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Abstract: Knowledge discovery from the patient’s health records is a challenging task

for the medical specialists. The knowledge generated from the patient’s records can

assist specialists to make an effective decision and recommend more precise diagno-

sis. This provides the basis for decision-making process with the recommendation for

patient diagnosis and expertise advice by retrieving the information from the knowl-

edgebase. This research aims at utilizing data mining techniques to discover patterns

and relationships in between diagnosis and corresponding symptoms. The extracted

patterns are used to assist the physician to determine the precise diagnosis with pa-

tient’s context. We consider graph database-Neo4j to develop a knowledgebase that

stores knowledge in the ontological form of patterns and relationships and use the

knowledgebase in clinical decision support system to provide recommendations of

next possible symptoms and diagnosis for the effective recommendation. In addition,

we integrate the expert knowledge with our knowledgebase and explore the feature

of graph visualization, with more detail information of patterns and connection of

associated patterns in the knowledgebase.
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Chapter 1

Introduction

Electronic health records (EHR) maintain medical and historical patient’s data which

are growing tremendously due to the availability of advanced information technology

in healthcare domain. Several records and data elements are generated from a sin-

gle patient during their diagnosis, treatment, and billing [2]. EHR includes relevant

information, such as insurance information, demographic data, and even data from

personal wellness devices. Huge capitals are invested in order to provide effective

healthcare for a patient as the statistics from global EHR market share was estimated

about USD 20.55 billion in 2016 [3]. Extracting all the symptoms and determining

proper diagnosis to provide effective treatment could reduce a cost for the patient. A

large amount of patient data could be used to extract the patterns and relationships

associated. EHR data are in a raw format that includes medical history, vital signs,

progress notes, diagnoses, medications, immunization dates, allergies, lab data and

imaging report [4]. Knowledge discovery from the patient’s health records is a chal-

lenging task. Data Mining is one of the popular techniques that provides a way to

discover hidden patterns and relationships among variables in large dataset [5]. Data

mining is the technique of knowledge extraction which is implicit in data that poten-

tially contains useful information. Evaluation of hidden patterns and trends within

the data could provide a better understanding of disease progression and manage-



ment. Data mining techniques are used in different sectors such as decision support,

prediction, forecasting, and estimation. Data mining, machine learning, and big data

analytics are actively used to create predictive models and advanced processes to

provide accurate and knowledgeable decision support.

In healthcare domain, quality services with appropriate diagnosis and effective

treatment at an affordable cost are challenging. A simple mistake in diagnosis may

cause a major damage with disastrous outcomes. An automated decision support

system can assist the healthcare personnel to make correct decisions during the ex-

amination of a patient that makes the diagnostic process more objective and reli-

able. Determining the patterns and relationships from the large dataset generates

the knowledge that guides the personnel during the decision-making process. Not

only patterns and knowledge from the data, the patient medical history and advice

from domain experts must be considered to empower decision making [6]. A Clini-

cal Decision Support System (CDSS) should interact with health personnel, analyze

and find patterns and connections in EHR, integrate it with knowledge from domain

experts, searches the patterns in knowledge database and provides recommendations

for patient diagnosis, treatment and expertise advice which is stored in the knowl-

edge base. Physician and health practitioners retrieve stored medical knowledge in

order to take the effective decision with the current condition of a patient in order to

improve the practitioner’s medical practice [7].

In this thesis, we first explore concept lattice analysis technique to gather useful

information from data. With this technique, we gather frequent itemsets (a group of

symptoms) that could help the physicians to explore the associated diagnose corre-

sponded to the concept. However, we are interested in using these concepts to design

and develop a knowledge base that could assist physician during decision-making pro-

cess to recommend more appropriate diagnosis with the context. The context is the

2



current condition of the particular patient which matches with their symptoms and

diagnosis. We designed and developed a clinical decision system with knowledgebase

by integrating experts and mined knowledge from EHR in a graph database that

performs the following tasks:

1. Collect patient symptoms as users input, parse and tokenizes them.

2. Update the context by combining new symptoms of patient and historical symp-

toms.

3. Search frequent itemset that matches the context in the knowledge base with

their degree of relevance.

4. Recommend all possible diagnosis and symptoms which are relevant to the

current context that provides comparing measure to assist the health personnel

in making the proper decision.

5. Update context with physician decision of new context and repeat (5) until the

appropriate diagnosis is identified.

6. Provide visualization of highly qualitative extracted knowledge on highly scal-

able graph database Neo4j.

The principal contribution of this thesis is:

1. To discover the knowledge from the data applying data mining techniques and

to develop a knowledgebase.

2. To integrate expert knowledge in the knowledgebase.

3. To develop a prototype clinical decision support system that uses knowledgebase

for the decision-making process.

3



4. To introduce the exploration technique in graph database that provides visual-

ization for decision making.

4



Chapter 2

Tools and Technologies

In our research, different tools and technologies were used to create knowledgebase

and clinical decision support system. Python is the language which we used for the

implementation and data manipulation operation. Here in this section, we discuss in

detail.

2.1 Neo4j

Neo4j is the most popular graph database management system developed by Neo4j

Inc. according to DB-Engines ranking [8]. It is a high-performance graph store

with all the features expected of a mature and robust database, like a friendly query

language and ACID transactions.

It is implemented in Java and accessible from driver software written in different

languages such as Java, .Net, JavaScript and Python using the Cypher Query Lan-

guage through a transactional HTTP endpoint, or through the binary ”bolt” protocol.

In our research, we used py2neo driver [9] toolkit to access the graph database.

2.2 Cypher Query Language

Cypher is a declarative language that describes patterns in graphs visually using

an ASCII-art syntax [10]. Cypher allows for expressive and efficient querying and



updating of the graph store. Cypher is very powerful language. Cypher is designed

to be a human query language that is suitable for both developers and operations

professionals to work with real-world data. It is SQL-inspired language. It uses

various clauses similar to SQL.

2.3 Py2neo

Py2neo wraps all the libraries to access Neo4j graph database with HTTP request

and provides a higher level API, admin tools, an interactive console and cypher lexer.

It is a client library and toolkit for working with Neo4j within Python applications

and from the command line. In our research, we used py2neo driver to create the user

interface that connects the neo4j graph database to perform all the operation such

as creating nodes and relationships, search operation, delete operation along with

cypher queries.

6



Chapter 3

Background

In this section, we discuss various background knowledge required for our approach.

3.1 Concept Lattice

A formal context is a triplet (G, M, I) where G and M are two non-empty sets has

I ⊆ G ×M binary relation between G and M. The elements of G are objects and

elements of M are attributes and I the incidence of the context (G, M, I). For A ⊆ G

and B ⊆M , we define

A′ = {m ∈M | (g,m) ∈ I,∀g ∈ A}

B′ = {g ∈ G | (g,m) ∈ I,∀m ∈ B}

For all A1, A2, A ⊆ G and B1, B2, B ⊆M satisfy following rules [11]

1. A1 ⊆ A2 ⇒ A′
2 ⊆ A′

1

2. B1 ⊆ B2 ⇒ B′
2 ⊆ B′

1

3. A ⊆ A′′

4. A′ ⊆ A′′′

5. B ⊆ B′′

6. B′ ⊆ B′′′



7. A ⊆ B′ ⇐⇒ B ⊆ A′

A pair (A, B) is a formal concept of (G, M, I) if and only if A ⊆ G, B ⊆M, A′ =

B, and A = B′.

A is called the extent and B is the intent of the concept (A, B). The concepts of a

given context are naturally ordered by the subconcept-supercontext relation defined

by (A1, B1) ≤ (A2, B2)⇐⇒ A1 ⊆ A2(⇐⇒ B2 ⊆ B1) The set of all formal concepts

of a context (G, M, I) is called the concept lattice of the context (G, M, I).

