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Abstract: This study provides an overview of work done by researchers in areas related to Semantic Text
Mining (STM). This is particularly important since STM could be considered a generic technique which is
applied to signal detection in the work presented and similarly, signal detection could be considered a generic
problem which is solved using STM techmique in the work presented. A closer look at the evolution and
challenges to be addressed provides a good starting point in arriving at the solution frameworlk. In the literature
review also cover of NLP and predication diseases for general diseases not particular disease. The detail of
Climcal Decision Support System (CDSS) and the research studies in the field converting unstructured medical
data which doctor notes into structured medical data (NLP) and the research on prediction diseases framework

regarding the aid of CDSS.
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INTRODUCTION

Text mining is used for several areas of integrated
technmiques such as data mimng, web mining, statistics,
Information Retrieval (IR) and Natural Language
Processing (NLP). Tt gives us how to detect new
information from the data (document) based on text
which 1s unclear and hard to find. That 1s it means a
text-processing  techmique  which  encompasses
information retrieval, mformation extraction, information
systematization and information analysis.

Researchers started publishing results on theiwr
research in this area as early as 1970 (Cleverdon, 1970).
While the results were encouraging, handling large
volume of data in their native human readable electronic
document form was beyond the capabilities of available
compute, storage and commumication technologies till few
decades ago due to considerations related to cost and
size of electronic memory and processor. Accordingly,
researchers and developers made the catalogue or indices
searchable online while still accessing the document
offline in physical form. This resulted in the forming of
Machine-Readable Cataloging (MARC) by the Library
of Congress m the 1960s (Avram, 1968). These new areas
of research are extending structured data mimng
capabilities to information at large including
documents containing arbitrary data and exploit
semantic relationships as well as metadata associated with
them. Domain independent applications have also been
tried as reported by Gatterbauer ef ol (2007) and Sarawagi
(2008). Group of like minded communities coin new words

or use existing ones with new meanings and ontologies
based on those have come to be known as folksonomies.
Tt looks like while ontology is driven top-down and
controlled approach, folksonomy 1s a bottom-up and user
driven approach. Emerging social networking or web 2.0
makes use of folksonomies as reported by Jaschke et al.
(2008) and Hotho et al. (2006). The main purpose of text
mining is to convert text to the analysis-enabled data
through the application NLP and analysis techmques. The
ability to extend mining, search and retrieval to documents
including rich media documents in different formats
provide exciting possibilities but not without equally
exciting challenges.

Semantic text mining: Semantic Text Mining (STM) 1s a
technique that has grown mmmensely which has the
capacity to handle vast amount of textual data
(Srivastava and Sahami, 2009). STM offers methods to
process narrative text as they are thereby offering a
method of either eliminating or reducing the ETL process
to a large extent. However, it has been more popular with
web where the documents are annotated. STM for
non-annotated text is a challenge which if solved
would provide automated signal detection capability for
regulatory and monitoring agencies. The Text Mmning
based Hadoop platform decides a patient’s disease,
predict his disease and provides the more accurate
information about diseases by converting the
unstructured  data  among the patient’s collected
information to structured data. The Apache Hadoop
project develops open-source software for reliable,
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scalable and distributed computing. Tt consists of HDFS
(Hadoop Distributed File System), Hbase and Hadoop
MapReduce which can analyze big data. It 1s open source
framework that writes and unplements an application
program for processing big data. Therefore, in spite
of known advantages of electronic data processing
capabilities, creating large scale mining applications
with online document access could not proliferate. This
resulted in the emergence of the Database Management
Systems (DBMS). DBMS provided an efficient way of
storing annotated/labelled subset of key elements out of
the documents. DBMS has evolved over time and 1s
currently capable of handling large volumes of data and
provides mining capabilities, helped by the rapid
mnovations n compute, storage and commumcation
technologies. In spite of the maturity of DBMS and its
value to organized and structured data, the efforts needed
to make it function necessitates converting human
readable documents to a format that could be processed
by computers. This mvolves strict data capture process
or if already captured in other formats, data conversion
process. Generally, parts of the information are defined in
data fields of specific data types. Only those data stored
m the fields and any derivative mformation by
manipulating them are available for further access. In a
nutshell, only select facts and figures remain out of the
source document. While this may suffice for some
applications, the question and interest remains as to
why is the entire document not available for analysis.
Researchers are addressing this question by developing
techmiques for semantic web (Berners-Lee et al., 2001)
mcluding web 2.0 and Information Retrieval (IR)
(Manning et al., 2008).

