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Abstract

Health data is one of information that has a close relationship
with the spatial and temporal aspects. Spatial and temporal
information has now become a more important component in
health data analysis. This is based on the fact that there are an
increasing aspect of geographical position and time constraints in
public health data. Therefore, health data analysis can produce
more meaningful information if the spatial and temporal
information are well represented. The present model of spatial
temporal representation generally offers model that satisfies only
one form of representation, either spatial or temporal. This paper
proposes a model of health data representation that supports the
aspect of spatial temporal information using semantic web
approach. The spatial aspect is represented using RCC8 topology
relation and compass direction classification. While the temporal
aspect is represented using Allen's temporal relation. Data

representation is implemented in the form of ontology documents.

The resulting ontology has DL expressivity of SHOIF(D), and
has an average inference ratio of 15%.

Keywords: health data representation, spatial and temporal
representation, semantic web, ontology.

1. Introduction

The semantic web provides the proper model in defining
the meaning of objects, as well as linking them to the other
related objects [ In semantic web technology, the formal
meaning of the concept is expressively defined in one or
more ontologies 2. Ontology is a document that contains a
collection of vocabulary, definitions, and relationships
about a particular domain 1. Ontology can explain the
meaning of an object in a domain, and can also connect an
object with its relation on other domains ™. Health
ontology contains formal meaning of human body
anatomy, disease classification, symptom, treatment
methaods, type of medical personnel, as well as other things
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related to the field of health and medicine BIEIY], Because
it stores the vocabulary, definitions, and relationships of a
set of objects, ontology is then referred as the knowledge
base in the semantic web technology [,

In a semantic web environment, ontology documents are
scattered across various service repositories in each of
their respective domains Bl. Each ontology can connect
with other ontologies, allowing objects and properties
within them to connect to each other and to give a deeper
meaning to each other [, For example, a climatic object on
meteorological ontology may be connected to an object of
disease on a health ontology. The relationship between the
two objects can explain causality, factual statement, or
other meanings. This meaning is then referred as the
semantics, which is a more important concept of the
relationship itself, which provides more valuable
information for its users.

Spatial and temporal information has now become an
important component in various types of applied
applications Pl This is based on the fact that there are
aspects of geographical position and time constraints on
some types of information available. Complex data
structures become the challenge in managing information
with spatial and temporal aspects, especially in the
semantic web environment 1%, The solution required in
managing spatial and temporal information, not only deals
with how information is stored, but also how it can be
accessed, while retaining the meaning of the actual facts.

The present model of spatial and temporal representation
generally offers model that satisfies only one form of
representation, either spatial or temporal. So far, SOWL is
one of the appropriate model that offers some form of
spatial and temporal representation into a single model.
SOWL is a spatial and temporal representation that
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combines several common representation models, such as
RCC8 topology relation and Allen's temporal relation @1,
The RCC8 topology relation is a spatial representation that
supports the relationships between geographic positions.
Whereas Allen's temporal relation is a temporal
representation that supports the relative relationship
between time intervals. Through such representation,
SOWL allows spatial and temporal information to be
represented in qualitative measurements.

2. Common Data Representations

2.1. Representation of Spatial Data

Spatial aspects are usually implemented in the form of two-
dimensional (2D) or  three-dimensional (3D)
representation. In the Cartesian coordinate system, the 2D
field involves two axes X and Y, while the 3D space
involves the additional axis Z. In general, digital
applications map the spatial aspect in the 2D field because
of its easier implementation M1, The relation between one
location and another location is called a topology, a
representation of relationships between geographic objects
12031, This concept not only determines the geometric
location and shape of geographic objects, but also
describes how they relate to each other, and how an area
borders other neighboring regions 4,

2.1.1. RCCS8 Topology Relation

Spatial information about the position of a geographic
object is usually described in three ways, i.e. by topology,
direction, and distance. Topology relations can be
implemented using the RCC8 classification 1. RCC8 is a
formal form that classifies eight possible types of
relationships from the relationship of two geographical
objects.
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Fig 1. Spatial Classification of RCC8 Topology Relation ]

Topological relationships explain the position of an object
based on its relative topological position against other
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objects, such as "adjacent" or "opposite”. Whereas the
direction relation describes the position of an object by
comparing it with the relative point of view of the other
object, e.g. "on the north part" or "on the southeast side".
Distance relation usually only explains quantitatively the
position of an object with other objects through a certain
amount of distance. Distance relation is usually combined
with topology relation and direction relation to give better
meaning.