3.2 Frequent Pattern Mining

Frequent patterns are patterns which consist of itemsets, subsequences, and substruc-

tures in a dataset with a frequency more than a specified threshold[12]. For example,

milk and bread in the transactional dataset that appears frequently together is a fre-

quent itemset. A subsequence could be buying first a TV, then a DVD player, and

then various CDs and DVDs occurring frequently in a shopping history database is

considered as a frequent sequential pattern. A substructure refers to different struc-

tural forms, such as subtrees, subgraphs, or sublattices, which may be combined with

itemsets or subsequences. If these substructures occur frequently in a graph database,

then it is a frequent structural pattern. Frequent pattern mining plays a vital role in

mining associations, sequences, and finding interesting relationships among data.

3.3 Association Mining

The concept of association mining was first introduced by Agrawal [13] in the form of

association rules mining, aiming at analyzing customer purchase habit by extracting

associations between items in customer shopping baskets. An itemset is a set of items

that frequently appear in shopping baskets. An itemset is a set of items with the car-

8



dinality of k which is called k-itemset. The support of an itemset is the number of

transactions (i.e. baskets) that contain that itemset in the transaction database. The

Apriori algorithm [13] passes over the transaction database multiple times to discover

frequent k-itemsets that appear in transactions more than a user-specified threshold,

namely minimum support (minsup). In the first pass, the algorithm counts the sup-

port of individual items and determines the frequent 1-itemsets. In each subsequent

pass, the algorithm selects different frequent (k-1)-itemsets found in the previous

pass to generate candidate k-itemsets by joining those frequent (k-1)-itemsets. The

candidate k-itemset will be deleted from candidate list if any of its subsets is not

frequent, i.e., each subset of a candidate itemset must itself be frequent. Each candi-

date k-itemset must also have minimum support in order to be considered as frequent

k-itemset. This iterative process will terminate when the algorithm cannot generate

any larger frequent k-itemset.

3.4 Knowledge-Driven Decision Support System

A knowledge-driven decision support system (KD-DSS) provides specialized problem-

solving expertise stored as facts, rules, procedures, or in similar structures [14]. It

is an interactive software-based system intended to suggest or recommend actions

to decision makers using a knowledgebase. The knowledge discovery process may

consist of following steps: i) data integration and feature selection; ii) data mining to

discover and gain knowledge; iii) knowledge interpretation and representation. The

knowledge is explicitly represented via automatic tools as ontology or rules which

assist in DSS behave like an intelligent consultant [1]: supporting decision makers

by gathering and analyzing evidence, identifying and diagnosing problems, proposing

possible actions, and evaluating the proposed actions. KD-DSS has the capabilities

9



of self-learning, identifying the associations between raw data, integrating with data

mining techniques to discover hidden patterns, and performing heuristic optimizations

[15]. These abilities turn KD-DSS into an intelligent process which improves the

accuracy of decision making.

3.5 Graph Database

The graph database is a database designed to establish the relationships between

different data as a first-class citizen in the data model [16]. In a real world, the data

are usually connected and related. To establish relationships, store and query these

relationships effectively, graph database provides the proper framework. Compare to

other databases, the graph database reduces the query time through expensive JOIN

operations.

Accessing nodes and relationships in a native graph database is an efficient,

constant-time operation and allows you to quickly traverse millions of connections

per second per core. Highly connected and complex data can be modeled as a graph

in the graph database. It is possible to search the pattern from the graph database

and easy to explore the connection in the form of a graph. User queries with patterns

and starting point, graph database can explore all the connected neighbor nodes-

collecting all the information related to nodes and relationship.

3.5.1 The Property Graph Model

Property graph model is similar to the entity-relationship model or object model. It

consists of nodes and relationships.

1. Nodes: Nodes are the basic entity of the graph consist of a number of attributes

that store data in form of key-value pairs called properties. Nodes are usually

10



tagged with labels that could represent the roles. The metadata information

such as index or constraint information can be also attached to the node.

2. Relationships: One node is connected to the other node with the help of re-

lationship. A relationship is directional with start and end nodes. Similar to

the nodes, the relationship also consists of properties in the form of key-value

pairs. The name is assigned to the relationship with respect to the semanti-

cally relevant connection. Generally, quantitative properties are related to the

relationship, such as weight, distances, time, intervals, costs, strength. A node

having a relationship cannot be deleted without deleting the affiliated relation-

ships.

It is difficult to find the knowledge from huge data set as data could be stored in

different formats, the size of the data could be huge and accessed time increases while

dealing with huge amount of data. This leads to the concept of big data. Big Data is

characterized by 3V’s namely Variety- various data format of data, Volume- quantity

of data and Velocity- the rate at which the data is produced. In order to manage big

data that are highly interconnected, graph databases are ”Unstructured data” and

very powerful. Traversal in the graph database is easier and takes less time for highly

interrelated data compare to structure database like RDMS. The graph database is

highly scalable. There are many famous graph databases like Neo4j, AllegroGraph7,

OrientDB8. Social networking websites, semantic web, ontologies, hospital data are

highly suitable for storage in graph databases.

A graph consists of nodes and edges that define relations between them. Edges

have their own labels and properties. In the graph database, the data is stored as

nodes and relationship that are accessed by queries during graph traversal operations.

Graph traversal provides more flexibility. It is easy to render the graph database and

11



expand to very large graph datasets. A simple graph representation has been depicted

in the 3.1.

Figure 3.1: Graph Representation

The database shown depicts the relationship between symptoms and diagnosis and

how that data is being stored in a database. The nodes have their own properties

which are stored in form of key-value pairs. Each node can be given a label to call

with later during querying. Same is the scenario with relations. The edges define

relationships and relationship types. They can also have properties which are also

stored as key-value pairs.

3.6 Data Mining

Data Mining is considered one of the conventional methods to retrieve hidden knowl-

edge from different dimensions from a given dataset. The structure of the dataset

where we apply mining determine the success of methods along with the efficiency of

its algorithm. Data mining comprises a sequence of steps or combination of methods

or mathematical solutions or machine learning procedures to establish a relationship

between the raw data in a dataset, with a view providing a global meaning to the

12



given dataset. Data mining consist of a number of combination of mathematical

calculations or machine learning processes to recognize a relationship between the

attribute values in a raw dataset that provides the meaning to the given dataset.

Despite advances in computing, faster processors and high-speed networks, the

performance of relational database applications is becoming slower and slower. How-

ever, the performance of relational database applications is afflicted when it comes

to the context of big data. The performance deteriorates not only with high and

rapidly growing volume and velocity of data, but also in its variety, complexity, and

interconnectedness in the dataset. Real world dataset is usually densely connected

and as the volume, velocity and variety of data increase the data relationships also

grows even faster.

Experimenting with data mining on different databases other than relational

database has abundant benefits. In the data mining process, the relationship of

values in the dataset needs to be established with less error. So the graph database

comes into the acts, as it could provide a database structure that helps to establish a

relationship between the attributes of the dataset. The following different properties

are the major significance of the graph database.

• Graph Representation of data

• Establishing the Relationship is easy

• Simplicity in query formulation.

• Data Visualization.

• Interoperability.

• Easy to map different forms of data.

• Easy to design conceptual database.

The major advantage of graph database over relational databases are: The relational

database should not contain multivalued attributes however, the graph databases can

13



have a definite number of multivalued attributes. A single node can have different

attributes. A node in a graph database has incoming and outgoing edges considered

as indegree and outdegree of the node. These connections are equivalent to the con-

nection between two different tables in RDBMS. It is easy to apply graph algorithm

to the graph representation which is more effective and fast.

3.7 Ontology and Resource Descriptive Framework (RDF)

Ontology is used to build an appropriate model of the structure of a system. It in-

cludes concepts, concept taxonomies, relationships between concepts, and properties

that describe concepts, axioms and constraints to define a domain [17]. There are a

large number of languages for expressing ontologies. Some of the standard languages

are RDF (Resource Description Framework), OWL (Web ontology language) [18],

KL-ONE, vCard [19] and such others. The ontologies are used in the various domain

for knowledge management [20] and modeling domain knowledge [21].

