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CHAPTER 1

Motivation

This thesis was written in a data-rich era. The amount of data in the world is increasing
exponentially. Due to great advances in technology, data are collected and stored
everywhere; ranging from data on internet use to visits to a general practitioner. This
increasing amount and complexity of data has impact on all fields of science, including
the infectious disease epidemiology domain. Due to automated surveillance programs it
has become easier to collect large amounts of data on a patient’s whereabouts, general
characteristics, disease status and risk behaviour. Advances in sequencing technology
have resulted in an enormous increase in resolution of data on genetic information of the
pathogen the patient is infected with. Advances in data management and data storage
capacity allow connecting all this information at an individual patient level. Taken together,
these developments have led to an increase in resolution of infectious disease data. Not
only do we know more (more variables and more observations for each variable), but
also at a more detailed level (for example, the sequence of the pathogen instead of the
genotype). All these developments give rise to new opportunities for disease control, but
with that also create new questions. Such as, how to detect and investigate outbreaks if not
only information on the time or place of the patients is known, but also information on the
genetic structure of pathogens? How to combine all these data types? Do they contribute
to statistical evidence with equal weights or is there a leading data type? Also, concerning
data resolution, at which scales should we look for patterns in for example surveillance
data? Is this always at the highest resolution level, or are we then loosing ourselves in
details while overlooking the bigger picture?

Research ininfectious disease epidemiology is mainly focused on confirmatory data analysis
(CDA) and on method development for this type of analysis. However, the above-mentioned
questions are not easily answered with such a traditional approach, since they are not
concerning hypothesis testing. They concern issues regarding structure and patterns
of data, issues that are typically addressed in exploratory data analysis (EDA). However,
as most research has been focused on CDA, method development naturally focused on
this field as well, leaving a gap for EDA method development in the domain of infectious
disease epidemiology. Currently, EDA steps in infectious disease epidemiology are often
overlooked. For example, when geographical information of a patient is available it is often
displayed on a map, and, little attention is paid to the choices how to display this information
on a map, while these choices determine the ability to discover a pattern in the data and
are therefore of uttermost importance. Presently, there are hardly any epidemiological
methods available providing an evidence base for making such choices.

That is not to say that there has been no method development for EDA at all. With the
advances in data development, a new research field has emerged: data science. Although
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no formal definition exists of data science, generally, it involves principles, processes, and
techniques for understanding phenomena via the extraction of knowledge from data [1].
Data science requires skills of various domains including computer science, statistics,
mathematics, machine learning, domain expertise, data visualization, and communication
and presentation skills [2]. EDA has a central place in data science, as to extract knowledge
from data in data science, data has to be studied intensively, until its contents, structure,
patterns and pitfalls are fully understood. The latter is typically achieved through EDA.

In this thesis, we focus on method development for EDA in infectious disease epidemiology,
specifically infectious disease surveillance. We explicitly address issues concerning recent
data developments in this domain related to increasing resolution in routinely collected
infectious disease data for surveillance purposes. We will do so by using techniques and
concepts from the data science field. This thesis is therefore targeted at infectious disease
epidemiologists, who would like to broaden their view beyond traditional CDA approaches.
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Organisation of this introductory chapter

In this introductory chapter we start with an extensive description of the origin and structure
of routinely collected surveillance data on infectious diseases in the Netherlands. We follow
by an introducing overview of EDA, its contrast with CDA, how EDA is currently applied in
infectious disease epidemiology and the questions that arise from this application. Next, a
brief overview of the data science process is given, highlighting central ideas that might be
of use for solving previously mentioned questions. This then results in a description of the
aim and objectives of this thesis.
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Routinely collected data on infectious diseases in the
Netherlands

Data collection

Data on infectious diseases are gathered for three main public health purposes:
surveillance, outbreak investigation and scientific research. In this thesis, we consider
only routinely collected data for surveillance and outbreak investigation purposes. Public
health surveillance is defined by the World Health Organization (WHO) as “an ongoing,
systematic collection, analysis and interpretation of health-related data essential to the
planning, implementation, and evaluation of public health practice” [3]. In the Netherlands,
infectious disease surveillance data is collected in various settings and through various
systems [4]. To describe them all would be beyond the scope of this thesis. However, since
most of the studies in this thesis use data from the national notifiable disease surveillance
system, we provide a detailed description of this system. For certain infectious diseases,
it is mandatory for physicians or laboratories to notify laboratory confirmed cases to the
municipal health services (MHS), who then report to the national institute for public health
and the environment (RIVM). A schematic overview of the information flow of the notification
process is depicted in Figure 1.1.
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Figure 1.1. Information flow of notification process of notifiable infectious diseases in the Netherlands

A sick person visits a general practitioner or hospital, where the physician suspects a
certain notifiable disease. The physician sends a sample (for example blood or urine) for
confirming his or her initial suspicion to the regional laboratory. The laboratory reports
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back to the physician and the MHS with or without confirmation of the diagnosis. When
confirmed, general data (name, address, sex etc.) on the patient is send to the municipal
health service (MHS). For notifiable diseases, this is mandatory in the Netherlands. The
MHS asks permission from the physician to contact the patient for further information. The
patient is then asked questions by the MHS on possible sources for exposure, risk groups,
profession or any other relevant information. All this data gathered by the MHS is then
anonymized and send to the national institute for public health (RIVM). The RIVM monitors
the notifications to identify outbreaks and trends. For certain diseases it is also possible to
get further information on the pathogen: national reference laboratories are informed by
the RIVM on the notification and subsequently request the sample for further typing from
the regional laboratory. More detailed information on the pathogen, such as a DNA/RNA
sequence, is then reported back to the RIVM. In an outbreak situation, the information flow
is roughly similar and often involves a more extensive inquiry of the patient by the MHS.

Data types
Generally, this routinely collected data on infectious diseases can be described by four data
types: time, place, person and pathogen (Figure 1.2).

1. The person data type describes data characteristics of the person infected by the
disease, such as its age and sex, but also risk factors of contracting this disease,
like a person’s profession or sexual orientation.

2. The time data type is describing when certain events happened, such as a date of
onset of symptoms or a date of diagnosis. It can also contain information on when
an infected person has met a certain contact during a contact tracing investigation.

3. The place data type is concerned with the geographical location of events related
to the infected person. One can think of a persons living address, the geographical
location of exposure to a source, etcetera.

4. The pathogen data type describes (genetic) characteristics of the pathogen a
person is infected with. For instance, a sequenced sample of the DNA of the virus
or bacterium the person is infected with.

So far, we have seen four data types for every patient. However, if groups of cases are
considered, for example in an outbreak setting, there is also the data type of connection
between the cases, describing how cases are linked. The characteristics of a link itself can
be described by time, place, and person characteristics. For example, an epidemiological
link between two cases often consists of a certain time, place and risk setting where they
have met and possibly have transmitted the disease.

Data resolution

As shown in Figure 1.2 these types are all connected, describing a dynamic process. Over
the past decades, each data type has increased in size and complexity. Data on all types
has become available on more and higher resolution scales. Not only a patient’s zip code of
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his or her living address is known, but as mobile phone with GPS functions are widely used
nowadays, data on various geographic locations and trajectories of a patient may be more
easily and precisely gathered. In addition, advances in technology have made it possible
to extract and sequence DNA or RNA of viruses and bacteria on a higher resolution scale,
resulting in a tremendous increase in the available data on the pathogen-type data type.
As for the person data type, a higher resolution can be gained by gathering more detailed
information on the person’s characteristics, and for time, by moving from year of symptom
onset to day or hour of symptom onset.

XY-coordinates
Postal code

Province

Place

Living place
Working place
Exposure place

RNA/DNA sequence
Subtype

Time Pathogen

Time symptom onset
Time diagnosis
Time reported

Type

Level of data
resolution

Fig. 1.2. Data types in infectious disease surveillance

Combining data

Another matter of complexity is that data on the different types of a certain infectious disease
are usually not stored in the same database or system. For example, detailed sequence
information as provided by the national reference laboratories is stored separately from
the notifiable disease database. To study an infectious disease comprehensively requires
considerable data management and processing efforts.
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Exploratory data analysis

History

Exploratory data analysis (EDA) was first described by John Tukey in 1977 [5]. He describes
EDA as numerical and graphical detective work, for which tools and understanding are
needed. He compared EDA to the search of the evidence by a detective and confirmatory
data analysis to the evaluation of the evidence’s strength by a judge or jury: “Unless the
detective finds the clues, judge or jury has nothing to consider. Likewise, unless EDA
uncovers indications, usually quantitative ones, there is likely to be nothing for confirmatory
data analysis to consider.” As such, he stated that “Exploratory data analysis can never be the
whole story, but nothing else can serve as the foundation stone — as the first step”. In his book
he describes tools and techniques for the detective to explore numbers, among which are
the still popular stem-and-leaf plot and the box-and-whisker plot. Although he was the first to
give this type of analysis a name, he was not the first to actually perform EDA. If we look back
in the history of epidemiology, we can see several earlier examples of EDA. In 1854 the British
nurse Florence Nightingale was send to Russia to aid in the nursing of the soldiers during the
Crimean war. Thereupon arrival, she discovered that it was not due to war injuries that most
soldiers died, but due to lack of hygiene. The concept of hygiene was not yet fully understood
in that time, so in order to convince the British government, she invented and produced a
polar diagram to present the relevant statistics (Figure 1.3) [6]. In this figure it can clearly be
seen that only a small fraction of all deaths (red area) was related to war injuries, and that the
great majority of deaths (blue area) was related to preventable infectious diseases.

i DIAGRAM or rae CAUSES or MORTALITY .
APRIL 1855 ro MARCH 1856. IN THE ARMY IN THE EAST. APRIL 1854 70 MARCH 1855,
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Uhe cenire as the common vertea:

The blue wedges measured from the: cenire of the eircle rqpresent areas
Tor area. the deaths from-Fr 7 Metigable Zymotie dis the
red wedges measured from thecentre the deaths from wounds, & the
black wedges measured lrom the cenire the deaths from all other causes.

The black line across the ved, triangle in Nov! 1854 marks the bondary
o the. deaths Trom all other causes during the monthy.
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The entire areas may bo compared. by follning the-Bue. the red. & the VN
Hack lnes enclosing them .

Figure 1.3. Polar diagram of Florence Nightingale (adapted from [6])
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Another example of early EDA in epidemiology is the well known story of John Snow and the
cholera epidemic in London in 1854 [7]. By plotting the cholera cases on a map of London
(Figure 1.4), he discovered that most cases (black dots) were concentrated around a public
water pump at Broad street, which contributed to the discovery that cholera was transmitted
by infected water. Like the polar diagram of Florence Nightingale, the map of John Snow is
also a good example of EDA: both have acted as evidence in unsolved mysteries at that time.

Since the emergence of Tukey’s book, EDA has slowly developed to a field on its own,
and profited from collaborations with other fields such as computer science. One of the
more recent major contributions is Wilkinsons’ ‘Grammar of Graphics’ [8], which provides
theory for statistical graphics, showing the conversion from data in their original state to
their graphical representation. Many modern software programs for visualizing data, such
as the ggplot package by the R statistical software [9], are based on this framework.

Figure 1.4. John Snow’s map of London with cholera cases during the epidemic in 1854 (adapted from [7])

What is EDA?

Although John Tukey has written an entire book about the concepts of EDA, he provides
no formal definition. This was also noted by Jebb et al [10], who in their research paper
put together several perspectives and came to the following: “EDA is best described as
an overarching analytic attitude characterized as detective work designed to reveal the
structure or patterns in the data” (Haig 2005, Tukey 1980). The goal of EDA is to understand
the structure of the data and discover their patterns [11]. There are several general analytical
goals related to this overall goal:

*  checking whether statistical assumptions are met;
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* identifying outliers in the data;

« formulating new research hypotheses;
. uncover empirical relationships;

»  formulating models for the data.

The techniques for applying EDA can look highly different depending on the research
field it is applied to. However, one important technique in applying EDA is similar across
fields and that is the visualization of data. The human vision system is extremely good
in detecting patterns [12], which makes data visualization a highly suitable and therefore
central technique in EDA.

EDA and CDA

To get a better grip on the characteristics of EDA it might best be contrasted with the more
familiar confirmatory data analysis (CDA). In Table 11 the most important differences are
outlined [13]. An important difference with respect to this thesis is the type of data they use.
EDA is applied to observational data, which is collected without a well-defined hypothesis.
The surveillance data in the Netherlands we mentioned in a previous paragraph are such
a data collection. For CDA data has to be collected through formally designed experiments
or carefully designed observational studies, and is therefore more applicable to research
settings. EDA and CDA are complementary and follow each other. Often EDA is applied to
an observational data set and a hypothesis is generated. With this hypothesis in mind, an
experiment is designed and new data is collected to test this hypothesis through CDA.

Table 11. Differences between EDA and CDA (adapted from [13))

Exploratory data analysis (EDA) Confirmatory data analysis (CDA)
Reasoning type Inductive Deductive
Goal Pattern recognition and hypothesis generation  Estimation, modeling, hypothesis testing
Applied data Observational data (data collected without well- Experimental data (data collected through

defined hypothesis) formally designed experiments)
Techniques Descriptive statistics, data visualization, cluster  Traditional statistical techniques of inference,
analysis significance and confidence
Advantages - No assumptions required « Precise
- Promotes deeper understanding of the data « Well-established theory and methods
Disadvantages . No conclusive answers » Required unrealistic assumptions

- Difficult to avoid bias produced by overfitting .« Difficult to notice unexpected results

EDA and infectious disease epidemiology

The techniques and methods used for EDA are highly dependent on the field it is applied
to. In this section an overview is given of how EDA is currently applied in infectious disease
epidemiology. We already saw that EDA is about revealing the structure of patterns in the
data. In addition, we also already know infectious disease data can be structured along
four data types, time, place, person and pathogen, and these data types therefore also
determine how EDA is applied in this field.




GENERAL INTRODUCTION

Time

In infectious disease epidemiology, there are numerous ways of revealing patterns in time
data. In an outbreak, one of the most fundamental graphs in infectious disease epidemiology
is the epidemic curve (or epicurve) [14]. It is a graph showing the distribution of symptom
onset dates of cases in an outbreak. On the x-axis time is typically displayed as date of
symptom onset of the cases and on the y-axis the number of cases is usually depicted.
It is basically a histogram of cases with a time dimension on the x-axis. In EDA we are
looking for patterns in the data, and the pattern or shape of the epidemic curve will tell us
much about the nature of the outbreak and its mode of transmission. Generally two modes
of transmission can be discerned: transmission from a source in the environment, which
can be either one-time only, intermittent or continuous, and person-to-person transmission.
When the outbreak is concerning a one-time only point source, the epidemic curve is
characterized by a very sharp peak in cases, which gradually declines (Figure 1.5a). When
an intermittent environmental source is spreading the disease, the epidemic curve has a
more flat pattern with a more continuous number of cases (Figure 1.5b). If it reflects person-
to-person transmission the epidemic curve it characterized by waves of cases which are
typically a generation period apart (the time period between symptom onset of a secondary
case and symptom onset of its primary case) (Figure 1.5¢). One important aspect considering
epidemic curves is the binwidth, or resolution scale, that is chosen on the x-axis: this can
be hours, days, weeks or even years. It is important to choose the binwidth as such that it
will show you the patterns in the data. Although there is no official rule for determining the
binwidth, it has been found that the ideal reporting interval is the mean generation time [15],
the time between symptom onset of two successive cases. The ratio of cases in successive
intervals then yields the effective reproduction number, a key variable that characterizes
transmissibility with time [16]. It is defined as the average number of secondary cases per
primary case. If it is above 1, the outbreak is increasing in size, and below 1 the outbreak is
decreasing in size.

a) b) 0)
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Figure 1.5. Typical epidemic curves of a point-source outbreak (a), continuous-source outbreak (b) and
a person-to-person outbreak (c). (Adapted from Giesecke, 2016 [14])

Infectious disease cases are not only depicted over time during an outbreak, but also in a
surveillance setting. The goal is then to monitor any aberrations (or unusual patterns) in the
data. The current number of cases is then often depicted against a historical average of the
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past X years. The amount of algorithms to detect aberrations in time is numerous [17-21].
Other analysis of time patterns (or time series analysis) in infectious disease epidemiology
can consist of decomposing time series into trend, seasonal and remainder components,
to look for unusual patterns in these subseries. Again, there are many time series analysis
techniques, to discuss them all would go beyond the scope of this thesis.

Place

One could consider a table of postal codes, but as demonstrated by John Snow’s map with
cholera cases, a map is a much more powerful tool to study the distribution of phenomena
in geographical space. The study of displaying phenomena on a map is called cartography
and is a field of science on its own. One of the major contributors to cartography is Jacques
Bertin (1918 — 2010), who with his book ‘Semiologie Graphique’ [22] provided the theoretical
foundation for what is later called information visualization. It would go beyond the scope of
this thesis to discuss the foundations of cartography in detail. Instead, we will discuss the most
relevant and used techniques in infectious disease epidemiology. There are three types of
maps that are often used, all with different purposes. A useful overview of functions of maps and
other spatial methods in different stages of an outbreak investigation is given by Smith et al [23].

a) b)

Figure 1.6. Examples of common map types: a) dot map, b) proportional symbol map, ¢) choropleth map
(adapted from [24])

The first map type to be discussed is the dot map (or point map, location map) (Figure 1.6a).
John Snow’s map (Figure 1.4) is a typical example of such a map. In this map type each
phenomenon, in the field of infectious disease epidemiology often a case with a certain
infectious disease, is displayed as a single dot at an exact location on the map, often a
home address. To establish the existence of an outbreak the case distribution can be
visualized using a dot map. A dot map at various stages during the outbreak can also be
used to describe the progression of an outbreak. The place and time data dimensions are
then combined. Dot maps can also have a function in surveillance activities, mainly to signal
potential outbreaks. When the disease under surveillance is quite rare, dot maps can be
used to monitor any unusual occurrence or geographic clustering of disease cases.

20
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The other two map types show quantities for a certain area (or polygon) on a map. Examples
of such areas are municipalities, postal codes, provinces or municipal health regions. These
quantities can either be absolute or relative. When absolute quantities are displayed a
proportional symbol map is used (Figure 1.6b). On such a map, a symbol (often a circle)
proportional to the quantity it is referring to is displayed in the center of the related area.
Such a map could for example display the number of infectious disease cases per municipal
health region. When referring to relative quantities, we use a choropleth map (or rate map,
thematic map) (Figure 1.6c). These are probably the most used maps in infectious disease
epidemiology. It is showing a relative quantity (for example the number of infectious disease
cases per 100,000 population) of a certain area. This is typically done by shading the areas
on the map along a color scale conform its relative quantity. Choropleth maps can be used
to visualize the distribution of cases in relation to known or potential risk factors to aid
in source finding. Or for surveillance purposes, when the disease under surveillance is
very common, disease occurrence is affected by population density and choropleth maps
indicating the number of cases by population density of a certain area are then most

informative in signaling any unusual events.

It is not straightforward to objectively display phenomena on maps, especially when
it concerns choropleth maps. The (arbitrary) choices of the boundaries of the areas, the
resolution (the size of the areas), the classes for the color scale and the colors themselves
can heavily influence the appearance of the map and therefore the message the map is
giving. It is therefore quite easy to manipulate the reader with this map type.

In addition to visualizing cases on a map, there are quite a number of possibilities for
spatial analysis of data, which can be used in infectious disease epidemiology. Geographic
information systems (GIS) have increased the availability and range of tools that can be
used to analyse outbreaks and surveillance data. A GIS is a database designed to handle
geographically-referenced information complemented by software tools for the input,
management, analysis and display of data [25]. Smith et al [23] give an overview of spatial
analysis possibilities in their review on spatial analysis methods in outbreak settings. One
such analysis is the analysis of the distance of cases to possible sources of infection to locate
the common source of infection. An example of such an application in the Netherlands is the
Q fever outbreak in 2009 [26], where analysing the distance of cases to possible sources
identified goat farms as the common source. Another type of spatial analysis important
for finding patterns in infectious disease data is cluster identification. There are numerous
clustering algorithms for detecting clusters in space or in space-time [27-31], of which the
Kulldorff’'s spatial/ spatiotemporal scan statistic [29] is most used in outbreak studies [23].
This statistic scans for deviations from a random (Poisson) spatial distribution of cases.

21
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Person

EDA in the persons dimension is mainly used to gain insight into the characteristics of the
infected persons. Its main purpose is to get an understanding of ‘who is infected’, whether
or not in contrast to ‘who is not infected’ or relative to the average characteristics in the
population. Here again visual graphs can be of great help, such as a histogram showing the
age or sex distribution of cases. Likewise, the distributions of certain risk factors, such as
the professions or sexual orientations of the infected persons can be visualized by various
graphs, such as histograms, bar plots and others. This data type is also quite easily combined
with the former two, to answer questions as ‘Has the age distribution of infected persons
changed over time?’ or ‘Is there a different risk profile of infected persons in different areas
of the Netherlands?’ To examine such questions, graphs can be combined with time series
or maps; it will depend on the question what is the best way to do this.

Pathogen

This data type describes the (genetic) characteristics and molecular sequence of the
particular pathogens the persons are infected with. At a population level, studying the
structure of the genetic characteristics of these pathogens will provide us with information
on how the disease has spread through the population, and might give us information on
who has infected whom. Of all data dimensions, this dimension has known the greatest
advances over the past decades, due to the advances in sequencing technology, immensely
increasing resolution on this data type. This information contains at a lower resolution level
merely the name or subtype of the bacterium or virus the patient is infected, but can range
to complete patterns (sequence) of the genome, the carrier of genetic information, of that
bacterium or virus at the highest resolution level. In most organisms, the genome consists of
deoxyribonucleic acid (DNA), while for some viruses this is ribonucleic acid (RNA).

Starting at the lowest resolution level when only the name of the (sub)type of the pathogen
is known, EDA in this data domain is much like EDA in the person domain, and can consist
of describing the distribution of the pathogen (sub)types using a bar plot or some other
graph. This information will tell us which (sub)types are circulating in the population. When
combining this information with information from the time or place dimensions, it will
provide us with information on how the circulating (sub)types change over time or if they
are geographically clustered [32-34].

22



GENERAL INTRODUCTION

—— C Species of
P’?vcx—{-c‘(e.s-\

Branch po'\h‘\' /
Bronches

ANCESTORS ———— > PRESENT-DAY
SPEC\ES

Figure 1.7. Example of phylogenetic tree

At a higher resolution level, a part of the genome of the pathogen is known by using
sequencing technology. At the highest resolution level, the complete genome of the pathogen
is obtained through sequencing technology, also called whole genome sequencing (WGS). In
both situations, the data we are working with is DNA or RNA sequences, the genetic code of
the pathogen. This consists of a chain of smaller molecules called nucleotides. DNA consists
of adenine (A), guanine (G), cytosine (C) and thymine (T) nucleotides, RNA consists of A, G, C
and uracil (U) nucleotides. A nucleotide sequence is thus represented by a contiguous stretch
of the four letters A, G, C and T/U. DNA or RNA sequences of pathogens cannot be compared
anymore by simply listing them, as they are sometimes thousands of nucleotides long. It
requires visualization techniques to discover patterns or anomalies in such large datasets.
This is typically done through phylogenetic analysis [35]. Phylogenetic analysis establishes
the relationships between genes or gene fragments, by inferring the common history of the
genes or gene fragments. This relationship is schematically represented by a tree, illustrating
the evolutionary history (phylogenies) of a gene or pathogen (Figure 1.7). The relationship is
often quantified in terms of similarity between sequences of the pathogens. In general, the
more similar the sequences, the more closely related the pathogens are, and the closer they
are in the phylogenetic tree. There are many methods of inferring a phylogenetic tree from
sequence data. We can discriminate methods that use the discrete nucleotide characters
in a sequence (typically tree evaluation methods such as Maximum Parsimony, Maximum
Likelihood or Bayesian methods), and methods that use a distance matrix of the pairwise
dissimilarities between sequences (typically clustering methods such as UPGMA, Neighbour-
joining). More details of these methods can be found in Lemey et al [35]. To consider these
methods in detail will be beyond the scope of this introduction.

When we study the phylogenetic tree of a group of patients, we can learn how the disease
has spread through the population, as patients who are closer together in the phylogenetic
tree are also likely to be closer together in the transmission chain (clusters). In a closed
setting, when we are confident we have all infected patients, we might even infer who has
infected whom. In addition, we might learn from studying the phylogenetic tree if there is a
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situation with ongoing endemic transmission of the pathogen (when most sequences are
roughly similar) or whether there have been introductions of the pathogen from for example
abroad (when there is much variation in circulating sequence types). An example of the
latter is the introduction of meningococcal W disease in the Netherlands, most probably
originating from the United Kingdom [36].

Phylogeny can be combined with the other data dimensions. When we now the mutation rate
of the pathogen, we can infer calendar time from the evolution time, which is often depicted
on the x-axis of a phylogenetic tree (Figure 1.7). This type of analysis is called phylodynamics.
Also the place dimension can be combined with phylogeny, and has its own research field
called phylogeography. This can be used to study how the evolution of pathogens relates to
certain areas in the world. A good example is how the different seasonal influenza viruses
have spread over the world [37] or how Zika virus has spread in the Americas [38]. Finally,
phylogeny can be combined with the person dimension, for example, to study the genetic
clustering of risk groups, such as has been done for hepatitis B by Hahné et al [39].

Increasing resolution and EDA in infectious disease epidemiology

As we have seen in the sections above, within each data dimension data resolution has
increased over the years. However, there is not much attention paid to the fact that data is
available at multiple resolution levels. There is scarcely any research on at what resolution
level to present an epidemic curve as to best depicting the underlying data pattern. How
to choose the bin width on the x-axis? And, is a histogram the best way of presenting this
data? Similarly for geographical data. Surveillance data are often depicted on an incidence
map, aggregating data at a regional level. But how to choose this region? Is there another
way that is more objective and does more justice to the data and its pattern itself? Likewise
for pathogen data types. When this data is available on a sequence level, it is almost
automatically analyzed at the highest resolution scale. The risk here is to get lost in details
whilst overlooking the bigger picture. We might miss trends in genotype occurrence, when
focusing on sequences? Should we do both? Also, when combining data dimensions, how
do we handle multiple resolution levels? At what level of resolution do we link data types?
With this last question we touch on another issue. Not only has resolution increased within
a data types, but also across data types. We do not only have data available on time and
place, but also at a very detailed level at the pathogen dimension. With the increasing
availability of multiple data dimensions, we can now combine them and study patterns in
the combined data. But how to do this? We would have to compare distances in days (time),
with kilometres (place) and mutations (pathogen). And if we succeed in this, would all data
types then contribute to statistical evidence with equal weight? And if not, how do we weigh
them? Wouldn't there be another solution?