2.1.2. Compass Direction Classification

The direction relation is generally implemented using the
classification of the eight directions of the compass
direction 1. When implemented in a geographical area, the
projection can be done by placing the position of an object
in the coordinate system, then looking at it relative to the
resulting compass direction division.

North
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Fig 2. Spatial Classification of Compass Direction 1]

The relation of distance, as mentioned above, is
guantitative and in its implementation combined with
topology relation and direction relation. This allows the
relation of distance to be qualitative, for example "X
district is 25 km from the outer side of city Y" or "island A
is located 100 km from north of island B". Ambiguous
qualitative relationships, such as "near" or "far" can only
be implemented if the qualitative measures are specified
quantitatively. Specifications such as these can be
specified on the application layer as well as on the data
model layer.

2.2. Representation of Temporal Data

Time can be represented as discrete or continuous, linear
or cyclical, absolute or relative, and quantitative or
qualitative. Alternatively, time can also be represented
using time points and time intervals %, On the one hand,
there is a philosophical controversy about the change of
objects over time, called the concept of perdurantist-
endurantist, or the concept of beginning-ending . This
controversy relates to the question of the identity of an
object when it is changed by time, especially when it forms
a relation with another object. This concept ultimately
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indirectly affects the general representation of the spatial
and temporal ontology models.

Relative time is usually represented both quantitatively and
qualitatively. Quantitative representation can be done by
specifying the value of a literal property with date data
type. While qualitative representations are usually only
specified in relative terms, such as "before™ and "after".
Time data types are fully supported in OWL, and have
supported for time comparison operations, provided that
each time point of the comparable object is known
explicitly %1161, The probable problem is if only one of the
objects specified the explicit time, where the other object
specifies only the relative time to the object. This can only
be solved with qualitative reasoning.

2.2.1. Allen's Temporal Relation

In operations and relations to time, there is a
corresponding  relationship  between  time  point
representation and time interval representation. The time
point can be related to the "before", "after”, and
"simultaneously" operator 7). These three relationships
assume that each point of time lies in sequentially arranged
timelines. Based on the sequential arrangement, the time
interval can be directly represented as a pair of points on
the sequential path. The time interval can be related to
each relation operator at that point in time [,

Allen's temporal relation is the relational operator used to
operate the time qualitatively 0% The After,
OverlappedBy, MetBy, Contains, StartedBy, and
FinishedBy relationships are the opposite of Before,
Overlaps, Meets, During, Starts, and Finishes. A temporal
relation can be one of the thirteen forms of Allen's
temporal relation.

TIME INTERWV AL

Before {i,j} - = e GLED after(y,i)
Meets(i,j) b GEELLEY o MetBy(j,i)
Overlaps (i,j) ~=ssmnnnsans > gverlappedBy(y,i)
Starts (i,j) T P StartedBy(j,i)
During (i,j)  <sssqsssssssssssqesssssass > Contains (3,i)
Finighes (i,]) <@sssdmssnssssne] FinichedBy(j,i)
Equals (i,j) . > Equals (3 ,i)
-
i 3

Fig 3. Allen's Temporal Relation (10]
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Allen’s temporal relation supports both time point and time
interval qualitative relations. The qualitative relations can
still be determined even though the explicit time is
unknown, provided the relative time is known 19, This of
course increases the expression of time when applied to
ontology.

3. Design of Semantic Data Representations

3.1. Semantic Representation of Health Data

Generic health data is defined as statistical information
about a series of events and facts related to the health
domain, such as disease spread, immunization distribution,
health indicator, and so on. Thus, health facts are generally

represented as instances of Event.
Malaria Bali
:DiseaseGroup :Province
HappenedOn

HappenedWith

MalariaBali?018
:DiseaselSpread

Total

Happenedat

2018

Fig 4. Representation of Health Data based on a Disease Fact

The illustration in Fig 4 describe a fact about the spread of
Malaria disease in Bali that occurred during 2018. This
fact is represented by MalariaBali2018, which is an
instance of DiseaseSpread derived from the generic class
Event. Furthermore, this object is associated with the
Malaria object using the HappenedWith predicate, which
states that this fact is an incident about malaria disease.
The Malaria object is an instance of DiseaseGroup which
defines the collection of disease.

