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Abstract

In this study we present a novel framework that uses two
layers/steps of imputation namely the Early-Imputation
step and the Advanced-Imputation step. In the early im-
putation step we first impute the missing values (both nu-
merical and categorical) using existing techniques. The
main goal of this step is to carry out an initial imputation
and thereby refine the records having missing values so
that they can be used in the second layer of imputation
through an existing technique called DMI. The original
DMI ignores the records having missing values. There-
fore, we argue that if a data set has a huge number of miss-
ing values then the imputation accuracy of DMI may suf-
fer significantly since it ignores a huge number of records.
In this study we present four versions of the framework
and compare them with three existing techniques on two
natural data sets that are publicly available. We use four
evaluation criteria and two statistical significance analy-
ses. Our experimental results indicate a clear superiority
of the proposed framework over the existing techniques.

Keywords: Data pre-processing; data cleansing; missing
value imputation; EM algorithm; Decision Trees

1 Introduction

The existence of missing values in data sets is a com-
mon problem. Due to various reasons including human
errors and misunderstanding, equipment malfunctioning,
faulty data transmission, propagation and measurements,
collected data often have missing or incorrect values (Rah-
man & Islam 2011, Farhangfar et al. 2008). If the data are
collected through a survey then often we can have missing
values just because of the existence of some survey ques-
tions that a user may not feel comfortable to answer. For
example, even if the identity of a participant is protected
still s/he may not feel comfortable to answer the questions
that are related to the sensitive disease (such as HIV pos-
itive) or financial condition (Young et al. 2011). Various
studies show that the amount of missing values can be ap-
proximately 5% or more unless an organization takes ex-
treme care during data collection (Zhu et al. 2004, Maletic
& Marcus 2000).

We consider a data set DF as a two dimensional table
where rows represents recordsR = {R1, R2, . . . RN} and
columns represent attributes A = {A1, A2, . . . Am}. The
attributes can be either numerical (like 4 and 5.54) or cat-
egorical (like Canberra and Bathurst). Categorical values
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do not have any natural ordering in them. A numerical
attribute has its domain Aj = [low, up] where low is the
lower limit and up is the upper limit. A categorical at-
tribute Aj = {a1, a2, . . . ak} has a domain with k (i.e.
|Aj | = k) different values. The size of a data set |DF |
or |R| is N , which is the number of records. We consider
that Rij is the jth attribute value of the ith record. By
“missing values” we mean that some of the Rij values are
missing/absent for various reasons. A missing value is de-
noted as Rij =?. If a record Ri ∈ R contains one or more
missing values then we consider that rm ⊂ Ri (m < M )
is a 1×m vector havingm number of attributes with miss-
ing values and ra ⊂ Ri (a = M −m) is a 1 × a vector
having a number of attributes with available values.

The data sets, collected by the organizations, are typ-
ically used for various data mining processes. However,
the performance of a data mining technique can signifi-
cantly be disturbed due to the existence of missing or in-
correct values in the data sets (Khoshgoftaar & Van Hulse
2005). Moreover, the presence of missing values in data
sets can cause an inaccurate and non-sensible decision
which may make the whole process of data collection and
analysis useless for the users (Han & Kamber 2000).

Therefore, it is crucial to have an effective data pre-
processing framework for dealing with missing values.
One important data preprocessing task is the imputation
of missing values. A number of techniques have been
proposed for imputing missing values (Aydilek & Arslan
2013, Rahman & Islam 2011, Cheng et al. 2012, Schnei-
der 2001, Zhu et al. 2011).

For dealing with missing values an early method just
deletes the records having missing value/s (Derjani Bayeh
& Smith 1999). However, the usability of the data sets for
various statistical analyses can generally be reduced if the
records, having missing values, are deleted from a small
sized data set. Moreover, the results of the analysis can be
misleading due to the use of a data set having insufficient
number of records (Osborne & Overbay 2008).

Another early method uses the mean of all available
values of an attribute for imputing missing values (Schafer
& Graham 2002). However, it is shown that the mean
imputation approach can often produce more misleading
results (from data mining and statistical analysis) than
the simple record deletion approach (Osborne & Overbay
2008).

For imputing missing value/s of a record an ad-
vanced technique called k-Nearest Neighbour Imputation
(kNNI) (Batista & Monard 2003) first finds the (user-
defined) k-most similar records (of the record having
missing value/s). If the missing value belongs to a cate-
gorical attribute, the technique imputes the missing value
by using the most frequent value, of the same attribute,
within the k-Nearest Neighbour (k-NN) records. Other-
wise for imputing a numerical value the technique makes
use of the attribute mean value for the k-NN records.
kNNI is a simple technique, and it performs better than



the normal mean/mode imputation technique which cal-
culates mean/mode from a whole data set, instead of the
horizontal segment having k-NN records (Liu et al. 2010).
However, for a large data set the technique can be found
expensive since it finds the nearest neighbours of each
record having missing value/s (Batista & Monard 2003,
Wu et al. 2008).

Instead of using k-NN records, a more advanced ap-
proach called EMI (Schneider 2001, Junninen et al. 2004)
considers a whole data set for imputing numerical missing
value/s. The technique utilizes the mean values of all nu-
merical attributes, and the correlations between attributes
having missing values and attributes having available val-
ues of a record in order to impute the numerical missing
value/s of the record. However, EMI does not work for a
numerical attribute having the same value in all records.
Moreover, it is not useful for imputing a record where all
numerical attribute values are missing.

Another recent technique called DMI (Rahman & Is-
lam 2011) identifies that the correlations of attributes
within a leaf of a decision tree (i.e. a horizontal segment
of a data set) are higher than the correlations of attributes
within a whole data set. Therefore, the technique first finds
a set of horizontal segments, where the records in each
segment are considered to be similar to each other, from a
data set by using an existing decision tree algorithm such
as C4.5 (Quinlan 1996), and then applies an EMI algo-
rithm within each segment for imputing numerical miss-
ing value/s. It is shown that the imputation accuracy and
the improvement of data quality through DMI are higher
than through EMI (Rahman & Islam 2013a, 2011).

However, the imputation accuracy of DMI declines for
a data set having higher missing ratios (see Figure 2). This
is perhaps due to the approach of considering only the
complete records (i.e. the records having no missing val-
ues at all) while building a decision tree in order to find
horizontal segments for the application of EMI. It does not
take the records having any missing values into consider-
ation for building the tree and therefore for the application
of EMI. If a data set has a huge number of missing values
then DMI ignores many records resulting in having only a
small number of records for building the tree and applying
the EMI.

We argue that the imputation accuracy of DMI, on
a data set having a huge number of records with miss-
ing values, can be improved if it considers the records
having missing values during the creation of decision
trees. Therefore, we propose a framework which imputes
missing values of a data set by the improved use of the
records having missing values. The framework consists
of two imputation steps namely “Early-Imputation” and
“Advanced-Imputation”. In the Early-Imputation step we
use an existing algorithm in order to initially impute the
missing values, and in the Advanced-Imputation step we
use DMI for final imputation in order to get better impu-
tation accuracy.

In this study we use four difference versions of the
proposed framework, namely “EDI”, “ESI”, “LDI” and
“LSI” for imputing both numerical and categorical miss-
ing values. They use two layers of imputation: an early-
imputation and an advanced-imputation. We also evalu-
ate the performances of our proposed techniques by com-
paring them with three high quality existing techniques
namely DMI, EMI and IBLLS in terms of four evalua-
tion criteria namely co-efficient of determination (R2), In-
dex of agreement (d2), root mean squared error (RMSE)
and mean absolute error (MAE) on two real data sets
namely Autompg and Yeast that are publicly available
in the UCI machine learning repository (Frank & Asun-
cion 2010). For simulating missing values we use four
missing patterns namely Simple, Medium, Complex and
Blended, four missing ratios (1%, 3%, 5% and 10%), and

two missing models namely Overall and Uniformly Dis-
tributed (UD). The initial experimental results indicate
that our proposed technique EDI performs significantly
better (based on 95% confidence interval analysis and sta-
tistical t-test analysis) than the existing techniques.

The organization of the paper is as follows. Section 2
presents a literature review. Our framework is presented
in Section 3. Section 4 presents experimental results and
Section 5 gives concluding remarks.

2 Background Study

For imputing missing values a number of techniques
have been proposed recently (Aydilek & Arslan 2013,
Olivetti de França et al. 2013, Dorri et al. 2012, Zhang
et al. 2011, Zhu et al. 2011, Liew et al. 2011, Liu
et al. 2010, Twala & Phorah 2010, Farhangfar et al.
2007, Cai et al. 2006, Kim et al. 2005, Li et al.
2004, Rahman & Islam 2013b). Three existing tech-
niques namely “Expectation-Maximisation based Impu-
tation (EMI)” (Junninen et al. 2004), “Iterative Bi-
cluster based Local Least Square based Imputation
(IBLLS)” (Cheng et al. 2012), and “Decision Tree and
EMI based Imputation (DMI)” (Rahman & Islam 2011)
are used in the experimentation of this study to compare
them with our proposed techniques and thereby evaluate
the performance of the proposed techniques. We also
briefly discuss the EMI, IBLLS and DMI techniques here.