In this thesis, we seek to answer these type of questions using a data science approach.
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Data science

Data science involves principles, processes, and techniques for understanding phenomena
via the extraction of knowledge from data [1]. Generally, a data science process involves
the following steps. Raw data is collected for from the ‘real world” and is then processed so
that it is available in a database, file or other accessible format. Before anything then can
be done with the data, they have to be cleaned. Cleaning steps typically consist of handling
missing values, dealing with outliers and removing duplicates.

So far, the steps are very similar to the start of the data analysis in a traditional research
process. However, the next steps are defined by the nature of the data science problem.
The first step in solving the data science problem would be to perform exploratory data
analysis to get a grip on the structure and patterns of the data. Besides traditional techniques
for EDA as discussed in earlier paragraphs, a few special techniques are often applied in
the data science process. First, as data science often deals with large highly dimensional
datasets, dimension reduction techniques, such as principal component analysis (PCA) or
multidimensional scaling (MDS) are often used to reduce the dataset to a more manageable
form. Another frequently used EDA technique in data science is cluster analysis, such
as K-means, to find patterns in the (reduced) datasets. An advantage of such clustering
approaches is that they are independent on the unit of analysis.

After applying EDA it can be decided that more data needs to be collected, that more
cleaning steps are required, that further analysis is required by performing machine
learning, or that EDA has provided enough insight into the problem and that the results can
be communicated through visualizations, reports or other data products. In Figure 1.8 shows
an example of a data science pipeline as proposed by O’Neil and Schutt [2].

Exploratory
Data
= [ Analysis
Raw Data is | Datais Gieain
Collected " Processed Data
Vot | Machine
o ™ Learning
™ Algorithms
- Statisical
\\‘ 4 v l_ Models
“~J Build Data (°mm.uni‘cate
Product Visualizations > Make
Report Decisions
Findings

Fig 1.8. The data science process (adapted from O’Neil and Schutt, 2013[2]).
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As described, the final stage of the data science process is concerned with how to
communicate your findings to the intended audience. In the infectious disease domain,
the audience will most likely be either the general public or public health professionals.
Both type of audiences are most likely not familiar with analysis methods, so it will not do
to just present the outcomes of the methods described in the previous paragraph. We
have to package the results, and present them in a meaningful and understandable way.
One such means is through visualization of the results. Data visualization is important in
several earlier stages of the data science process: as part of exploratory data analysis
and as part of evaluation of model performance. We now add another stage to this list:
as part of communicating results. There is however a fundamental difference in the goal
of visualization between the earlier stages, which is exploratory from nature, and in this
stage, which is explanatory from nature. When the goal is to explain, there are several best
practices to make effective visualizations. This is a popular field and many books have been
written on this theme [40-46]. It will be beyond the scope of this thesis to discuss it further
here.

What can we learn from a data science approach?

Several central data science concepts might be of use to solve questions pertaining to the
increasing data resolution for infectious disease epidemiology. First, we can observe that
many central techniques to data science are based on scale independent methods, for
example PCA and K-means clustering. By using such scale independent methods, multiple
data dimensions can be combined, and the intrinsic data structure is revealed. Such an
approach might as well work for combining our data dimensions, and even for finding our
optimal data resolution. There is however one drawback of such methods, and that is that
the interpretation of the results is often hard to grasp.

That brings us to a second concept central to data science which is the use of visualization
techniques. The use of data visualization is already important in EDA, but inevitable when it
comes to visualizing results of a data science process. The use of visualization techniques
in combination with scale independent methods might help us further on our quest.

One final concept central to data science is evaluation. At each step, outcomes and
performances need to be evaluated in order to determine the following step in the process.
Evaluation therefore makes sure that the data science process is iterative and non-linear by
design. We have seen that depicting infectious disease data dimensions at one resolution
scale might not suffice. Using a more flexible and non-linear approach might help us
revealing the intrinsic patterns.
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Aim and objectives of this thesis

In this thesis, we develop methods for EDA in infectious disease surveillance. Modern
data development has posed interesting questions concerning patterns and structure
of data, which so far have not gained the necessary attention. We develop methods to
address issues with increasing resolution within and across data dimensions in infectious
disease epidemiology. We use central concepts to the data science domain, such as scale
independent methods, data visualization and process thinking, to bring EDA in infectious
disease epidemiology to the next level.

The objective of Chapter 2 of this thesis is to use multiple data sources to unravel the
mystery of rising hepatitis B incidence in certain parts of the Netherlands. This chapter is
very much about collecting evidence to generate hypotheses, a core element of exploratory
data analysis. In addition, we get ourselves acquainted with the all four data dimensions
important in infectious disease epidemiology.

Chapter 3 and 4 of this thesis focus on a single data dimension, the place and time
dimensions respectively, and address the increasing resolution within a data dimension.
In Chapter 3 we address the issue of objectively presenting infectious disease incidence
data on a map. Earlier in this introductory chapter, we already saw that quite some arbitrary
choices regarding scale, classification and colour use heavily influence the appearance of
your map. In Chapter 3, the objective is to develop a method for more objective and scale
independent display of infectious disease data on a map, applied to incidence data of Q
fever in the Netherlands and pertussis in Germany. Similarly, in Chapter 4, the objective is to
develop a scale independent method for displaying infectious data in the time dimension.
We show that by applying this method on a very large database of infectious disease
notifications through ordering and clustering diseases, patterns in infectious disease
dynamics are revealed and might lead to new hypotheses.

In Chapter 5, we use historical information on incubation periods to classify using a Bayesian
model whether a person exposed to a case is still at risk of developing symptoms. This is
important in the context of contact tracing of serious infectious diseases. We developed
a data visualization based on this risk classification to aid public health professionals in
decision making regarding follow-up of potential cases. Data dimensions addressed in this
chapter are time and person.

In Chapter 6, we propose visualization tools to assess model performance of an earlier
developed clustering algorithm using time, place and pathogen data dimensions. The
model is an example of how to deal with increasing resolution across data dimensions.
However, as it concerns an unsupervised clustering algorithm, no real truth exists to which
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we can relate model performance. We developed an interactive tool in which clustering
parameters can be varied in order to help public health professionals with the interpretation
and to pick the optimal model with most plausible infectious disease clusters.

In the final chapter of this thesis (Chapter 7, general discussion), we reflect on whether
a data science approach was useful in developing EDA methods for modern infectious
disease surveillance.
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CHAPTER 2

Abstract

Reported acute hepatitis B incidence in the Netherlands reached its nadir in 2013. However,
regional signals about increased number of hepatitis B cases raised the question how
hepatitis B incidence was distributed over the country. In this study, regional differences
in hepatitis B epidemiology were investigated using epidemiological and molecular data.

Acute hepatitis B virus (HBV) infections, reported between 2009-2013, were included. If
serum was available, a fragment of S and C gene of the HBV was amplified and sequenced.
Regional differences in incidence were studied by geographical mapping of cases and
cluster analysis. Regional differences in transmission were studied by constructing regional
maximum parsimony trees based on the C gene to assess genetic clustering of cases.

Between 2009 and 2013, 881 cases were notified, of which respectively 431 and 400 cases
had serum available for S and C gene sequencing. Geographical mapping of notified cases
revealed that incidences in rural border areas of the Netherlands were highest. Cluster
analysis identified two significant clusters (p< 0.000) in the South-western and North-
eastern regions. Genetic cluster analysis showed that rural border areas had relatively
large clusters of cases with indistinguishable sequences, while other regions showed more
single introductions.

This study showed that regional differences in HBV epidemiology were present in
the Netherlands. Rural border regions showed higher incidences and more ongoing
transmission, mainly among MSM, than the more urban inland areas. Therefore, preventive
measures should be enhanced in these regions.
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Introduction

Hepatitis B virus (HBV) infection can cause a broad spectrum of disease outcomes from
asymptomatic infection to severe complications. People with chronic HBV infection are
at increased risk of developing hepatic decompensation, cirrhosis and hepatocellular
carcinoma. Since the introduction of hepatitis B vaccination in the 1980s, the incidence of
hepatitis B infection dropped tremendously worldwide [1,2]. However, in specific high-risk
groups, the HBV prevalence and incidence can still be substantial [2].

In the Netherlands, reported acute hepatitis B incidence decreased since 2004 and reached
its nadir in 2013 with 0.8 per 100,000 population [3]. This incidence was comparable with
the overall acute hepatitis B incidence reported in the European Union/European Economic
Area and with the incidence reported in the neighbouring country Germany in 2011 [4]. The
most common route of transmission to acquire hepatitis B virus infection in the Netherlands
is through sexual contact, mainly by men who have sex with men (MSM)[5], whereas in
Europe in general the most common route of transmission is through heterosexual sexual
contact [4].

In 2002, the Netherlands adopted a selective vaccination programme targeted at
behavioural high-risk groups. The programme currently offers free vaccination to MSM
and commercial sex workers (CSW). Vaccination takes place at Public Health Service (PHS)
centres, sexually transmitted infections (STI) clinics and outreach locations. This selective
vaccination programme has been proven effective, especially in reducing hepatitis
B infections among MSM [5-7]. Since 2011, hepatitis B vaccination is part of the national
immunisation programme, which means that all infants are offered vaccination against
hepatitis B.

Although the national incidence of reported acute HBV infection in the Netherlands is
decreasing, in the last years some regional PHS centres observed significant increases
in the incidence, suggesting hepatitis B incidence was not distributed evenly throughout
the country. This could have implications for the targeting of preventive and control
measures. We therefore investigated regional differences in hepatitis B epidemiology by
studying notifications, molecular data of their hepatitis B viruses and data of the vaccination
programmes for behavioural high risk groups, in order to inform hepatitis B prevention.
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Methods

Data collection

In the Netherlands, physicians and laboratories are obliged to notify acute hepatitis B
infections. The case definition for reporting is a positive laboratory result forimmunoglobulin
M antibody to the hepatitis B core antigen (IgM anti-HBc) and/or hepatitis B surface antigen
(HBsAg; the latter only after exclusion of hepatitis A and C viruses) in a person with an acute
onset of symptoms compatible with acute hepatitis and with jaundice and/or increased
serum aminotransferase. To study regional differences in the incidence of acute hepatitis
B we used data from the National Register for Notifiable Diseases (‘Osiris’). We used all
cases diagnosed and registered between 2009 and 2013. The (molecular) epidemiology of
cases from 2004-2010, was shown reported previously [5]. Of these cases, epidemiological
information was collected, among which age, sex, postal code, date of diagnosis and
(probable) mode of transmission. Data were extracted from the web-based notification
register in March 2014. All information was available on an individual level.

To study regional differences in transmission, we used molecular typing data collected by
the National Institute for Public Health and the Environment (RIVM). Since 2004, medical
microbiology laboratories are asked to submit serum samples of patients diagnosed with
acute hepatitis B to the laboratory of the RIVM. We used all available sequences of acute
hepatitis B infections reported in 2009-2013 to conduct a genetic cluster analysis as
described below. All sequences used in our analysis are deposited in GenBank (accession
numbers: C-gene, KP243201 - KP243600; S-gene, KP243601 - KP244031).

To examine regional differences in preventive activities regarding hepatitis B infection, we
included data of the national vaccination programme for behavioural high-risk groups in this
study. The number of vaccinations and percentage of vaccinations performed by outreach
activities, recorded between 2009-2013, were used. We also calculated the rate of first
vaccinations per 100,000 men or women (depending on the risk group) for each region
over 5 years. Data on population size by region from Statistic Netherlands [8] were used
to calculate this rate. Data of the vaccination programme were available on regional level.
Statistical differences in categorical variables across regions, spatio-temporal clusters or
transmission routes were calculated using the Chi-squared test, and statistical differences
in medians across regions or transmission routes were calculated using the Kruskal-Wallis
test. All statistical analyses were performed using the SAS 9.3 statistical program.

Ethical approval was sought but deemed not necessary by the ethics committee of the
Amsterdam Medical Centre. The reason for this was that residual sera collected for HBV
diagnostic purposes were in this project used anonymously for HBV testing only. Informed
consent by participants was therefore not part of the study procedures.
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Geographic cluster analysis

To study regional differences in epidemiology of acute hepatitis B, we stratified statistical
analyses by region (Figure 2.1). Furthermore, all cases were mapped using the geographic
information system ArcGIS software, version 10.1. The postal code was used to identify the
geographic location of cases, but data were aggregated and analysed on municipality level
for privacy reasons. Incidences per municipality were calculated per 100,000 population.
To identify geographic clusters of cases in the period 2009-2013, cluster analysis on
municipality level was performed using the SaTScan software version 9.0 [9]. We used
a discrete Poisson model, which assumes that the number of cases in each location is
Poisson-distributed, and analysed the data with the space-time scan statistic to identify
clusters in space and time. The space-time scan statistic uses cylindrical search windows in
a space-time cube in order to seek significant spatio-temporal clusters. We set SaTScan to
scan only for areas with high rates, that is for clusters.

Figure 2.1. Regions for sexual health care in the Netherlands. Purple areas indicate the more rural
regions, green areas indicate the more urban regions.

Genotyping and phylogenetic analysis

The RIVM amplified and sequenced fragments of the S- and C-gene (656-nucleotide (nt) and
655-nt respectively) as described in previous studies[5,10,11]. The S-gene was used for typing
[12], while the C-gene was used to study transmission chains; an earlier study [11] showed
that the S-gene, a more conserved region, is more useful for distinguishing genotypes than
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the C-gene. The latter, however, is preferable for identifying recent transmission chains, due
to the relatively high mutation rate in this region. C-gene sequences were aligned using
the software Bionumerics version 7.1 and were used to construct phylogenetic trees with the
maximum parsimony method, to assess genetic clustering of cases. A cluster was defined
as three or more cases with indistinguishable sequences. Patients with indistinguishable
sequences were displayed in the same node in the maximum parsimony tree (the size
of the node is relative to the number of indistinguishable sequences). The trees were
categorized according to different geographic regions shown in Figure 2.1 and probable
mode of transmission.
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Results

Study population

Between 2009 and 2013, 881 cases were notified with acute hepatitis B in the Netherlands.
The basic characteristics of the study population by region are shown in Table 2.1. The
five-year incidence varied between 0.73 and 1.57 infections per 100,000 population across
the regions, and was in all regions higher in men than in women. Across the regions, the
percentage of men varied between 65.5% and 83.7%, the percentage of patients born in
the Netherlands ranged from 65.1% to 92.3% and the median age varied between 32 years
and 47 years. Considering the most probable mode of transmission, the country can be
divided in regions where most patients got infected through heterosexual contact (Noord-
Holland, Utrecht and Zuid-Holland Noord; in general the more urban areas) and regions
where most patients got infected through male homosexual contact or were men with an
unknown mode of transmission (Brabant/Zeeland, Zuid-Holland Zuid, Limburg, Noord and
Oost; mainly the more rural areas of the Netherlands).

Spatio-temporal clusters

In Figure 2.2, the geographical distribution of the HBV incidence over time is shown. The
highest incidences in the separate years and overall were seen in the north-eastern and
southern regions of the country, while most large cities are in the central and western
regions of the country. The space-time scan statistic identified two significant clusters. The
first cluster was present between February 2009 and December 2010, and was located in
the south-western region of the country (n= 96, p= 0.001). The second cluster was present
between November 2010 and April 2013, and was located in the north-eastern region of
the country (n= 39, p= 0.000). When comparing the patients inside and outside the spatio-
temporal clusters (Table 2.2), it can be observed that the patients in the south-western
spatio-temporal cluster did not differ from the patients outside the clusters with respect to
sex, median age, ethnicity and transmission route (p> 0.05). However, the patients within
the north-eastern spatio-temporal cluster were generally more often male (p= 0.021) and
were more likely to be MSM or men with an unknown mode of transmission (p= 0.003) than
patients outside the spatio-temporal clusters.
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2009-2013
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Figure 2.2. Incidence of acute HBV in the Netherlands, by year and overall incidence 2009-2013. The
dark grey circles indicate regions with significant geographic clusters.
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Table 2.2. Characteristics of patients within the spatio-temporal clusters compared to patients outside
the spatio-temporal clusters

Southwestern Northeastern
Not in spatio- spatio- spatio-
temporal temporal temporal
cluster (ref) cluster cluster
n=746 n=96 n=39
n (%) n (%) p-value* n (%) p-value*
Sex Men 570 (76.4) 79(82.3) 0.1967 36(92.3) 0.021
Women 176 (23.6) 17 (17.7) 3(7.7)
Age Median (IQR) 42 (30-53) 43(29.5-53.5) 0.9371 46 (42-54) 0.0571
Ethnicity Dutch 594 (79.6) 75(78.1)  0.4033 37(94.9) 0.0533
Non-Dutch 126 (16.9) 15(15.6) 1(2.6)
Unknown 26 (0.1) 6(6.3) 1(2.6)
Transmission route Heterosexual men 155 (20.8) 24 (25.0) 0.0957 2(5.1) 0.0025
MSM 198 (26.5) 28(29.2) 13(33.3)
Women - sex.
contact 127 (17.0) 16 (16.7) 3(7.7)
Other 57 (7.6) 12(12.5) 2(5.1)
Unknown - men 177 (23.7) 16 (16.7) 19 (48.7)
Unknown - women 32(4.3) 0 (0.0) 0(0.0)
Number sequenced C-gene 343 (46.0) 28(29.2) 0.0018 27 (69.2) 0.0046
Median cluster size (IQR) C-gene 7 (1-54) 3.5(1-51)  0.9012 51 (51-70) <0.0001
Genetic cluster > 3 C-gene 193 (56.3) 16 (57.1)  0.9285 23(85.2) 0.0033

*Compared to patients not in a spatio-temporal cluster.

Genetic clusters

Of the 881 notified cases, 492 samples (56%) arrived at the RIVM for molecular typing.
Reasons why samples did not arrive at the RIVM were refused cooperation by the
patient (n= 101), insufficient or no material available in the local laboratory (n= 102),
refused cooperation of the local laboratory (n= 50) and unknown (n= 136). In the end,
431 sequences (87.6%) of the S-gene and 400 sequences (81.3%) of the C-gene were
successfully typed. The percentage samples sent in for sequencing differed by region
(ranging from 33.8% in Zuid-Holland Zuid to 78.8% in Limburg, p< 0.0001, Table 2.)
and between the reported mode of transmission (ranging from 40.6% women with an
unknown mode of transmission to 58.2% in MSM, p= 0.015). However, the transmission
mode distribution of the received samples did not differ by region (p= 0.903), suggesting
that the difference in received samples between the regions was not due to selection in
a certain risk group, but was mainly due to external factors, such as mentioned above.
Of all successfully typed S-gene sequences (n= 431), 71.5% was genotype A, 2.6% was
genotype B, 6.3% was genotype C, 13.5% was genotype D, 4.4% was genotype E and 1.9%
was genotype F (Table 2.1). Across all regions, genotype A was the most frequently reported
genotype, followed by genotype D. The maximum parsimony trees based on C-gene of all
HBV cases in the Netherlands, reported between 2009 and 2013, are shown in Figure 2.3.In
Figure 2.3A, the cases are coloured by region of reporting and cases with indistinguishable
sequences are clustered together in nodes. The percentage of patients presentin a cluster
of 3 or more individuals varied greatly between the regions, ranging from 31.3% to 78.2%
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(p< 0.00071). Similarly, the median cluster size varied as well between the regions, ranging
from 1to 54 (p< 0.0001).

In Figure 2.3B the same maximum parsimony tree is shown as in Figure 2.3A, but now
the tree is coloured by most probable mode of transmission. In this figure, it can be seen
that cases in a cluster were more likely to be MSM and men with an unknown mode of
transmission (higher percentage of samples present in a cluster of 3 or more samples and
higher median cluster sizes).
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% samples in Median cluster % samples in Median cluster
Region N cluster 23 size (n) Transmission route N cluster23 size (n)
Noord 87 782 54 MSM 128 76.6 51
Oost 70 64.3 14 Heterosexual men 73 438 2
Brabant/Zeeland 72 70.8 51 Men - unknown 97 68.0 51
Limburg 38 474 2 - Women — sex. contact 57 298 2
Utrecht 18 38.9 2 Women - unknown 13 30.8 1
Zuid-Holland Zuid 40 475 2 - Other 30 50.0 25
Zuid-Holland Noord 25 36.0 1
Noord-Holland 48 313 1

Figure 2.3. Maximum parsimony trees of HBV cases (2009-2013) in the Netherlands based on
C-gene sequences (N=400), by region (Figure 2.3A) and most probable mode of transmission (Figure
2.3B). (2.3A: purple= rural areas, green= urban areas, Genotypes: gA= genotype A, gB= genotype B,
gC= genotype C, gD= genotype D, gE= genotype E, gF= genotype F, gG= enotype G, patients with
indistinguishable sequences are displayed together in one node and the size of the node is relative to
the number of indistinguishable sequences)
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Genetic clustering within the spatio-temporal clusters

To assess if patients within a spatio-temporal cluster also showed higher genetic clustering
rates, we compared the percentage of patients in a genetic cluster of 3 or more samples
and the median cluster size of patients within a spatio-temporal cluster to patients outside
a spatio-temporal cluster (Table 2.2). Compared to the patients outside a spatio-temporal
cluster, patients within the south-western spatio-temporal cluster had significantly less
samples available for sequencing (p= 0.002), but the percentage of patients in a cluster
or the median cluster size did not significantly differ from those outside a spatio-temporal
cluster. Patients within the north-eastern spatio-temporal cluster had significantly more
samples available for sequencing compared to the patients outside the spatio-temporal
cluster (p= 0.005). In addition, the percentage of patients in a cluster of three or more was
significantly higher (p= 0.003) and the median cluster size was larger (p< 0.0001) within this
spatio-temporal cluster than outside the spatio-temporal cluster.

Preventive activities

The number and location of first vaccinations (2009-2013) of the selective HBV vaccination
programme for behavioural risk-groups are displayed in Table 2.3. Of all first vaccinations
given within the HBV vaccination programme, most vaccinations were received by MSM,
compared to CSW, varying from 54.3 to 80.7% of the total number of vaccinations across the
regions. We calculated the number of first vaccinations received by MSM per 100,000 men
for each region, which varied greatly across the regions: from 112 to 425 vaccinations per
100,000 men over 5 years. It is worth noticing that the region with the lowest vaccination
rate among MSM reported the highest incidence among men (Table 2.1). We calculated the
same rate for the first vaccinations received by CSW, which also varied across the regions
but less than was seen among MSM: 45 to 147 vaccinations per 100,000 women. Most
first vaccinations of MSM were given at the public health services or STI clinics (ranging
from 67.3 to 89.0% across the regions). More variation between the regions was seen in
the location of first vaccination for CSW; in this group the percentage vaccinations given at
outreach locations varied between 30.0 and 77.0% across the regions.
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Discussion

We used epidemiological data from notified acute hepatitis B cases between 2009 and
2013 together with molecular data and data on preventive activities, to study the regional
differences in incidence, transmission and preventive activities in the Netherlands. We
found that in the rural border areas the incidence of acute HBV infection was higher, most
patients got infected through male homosexual contact or were men with an unknown
transmission mode, and that patients were genetically more clustered, suggesting more
ongoing transmission in these areas. In the more inland and more densely populated areas
of the Netherlands, heterosexual transmission was the most common transmission mode
and HBV sequences of patients were genetically less clustered, suggesting more single
introductions in these areas. In addition, two statistically significant spatio-temporal clusters
were identified (one in the southwest and one in the northeast of the Netherlands), but only
the patients in the north-eastern spatio-temporal cluster statistically differed from the other
patients in the country with regard to age, sex, ethnicity and genetic clustering. Finally,
considering preventive activities, we found that the lowest rate of number of vaccinations
among MSM per 100,000 men was seen in the northern region, which also showed the
highest incidence among men.

The higher incidences in the rural border areas, specifically in the northeast, suggest that
transmission of acute hepatitis B is not yet controlled in these areas. We found that it is
mainly a problem among MSM: more ongoing transmission and relatively low vaccination
rates. There might be several reasons for the higher incidences and lower vaccination
rates among MSM in these areas. First, it could be possible that it is harder for the public
health services to reach MSM in these areas for vaccination, since it could be the case that
in these areas more men did not disclose their homosexuality. We observed that in the
more rural areas of the Netherlands the percentage of men with an ‘unknown’ transmission
route is relatively higher compared to the urban areas. This could be an indication of
lower disclosure rates in these areas. If men do not openly come out for their homosexual
contacts, they might also not identify themselves as being gay. This could lead to a low
perceived risk of acquiring acute hepatitis B infection, which was shown to be the most
important reason for opting out of the vaccination programme in the Netherlands [13,14].
Another explanation for the higher incidences among MSM in the rural areas is that MSM in
the rural areas might have different patterns of risk behaviour than MSM in urban areas [15].
Finally, since it concerns rural areas, the distance to reach the public health services to get
avaccination can be larger than in the urban areas. This can therefore be another barrier for
MSM to get vaccinated, and therefore explain the higher incidences in these areas.

The major strength of this study is the comprehensive approach of addressing this research
question, by making use of both epidemiological and molecular sequence data. These
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different types of data are usually analysed separately, but we attempted to link and
combine these data types and databases as much as possible, to get a complete overview
of the hepatitis B situation in the Netherlands of the last five years.