Furthermore, the object is associated with Bali objects
using the predicate HappenedOn, which states that this fact
is an incident in the province of Bali. The object of Bali is
an instance of class Province which is one of the classes in
the spatial ontology. The object is then associated with a
literal 2018 using the HappenedAt predicate, which states
that this fact occurred in 2018. This literal value is only an
integer, but in the next section it can be modeled with the
temporal representation. Finally, the object is then
connected with literal 750 through the Total predicate,
which states that the facts occurred with the number 750
cases.
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3.2. Semantic Representation of Spatial Data

Spatial data representation plays a role in providing the
ability for a data in presenting facts about information
relating to spatial aspects, such as maps, coordinates, and
geographical position. Spatial data representation has been
used extensively in various applications in geographic
information systems, but its application is still minimal on
semantic web technologies. This is due to the limited
implementation of semantic web in research and
geographic-based applications.

Spatial data representation will be designed by supporting
some basic forms, such as latitude and longitude
coordinates. In addition, to provide a more semantic
meaning to spatial information, the data representation is
complemented with the RCC8 topological relations and the
compass direction classification 1. By adding these two
types of representation, any fact that has spatial
information can be processed using a more complex spatial
operation.

Spatial representation using the RCC8 topology relation
allows machine to discover the broader semantic meaning
of a spatial information. For example, Indonesia as a
country encompassing Yogyakarta as a province, will form
an NTPP topology relationship. Spatial ontology will then
define that NTPP has an inverse on the NTTPi topology
relation. Thus, the reasoner engine will soon understand
that Yogyakarta is surrounded by Indonesia, which forms
the NTPPi topology relation. This axiom can be obtained
through reasoning even without explicitly defining it.

Indonesia

:Country
WestJara CentralTava
tProvince :Province

HTPP

Yogyakarta "
iProvince
Fig 5. Spatial Representation using RCC8 Topology Relation

Furthermore, spatial representation using compass
direction is also implemented to provide additional
meaning about the position of an area directly to other
areas. Although the compass direction is used generally to
define the direct position, it also used to define the relative
position. Relation represented by compass direction also
can be recursive.
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For example, if in the southeast of Bali is Australia, and in
the southeast of Australia is New Zealand, then without
explicitly defining, the reasoner engine can conclude that
in the southeast of Bali there is also New Zealand.

Australia
(Councry
EastJara
:Province

HorthWest

WestHusaTgr
:Province

SouthEast

Province

Fig 6. Spatial Representation using Compass Direction Classification

3.3. Semantic Representation of Temporal Data

Data that has time information is usually represented only
by a primitive or literal data type. However, there is much
other information that can be learned, or can be expressed
by the reasoner engine, if the time information is
represented not only through its value, but also through its
meaning and relation to the time entity on other objects.
Allen's temporal relation is an approach in time processing
that supports more semantic time operations.

Allen's temporal relationships allow objects that have time
information to be interconnected with each other. If there
are two objects that have time information, but only one
object defines its time value, then through Allen's temporal

relation, the reasoner engine can still estimate the correct
time position of the other object.

<2018—03—01) (2013—06—30)
Start
MalariaSeason
tTimeInterval
oOverlappedBy
DengueSeason
tTimeInterval
End
(2[!18—01—!]1) (2018—[!4—30)

Fig 7. Time Representation using Allen's Temporal Relation
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3.4. Representing Health Facts with Spatial and
Temporal Aspects

A more complete semantic meaning will be generated
when all representations are applied together. The
illustration in Fig 8 shows the facts about the incidence of
two types of diseases in different geographical location
adjacent to the time interval. The dashed line represents
automatically generated axioms obtained by the reasoner
engine through inferencing the ontology.
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Fig 8. Representing Health Facts with Spatial and Temporal Aspects

4. Implementation

The data representation model is implemented into an
ontology document, so it would be able to be used on
semantic web technology stack. Health facts and
information are presented through the instance of the Event
class. These facts are linked by the HappenedWith object
property. This object can be associated with spatial
information, such as geographic location using the
HappenedOn property. This object can also be associated
with temporal information, such as the time of the event
using the HappenedAt property. The number of facts of the
event is represented using StatisticalAmout literal
properties, which can be Total, Average, Mean, and so on.

Table 1. Semantic Specification of Health Data Representation

Class Object Property Literal Property
Event HappenedWith, Statistical Amout
HappenedOn,
HappenedAt
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Spatial information is represented using RCC8 topology
and compass direction. Each type of relation is
implemented as an object property with domain and range
of AreaBoundary.

