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Abstract:  Organizational  decisions are based on
data-based-analysis and predictions. Effective decisions require
accurate predictions, which in-turn depend on the quality of the
data. Real time data is prone to inconsistencies, which exhibit
negative impacts on the quality of the predictions. This mandates
the need for data imputation techniques. This work presents a
prediction-based data imputation technique, Rank Based
Multivariate Imputation (RBMI) that operates on multivariate
data. The proposed model is composed of the ranking phase and
the imputation phase. Ranking dictates, the attribute order in
which imputation is to be performed. The proposed model utilizes
tree-based approach for the actual imputation process.
Experiments were performed on Pima, a diabetes dataset. The
data was amputed in range between 5% - 30%. The obtained
results were compared with existing state-of-the-art models in
terms of MAE and MSE levels. The proposed RBMI model
exhibits a reduction of 0.03 in MAE levels and 0.001 in MSE
levels.

Keywords: Data | mputation, Machine Learning, Multivariate,
Correlation, Decision Tree.

. INTRODUCTION

The highly interconnected world has resulted in a large
amount of data being generated online. This datais generated
in real-time, representing real-time events [1]. Evolution of
storage devices and the lowered storage cost has enabled
usersto record this datain real-time for analysis. Analysis of
such real-time data resultsin identifying several complex and
interesting patterns that enable business decision making [2,
3]

Data mining is the process of performing analysis on data
to identify interesting patterns within them. Data mining
processes can be categorized as supervised or unsupervised
methods [4]. Supervised models train on labelled data and
perform predictions, while unsupervised models train on
unlabelled data and groups them based on the intrinsic
patterns contained in the data. Some common supervised
learning models include Classification and Regression [5].
Both the models train on labelled data instances to predict
classes for unlabelled instances.
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It has varied applications ranging in fields like
bioinformatics, information retrieval, pattern recognition,
image analysis, fraud detection etc.

The major requirement for such applicationsis clean data.
However, not all real-time data are complete [6]. They tend to
be laden with several missing values[7]. Thisis unavoidable,
as data for real-time applications can contain human errors
during data entry, recording errors by machines such as
failure of a certain component or a sensor etc [8].

The major issueswith data containing missing valuesisthat
data mining models cannot work with missing data. The
missing values need to be imputed prior to the training
process. Some general methods used for imputation includes,
deleting the records with missing values, replacing missing
values using statistical measures or replacing missing values
using complex imputation techniques [9].

This work presents a prediction-based data imputation
model that utilizes a ranking mechanism to improve the
efficiency of the prediction process. The proposed Rank
based Multivariate Imputation (RBMI) model contains two
major phases, the correlation-based attribute ranking
mechanism and the tree-based dataimputation technique. The
first phase analyses the imputation levels to identify the
seguence in which the imputation processis to be performed.
The second phase performs imputation using prediction
models based on the selected attribute. Experiments were
performed and results were measured based on MAE and
MSE values. Comparisons with existing models in literature
indicates highly effective imputation process.

Theremainder of this paper isstructured asfollows; section
Il presentsthe related works, section |11 presents the proposed
imputation model, section IV presents and discusses the
results and section V' concludes the work.

. LITERATURE REVIEW

Several studies are available in literature focusing on data
imputation. However, most of them dea with statistical
measures for the imputation process. This section discusses
some of the recent contributions in the domain of data
imputation.

An anaysis of the significance of the pre-processing
techniques, specifically data imputation, was proposed by
Shobha et a. [10]. This model performs an analytical
comparison of existing state-of-the-art works to provide a
base for presenting the importance of data imputation as a
pre-processing technique when performing data mining. A
work presenting the entire workflow of the imputation
sequence on incomplete datasets was presented by Brand
[11]. This thesis presents a formulation of amputation
mechanisms, a discussion of approaches to analyse
incompl ete data,
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list of proposed imputation techniques and waysto validate
the imputation efficiency levels. An ensemble-based
technique that performs data imputation and prediction was
proposed by Shobhaet al. [12].

This model performs clustering-based imputation and
utilizes an ensemble model for the final prediction. A model
considering the nature of data as the base prior to the actua
imputation process was proposed by Soares et a. [13].
Although several models were developed for performing
imputation, they do not however, consider the relationship
between data and the data properties. This results in reduced
performances when the model isapplied new and unseen data.
An analysis of this issue is performed by Soares at al. [13].
Thiswork also proposes solutions for overcoming thisissue.

A comparison and anaysis of standard imputation
techniques was proposed by Nanni et al. [14]. This model
analyses various imputation techniques under severa
imputation levels ranging between 10%-50%. The effects of
imputation on a classification model was studied by Aisha et
al. [15]. The study concluded that SVM based imputation
model outperformed the other modelsin terms of the obtained
error levels. A similar study was conducted on a medical
dataset by Rahman et al. [16]. An analysis of the imputation
models in terms of classification accuracy was performed by
Gracia-Laencinaet a. [17]. This study utilized both synthetic
and real datasets for analysis, hence providing reliability of
the study. A dataimputation model for genetic sequences was
presented by Chen et al. [18]. The proposed Gimpute model
creates pipelines to effectively perform imputation on
genomes.

