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Abstract: Preprocessing is the presentation of raw data before
apply the actual statistical method. Data preprocessing is one of
the most vital steps in data mining process and it deals with the
preparation and transformation of the initial dataset. It is
prominent because the investigating data which is not properly
preprocessed could lead to the result which is not accurate and
meaningless. Almost every research have missing data and
introduce an element into data analysis using some method. To
consider the missing values that need to provide an efficient and
valid analysis. Missing imputation is one of the process in data
cleaning. Here, four different types of imputation methods are
compared: Mean, Singular Value Decomposition (SVD),
K-Nearest Neighbors (KNN), Bayesian Principal Component
Analysis (BPCA). Comparison was performed in the real VASA
dataset and based on performance evaluation criteria such as
Mean Square Error (MSE) and Root Mean Square Error
(RMSE). BPCA is the best imputation method of interest which
deserve further consideration in practice.
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. INTRODUCTION

In healthcare industry consists the huge amount of data,
which is unfortunately not knowledgeable to discover the
hidden information for effective decision making. Data
cleaning, Data selection and transformation, Interpretation /
Evaluation are the steps in Data Preprocessing. In real-world
datasets may contain missing values for different reasons.
Missing data is a vast issue that can affect the ability to
produce proper result. Few data mining techniques can cope
with such situations. Dataset may have NaNs or blanks. If
missing data ignoring techniques is used to delete the cases
that contain missing values. And also this may not lead to the
most efficient utilization of the data. There are so many ways
to handle this problem is to get rid of the observations that
have missing values. Normally, four qualitatively various
types of missing data, they are Structurally Missing, Missing
Completely at Random (MCAR), Missing at Random,
Missing Not at Random.
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I1. VASA DATASET DESCRIPTION

Preparation of questionnaire is the initial step of the
process. The various factors in the questionnaire are : age,
gender, marital status, Highest Qualification, Working
Environment, Nature of works, Working Sector, Occupation,
Working hours, Overtime hours, Job Satisfaction, Working
Experience, Sufficient Income, Work pressure and various
disease such as Diabetes, Blood Pressure, Headache, Mental
IIness(depression), Heart Disease, Gastritis(Ulcer), Stroke
and so on. The questionnaries are distributed to employeesin
different sectors and the data are collected. Each employee
from separate concerns like schools, banks, private
companies were asked to fill up the questionnaire and based
on that data warehouse is organized.

Table 1. Attribute Description

Attribute Values
Age 1.20-30,2.31-40,3.41-50,4.Above 50
Sex 1. Male, 2. Female
Marital status 1.Married,2.Single

) 1.Below SSLC, 2.Graduate, 3.Post
Highest

o Graduate, 4.Technical Qualification
Qualification
5.0thers

Working 1. City, 2. Village
Environment

Nature of works 1.Physical,2.Mental,3.Both

Working Sector 1.Govt.2.Private,3.Business

1.Teacher/Professor, 2.Doctor,
Occupation 3.Engineer, 4.Bank  Employees,

5.Business, 6.Labours, 7.others

Working hours 1.6hrs, 2.8hrs, 3.>8hrs

Overtime hours 1.2hrs, 2.5hrs, 3.>5hrs

1950

Job Satisfaction 1.Yes 2. No
Working 1.2-5 years,2.6-10 years,3.>10 years
Experience
Sufficient Income | 1. Yes, 2. No
Workpressure 1.Yes 2. No
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Addiction 1. Smoking, 2. Alcohal, 3,Tobacco
Food 1. Veg., 2.NV, 3. Both
Sleeping hours 1.<6hrs, 2.6-8hrs, 3.>8hrs

Physical Activities

1.Yes 2.

No

Type of roles 1. Mgjor, 2. Minor

| eisure Time 1.Reading books, 2.Listening Music,
3.Watching TV, 4.Playing chess

Diabetes 1.Yes 2. No

Blood Pressure 1.Yes 2. No

Headache 1.Yes 2. No

Mental 1.Yes 2. No

[1Iness(depression)

Heart Disease 1.Yes, 2. No

Gastritis(Ulcer) 1.Yes, 2. No

Stroke 1.Yes 2. No

Exerciseregularly | 1. Yes, 2. No

Any  continuous | 1. Yes, 2. No

medication

how long suffer

1.6 months,2.1 year,3.>1year

Table 2. Sample VASA Dataset with missing values
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1. IMPUTATION USING MEAN VALUES

First calculating mean/median of the non-missing valuesin a
column and then replacing the missing values with each
column separately and independently from the others. This
method is easy and fast but working well in numeric datasets
only. It works on the column level only and not very accurate.