2.1 EMI

EMI (Schneider 2001, Junninen et al. 2004) uses correla-
tions of the attributes having missing values and the at-
tributes having available values of a whole data set for
imputing numerical missing values of Ri. Let Q =∑−1

aa

∑
am be a matrix in which

∑
aa is the covariance

matrix of available attribute values and
∑

am is the co-
variance matrix of available and missing values. Also let
µm and µa be the mean vectors of missing values and
available values, respectively. Based on the mean vectors
and the correlations, the technique then imputes the miss-
ing value (rm) by using the following linear regression
model (Schneider 2001).

rm = µm + (ra − µa)Q+ e (1)

where e = [µ0 +H.ZT ]T is a residual error in which
µ0 is a mean vector having zero value/s, H is a cholesky
decomposition of the correlation matrix Q and Z is a
vector having Gaussian random values (Muralidhar et al.
1999).

Similarly, EMI imputes all other records, of DF , hav-
ing missing values. Once the records, having missing val-
ues, are imputed the technique re-calculates the mean vec-
tors (µm and µa) and the correlation matrix (Q). Using the
re-calculated µm, µa and Q, EMI re-imputes the missing
values ofDF . EMI repeats this process of imputation until
the change of µm, µa and Q of two consecutive iterations
is under a user-defined threshold.

2.2 IBLLS

Unlike EMI, IBLLS (Cheng et al. 2012) first finds k-
nearest neighbour (k-NN) records of Ri from DF for im-
puting numerical missing values of Ri. The value of k
is determined automatically through applying a heuristic
approach (Kim et al. 2005). Now let Ak×a be the ma-
trix that contains values from the k-NN records for the
attributes having available values (ra) and Bk×m is the
matrix that contains values from k-NN records for the at-
tributes having missing values (rm). Using A and B, the



method calculates the correlation matrix Qm×a (= BTA)
for the attributes having missing values and the attributes
with available values.

Note that IBLLS imputes the missing values of Ri one
by one. For imputing the jth missing value rjm of rm,
the technique finds a set of k-NN records of Ri from DF
by considering the correlation matrix Q with a weighted
Euclidean distance measure (Cheng et al. 2012). It then
partitions the k-NN records vertically by considering only
the attributes having high correlation with rjm. IBLLS then
finds the rja, Aj and Bj for rjm from the data segment (Bi-
Cluster) which is partitioned both horizontally and verti-
cally. Finally, IBLLS imputes rjm by using the following
regression model (Cheng et al. 2012).

rjm = rjaC
j (2)

where Cj is the matrix that contains the regression coeffi-
cients that are obtained by minimising the following Least
Square equation (Kim et al. 2005).

argmin
Cj

∥∥AjCj −Bj
∥∥
2

(3)

The solution of Equation (3) can be obtained as fol-
lows.

Ĉj = (Aj†)
T
Bj (4)

whereAj† is a pseudo inverse ofAj . Thus, the missing
value rjm can be imputed as

rjm = rja(A
j†)

T
Bj (5)

Similarly, IBLLS imputes all other missing values (if
any) of Ri, and all other records having missing values.
The process of imputation is an iterative approach. For
each iteration (from iteration 2), it calculates the Nor-
malised Root Mean Squared Error (NRMSE) (Cheng
et al. 2012) by comparing the imputed values of the cur-
rent iteration with imputed values of the previous iteration.
Once the NRMSE value is under a user-defined thresh-
old the technique stops the process.

2.3 DMI

For imputing both numerical and categorical missing val-
ues DMI (Rahman & Islam 2011) uses a decision tree
algorithm and an Expectation-Maximization algorithm
(EMI) (Schneider 2001). Since EMI uses the correlations
of attribute values of a data set, and generally the cor-
relations of attribute values within a leaf are higher than
the correlations of attribute values within the whole data
set (Rahman & Islam 2011), the imputation accuracy of
DMI is expected to be better through applying EMI for
the records within a leaf rather than for the records within
the whole data set.

DMI first divides DF into two sub data sets namely
DC and DI . The data set DC contains records with-
out any missing values whereas DI contains records with
missing values. If an attribute Aj ∈ A has missing val-
ues, the technique then builds a decision tree Tj from DC
through applying a decision tree algorithm such as C4.5
algorithm (Quinlan 1996) by considering the attribute Aj
as the class attribute. For a numerical attribute Aj DMI
first generalizes the values of the attribute into NC cate-
gories, whereNC is the squared root of the domain size of
Aj . Note that the output of each tree is a set of logic rules

where each logic rule represents a leaf. For each logic
rule Lkj , DMI generates a sub data set dkj by assigning
the records of DC that satisfy the logic rule Lkj , where
Lkj is the logic rule representing the kth leaf of the jth
tree. DMI assigns each record Ri ∈ DI into a sub data set
dkj corresponding to the logic rule Lkj where the record
Ri falls in Lkj .

Once the records are assigned to the sub data sets, DMI
imputes the missing values in the sub data sets one by
one. If a missing value Rij is numerical then for imputing
Rij DMI uses the EMI algorithm (Junninen et al. 2004,
Schneider 2001) within the sub data sets where Rij be-
longs to. If Rij is categorical then it considers the major-
ity class value of the sub data set as the imputed value. A
majority class value is the class value having the highest
frequency, and a class value is the value of the attribute
that is considered as the class attribute for building the
tree (Quinlan 1993).

3 A Novel Imputation Framework

We present a novel imputation framework in four dif-
ferent versions namely “EDI”, “ESI”, “LDI” and “LSI”.
The framework uses two main steps/layers: an early-
imputation step and an advanced-imputation step. In the
early-imputation step we impute the missing values by us-
ing an imputation technique such as EMI (Junninen et al.
2004, Schneider 2001) or IBLLS (Cheng et al. 2012). In
advanced-imputation step, we then apply DMI (Rahman
& Islam 2011) on the early-imputed data set. Before we
discuss the framework in details we first introduce the ba-
sic concepts.

3.1 Basic Concept

DMI divides a given data set DF , having missing values,
into two sub data sets namely DC (having only records
without missing values) andDI (having only records with
missing values). It uses the C4.5 algorithm on DC in or-
der to build the decision trees (DTs). DMI then applies
the EMI technique on the records of each leaf of a tree. If
the number of records within a leaf is big then the impu-
tation accuracy is typically higher than when the number
of records for the leaf is small. If a data set has high num-
ber of missing values then DMI creates a data setDC with
a small number of records resulting in a small number of
records in the leaves of the tree built from DC . When
EMI is applied on these small number of records, it typi-
cally produces a poor quality imputation. It was reported
that DMI performs better in a data set having low number
of missing values than a data set having high number of
missing values (Rahman & Islam 2011). We understand
that one reason of the low accuracy of DMI is the exis-
tence of large number of records with missing values in
DF .

In many cases, the size of DC can be very small com-
pared to DF . For example, Table 1 shows the number of
records in DF , DI , and DC for the Autompg and Yeast
data sets (Frank & Asuncion 2010) in terms of the 10%
missing ratio and “Blended” missing pattern. Note that
the data sets are publicly available in the UCI machine
learning repository (Frank & Asuncion 2010). The details
about the simulation of missing values (i.e. the 10% miss-
ing ratio and “Blended” missing pattern) are discussed in
Section 4.2. For the Autompg data set, only 79 out of 392
records are used in DC (see Table 1).

Since the DTs are built on the small sized DC , the
knowledge extracted by the DTs may not be as useful as it
could be if the DTs were built on the whole data set DF .
Therefore, DMI often fails to perform well for a data set
having a large number of missing values. In order to ex-
plain this better, we consider here an example/toy data set



Table 1: The number of records in DF , DI , and DC for
the Autompg and Yeast data sets in terms of 10% missing
ratio and “Blended” missing pattern.
Data set Total Records Number of records in DI Number of records in DC

in DF (having missing values) (without missing values)
used to build Decision Trees

Autompg 392 313 79
Yeast 1484 674 810

having 15 records and 4 attributes as shown in Table 2a.
We then build a DT from the toy data set DF by con-
sidering the attribute “Pos.” as a class attribute (see Fig-
ure 1(a)) where a leaf of the DT displays the information
on the number of records belonging to a value of the class
attribute. In the figure a leaf is represented by a rectangle
and a node is represented by a circle. We then artificially
create some missing values in DF (see Table 2b). The
data set DF is then divided into DC (Table 2c) and DI
(Table 2d).

