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Abstract

This paper discusses the impact of making modifi-
cations to partition-discovering missing value impu-
tation techniques, and through this process devel-
ops a novel imputation algorithm which makes use of
partition discovering and multiple imputation - two
state of the art techniques. We discuss the difference
between global and partition-discovering imputation
techniques and show how the techniques have been
developed over time through making modifications to
existing techniques in the literature.

Beginning by examining the role of missing value
imputation as it relates to the world’s increasing de-
sire for data analysis, we proceed to review the cur-
rent state of the art in regards to global and partition-
discovering imputation techniques, and categorise a
variety of existing algorithms into these classes. Pro-
vided in this section is an in-depth discussion of an al-
gorithm from each of these categories (EMI and SiMI)
in order to gain a greater understanding of how each
one works before developing novel techniques.

This is followed by the presentation of several vari-
ants to the SiMI algorithm, which are used as a
launchpad to our discussion of our proposed tech-
nique, the MultiSiMI algorithm, which is shown
to improve SiMI’s quality of imputation on 6 of 7
datasets tested. This technique is the major contri-
bution of this paper. Each section with a variant of
SiMI presents experimental results for the variant dis-
cussed in order to gain an understanding of how intel-
ligent modifications to existing algorithms can result
in superior novel techniques such as MultiSiMI. We
conclude by reviewing the contributions of the paper
and recommending some future research directions.

Keywords: missing value imputation, data mining,
missing values, decision trees, data cleansing, data
munging

1 Introduction

As the world becomes increasingly dominated by dig-
ital media and technology, so too have we advanced
our methods of analysing data for various purposes.
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In the 21st century technology is so ubiquitous that
we are collecting more data than ever before. Data
mining algorithms such as decision trees and artificial
neural networks give researchers, marketers, and ana-
lysts the ability to peer deeply into the patterns that
exist in huge datasets, allowing them to find unprece-
dented levels of new information within the collected
records.

It may often be thought, however, that data col-
lection is perfect. Being surrounded by the numerous
devices we use everyday builds a false sense of se-
curity about their reliability. It is in fact the case
that whether by fault of the collection hardware, or
some information being deliberately omitted by the
data subject - datasets are commonly incomplete (i.e.
some attribute values are missing). In situations
where this is the case it is important that the miss-
ing values are preprocessed (for example cleansed) in
order to ensure that the analysis undertaken on the
data is more accurate and provides more meaningful
results than the analysis on the unprocessed data. If
there is noise in the dataset, the noisy values need
to be identified as such so that we can either correct
for the noise or mark them as if they were missing.
When the values are missing or marked as such, the
values need to be dealt with - often with a missing
value imputation strategy.

Historically, a common approach to handling when
a record in a dataset has missing values for one or
more of its attributes has been to completely remove
the record. This trivial solution is known as Com-
plete Case Analysis (Schafer & Graham 2002), and
while it seems like an intuitive idea it has several
problems. Simply removing records may cause bi-
ases towards particular values in attributes, causing
a skewed analysis (Schafer & Graham 2002). Substi-
tuting attribute means for missing values is another
simple approach for dealing with this problem, but
it has been shown in the literature to create biased
estimates (Tresp et al. 1995). Also, if one attribute is
missing in a record and we delete the whole record, we
lose the data in the rest of the record. This data may
be important or have ramifications for the analysis of
the dataset, and in a world where data is money it
is hardly an economical approach. Also, it has been
shown in the literature that the accuracy of predic-
tion using decision trees improves when imputing the
missing values in a dataset rather than leaving them
un-imputed (Wang et al. 2014).

Because of the limitations of such simplistic ap-
proaches to handling missing data, many algorithms
have been produced to make a well reasoned estimate
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for the missing values in a dataset. Amongst these
methods is the Expectation Maximisation Imputa-
tion (EMI) algorithm (Schneider 2001), which per-
forms an iterative imputation on the numerical miss-
ing values within a record by using the mean values
of the numerical attributes and the correlation matrix
of the dataset. By using a cycle of parameter estima-
tion and imputation until convergence, the algorithm
makes use of the common and well documented EM
technique (Dempster et al. 1977) for the purposes of
imputation.