RDF concept for structuring the Communication flow. We define a model to struc-

ture the workflow by using RDF. The acronym RDF stands for Resource Description

Framework. It was initially outlined as metadata data model by World Wide Web

(W3C). It is now being used generally as conceptual description or modeling of in-

formation enacting in the web semantics. It uses different syntax notations and data

serializable format. It is now being used for knowledge management. Since it is a

common framework, application designers can leverage the availability of common

RDF parser and processing tools. The ability to exchange information between dif-

ferent applications means that the information may be made available to applications

other than those for which it was originally created.

Expressions in RDF are represented as triples, in general, consisting of a subject,

14



a predicate (also called a property) that denotes a relationship to an object. A usual

representation of the property that holds between subject and object could be as a row

in a table in a relational database. Then the table has two columns, corresponding

to the subject and the object of the RDF triple. The name of the table corresponds

to the predicate of the RDF triple. Relational databases have an arbitrary number of

columns and a row expresses a relationship between entities. Such a row, or relation,

has to be decomposed for representation in an RDF triple structure. The patterns

and relationship in the graph database - Neo4j has been implemented similarly to

RDF format.
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Chapter 4

Related Work

In this Chapter, we discuss the related works on different topics such as Formal

Concept Analysis, Decision Support System and Data mining that has been done in

our research.

4.1 Formal Concept Analysis

Formal Concept is the mathematical model consisting of the theory of lattice and

ordered sets that were originally developed by Garrett Birkhoff in 1930s [22]. FCA

analyzes data and provides the mechanism to describe the relationship between a

particular set of objects and a particular set of attributes. Concept lattice analysis

provides a mechanism to identify groups of objects that have common attributes.

FCA has been used to identify the relationships between different modules and their

attribute values in legacy code. Several techniques for forming modules from legacy

code use concept lattice analysis [23, 24], where the lattice is used to identify the

relationships between program FCA acquires knowledge and provides visualization

to explore the knowledge present in the medical dataset [25, 26]. Machine learning

techniques [27] and data mining [28] techniques such as neural networks and decision

trees are used for predicting purpose in the large dataset. In paper [29], the author

finds the relationship between ”diseases” and ”symptoms” by representing as objects



and attributes respectively. These concepts represented assist the physicians to diag-

nose patients. Similarly, we used these concepts to visualize our dataset in the form

of concept lattice.

We used Concept Explorer to create lattices of concepts (symptoms and diagno-

sis relation) and visualize patterns as shown in figure 4.1. We built the lattice

with 131 attributes as symptoms and 106 objects as a diagnosis. The concept

was visualized by selecting it with shared attributes and objects. For an instance,

we selected concept with extent as diagnosis {d300} and 4 intent as symptoms

{s29, s51, s115, s168}. This provides a knowledge to physician with visualization that

the symptoms {s29,s51,s115,s168} are related to diagnosis {d300}. Furthermore, we

are interested in using these concepts for assisting physician during the decision-

making process by modeling these patterns in the knowledgebase that is discussed in

the approach section.

Figure 4.1: Concept-Lattice
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4.2 Decision Support Systems

Decision Support Systems is an interesting and widely used area of research since the

mid-1970s. DSS is an interactive computer-based system that helps users in judgment

and choice activities [30]. In the early stage, DSS consists of the knowledgebase, infer-

ence engine, and user support. The knowledgebase is an intelligent database to main-

tain and retrieve knowledge from related domains to use in inference engine [30]. The

inference engine is the part of the expert system which makes logical decisions based

on the knowledge about a specific situation. DSSs are defined in various domains such

as healthcare (Clinical DSS), organizational decision support system (ODSS), Group

decision support system (GDSS), etc. A business decision-making model discussed

in [31] supports several aspects in business rules lifecycle and describes a method for

extracting business rules from decision support system. Currently, recommendation

services are widely popular in E-commerce markets such as Amazon and eBay based

on DSS theory to suggest proper services based on individual interests and their nav-

igational behavior. In paper [32], Wen introduced a recommendation service with

service-oriented architecture which uses data mining algorithms to analyze customers

shopping history. Their approach is based on service-oriented recommendation tech-

nologies such as recommendation engines, data mining, content-based approach and

collaborative filtering. Their approach to recommend products is content-based that

is based on associations between products.

Medical practice mostly relies on the available scientific evidence and clinical

guidelines that are used for the recommendation for a large group of patients. CDSS

proposed before are not very accurate and limited since they usually don’t consider

the specific characteristics of the patient and don’t provide personalized clinical rec-

ommendation [33, 34, 35]. Clinician often refers to the medical knowledge available
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through medical guidelines sites like Pubmed, UpToDate to find possible conditions

and recommendation decisions but these resources are not customized to specific pa-

tient conditions.

Several CDSS are implemented in the decision-making process. Some of them are

”WizOrder” - helped to reduce medical errors with clinical decisions during order

entry with the features such as restructuring clinical workflows, providing relevant

educational materials [36], ”ATHENA” that provides the clinical decision for hyper-

tension that is evidence-based to recommend drug therapies and control their impact

on blood pressure [37]. CDSS are implemented in clinical settings however their eval-

uation might not be different. Some of the research indicates CDSS improves the

clinical practice [38, 39] whereas some indicate CDSS doesn’t improve the outcomes

[40]. Data-driven approaches in big data are more often compare to personalized

healthcare decision support system [41]. CDSS are implemented with different ma-

chine learning approaches. For an instance, a number of algorithm such as rule-based

approach [42], SVM [43] and artificial neural networks [44]. Although some CDSS

issue accurate diagnostic recommendations for specific diseases, our CDSS uses the

Apriori algorithm to find the patterns and relationships between the patterns from

the patient symptoms and diagnosis. These patterns and relationship along with the

expert knowledge are integrated to provide the recommendation for the more appro-

priate diagnosis. With this approach, our CDSS updates the context with patients

symptoms and recommends all the diagnosis related to the context.

4.3 Data Mining and Artificial Intelligence (AI)

Applying data mining and AI techniques on EHR data creates many opportunities for

improving delivery, efficiency, and effectiveness of different sector of health care [45]
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such as operations management, chronic disease treatment and prevention, association

analysis, preventive health care, evidence-based treatment, and population tracking.

There are mainly two other sources for knowledge. The first source is knowledge

from experts in the form of guidelines. These guidelines are created by using many

methods, such as systematic reviews and Meta-analysis. The second source is the

application of data mining techniques on EHR data. EHR contains a very large and

historical dataset that changes continuously and contains useful hidden knowledge.

These hidden knowledge are extracted using data mining and AI services into the

active CDSS to continuously update its knowledgebase by the most recent patterns.
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Chapter 5

Approach

In this Chapter, we discuss the approach for knowledge discovery from medical health

records of patients with data mining techniques.

Decision support system is the system that helps during decision making to the

user. Different types of decision support system in different areas use knowledge to

provide an important decision in order to solve the problem. In our research, we

extracted the knowledge for decision support system similar to the Consultant as a

Service (CAAS) [1]. Consultant as a Service tool that helps in decision making to the

user who is unknown about the system and to get some services. The consultant as

the service performs its services with semantic analysis, data mining and cloud-based

concept [46].

We introduced a novel concept that can help doctor, nurse or health practitioner

for making a decision for personalized health with data mining approach and graph

database - Neo4j. Data mining results to discover patterns and the connection be-

tween these patterns in the data. Patterns are represented in the graph as nodes and

the connections are represented as the relationship in Neo4j.



Figure 5.1: Knowledge Discovery Process

5.1 Association Mining

The historical records of patients dataset from EHR system consists of information

with different attributes such as patient name, age, gender, symptoms, diagnosis, and

medication. Extraction of knowledge from the EHR data needs series of processes as

shown in Figure 5.1 (detail discussion on Chapter 7). First of all, the data selection

process helps to select the interested attributes to consider for the data mining process.

