local outbreak with less than 30 cases were
identified. It also had the lowest density of vending machines (2.2
per 1,000 km?). Northern Bohemia (Zone 2) contained the least
percentage (and also number) of potential vending machine
sources of the local outbreak. Zone 3 covers the western part of
Moravia and Silesia and had the highest percentage of potential
vending machine sources (20.6%) of local outbreaks with more
than 30 cases in their proximity. Zone 4 is located in eastern
Moravia and Silesia and was conspicuous with the highest number
of unconfirmed sources, the highest density of vending machines
(7.1 per 1,000 km?) and still the second lowest number of identi-
fied sources with more than 30 cases.

POTENTIAL SOURCES OF CAMPYLOBACTERIOSIS OUTBREAKS
IN THE CZECH REPUBLIC, 2008-2012

Hit score percentage
100 %

Fresh milk vending machines
U Source unconfirmed

'y @  Potential source ( < 30 cases)
B Potential source { =30 cases)

Figure 5. Combined geoprofile for the evaluation of fresh-milk vending machines as potential sources of campylobacteriosis outbreaks
in the Czech Republic, 2008-2012. High likelihood of finding an outbreak source are shown in strong colour; light yellow and orange
shades indicate unlikely areas; vending machines unconfirmed as an outbreak source are shown as white squares; possible sources with
less than 30 cases in the vicinity are shown in a light shades of red, while the most likely sources are shown in red.
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Discussion

Statements about the lack of relevant health datasets common-
ly leave out the whole truth. Rather than exclusively focusing on
whether or not they exist, the question should also include the
availability of the data and the conditions that rule access to them.
Even though the geocoding process resulted in satisfactory precise
locations for most cases of campylobacteriosis in our case, one
must be aware of positioning uncertainty and inaccuracies that are
primarily caused by the anonymity of the original data.
Furthermore, the location of each case is mostly given by the
(anonymized) residential address of the patient rather than the
place of infection. However, localised data could be utilised in spa-
tial, temporal or spatio-temporal statistical analyses with a suitable
accuracy, either as spatial points or in the form of aggregated
counts within administrative units. The selection of suitable units
for aggregation is crucial due to the ecological fallacy (Jeffery et
al., 2014) or modifiable areal unit problem (MAUP) (Openshaw,
1984). Results originating from a certain level of spatial aggrega-
tion should not be generalised at different scales, or even at the
individual level and the issue is then to find a reasonable compro-
mise among the maximal benefit of local analysis and data confi-
dentiality.

The successful analysis is dependent on the inclusion of suit-
able parameter settings in the spatio-temporal scan statistic. Apart
from the results presented above, combinations of other settings,
including spatial, temporal, and analytical parameters, were tested,
e.g., the ratio of the affected population (3%, 5%, 10% and 50%),
the maximal period of clusters existence (30 or 105 days or 50% of
the study period) and temporal trend analysis. However, the results
did not change considerably under any such parameter changes,
except that less larger and more populated clusters were identified
as the result of aggregation, meaning the same population in the
risk nonetheless hiding the local variations. The primary cluster
was always found in the same location and with similar character-
istics. The final settings of parameters were selected experimental-
ly with regard to findings of previous, related studies (McLaughlin
and Boscoe, 2007; Chen et al., 2008; Yiannakoulias, 2009; Weisent
etal., 2011).

Although geoprofiling is not a genuine method for the study of
spatial clustering, it can be used to examine the spatial pattern of
events. Originally used in criminology, it has also found use in spa-
tial epidemiology, ecology and biology. Geoprofiling assumes that
the dynamics of analysed phenomena show similar patterns of spa-
tial behaviour that can therefore easily be mapped. Based on the
geoprofile, it is possible to estimate the source of the outbreak
from a set of candidate places that can be evaluated by the likeli-
hood surface created by the DPM model from event points entered.
Hence, the method takes into account only the location of individ-
ual events and no other attributes or even time. Possible variances

in estimates noted could have been caused by changes in the set-
tings in the R simulation or by the definition of distances and set-
tings of thinning, mostly based on subjective evaluation of auto-
correlation plot coming from MCMC simulations. Description of
the spatial pattern of populations, events or behaviour could also
be inadequate. In this connection, it is sufficient to remember that
the spatial accuracy of geodata created by geocoding from data do
not reach further down than the street level. Another limitation of
geoprofiling as used in the analysis presented here is that the
method is exclusively spatial, which produces results for the entire
study period rather than any specific time. One way to prevent this
would be to utilise time slices of geodata.