Table 2. Semantic Specification of Spatial Data Representation using
RCC8 Topology Relation

Obiject Property Inverse | Symmetric
Disconnected (DC) - Yes
Externally Connected (EC) - Yes
Equal (EQ) - Yes
Partially Overlapping (PO) - Yes
Tangential Proper Part (TPP) TPPi No
Tangential Proper Part Inverse (TPPi) TPP No
Non-Tangent Proper Part (NTPP) NTPPi No
Non-Tangent Proper Part Inverse (NTPPi) | NTPP No

Table 3. Semantic Specification of Spatial Data Representation using
Compass Direction Classification

Object Property Inverse Symmetric
North South No
NorthEast SouthWest No
East West No
SouthEast NorthWest No
South North No
SouthWest NorthEast No
West East No
NorthWest SouthEast No

The temporal information realized is represented using
Allen's temporal relation. Each type of relation is
implemented as an object property with a domain and
range of TemporalRange, which can be either TimeUnit, or
Timelnterval. TimeUnit is just a primitive data type of
time, while Timelnterval is a class that specifically defines
a time range consisting of StartTime and EndTime.

Table 4. Semantic Specification of Temporal Data Representation

Class Object Property Literal Property
Timelnterval HappenedWith, StartTime, EndTime,
HappenedOn Total
Table 5. Semantic Specification of Allen's Temporal Relation
Object Property Inverse Symmetric
Before After No
After Before No
Meets MetBy No
MetBy Meets No
Overlaps OverlappedBy No
OverlappedBy Overlaps No
Starts StartedBy No
StartedBy Starts No
During Contains No
Contains During No
Finishes FinishedBy No
FinishedBy Finishes No
Equals - Yes
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5. Evaluation

Evaluation in this study was conducted through a series of
approaches to assess and measure the quality of the
proposed data representation model. Evaluation of the data
representation model is done through DL expressivity
calculation and ontology reasoning experiment. These two
evaluation methods together aim to measure the quality of
the proposed data representation model for health data, as
well as the support for spatial and temporal information.

5.1. DL Expressivity Calculation

The DL expressivity metric is a set of standard measures
that express the degree of expressivity of an ontology
specification 19, DL expressivity metrics are calculated
based on the number of axioms defined and related in an
ontology (81 If an ontology is related to another ontology,
then DL expressivity metrics can be calculated individually
or in whole. Evaluation of DL expressivity in this study
was conducted on all ontologies produced, i.e. health,
spatial, and temporal ontology. After that the measurement
also done on the combination of all ontologies that have
been integrated. The DL expressivity calculation is
performed using the Protégé application and the DLMetric

plugin.

Table 6. Axiom Statistics and DL Expressivity Metrics

Criteria Value
All Axioms 1088
Logical Axioms 578
Declared Axioms 258
Class 41
Object Property 42
Data Property 23
Individual 155
Annotation Property 2
DL Expressivity SHOIF(D)

Most highly expressive ontologies are satisfying the SOI
fragments, such as SHOIN, SHOIQ, and SROIQ 1. More
specifically, SOI fragments are met with the application of
axioms of attributive facts, atomic, sliced, enumerated,
negated, transitive, nominal, and inverse. The calculated
expressivity in the ontology generated from this study has
also fulfilled the specification of the HF(D) fragment, i.e.
the axioms of class hierarchy, function, and the type of
formation data.

5.2. Ontology Reasoning Experiment

An expressive ontology should be able to find new implicit
meaning that can be learned by the reasoner engine. The
reasoner engine works by learning in all defined axioms in
an ontology. Furthermore, the reasoner engine will infer
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some new facts and explore new knowledge that has not
explicitly defined in ontology.

The ontology reasoning evaluation in this study was
performed on each ontology generated, then continued on
the compilation of all the ontologies. The evaluation
process was carried out using the HermiT reasoner engine.
Table 7 presents the results obtained when the reasoning
process is complete.

Table 7. Results of Ontology Reasoning Experiment

Ontology Exi_sting Infgrred 1 nfere_nce
Axioms Axioms Ratio
Health 336 60 17%
Spatial 343 82 23%
Temporal 399 41 10%
Compiled 1088 173 15%

From the analysis results, it appears that spatial ontology
has the highest inference ratio, while the temporal ontology
has the lowest inference ratio. In addition, the yield of
inference ratio to the existing axioms was 15% on average.

6. Conclusion and Future Work

The proposed data representation can be implemented in
public health data domain, which has extensive aspects in
spatial and temporal information. The data representation
can present semantic meaning and operation to spatial and
temporal information. The resulting ontology has a DL
expressivity metric of SHOIF(D), which can be classified
as a high-expression ontology. Through the learning
process by the reasoner engine, the resulting ontology has
an average inference ratio of 15%.

The data representation model proposed in this study can
be piloted in other cases in addition to health data. The
spatial representation still can be improved to support
related information, such as weather. The time information
on the proposed temporal representation can be further
developed by providing support to information history.
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