There are several limitations of our study. First, although the notification of acute hepatitis
B is obligatory in the Netherlands, it is likely that not all cases are included in this study
since asymptomatic infections are not captured in the surveillance system. In addition, there
is likely to be some underreporting, albeit less now that both laboratories and clinicians have
to report cases. However, it can be expected that this missing of cases is randomly distributed
throughout the country, which therefore will not influence our results. The second issue is that
only around sixty per cent of all notified cases had a sample available for sequencing. We
found that the percentage of samples available for sequencing was not distributed evenly
across the regions, which could have been problematic if certain regions specifically selected
certain cases to send in for sequencing. However, we could not detect this selection bias,
and we can therefore assume that the sequenced samples reflect the patient populations in
the regions. Finally, we calculated the rate of first vaccinations per 100,000 men or women
(depending on the risk group) by region. This is a very crude rate since it assumes that the
percentage of MSM or sex workers is distributed evenly throughout the regions, which is
probably not true. Since it is not known how many MSM or CSW live in each region, our
calculation provides currently the best possible estimate. In addition, MSM not always get
their vaccination in the region they live, which could also influence this estimate.

Since 2011, hepatitis B vaccination in the Netherlands is part of the national vaccination
programme for infants. It is expected that this will reduce the incidence of hepatitis B over
what has been achieved by selective vaccination [6,16]. However, since most hepatitis B is
transmitted sexually in the Netherlands, it will take several decades for this to be observed
[6]. Therefore, it is of continued importance to put effort in further reducing transmission by
improving or better targeting preventive activities. The results of this study made clear that
the attention with regard to preventive activities should focus more on the MSM and not-
yet-identified MSM in the rural areas. We recommend to further examine the reasons for the
high incidences among MSM in these areas. Furthermore, it can be worthy to strengthen
the outreach vaccination programme to overcome the distance barrier for vaccination.
Finally, since the higher incidence regions are mostly located alongside the border with
Germany, it might be useful to cooperate with our neighbouring country to further reduce
the incidence in these areas.

To conclude, this study showed that regional differences in HBV epidemiology were present
in the Netherlands. Rural border regions showed higher incidences and more ongoing
transmission, mainly among MSM, than the more populated inland areas. Therefore, further

preventive measures should focus more on these regions.
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CHAPTER 3

Abstract

Geographical mapping of infectious diseases is an important tool for detecting and
characterising outbreaks. Two common mapping methods, dot maps and incidence maps,
have important shortcomings. The former does not represent population density and can
compromise case privacy, and the latter relies on pre-defined administrative boundaries.
We propose a method that overcomes these limitations: dot map cartograms. These create
a point pattern of cases while reshaping spatial units, such that spatial area becomes
proportional to population size. We compared these dot map cartograms with standard dot
maps and incidence maps on four criteria, using two example datasets.

Dot map cartograms were able to illustrate both incidence and absolute numbers of cases
(criterion 1): they revealed potential source locations (Q fever, the Netherlands) and clusters
with high incidence (pertussis, Germany). Unlike incidence maps, they were insensitive to
choices regarding spatial scale (criterion 2). Dot map cartograms ensured the privacy of
cases (criterion 3) by spatial distortion; however, this occurred at the expense of recognition
of locations (criterion 4).

We demonstrate that dot map cartograms are a valuable method for detection and
visualisation of infectious disease outbreaks, which facilitates informed and appropriate
actions by public health professionals, to investigate and control outbreaks.
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Introduction

Here we propose a method of mapping infectious disease data, the dot map cartogram,
which displays the geographical locations of reported cases from routine surveillance
or outbreak investigations, such that public health experts can visualise both absolute
numbers and spatial trends in incidence of infection. The method is developed to address
two major causes of misinterpretation in commonly used maps: masking patterns of disease
by not taking into account the population density distribution, and masking patterns by
categorisation of information (across space and incidence of disease). With the dot map
cartogram, we address the problem, raised by a recent systematic review [1], that spatial
methods are underutilised and used in only ca 0.4% of all published outbreak investigations.

The two most frequently used map types for spatial outbreak data are the dot map and
choropleth incidence map [1]. In a dot map, every case is represented by a point on the
map, showing absolute numbers of cases. lllustrating absolute numbers of cases reveals
the size of the outbreak and identifies areas without cases. Dot maps do not account for
the underlying geographical distribution of the population. As populations are usually
heterogeneously distributed, important variations in incidence of infection can be masked.
Another drawback of dot maps is that they may reveal too much information about the
location of specific cases, by which the privacy of a case might be violated.

In a choropleth map, a quantitative attribute is displayed per spatial unit. For example, ordinal
classes of incidence may be displayed by municipality, with the areas shaded according
to their incidence value and a range of shading classes [2]. Choropleth maps are mostly
used to display surveillance data. They are less suitable to display outbreak data when the
interest is in exact locations of cases. Although this type of map gives a quick overview of
where there are more cases than expected based on the background population, it has
a major limitation: The appearance of this map is heavily influenced by arbitrary choices
with regard to the classification system for the ordinal classes and the spatial unit used (the
latter is also referred to as the Modifiable Areal Unit Problem, MAUP [3]). Because the data
are categorised both across the quantitative attribute and across the geographical units,
this can lead to a loss of information by masking important internal patterns and variations.
Therefore, this type of map can be misleading. This is especially problematic when mapping
rare events, which is often the case with infectious diseases.

Here we combine the advantages of both maps into one map type which we call dot map
cartogram. This map type uses a diffusion-based algorithm [4], which creates contiguous
or value-by-area cartograms. In these value-by-area cartograms, regions are enlarged
or reduced relative to the number of individuals they contain. We apply this principle
to traditional dot maps: we deform the map contours based on population size and
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simultaneously deform the dot pattern. In this way, a dense point pattern in a big city will
become more dispersed, whereas a dense point pattern in a rural area will become even
more dense. A similar technique called density-equalising map projection (DEMP) has been
pioneered before to describe the spatial distribution of cryptosporidiosis among AIDS
patients in San Francisco [5]. This earlier study used a different density-equalising algorithm,
and application was limited to local outbreak data. This method has the advantages that
the density of the dots reflects the incidence, the number of dots represent the absolute
number of cases, and arbitrary choices for scale of spatial unit and classification system are
avoided.

In this study, we assessed whether the advantages of the dot map cartogram outweigh the
potential disadvantages. One potential drawback is that the dot map cartogram may reveal
too much information with regard to the privacy of the cases. Another potential drawback is
thatthe spatial distortion makes it hard to recognise or localise the map topology. We created
dot map cartograms using real life data and compared them to the traditional choropleth
and dot maps regarding four criteria: (i) ability to show both absolute numbers and incidence
of the disease, (ii) sensitivity to choices regarding spatial scale and classification system, (iii)
ability to ensure the privacy of individual cases, and (iv) ability to recognise locations. The
comparison was applied to the mapping of a point-source outbreak and to the mapping of
the occurrence of a human-to-human transmissible disease.
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Methods

Data

As an example of outbreak mapping to locate a source, we used data from the Q fever
outbreak in the Netherlands in 2009. Q fever case reports in the Netherlands communicable
disease notification system (Osiris) include the 4-digit postal code of residence. Cases with
date of onset of illness in 2009 (n=1,740) were extracted for this analysis. Population data
and shapefiles (a data format which stores geometrical locations and metadata such as
population size per geometrical location) on different spatial levels (4-digit postal code and
municipality level) were accessed via Statistics Netherlands [5].

As an example of a human-to-human transmissible disease, we used pertussis notifications
in Germany in 2015. Data on pertussis cases was made available by the Robert Koch
Institute through the SurvStat@RKI 2.0 web portal [6], in which the district of residence is
registered for every case. We extracted data on laboratory-confirmed pertussis cases with
a date of diagnosis in 2015 (n=9,017). The most recent population data and shapefiles for
district and federal state level boundaries (2013) were accessed through the open data
portal of the Federal Agency for Cartography and Geodesy Germany [7]. We assumed that
the population size per district or federal state in 2015 was sufficiently similar to that in 2013.

Geographical representation

Dot map

In a dot map, every case is represented by a dot on their location of residence. As this would
reveal the exact locations of the cases and harm their privacy, we chose to use a proxy
location by assigning a random point location in the spatial unit of residence (4-digit postal
code for the Netherlands and district for Germany) to every case. The 4-digit postal code
areas in the Netherlands have a mean population of 4,119 persons (mean surface: 8.6 km?),
andthe districts in Germany have a mean population of 200,914 persons (mean surface: 888.7
km?). For the map of the Netherlands we have used the national RD (‘rijksdriehoeksstelsel’)-
based projection and for Germany we used the Universal Transverse Mercator (UTM) 32
projection. Both are conformal map projections in which local angles are preserved and
shapes are represented accurately and without distortion for small areas.

Choropleth incidence map

In a choropleth incidence map, disease incidence is displayed per spatial unit, using ordinal
classes. We chose two spatial unit levels for each country: one at the same level as the
patient data (spatial unit of residence as described above) and the other one level higher
(municipality in the Netherlands or federal state in Germany). In addition, we categorised
incidence into five ordinal classes, using two separate classification systems: the Jenks’
natural breaks algorithm [8] which seeks to reduce the variance within classes and maximise
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the variance between classes, and the quantile method in which equal numbers of spatial
units are placed into each class [8]. The colour schemes for the incidence classes were
based on previously established map colour palettes [9].

Dot map cartogram

Basic principle

We created cartograms by reshaping the spatial units such that their area was proportional
to their population by applying the Gastner-Newman diffusion-based algorithm [4] without
changing the underlying map topology [10]. The principle is that once the areas have been
scaled to be proportional to their population, then population density is by definition the
same for each area of visually the same size on the cartogram. To create dot map cartograms,
the point patterns of cases (as described in the dot map section) were simultaneously
transformed in the reshape process of the spatial units so that the number of cases per unit
area reflected the incidence. In addition, to provide points of reference to interpret the dot
map cartograms, capital municipality, provincial or state boundaries were simultaneously
transformed, and an inset was added with the undistorted map. We used ScapeToad 1.2
software [11] to reshape the spatial units and the point patterns. From this programme, the
transformed layers were exported as shapefiles. The exported files were imported into R
statistical software to create the maps. The main R package used to create the maps was
ggplot2. The R code for the construction of the dot map cartogram is provided elsewhere
(https://github.com/Isoetens/DotMapCartogram).

Cartogram quality

As we used spatial units with a population size at a certain spatial level to deform the original
map, the MAUP problem was inherited. However, the consequences of this problem can
be reduced by relying on an objective measure to assess which spatial level we could best
use for our transformations. We assessed the cartogram quality by the objective measures,
i.e. the average and maximum normalised cartographic error [10]. The cartographic error
is the most commonly used measure for distortion in the value-by-area realisation. We
assumed an input map M that is partitioned into n regions with polygonal boundaries. For
each region v, a(v) denotes the area of vin M and the weight w(v) is the desired area for the
region based on the background population. The diffusion-based algorithm constructed the
cartogram M°, that is a deformation of M, in which o(v) is the observed area of region v. The
average normalised cartographic error e was calculated as:

g lom-wo|
e=- W with a range of [0,1]

n & max

and the maximum normalised cartographic error x was calculated as:

B [ lo(v) = w(v)
X =max

m] with a range of [0,1]
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No guidelines exist as to what constitutes acceptable cartogram quality; to be consistent
with the values measured in a previous publication [10], we aimed for e<0.1 and x<0.4 in
our cartograms. The performance of the algorithm, and subsequently the cartogram quality,
depends on the distribution of the population density in the input file and the grid size
on which the computation of the population density is based. Large discrepancies in the
population density between regions impair the algorithm performance, while a finer grid
will produce a higher quality cartogram, but may introduce distortion. We started with an
input map at the same spatial unit of residence as the case data (i.e. 4-digit postal code for
the Netherlands and district level for Germany) and assessed the average and maximum
error of the cartograms. For the Netherlands, cartogram error was not satisfactory and we
changed to the municipality level and accepted a maximum normalised cartogram error
of x > 0.4; this was due to the very small population size of the municipalities on the West
Frisian Barrier Islands. These areas should be smaller than presented in the created maps,
but would no longer be visible. We used a 512 x 512 grid, which gave sufficient results;
a higher-resolution grid of 1,024 x 1,024 is possible, but requires substantially greater

computation times.

User requirements

To create the dot map cartograms, no specific geographical information system skills
are needed. The only requirement is some basic knowledge of the R statistical software
to be able to run the provided code (https://github.com/Isoetens/DotMapCartogram).
Required software includes R studio and ScapeToad [11]. Both programmes are open
source programmes, which can be downloaded for free. A detailed manual for creating
the dot map cartograms is provided along with the code (https://github.com/Isoetens/
DotMapCartogram).
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Results

Geographical representation of point-source outbreaks: Q fever in the Netherlands
The maps of Q fever cases are compared in Figure 3.1. The dot map cartogram (Figure
31A) is based on the population size per municipality in the Netherlands in 2009 (e=0.08,
sd=0.09; x=0.78). Itis compared with the dot map (Figure 3.1B) and the choropleth incidence
maps (Figures 3.1C-E).

Ability to show both absolute numbers and incidence

The dot map cartogram is able to show both absolute numbers and incidence. Incidence
is readily inferred from the choropleth incidence maps, but the exact size of the outbreak
in absolute numbers is not apparent. The dot map showed a clear clustering pattern with
several hotspots, but whether this is related to the population density (incidence) cannot be

inferred from the dot map.

E
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Figure 3.1. Spatial mapping of the Q fever outbreak in the Netherlands, 2009. A. Dot map cartogram.
One red dot represents one case, shaded grey areas indicate the national and provincial capital
municipalities. The geographical administrative units displayed as underlying layer are distorted as a
result of building the cartograms. B. Dot map. One red dot represents one case, shaded grey areas
indicate the national and provincial capital municipalities. C. Choropleth incidence map by municipality
and Jenks’ natural breaks classification system. D. Choropleth incidence map by 4-digit postal code
and Jenks’ natural breaks classification system. E. Choropleth incidence map by 4-digit postal code
and the quantile classification system.
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Sensitivity to choices regarding spatial scale and classification system

The dot map cartogram and dot map do not suffer from arbitrary classification issues. The
choropleth incidence maps are sensitive to this; different spatial scale and classification
systems resultin highly variable maps. When only one of those maps is used, the geography
of the outbreak could be misinterpreted. One would conclude that the outbreak is more
widespread (Figure 3.1C) or more intense (Figure 3.1E) than is illustrated in Figure 3.1D.

Ability to ensure the privacy of cases

The dot map compromises case privacy by revealing exact locations of cases, while the
choropleth incidence map protects privacy by aggregating case information. The dot map
cartogram meets this criterion partially by deforming the underlying region.

Ability to recognise locations

The dot map cartogram is harder to read, and specific locations are difficult to recognise.
This can be improved by providing locations of major towns or district boundaries. The
choropleth incidence map and dot map outperform the dot map cartogram on this criterion.

Geographical representation of a human-to-human transmissible disease: pertussis in
Germany

The maps for pertussis cases are compared in Figure 3.2. Figure 3.2A depicts the dot map
cartogram based on the population size by district in Germany in 2013 (e=0.07, sd=0.06;
x=0.29); this map is contrasted with the corresponding dot map (Figure 3.2B) and choropleth
incidence maps (Figures 3.2C-E).

Ability to show both absolute numbers and incidence

A much larger number of cases are illustrated in this example than for the Q fever data. This
is immediately apparent from the dot map and the dot map cartogram, but less so from the
choropleth incidence map. The clustering patterns on the dot map in several large cities and
for example in the Ruhr district (in the west of Germany) disappear into an almost random
pattern in the dot map cartogram, indicating that the clustering patterns on the dot map can
be explained by the underlying population density in those areas. In contrast, in the south-
east of Germany near Munich, a clustering pattern is present in both the dot map and the dot
map cartogram, indicating that this cluster is not attributable to population density but reflects
a higher incidence of pertussis notifications. Therefore, in this situation, both incidence and
absolute number of cases are important in interpreting the map: they reveal the size of the
problem and provide clustering of cases not attributable to the population density.

Sensitivity to choices regarding spatial scale and classification system
The choropleth incidence maps showed that the choice of classification system or spatial level
results in highly variable maps. In this comparison, Figure 3.2D, based on the Jenks’ natural
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breaks classification system and the district level, is comparable to the dot map cartogram,
showing the same areas with high incidence; however, there is no way to determine a priori

which classification system and spatial level would result in the ‘right” map.
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Figure 3.2. Spatial mapping of endemic pertussis in Germany, 2015. A. Dot map cartogram. One blue
dot represents one case, shaded grey areas indicate the national and federal capital municipalities.
The geographical administrative units displayed as underlying layer are distorted as a result of
building the cartograms. B. Dot map. One blue dot represents one case, shaded grey areas indicate
the national and federal capital municipalities.C. Choropleth incidence map by federal state and Jenks’
natural breaks classification system. D. Choropleth incidence map by district and Jenks’ natural breaks
classification system. E. Choropleth incidence map by district and the quantile classification system.

Ability to secure the privacy of cases

All maps meet this criterion. In this dataset, the dot map does not compromise privacy
because of the frequency of occurrence of the disease. As before, the dot map cartogram
protects case privacy due to the deformation of the underlying regions, and the choropleth
incidence map because information is aggregated.

Ability to recognise locations

The choropleth incidence map and dot map outperform the dot map cartogram on this
criterion. Adding reference points in the dot map cartogram, such as the federal state and
federal state municipality boundaries, can help in recognising locations.
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Discussion

We have proposed the dot map cartogram for displaying spatial infectious disease data and
illustrating both incidence and absolute numbers of cases. A similar technique has been
suggested before [12], but to our knowledge it was never used to study clustering of point
patterns at a national level in infectious disease epidemiology. We compared the dot map
cartogram to the frequently used choropleth incidence map and the dot map [1]. The main
advantages of the dot map cartogram over the other two is that it is able to simultaneously
reveal epidemic patterns adjusted for the population distribution, and to unmask patterns
that are hidden by aggregation and categorisation of information. The visual distortion of
the dot map cartogram is a barrier to pinpointing the location of a case: this is a benefit
in the field of infectious diseases because case privacy should be ensured in presenting
surveillance data. In addition, dot map cartograms illustrate areas without cases, which are
harder to discern by the use of choropleth incidence maps.

We did not address map types other than dot maps and incidence maps for this comparison.
Smooth incidence maps are an alternative to the choropleth incidence maps, in which
the incidence is smoothed across the spatial units. This technique was applied to the
data from a previous study for the Q fever outbreak in the Netherlands in 2009 [13]. In
illustrating hotspots, the dot map cartogram is comparable to the smooth incidence map.
The advantage of the smooth incidence map is that it permits identification of the exact
location of hot spots, since the map is not deformed. However, smooth incidence maps do
not reveal areas without cases and it is hard to discern the absolute number of cases and
the true scope and size of the outbreak. Many more mapping techniques exist, such as map
types based on other interpolation techniques (such as inverse distance weighting, kriging
and trend surface fitting [2]), incidence based value-by-area cartograms [14,15], and many
others. Assessment of all available methods was not within the scope of this paper.

We used the Gastner and Newman diffusion-based algorithm [4] to construct the cartogram.
Alternative algorithms are available to construct contiguous cartograms [16-26]. We chose
the Gastner and Newman algorithm because it performs well compared to the alternative
algorithms in terms of quantitative measures such as the cartographic error, shape error
and topology error [10], and qualitative measures such as subjective preferences and
task performance [27]. Recent studies have proposed quantitative [10] and qualitative
[27] measures for cartogram generation techniques. The development of standardised
performance measures will allow objective ranking and selecting of cartogram algorithms.
With the demonstration of dot map cartograms, we provide public health professionals
with an alternative spatial method for outbreak analysis. Firstly, we expect that dot map
cartograms minimise misinterpretation of the data. Secondly, as demonstrated in this study,
dot map cartograms protect the privacy of cases. Thirdly, dot map cartograms do not
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require expensive specialised GIS software, which facilitates use in settings with limited
resources. The only requirements to construct dot map cartograms are free software, case
reports with location data and access to population data as shapefiles. As there is a general
trend for governments to make administrative population data publicly available, the latter
is available for most countries. Finally, our method can easily be extended with information
on covariates relevant for mapping: a relevant example in infectious disease surveillance
or research is to colour the case dots for a specific attribute, such as age group, sex or
vaccination status. Introducing other layers of detail or attributes further broadens the utility
of this spatial method for use in infectious disease research and surveillance. However,
as the technique is graphical rather than geographical, it does not replace a geographical
information system explaining the impact of various geographical factors on the spread of
a certain infectious disease.
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CHAPTER 4

Abstract

Surveillance systems collect information on many infections over long periods. To allow
interpretation, these time series are summarized. Here we aim to identify the mostinformative
summary statistics that capture dynamic patterns across scales in a multivariate time series
of daily notifications for 45 infectious diseases from 2003 to 2018 in the Netherlands.

To put different flavors of summary statistics on the same footing, we calculate them as
instances of the generalized Rényi entropy H , with H, corresponding to presence/absence,
H. to epidemic intensity (Shannon entropy), and H, to the correlation sum. We then rank the
order in which these statistics capture the dynamic variation across scales using Principal
Component Analysis.

The Shannon entropy (H) is the most informative measure; the difference between
presence/absence and correlation sum (H,-H.,) is an informative orthogonal measure. We
find a group of infections characterized by outbreaks, a group of infections continuously
reported, and a group of infections intermittently reported. A few infections displayed a
changing dynamic pattern: diphtheria and leptospirosis moved towards outbreaks, mumps
and hantavirus moved away from outbreaks, and West Nile virus infection and yellow fever
moved towards continuous reporting.

Our method for identifying changes in dynamic patterns of infectious diseases discerns
disease groups sharing similar dynamic properties. By sorting diseases on recent change in
dynamic properties, an informative overview is given of ongoing changes that might require
enhanced disease control.
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Introduction

Due to longstanding surveillance, databases containing case-based information on
infectious disease notifications have expanded over the years. Epidemiologists use this
information for outbreak detection, monitoring endemic disease trends, and the evaluation
of intervention programs [1]. To achieve these aims, changes in dynamic patterns need to
be identified; a change could be related to, for example, a starting outbreak, an increasing
trend, or the introduction of an intervention program. To identify these changes, the number
of disease notifications over time needs to be studied. This is often done separately for
every disease, however, by doing so important relations between diseases dynamics might
be missed. To allow for comparison of disease dynamics, they can be classified according
to their dynamic properties. Dynamic properties can include the presence/absence of
disease, and variation and autocorrelation in disease occurrence. When grouped, changes
in these dynamic patterns might be more easily identified, enhancing infectious disease
surveillance. The aim of this study is to provide a method for the identification of changes
in dynamic patterns in multivariate infectious disease time series. To this end, we study the
dynamic patterns of infectious diseases by using the complete database of the notifiable
disease surveillance in the Netherlands, comprising 49 infectious diseases reported daily

over sixteen years.

We use exploratory data visualisation to get an overview of large amounts of data [2]. So
what measure can be used to visualize disease dynamics? The number of notifications can
be visualized by plotting time series of incidence [3, 4]. However, the representation of
such a time series is heavily dependent on the choice of the time aggregation scale. Other
measures of disease dynamics discussed in literature concern measures to quantify the
presence or absence of disease in a population [5-11]. These are often used to measure
persistence of a pathogen in the population by counting either the number of or the total
duration of extinctions in the population. The dynamics of measles have frequently served
as a case study to investigate these patterns [6-9]. Another measure of disease dynamics
is Shannon entropy [12]. Applied to infectious disease time series it can serve various
purposes: as an early warning measure [13], to quantify epidemic intensity [14] or to forecast
infectious disease incidence [15]. A final group of measures for capturing disease dynamics
are measures of (auto)correlation, such as obtained with wavelet or spectral analysis.
The power of these methods lies in their ability to describe how patterns change across
aggregation scales [16]. This category has probably been the most frequently applied in the
infectious disease domain [17-20].

All these methods often only cover one aspect of disease dynamics. To capture multiple
aspects of disease dynamics, visualizing disease dynamics requires an easy to understand
measure that is robust to aggregation scale and that can be applied to a large number of
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infectious diseases. Here, we propose Rényi entropy as this measure [21]. Rényi entropy is
a family of entropy measures that can be used to quantify diversity of phenomena, a so-
called diversity index [22]. It is a generalisation of the earlier mentioned Shannon entropy.
We chose this entropy family for various reasons. It is very straightforward to calculate; it
only uses relative frequencies of notifications occurring at a specific timescale. We can
therefore easily estimate the entropies along a continuum of aggregation levels. This has
two advantages; we can examine how patterns change across these levels and separate
members of the family all quantify another important aspect of time dynamics that may be
related to measures mentioned in the previous paragraph, such as the presence/absence
of notifications, uncertainty around the mean (Shannon entropy), and (auto)correlation.
By calculating this single index, we can therefore capture multiple dimensions of disease
dynamics.

We apply our approach to a large database with surveillance data of notifiable diseases
in the Netherlands from 2003 to 2018, comprising 49 infectious diseases, ranging from
frequently reported diseases, such as pertussis, to rare diseases, such as botulism. We
visualize time series of all 49 diseases included in the database, and group and sort these
time series according to their similarity. We study changes in the classification of diseases

over time.
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Methods

Data

We use all infectious disease notifications in the Netherlands between 2003-2018. The date
of onsetis used in our analysis; when this is missing we used date of laboratory confirmation;
and if that was missing we used the date of diagnosis. We stratify the hepatitis B and C
notifications into chronic and acute infections, and meningococcal infections into serogroups
B, C, W and Y. If the hepatitis infection type (i.e., acute vs. chronic) or meningococcal
serogroup is unknown or classified as ‘other’, the relevant cases are excluded. Cases with
chronic hepatitis C infection are excluded as this infection was no longer notifiable from
2003. Cases with influenza A(HIN1)2009 infection are excluded as this infection was only
notifiable for a short period of time (2009-2010). Dengue or chikungunya virus infections
are excluded as these are only notifiable in the Dutch Caribbean areas. Only case-based
notifications are included because a date of notification is needed for every record;
this means exclusion of notifications of food-borne and MRSA clusters. Not all diseases
were notifiable from the beginning of the study period (in 2003). For mumps, Hantavirus
infection, Haemophilus influenzae type b (Hib) disease, pneumococcal disease, listeriosis
and tuberculosis, cases are included from 2009 onwards; for group A streptococcal (GAS)
disease cases are included from 2011 onwards; and for tularemia and zika virus infection,
cases are included from 2017 onwards.