Symptoms and diagnosis are selected from the EHR data to determine patterns. Then

the data cleaning is performed to remove records with unknown values in EHR data.

Cleaned data are then transformed into encoded form for data mining process. This

transformed form is fed to the data mining algorithm for extracting patterns and
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knowledge.

Data mining results in the frequent itemset. The itemset is a collection of one

or more items. We obtain itemset - groups of symptoms sharing the common set of

diagnoses known as baskets where support of the itemset is greater than or equal to

the minsup threshold. Association rules are in the of the form implication expression

X ⇒ Y, where X and Y are itemsets.

The number of frequent items and the quality of association rules is maintained

with the help of support and confidence. The support is the ratio of the number of

item or item set in data set to the number of transaction that contains the item or

itemset. It’s a relative frequency of item or itemset in the transaction. The association

rule with high support is more reliable as the number of present items or item set is

more reliable. In our approach low support is used to retrieve a hidden relationship

in a data set.

We apply the Apriori algorithm on our dataset that generates frequent itemsets

and association rules from frequent itemsets satisfying user support. The related di-

agnosis and shared attribute values by these diagnoses represent the common context.

We obtain maximum associated events which share the same set of attributes

and we call these events as ”baskets” and shared attribute value by these events as

”itemset”. We name this whole group where we have the baskets with its itemset

as MAG (Maximum Association Group). The frequent itemsets can result in many

MAGs with different itemsets which might be the subset of some other large frequent

itemset. We remove these subsets and find MAG with the larger basket and larger

itemset. This process removes all of redundant MAGs and eliminates overlap between

two MAG.

For instance, if we have frequent itemsets with attribute values < s1, s2, s3 > as

itemset which falls in baskets < d1, d2 > and other frequent itemset with attribute
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values < s1, s2 > as itemset and < d1, d2 > as baskets then we remove the < s1,

s2 > itemset for the baskets < d1, d2 >. If we consider with health data example,

MAG with all the group of patients under diseases as ”baskets” < Malaria, Typhoid >

having symptoms as itemset < Cold, Cough >, is subset of larger MAG with group of

patients having symptoms < Cold, Cough, Fever > as itemset under same ”baskets”

< Malaria, Typhoid >. We remove subset MAG and only keep larger MAG.

Association mining results in a number of MAGs consisting of all the events with

baskets of diagnosis and its itemsets of symptoms. Each MAG with k frequent itemset

containing k number of symptoms and corresponding baskets of diagnosis. During the

examination of a patient, health personal collects symptoms. These collected symp-

toms with historical symptoms of the patient are matched with equivalent k number

of symptoms in k - frequent itemset. More than one itemset could be matched with

the k number of symptoms in k itemsets, therefore our decision support engine will

recommend next highly probabilistic symptoms and corresponding diagnosis for k+1

itemsets in descending order. k+1 itemsets consist of one additional symptom com-

pare to k itemsets. Physician chooses the most appropriate additional symptom that

matches with respect to the patient context. Further our decision support engine

searches for the next possible MAGs with k+2 itemsets and corresponding diagnosis.

With the increase in itemset in MAG, the diagnosis in MAG decreases and are more

specific and appropriate. This process is continued till we reach the final MAG to

result in a more specific and appropriate diagnosis for the patient. In this way, our

decision support engine helps doctors, nurse, physician and health practitioner for

making the proper decision during the examination of a patient. Following are dif-

ferent MAG’s examples with the different number of itemset as shown in Figure 5.2.

Frequent 2 itemset

[itemset :< s1, s2 >, baskets :< d1, d2, d3, d4, d6 >]
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[itemset :< Headache, Fever >, baskets :< Sarcoidosis, Tuberculosis, Cataracts, RootInfection,AcuteBronchitis >]

Frequent 3 itemset:

[itemset :< s1, s2, s3 >, baskets :< d1, d2, d3 >]

[itemset :< Headache, Fever, LossofAppetite >, baskets :< Sarcoidosis, Tuberculosis, Cataracts >]

[itemset :< s1, s2, s4 >, baskets :< d1, d2, d4, d6 >]

[itemset :< Headache, Fever, Fatigue >, baskets :< Sarcoidosis, Tuberculosis, RootInfection,AcuteBrochitis >]

Frequent 4 itemset:

[itemset :< s1, s2, s3, s5 >, baskets :< d1, d2 >]

[itemset :< Headache, Fever, LossofAppetite, BloodinCough >, baskets :< Sarcoidosis, Tuberculosis >]

[itemset :< s1, s2, s3, s55 >, baskets :< d1, d3 >]

[itemset :< Headache, Fever, Fatigue,BlurV ision >, baskets :< Sarcoidosis, Cataracts >]

[itemset :< s1, s2, s4, s6 >, baskets :< d1, d6 >]

[itemset :< Headache, Fever, Fatigue, PersistentCough >, baskets :< Sarcoidosis, AcuteBronchitis >]

[itemset :< s1, s2, s4, s187 >, baskets :< d1, d4, d74 >]

[itemset :< Headache, Fever, Fatigue, Toothache >, baskets :< Sarcoidosis, RootInfection,OralCancer >]

The ontology is created by using graph concepts to traversal from one MAG to

other as shown in Figure 5.2. The confidence is defined to find the degree of relevance

while traveling from one MAG to another MAG. The graph consists of nodes and

relationship. The MAGs are represented as nodes and relationships between them

are represented by extra symptoms contained by next successor MAG. The following

formula is used to calculate the confidence between MAGs.

Weight = number of baskets (less number of diagnosis) in successor MAG
number of baskets (more number of diagnosis) in preceding MAG

This degree of relevance helps to determine the converging and predicting power

while taking the decision. If the value of confidence is low, it may converge more and

results in a more specific diagnosis.
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Figure 5.2: MAG Representation

Our approach is responsive, provides the most appropriate decision to determine

the accurate result. It makes the decision by updating the context with the user’s

provided answer. So when the doctor, nurse or any other health practitioner provides

the symptoms from the historical data along with new symptoms of the patient, then

it searches for the MAG which contains the itemset that matches the context. MAGs

are connected with other MAGs with different symptoms supported by the degree of

relevance as weight. Doctor choose the transition among all connected MAGs and

receives the next symptoms according to the new context.

For an instance, in Figure 5.2 during the examination of the patient if the pa-

tient without historical data has common symptoms s1 (Headache) and s2 (Fever)

then it matches the MAG1 having diagnosis < d1 (Sarcoidosis), d2 (Tuberculosis),

d3 (Cataracts), d4 (Root Infection) and d6 (Acute Bronchitis) > in the knowledge
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graph. There are two possible option either the next symptom is s3 (Loss of Appetite)

and update its context to MAG60 with diagnosis <d1 (Sarcoidosis), d2 (Tuberculo-

sis),d3 (Cataracts) > or the next symptom is s4 (Fatigue) and update its context to

