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ABSTRACT

ARTICLE HISTORY

Dengue, also known as break-bone fever, is a tropical disease transmitted by mosquitoes. If the similarity between dengue infected users
can be identiﬁed, it can help government’s health agencies to manage
the outbreak more eﬀectively. To ﬁnd similarity between cases aﬀected
by Dengue, user’s personal and health information are the two fundamental requirements. Identiﬁcation of similar symptoms, causes, eﬀects,
predictions and treatment procedures, is important. In this paper, an
eﬀective framework is proposed which ﬁnds similar patients suﬀering
from dengue using keyword aware domain thesaurus and case base
reasoning method. This paper focuses on the use of ontology dependent
domain thesaurus technique to extract relevant keywords and then build
cases with the help of case base reasoning method. Similar cases can be
shared with users, nearby hospitals and health organizations to manage
the problem more adequately. Two million case bases were generated to
test the proposed similarity method. Experimental evaluations of proposed framework resulted in high accuracy and low error rate for ﬁnding
similar cases of dengue as compared to UPCC and IPCC algorithms. The
framework developed in this paper is for dengue but can easily be
extended to other domains also.
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1. Introduction
Healthcare Support System (HSS) is a very signiﬁcant sector to be carefully handled by any
government for the betterment of citizens. Deadly disease outbreaks are prevalent these days
and, therefore, it is a matter of concern to protect citizens of any nation from these outbreaks (Van
Den Broeck et al. 2011). It is very important to keep check of these outbreaks and proactive
remedial measures should be adopted to prevent outbreaks. Outbreaks like Swine-ﬂu, Dengue,
Ebola, and Chikungunya are among some viral diseases which can transmit very easily and aﬀect
very large population. Easily transmitted viruses aﬀect humans to a large extent as these microorganisms directly aﬀect the human body cells. Dengue disease is a mosquito-borne tropical
disease which results in dengue fever, commonly known as break bone fever. In 2015, its outbreak
in Hawaii and Ohio (Botelho 2015) has alarmingly increased the ratio of people aﬀected by dengue
to 50%. Dengue infection has symptoms like fever, headache, mild bleeding, muscle-joint pains,
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skin rash and, sometimes, can also lead to a life-threatening dengue hemorrhagic fever. Dengue
fever (History and Origin of Dengue Virus 2016) was ﬁrst recorded in a Chinese medical encyclopedia early in (265–420) AD. Dengue is a life threatening outbreak for which government’s medical
agencies should commit to create proactive medical facilities and eﬀective communication of
recommendations to the citizens. The most important step in any outbreak is to predict its
occurrence and stop its spreading by providing timely precautionary measures to citizens and
the government. Residential area of identiﬁed patients aﬀected by dengue should be quarantined
as early as possible to prevent further spreading of the outbreak. To predict and prevent various
outbreaks, Big Data approach is approved by diﬀerent HSSs of government agencies (Li, Li, and Jin
2012). Using Big Data has proved to be advantageous as the quality of medical services gets
improved by providing large storage repositories, and working costs get reduced. Study of similar
cases of dengue in any outbreak is a very important and useful task. Many Big Data analytic
techniques are developed so that similarity between users can be identiﬁed.
Big Data analytics is the process of making evidence based decision based on data which is very
high in volume, variety and velocity and whose analysis is very diﬃcult using traditional methods
(Chen et al. 2013). It has gathered great attraction from various sectors of the society including health
care, business, meteorology, media, social networks, etc. Big Data is coined as a broader term for
large or complex sets involving semi-structured, structured and unstructured data that traditional
database applications cannot store and process (Ji et al. 2012). Text analytics (also known as text
mining) is one of the major ﬁelds of Big Data because most of the data stored is in the form of text
(Yuan, Lau, and Xu 2016). Textual data can be unstructured due to diﬀerent formats such as facebook
posts, tweets, blogs, reports, ﬁles, and documents. These textual data contain many important pieces
of information which, if eﬀectively analyzed, can result in eﬃcient decisions. Analyzing vast amount
of textual data will lead to eﬀective results in every business domain and will enable many industries
