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ABSTRACT 

Very fast growth in medical data needs huge electronic medical record forms that has patient’s health history. 

Governments take necessary steps to gather the patient’s health history to carry out research and be prepared for any 

disease outbreaks at large to the citizens.  Research has shown that the disease outbreaks are due to the lifestyle, the 

living conditions and the treatment undergone during the past. Medical literature states that many drugs whose 

complete safety profile is unknown have been approved. Some drugs have shown serious adverse events, and 

subsequently withdrawn. There may be some drugs which still show adverse effects on the patients. This paper 

analyses the various data mining techniques to find adverse events.  
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1. INTRODUCTION 

In the present medical scenario medical records are being digitized and maintained as Electronic Medical 

Records (EMR) (Olsson, 2010; Forster, 2011; Kumar, 2013). The abundance of these records can be used for research 

on finding useful patterns relating to adverse effects, drug efficiency and related information.  These reports can also 

give a view of the treatment process like any surgeries undergone and report any adverse events after the process. 

Drug use leading to better outcome is undoubtly accepted by all but there are some side effects also in the present 

days. These side effects are sometimes equally dangerous and may be fatal. These effects are being identified by the 

present system and a study on the medication process is being carried out. 

In India the main drawback is the lack of data. Only in the present scenario are the hospitals digitizing the 

data. There is a severe resistance to adopt the new technology. The medical data is very specific (Yeleswarapu, 2014; 

Sarker, 2015; Benton, 2011). To mine medical data all information should be converted into numeric values. The 

specificity of the medical data lies in the fact that the attributes’ (symptoms’) values usually come from certain ranges 

(Harpaz, 2014; Abbasi, 2014; Nikfarjam, 2011; Tuarob, 2014; Marie Dupuch, 2015). The paper is organized as 

follows: Section 2 discusses the background work; section 3 discusses on data mining process for Pharmacovigilance; 

section 4 discusses the algorithms for medical applications; section 5 discusses the proposed work and section 6 the 

conclusions. 

Literature review: The aim of pharmacovigilance is early detection of adverse drug events so that proper treatment 

is given as early as possible. Many Spontaneous Reporting System (SRS) database are available to identify these 

adverse events. The structure of FDA_AERS database structure is shown in figure 1. ADRs are caused by unexpected 

interaction of drugs with patients downstream pathway perturbations (Liebler, 2005). Most common belief is its 

interaction with resulting in ADR (Marie Dupuch, 2015; Liebler, 2005; Blagg, 2006). Fliri (2005), demonstrated that 

drugs having analogous in vitro protein binding had related side-effects which was confirmed by Campillos (2008). 

Scheiber (2009), also proved this by linking pathways by toxic compounds vs. those affected by nontoxic 

compounds. Fukuzaki (2009), proposed a method to predict ADRs using sub-pathways that share correlated 

modifications of gene-expression profiles in the presence of the drug of interest. Table 1 shows the frequently used 

semantic distance measure. 

 
Figure.1.FDA_AERS structure 
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Most frequently used semantic similarity and distance algorithms. SP stands for shortest path, NCP stands 

for the nearest common parent, IC stands for information content. The + means that the technique mentioned in a 

given column is used in a given reference from the first column.  

Table.1. Frequently used semantic distance measures 

Measures Resource SP NCP Depth Density IC 

Rada (1989) MeSH + - - - - 

Sussna (1993) WordNet + - + + - 

Zhong (2002) Conceptual graphs + + + - - 

Wu and Palmer (1994) WordNet + + + - - 

Jarmasz &Szpakowicz(2003) Roget’s Thesaurus + - - - - 

Resnik (1999) WordNet - + + - + 

Leacock and Chodorow (1998) WordNet + - - - - 

Jiang & Conrath (1997) WordNet + + + + + 

Lin (1998) WordNet - + + - + 

Hirst and st. Onge (1998) WordNet + - - - - 

Steichen (2006) Medical Ontology - + + + + 

Cho (2003) WordNet + + + + + 

Yang (2005) WordNet - - + - - 

SP:Shortest Path; NCP: nearest common parent; IC: information content 

Data mining process for Pharmacovigilance: The data mining process for Pharmacovigilance using FDA Adverse 

Event Reporting System is shown in figure 2. FAERS database contains facts on adverse events reported from 

throughout the world. The mapping of data of this FDA_AERS is done using standard WHO drug dictionary. After 

mapping missing data are handled and duplicates are removed from which signal interpretation take place. 

 
Figure.2. Data mining process 

Data mining algorithms for medical applications: The main process involved in data mining is the usage of 

efficient algorithm. Two important standard algorithms ID3 and C4.5 are presented as follows. 
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A single tree C4.5 generates classification rules from many decision trees. Many medical applications use 

C4.5 as missing values are handled by this algorithm 

 
3. RESULTS OF DATA MINING ON FDA_AERS 

Experimental results (Raschi, 2013) on FDA_AERS has shown that lot of duplicates and missing values are 

reported which has made it difficult to continue with analysis. Here analysis is done using drug-event pair based on 

drug event pair. Disproportionality is calculated in (Raschi, 2013) using cumulative strategy where noting of exact 

time point and complete assessment of adverse reports are evaluated cumulatively.  

 
Figure.3. Time trends of ROR with 95%CI of Pancreatitis associated with exenatide use 

4. CONCLUSION  
With adverse effects on huge population available in FDA_AERS, researchers are looking into new ways to 

signal detection in pharmacovigilance. Proper analysis of FDA_AERS can help in saving patients precious life using 

stable drug safety assistance. Recently, plenty of work has been done to increase the limits of pharmacovigilance. 

Data mining algorithms helps in improving the accuracy of analysis but overall, results obtained from these 

algorithms should be measured with care and directed by proper clinical assessment. The review work done in this 

paper will help us to work on missed data and duplicate data removal after which analysis is planned to be done for 

different adverse effects. 
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