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Abstract—The business model developed focused on expert system for health sector that uses intelligent agent to guide
doctors in accurately carrying out disease control procedures. The objective of the paper is to create ontology-based data
integration (OBDI) system process model that can uses intelligent agent to guide doctors in accurately carrying out disease
control procedures. The system developed used to manage a disease registry that consists of the concepts of the domain,
the attributes characterizing each disease, the different symptoms, and treatments. A model for enhanced medical
intelligence process using ontology based technique developed. The design provided for a database system for storing
medical records, software for enhanced Medical Intelligence Process that would be more user-friendly, flexible, adaptive,
intelligent, agile and automatic in integrating and analyzing medical data thereby helping medical practitioners at various
levels to make realistic intelligent and real-time decision on critical health issues. Object Oriented Analysis and Design
Methodology (OOADM) adopted in the design of the system. The system achieved integration of various patients medical
records from different hospitals using ontology based and virtual data integration technique that will allow clinic data of
one patient collected together to form a combinational resource, and could be accessed by physician if authority is assigned
to the physician. Ontology-based data integration technique for disease control procedure achieved 95% accuracy in
predicting the disease control procedure.
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1. INTRODUCTION example, the Intensive Care Unit (ICU) is an extremely

data intensive environment where large volumes of data

Medical intelligence is the ability to detect and cure an
ailment on time with minimal effort. It requires vast
knowledge on disease symptoms, cure, and this can only
be achieved by having a data warehouse build from the
knowledge of medical experts. To apply medical
intelligence effectively, the healthcare condition of the
patients ascertained. Ontology for data integration is as a
data model that consists of parts such as classes, properties
and relationships between them. It says the term ontology
refers to a machine-readable representation of knowledge,
particularly for automated inference. .The health-care
condition of a patient defined as all the past and current
medical and social information about the patient that may
affect the professional immediate and short-term
management of that patient. In this research, this
information corresponds to all the diseases, syndromes and
social issues that are diagnosed for the patient, the signs
and symptoms (including family medical history), the
problem assessments performed (i.e., medical, social,
cognitive, and mobility tests), and the current
interventions, either pharmacological, rehabilitative, nurse
care, social care, counseling, and special medical services.
In healthcare system all over the world, the amount of
patient oriented data is constantly growing. More hospitals
are opening up with various departments / units. For
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from patient monitoring and observations are recorded
continuously. Physicians and nurses could generate such
patient oriented data from medical devices, laboratory
results, electronic prescriptions, therapeutic decisions, and
clinical observed values. These data disintegrated and
access to the data done by requesting for it through the
various hospital units. This is not only time consuming but
obsolete. The following are the existing challenges of the
medical system;

1. Lack of fast, accurate, reliable and intelligent software
solutions that can help healthcare practitioners make
decisions that would solve urgent, and in some cases,
complex medical problems in real-time.

2. Cost of processing and analyzing large volumes of data
in a medical environment is high most especially in
terms of time consumption.

Ontology-Based Data Integration (OBDI) Technique

In computer science, ontology is a controlled vocabulary
that describes objects and the relations between them in a
formal way. Ontologies provide a sound basis for sharing
domain knowledge between human and computer
programs, or between computer programs. An ontology
normally defines concepts (or classes), individuals (or
instances), properties, relationships and their constraints.
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Logical formalization of ontology language ensures
semantic interpretation, i.e. inference, by computer
programs. Ontology is a major instrument toward
realization of the Semantic Web vision [1]. [2] Defined
ontology as a formal, explicit specification of a shared
conceptualization and further defined conceptualization to
be an abstract model of some phenomenon in the world by
having identified the relevant concepts of that
phenomenon. Explicit means that the type of concepts
used, and the constraints on their use explicitly defined.
Ontologies allow more complete and precise domain
models. Ontologies intended shared and reused, and the
approach perceived to be beneficial. Ontology-based
design has an advantage of being syntactically correct and
semantically consistent as a model.