MAG90 with diagnosis < d1 (Sarcoidosis), d2 (Tuberculosis),d4 (Root Infection) and

d6 (Acute Bronchitis) >. The health personal decides to choose s4(Fatigue) as it is

more appropriate to the patient condition that updates the context to MAG90. The

health personal receives the next question with two new possible symptoms s6 (Persis-

tent Cough) and s187 (Toothache) that matches MAG35 and MAG18 with possible

diagnosis < d1 (Sarcoidosis), d6 (Acute Bronchitis) > and < d1 (Sarcoidosis),d4

(Root Infection), d74 (Oral Cancer) > respectively. The health personal chooses

symptom s6 (Persistent Cough) to be more appropriate symptom to the patient con-

dition reaching the final MAG and indicates the diagnosis < d1 (Sarcoidosis), d6

(Acute Bronchitis) > diagnosis to be most appropriate with the patient context. The

health personnel could recommend diagnosis related to lungs. On the other hand, if

the health personal choose s187 (Toothache) that match MAG18 with diagnosis <

d1 (Sarcoidosis), d4 (Root Infection), d74 (Oral Cancer) > related to dental diag-

nosis and could travel further to other connected MAGs that could result in more

appropriate sets of diagnosis with the context provided. In the beginning only, if the

health personal decides to choose symptom s3 (Loss of Appetite) to be more appro-

priate instead of symptom s4 (Loss of Appetite) then it matches the MAG60 with

the diagnosis < Sarcoidosis, Tuberculosis, Cataracts > and repeats the same process

with next possible symptoms s5 (Blood in Cough) and s55 (Blur Vision) and further

traveling to other MAGs: MAG200 with diagnosis < d1 (Sarcoidosis), d2 (Tuberculo-

sis) > and MAG46 with diagnosis < d1 (Sarcoidosis), d3 (Cataracts) >. The process

continues till it reaches the final MAG and receives the most appropriate diagnosis

with patient context. In the traversal process, we move from the MAGs with less
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number of symptoms - ”itemset” and a large number of diagnosis- ”baskets” towards

the MAGs with more ”itemset” but less ”baskets”. This process results in shrinkage

of the basket matching more number of the itemset. The process continues until there

are no matches symptoms in the knowledge graph.
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Chapter 6

Architecture

In this chapter, we discuss the architecture and working mechanism of our Clinical

Decision Support System.

Once the knowledgebase is constructed by creating an ontology that represents

groups of symptoms and diagnoses in MAG integrated with the knowledge from the

expert database, the health personnel such as doctor, nurse and health practitioner

could query the knowledgebase with symptoms of the patient to the CDSS. The symp-

toms are treated as a current context for the patient that is referred by the search

engine. The search engine matches the MAG in the knowledgebase with the context

and displays all the possible diagnosis that belongs to the patient. Our knowlede-

base consists the mined knowledge of other patients record with same symptoms and

diagnosis with the patient. This helps in the decision-making process. This knowl-

edge could be visualized by querying the graph database- Neo4j. We developed an

architecture that could assist the health personnel during decision-making process

by retrieving the most appropriate diagnosis that matches with the current context

of the patient providing more information about the diagnosis and the symptoms

integrated from the expert database to our knowledgebase.



Figure 6.1: CDSS Architecture [1]

The architecture of CDSS is represented in Figure 6.1. The architecture consists

of 3 different parts.

1. Data Unit: This unit interacts with the user and provides the user interface.

First of all the health personnel as a user, input the PatientID corresponding to

the patient under examination in order to look through the symptoms present

in the historical database. There is no historical record of the patient if the

patient is recently admitted with their new patientID. Our system identifies

this condition and notifies the user that the patient has no historical record

and is newly admitted. In another case when the patient already has historical

records then our system captures all the historical symptoms and notify the

user about it. The user is then asked to enter new symptoms of the patient

separated by a comma and ”and” conjunction. These historical symptoms and

new symptoms provided by the user are collectively parsed to get all unique
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symptoms related to patient and considered as the context of the patient. This

context is used by the Knowledge Extraction unit of CDSS for matching the

appropriate MAG which matches with the context.

2. Knowledge Extraction Unit: The knowledge extraction unit basically works

through two mechanisms:

(a) Matching the Appropriate MAG with Context:

The context of the data unit is considered as the updated context in the

knowledge extraction unit. The knowledge extraction unit extracts the

knowledge from the knowledgebase with the updated context. The up-

dated context is searched in the knowledgebase to find the appropriate

MAG. The search engine searches the appropriate MAG and returns the

details such as the name of MAG, all the diagnoses of matched MAG, all

the connected MAGs, the weight of their connection, list of possible symp-

toms contain in connected MAGs and list of possible symptoms contain in

connected MAGs.

(b) Determining and Choosing next Connected MAG: When the system dis-

plays the next symptoms with next possible MAGs and the possible di-

agnosis respective to MAGs in descending order to its weight, the user

gets a prior knowledge to choose more appropriate symptoms among the

listed symptoms. The weight sorts the next symptoms according to the

converging relevance of MAG. The user could know which connected MAG

converges to less number of diagnosis if that symptom is chosen by the user.

The user chooses the next symptom by conforming to the patient whether

he/she has that symptom. The inference engine in Knowledgebase infer

the next connected MAG with the chosen symptom and displays the details
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of the preceding MAG with diagnosis and symptoms. The next symptom

entered by the user through the recommendation of CDSS and prior symp-

toms hold by patient Symptoms list collectively update the context to find

next connected MAGs. The process continues until the user exits by ter-

minating the process or continuing until the final MAG is reached to get

final precise diagnosis corresponding to the final updated context.

3. Output Unit: This unit interacts with the user to ask about the next appro-

priate symptoms through the list of the possible symptoms. This unit is also

responsible to display the user recommendation of diagnosis with its current

context and provides the detail of next possible connected MAGs with the con-

fidence value. This unit provides detail information on MAGs diagnosis and

symptoms.

To illustrate the working mechanism of the architecture we develop an Algorithm

1 that depicts how our CDSS helps health practitioners during the decision-making

process utilizing the knowledge from the knowledgebase. In line 2, we represent

and store the knowledge in the form of a graph. All the MAGs with symptoms

and diagnosis, integrated information from the expert database and the relationship

between them are represented in the graph database-Neo4j using cypher query. This

results in the formation of ontologies where the symptoms and diagnosis are connected

with different MAGs with additional information in their attributes. The MAGs are

interconnected with other MAGs by finding the additional symptoms connecting the

MAG. This knowledgebase is built offline so that the processing speed is high while

querying the graph database.

The patient ID of the patient is entered by the health personnel to retrieve the

historical database as shown in line 3. The patient Symptoms variable stores the
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Algorithm 1 Working of CDSS

1: procedure Algorithm
2: Create Graph G(MAG, relation list[relations])
3: Patient ID = ID of patient
4: patient Symptoms = refer Historical Database(Patient ID)
5: if patient Symptoms is empty : then
6: display(”No historical record for the patient”)

7: new Symptoms = new symptoms of patient
8: patient Symptoms = patient Symptoms + new Symptoms
9: next symptoms = Search MAG(patient Symptoms) in G(N,E)
10: display(next Symptoms)
11: travel MAG = empty list
12: Status = True
13: Top :
14: while (Status==True): do
15: choice = input(”Do you like to continue further Y/N”)
16: if choice== ”N”: then
17: display(travel MAG)
18: Status = False
19: Goto Top
20: else:
21: choice symptoms = user chooses Symptoms from next symptoms list
22: patient Symptoms.append(choice symptoms)

23: if choice symptoms not valid : then
24: display(”Enter symptom again, not correctSymptom!”)
25: GotoTop
26: else:
27: next symptoms,MAG = Search MAG(patient Symptoms)

28: if next symptoms not empty : then
29: travel MAG.append(MAG)
30: display(next symptoms)
31: else:
32: display(”Final MAG, No further connection”)
33: exit()

list of historical symptoms of the particular patient in line 4. If there is no record

of the patient in the historical database then CDSS prompts with the notification

that ”No historical record for the patient” in line 5 and 6. New symptoms of the

patient are then entered in line 7. These new symptoms along with the historical

33



symptoms of the patient are used as the context in line 8. This context is provided

to the search engine to determine appropriate MAG in Knowledgebase in line 9. The

inference engine in the knowledgebase finds all the possible connected MAG with the

current context. All the possible connected MAGs consist of one additional symptom

compares to the MAG that matches the context. Since MAG with the context could

be connected to many other MAGs, the weight attribute value of each connected

MAG node shows the correlation between two MAG in Neo4j. The CDSS displays

all the possible next Symptoms corresponding to all connected MAG in descending

order of their weight in line 10. This provides user to know which diagnosis converges

to what degree with the current context.