Note that DI only contains the records having missing
values. Even if the records (such as “R4”, “R6”, “R10”,
“R12” and “R14”) have only a single missing value, they
are taken out of DC and placed in DI . Thus, we often end
up having a small number of records in DC . Therefore in
this example, the leaves of the DT (see Figure 1(b)) built
on DC do not provide any information on the the value
“L” of the class attribute “Pos.”. However, the DT (see
Figure 1(a)) built on the full data set DF provides infor-
mation on the value “L”. Now if we classify the records
“R4”, “R6”, “R10”, “R12” and “R14” of Table 2a by the
DT (see Figure 1(a)) obtained from DF then we get the
correct class value “L”, whereas the records are misclassi-
fied as “Ap” if we use the DT (see Figure 1(b)) that is ob-
tained from DC . We get a higher classification accuracy
by the first DT than the second DT and therefore we ex-
pect a better imputation accuracy when we use the first DT
than the second DT. That is, the removal of many useful
records from DC just because they have one/two missing
values may not be a good idea.

Table 2: A toy data set DF
Rec. Age Edu. Salary Pos. Rec. Age Edu. Salary Pos.
R1 27 MS 85 L R1 27 ? ? ?

R2 45 PhD 115 AP R2 45 PhD 115 AP

R3 42 PhD 145 P R3 42 PhD 145 P

R4 25 MS 85 L R4 ? MS 85 L

R5 50 PhD 146 P R5 50 PhD 146 P

R6 28 MS 85 L R6 28 MS 85 ?

R7 38 PhD 120 AP R7 38 PhD 120 AP

R8 43 PhD 147 P R8 43 PhD 147 P

R9 44 PhD 146 P R9 44 PhD 146 P

R10 25 MS 86 L R10 25 MS ? L

R11 42 PhD 142 P R11 42 PhD 142 P

R12 26 MS 84 L R12 26 ? 84 L

R13 42 PhD 143 P R13 42 PhD 143 P

R14 25 MS 86 L R14 ? MS 86 L

R15 43 PhD 143 P R15 43 PhD 143 P

(a) A toy data set DF (Original) (b) DF with missing values

Rec. Age Edu. Salary Pos. Rec. Age Edu. Salary Pos.
R2 45 PhD 115 AP R1 27 ? ? ?

R3 42 PhD 145 P R4 ? MS 85 L

R5 50 PhD 146 P R6 28 MS 85 ?

R7 38 PhD 120 AP R10 25 MS ? L

R8 43 PhD 147 P R12 26 ? 84 L

R9 44 PhD 146 P R14 ? MS 86 L

R11 42 PhD 142 P (d) Data set DI
R13 42 PhD 143 P

R15 43 PhD 143 P

(c) Data set DC

We also analyse the impact of the number of miss-
ing values in a data set, in terms of imputation accuracy
(RMSE). Four missing ratios namely 1%, 3%, 5%, and
10% are used. Two publicly available data sets are used
as shown in Figure 2. The missing values are imputed by

(a) Decision tree from DF (Original) (b) Decision tree from DC

Figure 1: Decision trees built by using DF and DC .

DMI (Rahman & Islam 2011) and EMI (Schneider 2001).
Here, x% missing ratios means x% of the total attribute
values (i.e. N records × M attributes) of a data set are
missing. Figure 2 shows that DMI outperforms EMI in
terms of RMSE (the lower the better) on both data sets
namely Autompg (see Figure 2(a)) and Housing (see Fig-
ure 2(b)). However, the imputation accuracies of both
DMI and EMI drop (on both data sets) with the increase
of the missing ratios. DMI performs significantly better
than EMI for a data set having small missing ratio (see
Figure 2(a) and Figure 2(b)).

(a) Autompg data set

(b) Housing

Figure 2: Performance comparison on the Autompg and
Housing data sets in terms of RMSE for different miss-
ing ratios.

We argue that if a data set has a large number of records
with missing values, the imputation accuracy of DMI can
be improved by taking the records of DI (in a refined
form) into consideration instead of totally ignoring them.
Therefore, we propose a novel framework that imputes
missing values of DF by first refining the records of DI
and then using them in DC . The framework therefore
is a combination of two imputation steps/layers namely
“Early-Imputation” and “Advanced-Imputation”. We now
discuss the steps in details as follows.

3.2 Early-Imputation

The main goal of this step is to refine the records (that go
to DI ) that have one or more missing values, so that the
records can be considered in DC in order to increase the



imputation accuracy. The records are refined by perform-
ing an early imputation for them.

In this step, we first initialize a missing matrix Y which
is then used in the Advanced-Imputation step for indi-
cating whether a value is originally missing or available.
Each element yij ∈ Y ((1 ≤ i ≤ N) and (1 ≤ j ≤ |A|))
contains either 0 or 1, which is calculated using Equa-
tion 6.

yij =

{
1 if Rij ∈ DF is missing
0 if Rij ∈ DF is available (6)

The novel framework uses existing algorithms for im-
puting the missing values of DF in this step. It first im-
putes the numerical missing values in DF by using high
quality techniques such as EMI (Junninen et al. 2004,
Schneider 2001) and IBLLS (Cheng et al. 2012). It then
imputes the categorical missing values of an attribute Aj
of a record Ri. The framework first find k nearest neigh-
bour (k-NN) records of Ri where the numerical missing
values are already imputed. The mode value of the at-
tribute Aj within the k-NN records is then considered as
the imputed value. Based on the literature, the default
value of k (for the k-NN) is set to 10 (Batista & Monard
2003, Bø et al. 2004, Troyanskaya et al. 2001).

3.3 Advanced-Imputation

The framework then applies DMI (Rahman & Islam 2011)
on the early-imputed data set for the further improvement
of the imputation quality for both the numerical and cate-
gorical missing values. It uses the matrix Y for identifying
the missing values.

DMI builds a set of DTs T = {T1, T2, . . . TM} where
each tree Ti considers an attribute Ai as the class at-
tribute. In this study we consider the following two op-
tions namely SDMI (Single DMI) and NDMI (Numerous
DMI). In SDMI, we build a single DT (instead of a set of
trees T ) by considering the natural class attribute ofDF as
the class attribute. Typically, every data set has a natural
class attribute. For example, the natural class attribute of
a patient data set can be “Diagnosis”.

In NDMI we build a DT for each attribute of DF as it
is done in DMI. For numerical attribute we first general-
izes the values of the attribute into NC categories where
NC is the squared root of the domain size of the attribute.
Therefore, for M attributes of DF we have M decision
trees in NDMI.

Following DMI, for both SDMI and NDMI we gener-
ate a sub data set for each logic rule of the DTs by as-
signing the records, of DF , which satisfy the conditions
of the logic rule. The numerical missing values of each
sub data set are then imputed by using the EMI algorithm.
Let, a numerical attribute Aj has a missing value for the
record Ri, i.e. Rij is missing. For SDMI, we identify the
leaf where the record Ri falls in. EMI is then applied on
all records representing the leaf and thus Rij is imputed.
For NDMI, we first find the leaf (of the tree Tj) where the
record Ri falls in. EMI is then applied on all records be-
longing to the leaf for imputing Rij . If the exact leaf of
a record Ri cannot be determined due to the existence of
the missing values then we use the union of all possible
leaves.

For the categorical imputation by SDMI, a missing
value Rij is imputed by the mode value of the attribute
Aj within the records of the leaf where the record Ri falls
in. On the other hand, in NDMI the missing value Rij
is imputed by the majority class value of the leaf (of the
tree Tj) where the record Ri falls in. Note that if a record
Ri has multiple categorical missing values then in NDMI
multiple trees are used, one tree for one attribute.

3.4 Proposed Framework

The proposed framework uses two steps of imputation, the
Early-Imputation step and the Advanced-Imputation step.
In this study we use one of the two existing high quality
imputation techniques namely EMI (Junninen et al. 2004,
Schneider 2001) and IBLLS (Cheng et al. 2012) in the
Early-imputation step. For the Advanced-Imputation step
we use either SDMI or NDMI.

Therefore, in this study we compare four versions of
the framework namely EDI, ESI, LDI and LSI. EDI is the
combination of EMI and NDMI, ESI is the combination
of EMI and SDMI, LDI is the combination of IBLLS and
NDMI, and LSI is the combination of IBLLS and SDMI.
We now compare the performances of the techniques in
the following section.

4 Experimental Results and Discussion

We implement our novel framework in four different ver-
sions namely EDI, ESI, LDI, and LSI, and three other high
quality existing techniques namely DMI (Rahman & Islam
2011), EMI (Junninen et al. 2004, Schneider 2001) and
IBLLS (Cheng et al. 2012). It was shown in the literature
that the imputation accuracies of the existing techniques
are better than many other techniques including Bayesian
principal component analysis (BPCA) (Oba et al. 2003),
LLSI (Kim et al. 2005), and ILLSI (Cai et al. 2006).