Semantic web: Semantic web has witnessed tremendous
activities m this decade. A number of standards,
specifications and languages have come up in its support.
Semantic web as it is accepted and understood is based
on an article published by Berners Lee et al. (2001) and
Shadbolt et al. (2006). Sheth ef al. (2015) and Bemer et al.
(2005) categorize semantics into implicit, formal and
soft to explain various capabilities by each type of
semantics by Sheth (2005). Different languages for
supporting semantic web (Bailey ef af., 2005) have come
into existence like XML, RDF, OWL and SWRL
Horrocks er al. (2004). These languages provide the
flexibility of choosing between expressiveness and
computability which are mversely proportional. Semantic
web applications have been broadly categorized into
two major areas, web usage mining and web content
mining as discussed n various studies viz. (Kolari and
Joshi, 2004; Han and Chang, 2002). Domain specific

ontologies have been used to achieve better results like
the ones for gene ontology (GOH) and legal (Breuker and
Hoekstra, 2004). These domam specific ontologies are
essential in taking the semantic web to the next level
but ontologies themselves change as with any natural
language. Further these ontologies could be with few
levels, for example, the Medical Dictionary for Regulatory
Activities with just five levels (MedDRA, 2009) or many
levels like the gene ontology.

Personalizing user search experience, many of the
solutions based on query or usage mining studies, has
drawn a lot of attention with various techniques
reported in articles including those by Sieg et al
(2007), Tansen and Spink (2006), Pierakos ef al. (2003),
Srivastava et al. (2000), Mobasher (2007). However, when
1t comes to web content mining, the multidimensional and
deep links have posed challenges and the progress has
been slow. Only few prototype applications have been
reported like by Sheth (2005) and Meza ef al. (2008) where
an application for detecting conflicts of interest using
various RDF and other semantic languages is reported,
and by Zaremba et al. (2006) a virtual travel agency
using web services execution and modelling 1s reported.
For meore details on the evolution, current state and
standardization of semantic web one can refer by W3C.
While all these efforts are resulting in access to huge
decentralized data resources, the issues that need to be
resolved include querying them with confidence and trust,
handling inconsistencies, inter and intra domain meanings
leading to ambiguities and other natural language
related 1ssues remain to be addressed. These limitations,
researchers have used available capabilities of semantic
web for different applications. In essence, semantic web
including web 2.0 and social networking rely on explicit
semantic in the form metadata being defined and available
along with their content. This explains the reasons for the
limited number of applications using web content mining
as the contents tend to be without sufficient semantics.
For example, description of a news item in the form of
narrative text is at best related to its title and may be date
and source of the news. This does not provide enough
information for the semantic web to successfully exploit
the contents which 1s essentially lack of annotation.
Alternate approaches using ontologies like the one by
GOH have been tried where feasible with limited success.
Organization document repositories are likely to have vast
amount of narrative text with very little annotation or
relation to ontelogies.

Text mining and information retrieval: Text Mining
(TM) handles text as a “bag-of-words” and analyzes
them without considering associated semantics. Adding
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context or semantics to text data enables better
processing and results in higher quality results. Hence,
STM 18 more appropriate for developing solutions. STM
enables accessing analyzing and processing vast amournt
of unstructured textual data to uncover hidden patterns
taking semantics into consideration. Such semantics
could be based on linguistic properties, domam ontology,
etc. Realizing the potential of STM a number of traditional
data mining solutions are trying to expand their
coverage to unstructured data by using tools to support
ETL process as could be seen from the Gartner report
(Gilbert and Friedman, 2006). STM 1s designed to handle
data as they are in their native representation which
malkes it attractive for a number of applications. Intuitively
1t could be seen that converting the majority unstructured
data to structured data as existing applications are based
on the structured data, instead of other way around is not
optimal.

Further, structured data could be treated as
unstructured data in a way while the reverse may not
be true in most of the cases. Hence any application
supporting unstructured data would include structured
data handling as well. This makes STM an attractive
solution option. Current STM solutions are capable of
handling annotated data as well as data following a
specific ontology. Any advance that could be made in
STM significantly adds to the knowledge management
capabilities that exist today as most of the existing
data happens to be unstructured. As already indicated
unstructured data could be as high as 90% of all
data. In this research, a framework for STM using
textual regulatory document repositories for signal
detection is presented. The wvast unstructured data
available in electronic format has resulted in researchers
making progress in rapid and automated information
retrieval system over the last about 50 years. If the stored
information pertainsg only to text as against other types of
data like images and videos such retrieval systems could
be called TM systems. The focus here 13 only on TM
systems. IR 13 a major contributor to TM field An
overview of TM wusing TR in its early stages is
presented (Rijsbergen, 1979). The researcher provides
a good explanation of what an IR system means for
automated systems as well as takes through various
stages from storage to retrieval. Since, then the
domain of TR has progressed. Association for
Computing Machinery’s (ACM) Special Interest Group
on Information Retrieval (SIGIR) has been tracking
the progress of TR since 1971 (SIGIR, 2009) with
conferences, publications and forums. The main challenge
for IR with respect to amnotated or structured Data
Retrieval (DR could be summarized as shown in Table 1.