A multivariate imputation model based on Gibbs sampler
was proposed by Buuren et al. [19]. This model enhancesthe
simple Gibbs based imputation model to provide enhanced
results. A Generative Adversarial Network based data
imputation model for handling missing data was presented by
Yoon et a. [20]. The generator component identifies and
imputes the missing values. The discriminator component
triesto identify theimputed values. Thiscycleis continued till
the generator imputes the best values based on the data
distribution. A Gaussian modelling system for imputing
high-dimensional data was proposed by Imani et a. [21]. The
model has been designed for healthcare systems operating on
huge data. a multiple imputation model to handle systematic
and sporadically missing data was proposed by Rigon et a.
[22]. Thiswork presents two imputation methods to be used
on data. First is an extension of an existing method and the
second is a two-stage method that can effectively handle
heteroscedastic data

[Il. PROPOSED IMPUTATION MODEL (RBMI)

Qualitative data is mandatory for effective decision
making. This work presents a prediction-based imputation
model (RBMI) that aims to provide accurate imputation of
values that can in-turn enable qualitative data for accurate
predictions. The proposed RBMI model is composed of two
major phases; the correlation-based attribute ranking phase
and the tree-based data imputation phase.

A. Correlation based Attribute Ranking

Data imputation is the primary goa of the current work.
However, a dataset might contain missing values in multiple
columns. Imputation can be performed based on single
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attributes. Thisisiteratively performed on every attribute with
null values to obtain clean data. In such a scenario, question
arises asto the selection order of attributes. This mandatesthe
need for a ranking mechanism.

The order of imputation is obtained by correlation-based
ranking of attributes. Consider n datainstanceswith k classes,
composed of d dimensions. The feature vectors are given by
X, :ﬂ']

X = [_r,l..r,:. vi=1.2...n (1)

The correlation for an attribute pair x; and xis given by

T

Py, = | . T
1\I:E.,-.l:—r..m; I pE s —nE ) @
Correlation of al the attributes with the Class attribute is
identified. The correlation levels determine the ranks, which
in-turn determine the order of imputation. Correlation can be
positive, negative or zero. The proposed model ignores the
magnitude of the correlation level and considers the value
aone for the ranking process. Attributes with low correlation
levels (correlations values nearing zero) are provided with
lower ranks, while attributes with high correlation
(correlation values nearing 1 or -1) are provided with higher
ranks.

B. Treebased Data | mputation

Dataimputation is performed by considering the attributes
with missing data as the column to be predicted. The mining
agorithm is trained using the available non null records, as
prediction models cannot handle missing values in the data.
The trained mode is then used to predict the missing values
contained in the selected attribute.

Data preparation is the first stage of the processing model.
All records containing null values are eliminated and the
training data is created. This results in a clean training data
containing only the actual values. The prediction algorithmis
trained using this data.

Thiswork uses Decision Tree as the base algorithm for the
prediction process. Supervised training models are based on
the data type of the prediction variable. Models predicting
categorical values are categorized as Classification models
and the model s predicting numerical values are categorized as
Regression models. Dataimputation is performed on multiple
attributes, which can contain numerical or categorical values.
Hence al numerical attributes are predicted using Decision
Tree Regresson models, while categorical attributes are
predicted using Decision Tree Classifiers. Decision Tree[23]
is a graph-based model that represents consequent decisions
using graph like structures with nodes representing condition
and leavesrepresenting final predictions. Thetree structureis
created using the training data and decision rules are obtained
by traversing through the tree to reach the final predictions.
The major advantage of this model is that it is a simple and
white-box model and can be easy to walk-through.

The records containing missing values that has been
eliminated in the training data creation phase is considered as
the test data. However, this data might have the possibility of
containing missing valuesin attributes other than the selected
attribute.
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Hence all other attributes (other than the attribute to be
predicted) containing missing values are imputed with the
column based mean values. Certain columns however, might
completely contain missing values.

Hence if an aggregate mean is not computable for the
column, then data is replaced with appropriate values
specified by the user. The prepared test data is then used for
prediction. The predicted values are used to replace the
missing values contained in the actual data.

This process is performed iteratively on al attributes
containing missing values. The sequence of processing is
performed based on the descending order of rank. This
schemeisintentionally adopted in the proposed model, rather
than random attributes for imputation. The attributes with low
correlation are imputed first, as they have low significancein
predicting the class attribute. A single record might contain
multiple missing values, apart from the attribute being
operated upon. Hence, thiswill require temporary substitution
of dummy values to complete the imputation process. This
process of temporary substitution is safer when done on
attributes with low correlation, rather than on attributes with
high correlation.