To trace the MAGs traversal, a travel MAG stores all the MAGs traveled so far in

the knowledgebase in line 11. The status Flag and Top label are referred to control

the flow of the system in line 12 and 13. The CDSS provides the user option to

terminate the search process anytime when they determine appropriate diagnosis to

the patient in line 14 and 15. Setting the choice flag to ”N” stops the process updating

status to False and exits further traversal by displaying the traveled MAGs so far as

shown from line 16 to 19. If the choice flag is not ”N” then the user enters one of the

symptoms recommended by the possible connected MAGs. If the user enters invalid

symptoms not present in connected MAG, CDSS alert the user with the message

”Enter Symptom again, Not correct Symptom!” as shown from line 23 to 25. The

entered symptom is added with patient Symptoms list and the context is updated.

The updated context is used by the search engine to determine the appropriate MAG

and next symptoms as shown in line 26 and 27. The new possible symptoms are

displayed along with possible MAGs, its symptoms and diagnosis information as

shown in line 28 to 30. In this way, our system provides the prior possible scenario

of the user decision by displaying the knowledge of next possible symptoms and
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diagnosis for health personnel that helps in the decision-making process. The CDSS

continues this process until there are no connected MAG and next symptoms in the

knowledgebase. When the user reaches final MAG the system notifies the user with

the message ”Final MAG, No further Connection” as shown in line 31 to 34.
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Chapter 7

Experimentation

In this section, we discuss the dataset that is used and the experimentation process

performed during the development of the knowledgebase.

7.1 Dataset

In our research, we used open dataset https://www.kaggle.com/plarmuseau/symptom-

disease-recommender uploaded by Paul Larmuseau. This dataset consists of diag-

nosis and symptoms related to eye domain. The data was represented in the form

of sparse knowledge matrix where row index was symptoms and column index was

the diagnosis. Row and column index were encoded to their respective symptoms

and diagnosis code, whose description was provided in different data dictionary files.

There were 131 symptoms and 110 diagnoses in the dataset. The nonzero elements

for each column collectively give the symptoms corresponding to the diagnosis. The

description of the dataset are discussed as below:

1. dia t.csv



This file was the data dictionary for the diagnosis in our dataset. The file con-

sists of the diagnosis id and its description in comma separated file (CSV). This

file was converted into the two-dimensional data structure as the DataFrame

python data manipulation library called Pandas [47]. This file was used to map

the diagnosis code and diagnosis description. Figure 7.1 is the sample rows of

this file.

Figure 7.1: Diagnosis Dictionary
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The data type for each field in this metadata file is as below:

• did→ Numeric

• diagnosis→ String

2. sym dis matrix.csv

This file was in CSV format. It consists of a row index with symptoms and col-

umn index with diseases. This file was converted to DataFrame for performing

data manipulation operation. The data was transformed and fed to the data

mining algorithm. Data was represented into the matrix format with different

numeric values indicated as below. The raw dataset is shown in Figure 7.2.

• 0.0→ not presented

• 1.0→ common

• 2.0→ life-threatening

• 3.0→ common pediatrics

Figure 7.2: Raw Dataset

3. sym t.csv
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This file was the data dictionary for the diagnosis in our dataset. It consists

of the symptom Id and its description in comma separated file(CSV). It was

converted into DataFrame and used to map symptom code and symptoms de-

scription. Figure 7.3 is the sample row of this file. The data type for each field

in this file are as below:

• syd→ Numeric

• symptom→ String

Figure 7.3: Symptoms Dictionary
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7.2 Preprocessing

In order to apply data mining in our dataset, the data should be selected, cleaned

and transformed so that it is applicable to feed to data mining algorithm as shown

in the Figure 5.1. We checked incompleteness of data, noisiness (containing errors

or duplicates) or inconsistent (containing discrepancies) in data. The incompleteness

checking includes lacking values and lacking attributes of interest, noisiness includes

checking duplicates and errors and inconsistency whether the values assigned pro-

vides the same meaning across all diagnosis and symptoms. Encoding of diagnosis

and symptoms are performed to represent diagnosis as D1, D2, ....., D109, D110, and

symptoms as S1, S2, ....S130, S131. The sparse dataset was transformed into the new

dataset which contained only symptoms and diagnosis in the encoded form for each

diagnosis. The Figures 7.4 and 7.5 show before and after transformation of the old

and new dataset.

Figure 7.4: Annotated Dataset
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Figure 7.5: Transformed Dataset

The symptoms present in all diagnosis were categorized into different buckets with

respect to the number of symptoms present. The following bar chart represented in

the Figure 7.6 shows the symptoms bucket and their frequency.

Figure 7.6: Symptoms Bucket
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7.3 Data Mining and Pattern Generation

The new transformed dataset was fed to the Apriori algorithm. The algorithm gener-

ates all the frequent itemsets and association rules. The number of frequent itemsets

depends upon the minimum support provided as the parameter to the Apriori al-

gorithm. We experimented with taking different values of minimum support and

confidence. The Table 7.1 shows the number of the frequent items and association

rules generated with the variation of minimum support count and confidence. The

Table 7.2 shows the sample of the frequent item generated.

Data Mining Parameters

Minimum Support Confidence FrequentItems Count Rules Count

0.02 1 652 5592

0.02 0.8 652 5610

0.03 1 166 178

0.03 0.8 166 196

0.04 1 73 25

0.04 0.8 73 43

Table 7.1: Data Mining Parameters Variation

The Table 7.1 clearly shows, with the increase in minimum support count the

frequent itemset decreases and with the increase in confidence the generated rules

also decreases.
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Itemset Minimum Support

(S8) 0.0273

(S129) 0.0273

(S137) 0.0273

(S16) 0.0273

(S26) 0.0273

(S12 ) 0.0273

(S142 ) 0.0273

(S175, S228) 0.0273

(S12, S1) 0.0273

(S25, S21) 0.0273

(S103, S234) 0.0273

(S20, S120) 0.0273

(S142, S228) 0.0273

(S264, S20) 0.0273

(S142, S11) 0.0273

Table 7.2: Sample Frequent Itemset

We wanted to capture almost every frequent itemsets in data sets. Thus, in order

to capture many frequent itemsets that resemble different patterns in our data, we

chose the minimum support of 0.02 and confidence of 0.8. These frequent items were

used to generate all the MAG with the baskets of ”diagnosis” that shared common

symptoms. Algorithm 2 discussed in the Section 7.4.1 is used for creating the MAG.
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7.4 Post Processing

The patterns and relationships obtained from the data mining process were used to

create the knowledgebase. All the processes needed for creating knowledgebase were

performed in the post-processing phase. This section discusses the detail of it.

7.4.1 MAG Creation

The frequent itemsets resulted from the Apriori algorithm and new transformed

dataset was passed as the input parameter for the create MAG function. For every

symptom in frequent itemset, it checks whether it is the subset of new transformed data.

If so, diagnosis from new transfomed data and symptoms from frequent item set were

added into MAG. The Figure 7.7 shows MAGs with diagnosis as baskets and symp-

toms as itemsets and their cardinality.

Algorithm 2 MAG Creation

Input: Frequent itemset and new transformed data
Output: MAG consisting baskets as list of diagnosis and itemset as list

of symptoms

1: procedure Create MAG
2: declare MAG as empty list
3: convert all the frequent itemset to set
4: for pattern in frequent itemset: do
5: itemset = emptylist
6: basket = emptylist
7: for item in new transformed data: do
8: if pattern subset of item[symptoms] : then
9: if item [diagnosis] not in basket: then
10: basket.append(diagnosis)

11: itemset.append(pattern)
12: itemset.append(basket)
13: if itemset not in MAG: then
14: MAG.append(itemset)

return MAG
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Figure 7.7: MAGs with Itemsets and Baskets

7.4.2 Finding the Relationships among the Patterns

The MAGs consist of itemset - list of symptoms sharing the same diagnosis - ”baskets”

represent patterns in our data. One pattern might be related and could be the subset

of another pattern. We developed an algorithm to find the subset among different

patterns that could find all the relationship among related patterns.