4.1 Data Set

We apply the techniques on two real data sets, namely the
Yeast data set and the Autompg data set that are available
from UCI Machine Learning Repository (Frank & Asun-
cion 2010). A brief description of the data sets is presented
in Table 3.

Table 3: Data sets at a glance.
Data set Records Num. attr. Cat. attr. Missing Pure Rec.

Yeast 1484 8 1 No 1484
Autompg 398 5 3 Yes 392

The Yeast data set has 1484 records, 8 numerical and 1
categorical attributes. There are no records having natural
missing values in the data set. So, we use all 1484 records
as a pure data set in our experiment. On the other hand, the
Autompg data set has 398 records, 5 numerical and 3 cat-
egorical attributes. There are a number of records having
missing values. We first remove all records having miss-
ing values. Therefore, we get a pure data set having 392
records without any missing values. In our experiments
we use the pure data sets. Note that for the experimen-
tation purpose we artificially create missing values in the
pure data sets, the actual value of which is known to us.

4.2 Simulation of Missing Values

For experimentation, we artificially create missing values
in the pure data set. We then impute the missing values by
different techniques. Since we know the actual values of
the artificially created missing value, we can evaluate the
performances of the techniques by comparing the actual
and the imputed values.

Generally the performances of an imputation technique
depends on both the amount and the type/pattern of miss-
ing values (Junninen et al. 2004, Rubin 1976, Schneider
2001). Therefore, in this experiment we use various pat-
terns of missing values such as simple, medium, complex
and blended as discussed below.



A simple pattern permits a record to have at most one
missing value, whereas a medium pattern permits a record
to have minimum 2 attributes with missing values and
maximum 50% of the attributes with missing values. Like
wise, a complex pattern permits a record to have minimum
50% and maximum 80% attributes with missing values. A
blended pattern allows a mixture of records from all three
other patterns. We consider that a blended pattern simu-
lates a natural scenario where we may expect a combina-
tion of all three missing patterns. In a blended pattern we
have 25%, 50% and 25% records having missing values in
the simple pattern, medium pattern and complex pattern,
respectively (Junninen et al. 2004, Rahman & Islam 2011,
Rahman et al. 2012).

For each missing pattern, we use four missing ratios:
1%, 3%, 5% and 10% where x% missing ratios means x%
of the total attribute values (i.e. N records×M attributes)
of a data set are missing. Note that for 10% missing ratios
and simple pattern, the expected total number of records to
have missing values may exceed the total records in some
data sets. Therefore, in the simple missing pattern we con-
sider 6% missing ratios (rather than 10% missing ratios)
for all data sets.

In addition, two types of missing models namely Over-
all and Uniformly Distributed (UD) are considered. In the
overall model, the attributes may not have equal number
of missing values, and in the worst case scenario a single
attribute can have all missing values. However, in the UD
model the missing values are distributed equally in each
attribute.

Based on the missing ratios, missing models, and miss-
ing patterns, we have a total of 32 missing combinations
(id 1, 2, · · · , 32). For each combination, we generate 10
data sets with missing values. For example, for the com-
bination having “1%” missing values , “overall” missing
model , and “simple” missing pattern (id 1, see Table 4)
we generate 10 data sets with missing values. Therefore,
we generate all together 320 data sets for each natural data
set namely Yeast and Autompg.

4.3 Evaluation Criteria

We evaluate the imputation accuracies (/performances) of
the proposed and existing techniques in terms of four well
known evaluation criteria namely co-efficient of determi-
nation (R2), Index of agreement (d2), root mean squared
error (RMSE) and mean absolute error (MAE).

We now define the evaluation criteria briefly. Let L
be the number of artificially created missing values, Oi
(1 ≤ i ≤ L) be the actual value of the ith artificially
created missing value, and Pi be the imputed value of the
ith missing value. Also let O and P be the averages of the
actual values Oi;∀i ∈ L and the imputed values Pi;∀i ∈
L, respectively. Let σO and σP be the standard deviation
of the actual values and the imputed values, respectively.

The coefficient of determination (R2) (Junninen et al.
2004) describes the imputation accuracy based on the de-
gree of correlation between actual and imputed values.
The output of R2 is a value between 0 and 1, where 1
indicates a perfect imputation.

R2 =

[
1

L

∑L
i=1

[
(Pi − P )(Oi −O)

]
σPσO

]2
(7)

The index of agreement (d2) (Willmott 1982) evaluates
the degree of agreement between actual and imputed val-
ues. The output of d2 is also a value between 0 and 1.
Similar to R2, a higher value of d2 indicates a better fit. It

is calculated as follows:

d = 1−

[ ∑L
i=1(Pi −Oi)

g∑L
i=1(|Pi −O|+ |Oi −O|)g

]
(8)

where the value of g can be either 1 or 2. We use a value
2 for the index g (i.e. d2)throughout this experiment.

The root mean squared error (RMSE) (Junninen et al.
2004) measures the average difference between the actual
and the imputed values. Its value ranges from 0 to ∞,
where a lower value indicates a better imputation.

RMSE = (
1

L

L∑
i=1

[Pi −Oi]
2
)

1
2 (9)

Finally, the mean absolute error (MAE) (Junninen
et al. 2004) determines the similarity between the actual
and imputed values. Similar to RMSE, its value ranges
from 0 to∞, where a lower value indicates a better match-
ing.

MAE =
1

L

L∑
i=1

|Pi −Oi| (10)

4.4 Experimental Result Analysis on the Autompg
and Yeast Data Sets

We present the performance of EDI, ESI, LDI, LSI, DMI,
EMI, and IBLLS based on R2, d2, RMSE, and MAE
for 32 missing combinations on the Autompg data set in
Table 4. The table shows the average values of perfor-
mance indicators on 10 data sets with missing values for
each missing combination. For example, we have 10 data
sets with missing values for the combination (id = 1) of
“1%” missing ratio, “Overall” missing model and “Sim-
ple” missing pattern. The average of R2 for the data sets
having id = 1 is 0.908 for EDI as reported in Table 4.
Bold values in the table indicate the best results among
the seven techniques. Our proposed techniques (EDI, ESI,
LDI and LSI) perform better than the existing techniques
namely DMI, EMI and IBLLS in terms of all evaluation
criteria. Moreover, the last row of the table, we present a
score of each technique for each evaluation criteria, where
a score “S” indicates that a technique performs the best
among all the techniques in “S” (out of 32) number of
missing combinations. The table shows that EDI outper-
forms all other techniques, the technique scores 31 (out of
32) for all evaluation criteria.

Similarly, Table 5 demonstrates the performance of the
techniques in terms of all evaluation criteria for 32 miss-
ing combinations on the Yeast data set. The last row of the
table indicates for all evaluation criteria EDI outperforms
other techniques. EDI scores 32 (out of 32) for all evalua-
tion criteria except MAE where EDI scores 29 and DMI
scores 3.

4.5 Statistical Significance Analysis for All Data Sets

We present several statistical significance analysis on the
Autompg and Yeast data sets. Since EDI (among the tech-
niques we proposed in this paper) outperforms three other
existing techniques, we present the statistical significance
analysis of EDI, DMI, EMI and IBLLS as follows.

Figure 3 demonstrates 95% confidence interval anal-
ysis of EDI with DMI, EMI and IBLLS in terms of R2

(Figure 3(a)), d2 (Figure 3(b)), RMSE (Figure 3(c)), and
MAE (Figure 3(d)) for all 32 missing combinations on
the Autompg data set. It is clear from the figures that EDI
performs better (i.e. better average value and no overlap



Table 4: Performance of EDI, ESI, LDI, LSI, DMI, EMI, and IBLLS based on R2, d2, RMSE, and MAE for 32
missing combinations on Autompg data set

Missing combination Id
R2 d2 RMSE MAE

(Higher value is better) (Higher value is better) (Lower value is better) Lower value is better

EDI ESI LDI LSI DMI EMI IBLLS EDI ESI LDI LSI DMI EMI IBLLS EDI ESI LDI LSI DMI EMI IBLLS EDI ESI LDI LSI DMI EMI IBLLS

1%

Overall

Simple 1 0.908 0.881 0.893 0.891 0.889 0.847 0.850 0.972 0.964 0.966 0.963 0.963 0.950 0.942 0.071 0.078 0.075 0.078 0.078 0.090 0.087 0.053 0.057 0.056 0.059 0.059 0.069 0.068

Medium 2 0.895 0.878 0.873 0.864 0.891 0.841 0.828 0.967 0.963 0.960 0.958 0.966 0.953 0.935 0.075 0.079 0.081 0.084 0.076 0.088 0.092 0.056 0.059 0.062 0.062 0.067 0.069 0.074

Complex 3 0.814 0.795 0.751 0.804 0.803 0.787 0.681 0.928 0.915 0.902 0.921 0.919 0.914 0.876 0.095 0.099 0.115 0.101 0.101 0.104 0.137 0.070 0.073 0.081 0.075 0.075 0.079 0.101