Table 1: Key differences between TR and DR
Variables Information Retrieval (IR) Data Retrieval (DR)
Search criteria matching Partial or best match Complete match

Tnference Emplays induction Employs deduction
Model Probabilistic Deterministic
Classification Multiple classes 8pecific class
Query language Natural Artificial
Expected results Tncomplete Complete
Results score Relevancy score Matching score
Effect of errors in query  Insensitive Sensitive
Extracted Extracted
information information

Information extraction

T

Relevant documents

Information retrieval

Document corpus

Fig. 1: Relation between TR and TE

It may be noted that the parameters chosen to
highlight the differences between TR and DR are for
discussion purposes only and some of these distinctions
may not exist in what is observed in applications. Few ley
parameters used m IR meclude:

*  Precision, refers to the fraction of retrieved
documents that are relevant to the query/search with
respect to the total documents retrieved

*  Recall; refers to the fraction of retrieved documents
that are relevant to the query/search with respect to
the total number of relevant documents present mn the
document corpus

s Relevance score; a score to indicate the relevancy of
the retrieved document agamst the query. Generally,
a function using term frequency (tf) and inverse
document frequency (1df) 1s used for amving at the
score

¢+ Term frequency; gtimes a given term occurs in the
document

¢ TInverse document frequency; generally refers to the
ratio of the total number of documents to the
mumber of documents containing the specific term on
logarithmic scale
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Information extraction: TR systems provide relevant
documents. However, the documents could be large and
the specific information being searched may be difficult to
locate. This resulted in the evolution of IE.

The relation between TR and TE is shown in Fig. 1.
The ability to extract useful information from relevant
documents retrieved using TR has encouraged use
of available meta data as well as structured within
documents. This lends itself suitable for signal detection,
which 1s the challenge bemng addressed in this thesis. A
detailed survey of about two hundred articles related
to IE with techmques and applications has been done
(Saerawagi, 2008). It may be observed from the above
discussions that adding IE-IR systems would enhance
TM systems to STM systems. In the next section a brief
overview of signal detection 1s provided.

Currently they include manual chart review by
domain experts, statistical text mming, natural language
processing, and machine. Each of these methods has their
own particular strengths and weaknesses.

Document annotation: In document annotation, subject
matter experts review the documents and code strings of
text that represent the targeted concepts and the
relationships between the concepts. Tn the medical
domain we do “chart review” to annotate the concepts in
progress notes. Doing manual chart review for annotation
has been used extensively and when appropriate rigor
is applied, the information extracted is very reliable
and 13 often used as the “gold standard” to evaluate
machine methods. However, it is a very expensive and
time-consuming effort. Clinicians are recruited and paid
full salaries to read each and every progress note. There
are also concerns that over time mental fatigue will cause
human error in the coding. To mimmize such issues,
multiple amotators can review the same documents but
this further raising the cost and time comm itment.

Regular expressions: Regular expressions are effective
when the structure of the text and the terms of interest are
consistent but these are essentially one-off methods
that must be tailored to the extraction task. Regular
expressions are bits of code containing characters that
represent patterns m the way a concept 1s found in the
text. A combination of wild cards, character classes and
specific or literal text characters are used mn a specified
order. They can be compiled and used in a computer
programs so they do have the advantage of speed. They
are usually hand coded by a human being and can involve
a complex and time consuming development effort,
because in order to be inclusive we must know a priori all
of the possible pattemns that represent the concept in the
text.

Natural language processing: Natural TLanguage
Processing (NLP) has been effective at identifying
concepts 1n written text but requires that the text must be
written in complete grammatically correct sentences. In
NLP, the text is tokenized and parsed for sentence
boundaries and parts of speech are identified. The noun
phrases or verb phrases are then used to look up
concepts m a domain specific controlled vocabulary or
ontology to find one or more concepts represented in the
text. A substantial amount of the text in medical progress
notes 1s found in template form. The text parts of
templates are anything but complete or grammatically
correct so there are problems with part of speech tagging,
negation and word sense disambiguation.

Medical progress notes are categorized by type
according to their purpose. Currently there are hundreds
of note types in use in the VA. Within the note there is a
coarse order in which information is recorded according
to the SOAP (Subjective, Objective, Assessment, Plan)
format. Each section of SOAP can be further divided mnto
sections based on content and structural features. The
detailed structure of the text of each note type can vary
greatly, limiting the effectiveness of approaches like rules
or regular expressions.

While some work has been done for information
extraction from semi-structured data, most of that research
focuses on extracting data from web pages or from
research articles and 1s not easily adapted to the medical
domain (Smyth and Goodman, 1992; Uthuwrusamy, 1996;
Frawley et al., 1992).

Methods of information extraction as applied to
medical progress notes could be improved if we had better
methods of identifying the semi-structured data in the
notes. New machine-assisted methods need to be
developed to identify the semi-structured information in
medical progress notes. If these automated methods were
developed and found to be effective, then advances in
diagnosis and treatment based on text analysis could
come significantly sooner and at less cost.

