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Abstract. Outcomes research and evidence-based medical practice is being
positively impacted by proliferation of healthcare databases. Modern
epidemiologic studies require complex data comprehension. A new tool, DisEpi,
facilitates visual exploration of epidemiological data supporting Public Health
Knowledge Discovery. It provides domain-experts a compact visualization of
information at the population level. In this study, DisEpi is applied to Attention-
Deficit/Hyperactivity Disorder (ADHD) patients within Clalit Health Services,
analyzing the socio-demographic and ADHD filled prescription data between 2006
and 2016 of 1,605,800 children aged 6 to 17 years. DisEpi’s goals facilitate the
identification of (1) Links between attributes and/or events, (2) Changes in these
relationships over time, and (3) Clusters of population attributes for similar trends.
DisEpi combines hierarchical clustering graphics and a heatmap where color
shades reflect disease time-trends. In the ADHD context, DisEpi allowed the
domain-expert to visually analyze a snapshot summary of data mining results.
Accordingly, the domain-expert was able to efficiently identify that: (1) Relatively
younger children and particularly youngest children in class are treated more often,
(2) Medication incidence increased between 2006 and 2011 but then stabilized,
and (3) Progression rates of medication incidence is different for each of the 3
main discovered clusters (aka: profiles) of treated children. DisEpi delivered
results similar to those previously published which used classical statistical
approaches. DisEpi requires minimal preparation and fewer iterations, generating
results in a user-friendly format for the domain-expert. DisEpi will be wrapped as
a package containing the end-to-end discovery process. Optionally, it may provide
automated annotation using calendar events (such as policy changes or media
interests), which can improve discovery efficiency, interpretation, and policy
implementation.
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1. Introduction

During the last decades, data collection and storage have been facilitated by a large
number of Computer Science and Computer Engineering evolutions. In the Healthcare
realm, the numbers of datasets and their diversity have grown at a dramatic rate. These
changes facilitate rapid progress in outcomes research and evidence-based medical
practice. The Knowledge Discovery in Databases (KDD) [1] framework provides
mathematical and Artificial Intelligence based approaches, such as Data Mining and
particularly, Machine Learning and Information Visualization [2], for extraction of
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useful and non-trivial information about patterns and relationships existing within the
huge available data that might otherwise be missed by classical statistical approaches.

Public Health Informatics (PHI) is a link between Public Health (PH) as a
discipline of caring for the community health in general, risk groups in particular, and
Informatics, which is a discipline residing in the combination of Computer and
Information Sciences and Engineering. PHI focuses on development of methodologies
and applications of Informatics systems in PH and particularly in Epidemiology and its
application subfields (surveillance, prevention, preparedness, and health promotion).

One of the main roles of PH Informaticists is to support KDD through tasks, such
as indicating behavioral patterns in administrative and bio-clinical data. A large number
of statistical techniques and Machine Learning methods can be used to fulfill these
objectives. One main use of the data mining step of KDD in PH is supplying
Management-level decision makers with simple tools to support the development of
new healthcare policies. Data and Information Visualization allows the domain expert
(e.g. the biologist, the physician, the public health expert) to comprehend, better and
faster, numerical and textual data, based on human innate abilities and basic learning.
Summarized and synthesized information lend themselves to rapid digesting of data
and making relevant decisions. Viewing visualizations saves time and improves
understanding. These representations and interactions allow easy efficient acquisition
of complex information. Enriched data may also be readily placed online with
appropriate visualizations for open use [3, 4].

In the present paper we introduce a novel method, DisEpi (Discovery in
Epidemiology), for visually exploring epidemiological data in order to detect trends
within sub-populations, so as to allow focused interventions.

DisEpi is an efficient Information Visualization tool. The tool receives, as input, a
large administrative dataset (e.g. individual level demographics, socio-economic,
medical, and therapeutic data) for a large number of individuals, and, without explicit
modelling, creates an easy, compact visualization [5] of the data at the population level
affording the executive professional rapid discovery of (1) Links and associations
between events, (2) Association changes over time, and (3) Clusters of characteristics
with similar trends. Thus, “DisEpi” is designed to support PH practitioners and
researchers by providing semi-automated hypothesis generation and by reducing time
to investigation and interpretation.

2. Background

Incorporation of very large databases in epidemiological studies involves complex
integration of demographics, socio-economic, medical, and pharmacological data
collected over the course of several years. Thus, epidemiological data mining is
designed to detect and describe patterns, trends, and relations in medical data, allowing
definition of specific research questions, as part of the knowledge discovery process.
Various research studies have been conducted to support classical descriptive and
predictive epidemiological studies [6, 7, 8, 9, 10], each one with a specific point-of-
view.