to utilize this paradigm for interpreting their customers’ needs. As a result, the growing interest in
textual data mining from diﬀerent business domains needs a coherent and intuitive method in Big
Data analytics to discover hidden patterns, correlations and monetize the data to improve the
services. Big Data Analytics (BDA) enables to uncover insights using heterogeneous textual data
sources such as social media, telecommunications, medical and other sources (Talia 2013).
With a huge amount of generated data, traditional database systems are not adequate to store,
analyze and retrieve the stored data. BDA can also play a signiﬁcant role in the development of
eﬀective service recommender systems. Service recommender systems these days have emerged as
an important and beneﬁcial technique to assist users to deal with multiple services and render
them with suitable recommendations (Park et al. 2012). Recommender Systems (RS), came into
existence in mid-1970’s and are widely used systems in e-commerce sector for decision making to
increase buyer’s ratio and build customer’s loyalty (Adomavicius and Tuzhilin 2005). RS can also be
referred as the systems that make use of community opinions or previous data to help customers
ﬁnd useful items from considerably large datasets. Community opinions can be expressed through
explicit ratings that a user can provide in a form of a numeric value or in the form of reviews. These
systems are highly utilized by variety of applications like music, movies, news, search queries,
twitter followers, books, restaurants and medical sciences. RS related to movies and music are well
known and widely utilized. With the introduction of web 2.0, large numbers of organizations are
collecting enormous information about their customers, products and services which are eﬀectively
utilized by RS to generate user recommendations. RS with high degree of accuracy and data
acquisition are needed in current era of Big Data to generate useful and knowledgeable information (reﬂecting personal characteristics) (Colombo-Mendoza et al. 2015). Similarity calculation in RS
is one of the core tasks because, after ﬁnding the similarity either for users or the items, eﬀective
recommendations can be generated. So, in the proposed framework, core focus is maintained in
ﬁnding similar dengue patients from unstructured dataset of user’s symptoms.
HSS in medical sciences can use RS for eﬀective and eﬃcient recommendations. Increase in use
of computer storage for digital health information, large amount of patient’s health data (diseases,
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diagnosis, clinical reports, treatment procedures, etc.) has been collected in multiple clinical
databases (Griebel et al. 2015). Due to the availability of digital information in HSS, appropriate
recommendations can be generated for selection of hospitals and doctors based on facilities
provided. Health Recommender System (HRS) can help patients to take decisions on which doctor
and which hospital to choose based on user’s personal attributes (location and availability) (Araz
et al. 2009). Core component of any RS is ﬁnding the among the users of that particular RS. If
eﬀective similarity is identiﬁed, smart recommendations can be generated based on the preferences of similar users in any RS environment. Identifying similar users based on symptoms only in
any outbreak is very critical and real-time task. Secondly, in any outbreak, users should be able to
send their respective inputs to RS in any form such as audio, video, text messages, etc. RS should
able to extract these heterogeneous messages and provide similarity of the users in real-time.
Based on the issues of ﬁnding similar patients in any deadly outbreak, a framework has been
proposed in this paper. It identiﬁes similar dengue patients by using two methods which are
keywords based and case based reasoning. The proposed framework works on the basis that user
can send query to the system in any form such as audio, text, video, etc. It converts each query into
text format and applies text mining using RAKE algorithm to remove irrelevant words from the
query. Output generated by RAKE algorithm is compared with sematic ontology based domain
thesaurus to convert the user query into standard keyword list. Lastly, CBR method is used to ﬁnd
similar users based on standard keyword list.
The rest of the paper is organized as follows. Section 2 discusses work related to recommender
systems and similarity ﬁndings. Section 3 provides details about the proposed framework for
ﬁnding similar dengue patients from heterogeneous dataset. Performance analysis is conducted
in Section 4 and Section 5 presents the experimental results. Lastly, Section 6 concludes the paper.