Blended 4 0.823 0.808 0.793 0.809 0.814 0.796 0.676 0.941 0.936 0.934 0.937 0.940 0.932 0.875 0.097 0.102 0.104 0.100 0.099 0.103 0.138 0.067 0.069 0.069 0.070 0.069 0.074 0.096

UD

Simple 5 0.913 0.901 0.912 0.909 0.908 0.872 0.855 0.975 0.970 0.974 0.973 0.973 0.960 0.921 0.069 0.073 0.069 0.071 0.071 0.084 0.096 0.052 0.055 0.052 0.055 0.054 0.063 0.076

Medium 6 0.894 0.878 0.891 0.867 0.873 0.824 0.809 0.968 0.960 0.967 0.958 0.962 0.922 0.895 0.081 0.091 0.084 0.093 0.090 0.119 0.133 0.061 0.068 0.061 0.067 0.067 0.093 0.100

Complex 7 0.806 0.770 0.806 0.751 0.774 0.756 0.651 0.939 0.925 0.938 0.917 0.926 0.918 0.847 0.094 0.105 0.094 0.108 0.104 0.109 0.146 0.070 0.078 0.071 0.082 0.080 0.087 0.112

Blended 8 0.892 0.806 0.870 0.818 0.853 0.819 0.767 0.962 0.933 0.955 0.937 0.947 0.935 0.891 0.073 0.095 0.076 0.091 0.084 0.091 0.113 0.054 0.066 0.054 0.065 0.062 0.068 0.091

3%

Overall

Simple 9 0.899 0.864 0.897 0.887 0.861 0.850 0.839 0.971 0.961 0.971 0.968 0.961 0.956 0.939 0.073 0.084 0.073 0.076 0.084 0.087 0.095 0.053 0.060 0.053 0.056 0.061 0.067 0.070

Medium 10 0.865 0.864 0.845 0.843 0.847 0.834 0.790 0.961 0.961 0.955 0.955 0.954 0.950 0.938 0.083 0.085 0.091 0.091 0.091 0.094 0.106 0.060 0.061 0.064 0.065 0.066 0.071 0.072

Complex 11 0.775 0.769 0.717 0.743 0.750 0.731 0.598 0.931 0.929 0.913 0.919 0.919 0.906 0.866 0.108 0.109 0.122 0.116 0.115 0.127 0.150 0.078 0.081 0.082 0.085 0.087 0.099 0.103

Blended 12 0.846 0.833 0.825 0.837 0.841 0.834 0.800 0.959 0.951 0.945 0.950 0.950 0.947 0.938 0.088 0.095 0.098 0.096 0.095 0.097 0.107 0.063 0.066 0.066 0.069 0.070 0.073 0.072

UD

Simple 13 0.883 0.857 0.877 0.878 0.862 0.833 0.830 0.965 0.959 0.964 0.964 0.959 0.949 0.950 0.082 0.089 0.083 0.082 0.088 0.097 0.098 0.058 0.063 0.060 0.060 0.063 0.072 0.070

Medium 14 0.843 0.825 0.842 0.831 0.832 0.800 0.796 0.955 0.950 0.954 0.950 0.949 0.922 0.930 0.087 0.092 0.087 0.091 0.092 0.107 0.105 0.063 0.066 0.064 0.066 0.068 0.084 0.078

Complex 15 0.764 0.707 0.716 0.734 0.724 0.717 0.548 0.925 0.903 0.902 0.912 0.901 0.894 0.818 0.116 0.128 0.128 0.124 0.128 0.130 0.166 0.082 0.092 0.089 0.091 0.099 0.101 0.113

Blended 16 0.845 0.833 0.837 0.824 0.827 0.804 0.789 0.954 0.952 0.953 0.949 0.950 0.941 0.918 0.092 0.093 0.092 0.095 0.094 0.101 0.107 0.064 0.066 0.065 0.068 0.069 0.075 0.077

5%

Overall

Simple 17 0.889 0.880 0.886 0.876 0.874 0.842 0.856 0.968 0.966 0.968 0.964 0.963 0.951 0.958 0.079 0.082 0.079 0.083 0.084 0.096 0.090 0.056 0.058 0.056 0.060 0.061 0.072 0.065

Medium 18 0.837 0.813 0.799 0.815 0.805 0.789 0.743 0.950 0.946 0.943 0.946 0.942 0.936 0.924 0.089 0.094 0.099 0.095 0.097 0.101 0.111 0.065 0.065 0.067 0.068 0.070 0.075 0.075

Complex 19 0.772 0.720 0.731 0.724 0.688 0.688 0.643 0.927 0.916 0.919 0.916 0.893 0.892 0.884 0.109 0.121 0.118 0.119 0.129 0.130 0.141 0.080 0.086 0.082 0.087 0.099 0.100 0.103

Blended 20 0.843 0.835 0.821 0.843 0.841 0.819 0.763 0.955 0.952 0.948 0.954 0.953 0.945 0.931 0.086 0.090 0.096 0.089 0.089 0.096 0.109 0.060 0.064 0.065 0.064 0.065 0.072 0.074

UD

Simple 21 0.883 0.871 0.876 0.874 0.860 0.852 0.842 0.968 0.964 0.966 0.965 0.960 0.955 0.955 0.078 0.082 0.080 0.080 0.085 0.089 0.091 0.056 0.058 0.057 0.059 0.061 0.067 0.065

Medium 22 0.850 0.843 0.848 0.838 0.829 0.804 0.798 0.958 0.955 0.957 0.953 0.949 0.939 0.921 0.088 0.089 0.089 0.092 0.095 0.101 0.107 0.062 0.064 0.063 0.066 0.071 0.077 0.080

Complex 23 0.771 0.749 0.737 0.737 0.721 0.713 0.608 0.932 0.925 0.921 0.919 0.903 0.899 0.870 0.105 0.110 0.113 0.112 0.120 0.122 0.143 0.077 0.078 0.080 0.083 0.094 0.097 0.101

Blended 24 0.824 0.813 0.808 0.813 0.803 0.791 0.726 0.949 0.945 0.944 0.944 0.940 0.935 0.912 0.094 0.098 0.100 0.098 0.102 0.105 0.123 0.065 0.069 0.068 0.071 0.075 0.079 0.085

10%

Overall

Simple 25 0.873 0.855 0.870 0.859 0.860 0.827 0.815 0.965 0.959 0.964 0.960 0.961 0.948 0.947 0.081 0.087 0.081 0.085 0.085 0.096 0.098 0.056 0.060 0.057 0.062 0.060 0.072 0.069

Medium 26 0.835 0.831 0.825 0.833 0.824 0.806 0.770 0.953 0.952 0.951 0.952 0.948 0.942 0.933 0.094 0.095 0.096 0.094 0.097 0.102 0.111 0.067 0.068 0.067 0.069 0.072 0.077 0.076

Complex 27 0.750 0.762 0.743 0.743 0.730 0.712 0.620 0.925 0.931 0.924 0.921 0.906 0.899 0.861 0.114 0.112 0.116 0.117 0.123 0.128 0.154 0.081 0.079 0.080 0.085 0.093 0.098 0.116

Blended 28 0.830 0.819 0.806 0.799 0.790 0.776 0.708 0.952 0.948 0.945 0.939 0.929 0.922 0.913 0.094 0.097 0.099 0.102 0.108 0.113 0.123 0.065 0.067 0.069 0.073 0.081 0.087 0.084

UD

Simple 29 0.884 0.864 0.878 0.860 0.865 0.843 0.831 0.968 0.962 0.966 0.960 0.961 0.954 0.952 0.078 0.086 0.081 0.087 0.086 0.093 0.095 0.055 0.061 0.059 0.064 0.063 0.070 0.068

Medium 30 0.832 0.829 0.809 0.826 0.818 0.803 0.726 0.952 0.952 0.946 0.950 0.946 0.939 0.917 0.093 0.095 0.101 0.096 0.099 0.104 0.121 0.067 0.068 0.070 0.069 0.074 0.079 0.084

Complex 31 0.757 0.756 0.689 0.735 0.720 0.713 0.538 0.928 0.927 0.903 0.916 0.903 0.899 0.843 0.111 0.112 0.126 0.117 0.123 0.125 0.161 0.080 0.082 0.086 0.087 0.096 0.099 0.112

Blended 32 0.827 0.806 0.824 0.800 0.806 0.790 0.705 0.951 0.944 0.949 0.941 0.940 0.933 0.898 0.094 0.100 0.095 0.101 0.101 0.106 0.133 0.067 0.070 0.068 0.072 0.075 0.080 0.098

Score (Out of 32) 31 1 0 0 0 0 0 31 1 0 0 0 0 0 31 1 0 0 0 0 0 31 1 0 0 0 0 0

Table 5: Performance of EDI, ESI, LDI, LSI, DMI, EMI, and IBLLS based on R2, d2, RMSE, and MAE for 32
missing combinations on Yeast data set