Due to EMI’s reliance on the correlation matrix
between attributes, several techniques have been de-
veloped in order to find horizontal segments of the
dataset in which intra-attribute correlation and simi-
larity among the attributes are high. An early one of
these was DMI (Rahman & Islam 2011), which used
the leaves of a decision tree in order to find these
horizontal segments. A more advanced interpretation
of a similar concept can be found in SiMI (Rahman
& Islam 2013a), which instead finds the intersections
between leaves from the different trees of a decision
forest and uses these as the segments. SiMI proposes
that the records belonging to these intersections are
expected to be more similar than those of a single
leaf found by DMI, and therefore will provide bet-
ter results for the EMI imputation (Rahman & Islam
2013a).

Another regression-based technique for missing
value imputation is IBLLS (Iterative Bi-clustering Lo-
cal Least Squares) (Cheng et al. 2012). Originally de-
signed for use with microarray gene expression data,
this algorithm iteratively finds the nearest neighbours
of a record and imputes the missing values within
the record using a least squares equation, only tak-
ing into account of those attributes within the record
that are correlated highly enough with the target at-
tribute (i.e. the attribute with a missing value that
must be imputed). This, as well as EMI, can only
be used to impute numerical attributes, so another
technique must be undertaken to impute categorical
ones.

As seen in the evolution of SiMI from DMI, and
DMI from EMI, intuitive improvements to existing al-
gorithms provide fertile grounds for further research
within the field of missing value imputation. This
paper aims to build on this tradition by combining
the demonstrably powerful approach we identify as
partition-discovering with the advanced techniques of
multiple imputation. We present three variants of ex-
isting techniques, each identifying a key component
in previous literature as a basis on which to modify
existing algorithms. The first two of these provide
examples of how different methods of modification
result in a drastically different imputation accuracy
result, with a clear improvement from the first to the
second based on the nature of the change outlined.
Through the process of developing these first two, we
lead into our third - in which we show the strength of
our proposed technique MultiSiMI, which provides a
significant improvement upon the algorithm on which
it is based and is the major contribution of the paper.

The paper will begin by discussing the different
categories of missing value imputation techniques,
with an explanation of some techniques that fall
within them. The techniques are identified as global
and partition-discovering. A large number of mod-
ern missing value imputation techniques are placed
into these categories to provide a better understand-
ing of the way they work in relation to each other. We
then proceed to identify areas for change in existing
techniques, and show how our modifications work to
achieve a different result.

Each section provides experimental results which
we use to further understand the impact of the modi-
fications proposed. These results are gathered by run-
ning the algorithms in question on datasets we create
by inserting missing values in a variety of patterns, ra-
tios and models (Junninen et al. 2004) into publicly
available clean datasets (i.e. datasets with no missing
values) from the UCI Machine Learning Repository
(Bache & Lichman 2013). The patterns used are as
follows: a simple pattern, where a record can have at
most one missing value; a medium pattern, where if
there are missing values in a record then a minimum
two and a maximum of 50% of the attributes will be
missing; a complex pattern which has a minimum of
50% and maximum 80% attributes in a record with
missing values and a blended pattern which has miss-
ing records with a mixture of records from the other
three patterns, with 25% of the records with miss-
ing values being simple, 50% being medium, and 25%
being complex (Rahman & Islam 2013a). We also
use 4 ratios of missing values (1%, 3%, 5% and 10%)
which determine the percentage of total attribute val-
ues in the data set that are missing (Rahman & Islam
2013a). In each section, we compare the section’s
modifications to SiMI, the algorithm that has been
modified in each case.

It is important to note that there are multiple
mechanisms through which missing values can occur.
Missing at random (MAR) refers to when the miss-
ing attribute value depends on the other attributes of
the record that are missing (Schafer & Graham 2002).
Missing Completely at Random (MCAR) makes no
such assumptions, meaning we assume that the prob-
ability of the value being missing is in no way related
to anything else in the data set (Schafer & Graham
2002). Missing Not at Random (MNAR) implies that
missing values depend on other missing values so it is
subsequently impossible to estimate from those values
we have access to (Aydilek & Arslan 2013) (Schafer
& Graham 2002). The advanced techniques to be
discussed in this paper make the assumption that the
mechanism for missing values in the dataset is MCAR
- an important factor to note, as a different approach
would need to be undertaken for other patterns.