[3] Ontologies provide a common language to express the
shared semantics and consensus knowledge developed in a
domain. This research will explore this in its ontology-
based integration technique phase. Ontology based Data
Integration involves the use of ontology(s) to effectively
combine data or information from multiple heterogeneous
sources. It is one of the multiple data integration
approaches and classified as Global-As-View (GAV). The
effectiveness of ontology based data integration closely
tied to the consistency and expressivity of the ontology
used in the integration process. Inter-application
interoperability seen as schema mapping and data
integration problem. In this manner, integration requires
mapping systems and integration systems that uses those
mappings to answer queries or translate data across data
sources. There are three different categories of ontology-
based integration approaches; single ontology approaches
(SOIA), multiply ontology approaches (MOIA), hybrid
ontology approaches (HOIA) [4]

Single ontology approach: A single ontology used as a
global reference model in the system. This is the simplest
approach simulated by other approaches. The SIMS
(Search in Multiple Sources) system is a prominent
example of this approach. The Structured Knowledge
Source Integration component of Research Cyc is another
prominent example of this approach. (Title = Harnessing
Cyc to Answer Clinical Researchers' Ad Hoc Queries)

Multiple ontologies: Multiple ontologies, each modeling
an individual data source used in combination for
integration. However, this approach is more flexible than
the single ontology approach; it requires creation of
mappings between the multiple ontologies. Ontology
mapping is a challenging issue and is focus of large
number of research efforts in computer science. The
OBSERVER (Ontology Based System Enhanced with
Relationship for Vocabulary heterogeneity Resolution)
system is an example of this approach.

Hybrid approaches: The hybrid approach involves the
use of multiple ontologies that subscribe to a common,
top-level vocabulary. The top-level vocabulary defines the
basic terms of the domain. Thus, the hybrid approach
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makes it easier to use multiple ontologies for integration in

presence of the common vocabulary.

Ontologies enable the unambiguous identification of

entities in heterogeneous information systems and

assertion of applicable named relationships that connect
these entities together. Specifically, ontologies play the
following roles:

a. Content Explication: The ontology enables accurate
interpretation of data from multiple sources through the
explicit definition of terms and relationships in the
ontology.

b. Query Model: In some systems like SIMS, the query
formulated using the ontology as a global query
schema.

¢. Verification: The ontology verifies the mappings used
to integrate data from multiple sources. These
mappings may either be user specified or generated by
a system.

Ontology allows more complete and precise domain
models. They intended to be share and reused and one of
the main advantages of its design is that it has syntactically
correct and semantically consistent model and reasoning
over them provides retrieval of additional rules possibly
not recognized during the design phase. In any domain
such as that of business intelligence systems, ontology
play the role of providing a common language to express
the shared semantics and consensus knowledge developed
in such domain. The shared semantics typically captured in
the form of various domain specific ontologies and
classifications. The concepts provide the shared semantics
to which various data objects and data interpretations
mapped to enabling integration across multiple business
intelligence, data sources and domains. A data integration
system provides a uniform interface to distributed and
heterogeneous sources. These sources can be databases as
well as unstructured information such as files, HTML
pages, etc. One of the most important problems within data
integration is the semantic heterogeneity, which analyzes
the meaning of terms included in the different information
sources. As earlier stated in this research, Data integration
is concerned with unifying data that share some common
semantics but originate from unrelated sources.

Heterogeneity classified into four categories: (1) structural
heterogeneity, involving different data models; (2)
syntactical heterogeneity, involving different languages
and data representations; (3) systemic heterogeneity,
involving hardware and operating systems; and (4)
semantics heterogeneity, involving different concepts and
their interpretations. The semantic heterogeneity deals
with three types of concepts: the semantically equivalent
concepts, the semantically unrelated concepts, and the
semantically related concepts. In the first case -
semantically equivalent concepts — a model uses different
terms to refer the same concept, e.g. Ssynonymous, or some
properties modeled differently by different systems, for
example, the concept length may be “meter” in one system
and “mile” in one another. In the second case -
semantically unrelated concepts — the same term may be
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used by different systems to denote completely different
concepts; and in the last case — semantically related

concepts — different classifications may be performed, for

2. RELATED WORKS

Table 1: Summary of Related works
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example one system classifies “person” as “male” and
“female” and other system as “student” and “professor”.