From time series to discrete frequency distributions

We consider time series (X) of notification counts. These time series can be aggregated at a
leveli(such as days, weeks, months or years). We can then calculate the relative frequencies
p, of notifications in the /" time window, transforming our time series in discrete frequency
distributions. For example, if the time series is aggregated by week and in week 4 there are
10 notifications and the total number of notifications is 100, the relative frequency in week 4
is p,=10/100= 0.1. We transform the time series to discrete frequency distributions for every
disease, at various aggregation levels (as discussed below). The Rényi entropy family can
then be described by the following formula [21]:

H,(X)=— 1og(§ pf’j

-«

where n represents the total number of time windows in the time series. The order a is
indicating the family member and can vary from zero to infinity.

H(X) based on each level of a can be interpreted in its own right as a measure corresponding
to a real phenomenon. In this study, we use particular instances or family members of the
Rényi entropy:

e o = 0 is quantifying the presence/absence of notifications. If all time windows
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contain notifications this is equal to the maximum entropy (H__), which is defined

o)
as the logarithm of the time series length.

e =1, better known as Shannon entropy, is quantifying the fluctuations in
notifications. When there are no fluctuations in the time series, i.e. a similar amount
of notifications in every time window, this measure equals 1. When there is only one
time window with notifications, this measure equals zero.

e =2 captures the probability that two notifications, taken at random from the time
series, come from the same time window of length 7. Specifically, H, is the integral
over the (auto)correlation function for the time series, taken from O to 7. As such,
it quantifies the autocorrelation in the occurrence of notifications. Again, for time
series with a constant number of notifications throughout the series this measure
will equal the maximum entropy.

* a=» », the entropy then equals the maximum p, value in the time series, the
proportional frequency of the most frequent time window. This is also called the
minimum entropy.

The values of the Rényi entropy of order a, H , are ordered as H  >H >H>H, >H_ [21].

Analysis

Overview of the time series

To visualize the time series of diseases, we plot the aggregated number of notifications as a
heat map, where rows represent diseases, and columns represent time windows. Diseases
are ordered alphabetically. A color scheme indicates the number of notifications per time
window. We map this scheme on a log scale as there is large variation in the incidence.
Time windows without cases (log(0)) are left blank. We construct a heat map per week
and per year, to show differences in patterns when aggregation scales vary. Second, we
calculate the Rényi entropies of order O, 1 and 2 and the maximum and minimum entropy
based on the time series of every disease for various aggregation levels over the complete
inclusion range. We aggregate the time series by the following time window sizes: day,
week, month, 3 months, 6 months, 9 months, year, 1.5 years, 2 years, 3 years and 5 years.
We plot the results in a multi panel plot, in which the values of the entropies are depicted
against the natural logarithm of the aggregation level (in days) for every infectious disease.

Grouping of infectious diseases

To identify groups of infectious diseases with similar dynamic patterns, we perform principal
component analysis on the Rényi entropies of order 0, 1and 2, on the complete time series
of all diseases at various aggregation levels. As principal component analysis is applied to
only three entropy measures, we are able to interpret these components by examining the
contributions of the individual entropies to the principal components (PC) across the various
aggregation levels. This is unusual in principal component analysis, which often involves
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large numbers of variables, making the interpretation of the components impossible. The
change of the contributions across aggregation levels will then give us an assessment of
the robustness of the entropy values across aggregation levels. The results of the principal
component analysis are plotted in a scatterplot per aggregation level to assess which
diseases are closest to each other and therefore share similar time dynamics.

Change in dynamic patterns over time

To examine the change in dynamic patterns for the various diseases, entropies of order
0, 1 and 2 are calculated per disease over three-year moving windows, shifting by year.
The aggregation level is based on the previous analyses. We use three-year periods to
be able to take into account multiyear outbreaks and seasonal effects. The results are
plotted in a graph with the interpretation of the PC in terms of entropies on the x- and y-axis
and a path through time per disease, showing the change in dynamic patterns over time.
Diseases with considerable dynamic change in their patterns will therefore show much
variation and hence a long path, while for relatively stable diseases the path will be much
shorter. Finally, we compare the dynamic change in the last two time periods (t= 2015-
2017 versus t,= 2016-2018) between diseases, to assess most recent dynamics. We define
) (the
length of the path between these time periods). We sort diseases in the heatmap of disease

dynamic change as the Euclidian distance in entropies between (x,, y,) and (x,, v,
incidence according to dynamic change in four different panels: one for disease incidence,
one showing the decreasing dynamic change, and two with the x- and y- components (the
interpretation of the PC in terms of entropies) to help with the interpretation of the dynamic
change. In Appendix B, we repeat this analysis for two different time periods.
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Results

Inthe period 2003 — 2018, 210,715 infectious disease cases were notified in the Netherlands.
196,779 cases were included, distributed over 45 infectious diseases (Table 4.1). Pertussis
cases represent the vast majority (56.6%) of included cases.

In Figure 4.1a the time series of weekly notifications per infectious disease are shown on a
log10 color scale. We observe several diseases with large outbreaks in the past 15 years,
such as measles, rubella and Q fever; diseases with a stable number of cases, such as
pertussis and chronic hepatitis B; diseases with a more irregular pattern, such as hepatitis A;
diseases with a strong seasonal component, such as legionellosis; and very rare diseases,
such as trichinosis, rabies and botulism. In Figure 4.1b the same time series are aggregated
per year. Here, seasonal patterns are lost.

For every infectious disease we have calculated Rényi entropies of order O, 1 and 2 and
the maximum and minimum entropy based on time series at various aggregation levels
(Figure 4.2). At a daily aggregation level, a wide gap exists between the curves of H__ and
H, for diseases such as brucellosis (BRUC), rubella (RUBE) and meningococcal C, W and
Y disease (MCOCC, MCOCW, MCOCY). This means that these diseases have many days
without reported cases. At a 5-year aggregation level, we can only observe a small gap
between these curves for very rare diseases, such as rabies (RABI) and anthrax (ANTH). We
can also observe diseases, such as pertussis (PERT), tuberculosis (TBC), chronic hepatitis
B (HEPBCH) and shigella (SHIG), for which all orders of the Rényi entropies are close to
the H__ across all aggregation levels. These are diseases with a continuous reporting of
cases (H,), with little fluctuations around the mean number of reported cases (H) and low
autocorrelation in the number of reported cases (H,). Finally, we have a group of diseases,
such as measles (MEAS), Q fever (QFEV), rubella (RUBE) and meningococcal W disease
(MCOCW), which show a relatively large gap between the curves of order 1 and 2 and the
curve of order O, especially at monthly and yearly aggregation levels. These are diseases
for which if cases are reported, large fluctuations around the mean number of reported
cases (H,) and a large variation in the number of reported cases throughout the time series
are shown. We defined this as a typical pattern for outbreak diseases.
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2018 included in this study

Number of
Di Di short Start year notifications
Anthrax ANTH 2003 2
Botulism BOTU 2003 21
Brucellosis BRUC 2003 81
Cholera CHOL 2003 39
Creutzfeldt-Jakob disease CJD 2003 345
Variant Creutzfeldt-Jakob disease CJDV 2003 3
Diphtheria DIPH 2003 16
Hantavirus infection HANTA 2009 239
Hepatitis A HEPA 2003 3,717
Hepatitis B acute HEPBAC 2003 3,489
Hepatitis B chronic HEPBCHR 2003 21,679
Hepatitis C acute HEPCAC 2003 846
Invasive group A streptococcal disease IGAS 2011 1,610
Invasive Haemophilus influenzae type b infection IHIB 2009 253
Human infection with zoonotic influenza virus INFL 2009 1
Invasive pneumococcal disease (in children 5 years or younger) IPNEU 2009 456
Legionellosis LEGI 2003 6,875
Leptospirosis LEPT 2003 843
Listeriosis LIST 2009 1,152
Malaria MALA 2003 4,360
Meningococcal disease, serogroup B MCOCB 2003 2,233
Meningococcal disease, serogroup C MCOCC 2003 158
Meningococcal disease, serogroup W MCOCW 2003 276
Meningococcal disease, serogroup Y MCOCY 2003 168
Measles MEAS 2003 3,246
Mumps MUMPS 2009 2,181
Paratyphoid A fever PARA 2003 263
Paratyphoid B fever PARB 2003 351
Paratyphoid C fever PARC 2003 24
Pertussis PERT 2003 111,360
Psittacosis PSIT 2003 1,018
Q fever QFEV 2003 4,704
Rabies RABI 2003 4
Rubella RUBE 2003 595
Shigella SHIG 2003 7,795
STEC/enterohemorragic E.coli infection STEC 2003 6,605
Tuberculosis TBC 2009 9,298
Tetanus TETA 2009 15
Trichinosis TRIC 2003 3
Tularemia TUL 2017 5
Typhoid fever TYPH 2003 427
Viral hemorrhagic fever VHF 2003 2
West Nile virus infection WNV 2009 5
Yellow fever YFV 2003 3
Zika virus infection ZIKA 2017 13
Total 196,779
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Figure 4.1. A first visualization of the notification data for 45 infectious diseases in the Netherlands,
2003 — 2018, aggregated by week (a) and by year (b). Grey areas indicate periods in which diseases
were not yet notifiable.

76



MULTI-SCALE ANALYSIS OF SURVEILLANCE DATA

ANTH BOTU BRUC CHOL CJD CJov DIPH
N —_—
2 ==

HANTA HEPA HEPBAC HEPBCHR HEPCAC IGAS IHIB

o am

INFL IPNEU LEGI LEPT LIsT MALA mcocB

o amw

mcocc MCOoCcwW Mmcocy MEAS MUMPS PARA PARB

PARC PERT PSIT QFEV RABI RUBE SHIG

STEC TBC TETA TRIC TUL TYPH VHF

o -m

110 100 1000 1 10 100 1000 1 10 100 1000 1 10 100 1000

01— 2

min
110 100 1000 1 10 100 1000 1 10 100 1000

Aggregation level (days)

Figure 4.2. Renyi entropy for different orders of a against the aggregation level in days of the time
series of notifications of 45 infectious diseases in the Netherlands, 2003-2018.

Principal Component Analysis reveals that dynamic patterns of infectious diseases can be
characterized by just two variables, of which the most important variable is the intensity of
fluctuations (H), and the lesser important one the sensitivity of this intensity to a change
in order a (H,-H,) (Appendix A). Together, these two variables explain almost 100% of the
variance in H,, H, and H, of the diseases. Three groups of diseases are identified based
on these properties: those characterized by outbreaks (high H -H,, low H)), those which are
continuously reported (low H -H,, high H)), and those which are intermittently reported (low
H,-H,, low H).

To examine the change in dynamics over time, entropies are calculated for different
periods (Figure 4.3). Of interest are diseases that were formerly rare but over time are
more constantly reported (shifting from bottom left to bottom right corner in Figure 4.3).
Examples of such diseases are West Nile virus infection (WNV) or yellow fever (YFV). Also,
diseases moving in the other direction on the same axis can be of interest: from being
continuously reported to more fluctuations in their time series. This always goes together
with movement along the other axis and indicates a group of diseases that show more
fluctuations, less autocorrelation and few intervals with no reported cases in their time
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series over the years. These patterns might possibly indicate (starting) outbreaks (diseases
that shift from the bottom upwards in Figure 4.3). Examples of such diseases are hepatitis
A (HEPA), leptospirosis (LEPT), and diphtheria (DIPH). A final group of diseases are those
with a large range in Figure 3. These diseases show large fluctuations over time, and are
known for large past outbreaks. Examples are rubella (RUBE), measles (MEAS) and Q fever
(QFEV). Diseases with constant dynamics over time include acute and chronic hepatitis B
infection (HEPBAC and HEPBCHR), tuberculosis (TBC), psittacosis (PSIT) and meningococcal
B infection (MCOCB).
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Figure 4.3. Change in entropy dynamics over time per infectious disease. A rolling window of three
years, shifting per year, was applied on quarterly aggregated time series.

To get an overview of recent changes in dynamic patterns, we zoom in on the last two
time periods presented in Figure 4.3 (purple). We can compare the change in dynamics
between 2015-2017 and 2016-2018 by computing dynamic distance (the length of the path
in Figure 4.3) between these periods and sort the heat map according to this distance
(Figure 4.4). The largest change in dynamics between these periods was for West Nile virus
infection (WNV) and yellow fever virus infection (YFV). This is due to an increase in H, entropy
(see right panels of Figure 4.4). Previously, we observed that diseases with a decreasing
H, and increasing H-H, difference possibly indicate starting outbreaks. We observe
this pattern also in diphtheria (DIPH), Creutzfeldt Jakob disease (CJD) and leptospirosis
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(LEPT). We observe an opposite pattern, a decrease in outbreak potential (decrease in
H,-H, distance, increase in H, distance), for mumps, meningococcal W disease (MCOCW),
hantavirus infection (HANTA), hepatitis A (HEPA) and meningococcal Y disease (MCOCY)
(@amongst others). For most diseases, little change in dynamics has taken place between the
periods 2015-2017 and 2016-2018. This is completely different when we compare two other
periods, 2010-2012 and 2011-2013 (Figure B1, Appendix B). Here we can see large changes
in dynamics for measles (MEAS) and rubella (RUBE), due to an increase in outbreak potential
(H,-H, distance) and a decrease in H, entropy, indicating more fluctuating time series.
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Figure 4.4. Change in disease dynamics according to entropy measures between period t,(2015-2017)
and t, (2016-2018) across notifiable infectious diseases in the Netherlands. The quarterly aggregated
time series of these periods shown as a heat map (first panel) are sorted by decreasing dynamic
distance between these periods (second panel).The third and fourth panel show the distance in H -H,
and distance in H, between t, and t, for all diseases. Light grey areas indicate diseases for which no
data was reported as the disease was not yet notifiable (first panel) or that the entropies could not be
estimated due to no reported cases in one or both periods (second, third and fourth panel).
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Discussion

We captured the intrinsic dynamic properties of 45 notifiable infectious diseases between
2003 and 2018 in the Netherlands, using a measure based on the relative incidence of
infectious diseases. We have used Rényi entropy, a measure for which the outcome is
consistent across timescales, to classify and order diseases by their dynamic properties.

Principal Component Analysis identified the most important quantity describing variation in
dynamic patterns of diseases: H, (Shannon entropy), which gives a measure of intensity of
fluctuations in the time series, and H-H,, describing the difference in the entropy values,
indicating the sensitivity of the intensity in fluctuations to a change in order.

Our aim was to provide a method for the identification of changes in dynamic patterns in
multivariate infectious disease time series. Recent changes requesting further analysis by
infectious disease epidemiologists include the more continuously reporting of West Nile
virus and the more fluctuating reporting rate of diphtheria notifications in the Netherlands in
2018. In 2018, the incidence of West Nile virus infection was relatively high in South European
countries [23-25], causing more imported cases in the Netherlands. Diphtheria was acquired
abroad. Traveling or immigration from high incidence countries, such as Venezuela [26]
(largest neighbouring country of the Kingdom of the Netherlands) or Indonesia [27] (former
Dutch colony), might explain the more fluctuating pattern for this disease.

In this study, we have shown that Rényi entropy can be calculated at multiple aggregation
scales and that the ranking of diseases on entropy measures is quite similar across different
aggregation levels. The analysis does therefore not require a choice on the timescale of
analysis, which is a major advantage in the case that no aggregation level is a priori of
interest. Another advantage of this measure is that it is very easy to calculate, giving a low
computational burden even for large datasets. As it relies on relative frequencies, diseases
with low numbers can also be analysed. A change in the dynamics in the notifications of
diphtheria in 2018 could therefore be observed, an issue that would otherwise probably
have gone unnoticed.

So how can the visualisation of Rényi entropy be used in daily practice? We would advise
to use this alongside regular surveillance activities, to check on a regular basis whether
any important changes have occurred in disease dynamics. Hidden intrinsic patterns, that
currently go unnoticed in regular surveillance activities (for example with rare diseases) can
then be revealed and further investigated. Entropy might also be useful as a measure for
early warning of outbreaks as suggested by Brett et al [13]. Our research has additionally
demonstrated that change in patterns can be detected, but whether this can be done in a
timely manner, as is requested for early warning, needs further research.
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This method can be applied to any infectious disease surveillance data, as many developed
countries have similar surveillance systems vyielding similar data [3, 19, 28, 29], it would
also be interesting to compare grouping of diseases according to their dynamic properties
across countries. If similar patterns exist, new hypotheses on disease dynamics might be
generated and typical patters for diseases might be revealed, as in Graham et al [30].
Finally, the analysis can also take into account age, sex, specific risk groups, or geography,
as was done by Dalziel et al [14], to reveal and compare dynamic patterns between these
subgroups.

To conclude, we have introduced a multi-scale measure for representing the dynamic
properties of infectious diseases. By applying this measure on notifications of 45 infectious
diseases in the Netherlands from 2003 -2018, we were able to discern disease groups
sharing similar dynamic properties. In addition, by sorting diseases by the amount of
change in dynamic properties, an informative overview is given of ongoing changes that
might require the attention of epidemiologists and allow for the generation of hypotheses
on disease dynamics.
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Appendix A
PRINCIPAL COMPONENT ANALYSIS RESULTS ACROSS AGGREGATION LEVELS

To identify groups of infectious diseases with similar dynamic patterns, we perform principal
component analysis on the Rényi entropies of order O, 1 and 2, based on the complete
time series of all diseases at various aggregation levels. As principal component analysis
is applied to only three entropy measures, we are able to interpret these components by
examining the contributions of the individual entropies to the principal components (PC)
across the various aggregation levels. This is unusual in principal component analysis, which
often involves large numbers of variables, making the interpretation of the components
impossible. The change of the contributions across aggregation levels will then give us an
assessment of the robustness of the entropy values across aggregation levels. The results
of the principal component analysis are plotted in a scatterplot per aggregation level to
assess which diseases are closest to each other and therefore share similar time dynamics.
It can be seen in Table Al and Figure Al that the contribution of individual entropies to the
three principal components is very consistent across time scales: H , H,, and H, contribute
equally to principal component 1 (PC1), H, for 60% and H, for 40% to principal component
2 (PC2) and H, for 60% and H, for 40% to principal component 3 (PC3). Together PC1 and
PC2 explain almost 100% of the variance in H, H, and H, of the diseases. Based on these
contributions and since we only have three quantities in the analysis, we can interpret the
principal components: PC1 can be interpreted as the mean of H, H,, and H,. As H > H,
> H,, the mean of these entropies will be almost similar to H,, the Shannon entropy. This
justifies the use of Shannon entropy to characterize dynamic patterns by e.g. Dalziel et al
[14]. PC2 can be interpreted as the difference between H_ and H,, describing the variance
in entropies. Substituting principal components with the entropy terms yields similar figures
(Figure Aland A2). This indicates that the variation between diseases can be explained by (a
combination of) the individual entropies and that this is robust across different aggregation
levels of the time series.

In Figure A2 the results of the principal component analysis are shown for different
aggregation levels. On the x-axis H, is depicted, the approximation of principal component
1, and on the y-axis, the difference between H  and H, is shown, the approximation of
principal component 2. A considerable proportion of infectious diseases cluster together in
the bottom right corner, indicating diseases with a high mean of the entropies (H,) and low
H,-H, . These are continuously reported diseases with little fluctuations in their time series.
Examples of such diseases are tuberculosis (TBC) and chronic hepatitis B (HEPBCHR). If
we move from the bottom right corner to the bottom left corner, we move from diseases
with little fluctuations in their time series, but which are less continuously reported, to the
most extreme situation with one reported case ever of human infection with zoonotic

influenza virus (INFL). If we move from the bottom right corner upwards, we come across
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diseases with larger fluctuations in their time series, such as mumps, rubella, measles and
Q fever, indicating outbreaks. The ratios between diseases across aggregation levels do
not differ too much: with increasing aggregation level, the variation in H, between diseases
decreases and the variation between diseases in H -H, peaks at the 3-month aggregation
level after which it decreases again (Figure Al). It can also be observed that with increasing
aggregation level, diseases are arranged on parallel diagonals. These diagonals represent
periodicity. When considering the five year aggregation level, ZIKA and INFL are on the
diagonal of one period of reported data, and for example, MCOCW and HEPBAC on the
diagonal of four (all) periods of reported data.

Table Al. Relative contributions of H, H, and H,, to the principal components at various aggregation levels.
Contribution (%)

Aggregation level Alpha PC1 PC2 PC3
day 0 35.42 53.61 10.97
1 33.31 1.05 65.63
2 31.27 45.34 23.39
week 0 35.75 58.23 6.02
1 33.18 3.85 62.98
2 31.07 37.93 31.00
month 0 35.41 60.33 4.27
1 33.33 5.49 61.18
2 31.26 34.19 34.55
3 months 0 33.88 62.54 3.58
1 33.73 5.83 60.44
2 32.39 31.62 35.98
6 months 0 31.97 64.82 3.21
1 34.31 5.72 59.98
2 33.72 29.47 36.81
9 months 0 31.67 65.60 2.73
1 34.44 6.28 59.27
2 33.89 28.12 38.00
year 0 30.61 66.83 2.56
1 34.74 6.17 59.09
2 34.65 27.00 38.35
18 months 0 31.50 65.78 2.72
1 34.58 6.28 59.14
2 3392 27.94 38.14
2 years 0 31.37 65.81 2.82
1 34.60 6.09 59.32
2 34.03 28.10 37.86
3years 0 31.72 65.93 2.36
1 34.64 6.95 58.40
2 33.64 27.12 39.24
5 years 0 38.40 59.03 2.57
1 32,57 9.06 58.37
2 29.02 31.91 39.07
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Figure Al. Results of the principal component analysis on H,, H and H, at various aggregation levels.
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Appendix B
CHANGE IN DISEASE DYNAMICS ACCORDING ENTROPY MEASURES BETWEEN
PERIOD T, (2010-2012) AND T, (2011-2013)

Dynamic distance(t, - t;) Ho - H, distance (t, - t;) Hy distance (t,-t;)
2014 00 01 02 03 04 05 -025 000 025 0.50 -025 000 025 050

Notification date
2010 2011 2012 2013

|

Infectious Disease

c
———eeemmsEEEEEE IIIII

. decreasing outbreak potential increasing outbreak potential . other

Figure B1. Change in disease dynamics according entropy measures between period t, (2010-2012)
and t, (2011-2013) for all notifiable infectious diseases in the Netherlands. The quarterly aggregated
time series of these periods shown as a heat map (first panel) are sorted by decreasing dynamic
distance between these periods (second panel).The third and fourth panel show the distance in H -H,
and distance in H, between t, and t, for all diseases. Light grey areas indicate diseases for which no
data was reported as the disease was not yet notifiable (first panel) or that the entropies could not be
estimated due to no reported cases in one or both periods (second, third and fourth panel).
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CHAPTER 5

Abstract

Contact tracing can provide accurate information on relevant parameters of an ongoing
emerging infectious disease outbreak. This is crucial to investigators seeking to control
such an outbreak. However, crude contact tracing data are difficult to interpret and methods
for analyzing these data are scarce. We present a method to estimate and visualize key
outbreak parameters from contact tracing information in real time by taking into account
data censoring.

Exposure type-specific attack rates and the reproduction number R(t) are estimated from
contact tracing data by using maximum likelihood estimation to account for censored data.
The attack rates reflect, in the context of contact tracing, the specificity of the contact
definition; a higher value indicates relatively efficient contact tracing. The evolution of R(t)
over time provides information regarding the effectiveness of interventions. To allow a
real-time overview of the outbreak, the attack rates and the evolution of R(t) over time are
visualized together with the case—contact network and epicurve. We applied the method to
a well-documented smallpox outbreak in the Netherlands, to demonstrate the added value.
Our method facilitates the analysis of contact tracing information by quickly turning it into
accessible information, helping outbreak investigators to make real-time decisions to more
effectively and efficiently control infectious disease outbreaks.
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Introduction

In an ongoing emerging infectious disease outbreak, contact tracing can provide accurate
real-time information on relevant parameters, which is needed by public health professionals
to control an outbreak [1-4]. Especially in an emerging infectious disease outbreak, active
daily (or even hourly) monitoring of contacts provides a wealth of information. First, data on
how many contacted individuals (hereafter: contacts) remain under surveillance can indicate
what control efforts are possibly required in the short term. Second, data on exposure
type-specific attack rates (ARs) can help in targeting control efforts to contacts at high risk.
We defined the exposure type-specific AR as the proportion of infected individuals with a
certain exposure type among the total number of traced individuals with that exposure type.
Third, estimation of the effective reproduction number R(t), defined as the expected number
of secondary cases per primary case infected at time t [5], allows evaluation of infection
transmissibility and the effect of current control measures.

However, real-time use of contact tracing data by public health professionals is limited,
despite publication of several methods for inferring key parameters from outbreak data
[6-13]. One problem is that contact tracing data contains a lot of information on confirmed
cases and their contacts through various exposure routes at different time-points or
intervals. Using all that information requires an overview. In addition, many methods focus
on just a single parameter [7-10], often the effective reproduction number. To obtain all key
outbreak parameters, a public health professional has to search through a wide range of
methods, which is quite cumbersome and time-consuming. A third issue is that real-time
analysis should account for the fact that the data are typically censored: at the time of
analysis, the outcome (whether a contact is infected or not) is unknown for many exposed
persons [9]. Censoring has a consequence for accurate estimation of outbreak parameters,
such as ARs, which may be underestimated if traced contacts later appear to be cases. As
far as we know, only few studies take such censoring into account [9, 10]. A final issue is
that published methods require specific software that is either hard to obtain or requires
advanced programming skills [8, 12, 13].