The models of missingness used are Overall and
Uniformly Distributed (UD). In the UD model, miss-
ing values are spread equally over all of the attributes,
wherein Overall they are not. With the four missing
patterns, four missing ratios and two missing mod-
els we have 32 combinations of missingness. Each
of these combinations is used to generate 10 missing
value data sets with any given clean data set in or-
der to compensate for the randomness in generating
the missing value data sets. The 320 missing value
datasets created for each original dataset have miss-
ing values in an MCAR pattern due to this process,
so the application of our missing value imputation al-
gorithms is suitable. We use this methodology for
testing as it has been used previously in literature of
a similar nature (Rahman & Islam 2011, 2013a, 2014)
due to the characteristics of missing data in a dataset
having an impact on the performance of the missing
value imputation techniques (Junninen et al. 2004).

We use the index of agreement (d2)(Junninen et al.
2004) evaluation criteria to evaluate the use of the al-
gorithms. Other evaluation criteria such as RMSE,
MAE and R2 (Willmott 1982) have been used in the
literature, but due to space restraints we will use the
aforementioned d2 criteria. For this evaluation crite-
ria, we display the average over all 32 combinations,
each of which has been averaged over 10 missing value
datasets. All of the data sets used are freely available
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Symbol Meaning
D Dataset
|D| No. Records in Dataset
A Set of Attributes
Aj jth attribute in A
ri Record i in D
rij Value of attribute j in ri
f Fitness function
k Number of initial centroids in k-means
τ Min. no. records in an intersection/cluster
µ Mean vector
Σ Covariance matrix
w Weight scalar
δ Correlation threshold
R Correlation Matrix
C Set of Clusters
Ci ith cluster in C
Cij ID of the jth record of the ith cluster in C
ĉi Cluster centre of Ci

Table 2: Symbol Table

from the UCI machine learning repository. See Table
1 for a summary of the data sets used in the exper-
iments. A list of commonly used symbols (Table 2)
has been provided to aid in the understanding of the
many algorithms discussed in the paper.

2 Background Research: What are Partition-
Discovering Imputation Techniques?

One of the most effective algorithms for missing value
imputation is EMI (Nelwamondo et al. 2007). EMI
works using the expectation-maximisation algorithm,
which iteratively updates parameters based on previ-
ous iteration’s results. This algorithm is designed to
work on a whole dataset, and provides a novel, global
technique to imputation.

It accomplishes this by computing the deviation
of the available attributes in a record with missing
values from their means, weighted by the correlation
between the available attributes and the missing at-
tributes. This correlation is derived from the covari-
ance matrix Σ, and we split the mean vector µ into
those attributes that are available in the record (µa)
and those whose values are missing in the record (µm).
We index the covariance matrix Σ as follows: Σaa
is the covariance matrix between available attributes
in the record, Σam is the covariance matrix between
those attributes available and those missing, Σmm
is the covariance matrix between missing attributes
in the record, and Σma is the covariance matrix be-
tween missing attributes in the record and available
attributes in the record.

A vector of missing attributes in a target record
ri, xm is estimated using the following equation:

xm = µm + (xa − µa)B + e (1)

Where xa is the available attributes in the target
record, B is defined as Σ−1aa Σam and e is a random
residual vector with 0 mean and covariance matrix
Σmm − ΣmaΣ−1aa Σam considered only on the first it-
eration (Schneider 2001). After each iteration of the
algorithm, EMI recalculates the mean vector µ and
the covariance matrix Σ, allowing the next iteration
to use a more accurate estimate for the true mean
vector and covariance matrix in its imputation. This
process continues until there is no longer any change
between iterations, meaning we have found the impu-
tation with maximum likelihood based on the process.