MATERIALS AND METHODS

researchers text mining evaluation methods: There are
various bases for comparison of summarization system
performance, e.g., summary to source, system to hum
an-produced summary and system to system. In general,
methods for evaluating text summarization approaches
can be broadly classified into two categories; extrinsic
evaluation (function evaluation) and intrinsic evaluation
(performance evaluation). In extrmsic evaluation, the
quality of a summary 1s judged based on how 1t affects the
completion of some other task, e.g., determining the
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relevance of documents to topics and humans
answering questions based on reading the summaries
(Maybury, 1999). In mtrinsic evaluation, humans judge
the quality of the summarization directly based on
analysis of the summary, e.g., the fluency of the summary,
the coverage of “key” facts or similarity to an “ideal”
summary. An ideal summary 1s hard to establish.

The human summary can be supplied by the
researcher of the study by a judge asked to construct an
abstract or by a judge asked to extract sentences. There
can be a large nmumber of generic and use focused
summaries that can summarize a given document. The lack
of uniqueness of the ideal summary is a major problem for
the intrinsic evaluation. Research has shown that when a
Judge 1s required to extract sentences from a full-source
text to construct an ideal summary which sentences are
selected depends in part on what mstructions are
given to the judge (Marcu, 1999). Another study mdicated
that different abstractors may produce very different
summaries and that an abstractor given the same
document after 8 weeks may produce a substantially
different summary (Rath et al., 1961). Ancther problem
with trying to create an ideal summary is that there is
evidence of low agreement among humans as to
which sentences are good summary sentences.
Salton et al (1997) indicated in their research that
subjects showed <50% overlap in their extracts when
asked to extract at least five paragraphs from each
of 50 articles from an encyclopedia. In addition, different
compression rates make a considerable difference n what
gets extracted.

Morris et al. (1992) experimented on an extrinsic
evaluation task of question answering. The author
picked four Graduate Management Admission Test
(GMAT) reading comprehension exercises. The researcher
measured how m any of the answers the subjects got
correct under different conditions including a full-text
condition (where the subjects were shown the original
text) an extract condition (where the subjects were
shown automatically generated generic extracts from
the passages) and abstract condition (where the
subjects were shown a generic hum an abstract of 25%
compression created by a professional abstractor) and a
control of no text (where the subjects picked the answer
without reading any text). Their results showed that
the performances of the extracts and abstracts were
comparable to the fulltext. This suggests that summaries
can be effective in certain tasks as substitutes for
full text.

There are a number of the fundamental problems

that exist m desigmng evaluations of text

summarization/abstracting. Previous evaluations have

provided some msights on how to conduct an evaluation
(Matsuo and Ishizuka, 2004):

¢ In extrinsic evaluations, the task should adequately
model real-world situations and information needs

+ In mtrinsic evaluations, clear instructions should be
given to ensure a certain level of consistency

s A control experiment is useful to provide statistically
sound results

»  Adequate metrics of summarization accuracy or
efficiency should be developed to measure the
performance

Challenges in medical data discovery: The application of
Data Mining Discovery and machine learning techniques
to medical and health data is challenging and intriguing
(Ronald et al., 1997, Belkin and Niyogi, 2004). The data
sets usually are very large, complex, heterogeneous and
hierarchical and vary m quality in spite of which there
exists a huge knowledge base that demands a forceful
between Data Miners and healthcare
professionals if any useful and previously unlknown
information (Adriaans and Zantinge, 1996, Ronald and
Anand 1996; Kuperman et al., 2007; Matheus et al., 1993)
is to be discovered and extracted. Medical data mining
typically analyzes data that 1s generated by some
experimentation or collected as part of a clinical
routine or simply in the course of study of medicine. A
common goal of the data mining is the detection of some
kind of correlation, e.g., between genetic features and
phenotypes or between medical treatment and reaction
of patients. The analysis presents the experiences and

alliance

1ssues encountered by my research and others in
applying the data mining techniques to medical and
climical data. In the process it brings forth a number of
generally experienced issues, the thing to keep in mind
and overall factors to consider during the mining process.
Electronic health records facilitate capturing transaction
data and reporting that support the health industty. The
uniqueness of medical data when captured during
laboratory and clinical process includes issues of data
availability and composite representation models make the
data mimng task challenging. Data preprocessing and
transformation are required even before mining and
discovery can be applied. Sometimes the characteristics
of the data may not be optimal for mining or analytic
processing. The challenge here 1s to convert the data mto
appropriate form before any leaning or mining can begin.
Before, we begin any automatic learning model to extract
useful data the data must be presented i the form
acceptable to the learning method. Some of the issues are
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highlighted above for example some algorithms did not
allow more than 30 distinct values for a dependent or to
be explored variable. One of the techmques that have
been widely accepted 15 to “flatten” the table. In the
flattened model each row represents a case for training
and or testing and each column represents the values for
a variable across the various cases. Despite its sunple and
commonly used m the analysis of data, it 1s not the typical
format used while capturing the data.