Missing combination Id
R2 d2 RMSE MAE

(Higher value is better) (Higher value is better) (Lower value is better) Lower value is better

EDI ESI LDI LSI DMI EMI IBLLS EDI ESI LDI LSI DMI EMI IBLLS EDI ESI LDI LSI DMI EMI IBLLS EDI ESI LDI LSI DMI EMI IBLLS

1%

Overall

Simple 1 0.860 0.523 0.743 0.661 0.833 0.770 0.803 0.959 0.848 0.911 0.868 0.953 0.924 0.925 0.090 0.179 0.121 0.144 0.098 0.108 0.103 0.062 0.094 0.080 0.097 0.063 0.072 0.075

Medium 2 0.805 0.514 0.607 0.551 0.757 0.742 0.731 0.944 0.848 0.841 0.800 0.930 0.907 0.914 0.105 0.179 0.161 0.184 0.119 0.127 0.125 0.067 0.087 0.106 0.127 0.070 0.077 0.083

Complex 3 0.776 0.636 0.756 0.669 0.746 0.744 0.732 0.932 0.890 0.926 0.878 0.925 0.904 0.918 0.116 0.151 0.121 0.149 0.123 0.126 0.127 0.071 0.078 0.072 0.092 0.072 0.077 0.081

Blended 4 0.820 0.588 0.725 0.667 0.809 0.765 0.795 0.948 0.874 0.902 0.880 0.945 0.919 0.937 0.100 0.159 0.125 0.140 0.103 0.111 0.108 0.065 0.083 0.081 0.087 0.066 0.073 0.077

UD

Simple 5 0.838 0.494 0.689 0.611 0.787 0.759 0.761 0.952 0.841 0.888 0.853 0.938 0.912 0.924 0.100 0.185 0.140 0.163 0.111 0.118 0.115 0.067 0.094 0.089 0.105 0.067 0.075 0.079

Medium 6 0.782 0.473 0.656 0.588 0.746 0.741 0.729 0.936 0.826 0.886 0.851 0.922 0.901 0.914 0.109 0.189 0.147 0.169 0.123 0.129 0.126 0.068 0.099 0.092 0.109 0.072 0.076 0.083

Complex 7 0.788 0.598 0.762 0.685 0.754 0.748 0.711 0.938 0.870 0.930 0.871 0.928 0.907 0.913 0.110 0.159 0.117 0.149 0.120 0.126 0.130 0.070 0.084 0.072 0.098 0.071 0.078 0.082

Blended 8 0.791 0.566 0.622 0.579 0.744 0.736 0.713 0.939 0.859 0.864 0.832 0.924 0.902 0.909 0.111 0.170 0.160 0.177 0.126 0.133 0.133 0.068 0.090 0.102 0.118 0.072 0.078 0.086

3%

Overall

Simple 9 0.800 0.614 0.657 0.655 0.793 0.758 0.766 0.941 0.872 0.878 0.876 0.940 0.914 0.924 0.108 0.157 0.146 0.148 0.111 0.115 0.119 0.068 0.091 0.096 0.102 0.069 0.074 0.086

Medium 10 0.800 0.514 0.664 0.586 0.794 0.754 0.771 0.941 0.848 0.880 0.836 0.941 0.913 0.926 0.109 0.181 0.149 0.174 0.111 0.117 0.118 0.068 0.094 0.093 0.113 0.067 0.074 0.085

Complex 11 0.764 0.506 0.746 0.663 0.760 0.740 0.701 0.931 0.825 0.920 0.878 0.930 0.904 0.903 0.118 0.185 0.123 0.147 0.119 0.125 0.133 0.069 0.109 0.079 0.096 0.069 0.076 0.093

Blended 12 0.802 0.534 0.592 0.632 0.797 0.757 0.737 0.942 0.846 0.835 0.851 0.942 0.912 0.906 0.108 0.175 0.162 0.153 0.109 0.116 0.130 0.068 0.101 0.108 0.103 0.068 0.075 0.094

UD

Simple 13 0.790 0.431 0.697 0.633 0.782 0.752 0.767 0.939 0.794 0.895 0.835 0.938 0.911 0.925 0.110 0.208 0.135 0.170 0.112 0.117 0.117 0.064 0.118 0.089 0.119 0.067 0.073 0.083

Medium 14 0.814 0.424 0.563 0.483 0.810 0.762 0.777 0.945 0.800 0.818 0.762 0.945 0.915 0.933 0.104 0.201 0.171 0.203 0.105 0.110 0.111 0.064 0.112 0.114 0.141 0.067 0.073 0.082

Complex 15 0.805 0.516 0.708 0.707 0.801 0.755 0.743 0.943 0.832 0.893 0.882 0.943 0.914 0.918 0.107 0.185 0.133 0.141 0.107 0.113 0.124 0.065 0.106 0.088 0.096 0.068 0.074 0.089

Blended 16 0.821 0.555 0.384 0.308 0.785 0.752 0.754 0.947 0.861 0.732 0.686 0.938 0.912 0.923 0.103 0.168 0.223 0.250 0.113 0.118 0.121 0.067 0.093 0.147 0.168 0.068 0.075 0.086

5%

Overall

Simple 17 0.793 0.549 0.670 0.594 0.773 0.753 0.658 0.939 0.855 0.889 0.844 0.933 0.911 0.879 0.111 0.172 0.140 0.166 0.117 0.118 0.144 0.071 0.105 0.093 0.114 0.072 0.074 0.102

Medium 18 0.797 0.491 0.243 0.249 0.786 0.757 0.765 0.941 0.806 0.635 0.644 0.938 0.913 0.921 0.109 0.207 0.259 0.260 0.112 0.117 0.120 0.067 0.124 0.176 0.178 0.069 0.073 0.087

Complex 19 0.787 0.550 0.699 0.626 0.777 0.749 0.693 0.938 0.850 0.904 0.856 0.935 0.908 0.895 0.111 0.169 0.134 0.162 0.114 0.120 0.138 0.070 0.101 0.089 0.114 0.071 0.078 0.101

Blended 20 0.786 0.507 0.335 0.256 0.779 0.748 0.698 0.937 0.824 0.714 0.666 0.937 0.909 0.900 0.110 0.181 0.228 0.254 0.112 0.117 0.133 0.068 0.108 0.146 0.169 0.068 0.074 0.091

UD

Simple 21 0.788 0.467 0.469 0.402 0.778 0.754 0.707 0.937 0.810 0.781 0.726 0.935 0.912 0.900 0.112 0.195 0.198 0.229 0.115 0.117 0.134 0.070 0.118 0.131 0.159 0.071 0.074 0.096

Medium 22 0.791 0.380 0.547 0.491 0.785 0.752 0.711 0.939 0.765 0.825 0.783 0.939 0.911 0.902 0.110 0.216 0.171 0.193 0.111 0.117 0.131 0.069 0.124 0.111 0.131 0.068 0.075 0.092

Complex 23 0.781 0.565 0.721 0.644 0.775 0.745 0.703 0.936 0.857 0.911 0.857 0.934 0.907 0.901 0.113 0.165 0.129 0.159 0.114 0.120 0.132 0.070 0.094 0.086 0.109 0.071 0.076 0.094

Blended 24 0.789 0.614 0.522 0.484 0.776 0.751 0.677 0.935 0.874 0.813 0.778 0.933 0.911 0.884 0.110 0.155 0.177 0.194 0.114 0.117 0.140 0.070 0.097 0.119 0.136 0.071 0.074 0.101

10%

Overall

Simple 25 0.807 0.650 0.477 0.448 0.795 0.761 0.733 0.944 0.888 0.767 0.748 0.942 0.913 0.909 0.106 0.149 0.194 0.209 0.110 0.113 0.129 0.067 0.092 0.128 0.139 0.068 0.073 0.096

Medium 26 0.814 0.598 0.154 0.154 0.800 0.765 0.731 0.945 0.863 0.596 0.585 0.942 0.916 0.901 0.104 0.160 0.285 0.290 0.108 0.112 0.130 0.071 0.101 0.193 0.201 0.068 0.072 0.097

Complex 27 0.771 0.388 0.687 0.611 0.763 0.738 0.612 0.933 0.769 0.890 0.839 0.931 0.903 0.851 0.115 0.212 0.136 0.165 0.118 0.123 0.155 0.071 0.131 0.089 0.111 0.072 0.077 0.113

Blended 28 0.786 0.637 0.297 0.227 0.765 0.746 0.688 0.936 0.883 0.680 0.635 0.932 0.907 0.887 0.113 0.149 0.252 0.279 0.119 0.121 0.141 0.071 0.091 0.173 0.195 0.071 0.076 0.103

UD

Simple 29 0.800 0.580 0.562 0.490 0.768 0.752 0.718 0.941 0.856 0.825 0.766 0.934 0.910 0.904 0.108 0.162 0.172 0.202 0.110 0.117 0.131 0.069 0.102 0.115 0.141 0.070 0.073 0.095