A quick inspection of the equation indicates two
things. First, the term (xa − µa) will be minimised

by highly similar records in the dataset, as the mean
vector will be very close to the available attribute
values. Secondly, the higher the correlation between
attributes, the more accurate the result based on the
regression coefficient matrix B. It is from these ob-
servations that justification for a new collection of
algorithms was developed.

SiMI (Rahman & Islam 2013a) and its predeces-
sors take a completely different approach by improv-
ing imputation accuracy from previous techniques -
not by directly altering a basic algorithm or propos-
ing a trivial imputation solution, but by providing an
existing algorithm with an environment in which it
can perform its imputation better. These algorithms
justify this approach by claiming that certain seg-
ments of a dataset typically have higher correlation
between attributes than their correlation within the
whole dataset. They also argue that this property
improves the efficacy of EMI as EMI uses the corre-
lation between attributes as a primary component of
its imputation calculation (Rahman & Islam 2011),
as we previously observed. An example of this prop-
erty would be the correlation between age and height.
Within a dataset representing people, records with an
age below 20 will likely have a high correlation be-
tween age and height that does not exist in the rest
of the dataset. Similarly, SiMI proposes that these
groups will also have highly similar records, provid-
ing even further justification.

SiMI’s process works as follows. First, the dataset
is divided into two parts; in one part we have all the
clean records that have no missing values, and in the
other we have all records that do have missing values.
Then, SiMI builds a decision forest (Islam & Gig-
gins 2011) on the clean records in the dataset, and
once we have the rules for the decision trees in the
forest, we assign the missing value records to their
appropriate leaves. Each tree in the forest will have
leaf whose logic rule satisfies the attribute values of a
record ri. We say that this record ri belongs to the
leaf, so therefore each leaf represents a set of records
whose attribute values are satisfied by the leaf’s logic
rule. The record ri belongs to one and only one leaf of
each tree, but since there are n trees in a decision for-
est, ri belongs to n leaves, one from each tree. SiMI
will then take the intersection of each of these n sets
of records. Now, ri belongs to one and only one in-
tersection, and this intersection is considered by SiMI
to consist of highly similar records to ri.

As some of these intersections may be very small,
SiMI uses a merging algorithm to merge intersections
that have less than a user defined value τ records. In
considering which intersection that the smallest inter-
section with less than τ records should merge with,
SiMI implements a user defined weight λ. They con-
sider two criteria for selecting the best intersection
to merge with, and use λ to determine the strength
of these criteria on the selection process. The first
of these criteria is similarity between intersections
(Sim), in which we calculate the normalised record-
to-record distance from one intersection to the other
(dj) and find the similarity via (1− dj). The second
criteria is correlation (Cor), which is determined by
the L2 norm of the correlation matrix for the new in-
tersection that would be created if the two candidate
intersections were merged. These criteria are com-
bined as follows:

V = Sim× λ+ Cor × (1− λ) (2)

SiMI merges the smallest intersection with the in-
tersection that provides the highest V value. This
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Dataset Name No. of Records (|D|) No. Numerical Attr. No. Categorical Attr. Total Attr.
Yeast 1484 8 1 9
Pima 768 8 1 9
Credit Approval
(CA)

653 6 10 16

Contraceptive
Method Choice
(CMC)

1473 2 8 10

Heart 270 6 8 14
German CA (nu-
meric)

1000 24 1 25

Auto MPG 392 5 3 8

Table 1: Summary of data sets used

process iterates until there are no more intersections
with less than τ records. Once this merging is com-
pleted, SiMI performs an imputation with EMI to
deal with missing numerical values, and a mode im-
putation (from just within the intersection) in order
to deal with categorical attributes. Figure 1 shows
how SiMI finds intersections with which to perform
these operations on.