To improve public health decision-making during an emerging infectious disease outbreak,
we developed a tool that uses contact tracing information to estimate outbreak parameters
in real time while correcting for right censoring of the data (i.e. taking into account that
contacts in follow-up may become cases in the near future in the real-time estimation of
outbreak parameters). Our tool provides a comprehensive visualization of the outbreak,
including the course of the outbreak and contacts under surveillance. The tool is easy to
use by public health professionals as it is available in a user-friendly web interface. The
tool is specifically aimed at analyzing contact tracing data of emerging infectious disease
outbreaks, as contact tracing is most relevant during such outbreaks where there is the
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greatest need for such knowledge about the ongoing outbreak. Ourtoolis aimed at serious
infectious disease outbreaks, for which active daily contact tracing is in place, whereby all
cases are identified. In this paper, we demonstrate this tool, using contact tracing data from
a well-documented smallpox outbreak in the Netherlands in 1951.
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Materials and methods

Data
Data for the tool should be entered in a spreadsheet, with a row for each case or contact
and the following information in the columns:
- unique identifier (ID)
- gender
- infection status: is it a case or a contact?
- ID of source
- exposure type
- exposure date (first day)
- exposure duration
- date of disease onset

In this paper, we use the word “contact” to mean an individual who has come into contact
with a case and has not yet been shown to be a case himself and “exposure” to mean
the event of contact between the two individuals. Additional information that should be
obtained is the incubation period distribution (mean and standard deviation) and the
generation interval distribution (mean and standard deviation). The generation interval
refers to the time between symptom onset of successive cases in a chain of transmission.
The data saved as a csv-file can be uploaded into a user-friendly web interface for easy use
of the tool (https://github.com/Isoetens/Contactviz) or loaded via the R code provided at the
same place, using the R statistical software.

Forillustration of the tool, we used data from a smallpox outbreak in Tilburg, The Netherlands,
in 1951 [14, 15]. In this outbreak, 52 cases were identified, with a date of symptom onset
ranging between 23 February and 25 May 1951. The outbreak was detected on 24 April and
by 29 April control measures, such as additional mass vaccination and isolation of cases and
contacts, had been implemented. No individual details on vaccination status were available,
but the vaccination coverage in Tilburg in 1951 was approximately 88% [14, 15]. The cases
occurring before April 29 were traced back and their contacts identified. These efforts led
to a very complete documentation of this outbreak. For almost all cases (n=50), it is known
by whom or how they were most likely infected. Contacts of cases were also registered and
monitored. The data are given in eTable 5.1; http:/links.lww.com/EDE/B290. The exposure
type was categorized as several types: family/household, friend/neighbor, work-related,
and medical/religious setting. For some family/household cases or contacts, the date and
duration of exposure were not known exactly. We therefore assumed that the duration was
21 days forward from the symptom-onset date of the related case. If the related case was
put in isolation, we assumed contact exposure from the symptom-onset date of the related
case to the isolation date. To demonstrate our tool in this paper, we analyzed the data as
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they would have been observed on 30 May 1951. For the remainder of the paper we will call
this date “the current date”. Ethical approval was deemed not necessary, as the data was
already publicly available and does not allow identification of individual persons.

Monitoring period

Animportant decision in outbreak control concerns which contacts need follow-up and which
can be set aside. For each contact / we define the monitoring period as the interval from the
5-percentile time-point to the 95-percentile time-point of the effective incubation period.
The effective incubation period f_
symptom onset. For any infected individual, the effective incubation period is the sum of

(t) is defined as the total period from a first exposure to

the time from first exposure to effective transmission, and from effective transmission to
symptom onset. The distribution of the effective incubation period is the convolution of the
uniform distribution from first exposure to last exposure with the lognormal distribution that
describes the incubation period distribution. In our method, repeated exposures are merged
to one exposure interval, which is assumed to be uniformly distributed. For smallpox, the
lognormal distribution that best fits the observed incubation periods has a median of 13.0
days and a dispersion of 113 days [16]. We denote the corresponding cumulative probability
distribution function as £, (t) and the corresponding survival distribution as S_, ()= 1- F_,(¢).
In the visual output, the monitoring period is displayed as a horizontal black line, and it is
shown only for those contacts that are still monitored, i.e. with S_ (current date) > 0.05.
Probability of infection for a contact

Each contact of exposure type x has a probability r7_of being infected and a probability of
(1- ) of not being infected. If not infected, the contact does not develop any symptoms. If
infected, the contact will develop symptoms, and the time from first exposure to symptom
onset will follow the effective incubation period. This defines a mixture distribution of a
contact i of type x for its time to infection: fXY,.(t) = f_(t). We denote the corresponding

X effi

cumulative probability distribution function as £ (t) = F_.(t) and the corresponding survival

X effi

distribution as S, () =1- mF_.(¢). For each contact / who has a link of exposure type x to

its linked case j and has not developed any symptoms up to time t since exposure, the
probability that it is infected is calculated by Bayes’ rule as

Pr(no symptoms at f|infected ) Pr (infected ) A

Pr (infected|no symptoms at £) = e (o symptoms at 1

which is, based on the definitions above, given by

7S ()

P =S (0 (2)

We used maximum likelihood estimation to estimate 7. More details can be found in
Appendix A.
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Attack rate by exposure type

The exposure type-specific AR, 7, is defined as the probability of a contact being infected,
among contacts of exposure type x. In general, the exposure type-specific ARs will tell
public health professionals the type of exposure through which contacts are at the highest
risk of developing symptoms. In the context of contact tracing, the AR measures the true
positive rate, or precision, of the contact definition. A higher value indicates a more efficient
contact tracing. The AR is separately estimated for every exposure type x having a total
number of cases and contacts greater than 5.

Reproduction number

By evaluating the course of the effective reproduction number R(t) during the outbreak,
public health professionals can assess changes in the effective transmissibility of the
disease [7, 11]. There are various ways of estimating R(t) over time [7, 11, 17], but most assume
that the links between the cases, who infected whom, are not known. The R(t) then
needs to be inferred indirectly, whereas when using contact tracing data, the R(t) can be
estimated directly. For each case j we calculate the expected number of secondary cases.
The secondary cases consist of confirmed secondary cases, contacts that are or might be
infected but have not yet shown symptoms, and orphans. Orphans are infected individuals
for whom the infector’s identity is unknown, though by assumption the infector is one of
the known cases. To calculate the first term on the righthand side, we count the number
of confirmed secondary cases of case j (Dj(t)). Confirmed secondary cases are defined as
contacts that were followed up as a result of exposure to a case, and eventually developed
symptoms within their monitoring period. To calculate the second term, we sum over the
contacts of case j and weigh each contact by his/her probability of being infected by case j
(pu.'x(t)). To calculate the third term, we sum over the number of orphans and weigh each by
his/her probability of being infected by case j [17].

w(tk-tj)

=D+ — =
BO=DEELLORg )

(0+x 3)

ix
Here, the index i refers to all contacts, the index k to all ‘orphan’ cases, and the index
/ to all contacts that could have infected the kth orphan case. The function w gives the
generation interval distribution, where the generation interval is defined as the duration
between symptom onset of an infected individual and symptom onset of his/her infector.
For smallpox, we take the generation interval to follow a gamma distribution with a mean
and variance of 17.7 days [18].

Forany given period of time, we can calculate the average value of the reproduction number
for cases who developed symptoms within that period. Of interest here are the period from
start of the outbreak to the time the first case was detected (including all primary cases with
a date of onset of disease before 24 April 1951 and all secondary cases with an exposure
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date before 24 April 1951) and the period from implementation of control measures to the
current date (including all cases with an exposure date between 29 April 1951 and 30 May
1951). To visualize the time course of the average reproduction number, we calculate for
each time t a running average over a time window (t — 1, t) of length 7. We choose T equal to
the generation interval for the specific infection. For smallpox it is 17.7 days [18]. We estimate
95% nonparametric bootstrap percentile confidence intervals [11] around the reproduction
numbers, which reflect the uncertainty in whether contacts in follow-up will become cases
and the uncertainty regarding possible links to orphan cases. The intervals are estimated
by repeating the following steps a thousand times: first, draw from a binomial distribution

with probability p,. for every contact in follow up whether it is going to be a case or not

and for every poséible link to an orphan case if this a true link or not; second, sum the total
number of secondary cases per case (this includes confirmed secondary cases, contacts in
follow up and orphan cases); and third, compute the mean of the total number of secondary
cases per case. By repeating this a thousand times, a thousand means are estimated, from
which the 2.5% and 97.5% percentiles define the 95% confidence interval around the R() in

a certain time interval.

Algorithm for layout of the time-oriented transmission tree

To provide an overview of the links between cases and contacts and the evolution of the
outbreak over time, we adapted the Reingold-Tilford tree-drawing algorithm [19] to obtain
a time-oriented transmission tree (see further details in Appendix B). In this node-link tree,
cases and contacts are represented as nodes, and the exposures between cases and
contacts are represented as links. The nodes of the cases are placed according to the first
day of symptom onset, and the nodes of the contacts are placed according to the lower
level of the monitoring period.

Model assumptions

Underreporting

The model assumes that all cases and contacts have been observed. However, this is most
often not the case. This underreporting might therefore introduce bias to our model. As
intensive daily contact tracing is in place during an emerging infectious disease outbreak,
we assume that the number of missed secondary cases is minimal and subsequently that
this underreporting has a limited effect on the estimation of the effective reproduction
number. Underreporting does not play a role in the estimation of the attack rates, as we
have defined the attack rate as the proportion of infected individuals among the total
number of traced individuals, instead of susceptibles.

Reporting delay
The model does not take into account reporting delay, which may introduce bias in our
estimates of the effective reproduction number and the attack rates. As intensive contact
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tracing is in place, we assumed that reporting delays are minimal as all cases and contacts

are under strict monitoring.

Introductions versus orphans

The model assumes there was only one introduction (index case) in the community, and
that cases not reported as a contact by anyone else (i.e. orphans), have their infector
among the observed cases. We considered it more likely that a case with an unknown
source originates from another observed case than that a new introduction of the emerging
infectious disease occurred in the community.

Simulation study

To allow assessing the accuracy of the estimated attack rates and effective reproduction
number, and to assess the performance of our tool for a larger outbreak, we performed a
simulation study. We used the outbreaker package in R to simulate an outbreak three times
as large as the smallpox outbreak in Tilburg, with similar parameter settings. We compared
the estimates of our model that use information on cases in follow-up to correct for right
censoring with reference estimates obtained by including all present and future information
on the infections and their contacts (no right censoring) and with naive estimates obtained
by ignoring any current information on the contacts (no correction for right censoring). A
detailed description of the simulation study can be found in Appendix C.

Visualization

To provide an overview of the outbreak, we display the contact tracing data in a multi-panel
plot (Figure 5.1) using the above-mentioned parameters and algorithms. It includes a large
plot with three horizontal panels plus a fourth panel at lower right.

In the large plot, the bottom panel contains an epidemic curve of the outbreak so far. The
epidemic curve is displayed as a histogram of the number of cases per three days from the
date of symptom onset of the first case to the current date. We take as a rule of thumb: the
width of the bars in the epidemic curve is usually one quarter of the length of the incubation
period.

The middle panel, which is vertically aligned with the epidemic curve, contains a line graph
of the course of R(t) with its 95% CI during the outbreak. In addition, for every case the
observed number of secondary cases Dj(t) is displayed by date of symptom onset of case j
as a scatterplot, in which the size of the dots is proportional to the frequency of the number
of secondary cases.

The top and main panel, vertically aligned with those below, contains the time-oriented
transmission tree. We have used the algorithm described above to place the nodes
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and links. The nodes representing cases in the tree are displayed as squares (men) or
as diamonds (women) at the date of symptom onset. The nodes representing contacts in
follow-up are displayed as dark red bars reflecting their monitoring period. In this way, it can
easily be seen which contacts are still at risk of developing symptoms, i.e., where the period
overlaps the current date. Nodes are labeled with the case or contact ID number. The links
between nodes are depicted as colored lines reflecting the various exposure types (family/
household, friend/neighbor, medical/religious, work); the line types differ for links between
cases (solid) and case—contact links (dashed).

Asolid vertical bar intersects these three panels to indicate the current date. The time-period
after the current date is colored grey to indicate that the outcomes are still unknown for that
period. Finally, the plot is annotated with dashed vertical lines that indicate important dates,
such as the day when the first case was discovered and the day when control measures
were installed. With the addition of such annotations, it can easily be seen if the situation
has changed after a certain time-point.

The fourth panel, lower right, contains a bar chart representing the exposure type-specific
ARs and their 95% Cls. The bar colors match the line colors in the network plot. Exposure
types are displayed only when their total number of cases and contacts is greater than 5.
Finally, above the fourth panel is information containing some summary statistics of the
outbreak so far (number of cases/contacts, number of contacts in follow-up or discarded,
and maximum number of secondary cases per case) as well as important dates and
explanation of the above-mentioned features.

The R 3.1.0 statistical software is used to construct this multi-panel plot; main packages used
are igraph, ggplot and shiny.
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Results

An overview of the outbreak situation at 30 May 1951 in a multi-panel plot is given in Figure
5.1. The runtime of the analysis of this outbreak at this date was 10.92 seconds. An overview
of the outbreak at an earlier time, the 29th of April 1951, can be found in Appendix D.

Between 23 February and 30 May 1951, 52 smallpox cases including 28 men and 24 women
were identified, with the highest number of cases reported at the beginning of May, as seen
in the epidemic curve (bottom left panel, Figure 5.1). For three cases (ID 1, 34, 50), no source
could be identified. By May 30, known as the current date, 22 contacts were in follow-up
(i.e., within their surveillance period) and 174 contacts were discarded, as their surveillance
was over. The latter are not shown to prevent crowding of the plot. If no new cases and
contacts present, follow-up of all contacts was to end by mid-June 1951.

The time-oriented transmission tree (top left panel, Figure 5.1) shows that most cases were
infected through household/family contact (31/52) (red lines), followed by friend/neighbor
contact (9/52) (blue lines). The exposure type-specific ARs are depicted in the bar chart in
the lower right panel of Figure 5.1. The AR was highest among those infected by work-related
contact (AR=42%; 95% Cl. 9 - 81%) and by medical contact (AR= 31%; 95% CI: 5 — 71%).

The evolution of R(t) during the outbreak (left middle panel, Figure 5.1) shows several peaks
in March and April, after which the R(t) declines to zero at the beginning of May. At the
end of May, a slight increase in the R(t) is observed, indicating probable secondary cases
among the contacts still in follow-up. The maximum number of secondary cases per case
was 13 by case 35, who could be identified as the main spreader in this outbreak thus far.
The transmission tree and the course of R(t) over time indicate that before the first case was
discovered and additional control measures were implemented, the R(t) was decreasing.
The R(t) before the first case was detected on 24 April was 2.42 (95% CI: 2.4, 2.53), and
the R(t) after additional control measures were installed was 0.83 (95% CI: 0.43, 1.29). The
R(t) before outbreak detection is slightly lower than the reproduction numbers reported
in previous studies [20-22], however, when taking into account that the population in this
outbreak was only partially susceptible due to childhood vaccination, the findings are quite
comparable.

The simulation study in Appendix C shows that a larger outbreak can be studied in a similar
way as the outbreak used in this study. The proposed estimators for the attack rate and
effective reproduction number that include information on contact tracing to account for
right censoring of the data, come closer to the actual values in comparison with another
(naive) estimator that does not correct for right censoring. The runtime of the analysis of the
simulated outbreak was 27 seconds on a standard laptop computer (Intel Core i5 processor).
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Figure 5.1. Screenshot of the contact tracing visualization tool with an overview of contact tracing
information during an outbreak of smallpox in Tilburg, the Netherlands, using information as of
May 30, 1951. Top panel: Node-link diagram of the (possible) transmission events between cases
and contacts over time. The cases are shown as symbols (square=men, diamond=women, circle=
unknown) by date of onset of symptoms. The contacts with Seffi(current date) > 0.05 are displayed
as a horizontal dark red bar indicating their monitoring period. The links between cases (case-case
links, solid) and between cases and contacts in follow-up (case—contact links, dashed) are depicted
as lines and colored by exposure type. Middle panel: Course of R(t) during the outbreak and observed
number of secondary cases per primary case. The course of the average case reproduction number,
R@t) (with 95% nonparametric bootstrap percentile confidence intervals), was estimated using a left-
sided moving average with a time-window of 18 days (the generation interval). The observed numbers
of secondary cases per primary case are displayed as black dots, with the size of the dots being
proportional to the frequency of the number of secondary cases. Bottom panel: The epidemic curve
of the outbreak per three days by date of onset of symptoms. Bar chart: The exposure type-specific
attack rates with their confidence intervals. Only exposure types with >5 cases/contacts are displayed.
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Discussion

We have proposed a tool and methods to accurately infer outbreak parameters in real
time from contact tracing data in order to enhance decision-making and, subsequently, the
efficacy and efficiency of outbreak control. The tool provides an indication of the work-load
of outbreak investigators (the number of contacts in follow-up) and gives an impression
of the effective transmissibility of the disease during the outbreak (R(t)). Visualization of
this information shows clearly which contacts are still at risk of developing symptoms and
which are no longer at risk and can therefore be discarded, reducing the work-load. The
estimation and visualization of exposure type-specific ARs helps public health practitioners
to identify the exposure types through which contacts are at the highest risk of developing
symptoms. Contact definitions can then be made more specific during the outbreak. In
our example of smallpox, we surprisingly found that work-related and medical contacts
yielded the highest AR, although family/household contact is usually more intense. Finally,
the information available through contact tracing allows assessment of interventions. In
the smallpox outbreak, it was observed that before the first case was discovered and the
implementation of additional control measures, the R(t) was decreasing. This decrease
might be attributed to the intervention, as cases identified just before its installation (up to
18 days, the generation interval) were less likely to cause secondary cases. The course of
R() is likely to be consistent with effectiveness of the control measure.

Our approach has three main strengths. First and foremost is its ability to analyze the data in
real time. Incubation period distributions are used to estimate when a contact is most likely
to develop symptoms, providing an up-to-date overview of the contacts in follow-up and the
related work-load for outbreak investigators. We added to the real-timeliness of the tool by
taking the censored data into account. This involved estimating the probability of infection
for a contact, using maximum likelihood estimation for those contacts still in follow-up to
estimate the AR and R(t) during the course of the outbreak. The AR is often obtained by using
aggregated numbers for total number of cases and contacts at a single time-point. Contacts
in follow-up are usually neglected and left out of the analysis. However, the contacts in
follow-up can still become cases, and the ARs might therefore be underestimated. Also,
R(t) is often underestimated, as potential secondary cases are not taken into account. By
accounting for the censoring of contacts still in follow-up, we could make our AR and R(t)
estimations more accurate (as we have shown in our simulation study in Appendix C).

The second strength of our approach is that it provides a comprehensive overview of the
outbreak at a glance. This graph is easily brought to table when outbreak management
decisions are discussed, making it easier to use by outbreak investigators compared to
other more software-oriented tools [8, 12, 13]. The tool is provided with a user-friendly
interface, making the use of the tool relatively straightforward. Value has been shown for all
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elements of the visual, such as the epidemic curve, the contact network, and the statistics;
but having them readily available in one visual output with the latest results is novel. Our
combination of elements offers a great advantage over previous methods focused on only
one element of the outbreak analysis [7-9].

The third strength is that the output is presented visually. We specifically aimed for this,
as the human mind can acquire more information through vision than through all of the
other senses combined [23]. Besides fast and efficient processing, visualization has
several other advantages [23], allowing the viewer to comprehend large amounts of data
and perceive patterns. Problems with the data can become more easily apparent. In our
smallpox example, it is immediately clear that the generation time between case 6 and 12
is improbably long and most likely due to a registration error or missed case in between.
Finally, visualization facilitates hypothesis generation. For these reasons, we support the
use of visuals instead of tables and text to communicate contact tracing information for
decision- making. In addition, the visual output bridges the gap between the more software
oriented-tools [8, 12, 13] and public health professionals whose programming skills are not
always advanced.

Several issues regarding use of our tool in daily practice should be kept in mind. First,
the visual is only as good as the input information. For this study, we used historical data
of a well-documented outbreak. We are aware that during an outbreak, registration of all
cases and contacts in a tidy way might not be the first priority. However, we expect that our
approach to visualize the valuable information for decision-making provides an incentive
for outbreak investigators to organize the data in the required format, as it will be time-
saving in the end. On the other hand, since this method is so dependent on data quality, it
can be used to trace errors of data entry as well. Second, the visual layout can be adapted
to deal with very large outbreaks with numerous contacts, such as the pertussis outbreak
in the Netherlands in 2012 [24], infectious diseases with a potentially long incubation time,
such as tuberculosis [25], or other than human-to-human transmissible diseases. For very
large outbreaks, the tool could be adapted by splitting the outbreak into smaller clusters.
For other than human-to-human transmissible diseases, like environmental point-source
outbreaks, the tool could be adapted by estimating the attack rates and transmission tree
by environmental source. The estimates of the effective reproduction number are not
relevant in such a situation.

There are various ways in which the tool can be improved upon in future studies. We
chose to use the incubation period distribution and generation time distribution from the
literature. One could also try to estimate these parameters from the data itself, with as a
major advantage a higher accuracy of the estimates for that specific outbreak. However,
the estimates would be very unstable at the beginning of the outbreak, as only limited
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data is available. It could be a possible direction for future development of the tool to
combine prior information from literature with a growing amount of data from an ongoing
outbreak. Second, outbreaks are typically described by the time, pathogen type, place, and
person characteristics. This tool was mainly focused on the dimensions of time and person.
Future work on how to add the dimensions of pathogen type and place to this layout would
be useful. A final minor point for improvement is the tree plotting algorithm, for which we
adapted a proven algorithm to optimize the use of available space (Appendix B), but which
in some cases results in crossing lines.

To conclude, we have proposed a tool to visualize contact tracing information to increase
timely access to information on the characteristics of an emerging outbreak. The tool
obtains and visualizes accurate outbreak parameters by taking into account the censoring
of the data. The resulting information can help public health professionals to get a real-time
overview of the outbreak and subsequently make better decisions in order to control the
outbreak. Further research should focus on improving the network layout algorithm and
enhancing the visual with data on pathogen type and place that are obtained during the
outbreak.
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Appendix A
MAXIMUM LIKELIHOOD ESTIMATION FOR PROBABILITY ON INFECTION

Notation and data

By a contact we mean an individual that has been identified in contact tracing, irrespective
of the fact whether this individual is infected or not. We use the subscripti=1,2,...,nto
label the contacts. Contacts are categorized by their type (household, work etc). We use the
subscript x to denote type.

By an orphan we mean an infected individual for which the infector hasn’t been traced.
For each contact / we have observation on time of start of exposure, t and the end of

start,i”

exposure t, . We have a censoring indicator d which is O if the contact has not shown any

d,
symptoms at the current time ¢, and which is 1if the contact has shown symptoms before
the current time t. For a contact / who has shown symptoms before the currenttime ¢ (d, = 1),
we denote the time of symptom onset as tomr For a contact /i who has not shown symptoms
the current time, we denote the current time as censoring time for tomr For each contact i

we calculate the time from start of exposure to the time of symptom onset / censoring time:
[i = l:ym,i - tstart,i (1)

Exposure and incubation period

The incubation period is defined as the time from exposure to symptom onset. For many

infectious diseases this distribution is well described by a lognormal distribution. For

smallpox the best fitting lognormal distribution to observed incubation periods has a median
of 13 days and a dispersion of 113 (Sartwell, 1966). We denote this distribution as f,_ :

1,,.() ~ lognormal(In(median), In(dispersion)’) (2)

We denote the cumulative distribution as £, _and the corresponding survival distribution as
S,.= 1= F, . Formost cases we do not have a single moment of exposure, but a period from
first exposure to last exposure. We assume that effective transmission from the infector to
the infected can occur with equal probability during the period from first to last exposure.

We denote this exposure distribution as fexp.

f;xp,i(t) ~un if‘o rm (t.v/arl, I tend. i) ( 3 )

We define an effective incubation period as the total period from a first exposure to symptom
onset. For any infected individual, the effective incubation period is the sum of the time
from first exposure to effective transmission, and from effective transmission to symptom
onset. The distribution of the effective incubation period is the convolution of the uniform
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distribution from first exposure to last exposure with the lognormal distribution that describes
the incubation period distribution. We denote the effective incubation period distribution as

Ly ® = 1,0 = £, (D) @

We denote the corresponding cumulative probability distribution function by F__ (t), and the
corresponding survival distribution as S_, (1) =1~ F__ (t).

Probability of infection for a contact

Each contact of type x has a probability 77 _of being infected and a probability (1= 77) of not
being infected. If not infected, the contact does not develop any symptoms. If infected,
the contact will develop symptoms and the time from first exposure to symptom onset will
follow the effective incubation period. This defines a mixture distribution of a contact of type

x for its time to infection:

S A =], () (5)

F () =aF, (1) (©)

with a corresponding survival distribution
S0 =1 = nF, 1) (7)

We can calculate the type-specific hazard of symptom onset as

7S @)

]_”x Fejfi (t)

h (1) =
Likelihood equation for probability of infection
The likelihood contribution of the jth contact with symptom onset/censoring time ¢ and
indicator d, is

L, d)=[h, ()15, (t) ©)
The corresponding contribution to the log likelihood is

C(mt,d)=d Inh (1) +InS (1) (10)

The total log likelihood is

(e lod) =%, (x_Jt, d)=Z.d Inh_(t)+%,In S, (1) (11)
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substituting the definitions for h  and S and simplifying gives
lrltd)y=c+X, Inz+X  In(l-7F, (1)) (12)

where c is a constant. For practical purposes we might simplify this equation further. We
have n contacts, of which a number of n_contacts showed symptoms, a number of n,
contacts are in follow up as they might be incubating infection, and a number of n_contacts
that showed no symptoms during their monitoring period.

Uz |t d)=c+n In(x)+nIn(l-x) +f:]f In(1-7F, (1)) (13)
We can check that when the epidemic is over, and there are no contacts incubating infection,
this reduces to the binomial likelihood for proportion symptomatic.

Estimator for probability of infection
The maximum likelihood estimate for the probability of contact of type x, 17, to be infected
can be found by maximizing the log-likelihood.

z = argmax ((p_|t.d)) (14)

The 95% confidence interval for probability of contact of type x to be infected, 17, is obtained
as a profile likelihood. We include values of 1 where the deviance 2({(z)-{(r) is
smaller than 3.841, the critical value for Pearson’s chi-square test at a level of significance
of 0.05 on one degree of freedom.