Geoprofiling initially identified 19% of vending machines as
potential sources of local campylobacteriosis outbreaks. However,
after further exploration, it was noted that the method favoured and
overrated the situation concerning some of the vending machines,
i.e. those with very low numbers of cases in their vicinity. Further
adjustment by the number of events in the nearest neighbourhood
of identified sources allowed correcting this number to 9%. It
should also be mentioned that geoprofiling does not serve to con-
firm outbreak sources but tries to select them based on spatial pat-
terns similar to the phenomenon explored. The fact that certain
vending machines were selected as potential sources of outbreaks
does not necessarily mean that this indeed was the real source since
the origin was unknown in almost 43% of recorded cases in the
Czech Republic during the study period. Therefore, the presented
geoprofile for the area of the Czech Republic describes a probable
rather than exact scenario of the situation in 2008-2012.

Previous studies (Marek et al., 2015a, 2015b) show increased
prevalence rates of campylobacteriosis in the eastern part of
Moravia, the same area that also has the highest number (and den-
sity) of vending machines. However, there was also a second low-
est percentage area, and a number of vending machines detected as
a potential source (Table 3). Thus, the direct connection between
local outbreaks and fresh-milk vending machines seems rather
weak. The machines are also a subject of strict hygienic standards
and regular testing of the milk. Although the results of tests would
help to verify the results of our analyses, they are not publicly
available.

The limitation of this study is the focus on spatial and spatio-
temporal patterns of campylobacter human infections in the Czech
Republic, which overshadows other possible geographical or
socio-economic determinants. Examples include ruminant and
poultry density (Bessell et al., 2010), demographic structure
(Ethelberg et al., 2005; Gabriel et al., 2010), food outlets location
and food consumption characteristics (Rind and Pearce, 2010) and
the climate (Kovats ef al., 2004). A direct comparison with similar
studies in the Czech Republic is also omitted since these were
mostly focused on the actiology of Campylobacter spp. infections
in the context of biomedical, and veterinary science (Videnska et

Table 3. Distribution of fresh-milk vending machines in the Czech Republic along with the estimated risk of infection source.

1=Southern Bohemia 49 35 8 6
2=Northern Bohemia 71 64 5 2
3=Western Moravia and Silesia 63 42 8 13
4=FEastern Moravia and Silesia 84 75 6 3
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al., 2014) or microbiology (Steinhauserova et al., 2002). However,
Marek (2015) analysed associations among the RR of the disease
and a number of possible determinants, from which population
density, temperature and the impact of agricultural/meat-process-
ing businesses in individual municipalities were identified as the
most influential ones, so their inclusion could potentially have
improved the presented analyses. The uniqueness of the study
resides in the combination of geoprofiling, a fine-scale (street)
level of approach and the spatial extent covering the area of the
Czech Republic as a whole.

Conclusions

The complex aetiology of campylobacteriosis is still not fully
discovered, while it has been recorded that even some dairy prod-
ucts, although testing negatively for Campylobacter spp., can be a
source of infection by the disease (Center for Disease Control and
Prevention, 2009).

Spatial and spatio-temporal techniques have recently become
common and have found usage in the health-related research.
Spatio-temporal scanning is one of these widely used tools that
allow us to explore spatio-temporal patterns of epidemiological
events and phenomena. The combination of these approaches with
geoprofiling has made it possible to progress further in search for
unknown sources of infection.

Despite fresh-milk vending machines being subject to strict
hygiene standards and regular monitoring, a potential link and the
spatial distribution of campylobacteriosis has been detected in the
Czech Republic. This study was inspired by this situation in the
South Bohemia region around the city of Ceské Bud&ovice. No
vending machines were detected by geoprofiling as potential out-
break source in the city itself, although a significant spatio-tempo-
ral cluster of high rates was found affecting a large number of peo-
ple at the beginning of 2010. Two potential sources were identified
in some nearby municipalities but vending machines there were
installed after the start of the outbreak.
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