Missing value imputation algorithms can be
grouped into two sometimes overlapping categories.
The first category is global techniques, which use the
entire dataset provided in order to impute the miss-
ing values. Algorithms such as EMI, least-squared
imputation (Cai et al. 2006) (another regression tech-
nique), FIMUS (Rahman & Islam 2014), mean im-
putation (Schafer & Graham 2002), mode imputa-
tion (Schafer & Graham 2002), hot deck imputa-
tion (Schafer & Graham 2002), and Support Vec-
tor Regression Imputation (Mallinson & Gammer-
man 2003) fall into this category. Algorithms that
divide the dataset in order to find a better environ-
ment to perform a global imputation technique within
can be described as partition-discovering, and include
DMI (Rahman & Islam 2011), IBLLS (Cheng et al.
2012), ILLS, LLS (Cai et al. 2006), k-NNI, SVDIm-
pute (Troyanskaya et al. 2001), and SiMI (Rahman &
Islam 2013b).

SiMI was shown in its original paper to provide
better results than EMI over many datasets (Rahman
& Islam 2013a), and as such we compare against SiMI
only in our experiments (as the purpose of the exper-
iments is to improve the imputation quality of SiMI).
It is important to preface the following study with a
note however - parametric partition-discovering tech-
niques can be temperamental. The following section
seeks to address this with the following question: ”are
decision trees really the best way to find high similar-
ity horizontal segments?”

3 Using Alternative Methods for Finding
High Similarity Horizontal Segments

SiMI and its predecessors use a decision tree or deci-
sion forest in order to find horizontal segments (i.e.
subsets of records) of a dataset where within each sub-
set the records have high similarity and the attributes
are highly correlated. This is in order to increase
the effectiveness of the EMI algorithm for imputing
numerical attributes, and to provide sets of similar
records for a better mode imputation on categorical
attributes (Rahman & Islam 2013b).

A major issue with the use of decision trees for
finding horizontal segments with high similarity is
that they are a complex solution to a relatively sim-
ple task. The popular decision tree algorithm C4.5
has been extensively studied, and is known to have a
complexity of O(|D||A|2) (Su & Zhang 2006) where

|D| is the number of records in the dataset and |A|
is the number of attributes. For a high dimensional
dataset the complexity of building a tree can be very
high. Moreover, not all datasets have well defined
class attributes, so this can also be problematic as if
the decision trees have a low prediction accuracy they
may not be finding highly similar records within their
leaves. SiMI also requires the specification of several
parameters, including the parameters for decision tree
and decision forest algorithms. This amounts to at
least 8 parameters when we take into account SiMI’s
own λ and τ values (Rahman & Islam 2013b). Hav-
ing these parameters set to non-optimal values (which
vary from dataset to dataset) can drastically reduce
the quality of the imputation produced. The pro-
cess that SiMI undertakes in order to find horizontal
segments is explained in more detail in the previous
section, but this startling fact can be a motivating fac-
tor in developing new missing value imputation tech-
niques.

Clustering algorithms are designed to find distinct
sets of close records within a dataset (Jain 2010), and
due to this may yield the potential for a better im-
putation result when combined with a regression al-
gorithm such as EMI as has been done in DMI and
its successors, or the least squares regression used in
IBLLS. We propose that in the context of missing
value imputation, the need to find distinct clusters is
less important (i.e. those with high intra-cluster sim-
ilarity and low inter-cluster similarity) than the need
to find groups of highly similar records (i.e. consid-
ering high intra-cluster similarity and ignoring inter-
cluster similarity), meaning we can also use a different
method for determining the fitness of the set of clus-
ters found.

We present a modification to SiMI for the purposes
of testing the hypothesis that a clustering algorithm
can be used in order to find high similarity horizon-
tal segments, which will be further referred to as k-
Means SiMI. For a clustering algorithm, we will use
k-means, as it is widely used and has a low complex-
ity of O(|D|) (Jain 2010). The k-means algorithm
uses a simple iterative process to find cluster, and as
the name suggests takes a parameter for the number
of expected clusters, k. The algorithm begins by se-
lecting k centroids from random points from within
the dataset, and assigns each records to one of these
centroids. The centroids are then recalculated by tak-
ing the mean of the attributes of each of the records
in their cluster, and this process of assignment and
recalculation is repeated until there is no change in
the cluster boundaries. These operations are all per-
formed on a normalised version of the dataset. Due to
the normalisation process it is possible to naively in-
clude categorical attributes in the k-means process by
considering a distance of 1.0 to non-matching values
and 0 to matching values. However, in this experi-
mentation we do not include categorical attributes in
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Figure 1: SiMI finding intersections on a basic dataset (Rahman & Islam 2013a).

the k-means process since it would place an imbal-
ance onto categorical attributes in the distance calcu-
lations.

