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ABSTRACT 
In today’s world, the Internet has taken over the market. All the processes in an organization are automated 

and put up for quick and easy access on the Internet. This technology not only relates to Computer oriented 

technology but covers a vast scope of areas in the society, particularly in the medical field. When we look deeply 

into the medical domain, we find tons of existing data like patient’s records and so on which are stored in a very 

unstructured way on computers. A challenge posed here is to have a proper data set which not only provides an 

organized format but also a quick means of retrieval. When this is done, users can have access to a well assembled 

format of medical data. However, one challenge that is encountered here is the ambiguity of terms between a Medical 

professional and a common man. There exists ambivalence between the vocabulary of a Healthcare Provider and a 

Patient. The aim of this project would be to overcome this challenge and provide an efficient means of retrieval of 

results to the Patients who will give the explanation of their medical issues through ordinary terms. 
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1. INTRODUCTION 

For the past few decades there have been numerous attempts at trying to fill the gap between medical experts 

and people trying to seek help through them. Since the beginning of the internet age, people prefer to search online 

for their related symptoms, remedies and appropriate treatment. There exist websites dedicated to serve this purpose 

for them. They not only benefit from the patients but also provide a platform for doctors to increase their reputation 

among themselves, as the doctors providing better solutions will be considered better and more approachable. 

Currently, the scenario involves mining techniques which are done both locally and globally in order to provide an 

improved result. Queries by users are taken into the system, analysed for their respective key terms and then matched 

along with glossary of terms which are related to medical conditions. Also, the Parts Of Speech Tagger has been 

used which involves various parts of the query being analysed for nouns and respective key terms. In case the 

keywords do not match, there will be a search in the global dictionary of terms for related results. 

The content which is provided by the society contains a lot of ambiguity in them and becomes difficult to 

use. One of the main reasons being that people with diverse backgrounds share different vocabulary. Questions given 

by users are written in their own terms. Two different people will have their own ways of interpreting their situations. 

Also, the answers given by the experts will have different interpretations in their own context. However, there has 

been an effort to provide a mapping scheme from the concepts to the common terms. The terms used often vary a lot 

and may not be the exact terminology. Let us take for instance, “diabetes” and “blood sugar” are used to refer to the 

same medical condition in two different ways. This creates a great deal of inconsistency among the users and the 

terms. Moreover, there also exists situation where no match may be found whatsoever between these encoded terms 

and the common medical terms. Thus, a sincere effort to reduce this ambivalence and also provide patients a proper 

access to medical data is desired. 

Background: A Large amount of study has been done in the field of healthcare regarding electronic encoding of 

medical data. It is a crucial step in today’s fast growing pace of technology as everything is accessible at our 

fingertips. 

Taboada (2009), provides interoperability between medical terminologies. First, there exists a lexical 

technique that identifies similar strings between the external terms and the UMLS. Then, lexical alignment is done 

to compute a path to the top level concepts which in turn is mapped to the UMLS and the external terminology. The 

UMLS is then mapped to an EMTREE. The EMTREE is a medical thesaurus (database) for the EMBASE (Excerpta 

Medica database) which is a biomedical and pharmacological database of published literature. Lexical mapping has 

a validation of 75.8% and only 7.9% of them are ruled out. The global precision also gives a matching of 78%.  

The ICD-9-CM (International Classification of Diseases) is a standard for encoding of medical records which 

has been implemented in Canada. Kavulurua (2015), a scheme is devised in order to automatically classify 

international diseases based on supervised learning. Here, the EMR records are encoded with a large dataset of 

medical records. However, of the major challenges that lies ahead is the correct identification and labelling of medical 

records of the patients. This is taken up by the ICD-9-CM standard which is responsible for the coding of these 

datasets. 

Also, in Tufts-Conrad (2003), we have the use of unsupervised neural network learning approaches such as 

SOM (Self Organising Maps) for noisy input data of the patient discharge summary (PDS). The PDS is usually a 

narrative summary by the patient which contains a lot of noisy data. This PDS is used to generate the PDA (Patient 

Discharge abstract) which is given by a hospital when a patient is discharged. The most Responsive Diagnosis 
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(MRDx) is identified from the PDS which describes the main reason behind the lengthy stay at the hospital by the 

patient. The SOM is used to obtain the classification of these diseases. 