Medium 30 0.797 0.506 0.353 0.283 0.789 0.758 0.736 0.942 0.821 0.727 0.686 0.940 0.911 0.904 0.109 0.181 0.228 0.250 0.111 0.116 0.129 0.068 0.111 0.157 0.175 0.069 0.075 0.097

Complex 31 0.783 0.536 0.606 0.525 0.778 0.748 0.637 0.938 0.843 0.863 0.808 0.936 0.907 0.863 0.112 0.174 0.160 0.190 0.114 0.120 0.150 0.070 0.107 0.100 0.123 0.070 0.076 0.109

Blended 32 0.795 0.566 0.447 0.416 0.779 0.745 0.589 0.937 0.855 0.770 0.724 0.936 0.908 0.847 0.111 0.165 0.207 0.230 0.115 0.120 0.158 0.068 0.101 0.135 0.155 0.069 0.076 0.112

Score (Out of 32) 32 0 0 0 0 0 0 32 0 0 0 0 0 0 32 0 0 0 0 0 0 29 0 0 0 3 0 0

of confidence intervals) than other techniques for most of
the missing combinations except for the 13 cases (out of
32×4=128 cases) in Figure 3 marked by the circles. Even
for those 13 cases the average values of of EDI are better
than the average values of the other techniques in terms of

R2, d2, RMSE, and MAE.
The 95% confidence interval analysis of EDI with ex-

isting techniques on the Yeast data set is presented in Fig-
ure 4. The figure also indicates that EDI performs better
than the existing techniques for all missing combinations



except for those marked by the circles.
We can see from the figures that IBLLS in general per-

forms worse for a high missing ratios, whereas EDI main-
tains almost the same performance even for a high missing
ratios.

In Figure 5 we present a statistical significance anal-
ysis using t-test for all 32 missing combinations of all
data sets. The figure demonstrates a considerably bet-
ter performance of EDI over other techniques at p =
0.05 based on all evaluation criteria for the Autompg and
Yeast data sets. The t-values are higher than the t(ref)
values. We get the values of t (ref) using Student’s t
distribution table (Distribution table: Students t [online
available: http://www.statsoft.com/textbook/distribution-
tables/] 2013).

Figure 5: t-test analysis on Autompg, and Yeast data sets

4.6 Aggregated Performance Analysis for All Data
Sets

We now present aggregated performances of all tech-
niques in terms of missing ratios, missing models, and
missing patterns in Figure 6 for the Autompg data set. The
figures demonstrate that EDI performs better (i.e. higher
average imputation accuracy) than other techniques for all
missing ratios, for all missing models, and for all miss-
ing patterns in terms of R2 (Figure 6(a)), d2 (Figure 6(b)),
RMSE (Figure 6(c)), and MAE (Figure 6(d)).

Similarly for the Yeast data set we present the ag-
gregated imputation accuracies in Figure 7. The figures
demonstrate that EDI performs better (i.e. higher average
imputation accuracy) than other techniques for most of the
missing ratios, for all missing models, and for all missing
patterns in terms of all evaluation criteria except MAE
(Figure 7(d)) where DMI also achieves the same accuracy
for 5% and 10% missing ratios, and simple and medium
missing patterns.

We also present overall performances (i.e. the average
value of the accuracies for the 320 data sets) based on R2,
d2, RMSE, and MAE for the Autompg and the Yeast
data set in Table 6. For the data sets the overall imputation
accuracy of EDI is higher than the overall imputation ac-
curacy of other techniques. For the Autompg data set the
overall imputation accuracies of EDI, ESI, LDI and LSI,
in terms of R2, d2, RMSE, and MAE, are higher than
of DMI,EMI and IBLLS. Similarly we get better imputa-
tion accuracy for EDI on Yeast data in terms of R2, d2,
RMSE, and MAE.

Figure 8 presents the percentage of the combinations
(out of the total 64 combinations for the two data sets)
where the techniques perform the best. For example,
EDI performs the best in 98.44% combinations in terms
of R2 (Figure 8(a)), d2 (Figure 8(b)) and RMSE (Fig-
ure 8(c)), and in 93.75% combinations in terms of MAE
(Figure 8(d)).

Based on the experimental results of this study it ap-
pears that the imputation accuracy improves significantly

Table 6: Overall average performance on Autompg and
Yeast data sets
Data set Evaluation Criteria EDI ESI LDI LSI DMI EMI IBLLS

A
ut

om
pg

R2 0.841 0.822 0.822 0.821 0.818 0.797 0.744
d2 0.952 0.946 0.946 0.945 0.942 0.932 0.909
RMSE 0.090 0.095 0.095 0.096 0.097 0.104 0.118
MAE 0.065 0.068 0.067 0.070 0.073 0.080 0.085

Y
ea

st

R2 0.797 0.533 0.574 0.518 0.780 0.752 0.720
d2 0.940 0.842 0.831 0.793 0.936 0.910 0.905
RMSE 0.109 0.176 0.169 0.190 0.113 0.119 0.129
MAE 0.068 0.101 0.111 0.129 0.069 0.075 0.091

(a) R2 (b) d2

(c) RMSE (d) MAE

Figure 8: Percentage of combinations for all data sets,
where a technique achieves the best result.

by the use of the Early-imputation step in DMI. Out of the
four versions of the framework, EDI outperforms the oth-
ers in terms of all evaluation criteria for all data sets. The
initial experimental results indicate that the use of EMI in
the Early-imputation step and NDMI (i.e. DMI with the
M number of decision trees) in the Advanced-imputation
step improves the imputation accuracy significantly. EDI
achieves higher imputation accuracies than the accuracies
of DMI and the two other existing techniques.

4.7 Experimentation on the Imputation of the Cate-
gorical Missing Values

Unlike EMI and IBLLS, the proposed techniques (i.e.
EDI,ESI, LDI, LSI) can impute categorical missing val-
ues in addition to numerical missing values. Therefore,
we now compare the performances of the techniques with
only DMI, for the imputation of categorical values. Fig. 9
shows that EDI achieves lower RMSE and MAE val-
ues than DMI for all data sets. For each data set RMSE
andMAE values are computed using all 32 combinations.
Note that for RMSE and MAE a lower value indicates
a better imputation.

4.8 Execution Time Complexity Analysis

We now present the average execution time (in millisec-
onds) for 320 data sets (32 combinations × 10 data sets
per combination) with missing values for each real data
set in Table 7. We carry out the experiments on a machine



(a) R2 (b) d2

(c) RMSE (d) MAE

Figure 3: 95% confidence interval analysis on Autompg data set in terms of 32 missing combinations.

(a) R2 (b) d2

(c) RMSE (d) MAE

Figure 4: 95% confidence interval analysis on Yeast data set in terms of 32 missing combinations.



(a) R2 (b) d2

(c) RMSE (d) MAE

Figure 6: Aggregated performance on Autompg data set in terms of Missing Ratios, Missing Models, and Missing
Patterns.

(a) R2 (b) d2

(c) RMSE (d) MAE

Figure 7: Aggregated performance on Yeast data set in terms of Missing Ratios, Missing Models, and Missing Patterns.



Figure 9: Performance comparison for categorical impu-
tation on two data sets

having configuration 4 × 8 core Intel E7-8837 Xeon pro-
cessors, 256 GB RAM. EDI takes less time than IBLLS,
whereas it takes slightly more time than EMI to pay the
cost of a significantly better quality imputation.

Table 7: Average execution time (in milliseconds) of dif-
ferent techniques on the two data sets.
Data set EDI ESI LDI LSI DMI EMI IBLLS

Autompg 4,191 782 12,264 8,959 2,215 18 8,861
Yeast 6,913 4,164 182,670 193,147 3,024 92 173,209

5 Conclusion

In this paper we present a novel imputation framework
that uses two layers of imputation, an Early-imputation
and an Advanced-imputation step. We argue that an early
imputation before the actual one should improve the im-
putation accuracy significantly. Especially for an existing
technique called DMI the two layered approach of imputa-
tion should improve the accuracy significantly. We point
out that if a big number of records have missing values
then DMI may suffer from low accuracy. In this study
we experimented four versions of the proposed framework
on two data sets and four evaluation criteria. The experi-
mental results show that the version called EDI (which is
the combination of EMI and NDMI) gives the best results.
The superiority of EDI over ESI, and LDI over LSI sup-
ports our belief on the supremacy of NDMI over SDMI.
EDI performs better than ESI in 63 out of 64 combina-
tions, and LDI outperforms LSI in 50 out of 64 combina-
tions for the two data sets (see Table 4 and Table 5). Addi-
tionally, the superiority of EDI and the other three versions
of the proposed framework over the three existing tech-
niques justifies our argument in favour of the two layered
approach. EDI outperforms all three existing techniques
in 63 out of 64 total combinations for the two data sets.
Our future research plans include the further development
of the framework in order to reduce its time complexity.