2. Related work
Earlier studies carried out for dengue disease were speciﬁcally for diagnosing dengue fever and for
identifying the transmission medium. Integration of cloud computing and Big Data for predicting
and preventing dengue disease is still in its early days. Hence, related work is divided into two subsections namely RS and similarity ﬁnding in RS.

2.1. Recommender system (RS)
Recently, the use of Recommender Systems has increased (Park et al. 2012) and it is being used in
many areas such as music & movie recommendations (Winoto and Tang 2010), (Tan et al. 2011),
literature & books’ recommendations (Crespo et al. 2011), (Núñez-Valdéz et al. 2012), market trend
recommendation (Costa-Montenegro, Barragáns-Martínez, and Rey-López 2012), e-commerce website recommendations (Castro-Schez et al. 2011), medical recommender systems (Duan, Street, and
Xu 2011) and web search recommendations (McNally et al. 2011).
In 2015, Isinkaye et al. (Isinkaye, Folajimi, and Ojokoh 2015) explored the primary principles,
methods and evaluation approaches of Recommender Systems available in the current environments. In 2015, Champiri et al. (Champiri, Shahamiri, and Salim 2015) conducted an extensive
survey of scholar literature for context aware recommendation systems. The scholar literature they
covered was from 2001 to 2013. In 2015, Amini et al. (Amini et al. 2015) worked on generating the
proﬁle knowledge in scholar’s recommendation system by using ontologies as reference methods.
In 2015, Lee and Lee (Lee and Lee 2015) argued that collaborative ﬁltering method has high
accuracy but it does not ﬁnd new and novel items for recommendations. To overcome this issue,
they proposed a graph based recommendation system which can ﬁnd novel items based on the
preferences of the user. In 2015, Colombo-Mendoza et al. (Colombo-Mendoza et al. 2015) studied
the relationship of user’s context in generated recommendations. They provided a use case of
movie recommendation system using the current context of the user. In 2014, Yang et al. (Yang

4

R. SANDHU ET AL.

et al. 2014) conducted a survey of the algorithms which used collaborative ﬁltering in social
recommender systems. In 2014, Kim and Kim (Kim and Kim 2014) used social tagging of items to
make recommendations more eﬀective. They argued that using social tagging database of item
properties increases which, in-turn, increases the eﬃciency of recommendations. In 2013, Beel et al.
performed a survey on evaluation of recommendation systems and found out that most of the
approaches are not validated. In 2012, Park et al. (Park et al. 2012) performed the literature review
of recommendation systems from 1970 to 2012 based on his deﬁned classiﬁcation. In 2011, Zheng
and Li (Zheng and Li 2011) investigated the use of social tagging of items in creation of eﬀective
recommendations. In 2005, Adomavicius and Tuzhilin (Adomavicius and Tuzhilin 2005) surveyed
the existing RS technologies and provided the roadmap for its further extensions. They classiﬁed
the RS into three basic categories and also stated the limitations of each type of RS.

2.2. Similarity ﬁnding
Earlier, collaborative ﬁltering methods have been used in various other ﬁelds like travel, hotel
reservation, on line social networks, identiﬁcation of global trends, ﬁnancial data, etc. In 2014, Chen
et al. (Meng et al. 2014) used collaborative ﬁltering method in hotel reservation system to generate
recommendations with the help of keywords which were used to indicate user preferences. In
2012, Rao et al. (Rao and Kumar 2012) proposed a methodology to predict the diagnosis of a
disease in real time using similarity so that false positives are reduced. In 2012, Zhou et al. (Zhou
and Yu 2012) developed a hybrid similarity measurement method for detecting suspects to meet
the needs of police work in the ﬁeld of crime data analysis. In this method, attributes were grouped
in multiple subsets and diﬀerent measurement techniques were used to determine the similarity
between two objects. Recently, the volume of digital medical images has increased to a large
extent giving a big challenge to store and analyze them. In 2014, Ferreira (Ferreira, Oliveira, and
Freitas 2014) described, in its paper, the performance evaluation of medical Image Similarity
Analysis (ISA) in a heterogeneous single, multi and many-core architecture using a framework
called parallel Open CL. He used lung cancer image databases along with texture attributes for
image features and for comparing image metrics Euclidean distance. In 2008, Cao et al. (Cao et al.
2008) computed similarity between cases by information theoretic measures and abstracting
patient speciﬁc features from various cases. They used corpus-based weighing model to depict
the similarity between cases by keeping in mind the general clinical conditions. In 1993, Ganesan
et al. (Ganesan, Garcia-Molina, and Widom 2003) proposed a new measure to exploit a hierarchical
domain structure to produce more intuitive similarity results. A method was proposed to compute
similarity results for multisets.