IV. RESULTSAND DISCUSSION

Experiments were performed by implementing the
proposed RBMI model in Python. The dataset is multivariate
and is composed of 769 instances and 8 attributes. The data
does not contain any missing vaues. Data amputation
technique proposed by Rianne et a. [24] is used for
amputation, and the resultant dataset is used for the
imputation process. Missing values are created at random
based on Missing Completely at Random (MCAR) [25]
method, with their levels ranging from 5% to 30%. Efficiency
of the prediction processisidentified by calculating the Mean
Absolute Error (MAE) and Mean Squared Error (MSE).
Lower values for MAE and MSE indicate effective
imputation.

Mean Absolute Error measures the effectiveness of the
predictions, and is given by

MAE = $ EF:J. lvi — ¥l )

Mean Square Error indicates the variability of the predictions,
and is given by

MSE = iz:ﬁ:l{_ﬂ' - _',I'r|']_ (4)

Wherey;, andy;’ are the actual and the predicted ratings for
the N test reviews.

Comparison of the proposed predictions is performed with
imputation using mean and median values, which is are some
of the most commonly used imputation methods.

A comparison of the MAE of the proposed RBMI model with
the Mean and Median based modelsisshown in Figure 1. The
X and Y axisshowslevel of missingnessin the dataand MAE
values respectively. It could be observed that the proposed
model exhibits lower MAE levels compared to the other
models. This exhibits the high correlation in the prediction
process, leading to more accurate imputation. A tabulated
view of the valuesis shown in Table 1.
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MAE - Comparison with Mean and Median
Imputation Methods
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Fig. 1. Comparison of MAE Valueswith M ean and
M edian based I mputation M ethods

Table1: MAE Comparison

Proportio
.gf. (IQ/IBAMEI ) (II:AA :ai) (MMedAiEn)
Missing
Values
5 0.221 0.240 0.260
10 0.156 0.214 0.208
15 0.195 0.214 0.266
20 0.182 0.208 0.182
25 0.110 0.162 0.136
30 0.227 0.260 0.266

A comparison of the M SE values of the proposed model with
Mean and Median based models is shown in Figure 2. A
tabulated view of the data is shown in Table 2. It could be
observed that the proposed model exhibitslower M SE values,
indicating that the model exhibits low magnitude-based
variations.

MSE - Comparison with Mean and Median
Imputation Methods
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Fig. 2. Comparison of M SE Valueswith M ean and
M edian based I mputation M ethods
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Table 2: M SE Comparison

Proportion
of M SE MSE MSE
Missing (RBMI) (Mean) (Median)
Values
5 0.221 0.240 0.260
10 0.156 0.214 0.208
15 0.195 0.214 0.266
20 0.182 0.208 0.182
25 0.110 0.162 0.136
30 0.227 0.260 0.266

V. COMPARISONWITH STATE-OF-THE-ART

A comparison of the proposed modelsis performed with a
recent imputation model proposed by Shobha et a. (2019)
[12]. This is an ensemble-based approach to perform both
imputation and prediction. Comparisons are performed by
identifying the deviation level of the model with respect to the
mean-based imputation technique. A comparison of average
deviation levels of MAE and MSE values is shown in Figure
3. Lower values show that the proposed model is almost
similar to the mean-based model, while higher deviations
shows that the proposed model performs better than the
mean-based imputation technique. It could be observed that
the proposed RBMI model exhibits lower deviation levels of
both MAE and RMSE levels. The RBMI model exhibits a
reduction of 0.03 in MAE levels and 0.001 in MSE levels
compared to the model proposed by Shobha et al., exhibiting
the high efficiency of the proposed approach.

omparison of MAE and BASE

Fig. 3. Comparison of Deviation Levelsof MAE and M SE
Values

VI. CONCLUSION

The current prediction environments mandate data
imputation for the need of qualitative results. This work
proposes the Rank Based Multivariate Imputation (RBMI),
that can effectively impute data on amultivariate dataset. The
model is composed of a ranking stage and a tree-based
imputation stage. The ranking stage determines the
significance level of attributes to determine the attribute
sequence in which theimputation isto be performed. The next
stage usestree-based prediction model; classifier for imputing
categorical values and regressor for predicting numerical
values. Experimental results on the proposed model indicates
low errors (MAE and M SE), indicating the significance of the
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model.

The magjor advantage of the RBMI model isthat it workson
data with multiple imputations. i.e. the model has been
designed to handle records that contain multiple missing
values. The ranking mechanism enables initially imputing
attributes with low significance, followed by imputation of
attributes with high significance. Hence the imputed data
exhibits very low variance when compared with the actual
value. The model is designed to be generic, hence can be
operated upon any type of data.
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