Author Techniques Work done Limitations

[5] Ontology-based clinical reminder system that link clinical The paper didn’t integrate
guideline knowledge with patient registries electronic health record (EHR)

standards

[6] open data integration facilitates centralization of data assets Lacks analytics, data visualization,

platform monitoring and reporting
functionalities for clinical decision
support

[7] machine learning facilitating personal health care, reducing | The work was carried out using a
costs of health care, and improving outcomes | single hospital and may not

represent the facts when you
broaden the scope.

[8] Adaptative Neuro- The obtained simulation results demonstrate | The intelligent system was limited

Fuzzy System (ANFIS) | the efficiency of using ANFIS model in the | to heart attacks only
identification of heart attacks

[9] Survey A major finding of the survey is that although | Theoretical review. No practical
significant advances have been made in implementation
introducing Al technology in critical care,
successful examples of fielded systems are
still few and far between

[10] cloud computing Addressed the challenge of sharing medical | Didn’t incorporate medical
data intelligence

[11] Expert System help a great deal in identifying those diseases Lacks data integration
and describing methods of treatment to be
carried

[12] Expert System Able to give appropriate diagnosis and Is limited to two heart diseases
treatment for two heart diseases namely;
angina pectoris and infarction

[13] Fuzzy The analysis clearly shows the effectiveness Lacks data integration
and accuracy in the system performance
through false result elimination

[14] Multi Agent Enhanced | Results indicate that the pMAEBI managed Narrowed to product pricing

Business Intelligence stores performed better (in terms of profit)
than the comparison stores

[15] ontology-based Helps health-care professionals to detect Needs specialized knowledge to

personalization anomalous circumstances such as wrong operate
diagnoses, missing information, unobserved
related diseases, or preventive actions
[16] Framework for This survey describes seven systems and three | It is a survey
Comparison proposals for ontology-based data integration.

[17] ontology based bridges the gap between ontology based | The problem of splitting the query
integration and service oriented architecture | into static and dynamic query was
by enabling dynamic and transparent | not addressed fully.
integration of information which is provided
by services

[18] Virtual Data | They developed a Virtual — Data Integration | concentrate mainly on data

Integration Framework (V-DIF) that meets most of the | integration process and avoid or
users’ expectations ignore the other two processes
(inconsistency ~ detection and

resolution)

[19] Mapping Approach Provides a linkage between the fundamental | Cannot use the sources of the data
components required to provide accurate and | to resolve the duplicate through
unambiguous answers to the users’ queries | source preferences.
from the integration system

[20] Ontology based By using Internet of Things will help us to | The paper didn’t integrate
cure the patient in a short period of time electronic health record (EHR)

standards
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[21] Intelligent-Knowledge | Developed technologically integrated | Increased complexity
Authoring Tool (I- | healthcare system
KAT)
[22] case based reasoning Medical dataset Existence of many problems
without solutions
[23] KNN The performance of CBR applications was [ The missing data values of some
enhanced attributes have been handled while
others are not treated
[24] Decision tree Prediction of presence and absence of diabetes | It is a review of techniques and no
model was developed
[25] Support Vector | Diagnosis heart disease The accuracy is low when
Machine (SVM) and compared to other research
Atrtificial Neural
Network (ANN)
[26] Fuzzy logic Modeled clinical practice guidelines Is not a dynamic systems