In order to set the k value and to deal with the non-
deterministic nature of k-means, we run the algorithm
multiple times (10 in our experiments) with various

k values (between 2 and
√
|D|) to get several sets of

clusters, and select the set of clusters that provides
the best score with a fitness function f . This fitness
function can be designed in many ways, and will have
an impact on both the complexity and effectiveness
of the algorithm. One way of determining f is to
take into account the intra-cluster similarity between
records and their cluster centre, weighted by the ratio
of amount of records inside the cluster. Given this,
we have:

f1 =

∑|C|
i

∑|Ci|
j sim(rCi,j , ĉi)

|D|
(3)

Another potential fitness function we could use is
based on Pearson correlation. This potential fitness
function works by taking the average of the norms of
the correlation matrix of the clusters.

f2 =

∑|C|
j=1 ‖Rj‖2

|C|
(4)

Where Rj is the correlation matrix of the jth clus-
ter.

After running k-means multiple times, we select
the set of clusters with the highest f value and use
this to proceed to the next step. Any cluster in this
set that has less than τ records must be merged with
another cluster, and we use SiMI’s intersection merg-
ing procedure for this. As with SiMI, these horizon-
tal segments have their numerical values imputed us-
ing EMI, and their categorical attributes imputed via

mode imputation. All tests performed on SiMI in the
experiments of this study we use a minimum of 7 deci-
sion trees, and a minimum of 100 records in each leaf.
In cases where the training dataset (i.e. the clean
records of the dataset) is too small to accommodate
these parameters, we use a minimum record number
between 20 and 5. Forests are generated using the
SysFor (Islam & Giggins 2011) algorithm, and trees
are generated using C4.5 (Quinlan 1993). The results
are shown in Figure 2, with k-Means SiMI (shortened
to kSiMI) indicating its fitness function as either f1
(kSiMi f1) or f2 (kSimi f2) from Equations 3 and 4.

As mentioned previously, the results in this paper
are presented using index of agreement (d), defined
for a record ri in (Junninen et al. 2004) as:

d = 1−

[ ∑|A|
j=1(rij − r′ij)z∑|A|

j=1(|rij − µj |+ |r′ij − µj |)z

]
(5)

where z is either 1 or 2,rij is the original value
for Aj (before missing values are added), and r′ij is
the imputed value for Aj . We use z = 2, thus the
designation d2. We present the average d2 over the
whole dataset, where a higher value is better.

Our results show three important characteristics.
Firstly, the new variant only provides a consistently
better result on the AutoMPG dataset. This may be
due to AutoMPG having a small number of records,
or due to the dataset having clearly defined clusters.
Secondly, on the German CA dataset, the fitness func-
tion f1 when used with k-Means SiMI outperforms
SiMI, whereas f2 does not. This is in contrast to on
the AutoMPG dataset, where in the situation that
both fitness functions with k-Means SiMI, f2 outper-
formed f1 Finally, and as a consequence of the pre-
vious two characteristics, we can see that the fitness
function appears to have a large impact on the per-
formance of the k-means SiMI algorithm.
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Figure 2: k-means SiMI d2 results (higher the better)

The results obtained from testing this modifica-
tion compared with the existing algorithm SiMI are
thoroughly interesting, and from them we can derive
several meaningful and justified directions for further
research. We see that k-means partitioning performs
with less efficacy than SysFor partitioning, likely due
to the enhanced ability of a decision forest for tak-
ing into account categorical attributes for partition-
ing. Further tests should be completed using categor-
ical attributes during clustering, although we advise
the reader to use distance measures which are better
suited to categorical attributes rather than the naive
approach described earlier for this. Some of these
include Eskin (Xiang & Islam 2014), IOF (Xiang &
Islam 2014), and Gambryan (Xiang & Islam 2014),
each of which has been shown to work with differ-
ing degrees of efficacy depending on the nature of the
dataset (Xiang & Islam 2014). Perhaps a new, more
powerful fitness function needs to be used, taking into
account a combination of both similarity and correla-
tion. At any rate, this seems to indicate that further
research into the field of missing value imputation
with regards to finding horizontal partitions needs to
be focused on using more sophisticated methods of
finding the partitions, rather than just k-means on
numerical attributes with the specified fitness func-
tions.