3. Proposed framework
The proposed framework provides a novel method to ﬁnd similarity among dengue patients using
their respective symptoms. Users can send their respective symptoms to the proposed framework
using any of the available methods such as text message, e mail, voice message, voice call or video
message.
Figure 1 depicts components of the proposed framework and their interconnection. The
proposed framework consists of four components, namely: data collection, domain thesaurus,
similar case ﬁnder and information sharing. The data collection component collects the symptoms
based data from user using mobile application or web browser in any format as mentioned above.
This component is responsible to collect and store all the messages sent by the user. The ontology
based domain thesaurus converts the user message into system format. The similar case ﬁnder
ﬁnds the similar users based on the case base created by the ontology based domain thesaurus.
The Information sharing component is used to eﬀectively share the information with all the
stakeholders of the proposed framework. All the data generated is stored in a cloud repository
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Figure 1. Cloud system for managing dengue disease.

as it provides a ﬂexible and real time approach to share information among multiple stakeholders
such as experts, doctors, government agencies and registered users.
Figure 2 provides the system information ﬂow of the proposed framework. It starts with the user
registration using a mobile device or a website. Once the user is registered, a unique ID is
generated and supplied to the user for any further communication with the framework. Keyword
extraction technique is applied on the user query to collect the related keywords, which are further
derived using domain thesaurus. A case base consisting of the information provided by the user is
created using standard keywords which will represent the history of the patient, symptoms,
treatment, procedures and geographic location.
Then, the case base is analyzed for the relevancy with the other cases. If threshold relevancy is
achieved, the system updates the information to the nearest hospital, shares the status of relevancy
with the user and recommends the hospital to the user.

3.1. Data collection
This component provides details about the user health which is collected from heterogeneous
sources. Users can share their health information via Email, sending voice messages, video messages and text messages either from a mobile application or a web browser. Voice analytics is
deﬁned as a process of interpreting the voice messages to collect information, forming a structure
of user interactions and determining the identities of spoken words & phrases. Voice analytics uses
a technique called audio mining to spot spoken phrases and convert them into textual form. Voice
analytics is used to extract words from the voice message sent by the user Video Analytics is a
process of determining and analyzing a pre-recorded video for extracting data into a text. This
textual information is used in proposed framework for comparing various personal attributes and
dengue related attributes described in Table 1 and Table 2 below respectively.
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Figure 2. System information ﬂow for the proposed framework.
Table 1. Personal attributes.
S No
1
2
3
4
5
6
7
8

Attributes
Name
Age
Sex
GPS Locale of both workplace and house
Contact number
Address
Occupation
Relatives

Type
String
Numeric
Character
Location
Numeric
String
String
String

Description
User’s name
User’s age
Male or Female
Geographic location of the user
Landline/Mobile number
Full Permanent Address of the user
Occupation of the user
Name and contact number of the relatives of the user

Personal attributes will remain same most of the time but the dengue related attributes will
update repeatedly over a period of time. Personal attributes collected are stored in secure location
so that identity of the user can be preserved. Keyword aware and similar cases ﬁnder are used to
categorize the users based on personal and dengue attributes. For reference these tables are
provided to the community.
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Table 2. Dengue related attributes of the user.
S. No.
1
2
3
4
5
6
7
8
9
10

Attributes
Type
Description
Fever
Numeric Body temperature in degree Celsius
Severe Headache
Boolean Whether a user has severe headache or not
Pain behind eyes
Boolean Whether a user has pain behind eyes or not
Severe joint and muscle pain Boolean Whether a user has muscle or joint pain or not
Nausea
Boolean Whether a user feels uneasiness or discomfort
Vomiting
Boolean Whether a user feels like vomiting or not
Skin Rash
Boolean Whether a user has rashes after the onset of a fever or not
Mild Bleeding
Boolean Whether a user feels mild bleeding in nose, gums bleeding or easy
bruising or not
Severe Abdominal Pain
Boolean Whether a user feels abdominal pain or not
Problems with lungs, liver
Boolean Whether a user has problems in lungs, liver or heart
and heart

3.2. Creation of case base
After the collection of personal and dengue related attributes, keyword aware method is used to
convert text data into useful format so that similarity of users can be identiﬁed. This component
can help reduce the complexity of medical cases. Algorithm 1 states the steps to be followed for
creation of case bases

Algorithm 1: Creation of Case Base
Step I: Apply RAKE algorithm on user query.
Step II: Prepare a keyword list.
Step III: Keyword list is compared with sematic ontology based domain thesaurus.
Step IV: Once keywords are extracted, these are formalized to form a case base.
Step V: Exit

As the major functionality of proposed framework is that a user can send information about the
disease in any format which can be video, audio or text, Video analytics and voice analytics are
used to convert the video and voice data into textual form. Then, text data should be mined
eﬀectively and converted into generic form so that eﬀective similarity measures can be established.
Proposed framework uses many eﬀective techniques to convert raw text data into a generic case
base. Algorithm 1 provides the steps to be followed by proposed framework for creation of case
base and these steps are explained in details ahead.