The itemset consists of a set of symptoms, so we were interested in finding the

relationship with other symptoms between different MAGs. All the possible rela-

tionship between the MAGs were discovered by finding the additional symptom that

differs between two MAG. The additional symptom established the relationship be-

tween two MAG. The Figure 7.8 shows the sample relationship discovered between

different MAGs.
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Figure 7.8: Relationship Between MAGs

The MAG0 consists of symptom [s40] was related to MAG82 that consist of symp-

toms [s21, s40] with additional symptom s21 compare to MAG0. The symptom s21

creates a relationship between these two MAGs. Similarly, from the above table

symptom, s264 creates the relationship between MAG0 and MAG148.

7.4.3 Creating a Knowledgebase

The generated MAG and obtained relationships were then used to create a connected

knowledge graph. Graph database that is used to represent real word data known as

Neo4j to create a knowledge graph. MAGs were represented in the form of nodes of

a graph. The baskets of diagnosis and itemsets of symptoms were also represented

in form of nodes. The connection between MAGs and its corresponding symptoms

was established by the relationship with label name ”hasSymptom”, whereas the

connection between MAGs and its corresponding diagnosis was established by the

relationship with the label ”hasDiagnosis”. The connection between two MAGs was

established by the relationship called ”connectedTo”.
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Figure 7.9: Example: MAG Node with Itemsets and Baskets

The Figure 7.8 shows MAG 165 has relationship has symptoms with symptoms

node containing symptoms [s14, s165] and has Diagnosis relationship with diagnosis

node containing diagnosis [d448, d23, d138]. Neo4j also provided clear and complete

visualization of diagnosis and corresponding symptoms related to MAG. For instance,

we were able to represent different types of nodes with different colors. In our model,

MAGs were represented by red, symptoms were represented by yellow and diagnosis

were represented by purple with its label at the top.

The Figure 7.10 shows the connection of MAG165 with its other MAGs: MAG310

and MAG 260. The connection between MAGs was established by ”connectedTo” re-

lationship. These two MAGs shares some common symptoms [s14, s165] and diagnosis

[d448, d23, d138] along with MAG165. Additional symptom s20 and s228 are present

in MAG310 and MAG260 respectively. These connected MAGs are connected further

to other MAGs and provide an alternative to take different decisions by understanding
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the current context of patients. Traveling from MAG with less number of symptoms

to more number of symptoms helps to narrow down the possible diagnosis.

Figure 7.10: Example: MAG165 Connections

For the traversal from one MAG to another MAG as mentioned in our approach,

we calculate the weight between two MAG with the formula mentioned above. The

connected MAGs were sorted in descending order with their Weight.

Weight = number of baskets (less number of diagnosis) in successor MAG
number of baskets (more number of diagnosis) in preceding MAG

This provides decision making measures for health personnel to consider for find-

ing possible symptoms and diagnosis in different MAGs. This can assists the health

personnel during the decision-making process and guides further by providing visual-

ization and all possible diagnosis that could be possible in the current context of the

patient.
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7.4.4 Integrating Expert Knowledgebase

We were focused to make our knowledgebase more knowledgeable. The more detail

expert knowledge related to symptoms and diagnosis could assist further during the

decision-making process. The details knowledge of diagnosis and symptoms during

examination give a broad view to more specific diagnosis that matches with the con-

text. This helps to understand the context clearly and to choose the next MAG more

effectively. The expert knowledge such as what are the tests recommended for the

diagnosis, what sort of treatments are possible, and different medication for these di-

agnoses was integrated into our knowledgebase. Also, symptoms causes, types, causes,

sign and general medicine prescribe by the experts was integrated. We gather this

knowledge from ”www.mayoclinic.org/” and ”https://www.medicinenet.com/”,

and considered an expert knowledge database. We integrated the expert knowledge

in our Neo4j database with the help of cypher query.

The Figures 7.1 and 7.2 shows the view after the integration of expert knowledge

for headache diagnosis and symptom node in the knowledgebase.

1 ” treatment ” : ” [ Pain−r e l i e v i n g medicat ions , Prevent ive medicat ions ] ” ,

2 ”medicat ion ” : ” [ Pain r e l i e v e r s , Triptans , Ergots , Anti−nausea medicat ions

, Opioid medicat ions ] ” ,

3 ” t e s t s ” : ” [ Blood t e s t s ,MRI,CT, Sp ina l tap ] ” ,

4 ” id ” : ”D153”

5 ”name” : ”Headache”

Listing 7.1: Diagnosis Node Detail Structure
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1 ” s i gn ” : ” [ Pain that beg ins in the back o f the head and upper neck . The

most i n t en s e p r e s su r e may be f e l t at the temples or over the

eyebrows where the t empora l i s and f r o n t a l muscles are l o ca t ed . ] ” ,

2 ”name” : ”Headache” ,

3 ” id ” : ”S86”

4 ” d e s c r i p t i o n ” : ”A headache or head pain sometimes can be d i f f i c u l t to

desc r ibe , but some common symptoms inc lude throbbing , squeez ing ,

constant , unre l ent ing , or i n t e rm i t t en t . The l o c a t i o n may be in one

part o f the f a c e or sku l l , or may be g en e r a l i z e d invo l v i ng the whole

head . ” ,

5 ” types ” : ” [ primary , Secondary ] ”

Listing 7.2: Symptom Node Detail Structure
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Chapter 8

Analysis of Knowledgebase

In this Chapter, we evaluate our knowledgebase by analyzing indegree, outdegree,

connections of all the nodes in the knowledgebase and visualize with different graphs.

8.1 Verify Number of Nodes

We performed an analysis of Knowledge graph to evaluate the knowledgebase. The

representation of knowledge in the form of graph and the actual knowledge after the

data mining was verified by querying a graph database using cypher query. We verified

the number of MAG nodes, diagnosis nodes and symptoms nodes in the Knowledge

Graph.

The number of MAGs obtained from the data mining in our experimentation

equals to the number of MAGs represented in the knowledgebase. The knowledgebase

consists of distinct 652 MAGs nodes, 109 Diagnosis nodes and 54 Symptoms nodes

as shown in Figure 8.1. Also, we discovered 1307 relationship between the MAGs.

This count verifies the number of nodes with respect to the number of patterns and

relationships resulted from data mining. The number of nodes and relationships

obtained from data mining is a good number considering the size of the dataset that

we have used to develop a prototype system.



Figure 8.1: Example: MAG, Diagnosis and Symptoms Count

8.2 Evaluate Indegree and Outdegree

The indegree and outdegree MAGs were also analyzed querying the knowledge graph.

Indegree of MAGs shows how many MAG nodes are connected to the particular

MAG, where as the outdegree shows how many MAG nodes are connected from the

particular MAG.

The result for in-degree and outdegree has been plotted as the line graph in Figures

8.3 and Figure 8.2 for top 50 MAG nodes in descending order. The MAG651 has

the highest indegree of 7 and MAG36 has highest outdegree 15. The purpose of this

evaluation is to visualize the connection between MAGs in the form of indegree and

outdegree number.
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Figure 8.2: MAGs Outdegree

Figure 8.3: MAGs Indegree
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8.2.1 Degree Histogram of MAG

We analyzed our knowledge graph by finding the number of MAGs having different

degrees. The line graph is shown in Listing 8.4 indicates that the graph consists of

the highest number of MAGs with degree 3 with 140 MAGs count.

Figure 8.4: Degree Histogram Graph

8.2.2 Check Triangle Formation and Transitive Closure Check

We analyze and found that the knowledge graph was free from any triangular rela-

tionship between the MAGs. The cypher query in Listing 8.1 resulted in null record

which indicates our graph was free from triangular relationship.

1 match ( a :MAG) − [ : connectedTo]−>(b :MAG) − [ : connectedTo]−>(c :MAG) − [ :

connectedTo]−>(a ) re turn d i s t i n c t a , b , c

Listing 8.1: Checking Triangle Formation
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Also, we checked the transitive closure between the MAGs that helps to know

the bigger cycle formation. Given a reflexive binary relation R and a, b and c are

vertices’s in the graph G, construct the minimal (with respect to inclusion) relation

R+ that contains R and has the transitivity property; that is, if aR+b and bR+c

, then aR+c. We verify that MAG nodes in our knowledgebase are free from the

transitive relationship by querying with the cypher query as shown in Listing 8.2.