References

Aydilek, I. B. & Arslan, A. (2013), ‘A hybrid method for
imputation of missing values using optimized fuzzy c-
means with support vector regression and a genetic al-
gorithm’, Information Sciences 233, 25 – 35.

Batista, G. & Monard, M. (2003), ‘An analysis of four
missing data treatment methods for supervised learn-
ing’, Applied Artificial Intelligence 17(5-6), 519–533.

Bø, T. H., Dysvik, B. & Jonassen, I. (2004), ‘Lsim-
pute: accurate estimation of missing values in microar-
ray data with least squares methods’, Nucleic acids re-
search 32(3), e34–e34.

Cai, Z., Heydari, M. & Lin, G. (2006), ‘Iterated lo-
cal least squares microarray missing value imputation’,
Journal of Bioinformatics and Computational Biology
4(5), 935–958.

Cheng, K., Law, N. & Siu, W. (2012), ‘Iterative bicluster-
based least square framework for estimation of miss-
ing values in microarray gene expression data’, Pattern
Recognition 45(4), 1281–1289.

Derjani Bayeh, A. & Smith, M. J. (1999), ‘Effect of phys-
ical ergonomics on vdt workers’ health: a longitudi-
nal intervention field study in a service organization’,
International Journal of Human-Computer Interaction
11(2), 109–135.

Distribution table: Students t [online available:
http://www.statsoft.com/textbook/distribution-tables/]
(2013). Accessed July 7, 2013.
URL: http://www.statsoft.com/textbook/distribution-
tables/

Dorri, F., Azmi, P. & Dorri, F. (2012), ‘Missing value im-
putation in dna microarrays based on conjugate gradient
method’, Computers in Biology and Medicine 42, 222–
227.

Farhangfar, A., Kurgan, L. A. & Pedrycz, W. (2007), ‘A
novel framework for imputation of missing values in
databases’, Systems, Man and Cybernetics, Part A: Sys-
tems and Humans, IEEE Transactions on 37(5), 692–
709.

Farhangfar, A., Kurgan, L. & Dy, J. (2008), ‘Impact of
imputation of missing values on classification error for
discrete data’, Pattern Recognition 41(12), 3692–3705.

Frank, A. & Asuncion, A. (2010), ‘UCI ma-
chine learning repository [online available:
http://archive.ics.uci.edu/ml]’. Accessed July 7,
2013.
URL: http://archive.ics.uci.edu/ml

Han, J. & Kamber, M. (2000), ‘Data mining: Concepts
and techniques’, The Morgan Kaufmann Series in data
management systems 2.

Junninen, H., Niska, H., Tuppurainen, K., Ruuskanen, J.
& Kolehmainen, M. (2004), ‘Methods for imputation
of missing values in air quality data sets’, Atmospheric
Environment 38(18), 2895–2907.

Khoshgoftaar, T. & Van Hulse, J. (2005), Empirical case
studies in attribute noise detection, in ‘Information
Reuse and Integration, Conf, 2005. IRI-2005 IEEE In-
ternational Conference on.’, IEEE, pp. 211–216.

Kim, H., Golub, G. & Park, H. (2005), ‘Missing value es-
timation for dna microarray gene expression data: local
least squares imputation’, Bioinformatics 21(2), 187–
198.

Li, D., Deogun, J., Spaulding, W. & Shuart, B. (2004),
Towards missing data imputation: A study of fuzzy k-
means clustering method, in ‘Rough Sets and Current
Trends in Computing’, Springer, pp. 573–579.

Liew, A. W.-C., Law, N.-F. & Yan, H. (2011), ‘Missing
value imputation for gene expression data: computa-
tional techniques to recover missing data from available
information’, Briefings in bioinformatics 12(5), 498–
513.

Liu, C., Dai, D. & Yan, H. (2010), ‘The theoretic
framework of local weighted approximation for mi-
croarray missing value estimation’, Pattern Recognition
43(8), 2993–3002.



Maletic, J. & Marcus, A. (2000), Data cleansing: Beyond
integrity analysis, in ‘Proceedings of the Conference on
Information Quality’, Citeseer, pp. 200–209.

Muralidhar, K., Parsa, R. & Sarathy, R. (1999), ‘A gen-
eral additive data perturbation method for database se-
curity’, Management Science pp. 1399–1415.

Oba, S., Sato, M., Takemasa, I., Monden, M., Matsubara,
K. & Ishii, S. (2003), ‘A bayesian missing value estima-
tion method for gene expression profile data’, Bioinfor-
matics 19(16), 2088–2096.

Olivetti de França, F., Palermo Coelho, G. & Von Zuben,
F. J. (2013), ‘Predicting missing values with bicluster-
ing: A coherence-based approach’, Pattern Recognition
46(5), 1255–1266.

Osborne, J. & Overbay, A. (2008), ‘Best practices in
data cleaning’, Best Practices in Quantitative Methods
pp. 205–213.

Quinlan, J. R. (1993), C4.5: Programs for Machine
Learning, Morgan Kaufmann Publishers, San Mateo,
California, USA.

Quinlan, J. R. (1996), ‘Improved use of continuous at-
tributes in C4.5’, Journal of Artificial Intelligence Re-
search 4, 77–90.

Rahman, M. G. & Islam, M. Z. (2011), A decision
tree-based missing value imputation technique for
data pre-processing, in ‘Australasian Data Mining
Conference (AusDM 11)’, Vol. 121 of CRPIT, ACS,
Ballarat, Australia, pp. 41–50.
URL: http://crpit.com/confpapers/CRPITV121Rahman.pdf

Rahman, M. G. & Islam, M. Z. (2013a), Data quality im-
provement by imputation of missing values, in ‘Interna-
tional Conference on Computer Science and Informa-
tion Technology (CSIT-2013)’, Yogyakarta, Indonesia.

Rahman, M. G. & Islam, M. Z. (2013b), ‘Missing value
imputation using decision trees and decision forests by
splitting and merging records: Two novel techniques’,
Knowledge-Based Systems .
URL: http://dx.doi.org/10.1016/j.knosys.2013.08.023

Rahman, M. G., Islam, M. Z., Bossomaier, T. & Gao, J.
(2012), Cairad: A co-appearance based analysis for in-
correct records and attribute-values detection, in ‘Neu-
ral Networks (IJCNN), The 2012 International Joint
Conference on’, IEEE, Brisbane, Australia, pp. 1 –10.

Rubin, D. (1976), ‘Inference and missing data’,
Biometrika 63(3), 581–592.

Schafer, J. L. & Graham, J. W. (2002), ‘Missing data:
our view of the state of the art.’, Psychological meth-
ods 7(2), 147.

Schneider, T. (2001), ‘Analysis of incomplete climate
data: Estimation of mean values and covariance matri-
ces and imputation of missing values’, Journal of Cli-
mate 14(5), 853–871.

Troyanskaya, O., Cantor, M., Sherlock, G., Brown, P.,
Hastie, T., Tibshirani, R., Botstein, D. & Altman, R. B.
(2001), ‘Missing value estimation methods for dna mi-
croarrays’, Bioinformatics 17(6), 520–525.

Twala, B. & Phorah, M. (2010), ‘Predicting incom-
plete gene microarray data with the use of super-
vised learning algorithms’, Pattern Recognition Letters
31(13), 2061–2069.

Willmott, C. (1982), ‘Some comments on the evaluation
of model performance.’, Bulletin of the American Mete-
orological Society 63, 1309–1369.

Wu, X., Kumar, V., Quinlan, J. R., Ghosh, J., Yang, Q.,
Motoda, H., McLachlan, G. J., Ng, A., Liu, B., Philip,
S. Y. et al. (2008), ‘Top 10 algorithms in data mining’,
Knowledge and Information Systems 14(1), 1–37.

Young, W., Weckman, G. & Holland, W. (2011), ‘A survey
of methodologies for the treatment of missing values
within datasets: limitations and benefits’, Theoretical
Issues in Ergonomics Science 12(1), 15–43.

Zhang, S., Jin, Z. & Zhu, X. (2011), ‘Missing data im-
putation by utilizing information within incomplete in-
stances’, Journal of Systems and Software 84(3), 452–
459.

Zhu, X., Wu, X. & Yang, Y. (2004), Error detection
and impact-sensitive instance ranking in noisy datasets,
in ‘PROCEEDINGS OF THE NATIONAL CONFER-
ENCE ON ARTIFICIAL INTELLIGENCE’, Menlo
Park, CA; Cambridge, MA; London; AAAI Press; MIT
Press; 1999, pp. 378–384.

Zhu, X., Zhang, S., Jin, Z., Zhang, Z. & Xu, Z. (2011),
‘Missing value estimation for mixed-attribute data sets’,
Knowledge and Data Engineering, IEEE Transactions
on 23(1), 110–121.