Probability of infection for a contact of type x that has not developed any symptoms
up to time t

For each contact / which has a link of type x to its infector case j, the probability that it is
infected at time t is given by

_ ﬁx Seﬁ,'i (t)
Pisx =78 (1) (1)

Numerical considerations

We approximate the cumulative effective incubation period distribution F_(t) by drawing a
sample from the uniform distribution, drawing a sample from the lognormal distribution, and
adding these to obtain a sample from the effective incubation period distribution. We repeat
this 10,000 times, and rank the samples. We obtain a close approximation to the probability
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density of the effective incubation period distribution, F_, (t). We evaluate the log-likelihood
for values of 7 ranging from O to 1. For these values we identify first the maximum likelihood
value, and then the values that lie within the 95% confidence interval around the maximum

likelihood value.
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Appendix B
THE LAYOUT-ALGORITHM OF THE TRANSMISSION TREE

We adapt the Reingold-Tilford tree drawing algorithm to get a time-oriented transmission
tree. In this appendix, we explain the adaptations step by step, and we illustrate the
adaptations with a hypothetical tree structure.

We start with placing the cases and contacts in a standard node-link diagram (Fig.
B1A). We apply the Reingold-Tilford tree drawing algorithm on this diagram (Fig. B1B). This
algorithm is based on a few principles: 1) nodes at the same generation of the tree should
lie along a straight line (blue dotted lines), and the straight lines defining the generations
should be parallel, 2) a left son should be positioned to the left of its father and a right
son to the right, and a father should be centered over its sons. This algorithm results in a
generation-based transmission tree. The next step is rotating the positions of the nodes
such that cases in the same generation are aligned at the same horizontal position (Fig.
B1C). We could shift the horizontal position of a case towards the left or the right such that
this horizontal position reflects time of symptom onset and accordingly we could shift the
horizontal position of a contact such that it becomes the time window for the 90%-interval
of sympom onset; unfortunately, this would result in several crossing links (Fig. B1D). We
introduce a trick to reduce the number of crossing links: before we reposition the nodes
according to calendar time, we add ‘dummy offspring’ in such a way that all branches of
the transmission tree have at least one node left in the last generation of the transmission
tree (Fig. BIE). In the example, we created three generations of ‘dummy offspring’ for nodes
E, F and H, which are in the same and last generation as nodes |, J, K, L and M of the
transmission tree. We now reposition the nodes according to calendar time (Fig. B1F), and
remove the ‘dummy offspring’ (Fig. B1G).
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Figure B1: Steps in creating the layout of the transmission tree. A) Place the cases and contacts
in a standard node-link diagram. B) Apply the Reingold-Tilford algorithm on the data. C) Align the
generations vertically. D) Reposition the horizontal position of the nodes according to calendar time.
E) To reduce the number of crossing links, add ‘dummy offspring’ to the vertically aligned transmission
tree. F) Reposition the nodes and ‘dummy offspring’ according to time. G) Remove the‘dummy offspring’
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Appendix C
SIMULATION STUDY

In order to assess the accuracy of the estimator of the attack rates (AR) and the effective
reproduction numbers we performed a simulation study. We used the R package
‘Outbreaker’ and the simOutbreak function to generate an outbreak of about three times
the size of the outbreak used in the main paper. We generated an outbreak in a population
of 150 individuals for an infection with a basic reproduction number of 3, starting with one
infectious case on March 1, 2015. We simulated contacts by linking each simulated case to
a random number of contacts, this number was drawn from a discrete uniform distribution
Unif{3, 10}. We simulated the exposure dates, durations of exposure and exposure routes
for each contact. The code for generating the data is given at the end of this appendix.

An overview of the simulated outbreak for May 30, 2015 is shown in Figure C1. The epidemic
curve, the time course of the reproduction number and the histogram with attack rates
present a summary of the simulated data that are available at that point in time. The network
gives a clear picture of how the infection was spreading at the start of the outbreak, although
the more than 300 contacts in follow-up appear crowded.

The proposed estimator of the overall attack rate uses information on cases in follow-up
to correct for right censoring. We compare the performance of this proposed estimator to
two alternative estimators. One alternative estimator, the reference estimator, is obtained
by including all present and future information on the infections and their contacts (no
right censoring). Another estimator, the naive estimator, is obtained by ignoring any
current information on the contacts (no correction for right censoring). Figure C2 shows
the comparison between the proposed estimator of the overall attack rate and the two
alternatives. One can see that the estimate of the overall attack rate is very uncertain
when only a few cases have been observed. As more cases are observed, the confidence
interval shrinks and closes in on the actual value without right censoring. This actual value
is covered by the confidence interval throughout the epidemic. The proposed estimator is
consistently better than the naive estimator that ignores information on contacts in follow-
up and that does not correct for right censoring of the data.

The proposed estimator of the effective reproduction number also uses information on
cases in follow- up to correct for right censoring. We again compare the performance of
this proposed estimator to two alternative estimators. Again a reference estimator, that
is obtained by including all present and future information on the infections and their
contacts (no right censoring), and a naive estimator, that is obtained by ignoring any
current information on the contacts (no correction for right censoring). Figure C3 shows the
comparison between the proposed estimator of the effective reproduction number and the
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two alternatives at four points in time during the outbreak. One can see that the estimate
of the effective reproduction number is very uncertain when only a few cases have been
observed at the beginning of the outbreak. As more cases are observed, the confidence
interval shrinks. The proposed estimator is performing considerably better than the naive
estimator that consistently underestimates the effective reproduction number in the most
recent time intervals.

Overview of the smallpox outbreak in Tilburg, the Netherlands.
1951-02-27 to 1951-04-29
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Figure C1. Overview of the simulated outbreak at May 30, 2015
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Figure C2. Estimators of the overall attack rates over time. Black: estimator of the overall attack rate
over time that uses information on cases in follow-up to correct for right censoring (with 95% CI in
grey); red: naive estimator of the overall attack rate over time that is obtained by ignoring any current
information on the contacts (no correction for right censoring); blue: reference estimator of the overall
attack rate over time that is obtained by including all present and future information on the infections
and their contacts (no right censoring).
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Figure C3: Estimators of effective reproduction numbers over time. a) Situation at 1 April 2015, b)
Situation at 15 May 2015, c) Situation at 30 June 2015, d) Situation at 30 September 2015. Black:
estimator of the effective reproduction number that uses information on cases in follow-up to correct
for right censoring (with 95% Cl in grey); red: naive estimator of the effective reproduction number that
is obtained by ignoring any current information on the contacts (no correction for right censoring); blue:
reference estimator of the effective reproduction number that is obtained by including all present and
future information on the infections and their contacts (no right censoring).
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R code to generate simulated dataset

# Simulation outbreak

library(outbreaker)

# Simulate data using the outbreaker package

set.seed(10)

dat <- 1ist(n=0)

fHF simulate data with at least 20 cases

while(dat$n < 20 ) {

dat <— simOutbreak(RO = 3, infec.curve = c(dgamma(seq(from =1 , to= 40 , by=1)
17.7)) , n.hosts= 150, duration = 250)}

simdat<— data.frame(ID= dat$id, IDSource= dat$ances , date= dat$onset)

# add additional data for cases

simdat$Type<— c (“Case”)

route <— ¢ (rep (“Family/Household” , 31 ), rep(“Friend/neighbor”, 9),
rep(“Medical”, 4), rep(“Work”, 5)) simdat$Exposuretype <— sample(route,
length(simdat$Type), replace=T)

expdurfam <- rgamma (1000, 4)

simdat$Exposureduration <-= ¢ ( )

for(i in 1: Tength(simdat$Exposuretype))

if(simdat$Exposuretypel[il== “Family/Household”) {
simdat$Exposureduration[il<— round(sample(expdurfam, 1), 0) } else {
simdat$Exposureduration[il<— 11}

incperdist<— rlnorm(1000, log(13), Tog(1.13))

simdat$Expdate<— c( )

for (i in 1: length(simdat$date)){

simdat$Expdate[i]<— simdat$date[i] — round(sample(incperdist, 1), 0)—
simdat$Exposureduration[il}

f#fadd random number (between 3 and 10) of contacts to every case

for (i in 1 : Tength(simdat$ID)){

ncontacts <- sample(c(3:10), 1)

id <- c(paste(c(rep(i, ncontacts)), letters[l: ncontacts], sep=""))

source <— c(rep(i, ncontacts))

datesample <— sample(c(=3:5), ncontacts, replace=T)

expdate <— simdat$date[i] + datesample

route <— c(rep(“Family/Household”, 12), rep(“Friend/neighbor”, 5), rep(“Medical”,
1), rep(“Work”, 4))

exposuretype <— sample(route, ncontacts, replace=T)

exposureduration <-= c()

for (j in 1: Tength(exposuretype)){

if (exposuretypel[j] == “Family/Household”){

exposureduration[j] <- round(sample(expdurfam, 1), 0) } else {
exposureduration[jl<-1}}

contact.df <- data.frame(ID= id, IDSource= source, date= rep(NA, ncontacts),
Type= c(rep(“Contact”, ncontacts)), Exposuretype = exposuretype, Exposureduration=
exposureduration, Expdate= expdate)

simdat <- rbind(simdat, contact.df)

}

simdat$Gender <— sample(c(“man”, “woman”), length(simdat$Type), replace=T)
simdat$D0OD <- as.Date(*2015/03/01”, origin= “1970-01-01") + simdat$date
simdat$Exposuredate <- as.Date(*2015/03/01”, origin= “1970-01-01") + simdat$Expdate

n7z
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Figure D1: Overview of the smallpox outbreak in Tilburg, the Netherlands at April 29, 1951
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CHAPTER 6

Abstract

With growing amounts of data available, identification of clusters of persons linked to each
other by transmission of an infectious disease increasingly relies on automated algorithms.
We propose cluster finding to be a two-step process: first, possible transmission clusters
are identified using a cluster algorithm, second, the plausibility that the identified clusters
represent genuine transmission clusters is evaluated.

We developed tools to visualise: (i) clusters found in dimensions of time, geographical
location and genetic data; (i) nested sub-clusters within identified clusters; (iii) intra-cluster
pairwise dissimilarities per dimension; (iv) intra-cluster correlation between dimensions. We
applied our tools to notified mumps cases in the Netherlands with available disease onset
date (January 2009 — June 2016), geographical information (location of residence), and
pathogen sequence data (n=112). We compared identified clusters to clusters reported by
the Netherlands Early Warning Committee (NEWC).

We identified five mumps clusters. Three clusters were considered plausible. One was
questionable because, in phylogenetic analysis, genetic sequences related to it segregated
in two groups. One was implausible with no smaller nested clusters, high intra-cluster
dissimilarities on all dimensions, and low intra-cluster correlation between dimensions.
The NEWC reports concurred with our findings: the plausible/questionable clusters
corresponded to reported outbreaks; the implausible cluster did not.

Our tools for assessing automatically identified clusters allow outbreak investigators
to rapidly spot plausible transmission clusters for mumps and other human-to-human
transmissible diseases. This fast information processing potentially reduces workload.

122



VISUAL TOOLS TO ASSESS PLAUSIBILITY OF INFECTIOUS DISEASE CLUSTERS

Introduction

Individual case data originating from routine infectious disease surveillance more and more
also include genetic sequence information. With increasing availability of different types of
data (e.g. geographical data, time, genetic sequence), each adding their own dimension,
and quantities of data rising, transmission-cluster identification of infectious diseases
progressively relies on automated algorithms. A transmission cluster can be defined as
several cases of an infectious disease which are connected by transmission of this disease
from one person to another. A transmission chain is then defined as a series of cases
connected by transmission events. Much work has been done on developing algorithms
to identify transmission clusters of cases using large datasets [1]. Existing algorithms focus
on cluster identification in time [2-9], in space or space-time [10-12], in genetics [13-15], or by
combining all three data dimensions [16-18].

A major challenge with clustering algorithms is to balance specificity and sensitivity. If an
algorithm lacks specificity, it finds clusters of cases even though there are no transmission
events that link them. If it lacks sensitivity, the algorithm does not find genuine transmission
chains. To be on the safe side, most algorithms have a high sensitivity at the expense of
specificity and as a result also identify clusters of cases that are not genuine transmission
clusters. We therefore propose cluster detection using algorithms as a two-step process:
(i) detecting possible clusters of infectious diseases with an algorithm and (i) assessing the
plausibility that an identified cluster represents a transmission cluster.

While there has been much work on the first step, little research attention has been paid to
methods for improving the plausibility assessment. Currently, identified clusters are usually
assessed by epidemiologists who assess information and verify it through communicating
with the municipal health services (MHS). This can be quite labour intensive, especially
if there are many identified clusters stretching across multiple regions. Only recently, a
study has been published that introduced a framework for computing epidemiological
concordance of microbial subtyping data of Campylobacter jejuni [19]. Epidemiological
cluster cohesion is based on time, geographical location, and environmental source
distances with adjustable weights. This method requires the computation of a disease
specific source distance matrix, making it difficult to apply generically. To our knowledge
no further tools are available for careful plausibility assessment of automatically detected

clusters.

In order to develop such tools, general characteristics for discriminating transmission
clusters from non-transmission clusters have to be identified. We propose to assess the
variation of clusters in their time, geographical location and genetic profile. The variation
on these dimensions can be visualised by projecting cases on an epidemic curve, map,
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and phylogenetic tree, respectively, as well as by estimating the relative distance between
clustered cases on these respective dimensions and comparing the distance to the inter-
case distances from non-clustered cases. It is assumed that clustered cases will have
smaller inter-case distances on these respective dimensions than non-clustered cases.
However, there are exceptions: an outbreak may show large variation in time between
the occurrence of cases (single persistent source, e.g. typhoid [20]), large variation in
geographical distances between cases (initial cases travel large distances, e.g. severe
acute respiratory syndrome (SARS) [21]), or include large genetic sequence variation in the
pathogen causing the outbreak (fast mutating strains, e.g. Ebola [22, 23]). In order to settle
several of these exceptions, intra-cluster correlation between the data dimensions time,
geographical location and genetics can be used as another discriminatory characteristic.
In genuine transmission clusters, variation on one dimension tends to be correlated with
the other dimension. For example, with tuberculosis, cases within a genuine transmission
cluster with a larger genetic distance, also tend to have a larger distance in time [24].

Thelargesthurdle to effectively use algorithms in outbreak investigations is the interpretation
of their output, rather than the application of the algorithms themselves. As visualisation
techniques support fast processing of large amounts of information, developing tools
for visually assessing the plausibility of transmission clusters identified through statistical
algorithms may help outbreak investigators [25]. Moreover if data are available in a timely
fashion, this may allow pointing outbreak investigators to the most plausible signals first,
which, when time is scarce, may facilitate task prioritisation. Finally, outbreak information,
such as what is obtained with various available tools (e.g. typical cluster size, typical inter-
case distance and correlate estimates between dimensions for a specific disease), might
contribute to our current understanding of transmission model parameters [26, 27].

To apply and assess the tools that we develop, we use mumps notification and sequence
data reported between 2009 and mid-2016 in the Netherlands. We specifically chose
mumps in the Netherlands as it has been intensively studied over the past few years, with
comprehensive documentation available [28-33]. In the Netherlands, mumps is a notifiable
disease and symptomatic cases are reported to the MHS by physicians and/or laboratories.
Cases are either notified when there is a laboratory confirmation or when there is an
established epidemiological link with a confirmed case. In case of laboratory confirmation,
the national reference laboratory aims to obtain material from regional laboratories for
further sequencing. Sequencing provides information on the circulating genotypes and
helps to assess whether there is endemic circulation or new introductions of mumps viruses
in the country.

Currently, epidemiologists mainly rely on epidemic curves (time data dimension) to detect
mumps outbreaks. We set out to assess whether combining geographical location,
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time and genetic information can contribute to mumps cluster identification. We use an
existing clustering algorithm which can take into account these three data dimensions
[16, 17] (hereafter: the time-place-type clustering algorithm), and which is already in use
to identify outbreaks of various diseases in the Netherlands, such as meningococcal W
disease, meticillin-resistant Staphylococcus aureus (MRSA) [17] and echovirus type 6 [34].
We develop and validate visual tools to determine whether identified clusters with this
algorithm represent transmission clusters.
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Methods

Data

In this study, we include all notified mumps cases in the Netherlands who were diagnosed
between 1 January 2009 and 31 May 2016. Notification criteria for mumps include more than
one related symptom (i.e. acute onset of painful swelling of the parotid or other salivary glands,
orchitis, or meningitis) and laboratory confirmation of infection or an epidemiologic link to a
laboratory-confirmed case. The notification criteria did not change during the study period.

For our analysis, for each case we require data on three factors. The firstis the disease onset
date, which is collected during routine surveillance. The second is the geographical location.
The geographical location can be any location that is most relevant for the transmission
pattern of the disease under study. For pragmatic reasons, this is usually the location of
residence of the case, but this might also be a working address or other place visited. In
this study, we used more specifically the latitude and longitude of location of residence
of the cases. In the Netherlands, cases’ four digit postal code of residence is collected
during routine surveillance. We take the centroids of the four digit postal codes and use
its latitude and longitude as the input variables for the algorithm. The third required factor
consists of the sequences of the small hydrophobic (SH) gene (316 bp), the haemagglutinin/
neuraminidase (HN) gene (1,749 bp), and the fusion (F) gene (1,617 bp). Sequences of these
three genes are used in combination to distinguish between different mumps genotypes
[35], and clusters within genotype G [33]. Since the algorithm that we use is only able to
handle cases with data on all three dimensions, cases with missing data on one of the three
required factors are excluded from our analysis.

Cluster algorithm

In order to find infectious disease transmission clusters using time, geographical location,
and genetic information, Ypma et al. [16] have developed an algorithm to combine pairwise
distances between cases on all three data dimensions into one metric. The algorithm sorts
cases by relatedness on all three dimensions and subsequently defines a relative distance
for all possible pairs of cases reflecting the number of cases found in between the two
cases. The relative distances (dissimilarities) for each dimension are calculated, and the

combined dissimilarity (d__ ) between every pair of cases is then defined as the product

combi’

of the separate dimension dissimilarities. Next, the cases are joined to form a hierarchical

tree of related cases, based on d using single-linkage clustering. For every cluster in

combi’

the tree, statistical significance of each cluster given its height and cluster size is calculated
using permutation. More details on the algorithm are presented in Appendix A.

To demonstrate the tools in this paper, we choose a p value<0.001 as cut-off level for
significance of clusters and consider only the clusters that are not nested within other
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identified clusters (hereafter ‘highest unnested clusters’) at that cut-off level. Since the p
value cut-off level is an arbitrary choice, we add flexibility to the tool, by allowing setting
cut-offs for p value, maximum tree-height and maximum cluster size.

Assessing the plausibility of clusters representing transmission events

We have developed four tools to assess the plausibility that clusters identified by the time-
place-type clustering algorithm represent transmission events. Below we describe each of
these four tools in detail.

Overview visualisation of the clusters in the time, geographical location, and genetic
dimensions

To assess the variation in time, geographical location and genetic profile of the identified
clusters, we visualise the distribution over time by projecting clusters on an epidemic
curve (a histogram showing the distribution of cases over time). The distribution across
geographical location is visualised by projecting cases coloured according to their cluster
membership on a proportional symbol map, in which the point size is proportional to the
number of cases at that location. In the interactive version of the tool, this map is replaced
by an interactive dot map, which allows for zooming. The distribution across the genetic
dimension is visualised by projecting clusters on an arbitrarily rooted maximum likelihood
phylogenetic tree. Only the significant highest unnested clusters are visualised, using
different colours for every cluster.

Hierarchical clustering tree to visualise the nesting of clusters

Identified clusters can be nested within larger clusters. The structure of the nesting
provides valuable information on the strength of the clusters, for example, a cluster that
contains several significant clusters at a lower nesting level is stronger than a cluster with
no significant clusters at a lower nesting level. Therefore, the structure of the nesting is
visualised by providing a hierarchical clustering tree of related cases, a dendrogram, based
on d_ .. The significant highest unnested clusters are visualised by colouring the end-
nodes, and all significant clusters are visualised using black dots at the significant internal
nodes.

Intra-cluster pairwise dissimilarity per dimension

To determine the impact of each dimension on d_  (time, geographical location or

bi
genetics), we calculate for every significant highest unnested cluster the pairwise
dissimilarities per dimension (time, geographical location, genetics, and combined). The
pairwise dissimilarities are a measure for intra-cluster variance for the different dimensions.
The median dissimilarity is defined as the median of the pairwise dissimilarities (d._, d

time’ ~ geo’
d __andd

gen comb/')

per cluster. We visualise these pairwise dissimilarities using notched boxplots
[36]. In a notched box plot, the notches extend 1.58 x interquartile range (IQR) / sqrt(n),

127



CHAPTER 6

which roughly corresponds to a 95% tolerance interval (assuming a normal distribution). The
notches are then used to compare medians, i.e. non-overlapping notches for two different
dimensions suggest that the medians are significantly different.

Intra-cluster correlations between the different dimensions

We visualise the intra-cluster correlation of the pairwise dissimilarities between the different
dimensions. The intra-cluster correlation provides information on the internal cohesion of
a significant cluster, for example, if cases within a cluster are close in time (small d,_),
are also close in geographical space (small dgeo). In addition, the intra-cluster correlation
coefficient between the separate dimensions and the combined dimension informs us on
the contribution of each dimension to the combined dimension. For every significant highest
unnested cluster, we compute the Spearman rank correlation coefficient (r) between the
pairwise dissimilarities of all dimensions and its p-value [37]. We visualise the strength and
direction of the correlation coefficients per cluster using a matrix layout. In the interactive
version of the tool, one can hover over the matrices to allow for the correlation coefficients

and p-values to pop up.

Epidemiological validation

We use epidemiological information to check the validity of the identified significant highest
unnested clusters. The gold standard for confirming transmission links is the presence of an
epidemiological link between cases. However, this information is only available for a very
small subset of mumps cases and is only described in free text fields, which is difficult to
analyse. We therefore use mumps outbreaks described in the reports of the Netherlands
Early Warning Committee (NEWC) as gold-standard-identified clusters and assess whether
these outbreaks correspond to clusters identified with the algorithm [16]. The clusters that
do not correspond with the reported outbreaks are considered false positives. In addition,
we check whether the identified clusters are described in the literature.

Analysis with only two dimensions

Since the algorithm cannot handle missing data and since genetic data are often delayed
or missing, in Appendix B we show results when using time and geographical location data
only.

Availability

All analyses are performed in R 3.4.3 [38]. We have developed an R package ClusterViz
containing an R shiny app to allow users to interactively set parameter values such as cut-
offs for p values, tree heights, and cluster sizes. The R package can be downloaded from a
github page (https://github.com/Isoetens/ClusterViz). A demo file for testing the tool is also
available with this package (as described below). Considering the genetic data used in this
study, all F gene, SH gene and HN gene sequences are submitted to the GenBank database
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and are available with the accession numbers KJ125045-51, KJ125053-9, KJ125061-7, and
KU756625-930.

Ethical statement

Due to privacy concerns, data on date of diagnosis and geographical location are
not published in any public database. Thus we have slightly obfuscated the time and
geographical location data and have added the data file as a demo file to the R package.
In accordance with Dutch law, no informed consent was required for this study using

anonymised routine surveillance data.
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Results

Between 1 January 2009 and 30 June 2016, 2,039 cases of mumps were reported in the
Netherlands. A sequenced sample of the SH, HN, and F gene was available for 118 (5.8%)
of the cases. Of the 118 cases with sequenced data, six had missing geographical data.
Therefore, 112 (5.5%) cases were included in the analyses. These cases were mainly male
(n=65; 58.0%) and had a median age of 24 years (IQR: 20-27 years). In this study period, 14
mumps related signals were reported by the NEWC (Table 6.1).

Figures 6.1 to 6.4 represent output from our tool. The algorithm identifies 10 clusters with
p<0.001 of which five are nested (Figure 6.1). After collapsing the nested clusters into their
parent clusters, five significant highest unnested clusters remain. Of those five highest
unnested clusters, cluster 2 (blue, n=9), 3 (green, n=12) and 4 (pink, n=13) contain smaller
clusters which are also significant, whereas cluster 1(red, n=3) and 5 (orange, n=28) are not
supported by other significant clusters at a lower nesting level.

Table 6.1. Summary of all mumps outbreak reports by the Netherlands Early Warning Committee
between January 2009—-May 2016 (n=14)

Cluster
number
N cases Age according
Date in range to current
No reported Reported by Covering time period  report  (years) Remark/ source study
1 09 Apr RIVM  Aug 2007—Apr 2009 171 NR Start of nationwide 4
mumps epidemic
2 12 Feb RIVM  Dec 2009-Feb 2012 1,264 NR Overview of NL
nationwide mumps
epidemic
3 12 Apr  GGD Gelderland - Mar 2012 22 15-26 Party 5
Midden
4 12 Jul GGD Hollands - Jul 2012 3 6-8 School NL
Noorden
5 12Aug GGD Zaanstreek-  Jul 2012—Aug 2012 21 16-48 Unknown 5
Waterland
6 13Feb Utrecht Feb 2013 8 NR Unknown 5
7 13 Jun GGD Hollands Jun 2013 11 23-29 Unknown NL
Noorden
8 13 Nov GGD Zaanstreek- Sep 2013-Nov 2013 16 4-47 All living in 3
Waterland Volendam
9 13 Nov GGD Groningen  Sep 2013—Nov 2013 13 17-36 Students NL
10 14Feb  GGD Zaanstreek Feb 2014 3 25-30  Work in healthcare NL
- Waterland, GGD setting
Haaglanden
11 15 Apr  GGD Haaglanden  Mar 2015-Apr 2015 5 NR Sports club 2
12 15Jun  GGD Haaglanden  Apr 2015-Jun 2015 NR NR Students linked to 2
school and earlier
cluster at sports club
13 16 Mar GGD Brabant  Feb 2016—Mar 2016 6 18-40 Carnival 1
Zuidoost
14 16 Apr GGD Hart voor  Mar 2016—Apr 2016 6 17-23 Friends/party 1
Brabant

GGD: Gemeentelijke GezondheidsDienst (Municipal Health Service); NL: no link to a cluster; NR: not
reported; RIVM: Rijksinstituut voor Volksgezondheid en Milieu (National institute for public health and
the environment).
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600 unclustered cases, n= 47
4 cluster1,n=3

A cluster2,n=9

A cluster 3, n=12

A cluster4,n=13

4 cluster 5, n=28

400 -

Combined dissimilarity

200 -

Figure 6.1. Hierarchical clustering tree of the combined dissimilarities of all dimensions® for cases of
mumps in the Netherlands, January 2009—-May 2016 (n=112 cases)

2 All dimensions include time, geographical location or genetic dimensions.

The colours represent the cases belonging to significant highest unnested clusters. The black dots
respresent significant clusters (p<0.001) at all nesting levels.