In Dominik Schnitzer (2012), we have two classes of methods that try to match with the neighbours and also 

see the extent to which they can eliminate the unpleasant effects of hubs. For this problem, a scheme involving local 

and global mining is suggested. It is used especially for high dimensionality data. The amount of hubness in these 

areas is significantly decreased. This also increases the amount of classification accuracy. A wide range of real time 

applications have adopted this strategy. 

Research in Christina White (2006), has established the D2H2 system. The Distributed Diagnosis and Home 

healthcare systems provide a paradigm for a patient centric approach of medical information, point of care 

diagnostics, along with patient records and other cardinal information. One major advantage of this system is that it 

provides access even in remote areas and it isn’t constrained by time or distance. Patients can become more health 

conscious and also receive timely updates about the medication or treatment that they should take for their disease. 

In Nina Godbole (2007), the concept of Green energy is implemented where the economical use of the 

environment is used in order for a sustainable environment. This approach combines a lot of other individual concepts 

such as cloud computing, big Data analytics and so on which we used hand in hand with this technology. Also, the 

recycling of eWaste is encouraged from the refresh cycle in order to promote sustainability. 

The concept of EHRs or the Electronic Health records are used in Fei Wang (2015), to a wide extent in order 

to provide access for Big Data to have a structured as well as unstructured format of data. The tutorial covers many 

aspects of data analytics to improve the healthcare facilities. The other important entity in this system involves an 

understanding of patient risk factors and estimation based on the classification of diseases. 

2. METHODOLOGY 

Electronic Health Records: This is a growing trend in hospitals which have a computerised system. The EHRs 

provide the doctors a glance at all the information about the medical entities of the patient related to their sickness 

or body in general. These records are coded by a standard and used as and when required by the hospitals to get 

various health checks or conduct medical diagnosis. The use of EHRs has opened up a wide range of opportunities 

for doctors to understand the diagnosis of various kinds of diseases and their related symptoms. 

Patient Discharge Summary: The PDS consists of the various information of a patient that is collected from them 

during their admit in the hospital. Some of the details that is collected from the PDS include diagnosis of discharge, 

admission diagnosis, the course in hospital, medication and required follow up details. These details can be used by 

family physicians also in order for follow up later on. 

ICD-9-CM: The ICD (International Classification of Diseases) is a standard used to classify diseases, external causes 

of injury, injuries and causes of death. The code is classified into 23 chapters and the classification includes an 

alphanumeric scheme. Some of the physiological areas of diagnosis include the digestive, respiratory and circulatory 

systems. 

Ontological Search: Ontology refers to the study of different types of entities and their properties and relations. 

Entities are examined for their independent functionality and then a relationship is established between their 

properties. For the medical domain, there is a lot of anonymity between various terms due to the ambiguity in medical 

terms. Ontological search is used in order to map various terms to a common standard. 

UMLS: The Unified Medical Language System is comprehensive thesaurus and ontology of biomedical concepts. 

It contains terms related to biomedical sciences and is a mapping cheme between different vocabularies and 

terminologies. The UMLS is intended for use in medical informatics and its design provides facilities for its use by 

NLP. 

POSTagger: The Parts of Speech Tagger is a NLP process by which different entities in a speech are identified and 

extracted. Some of these include nouns, verbs articles and adjectives. In the medical scenario, when a user gives a 

query about a medical condition then POSTagger can be used to extract the nouns in these terms and relate them to 

the appropriate medical terminology. 

Normalisation: Some terms which are used by users are not exactly the correct medical terminology. For example, 

‘sugar’ is commonly used by people to refer to ‘diabetes’ which is a medical condition based on the levels of insulin 

in the body. Thus, it is optimal to normalise these terms to a standard terminology in order for medical professionals 

to understand and diagnose these diseases 

3. RESULTS 

The Experiments lead to a systematic approach of collecting and storing medical records in a structured 

format so as to provide easy coding of records with minimal ambiguity and inconsistency. 

4. CONCLUSION 

A systematic approach to store medical records for their easy retrieval facilitating research in the medical 

field. 
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