Body Weight 1.<40kg, 2.41-60kg, 3.>60kg
depressed 2 NaN 1 1 Mean 20 1.2 10 10
Working 1.satisfactory, 2.dissatisfactory, 4 1 NaN 2 ’ 40 10 37 20
conditions 3.Can't say 2 1 5 1 20 10 50 10
better on the job if | 1. Yes, 2. No 3 1 72 30 1.0 7.0 20
conditions
IV. IMPUTATION USING SINGULAR VALUE
changed DECOMPOSITION
job affect your | 1. Yes, 2. No Singular value decomposition (SVD) is a simple way for
. missing values imputation. In this method, computation is so
family L . :
easy and steps of a description for x;; one missing value in X
Control over life 1.Yes, 2. No followed: _ 3
Any argument 1 Yes, 2. No ?tep_ 1 :_U and V are orthonormal matrices (i.e,
— U'o = UU'=1). Thei th case (row) isignored from X and
Activity for stress | 1. Yes, 2. No calculation the SVD of the remaining (n-1). Data matrix p,
relief in specified by X' = UDV'with U = {u;} , V={7;} and
organization D= dmﬂ{“’r.“' "'dr{]- o
i Step 2. The | th variable (column) is ignored from X and
Are underpaid 1.Yes 2.No calculation the SVD of the remaining n. Data matrix (p-1),
Are undervalued 1. Yes, 2. No speC|f|ed by X—_i' =gov with I = {ﬁs[‘}' V= {ﬁst} and
— - ﬁ=d:’ng{ﬂl.....dﬂ_L}.
Appreciation  for | 1. Yes, 2. No Step 3: For (i,j) th missing case imputation with
good work - T —
X5 = ) (i ) ()
=1
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V. IMPUTATION USING KNN

The k-nearest neighbours agorithm is one of the simplest
algorithm for classification. The main advantage of this
approach is to predict both qualitative and quantitative
attributes. Qualitative and quantitative attribute means for
finding most frequent value and calculate mean among the
k-nearest neighbours respectively. And also no need to create
predictive model for each attribute of missing data. This
approach can be easily adapted to work with any attribute.
K-nearest neighbour algorithm classifies adata point based on
how its neighbours are classified. Here, all available cases are
stored and also classified new cases as per similarity measure.
This algorithm is based on feature similarity: choosing the
right value of k is a process called parameter tuning and
important for better accuracy.

1 2 2 1 1 2 2 1
2 NeN 1 1 Knnimpute() 2 1 11
4 1 NaN 2 : 4 1 4 2
2 1 5 1 2 1 51
3 1 7 2 3 1 7 2

VI. IMPUTATION USING BAYESIAN PRINCIPAL
COMPONENT ANALYSIS (BPCA)

Thisisan missing val ues estimation method which isbased on
Bayesian principa component analysis. This is the
probabilistic model methodology and calculated the latent
variables ssimultaneously within the framework of Bayesian
inference. In terms of satistical methodology, the
implementation that makes it possible to estimate arbitrary
missing variablesis new method.

This is a global based imputation method based on Eigen
values. Here, some continuous hyper parameters are
introduced to determine the latent space. BPCA required
parameter optimization. A different Bayes algorithm is used
to iteratively estimate the posterior distribution of the model
parameters. And the missing values until convergence is
reached.

VIlI. EVALUATION CRITERIA

Based on measures of performance, compared the above
imputation methods. Generally Mean Square Error and Root
Mean Square Error are used to evaluate the errors. MSE
measures the average sgquared difference between imputed
value and original values. RM SE represents the square root of
mean square error.

T
I=L yobs _ .I'i"l'.;‘.'li.!l.‘Pd
MSE = (x X )
n
e :
|E,"=L{X!;.a,g _ }:.!'mpured}
RMSE =-.J ' L

n
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where X is the true value of predictors assigned as missing
and X ™ s jtsimputed value; n represents the number of
values in one subsample.

Table.3.Comparison of Evaluation Criteria

1952

Methods | Mean SvD KNN BPCA
M SE 3.8032 45976 4.7502 0.0244
RMSE 1.9502 2.1442 2.1795 0.1562
5
a
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o 3
>
S 2
e
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O —
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Fig.1.Comparison of Missing value imputation
algorithms

VIIl. CONCLUSION AND FUTURE WORK

Missing value is one of the challenge in the fields of data
analysis. In this paper, discussed various missing data
imputation techniques and also evaluated the performance
using MSE & RMSE. While comparing the algorithms using
the evaluation methods based on the real dataset, BPCA
produced lower error rate than other methods. And also
discovered that the BPCA algorithm outperforms the other
methods, which is easy and common approach for missing
data imputation. The graph is showed the comparative
analysisclearly. In future, reduction technique will be applied
for reducing the number of attributesin thereal time datasets.
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