Poor data quality, inconsistent
representation: There are a nmumber of issues that must be
addressed before any data mining can occur. The
available datasets range from convenient, accurate,
indexed and well managed to those that are incomplete,
mnconsistent, potentially inaccurate and extremely large.
Unlike other domains like financial, demographic and
geographic areas medical data is diverse, complex and to

encoding and

a non healthcare professional hard to mterpret. Therefore
it demands a forceful collaboration between the domain
specialist and the data miner. Inconsistencies due to data
entry errors are a common problem. Tnconsistencies due
to data representation can exist if more than one model for
expressing a specific meaning exits (e.g., For a positive
Thrombosis, one application may enter Yes/No and other
may enter (+/-) and some others may be free text)
additionally the data type does not always reflect the true
data type. For example a column with numerical data type
can represent a nominal or ordinal variable encoded with
mumbers instead of a continuous variable. This plays an
unportant role during statistical analysis (mean and
variance). Regional and geographical locations can play
also part in capturing consistent data. For example a date
format in the US 1s generally denoted as mm/dd/yy whle
in some other countries it may be denoted as dd. mm.yyyy.
These differences may be subtle but pose additional
preparation and transformation.

Storage structure: The database structure of raw
medical/clinical data is usually structured m a way to
facilitate online transaction systems which in turmn needs
optimization for patient based transactions with indexes
and structures that cater to single patient transaction. The
database structures work effectively with transactions
involving the data of individual patients but are not
effective with trans-population queries. For data mining
and statistical analysis data must be populated that can
ultimately be rendered as a flattened table.

Poor mathematical characterization of data: Business,
financial, scientific data can be easily modeled,
transformed and applied formulas in contrast to medical

data whose underlying structure is poorly classified in
mathematical terms. Medical data consists of images and
free hand data with few constramts on vocabulary or
image. In comparison business and financial data have
formal structures into which we can classify and organize
data that may be modeled by linear regression, neural
networks and naive bayes versus medical attributes such
as bloating, inflammation and swelling. However, with
advances 1n technology and faster computers along with
advanced tools of data mimng some of the 1ssues may no
longer be relevant.

Poor integration: The fragmented and distributed nature
of health data between hospitals, insurance companies
and government departments poses substantial challenge
for data integration and therefore data mining m terms of
the confidence that can be placed in the result and the
semantics of a derived rule. For example data may not
include the patient’s diagnosis for each episode and
where the data 1s used for research purposes the
diagnosis sometimes has to be inferred from pathology
tests carried out or from prescribed medications. This
pushes current data mining for medical/clinical data to
their limits and it is this aspect that promises to provide a
practical insight into some of the possible future
directions for knowledge discovery systems more
generally. Use of a common data dictionary and agreeing
upon commeoen standards 1s being seen as an important
technique in standardizing and integrating data from
heterogeneous systems. The emergence of XMI. as a data
standard is gaining wider acceptance and hence making
integration fairly easy. But for all medicate data to be
conwverted to XML form has a long way to go.

Number of variables: For certamn algorithms where the
computational complexity is not linear, the time required
may become infeasible as the number of variables grow.
However if the number of varables for each patient
can be >1000 which makes many algorithms mpractical,
some may go mnto an endless discovery and the time taken
can increase exponentially.

Missing data: Clinical data elements often are not
collected for all data required for analysis or discovery.
Seme data elements are not collected due to omission, not
relevant, excess risk or mapplicability i a specific clinical
context. For some model learning methods like logistic
regression a complete set of data elements may be
required. Even when methods that accept missing values
are used, the fact that the data was not collected may
have mdependent information value and should not be
1gnored. Methods of data transformation and of modeling
the missing data are necessary to cope with this
issue.
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Imaging and complexity of medical data: With
advances in medicine and imaging technology the
complexity of data has mncreased fourfold (Ronald and
Anand, 1996, Dhar and Tuzhilin, 1993). Increasingly
clinical procedures are employing imaging as a tool of
choice for diaghosis. There needs to exist efficient mining
1in databases of images which are much more difficult than
mining purely numerical data. As an example cardiac ECG
and EEG signals can generate several gigabytes of data
daily. Some procedures may produce two dimensional
or three dimensional images. They almost frequently
accompany other clinical information such as physician’s
comments or lab analysis. This requires low cost, highly
efficient storage devices and new highly efficient tools to
analyze the data. It 1s very difficult for humans to process
gigabytes of mformation in contrast to deciphering
images due to the fact that humans can identify, relate and
recognize patterns and trends. The information stored
become less relevant if it cannot be comprehended easily.
Imaging and visualization tools will be indispensable as
imaging, X-ray, cat scans, etc., become more prevalent
and necessary diagnostic techniques and the challenges
to mterpret and comprehend them mn data mining will grow
exponentially.

Ethical, legal and privacy issues: Clinical and medical
data 1s primarily focused on humans and thereby becomes
a prmary target for abuse and misuse. Effective legal
and ethical frameworks are in place to prevent their
misuse. Tnadvertently the ability to compromise privacy
(Han and Chang, 2002) followed by litigation 1s a major
concern among the medical community. Adding to the
complexity is the question of data ownership (Ronald and
Anand, 1996). Several terabytes of data 15 collected across
the world across heterogeneous databases in varying
format without a common standard. The question that has
perplexed the medical community is determining the
owner of the datathe patient, physicians or insurance
comparues”?