DisEpi applies Abstraction, Reformulation, and Approximation [11] concepts and
techniques which provides the epidemiologist and PH professional with compact visual
information at the population level. DisEpi thus overcomes some limitations of the
classical statistical approaches. It utilizes Hierarchical Clustering (HC), a well-known
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unsupervised machine learning approach comprising of successive agglomeration of
cases with minimal distances between them as defined by suitable metrics [12]. DisEpi
uses heatmaps [13], a symbolic gradient reflecting the epidemiological metrics' values
with HC as one dimension (e.g. columns) and time or time-associated variables as a
second dimension (e.g. rows) and where color shades as the third dimension reflect
disease levels.

3. Material and Method
3.1. Material

DisEpi was applied in the context of a study of Attention-Deficit/Hyperactivity
Disorder (ADHD). ADHD is one of the most commonly diagnosed mental conditions
in children. It may have lasting social, psychological, educational and clinical effects
throughout life [14].

The data were extracted from electronic health records (EHR) of the Clalit Health
Services (Clalit), which is the largest healthcare payer/provider organization in Israel,
covering more than 50% of the population, over ,4400,000 members. The study
population focused on 1,605,800 children aged between 6 and 17 years, from 2006 and
2016.

The children's estimated relative ages in year in school (class) were split into thirds
of the calendar year, with the youngest third born between August and November, the
middle third born between April and July, and the oldest third born between December
and March. The study was approved by the Clalit Health Services Ethics Committee
[15].

3.2. Method

The output of DisEpi is a compact Visualization combining the graphical
representation of the automatically generated HC and a heatmap, wherein a color
gradient reflects either (a) incidence or (b) prevalence values over the sub-time ranges
over the research time-range.

As a first step of the knowledge discovery process, we built an abstraction process
discretizing the available data of each attribute into several classes, e.g.: age groups in
two year spans, number of siblings (0-1, 2-3, and 4 or more), and ordinal month of
birth relative to the school-year (categorized into youngest, middle, and oldest thirds).

As a second step, we approximated all attributes, from individual child data to sub-
population snapshot values, describing respective statuses. These approximations were
computed by using epidemiological metrics such as incidence and prevalence, at the
relative age thirds' level.

As a third step, we computed a Euclidean distance matrix between all
epidemiological metrics values describing the classes of each attribute (one value per
attribute per relative age in class per year) within which we applied unsupervised HC. .

The fourth step of DisEpi discovery flow is the reformulation process. This process
is based on the use of a heatmap for each epidemiological metric (e.g. incidence and
prevalence).
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We used R version 3.3.1 [16] for the statistical analysis. R Package doParallel [17]
was used to maximize computing efficiency given the large data size. R Package gplots
[18] was used to perform automatically the HC and then to draw the heatmap.

4. Results

In the context of ADHD, DisEpi allows the domain-expert to visually analyze data
mining results in a summary snapshot (Figure 1). Looking at the snapshot of ADHD
medication usage, he/she is able to grasp the following results, simultaneously: (1)
Relatively younger children in class are treated more than older; (2) First medication
incidence increased between 2006 and 2011 but then stabilized; (3) Progression rates of
medication incidence are different for each of 3 principal clusters.

T I General sector

. 1to 2 children in familly

SES Medium

Boys

Aged between 6 to 8

SES High

1st in sibling ranking

3 to 5 children in familly

Aged between 9 to 11

Born in Israel

Overall

2nd or 3rd in sibling ranking

Orthodox sector

Aged between 150 17

Girls

SES Low

Aged between 12to 14

Bom overseas

4th or more in sibling ranking
! i | 6 and more children in familly

= rrprrgrrgprrgrrprrgprrrrrprrnr vl Y Arabsector

50652505

Incidence per 1000

Figure 1. DisEpi Visualization for ADHD medication incidence over the explored attributes.

The pharmaco-epidemiological goal of this DisEpi experimentation was to identify
characteristics and medication treatment patterns of Clalit’s youngest population
treated for ADHD and to compare these patterns to sociological and demographical
data, such as relative age in class, sex, ethnicity, family size, sibling order, and other
socioeconomic status attributes. DisEpi results are similar to those discovered in a
previous research using classic statistical approaches [15], but are delivered in a more
rapid, concise, and user-friendly way.

Furthermore, in the previous research on the same data [15], by using a priori
based data analysis, one could not readily identify the similarity of the children
population born overseas to the lately treated group. This means that DisEpi supports
new epidemiological discoveries which must be later validated by the domain-expert.

5. Conclusions and perspectives

In this paper, we presented DisEpi, a tool allowing for the identification of clusters of
population characteristics having similar trends, and thus defining profiles of patients,
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with relatively short delays (a few days instead of a few months). It allows users to deal
with very large medical numerico-symbolic data by reducing their dimensionality and
complexity, and making them more accessible to PH decision makers. Therefore, it can
support development of health policies by reducing delay by providing the medical
decision makers a “data/analysis” integrated tool.

DisEpi will be wrapped as a package containing the end-to-end discovery process
and will provide automated annotation using calendar events (e.g. “news”), which will
reduce both time to discovery, interpretation and policy implementation [19].
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