1 match ( a :MAG) − [ : connectedTo∗]−>(b :MAG) − [ : connectedTo∗]−>(c :MAG) − [ :

connectedTo∗]−>(a ) re turn d i s t i n c t a , b , c

Listing 8.2: Checking Transitive Closure

8.3 Evaluate Number of Symptoms in MAGs

We evaluate the MAGs with their itemset of symptoms by querying the graph database.

The query result shown in Figure 8.5 indicates MAGs and the number of symptoms

in descending order.
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Figure 8.5: MAGs and Symptoms Count

8.4 Evaluate Number of Diagnosis in MAGs

We evaluate the MAGs with their basket of diagnosis by querying the graph database.

The query result shown in Figure 8.6 indicates MAGs and number of diagnosis in

descending order. From the graph, we can infer MAG36 consists of highest number

of diagnosis with 53 counts.
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Figure 8.6: MAGs Diagnosis Count

The Neo4j provides the visualization of all the connected MAGs of MAG36 in the

graph shown in Figure 8.7.

Figure 8.7: MAG36 Connection
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8.4.1 All Shortest Path

Finding the shortest path from one node can be performed with shortest paths algo-

rithm provided by Neo4j. We were able to find all the shortest path between source

and destination with allshortestpaths function. The result shown in Figure 8.8

shows all the shortest path with source node MAG36 and destination node MAG575

having path length more than three. There were 12 paths that could be traverse from

source node MAG36 to destination node MAG575.

Figure 8.8: All shortest path between MAG36 and MAG575
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Chapter 9

Case Study

To demonstrate the functionality of the proposed CDSS, we used the eye dataset

with disease and symptom relationship from an open source website-”kaggle”. We

investigated several scenarios that are possible during the examination of patients in

various circumstances to evaluate the results. Different cases are discussed in this

section that is encountered during the use of the system.

1. Patient record not present in the historical database

We took a scenario where the user entered the PatientID which is not present in

the historical database. We consider a case of patient Jennifer with PatientID:

P0004 who is newly admitted patient and doesn’t have any historical record in

the database. For this case, the system prompts out with the alert message ”No

historical message found”. Now the user needs to enter all the new symptoms

of the patient in this case.

After that, the system prompts with the message to enter new symptoms of the

patients. The user enters the symptoms of the patient which are parsed and

searched in the knowledgebase to match the MAG node consisting these symp-

toms. To illustrate this scenario, we took a case of a patient having new

symptoms s111 (Visual Problem), s231 (Face numbness), s93 (Speech



Problem), s103 (Unsteady gait ) and s20 (Dizziness) for which our

system recommended three appropriate diagnosis d138 (Cerebral vas-

cular accident stroke), d100 (Brain tumor cancer of the brain), d448

(Multiple sclerosisMS). For the symptoms entered as s111 (Visual Problem )

which match with MAG36 that consists of 53 diagnoses in it. Our system deter-

mined 14 possible connection from MAG36 to other MAGs as shown in the Fig-

ure 9.1. All the 14 connected MAG contains corresponding different additional

symptoms that are recommended to the user with the possible symptoms and its

weights. We chose symptom s231 (Face numbness) correspondence to MAG107

to be more appropriate with 8 patient diagnosis d448 (Multiple sclerosisMS),

d100 (Brain tumor cancer of the brain), d1075 (Lacunar stroke), d138 (Cere-

bral vascular accident stroke), d203 (Diabetes high blood sugar), d43 (Meniscus

injury knee cartilage injury). This shows diagnosis number are converging to

lesser and appropriate diagnosis. MAG107 is further connected with 5 other

MAGs as shown in the Figure 9.2. we chose s93 (Speech Problem) to be more

correlated with the patient condition that matches with the MAG253 connec-

tion from MAG107. This further recommended 2 connected MAGs (MAG472

and MAG419) as shown in the Figure 9.3. Since S103 (Unsteady gait) was

more appropriate to the patient condition corresponding to MAG472, with less

number of diagnosis (d448, d100, d1075, d138, d435) as shown in the Figure

9.4. MAG472 is further connected to final node MAG575 with symptoms s20

(Dizziness). This resulted in the final recommendation of diagnosis set (d138,

d100, d448). In this way, our system was able to recommend more and most

appropriate 3 diagnoses out of 53 diagnoses at the initial match. The Figure

9.5 shows the overall MAG connection scenario from MAG36 to MAG575.
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Figure 9.1: Output 1

Figure 9.2: Output 2

Figure 9.3: Output 3
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Figure 9.4: Output 4

Figure 9.5: Overall Connection of MAG36

2. Patient historical record present in data

The second case takes into account when the patient symptom is present in

the historical database. We consider a patient record of John with Patien-

tID: P0032 having a prior record in the historical database with symptoms s25

{Eye pain (Irritation)} and s111 (Visual problems). Our system matches the

corresponding MAG122 with the patient symptoms in the knowledgebase and

determines 14 different diagnoses in it. The doctor asks John for recent other

symptoms other than historical symptoms. John stated he has the s21 {Double

vision (Diplopia)} symptoms too. The doctor enters the new symptoms to the

CDSS. The system searches for the appropriate MAG with current context with

symptoms s25, s111 and s21 and recommends the other connected MAGs. The

symptom matches to MAG364 with the diagnosis {d699 (Temporal arthritis

inflamed scalp artery), d1139 (Retinopathy), d487 (Orbital cellulitis soft tissue

eye infection)}. As there was no further connection from MAG364, our system
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notifies doctor that MAG364 is final MAG.

We were able to conclude that our approach is accurate and very effective during

decision-making process with above case studies.
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Chapter 10

Future Enhancement and Conclusion

Although we were able to predict the accurate result from the data, there is still

open space for future enhancement and research. The decision process requires user

involvement to choose most appropriate choice among the recommended options. The

decision is affected by the knowledge of the user. The weight is one of the factors that

could be considered for making the decision. However, this process could be improved

if we are able to capture the user choice during the decision-making process and use

it while another user encounters similar context. Also, our approach could be used as

a basis for other datasets in different areas such as marketing, medical and security

to obtain the patterns and relationships for creating the knowledgebase and utilizing

in the decision-making process.

Our approach is the data-driven approach so the result of the system depends

upon the data fed to the data mining algorithm. We were able to manually evaluate

the result in our small dataset. However, the evaluation process might be complex

and time-consuming in the large dataset. Although we haven’t referred any medical

expertise to evaluate the system accuracy, our system is able to recommend the result

that complies with the data provided during knowledgebase creation. Our system

might recommend less appropriate result if the user decided to choose less relevant

symptoms with the patient condition during the decision-making process. Also, if the



data cleaning process is not performed well then that might result in the possibility

of recommending less appropriate diagnosis or even loss of different patterns from the

data.

We developed the prototype Clinical Decision Support System that helped in mak-

ing proper decision to recommend more appropriate diagnosis for effective decision.

The knowledgebase was created using Neo4j database consisted of MAGs with item-

sets - a group of symptoms, baskets - a group of diagnosis and expert knowledge.

The knowledgebase was referred by CDSS to recommend the next possible symptoms

of the patients with their context. Our approach facilitated with prior knowledge

of next possible diagnosis and symptoms so that health practitioner get the possible

results in advance during the decision-making process. Ultimately, it resulted in a

more appropriate and closer diagnosis by determining possible symptoms of the pa-

tient. Our novel approach considered data mining technique to represent the mined

knowledge in the form of graph nodes and integrated the expert knowledge with more

information about the diagnosis and symptoms in the knowledgebase. We also intro-

duced visualization and exploration of knowledge in the knowledge graph that helped

in easy access to more detail information.
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