Very recently an article was published by the Boston
Globe, 2007 titled “Know your Customer™. Tt talked about
lawmakers around the country are taking a hard look at
data mimng companies that keep detailed records what
prescription drugs are prescribed by nearly every doctor
in the USA reputed medical data mining whose databases
are updated weekly stripped of patients name and sold to
drug companies. Recent leaks of personal data at the
Health and Human Services (HHS) division of federal
government once again brought to the forefront the
burning questions of privacy and legal liabilities. On the
other hand are ethical 1ssues with stem cell research some
in favor of betterment of human kind and others to leave

it unmined. Yet, although, medicine is based upon
science, there are certain tests that may not be performed
and certain conclusions may not be drawn, because
medicine is more than a pleasure or convenience rather
deals with life and deaf.

Health professionals interpretation: The doctors
interpretation of tests conducted, 1maging and other
clinical data is generally written in free text that is very
difficult to comprehend and difficult to standardize
which poses a great challenge for miners. Many a time
professionals from same field cannot agree upon
interpreting a patient’s condition but also use different
names to describe same disease. Very recently at a
medical data mining project at the Duke University
which was moving the computer based patient records
nto a data warehouse the highest error rate with unusable
records was use of free text. Furthermore the data
entered was free text in place of code from the data

dictionary.
RESULTS AND DISCUSSION

Interpretation of mining result set: One of the biggest
challenges for data miners mining medical data is
interpreting the results from discovery vs noise. Without
the help of health professional it becomes difficult to
interpret the discovery. Unlike other fields medical data is
diverse, complex and to a non healthcare professional
hard to interpret. Therefore, it demands a powerful
partnership between the domain specialist and the data
miner. On the other hand is the difficulty in developing a
sufficiently detailed understanding of both medicine and
data mining to build a system using current conventions
which meet the requirement or simply a facilitate a
mapping in the simplest form.

Clinical data: There are several data types such textual
documents, semantic metadata and management data. All
these three different approaches can be integrated in a
single system which build for predication diseases
platform.

Structured data: Structured data is data follows a
predefined schema and relational database system such
as patient medical record number MRN, patient names,
identification numbers, dates and diagnosis codes. The
advantage of structured data is the existing tools and web
frameworks. Tt is easier to collect and exchange
between systems because it is standardized, pre-defined,
computer-readable and typically quickly accessible from
a database. Structured data can prepopulate fields in
electronic templates and be selected from pull-down
menus, numeric data, Yes/No and static data.
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Semi-structured data: Semi-structured data is the entities
belonging to the same class may have different clinical
attributes even though they are grouped together. The
advantage of semi-structured data 1s the type of data may
be defined for a part of the data and it is also possible that
a data instance has more than one type. Tt is a form of
structured clinical data that does not conform to the
formal structure of data models associated with relational
databases or other forms of data tables but nonetheless
containg tags or other markers to separate semantic
elements and enforce hierarchies of records and fields
within the data. Semi-structured data such as information
include Meta data or schema such as XML or HTML.

Unstructured data: Unstructured medical data 1s the fact
that no identifiable structure within this kind of data 1s
available which that typically requires a human touch to
read, capture and interpret properly. The advantage of
unstructured data 1s text documents 1s full text search that
15 completely decoupled from the data. It mcludes
machine-written and sometime handwritten information on
unstructured paper forms, email messages attachments,
and typed transcription. In our proposal the Doctor Notes
and Doctor patient documentation are sorting as
unstructured medical data.

Clinical Decision Support System (CDSS): In making of
climcal decisions, healthcare providers rely heavily on
CDSS to analyze data. CDSS is commonly used to support
business management; it can also be relied on as an
adaptation of decision support system (Burkle et al,
2001). In mnproving final results; physicians, nurses and
other medical professionals rely on CDSS to prepare
diagnosis and also to review the same diagnosis. With
relevant clinical research, medical professions may
conduct an Information Retrieval to examine on the
patient’s medical history. Potential events such as disease
symptoms and drug interactions are predicted by such
analysis. In determming the best course of care, some
physicians choose to rely on their own professional
experience avoiding over-consultation on their CDSS
(Chen and Tiu, 2004).

Climical support system 1s faced by some pros and
cons in its implementation. Integrating the CDSS to a
healthcare organization clinical flow is the biggest
challenge that CDSS faces. This 18 mainly due to the
already existing complexity in the clinical workflow.
Lack of interoperability in reporting and electromc health
record software, brought about by standalone product
operations, makes it difficult to incorporate the resulting
data, mainly due to sheer mumber mn the clinical
research and medical trials being published on ongoing

basis. There is a significant strain on application and
infrastructure maintenance when it comes to incorporation
of large amount of data mto the existing system
(Kuperman et al., 2007).