3.2.1. Rapid automatic keyword extraction algorithm (RAKE)
RAKE is based on the consideration that keywords consist of numerous words also. However, word
separators such as punctuation or stop words, delimiters are dropped from the keyword list as
these are considered to be enigmatic or meaningless in the process of dengue symptoms analysis.
It contains only content words, those words which have some meaning within a document. The
input speciﬁcation of RAKE consists of stop word lists, batch of phrase delimiters and batch of word
delimiters. Phrase delimiters and word delimiters are used for creating candidate keywords which
are formed by dividing the text. Candidate Keywords are deﬁned as series of content words
occurring in the content. Co-occurrences of words in the candidate keywords are informative
and help in identifying the word co-occurrence without the use of arbitrarily sized sliding window.
Main reason of using RAKE in proposed framework is its scalability and accuracy. Compared to its
close paradigms it scales better and has relatively high precision rate which is also proved in
experimental evaluations.?
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Algorithm 2: RAKE for Proposed Framework
Step I: Remove all stop words from the raw text data provided by the user or generated by video & voice analytics (e.g. for,
the, are, is, and etc.).
Step II: Create an array of candidate keywords.
Step III: Find the frequency of the words (freq (w)).
Step IV: Find the degree of each word (deg (w)).
Step V: For every candidate keyword ﬁnd the word's scores using {deg(w)/freq(w)}
Step VI: Top T scoring candidates are selected as keywords for the document.
Step VII: Exit

Table 3. Keyword List Used for Dengue Disease.
S. No.
1
2
3
4
5
6
7
8

KEYWORDS
Symptoms
Fever Treatments
Medications
Location
Causes
Environment
Family/Friends
Others

RAKE starts its keyword extraction process on user raw text information by dividing its content
into a batch of candidate keywords. The text of user query is sliced into bunch of words by
particularized word delimiters. Then this bunch is divided into series of adjoining words at stop
word and phrase delimiter positions. Word within a series is allocated similar position in content
and collectively constitutes a candidate keyword. After the identiﬁcation of every candidate keyword, frequency of words and degree of word is computed. Frequency of word (freq (w)) is deﬁned
as the words that appear regularly despite the count of words with which they co-occur. Degree of
word (deg (w)) is the number of times a word occurs and in longer candidate keywords. A ﬁnal
word score is calculated as sum of its member’s word score using the metric deg (w)/freq (w). After
the scoring of keywords, Top T candidates are considered as keywords from the user message and
T is computed as one-third of the number of words. These extracted keywords form a keyword list,
as listed in Table 3.
A keyword list is a set of keywords that are generated by RAKE algorithm. Keyword list divides
the user’s keywords into symptoms, medications, geographic locations, causes, environment and
personal information. Table 3 shows a simple example of keyword list for the proposed framework.
Keywords included in the keyword list can be a word or multiple words relevant to the problem of
the users
In this paper, the user message collected using voice, video or text messages, will be extracted
in the form of keywords and formalized into a keyword list. Generally,a few words in the user’s
problem cannot exactly match with the corresponding keyword list. Then, a special domain
thesaurus is constituted to support keyword extraction

3.2.2. Ontologies based domain thesaurus
Domain thesaurus is a compiled document which provides synonyms as well as antonyms for any
word. In the proposed framework. A user can submit the query in any form. So it is possible that
diﬀerent users may use diﬀerent words for the same symptom or the same environmental
condition. If all the words submitted by diﬀerent users are considered, ﬁnding similar cases is
very diﬃcult and an unproductive task. To resolve this issue, in the proposed framework, a dengue
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Figure 3. Semantic ontology based domain thesaurus of dengue disease.