3. ANALYSIS OF THE SYSTEM

The system is designed to bring together the benefits of
ontology-based data integration technique as it relates to
seamless transition, solving inconsistencies in semantics
and accuracy issues in syntactic and that of virtual data
integration technique as it relates to hiding of technical
jargons from users and unifying integrated and reconciling
views of data residing at different sources as well as at
different location for users. These would be implemented
in a Business Intelligence environment using health sector,
thereby enhancing the existing models that adopted
exclusively either of the two techniques. The interoperable
regional healthcare system lies in the maximum usage of
medical and health resources by integrating important
medical technologies and sharing the medical resource and
information. Since the information of healthcare domain is
diversified and dynamic because of the heterogeneous and
distributed information resources and the large amount of
daily updated data produced by many information systems
from medical institution, the key problem for constructing
integrated healthcare system is the efficient management
of medical workflow and the effective integration of mass

Data mining
analyst-2

Data mining
analyst-1

data resources. Therefore the modularization design and
expansibility with the hierarchy structure are essential to
this system. In the system, the healthcare centers are
responsible for the medical data from each regional data
center to monitor disease. Each regional information
integration platform is composed of hospital, clinics and
community healthcare center by which different levels of
medical institutions are able to share the data from data
centers and realize two-way referral and medical record
lending. The information sharing among different medical
systems not only needs to provide full accessibility to the
data but also requires the interoperability among these
systems. The main problems caused by bringing together
heterogeneous and distributed computer systems are
summarized as semantic heterogeneity and structural
heterogeneity as shown in Figure 3.2. Semantic
heterogeneity refers to the variation of semantic meaning
in medical information resources which will lead to the
semantic conflicts and complication for data integration.
Structural heterogeneity means that the same data will be
described in different structures by different systems
because of various application systems, DBMS and
operating systems.

v Data mining

analvst n

Input lv t Output T Output Input 1 Output
[ Database virtualization technique (virtual DBMS)
, I 1 I 1 T 1 T 1
Homogenous distributed Heterogeneous distributed Location transp arency
DB management function DB management function function
\
Same Same Different Different Geographically
data vendor data vender distributed
L model model
Example of Examples of data Examples of
wvendor nmducts models regions (locations)
MvSQL BDBE South South DB
FPostgreSQL ~MLDE South West DB
SQLServer O0ODE South East DE
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Fig. 3.2: Database virtualization technique
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The system will track patient’s visits and will generate a
reminder for patient or physician of the needed follow-up
or preventive care against a discovered disease. The
typical work flow begins with the physician reviewing a
patient’s information from a computer terminal to view the
information online. The physician can also retrieve
patients list with similar disease. The richer the medical
registry’s data set, the greater the possibilities for
examining subgroups of patients with related cases and
how it was treated. The registries include standard reports
and permit user to query the system for specific date
ranges and interventions or patient status indicator.

In the system, physicians can use the patient’s information
to develop a strategy for treatment of each patient. It can

Data Flow Diagram (DFD) of the System

Patient Detail
2
Clinic

15

D1 | Regional Patient
Database

~—————

Healthcare
Agencies

g ————| O3 |Disease
Database
Data

Extract data
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allow the physician to contact the patient via SMS to
advice the patient on the need to come for follow up or
take certain medication. During this process, physician
become aware of problems with registry information such
as finding that the patient is no longer coming for
treatment or has changed health service provider. The
disease registry can generate report with different views of
aggregating information about the process or outcome of
health care management. It can show the population of
patients suffering from a particular disease, the number
treated successfully, and a feedback to physicians about
the status of their patients, and the possible treatment to

apply.

Hospital

Patient Detail

Patient Detail

[3
Clinie

D2 [ Regional Patient
database

Fig. 3.4: Data Flow of the System

As shown in figure 3.4, the health sector is responsible for
the medical data from each regional data center to monitor
disease. Each regional information integration platform is
composed of tertiary hospital, clinics and community
healthcare center by which different levels of medical
institutions in a region are able to share the data from data
centers and realize two-way referral and medical record
lending.