To assess the plausibility of the clusters for a specific disease, we focus on the variation
within clusters across the time, geographical location or genetic dimension. The clusters
show differences in how the cases and samples are distributed over time (Figure 6.2a),
geographical location (Figure 6.2b), and sequence space (Figure 6.2c). Compared
with clusters 4 and 5, cluster 1, 2 and 3 are very compact on all three dimensions (time,
geographical location, and genetics). While cluster 4 is relatively concentrated in time and
geographical location, it is distributed across two branches of the phylogenetic tree. For
mumps this makes it less plausible that all cases belong to the same transmission chain,
as the mumps virus is characterised by a very low mutation rate [39]. For each of the two
clusters nested within cluster 4 in the hierarchical tree, cases are located on two branches of
the phylogenetic tree, suggesting that also the nested clusters contain substantial genetic
disparity. Cluster 5 is quite dispersed on all three dimensions (time, geographical location,
and genetics), making this cluster very implausible.
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Figure 6.2. Identified clusters of mumps with cases projected on (a) an epicurve (time), (b) maps of the
Netherlands (geographical location), and (c) an arbitrarily rooted maximum likelihood phylogenetic
tree of the pathogen sequences (genetics), Netherlands, January 2009—-May 2016 (n=112 cases). The
colours indicate the significant highest unnested clusters identified with the time-place-type algorithm
(cluster 1is red, 2 blue, 3 green, 4 pink, 5 orange); the unclustered cases are depicted in grey. The
scale represents the number of nucleotide substitutions per site.

We estimate and visualise for every significant highest unnested cluster the pairwise
dissimilarities per data dimension (Figure 6.3). We find that the median pairwise dissimilarity
is significantly lower on the combined dimension in all clusters when compared with the
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combined pairwise dissimilarity in the unclustered cases. Of the five clusters, cluster 1 has
the lowest median pairwise dissimilarities on the three individual dimensions and their

combination and cluster 5 has the highest intra-cluster variance on the three individual
dimensions and their combination.

unclustered cases cluster 1 cluster 2 cluster 3 cluster 4 cluster 5
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Figure 6.3. Notched boxplots of the pairwise dissimilarities per dimension and cluster of mumps cases,
Netherlands, January 2009—-May 2016 (n=112 cases)

IQR: interquartile range.

For the unclustered cases and for each cluster (1-5), the first column in each figure shows the pairwise
dissimilarities in time, the second pairwise dissimilarities in geographical location, the third pairwise
dissimilarities on genetics, and the fourth shows the combined pairwise dissimilarity. The boxes’
height represents the IQR. The horizontal lines in the notches represent the median of the pairwise
dissimilarities and the lower and upper bounds of the notches can be interpreted as the 95% tolerance
interval. The upper whisker extends from the box to the largest value no further than 1.5 *IQR from the

box. The lower whisker extends from the box to the smallest value at most 1.5 * IQR of the box. Black
dots indicate outliers.

We visualise the intra-cluster Spearman rank correlation coefficient (r) of the pairwise
dissimilarities between the different dimensions (Figure 6.4). When looking at the correlation
coefficients between the data dimensions time, geographical location and genetics, we can
see that many correlation coefficients either cannot be estimated due to zero variance
(identical sequences) on the genetics dimension (cluster 1 and 2) or are not statistically
significant (p>0.05). Only in cluster 3 the time dimension is significantly correlated with
the geographical location (r=0.4) and genetics (r=0.5) data dimension, and in cluster 4
and 5 the time dimension is correlated with the genetics dimension only (r=0.3 and r=0.2
respectively). When then looking at the contribution of the individual data dimensions to
the combined dimension, we can see that in cluster 1, 2 and 3, the dimension of time and
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geographical location contribute equally and strongly to the combined dimension (r={0.9,
0.6, 0.9)), and in cluster 4 and 5 the dimension of genetics contributes the most information
to the combined dimension (r={0.8, 0.7}).

cluster 1 cluster 2 cluster 3 cluster 4 cluster 5

time time time time time
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Figure 6.4. Matrix plots of the Spearman intra-cluster correlation between pairwise dissimilarities of all
four dimensions for cluster 1—5

Combi: combined; gen: genetics; place: geographical location, NA: correlation cannot be estimated.
The width of the ellipse indicates the strength of the Spearman rank correlation coefficient r, while the
slope of the ellipse indicates the direction of r (positive slope, positive r; negative slope, negative r).
The crossed-out ellipses indicate insignificant correlations (p>0.05), and an NA indicates a correlation
could not be estimated due to zero variation on one or both dimensions.

As a measure of validity, we have assessed whether mumps outbreaks described in the
reports of the NEWC correspond to clusters identified with the time-place-type algorithm.
Clusters 1-4 are easily linkable to reported mumps outbreaks of the NEWC (Table 6.1). Given
its time, period, and the spatial distribution, cluster 1 corresponds to outbreaks 13 and 14,
cluster 2 corresponds to outbreaks 11 and 12, cluster 3 corresponds to outbreak 8, and
cluster 4 corresponds to outbreak 1. Cluster 5 is the only identified cluster to which no clear
reported outbreaks can be linked. Outbreaks 3, 5, and 6 might together possibly compose
cluster 5. In addition to the NEWC reports, clusters 2 and 3 are described in references [33]
and [32], respectively.

Finally, analysis using time and geographical location data only (Appendix B) shows that our
visual plausibility tools can also be used when data are only available for two dimensions.
The cases included in the main analysis are representative for the total notified mumps
cases from 2013 onwards, as the shape of the epidemic curves is comparable. However,
before 2013 the shapes of the epicurves differ: in the main analysis the large peaks in
2010, 2011 and 2012 cannot be observed. In 2013-16, we identify six clusters using only
two dimensions that are similar to those identified using three dimensions, we miss only
three minor clusters. In the period before 2013, nine additional clusters are identified in the
time-place analysis, of which three are very large (n>40). The lesser plausible pink (cluster
4) and orange (cluster 5) clusters from the main analysis fall in the less representative
period before 2013, so it might be due to unrepresentative sequencing in this period that
transmission cluster detection with this algorithm is more difficult.
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Discussion

In this paper, we have introduced tools in order to assess the plausibility of transmission
clusters. In the mumps case study, five significant clusters are identified, several of which
also contain nested clusters. In assessing the plausibility of these significant clusters, the
tools that we have developed all point in the same direction: clusters 1 (red), 2 (blue), and 3
(green) can be considered highly plausible; cluster 4 (pink) has moderate plausibility as the
sequences related to it span across two branches of the phylogenetic tree; and cluster 5
(orange) has low plausibility. Compared with the other clusters, cluster 5 shows a relatively
dispersed pattern across time, geographical location, and genetics; contains no nested
clusters; shows relatively high intra-cluster dissimilarity on all dimensions; and shows
the lowest intra-cluster correlation between all four dimensions. In our epidemiological
validation, no clear reported outbreak can be linked to cluster 5. In contrast, the other four
identified clusters are easily linkable to a reported outbreak.

The major advantage of our tools is that we use visualisation techniques to improve
assessment of plausibility. Human vision supports fast processing of information [25], allowing
for quick decision-making and this can therefore facilitate work for outbreak investigators.
Besides fast processing, visualisation also allows for disease-specific characteristics in
the assessment of the plausibility. While the first step in cluster detection, which identifies
possible transmission clusters, can be done by algorithms, as itis a very generic process, the
second step needs disease-specific considerations which cannot easily be incorporated in
an algorithm. For example, in the case study our tools show that cluster 4 (pink) and cluster
5 (orange) span across multiple branches of the phylogenetic tree. A mumps expert knows
that the mumps virus mutation rate is very low, which decreases the plausibility that these

clusters represent unique transmission clusters.

An important aspect of our study is that only 5.5% of notified mumps cases had sufficient
genetic information to be included. There are several reasons for this. First, mumps
notification does not require laboratory confirmation in the Netherlands, but can also be
based on the presence of an epidemiological link to a confirmed case. For these cases no
material is available for testing and sequencing. Second, the obtained material is not always
suitable for typing; viral loads can be low, which often result in failed sequencing. Third, we
specifically chose to include only cases with an available sequenced sample of the SH, HN
and F gene. Instead we could also have included cases with a sequenced sample of the SH
gene only, as this would have resulted in a higher number of included cases. Nevertheless
an earlier study [33] showed that the SH gene alone did not provide sufficient resolution
for finding transmission clusters, whereas the combination of the three genes did. Since we
aim to find transmission clusters here, including only sequenced samples of the SH gene
was not an option. Because of these reasons, it is highly likely that the identified clusters in
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this study are actually larger or that some clusters are completely missed by the algorithm,
as only one or two cases of a cluster might have a laboratory confirmation. This might
explain the clusters reported by the NEWC (report 4, 7, 10 and 11), which were not identified
by our tool (Table 6.1).

Our approach can handle incomplete data, such as cases with missing sequences, by
performing a partial data analysis as in Appendix B. Complete data analysis is shown in the
main text. Further work can focus on extending the algorithm to allow for missing data on one
or more dimensions. Especially considering that genetics information will often be missing
if sequences are not available, one could replace sequence information by a categorical
variable with pathogen subtype or other lower resolution indication of the pathogen type.
Cases with a similar pathogen (sub)type would then have a distance of zero versus a distance
of >0 to cases with another (sub)type. The (sub)type information, however, should still have
sufficient resolution to be able to contribute to transmission cluster detection. Similarly,
if geographical location information is not available on the latitude/longitude level, one
can think of lower resolution solutions. In this study, we use the centroids of the four digit
postal codes as geographical location information. The information should have sufficient
resolution to be informative. The tool is not limited by the number or type of dimensions.
The addition or reduction of dimensions only requires small adaptions in our code and it is
therefore straightforward to use our tools in combination with other algorithms, for example,
space-time algorithms [10]. By increasing or decreasing the number of dimensions in the
algorithm, the relative weight of the included dimensions decreases or increases as well,
respectively. Depending on the quality of the data from the additional or removed sources,
this may not be desirable. We have specifically chosen not to put weights on the separate
dimensions, as determining the size of the weights is a very arbitrary decision. Instead, in
the current study, we would rather interpret a cluster, which was primarily identified on the
geographical location dimension, as less plausible, as the geographical location data are
considered quite unreliable for mumps in the Netherlands. Indeed, information on place
of residence (geographical location) is of questionable accuracy as mumps mainly occur
among students who often have more than one living address (near the university and
their parents’ address). It is then often not clear if the students actually live on the reported
address at the time of the outbreak. On the other hand, if we would have had reliable
geographical location information, other or more clusters might have been identified that
now go undetected. Similarly, for mumps it is very unlikely that a transmission cluster
is spread across multiple branches in the phylogenetic tree, so for mumps the genetic
dimension might have more relevance than e.g. the geographical one. Instead of putting a
weight on this dimension however, we considered cluster 4 and 5 as less plausible. Further
work could investigate ways of determining the size of the weights, based either on the
quality of the data (as discussed here) or on the type and transmission routes of the disease
under investigation. A final issue regarding the internal correlation plots is that they are
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more useful when cluster sizes are larger. If the algorithm detects very small clusters (n<4),
we suggest to rely on the other tools to determine whether an identified cluster is plausible.
To conclude, our proposed tools for assessing plausibility of automatically identified clusters
in time, geographical location and genetic dimensions can help outbreak investigators
to focus on the most plausible clusters first. Timely availability of data are a prerequisite
for this. In addition, using visual tools allow for fast and efficient information processing,
which facilitates work. Mumps serves as an example in this study, but the algorithm can be
transferred to other human-to-human transmissible diseases.
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Appendix A
ALGORITHM TO FIND INFECTIOUS DISEASE CLUSTERS USING TIME, PLACE AND
GENETIC INFORMATION

In order to find infectious disease clusters using time, place, and genetic information, Ypma
etal[1]have developed an algorithm to combine into one metric pairwise distances between
cases on all three data dimensions. The algorithm sorts cases by relatedness on all three
dimensions and subsequently defines a relative distance for all possible pairs of cases
reflecting the number of cases found in between the two cases. For the time dimension
(d
onset dates of the two cases. For the place (c/g ) and genetic (dg ) dimensions, cases are

eo’ en

me)» this is defined as the number of cases with a disease onset date between the disease
sorted by Euclidean distance and number of point mutations respectively to define pairwise
relative distances. The relative distances (dissimilarities) for each dimension are calculated,
the combined (time, place, genetic) dissimilarity (d between every pair of cases is then
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defined as the product of the separate dimension dissimilarities: d
Next, the cases are joined to form a hierarchical tree of related cases, based on d
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using
single-linkage clustering, i.e. a bottom-up approach that sequentially connects cases with
the smallestd__, . We use single-linkage clustering as it very well resembles the chain- like

structure of transmission clusters [1]. The result of this step is a tree in which the height
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combi’

a b
A
6 F : ABC._
3 > BC
C ABCDEF
3 8 —F ED\’ DEF
2 4 F > EF/
C
0 5 10
D height (dmmbi)

Figure Al. Graphical representation of hierarchical clustering (adapted from Ypma et al [1]). Cases (A-E)
are sequentially connected by smallest distance d (a) to form a hierarchical clustering tree in which
height represents d b)

combi (

combi

Next, for every cluster (i.e., dissection) in the tree, statistical significance of each cluster
given its height and cluster size is calculated using permutation as follows: (i) the relative
dissimilarities between pairs of cases in each dimension are permuted (random sampling

without replacement), (i) d for every pair of combinations is computed, (iii) hierarchical

combi

clustering is repeated, (iv) for every cluster in the original tree, it is recorded whether
a cluster of same height and size exists in the permuted tree, and (v) steps i to iv were
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repeated 10,000 times.

Finally, the p-value for each cluster is calculated as the number of times a cluster of the
same height and at least the same size is found in the permuted trees divided by 10,000.

To demonstrate the tools in this paper, we choose a p-value < 0.001 as cut off level for
significance of clusters and consider only the clusters that are not nested within other
identified clusters (hereafter “highest unnested clusters”) at that cut off level. However, the
p-value cut off level is an arbitrary choice, and we can imagine that the users of the tool
would like to experiment with other choices. We therefore add flexibility to the tool, by
allowing setting cut-offs for p-value, maximum tree-height and maximum cluster size.
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Appendix B
ANALYSIS WITH TIME AND GEOGRAPHICAL LOCATION DIMENSIONS ONLY

Inthe main paper we describe the analysis and results when including three data dimensions:
time, place and genetic data. As genetic (sequence) information is often lagging behind or
missing and to demonstrate the use of the algorithm with only two dimensions, we perform
a similar analysis in this appendix with time and place data only.

We have made some minor adaptations to the algorithm: instead of multiplying with three
dimensions, we multiply with only two dimensions.

Between January 1st 2009 and June 30th 2016, 2,039 cases of mumps were notified in the
Netherlands. Of those, 103 cases have missing information on location of residence and
therefore 1,936 cases (94.9%) are included in this analysis (compared to 5.5% in the main
article).

When repeating the analysis with similar settings as in the main article (p-value cut-
off <0.001, clusters at highest nesting level), the results show only one large cluster
encompassing almost all cases (n=1,748, 90.3%). Plausibility of this cluster is very low given
most indicators: it shows a very dispersed pattern across time and place, shows a
high and almost indistinguishable intra-cluster variance on all dimensions compared to
the unclustered cases, and shows no intra-cluster correlation between the time and
geographic dimensions. Since this cluster has many underlying significant clusters at a
lower nesting level, we decide to use different cut-off levels for the maximum tree
height of the “highest unnested clusters”. We gradually lower this maximum height from
100% downwards, until we obtain clusters that are plausible considering our indicators. This
isat a maximum tree height of 16% (height = 132) of the original tree height (height = 825),
and these results are shown in Figure B1.

With these settings 17 possible transmission clusters are detected of various sizes
(clustersize range: 6-134). These 17 clusters are all quite plausible given most indicators,
although the intra-cluster correlation coefficient between time and place dimensions is

relative low or nonexistent for all clusters.

The identified clusters in the main article can also be observed in this analysis. The red
cluster from the main article corresponds with cluster 3, blue with cluster 11, green with
cluster 15, pink more or less with cluster 14 and orange more or less with cluster 16. The
number of cases attributed to the clusters identified in the main article is larger. We notice
that the lesser plausible clusters in the main article (pink and orange) do not agree
completely to cluster 14 and 16 in this analysis. We can also notice that, when we compare

142



VISUAL TOOLS TO ASSESS PLAUSIBILITY OF INFECTIOUS DISEASE CLUSTERS

the epidemic curve with the epidemic curve in the main article, from 2013 onwards the
pattern is roughly similar, which might indicate fairly representative sequencing in that time
period, but is quite different in the period before 2013. We can see some large peaks in
2010, 2011 and 2012, which are not depicted in the epidemic curve of the main article.
The lesser plausible pink and orange cluster fall in this period before 2013, so it might be
due to unrepresentative sequencing in this period that transmission cluster detection is
difficult. This might also be the reason that the quite large (n> 40) clusters 12, 13 and 17 are
not picked up in the main article.

With this additional study we show that it is quite well possible to use these plausibility tools
with two dimensions only. We have also discovered that the cases included in the main
analysis are quite representative for the total notified mumps cases from 2013 onwards,
and that in this period similar clusters are detected if only two dimensions would have
been used. We conclude that biased sequencing can influence cluster detection with
this algorithm, so its therefore always important to aim for a representative sample
of the total population for sequencing. In addition, this analysis also shows that even with
a small representative sequenced sample of the total population, a great amount of cluster
information is captured.
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Figure B1. Results of the cluster analysis using a p-value cut-off of 0.001 and only considering the
clusters at the highest nesting level with a maximum tree height of 16% of the total tree height. a)
epidemic curve, b) map of unclustered and clustered cases, c) hierarchical clustering tree, d) notched
boxplots of the inter-case distance per dimension and cluster, e) matrix plot of the Spearman intra-
cluster correlation coefficients.
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CHAPTER 7

The objective of this thesis was to develop and improve new methods for exploratory data
analysis (EDA) in infectious disease surveillance. The increasing availability of infectious
disease data poses interesting questions concerning patterns and structure in data, which
so far have received little attention. In this thesis, we propose methods to analyze data
available at multiple resolution levels and to combine different data types in infectious

disease surveillance.

Regarding data availability at multiple resolution levels, we proposed a new method for a
more objective and more scale-independent display of disease incidence data on a map
(Chapter 3). We used dot map cartograms to simultaneously display absolute as well as
relative numbers of disease incidence. We showed its added value by applying the method
to incidence data of Q fever in the Netherlands and pertussis in Germany. Also for the time
data type we proposed a method for data analysis at multiple resolution levels (Chapter 4).
We used entropy measures at various aggregation scales to identify intrinsic data patterns
in a large database of all infectious disease notifications in the Netherlands since 2003. We
showed that these intrinsic data patterns could be used to characterize and sort infectious
diseases by their dynamic properties, which enhances surveillance outputs.

The second theme addressed in this thesis focuses on combining different data types
in infectious disease epidemiology. We used the time, place, person and pathogen data
types to form hypotheses for the increasing incidence of hepatitis B in certain parts of the
Netherlands (Chapter 2). We studied the time and person data types in contact tracing
data and developed an interactive tool that shows whether a person exposed to a case
is still at risk for developing symptoms (Chapter 5). And finally, we improved a previously
developed method for using time, place and pathogen data types to identify infectious
disease clusters (Chapter 6). We applied this method to identify clusters of mumps cases in
the Netherlands. Here, we developed an additional interactive visualization tool to assess
model performance of this algorithm, in which clustering parameters can be varied in order
to help public health professionals with the interpretation and selection of the model with
most plausible clusters according to expert knowledge.

In developing these methods, we use central data science techniques, such as considering
the data problem within a process pipeline, starting with data collection and ending with a
data product, and techniques for combining different data types.

The above-mentioned main themes will be further discussed in this chapter. The first
theme is the use of multiple resolution levels within one data type, and the second theme
concerns the combination of multiple data types. This is followed by a paragraph on ethical
considerations, and a paragraph with recommendations. This chapter is finalized with a
conclusion regarding EDA use in infectious disease surveillance.
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Using multiple resolution levels withing one data type

One of the issues regarding the increasing availability of data in the infectious disease
domain is that data, especially for the pathogen data type, can now be obtained at an
increasingly detailed level of resolution, which can then be aggregated to a wide range
of resolutions. So far, little attention has been paid to the question how to make a choice
between options for these multiple resolution levels within a data type.

In Chapters 3 and 4, we addressed the issue of how to deal with the increasing availability
of infectious disease data at multiple resolution levels for the place and time data types,
and we sought the answer in developing methods and applying measures that combine
or study effects across resolution scales. Intrinsic data patterns unrelated to aggregation
levels are then revealed. In Chapter 3, we used visualization techniques to develop dot map
cartograms, and in Chapter 4 we proposed Rényi entropy as a robust measure to summarize
time data of infectious diseases. Visualization techniques and entropy measures are often
both used in the data science domain. There are other ways to study data availability at
multiple resolution levels. One approach is to simply apply traditional mapping methods or
time visualizations at multiple resolution scales. However, when the outcome depends on
the resolution scale and this scale is chosen arbitrarily, then the outcome is likely to be an
artefact. When intrinsic data patterns unrelated to aggregation levels can be studied, it is
then more likely that any identified pattern indicates interesting dynamic changes instead
of aggregation artefacts.

In this thesis, we have focused on how data science techniques can offer a solution for
resolution and scaling issues in infectious disease epidemiology. These scaling issues are
however not limited to the infectious disease domain. In systems biology and ecology, it is
widely recognized that the response of an organism or species can only be observed at a
specific scale. It is therefore very important to choose the appropriate scale for addressing
a certain hypothesis. This was emphasized in one of the most influential papers to this field
‘On the problem of pattern and scale in ecology’ by Simon Levin in 1992 [1]. Methods to
address issues of scale are therefore numerous in this field; ranging from identifying power
law relations and fractal dimensions to wavelet transform analysis. The power of these
methods lies in their ability to describe how patterns change across scales [1]. In Chapter 4
of this thesis, we refer to these methods handling scale issues, and we use entropy to study
how patterns change across scales. Although ecology and infectious disease epidemiology
cover similar data types (time and place), in contrast to ecology, hardly any attention has
been given to scale decisions for analysis in the infectious disease domain. Wavelet analysis
and related methods have been used to study patterns in infectious disease data [2-5];
however, this work has so far not resulted in widescale awareness regarding scale issues
in this field. There is much to be learned from fields such as ecology regarding this topic,
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which can offer a good starting point for further research in this area. Also, further research
into barriers to adoption of these methods in infectious disease epidemiology would be
useful. Besides ecology, similar methods are also used in other fields involving hierarchical
systems in time and place, such as in geography and demography. For example, entropy
and power laws can be used to understand the structure of cities [6] and population growth
in urban areas [7].
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Combining multiple data types

The second main theme addressed in this thesis is how to deal with increasing data availability
across data types. In this thesis we discern four data types for infectious disease epidemiology:
time, place, person and pathogen. To obtain, combine and analyze these data types in order
to discover patterns and generate hypotheses from the information is not straightforward,
and, as highlighted earlier, lacks the necessary attention in infectious disease epidemiology.
We have seen that with joint analysis of multiple data types in exploratory infectious disease
epidemiology, other questions arise at various stages in the data science pipeline.

First, there is a challenge in combining data types in the data collection phase. Data of different
types are often not presentin the same database. In Chapter 2 and in Chapter 6 epidemiological
data and pathogen data were obtained from different databases. Case records have to be
matched one by one. For this task, it would have been very helpful if the same unique patient
identifier was available across systems. Currently this is not possible in the Netherlands due
to privacy regulations. Accurate linking of records is important, as the quality of the input data
determines the quality of the data product at the end of the process. In addition, in the same
chapters, we observed that data of all data types are not available for all patients. In particular,
pathogen type data are often lacking or delayed. If all data types are jointly analyzed, this can
result in substantial data loss (sometimes even 95%, see Chapter 6). Solutions for missing data
on one type might be sought in the analysis phase, as shown in this thesis, but more effort
should preferably be put into measuring these missing data. In infectious disease epidemiology,
this would mostly mean increasing the availability of the pathogen data type.

Second, there is the challenge of actually combining data types for analysis. We have seen
in Chapter 2 that with two-way combinations of data types we can still rely on traditional
epidemiological methods, such as space-time clustering methods [8, 9] for time-place
combinations and phylogenetic analysis [10] for pathogen-time, pathogen-place and
pathogen-person combinations. However, with three-way combinations, we had to use a
scale-independent method to combine distances in time, geographic location and genetics.
As for missing data on one or more dimensions, flexible adaption of the techniques to
include two instead of three data types, as shown in Chapter 6, is one solution.