domain thesaurus is created in which dengue keywords are grouped according to the similarity of
their meanings, antonyms, contrasting words, etc. Each word from user query is compared with the
dengue domain thesaurus and is converted into a standard word so that all users’ cases can be
compared easily. For example, one user writes in his/her query the word ‘mosquito bite’ and
another user writes ‘mosquito sting’. However, both the words mean the same thing that mosquito
has bitten the user. Domain thesaurus will resolve these issues and convert them into standard
words.
To increase the eﬃciency of domain thesaurus further, these words are grouped into
multiple categories as listed in Table 3. For example, words like ‘headache’, ‘pain’, and ‘mild
bleeding’ can be grouped into category of symptoms. Eﬀective grouping of these words into
pre-speciﬁed categories will increase the performance of domain thesaurus because only words
of respective categories will be matched. In the proposed framework, semantic ontologies are
used to eﬀectively group the domain thesaurus into pre-speciﬁed categories. Semantic ontology works on the principle of conceptualization of speciﬁcations. Semantic ontology captures
the overall structure of any domain, in this case the dengue disease, and provides certain
boundary restrictions on the structure. This structure provides the overall knowledge of domain
rather than single state of aﬀairs. For example, in the proposed framework it will provide a
structure for classifying dengue disease attributes rather than individual user’s queries. In the
proposed framework, ontology deﬁnes the domain of the dengue disease whereas domain
thesaurus represents the knowledge base of dengue disease. Domain thesaurus is very large for
dengue disease and it is not feasible to show all words in a single ﬁgure. But, for the clarity of
readers, Figure 3 depicts the sample structure of proposed ontology and domain thesaurus of
dengue disease. Each keyword list created in the system is compared with the proposed
ontology based domain thesaurus of the system to convert it into standard keywords so that
eﬀective similar cases can be found.
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3.3. Similar case ﬁnder using CBR
Finding similar cases of dengue patients is the core of the proposed framework. All the work done
in the previous sections is to make user query in a format that it can be easily compared to other
cases. However, even after converting the query in the standard format, it is not easy to ﬁnd a
similar dengue cases. This is due to the fact that the depth of information provided by the user for
diﬀerent domains is diﬀerent from each other. For example, user A may talk more about the
surrounding environment and user B may record more about his/her personal health. To make the
process of ﬁnding the similar cases more eﬀective and eﬃcient, Case Base Reasoning (CBR) is used
in the proposed framework.
CBR is an eﬀective method which can eﬃciently compare one dengue case with all the other
saved cases and eﬃciently ﬁnd the relevant similar cases. It works on the principle of reusing the
information and knowledge of already saved cases for ﬁnding the similar dengue cases. CBR has
great applicability with the proposed framework because it can ﬁnd similar cases from the stored
set of dengue cases as well as any new cases of dengue. Main challenge when using CBR method
for ﬁnding similarity between medical cases is the representation of medical information. In the
proposed framework, user information about his/her health and environment conditions is eﬀectively represented in the form of ontology as depicted in Section 3.2. So, CBR can be eﬀectively
used in the proposed framework for ﬁnding the similarity between the dengue patients. In CBR,
similarity between two patients is found using the following equation:
simðX; Y Þ ¼

Common AttributesðX; Y Þ
All AttributesðX; Y Þ

Now, let μðtÞ be the probability function of any user’s dengue case base containing attribute t.
For each user case base c and dengue attribute t, let Pc;t is the probability of occurrence of attribute
P
Pc;t ¼ 1 for any user. Two dengue users X and Y share
t in case base of user c which states that
t


min Ax;t ; Ay;t number of attributes as common. However, total number of dengue attributes of
user X and Y are Ax;t and Ay;t respectively. Then Similarity between case base of user X and Y can be
formulated from the following equation:


P
2  t min Ax;t ; Ay;t log μðtÞ
Ax;t \ Ay;t
P
¼P
SimðX; Y Þ ¼
Ax;t ; Ay;t
t Ax;t log μðt Þ þ
t Ay;t log μðtÞ

3.4. Information sharing and database
Information regarding the users, patients, disease, etc. is stored in the databases for easy retrieval
by Government agencies, hospitals, users, etc. Latest information regarding the disease is being
shared with the users. Records are maintained properly in the cloud repositories so that patients
visiting the hospital again need not bring their previous ﬁles. Data is being fetched as and when
needed. Proper security techniques are applied to the cloud for accessing of the medical records of
the patients.
Information storing and sharing is a complex and diﬃcult task.The proposed system will
generate a large amount of information with every unit of time. Using traditional databases to
store the information generated will not be an eﬀective method because data generated is
unstructured with scales both horizontally and vertically. So, to eﬀectively store and process the
information in the proposed framework, tensor based method is used. A tensor is an N-way array of
data or objects. A scalar is a zero-th order tensor; vector is a ﬁrst order tensor, while a matrix is a
second order tensor. Formally, an Nth-order tensor can be deﬁned as:
X 2 R I1 I2 ......:IN ;
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Figure 4. Tensor based storage in proposed framework.