In order to gain an understanding of the results,

Figure 3: Results of correlation tests within partitions

we decided to test the average correlation within SiMI
intersections and the k-means clusters our algorithm
generates (using the norm of the correlation matrix
for the subsets). The results of this can be seen in Fig-
ure 3. Not surprisingly, SiMI had a higher correlation
on most datasets, although there are some peculiari-
ties. Firstly, AutoMPG, the dataset on which the new
algorithm performs best, does not have a higher aver-
age correlation between attributes inside the k-means
clusters. Also, on German CA, Pima and Yeast we
find that the k-means clusters have a higher average
correlation than SiMI intersections. This may point
to something else providing the enhancement in impu-
tation accuracy for EMI, rather than the correlation
being high as was suggested previously (Rahman &
Islam 2013a).

Certainly there are upsides to the k-Means SiMI
algorithm. Firstly, in that it is less complex than an
algorithm such as SiMI. Secondly, it requires only 3
parameters in comparison to the at least 8 required
by SiMI. In the past, in order to improve the horizon-
tal segments found by DMI, a pre-imputation step
was used. In the next section we discuss the use of
this technique to improve the quality of clustering
performed by k-Means SiMI to achieve an improved
imputation results.
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4 Consecutive layers of imputation

Techniques such as EDI (Rahman & Islam 2013b)
have effectively used multiple consecutive layers of
imputation in order to provide a better final impu-
tation result. IBLLS similarly uses a self updating
threshold to iteratively perform imputations that im-
prove over time (Cheng et al. 2012). Subsequently,
one may expect that by applying the same logic to
the dataset before running the clustering algorithm
k-means may improve the clusters and thus allow for
a better imputation result.

EDI works by running a pre-imputation step be-
fore creating decision trees. In this step, the entire
dataset has its numerical attributes imputed by EMI,
and this imputed dataset is passed onto C4.5 to create
a decision tree (Rahman & Islam 2013b). The the-
ory behind this technique is that the imputed dataset
should provide leaves more suitable for use in the DMI
algorithm. The leaves found by the decision tree have
the imputed numerical values replaced with their orig-
inal missing values and are imputed using EMI and
categorical attributes are imputed using a mode im-
putation.

This technique can also be applied to the k-Means
SiMI algorithm described earlier in order to poten-
tially achieve a better clustering result by allowing
us to cluster all of the records at once. We call
this new algorithm EKSiMI. We impute numerical
attributes using EMI before using k-means to cluster
the records, and then merge clusters that are below
user defined minimum size τ . We then replace the
records that originally had missing values within the
final clusters. Finally, we impute as before, using EMI
for numerical attributes within clusters and mode im-
putation using the modes of records within clusters
for the categorical attributes. For the k-Means SiMI
cluster fitness function, we have used f1 described
earlier.

The results found on EKSiMI (using the distance
based fitness function) provide an interesting result
(Figure 4). On most of the datasets, using EMI be-
fore the clustering process as a pre-imputation step
provides a better final imputation results than stan-
dard k-Means SiMI, and makes it significantly more
competitive with SiMI. This is likely due to the pre-
imputation step allowing all records to be clustered
at once, rather than clustering the clean records and
assigning missing value records to the closest cluster
afterwards.

We see the results of EKSiMI as promising, and
indicative of the potential of using cluster-based
partition-discovering techniques in the future. Future
cluster-based partition-discovering techniques should
however attempt to use a pre-imputation step for
potentially better results. Perhaps with this pre-
imputation step and a better fitness function, k-
Means SiMI could become a very strong contender
for missing value imputation. This technique, like
EDI before it, suffers from a key problem however: if
the initial imputation is incorrect or of poor quality,
the second imputation will suffer dramatically. Unfor-
tunately, while ever we use consecutive imputations,
we create a dependency on the quality of the first im-
putation - something which can never be guaranteed,
especially when there is a high volume of missing val-
ues in the original dataset.