Mixing of mcompatible medications which are
adverse can be identified and avoided by both nurses
and physicians thenks to increased CDSS popularity
(Kuo and Fuh, 2011). Caretakers who also receive prompts
from other technology systems can also be overwhelmed
by alerts triggered by CDSS. Agency for Healthcare
Research and Quality (AHRQ) commissioned a study on
the effectiveness of CDSS, this agency found out that
inappropriate use of CDSS  can be more harmful that
when it is not deployed EHR systems have built a
growing mumber CDSS functions. Before working
alongside their EHR systems, providers should plan for
and eliminate any overlapping alerts prior to selling
out a standalone CDSS. An act that required all healthcare
providers to demonstrate the meamngful use of health [T
by 2015 or face a reduction in Medicare reimbursements,
beginning 2016, saw the use of clinical decision support
system increase after its passage.

This act was referred to as Health Information
Technology for Economic and Climical Health (HITECH)
(Kawamoto et al., 2005). Diagnostic test ordering rule as
well as ability to track compliance with this rule was one
of the meamngful uses that this acts required providers
to implement. Specialty or high-priority conditions also
applied with the rule. In case of wrong diagnosis, missed
or given the wrong dosage of medication, some providers
deploy CDSS to flag patients (Igbal et al., 2011) to serve
as a basis for improvement initiatives, population health
management report, receives all errors in the problem list.
Pearson et al (2009) claimed that in improving and
streamlining the quality of healthcare delivery, CDSS
have been recognized as promising tools in influencing
healthcare provider performance. Decision Support
Systems (DSS) brought to birth the CDSS. DSS combined
individuals and computers capabilities to improve quality
of decisions (Donzelli, 2006). DSS popularity and use in
the healthcare domain have been mainly contributed by
its functionality and capability. A DSS offering support
to physicians, minimizing practice variation and improving
patient care 18 defined as CDSS. Throughout their
inception in the medical arena in early 1970s
(Pearson et al., 2009) observed that CDSS have evolved
immensely to support the workflow of clinicians and
improved the effectiveness of decision outcomes. CDSS
technology still remains the most promising technology
due to its ability to:
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¢  Enhance
healthcare providers and

clinical decision-making process of

*  Supporting of evidence-based practices despite the
several challenges facing it in use and adoption in
the healthcare setting

Kawamoto et al. (2005) noted from this regard that
CDSS provide clinicians with patient-specific assessments
or recommendations to aid in clinical decision making.
outlined three examples of CDSS technologies:

Entry (CPOE)
patient-specific

+« Computerized Physician Order
systems; this provide
recommendations that are part of order entry process

*  Outpatient systems: This attaches care reminders to
the charts of patients in need of specific preventive
care services

¢ Laboratory alerting systems; this system, pages
physicians when critical laboratory values are
detected

The O’Kane pomts out that architecture component
of CDSS consist of three main areas:

+  Inference/reasoning engine; this combines patient’s
data with knowledge base data

»  User communication/interaction; this consist of
simple ways on how data is fed into the system and
extracting the results to the user

+  Knowledge base; this is made up of rules, guidelines

and probabilistic models

Based on the analysis of past works on CDSS, the
following can be synthesized:

*  The CDSS need to use engine to retrieve clinical data
from huge data

¢ The CDSS need to generate some of analysis to
support decisions in the hospital for healthcare

¢ All the researchers proposed data mining to that aims
but data mining need to generate some of knowledge
based patterns of clinical which is difficult to find it
based on our mitial searching for health care

*  The information retrieval can play a vital role to
retrieve the clinical data need to analysis based on
some criteria need to decisions makers

Hence, there 1s a need to choose mformation retrieval.
As such the next section will explain in detail the
process of information retrieval.

Clinical decision making: Quality of decision making by
healthcare providers is significantly impacted by CDSS.
To ad CDSS  provide
clinicians assessments  or

climical decision making,
with patient specific
recommendations (Kawamoto et al, 2005). Quality
decision making should not be taken as an easy
endeavor. Neill er al. (2005) mamtain that due to

the complexity that arses m the decision making

process a clinical officer should pertain the
following:
+  Knowledge

»  Reliable information mput and
*  Supportive environment

Where cues are used to assign patients to one
number of potential categories which consist of
classification task this is defined by Buckingham (2002)
as clinical decision making. Use of CDSS as a supportive
tool has facilitated achievement of quality complex
clinical decisions. Linking intuitive explanations of clinical
expertise with empirical data analysis would mdeed

enhance judgment accuracy. Buckingham (2002)
proposed a gelatean model, tlus model would
indeed improve the we of CDSS to support

quality decision making in clinical practice. This
relationship between clinicians and computers was
identified as symbiotic.

In explaming this symbiotic relationship, Buckingham
(2002) stated that, computer’s side of symbiosis comes
with its powers in data storage and analysis while the
clinicians are responsible for using their psychological
validity. To ensure that all mformation emanating from the
CDSS 1s mterpreted well by the attending clinicians,
efforts
enhanced judgment exists. Combining experimental
knowledge with the use of CDSS so that symbiotic
relationship can be established is a great way to

must be made to ensure that a form of

enhancing clinical judgment.