Where, the size of ith dimension of X is represented byIi : Figure 4 shows the proposed tensor
based storage in the framework.
The tensor shown in Figure 4 is the proposed tensor for the framework for fast and reliable
storage and retrieval of information. Tensor is a multiway matrix which stores data and its
decomposition results in fast retrieval of data. As shown in Figure 4, data related to diﬀerent
keywords is stored in an eﬀective form with relation to the time. As new data for each user comes
related to any keyword list, it can be changed in the tensor. All previous data will also be stored in
the form of tensor for easy analysis.

4. Experimental setup and performance analysis
After an in-depth search on the internet and consultations with diﬀerent hospitals around the
world, we were not able to receive any symptoms based dengue dataset to test our proposed
framework. Our main aim is to detect the dengue fever from symptoms for which we failed to ﬁnd
any dataset. So, we proposed to build a synthetic dataset using a systematic approach to test our
proposed framework. Experimental setup and performance analysis is divided into three major
components which are:
● Creation of Synthetic Dataset
● Creating the Case Base.
● Finding Similar Cases.

4.1. Creation of synthetic dataset
To create synthetic dataset, a systematic approach for achieving randomness has been used. A web
portal has been developed and students of diﬀerent classes in the campus were asked to submit a
text paragraph or audio ﬁle stating diﬀerent dengue cases as well as their environmental conditions. All students were speciﬁcally told to use Table 1 and Table 2 for stating their conditions as a
reference. Web portal remained active for 15 days and 24 hours a day. Students were encouraged
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Figure 5. Number of queries submitted to the website in 20 days.
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Figure 6. Character count of queries submitted to website.

daily to enter new queries or upload audio ﬁles several times a day using diﬀerent names. Google
audio to text conversion API was used to convert audio ﬁles into text ﬁles. These ﬁles were further
used to create domain thesaurus. Figure 5 shows the number of queries related to Dengue
submitted to the website created. It started slow but when students were encouraged, an increase
in queries was observed. After 12 to 13 days most of the students have submitted their queries, so
they showed less interest in submitting more queries. Figure 6 shows character count of diﬀerent
queries submitted to the website on each day. It remains same most of the period of the
experiment.

4.2. Creating the case base
A sample query submitted by Ashish is used to demonstrate the creation of the case base of user.
Figure 7 shows the query submitted by the user Ashish to the system. A python implementation of
Rake algorithm (GitHub – Aneesha/RAKE 2015) is used to extract relevant words from his query.
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Figure 7. Query submitted by the user named ashish.

Figure 8. Query after implementation of RAKE algorithm.

Table 4. Final Keyword list and linking with Domain Thesaurus.
Keyword List

Domain Thesaurus Items

Name Ashish
22 years Age
Live Gurdaspur
Around Colony
Dengue Spreading
Fever 99
Moderate Headache
Vomiting
No Skin Rash

Personal
Environment
Symptoms

Figure 8 shows the query after using RAKE algorithm implementation which removed non-relevant
terms in the query. Table 4 shows the ﬁnal case base of the user Ashish in which his simple text base
representation is converted into a list by comparing with the already created domain thesaurus.
Around 2235 cases base were created using the proposed technique. The sample size collected
using website is very minimal to test the proposed framework. Big Data involving system should be
able to produce the desired level of result from very large amount of data. Random Sampling
technique is used to increase the sample size of the problem from 2235 case bases created. Random
sampling methods choose values for diﬀerent domain thesaurus items randomly from already collected sample size and create a new case base, as shown in Figure 9. Total of 2 million case bases are
generated using the proposed random sampling technique.

4.3. Finding similar cases
Now these case bases are compared with each other for ﬁnding similarities among them. Similarity
ﬁnding algorithms are run on HP ProLiant Server with 8GB Ram and Intel core i7 processor with 2.4
GHz computation power. The same algorithm is also run on Amazon EC2 with varying computational power according to the requirement. Figure 10 provides the resource utilization of both
Amazon EC2 and local servers. Figure 11 depicts the response time of both cloud and local servers
as recorded during the experimental evaluations.
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Figure 9. Creating case base.
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Figure 10. Resource utilization of amazon cloud and local HP server.