Algorithm

The algorithm for the proposed model is as follows
Start

Algorithm to set up the disease control dataset
Enter the disease symptoms

Enter the procedure for treatment

Create a dataset

Store in database

Stop
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Algorithm for disease control

Start

Enter the symptoms

Query the disease db

Integrate all the dataset found

Match the symptoms entered with the one in the database
Use intelligent agent to filter the database
Apply disease ontology

Search for best matching case

Call Virtual data integration algorithm

Search the knowledge base

Is the disease a new case?

If yes then store in the disease dictionary else
Find the matching case

Is similar case found?

If yes search for the disease control procedure
Otherwise search other dataset from global view
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Extract the suggested disease control procedure that
matched the disease found from disease ontology

Display the suggested disease control procedure

Stop.

IV. RESULT

Table 2: Confusion matrix applied to test dataset of
Disease Control

Vol.10(5), May 2022, E-ISSN: 2347-2693

Table 2 shows that out of 20 transactions, 18 diagnoses are
True Positive and was predicted correctly. One diagnosis
detected to be False Negative while it is not. Finally, one
False Positive detected. A model of performance metrics
derived from the confusion matrix as show in equation 3,
which show the accuracy of the system.

Substituting the values, we have

Observed AC = (18+1) / (18+0+1+1)
True False AC = 0.95 i.e. 95%
True 18 0 accuracy in predicting the disease control procedure
Predicted False 1 1
120
100

[o]
o

Level of Performance Accuracy
I o
o o
| |

N
o
!

Ontology-based data integration Virtual data integration technique

Techniques Used

Hybrid technique

Figure 6: Comparison of level of prediction accuracy using various techniques

From Figure 4.17, one can see that the Ontology-based
data integration technique for disease control procedure
has 75% accuracy in predicting the disease control
procedure; Virtual data integration technique for disease
control procedure has 65% accuracy in predicting the
disease control procedure; while Hybrid technique using
both Ontology-based data integration and virtual bydata
integration technique for disease control procedure has
95% accuracy in predicting the disease control procedure.
This shows that the Hybrid technique outperforms the
existing techniques with (95 — 75) = 20%, i.e. there is 20%
improvement from the existing technique.

V. CONCLUSION

In developing nations like Nigeria, data are rarely
collected and stored at a single entry point especially in the
health sector. Integration from multiple heterogeneous
sources is a prerequisite step for many applications, e.g.,
decision aids, data/information fusion and data mining. It
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is also a prevailing task by many organizations in order to
improve their knowledge sharing as well as the efficiency
of their operations. This will be of immense benefit to
physicians who are in need of these vast amounts of
knowledge for their daily life saving operations.

Utilizing ontology-based data integration and virtual data
integration is an attractive avenue as it is also a key factor
for enabling interoperability. However, integrating vast
amount of information from different sources is a difficult,
complex and demanding task. The use of ontology-based
data integration systems and virtual data integration tools
to automate partly the data integration task and reduce this
effort has been achieved in this thesis.

The establishment of local ontologies must represent the
vocabulary used in the domain in order to recognize the
synonyms relation and the hierarchical relations between
the concepts. On this basis, the ontology matching
becomes less time-consuming than the global schema
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matching as the method aims to reduce the amount of
integration decisions and the number of rules.

Advances in intelligent systems, e.g., “Intelligent
Information Agents” for the Internet, will help doctors in
accurately carrying out disease control procedures.
Emerging and more mature standards such as “Extensible
Markup Language” (XML), “Ontology Web Language”
(OWL) and Web Services based on “Simple Object
Access Protocol” (SOAP), “Universal, Description,
Discovery, and Integration” (UDDI) and “Web Service
Description Language” (WSDL), will also help to resolve
many software-level interoperability problems. The
application developed in this thesis relies on these Web
interoperability standards in order to integrate information
dynamically.
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