The final step in the data science pipeline is the development of data products. A
challenge here is how to present results of combined data type analysis in such a way
that it is most useful for the recipient. We have learned (and shown in Chapters 5 and
6) that data visualization techniques take an important position here, and we have used
these techniques to develop interactive data products. By using these products in daily
practice, we can acquire more information on the user-friendliness of the tools, and can
subsequently continually improve upon these products.
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Ethical considerations

With the implementation of the European privacy regulations [11], the General Data Protection
Regulation (GDPR), in May 2018, a lot of public attention in the Netherlands has been
devoted to how data are stored, collected and disseminated. This regulation illustrates the
importance of careful treatment of (personal) data, including infectious disease data. Given
the increasing resolution and availability of infectious disease data, we have to be aware
of not infringing on the privacy of the patient. Data collection for surveillance purposes is
arranged by a special law in the Netherlands, the public health act [12]. This means that
informed consent of the patient is not needed, and that the data collection is not overseen
by an ethical board. Therefore, surveillance data have to be analyzed anonymously, so
that patients cannot be identified and privacy is protected. However, this is a rather grey
area, as the question “can the patient be identified?” depends on the type and amount of
available information. For example, if we know that a patient lives in a certain four-digit
postal code area, we would say that the patient is not identifiable, as the area is often too
large. However, he or she might be identifiable if the area is very sparsely populated, a very
rare disease is involved, or if other patient characteristics are known as well. Therefore,
with increasing resolution of infectious disease data by combining more and more data
types, we increase the risk of identifying the patient and therefore infringing on his or her
privacy. This is a risk we should avoid when collecting information. Also, not all data types
that we have discussed pose an equal risk of disclosing identifiable information. Disease
onset date is generally not regarded as identifiable information, whereas a patient’'s home
address is. Similarly, a pathogen’s genetic code cannot be used to identify a patient,
whereas a combination of personal characteristics, such as age, sex, and risk group can
be identifiable. The place data type definitely poses the greatest risk for infringing on the
privacy of the patient. Therefore, it is a great advantage that in our method for displaying
infectious disease data on a map in Chapter 3, the visual distortion of the dot map cartogram
makes it hard to exactly pinpoint the location of a case, which consequently protects the
patient’s privacy. By proposing a method that also protects privacy, we align with the public
debate concerning data and privacy issues.
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Recommendations

Based on the research presented in this thesis, we can make several recommendations
and propose directions for further research. We will structure these along the steps in the
data science process.

Data collection

Good quality data is the cornerstone of all further steps in the surveillance process. When
multiple data systems are combined to enhance surveillance goals, a few challenges lie
ahead.

First, we have seen in our studies in Chapters 2 and 6 that records across systems had to
be matched one by one to the most likely record, as a central unique identifier was not in
place. Such an identifier would reduce linking errors and therefore enhance data quality. In
the Netherlands, this problem is especially present when combining epidemiological data
with laboratory data, as these originate from different systems.

We have shown in this thesis thatitis importantto combine these data sources to find patterns
in transmission and to form hypotheses regarding unexplained phenomena. We therefore
recommend to find a solution for more valid linking of records between these systems.
Matching all data based on the personal identification number (burgerservicenummer,
BSN) would be the ultimate solution. This is done in other European countries, such as
Denmark and Sweden; however, this is not possible in the Netherlands due to how the
privacy regulations are implemented in Dutch law. Data merging can be achieved in the
Netherlands by making use of a trusted third party, such as Statistics Netherlands; however,
this is rather cumbersome for surveillance purposes which involves ongoing data collection,
and thus would require ongoing data merging. Estonia goes one step further and has a
complete e-government system, including health data, in which personal data can easily
be transferred from one party to another using block chain technology. Further research
could be focused on how to be able to combine all these data at an individual level, while
still respecting a patient’s privacy and following Dutch and European law. New technologies
might be the answer for this problem.

Second, pathogen data from regional laboratories are most often obtained and stored
for clinical diagnosis rather than for surveillance or research purposes. This means that
data are normally not standardized between laboratories, and major effort is required
to combine data from multiple laboratories and/or epidemiological data in a structured
manner. For example, each laboratory might use a different written form of the pathogen
name. Luckily, this is rapidly improving in recent years thanks to large data management
projects for data standardization between laboratories using international standards, such
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as the Dutch ‘Eenheid van Taal’ project [13]. The next challenge in this direction is how to
systematically collect, exchange and store pathogen data at a high resolution level (such
as whole genome sequences) for surveillance purposes, as these data are stored in quite
large files, which will rapidly build up as more data are collected. In Chapter 6 of this thesis,
we showed that only a small proportion of all epidemiologically confirmed mumps cases
had a sequenced sample available. This was largely due to the fact that positive samples
from the regional laboratory are not systematically sent to the national reference laboratory
for sequencing. How to improve data collection and management for this type of data at a
national and international level, especially for surveillance purposes, should be a direction
for future research and policy making. This would require a closer look as to how best to
incorporate regional and national laboratories in the surveillance process.

Another challengeisto combine surveillance data from multiple countries to examine patterns
across countries. This is especially important for a small country such as the Netherlands,
as infectious diseases do not remain within international boundaries. Trends or outbreaks
occurring in Belgium, Germany and the UK are relevant to assess the infectious disease
risks in the Netherlands. In other words, it is important to not only increase resolution scale
of the time and place data types, but also to extend this resolution scale across a larger
area (Europe, the world). Currently, data sharing is often achieved through personal contact
with a researcher or public health officer at another national institute. Ideally, these data
would be provided in an open source platform for use by other countries. Naturally, these
data should then be aggregated, to protect personal information. A good example of such
a platform is the Survstat application developed by the Robert Koch Institute in Germany
[14]. We used data from this platform in Chapter 3, to illustrate the application of dot map
cartograms in other countries. A recommendation for the European Centre for Infectious
Disease Control (ECDC) and for the national institutes for public health (including the
Netherlands) would be to stimulate development of such platforms for timely data sharing
at a high resolution level within European boundaries, and to ultimately combine these data
to allow for pattern detection across borders.

Finally, in this thesis we have focused on four infectious disease data types, obtained
during standard surveillance processes. However, many other data sources are available
that could possibly enhance surveillance. For example, antenna or gps data collected via
mobile phones of cases would greatly improve the resolution of spatial location data. If we
could use this source to track a patient’'s past whereabouts , it might be possible to use
these data for source finding in outbreak investigations [15-18]. Currently, we are running a
pilot project to examine the usefulness of this type of data in relation to legionella source
finding. Other sources one could think of include social media data, internet search terms
data (Google Trends or Wikipedia), medicine registries, general practitioner registries, and
weather data. Of course, future research can be directed at examining the added value
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of these data sources for surveillance, but more importantly research should be directed
at how to incorporate these sources — if valuable — in the surveillance process flow. This
is quite a challenge as most of these data sources comprise unstructured data (data that
cannot be captured in a tabular format), which does not easily lend itself to be processed
in a structured manner, as is required for surveillance purposes. It would require advanced
data science skills to obtain and include such data sources.

Data analysis

In this thesis, we have developed methods for exploratory data analysis in infectious
disease epidemiology. We have focused on methods that are mostly scale-independent for
the combination of multiple data types and for the assessment of patterns across resolution
levels. In this, we heavily relied on exploratory data visualization techniques. So how can
we translate our findings into recommendations for daily practice of infectious disease
surveillance?

In this thesis we have explicitly addressed the fact that infectious diseases dynamics
relevant for disease control occur at a certain resolution level, which might not necessarily
be the resolution level of the available data. As stated before, this is an issue that ecologists
are well aware of, but one that gets little attention in epidemiology. However, it is important
to take resolution level into account when searching for patterns in the data; patterns
might easily be missed when searching at the wrong scale. So why is this awareness
lacking in infectious disease epidemiology? The key might be education. Most infectious
disease epidemiologists have had a general training in epidemiology or medicine. In many
epidemiology domains, for example chronic disease epidemiology, it is assumed that
observations are independent of each other. In infectious disease epidemiology we are
sure that observations are dependent. Infections are clustered in time, place and at the
genetic sequence level. Hence, scale issues are relevant.

Infectious disease epidemiology is only a small field and exploratory infectious disease
epidemiology is even smaller. This fact is reflected in the training programs, where the
most attention is devoted to confirmatory data analysis techniques. It would be a great start
if in special training programmes for infectious disease epidemiologists, such as the field
epidemiology training program of the ECDC or in-house training programs at public health
departments, exploratory data analysis and visualisation techniques for place and pathogen
type data, as well as time data, are incorporated. Issues of scale could be addressed in
these courses, hopefully increasing awareness. Knowledge regarding scale issues would
lead to a better understanding of infectious disease data and additionally infectious disease
dynamics. Moreover, such awareness should decrease the use of arbitrary scale choices in
representing these data, leading to better research and surveillance. It would be a bridge
too far to massively train infectious disease epidemiologists in adopting scale-independent

155



CHAPTER 7

methods, because interpretation of these methods is not that straightforward. Future
research could be directed at how to improve interpretation of these methods; visualization
techniques might play a central role.

Further research on this topic can contribute to increasing awareness of scalability issues.
Here, we have focused on scale-independent methods, as this approach is often used in
data science. However, that is not to say that this is the only way to address scalability.
As discussed above, there is much to be learned from other fields, such as ecology
and demography, or even from forensic police, in handling and analyzing time, place
and pathogen type data. Finally, next to scalability there are other issues in exploratory
data analysis for infectious disease epidemiology that warrant further attention from the
research community. For example, how can non-structured data sources (other than the
data traditionally collected through surveillance) be analyzed? How can these data sources
be related to existing surveillance sources? And, how can missing data on one or more data
types be dealt with in the analysis?

Data products

The final step in the data science process is the creation of data products. Data products
can be seen as a product for communication of the findings to the intended audience.
Examples of such products are visualizations or interactive tools. We have developed
interactive tools for contact tracing and cluster validation in Chapters 5 and 6 of this
thesis. Data products are extremely useful for bridging gaps between disciplines and for
translating research findings. In Chapter 5, we bridged a gap between epidemiologists and
policy makers with an interactive tool for decision making in a contact tracing context, and
in Chapter 6, between statisticians and epidemiologists with an interactive tool to assess
plausibility of automatically identified transmission clusters. Luckily, this view is becoming
increasingly adopted within the research community. First, the software for developing such
tools is becoming more accessible; for instance such software is often made available in
easy-to-use open source packages, such as R shiny. For infectious disease epidemiology,
developed tools can be shared on a central platform: the R epidemics consortium (RECON)
[19]. Second, more and more scientific journals require sharing of data and code in
accessible formats. This is one of the strengths of the data science approach, which needs
to be further adopted in the infectious disease domain.

Data process

Finally, and most importantly, data science is characterized by process thinking: it starts
with obtaining and merging data and ends with a data product for communicating results.
Through regarding data questions as a process, the main advantage is that hurdles between
different steps in the process are easily identified and can subsequently be overcome.
Especially in Chapters 5 and 6, we have shown that such an inclusive process approach

156



GENERAL DISCUSSION

delivers very comprehensive solutions. Currently in epidemiology, methodological
developmentis very focused on one step in the data process: the analysis phase. However,
what we need is a broader focus with the inclusion of methods development for data
collection and merging, as well as methods development for creating data products. This
can be achieved by reorganizing epidemiology training programmes, by including courses
on data management and the creation of data products. Besides being beneficial for
infectious disease epidemiology, this would also be applicable to other domains such as
genetic epidemiology, where large amounts of data have to be handled as well. This will
deliver more broadly schooled epidemiologists, in that they will become experts in data
management, data analysis and data visualization. In addition, close collaboration in teams
covering these expert fields would enhance this process thinking. Currently, mainly experts
in epidemiology or in data management are represented in infectious disease departments.
Broadening these departments with data visualization experts and data scientists would be
essential to face future data developments. Organizing infectious disease epidemiology
departments at regional and national levels accordingly would be the necessary step to
maximise the benefit of exploratory infectious disease epidemiology for infectious disease
control.
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Conclusion

The objective of this thesis was to develop and improve upon new methods for exploratory
data analysis in infectious disease epidemiology, as an answer to upcoming questions
concerning patterns and structure in data. We have used a data science approach to
develop scale-independent methods for combining data of different data types, and for
methods for revealing intrinsic data patterns within a data type. Also, the use of visualization
techniques for data exploration and developing data products has greatly contributed to
the generation of hypotheses and for bridging gaps between various research professions.
Comprehensive exploratory data analysis has enormous potential to provide answers to
current and future data challenges concerning patterns and structure in infectious disease
data. Research into novel methods for exploratory data analysis should be pursued, as
the data challenges are only becoming greater. However, exploratory data analysis should
be considered within the larger surveillance process, as its success heavily depends
on the quality of the input data and on how its findings are communicated and used. By
considering the larger surveillance process, gaps between different phases in the process
can be identified and provide keys for improving surveillance as well as suggestions for
further research to take exploratory infectious disease epidemiology to the next level.
Within this thesis, this leads to the following recommendations: 1) to increase data collection
and integrate data management of pathogen type data within the surveillance process to
increase availability of this data type and to handle the resulting future data challenges,
and 2) to expand epidemiology training with data management and data visualization/data
product creation courses, and to organise public health departments in closely collaborating
teams covering the expert fields of data management, data science, epidemiology and data
visualization, to best contribute to the provision of evidence for infectious disease control.
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APPENDIX

Summary

Over the past decades the amount of digital data in the world is increasing exponentially.
The increasing amount and complexity of data has implications for all fields of science,
including the infectious disease epidemiology domain. Due to automated surveillance
programs it has become easier to collect large amounts of data on infected persons.
Advances in sequencing technology have resulted in an enormous increase in resolution
of data on genetic information of infectious pathogens. Advances in data management
and data storage capacity allow for connecting all these data at an individual level. Taken
together, these developments have led to an increase in both complexity and resolution
of infectious disease data. This gives rise to new questions: How to detect and investigate
outbreaks if not only information on the time or place of the patients is known, but also
information on the genetic structure of pathogens? How to combine all these data types?
And at what scales should we look for patterns in surveillance data? These questions
concern the structure of data and patterns in data. These issues are typically addressed
in exploratory data analysis (EDA). EDA has gained little attention in traditional infectious
disease epidemiology research, but has a central place in data science. Data science aims
to maximise the amount of information derived from data by studying it intensively, until its
contents, structure, patterns and pitfalls are fully understood. The objective of this thesis is
to develop and improve new methods for exploratory data analysis in infectious disease
surveillance. In this thesis, we propose methods to analyze data available at multiple
resolution levels and to combine different data types in infectious disease surveillance. In
doing so, we use techniques central to data science.

In Chapter 2 we introduce and use four data types in infectious disease epidemiology:
time; place; person; and pathogen. We generate hypotheses for the increasing incidence of
hepatitis B in certain parts of the Netherlands. In Chapter 3, we focus on the place data type
and we propose a new method (dot map cartograms) for a more objective and more scale
independent display of disease incidence data on a map. We use dot map cartograms to
simultaneously display absolute as well as relative numbers of disease incidence. We show
its added value by applying the method to incidence data of Q fever in the Netherlands
and pertussis in Germany. In Chapter 4, we focus on the time data type and used scale
independent entropy measures to identify intrinsic data patterns in a large database of all
infectious disease notifications in the Netherlands since 2003. We show that these intrinsic
data patterns can be used to characterize and order infectious diseases by their dynamic
properties, which enhances surveillance goals. So far, all these developed methods deal
with disease incidence data. In Chapter 5 we use another data source in infectious disease
epidemiology: data collected during contact tracing in serious infectious diseases. We use a
Bayesian model to calculate the probability whether a person exposed to a case is still at risk
of developing symptoms. By visualizing the risk classifications, we develop an informative
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tool to aid public health professionals in decision-making. In Chapter 6, we improve an
existing method that uses time, place and pathogen data types for identifying infectious
disease clusters. We develop an interactive visualization tool to assess the appropriateness
of the outcome and to asses model performance of this algorithm. Clustering parameters
can be varied in order to help public health professionals with the interpretation and picking
the model with most plausible clusters according to expert knowledge.

Our research focuses around two main themes: the use of multiple resolution levels within
one data type (Chapter 3 and 4) and the combination of multiple data types (Chapter 2, 5
and 6).

Regarding the use of multiple resolution levels within one data type, we have sought the
answer in developing methods (dot map cartograms) or applying measures (Rényi entropy)
that combine or study effects across resolution scales. A major advantage of these methods
is that intrinsic data patterns are revealed regardless of aggregation level. This allows
identification of intrinsic data patterns relevant to epidemiological phenomena, rather than
of data patterns dependent upon choices in aggregation.

In the combination of data types, we came across several challenges. First, regarding
the data collection phase, data on the four data types is often not present in the same
database, and unique identifiers may be lacking. It requires advanced data management
skills to perform proper matching of these data types on an individual level. Also, not all
data on all data types might be available. Pathogen type data in particular are often lacking
or delayed. If all data types are jointly analyzed, this will result in substantial data loss.
Solutions for missing data on one type might be sought in the analysis phase, as shown
in this thesis, but preferably, more efforts should be put in completion of data. Second,
there is the challenge of actually combining data types for analysis. We find that with two-
way combinations of data types we can still rely on traditional epidemiological methods,
however, with 3-way combinations, we have to use a scale independent method for
combining distances in time, geographic location and genetics. As for missing data on one
or more dimensions, flexible adaption of the techniques to include two instead of three data
types is one solution. A final challenge is presentation of combined data types. We show
that data visualization techniques are important, and we use these techniques to develop
interactive data products. For use in daily practice, we can acquire more information on
user-friendliness of the tools and subsequently continuously improve upon these products.
Comprehensive exploratory data analysis has enormous potential to provide answers to
current and future data challenges concerning patterns and structure in infectious disease
data. Research into novel methods for exploratory data analysis should be pursued, as
the data challenges are only becoming greater. However, exploratory data analysis should
be considered within the larger surveillance process, as its success heavily depends
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on the quality of the input data and on how its findings are communicated and used. By
considering the larger surveillance process, gaps between different phases in the process
can be identified and provide keys for improving surveillance as well as suggestions for
further research to take exploratory infectious disease epidemiology to the next level.
Within this thesis, this leads to the following recommendations: 1) to increase data collection
and integrate data management of pathogen type data within the surveillance process to
increase availability of this data type and to handle the resulting future data challenges,
and 2) to expand epidemiology training with data management and data visualization/data
product creation courses, and to organise public health departments in closely collaborating
teams covering the expert fields of data management, data science, epidemiology and data
visualization, to best contribute to the provision of evidence for infectious disease control.
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Samenvatting

De laatste tientallen jaren is de hoeveelheid digitale data wereldwijd exponentieel
toegenomen. Deze toegenomen hoeveelheid van en complexiteit in de data heeft
implicaties voor alle wetenschapsgebieden, inclusief het domein van de infectieziekten
epidemiologie. Dankzij automatische en digitale surveillance programma’s, is het
gemakkelijker geworden om grote hoeveelheden aan data over geinfecteerde personen
te verzamelen. Ontwikkelingen in de sequentie technologie hebben geresulteerd in
een enorme toename in resolutie van data over genetische informatie van infectieuze
pathogenen. Ontwikkelingen in data management en data opslag capaciteit maken het
verbinden van al deze data op individueel patiént niveau mogelijk. Samen hebben deze
ontwikkelingen geleid tot een toename in complexiteit en resolutie van infectieziekten data.
Dit leidt tot een nieuw soort vragen: Hoe kunnen we uitbraken detecteren en onderzoeken
wanneer we niet alleen informatie hebben over de tijd en plaats van patiénten, maar ook
informatie over de genetisch structuur van de pathogenen? Hoe moeten we al deze data
typen combineren? En op wat voor schaal moeten we kijken naar patronen in surveillance
data? Deze vragen gaan over de structuur van en patronen in de data. Dit zijn typisch
onderwerpen die worden aangesproken in exploratieve data analyse (EDA). EDA heeft
weinig aandacht gekregen in onderzoek van het traditionele infectieziekten epidemiologie
domein, maar heeft een centrale plaats in data science. Data science heeft als doel om de
hoeveelheid aan informatie die afgeleid wordt uit data te maximaliseren door deze intensief
te bestuderen, totdat de inhoud, structuur, patronen en valkuilen volledig begrepen zijn.
Het doel van deze thesis is om nieuwe methoden te ontwikkelen en verbeteren voor
exploratieve data analyse in infectieziekten epidemiologie. In deze thesis introduceren
we methoden om data te analyseren op meerdere resolutie niveaus en methoden voor
het combineren van verschillende data typen in infectieziekten epidemiologie. Hierbij
gebruiken we technieken die centraal staan in de data science.

In hoofdstuk 2 introduceren we vier data typen in de infectieziekten epidemiologie: tijd,
plaats, persoon en pathogeen. We genereren hypothesen voor de toegenomen hepatitis B
incidentie in een aantal regio’s van Nederland. In hoofdstuk 3 richten we ons op het plaats
data type en introduceren we een nieuwe methode (een stippen-kaart cartogram) voor een
meer objectieve en schaal onafhankelijke weergave van ziekte incidentie op een kaart.
We gebruiken stippen-kaart cartogrammen om tegelijkertijd absolute en relatieve aantallen
van ziekte incidentie weer te geven. We laten de toegevoegde waarde van deze methode
zien door deze toe te passen op de incidentie data van Q koorts in Nederland en kinkhoest
in Duitsland. In hoofdstuk 4 richten we ons op het tijd data type en gebruiken we schaal
onafhankelijke entropie maten om intrinsieke data patronen te identificeren in een grote
database met alle infectieziekten meldingen in Nederland sinds 2003. We laten zien dat
deze intrinsieke data patronen gebruikt kunnen worden om infectieziekten te karakteriseren
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en ordenen aan de hand van hun dynamische eigenschappen, wat uiteindelijk bijdraagt
aan de doelen van infectieziekten surveillance. Tot nu toe gaan al deze methoden over
het omgaan met ziekte incidentie data. In hoofdstuk 5 gebruiken we een andere data bron
in de infectieziekten epidemiologie: data zoals verzameld in contactopsporing bij ernstige
infectieziekten uitbraken. We gebruiken een Bayesiaans model om de kans uit te rekenen
dat een blootgesteld persoon nog symptomen gaat ontwikkelen. Door het visualiseren
van risico classificaties hebben we een informatieve tool ontwikkeld om publieke
gezondheidszorgprofessionals te helpen bij het beslissen over uitbraakbeperkende
maatregelen. In hoofdstuk 6 verbeteren we een al bestaande methode die gebruik maakt
van tijd, plaats en pathogeen data typen voor het identificeren van infectieziekten clusters.
We ontwikkelen een interactieve visualisatie tool voor het beoordelen van de correctheid
van de geidentificeerde clusters en de model performance van het algoritme. Cluster
parameters kunnen gevarieerd worden om publieke gezondheidszorg professionals te
helpen met de interpretatie en het kiezen van het model met de meest plausibele clusters
gegeven kennis van experts.

Ons onderzoek richt zich op twee hoofdthema'’s: het gebruik van meerdere resolutie levels
binnen een data type (hoofdstuk 3 en 4) en het combineren van meerdere data types
(hoofdstuk 2, 5 en 6).

Wat betreft het gebruik van meerdere resolutie levels binnen een data type, hebben we het
antwoord gezocht in het ontwikkelen van methoden (stippen-kaart cartogrammen) of het
toepassen van maten (Rényi entropie) die effecten over resolutieschalen heen combineren
of bestuderen. Een enorm voordeel van deze methoden is dat intrinsieke data patronen
worden onthuld ongeacht het aggregatie niveau. Dit maakt het mogelijk om intrinsieke
patronen te identificeren die kenmerkend zijn voor epidemiologische fenomenen, in plaats
van patronen die afhankelijk zijn van keuzes in aggregatie niveaus.

Bij het combineren van data typen kwamen we verschillende uitdagingen tegen. Allereerst
met betrekking tot de dataverzamelingsfase; data van de vier verschillende data typen is
vaak niet in eenzelfde database aanwezig en unieke identificatienummers ontbreken meer
dan eens. Het vereist daarom vergaande data management vaardigheden om deze data
typen op een individueel niveau goed te matchen. Ook komt het voor dat niet alle data
typen beschikbaar zijn. Pathogeen type data in het bijzonder ontbreekt vaak of is vertraagd.
Wanneer alle data typen gezamenlijk worden geanalyseerd, leidt het beperkt beschikbaar
zijn van een data type tot substantieel data verlies. Oplossingen voor missende data van
één type kunnen gezocht worden in de analyse fase, zoals getoond in dit proefschrift,
maar bij voorkeur wordt er meer inspanning gestopt in het completeren van de data.
Ten tweede, de uitdaging van het daadwerkelijk combineren van de verschillende data
typen voor analyse. We hebben ontdekt dat met tweeweg combinaties van data typen
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we nog steeds kunnen terugvallen op traditionele epidemiologische methoden, maar dat
met drie- of vierweg combinaties we schaal onafhankelijke methoden moeten gebruiken
om afstanden in tijd, plaats en genetica te combineren. Wat betreft ontbrekende data op
een of meer dimensies, is flexibele aanpassing van de technieken om twee in plaats van
drie data typen op te nemen een oplossing. Een laatste uitdaging is de presentatie van
gecombineerde data typen. We laten zien dat datavisualisatie technieken belangrijk zijn
en we gebruiken deze technieken om interactieve dataproducten te ontwikkelen. Voor
gebruik van deze producten in de dagelijkse praktijk hebben we meer informatie nodig
over de gebruiksvriendelijkheid van de tools, zodat we deze producten continu kunnen
blijven verbeteren.

Uitgebreide exploratieve data-analyse heeft een enorm potentieel om antwoorden te bieden
op huidige en toekomstige data uitdagingen met betrekking tot patronen en structuur in
infectieziektegegevens. Er moet meer onderzoek gedaan worden naar nieuwe methoden
voor exploratieve data-analyse, aangezien de uitdagingen op dit vlak alleen maar groter
worden. Exploratieve data-analyse staat echter niet op zichzelf en dient beschouwd te
worden als onderdeel in het grotere surveillanceproces, aangezien het succes van goede
exploratieve data analyse ervan sterk afhangt van de kwaliteit van de data en van de manier
waarop de bevindingen ervan worden gecommuniceerd en gebruikt. Door rekening te
houden met het grotere surveillanceproces, kunnen hiaten tussen verschillende fasen in het
proces worden geidentificeerd en aanknopingspunten bieden voor het verbeteren van de
surveillance, evenals suggesties voor verder onderzoek om de exploratieve infectieziekten
epidemiologie naar een hoger niveau te tillen. Binnen dit proefschrift leidt dit tot de
volgende aanbevelingen: 1) data verzameling van het pathogeen data type moet worden
uitgebreid en geintegreerd binnen het surveillanceproces om de beschikbaarheid van dit
data type te vergroten en de daaruit voortvloeiende toekomstige data uitdagingen aan te
pakken, en 2) epidemiologie training moet worden uitgebreid met cursussen voor data
management en datavisualisatie/creéren van data producten, en public health afdelingen
moeten worden georganiseerd in nauw samenwerkende expert teams op het gebied van
data management, data science, epidemiologie en datavisualisatie, om zo goed mogelijk
bij te dragen aan het leveren van informatie voor infectieziektebestrijding.
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