Each case was compared with all other cases based on diﬀerent domain thesaurus items and
top three matches were found. Proposed CBR similarity ﬁnding is compared with two famous
similarity recommendations algorithms which are User-based Pearson Correlation Coeﬃcient
(UPCC) and Item-based Pearson Correlation Coeﬃcient (IPCC). Input provided to these two algorithms is simple keyword list created by the RAKE algorithm.
UPCC and IPCC use Pearson Correlation Coeﬃcient (PCC) (Sarwar et al. 2001) for ﬁnding
similarity between the users and the items. PCC works on the basic of weights calculated between
two users or items. UPCC is the method where relationship between two users’ is found using the
PCC weight of all items. IPCC is the method where relationship between two items is found using
PCC weight calculation of all the users. Calculation of PCC for x and y is done using the following
formula:


P
vx vy;j  vy
j vx;j  
ﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃﬃ
q
wðx; yÞ ¼ P 
2 P 
2
vx
vy
j vx;j  
j vy;j  

Respone Time (in Seconds)

ENTERPRISE INFORMATION SYSTEMS

15

Response Time
Cloud

600
500
400
300
200
100
0
0

5

10

Local

15
20
Time (in Minutes)

25

30

35

Figure 11. Response time comparison of amazon cloud and local hp server.

Where:
In case of UPCC, x and y are two users and j is the total number of items present in the dataset.
In case of IPCC, x and y are the two items and j is the total number of users present in the
dataset.
UPCC and IPCC, both the algorithms, work on ﬁnding the relationship between two users or two
items but do not provide any inter user-item relationship, while CBR can provide it.
ALL three algorithms were run for 30 minutes of experiment and comparison was done on two
parameters which are Mean Absolute Error and Mean Average Precision, as shown in Figure 12 and
Figure 13.
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Figure 12. Mean absolute error comparison.
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Figure 13. Mean average precision comparison.
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5. Discussion
Proposed architecture is simple yet eﬀective to ﬁnd similarity between the cases with the help of
sematic ontology based domain thesaurus. Experimental setup involves the creation of synthetic
dataset via diﬀerent users submitting their queries either in textual form or as audio. Data was
synthetically created because the symptoms based medical data related to dengue was not available.
Queries submitted by the users are passed through a series of components and similarity between
diﬀerent cases has been identiﬁed. Firstly, creation of user speciﬁc case bases has been done using
RAKE algorithm and domain thesaurus. User speciﬁc case base thus formed is compared with all other
cases using CBR method. Experiments are conducted on both local system and Amazon EC2 cloud
and various parameters are compared such as cloud resource utilization, response time, mean
absolute error and mean average precision. The proposed framework has slightly higher resource
utilization rate on cloud than on local servers as the waiting time for the resources is less on cloud as
depicted in Figure 10. The response time is deﬁned as the time required by the servers to respond to
the user’s query. As depicted in Figure 11, the response time of cloud servers is better than the Local
HP servers throughout the experiment. Cloud server provides the desired computational power when
demand increases while total number of resources is same in case of local server. Mean error rate and
Mean average response time are evaluated using Amazon EC2 cloud against two famous similarity
recommendation algorithms, UPCC and IPCC, which are shown graphically in Figure 12 and Figure 13
respectively. The proposed algorithm and the compared algorithms are both run for 30 minutes on
the cloud to compare diﬀerent parameters and check their performance. Results evaluated show that
our proposed system has less mean absolute error and higher precision rate in comparison to UPCC
and IPCC algorithms. This is due to the fact that in CBR case base is perfectly stored in terms of
standardized keywords from domain thesaurus whereas in UPCC and IPCC it is just the query after the
RAKE algorithm. Domain thesaurus made framework is more adaptive as well as precise.

6. Conclusion & future scope
In biomedical informatics, calculating case similarity in clinical areas is still a challenging research ﬁeld.
The debilitating viral disease, ‘dengue’, caused by the mosquitoes is one of the important challenges
for healthcare agencies and governments. With the growth in IT, it has become viable to regulate
diseases in the most desirable and eﬀective way. A framework is proposed in the paper with key point
to convert each user query into a standard format using semantic ontology based domain thesaurus.
The framework is tested with 2 million case bases and it behaved as desired. The proposed framework
can be eﬀectively used to create similarity among any unstructured data set users.
In future work, after ﬁnding the threshold relevancy between cases, the system can update the
nearest hospitals about the similarity of cases and recommend to the user a nearby doctor and
hospital. Thereafter, another component such as GPS based updating will be developed to
recognize regions prone to dengue and to provide suﬃcient information to users about the
symptoms, treatments and suitable government health agencies to deal with. It will help other
uninfected people and health organizations to inhibit the growth of the epidemic.
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