Clinical practice guideline: Systematically developed
systems that help both the medical practoneers and the
patient on the appropriate health care for specific
(Kotze and Brdaroska,
2004) defines as clinical practice g uidelines. Kotze and
Brdaroska (2004) pomt out that unless climcal practice
guidelines are effectively implemented and integrated

clinical circumnstance 1s what

mto  the climcal setting they will have little
influence upon clinician practice and patient
outcome.
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Researchers

Data set

Evaluation

Arts

Problem

Deliverable

Kiran Reddy

Boris and Milan

Shree et af. (2014)

Niaksu (2015)

various sources including

Proposed hospital
data

Questioners

36 AV and 35
LVOT echocardiography
images

He do not use evaluations

Proposed popular
evahiations

Inter-RAT

Similarity measure

diagnosis suppoit
software systems

available in the market

Manual tasks

Humans processed

CRISP-MED-DM

varieties of clinical

They could not make
big impact on healthcare
or clinicians

The elimination of
manual tasks and

easier extraction of data
directly from electronic
records

Large amount of data
cannot be processed by
hurmnans in a short time to
make diagnosis

The application of data
mining in healthcare and
medicine. When applying
data mining in medicine,
additional problems such

Developed clinical
diagnosis software
systems

Electronic system of
medical records to
generated some tasks

Analyse howthe data
mining can be used
in health sector and
discusses
Developing the
suppoiting diagnosing
models and medical
data processing
methods

as varied information
representation formats,
semantic interoperability and
patient privacy have to be
resolved

Use of CDSS should be looked as one way of
effectively integrating clinical practice guidelines into
medical practice. Kwok et af. (2009), maintain that use of
CDSS has facilitated climician’s adherence to clinical
practice guidelines, thereby improving patient outcomes.
Incorporation of clinical practice guidelines into
computer-based decision support systems has been

enabled by:

+  Computers ability to store, search and sought large
amounts of data rapidly

» EBver expanding knowledge, access and use of
computers

By making it easy for programmers to develop
rule-based or core-based reasonmng in relation to the
advices emanating from the CDSS as well as its demand
for clinical practice guidelines, CDSS has become an easy
mcorporative tool. The framework in which encoded
programming rtules are encoded and used in the
development of CDSS is provided by the encoded
rules in the clinical practice guidelines. There is strict
adherence to asthma clinical guidelines, improved clinical
documentation and discharge in management plans for
asthma management as noted by Kwok et al. (2009)
this is all due use of integrated and dynamic Electronic
Decision Support System (EDSS).

Previous works on CDSS and health care: Kiran Reddy
has studies varieties of clinical diagnosis support
software systems available in the market and lus findings
revealed that the software can impact on the healthcare.

Based on that finding he suggests some guidelines to
developed clinical diagnosis. Milovic and Milan (2012)
used the data mining as classifiers to electromce system of
medical records to perform some tasks. Their finding
revealed that their system can deliver high performance
comparing with manual tasks. Shree et al. (2014) analyzed
how the data mining can be used m health sector and
discusses the importance of resident assessment
instrument so that they evaluate their suggestion as
questioners and they proof how much data mining can
support healthcare. Naiksu (201 5) developed the support
diagnosing models and medical data processing methods,
his methods proposed as image classifier get high
performance which leads to support healthcare as CDSS.
Table 2 introduce a brief detail of clinical decision
support system. Based on the analysis of past
works on CDSS and healthcare, the following can be
synthesized:

»  Most of them focus on how to propose the
technologies for support healthcare

+  Some of them suggest data mining as classifiers to
support health care

»  All the researchers proposed data mining to that aims
but information retrieval need to generate some of
knowledge of clinical which is difficult to find it
based on use data mimng which are not use the
ranking in their function as well as mformation
retrieval method

¢ The Information Retrieval can play a vital role to
retrieve the climical data need to analysis based on
some criteria need to decisions makers
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CONCLUSION

This study started by providing an outline of some of
the research already done while pointing out limitations
where necessary for STM and signal detection. It
presented an outline of what is implied by signal detection
by regulatory and mntelligence agencies with special
emphasis on health care industry. More detail on medical
device signal detection which forms the case study
addressed by the research. Some of the key differences
between drugs in the form of chemicals and
pharmaceuticals with respect to devices have been
highlighted. This should help in understanding and
appreciating the need for specific approaches for signal
detection mn each domain and its sub-domains. Also,
having introduced the two key concepts of tlis thesis,
namely signal detection and STM, the next section
provides an overview of the research questions
addressed and contributions made. In addition, having
outlined some of the relevant work in the area of STM and
signal detection. The extracting structured data from
unstructured data need to apply several techniques and
procedure such as NLP. Doctor notes and documents 1s
unstructured data contains information such as proposed
diseased, patient risk, treatments, addendum text, etc.
Finally, utilize structure data and unstructured data to
enhance the proposed predication framework to find the
predicate disease and patient risk.
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