The following section continues the idea of using
several imputations, but we remove this dependency
on a single pre-imputation by performing several im-
putations simultaneously in order to define our pro-
posed technique.

Figure 4: k-Means + EDI d2 results (higher the bet-
ter)

5 The Proposed Technique: Multiple Paral-
lel Imputations

Multiple imputation (not to be confused with mul-
tiple consecutive layers of imputation) is a powerful
technique which relies on taking multiple independent
plausible imputed values for a missing value and com-
bining them to find an improved imputation result
(Schafer & Graham 2002). SiMI and the new tech-
nique k-Means SiMI both provide the ability to in-
tuitively get such an imputation result. A decision
forest (such as SysFor (Islam & Giggins 2011)) cre-
ates multiple trees based on considering different at-
tributes as the root node and selecting different split-
ting points when generating the trees. If we consider
each of the subsets found in these decision tree leaves
to be a plausible subset for classifying a record, and
instead perform EMI on the subset in order to im-
pute missing values, then we create a system where
we use several samples of the dataset to generate im-
putation results which should be close to the truth,
as we already know that EMI performs better within
the leaves of a decision tree (Rahman & Islam 2013b).

Figure 5 provides an example of how a single
record within a dataset of size n×m falls into a sin-
gle leaf in a tree, but several in a forest. Each of the
rectangular nodes represents a splitting point based
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Figure 5: Example of leaves in a decision forest.

on one of the m attributes in the dataset. The lines
which proceed from these rectangular nodes explain
the rules upon which the forest has split the data to
create the subsets used in its child nodes. Circular
nodes represent leaves, and the amount of records of
each class that falls within each leaf is printed inside
the node. The forest is built on the clean records of
the dataset, of which there are 235 in this example.
Let us assume that r1 has a missing value for attribute
Aj . In order to impute the value for Aj , we first must
see which leaf r1 falls into for each tree. In the figure,
we see that record r1 falls into the middle leaf of T1
and leftmost leaf of T2 (this is indicated by the thick
line linking the record to the leaves). We take the
subset found from T1 containing 100 records, 80 of
which are in class C1 and 20 of which are in class C2,
and append our missing-value record r1. With this
subset we perform EMI to impute missing numerical
attributes, and perform a mode imputation to impute
missing categorical attributes. This gives us an im-
putation we store as r1ij , as this is the imputation for
value rij with the 1st tree. This process is repeated
for each of the T trees in the forest. The second im-
putation r2ij will use a subset with 136 other records
based on the leaf r1 falls into for T2.

In the process of modifying SiMI to use this tech-
nique we can skip the step of intersection, but still use
SiMI’s merging strategy amongst the leaves of indi-
vidual decision trees in order to ensure we have leaves

of sufficient size for our imputations. Each imputa-
tion for attribute Aj in ri can be represented as rlij ,
and we express the full imputation as:

rij =

T∑
l=1

rlij

T
(6)

Making such a simple change may seem trivial,
however the results speak for themselves (Figure 6).
MultiSiMI (as we have dubbed this algorithm) out-
performs SiMI on 6 of the 7 datasets we have pre-
sented. Of all the modification techniques attempted
so far, it would appear that multiple imputation
can provide the key to unlocking the potential of
partition-discovering imputation techniques in the fu-
ture. We can see in MultiSiMI the true potential
for improvement that exists when making intelligent
novel modifications to existing partition-discovering
imputation algorithms. This technique could be ap-
plied to many other algorithms in both creative or
trivial ways. An example of a trivial solution would
be to perform a k-NN imputation multiple times with
many k values, and average the results.

6 Conclusion

In this paper we have proposed a new technique based
on combining a partition-discovering approach with
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Figure 6: MultiSiMI d2 results (higher the better)

multiple imputation, discussed variants to partition-
discovering algorithms and how they effect im-
putation accuracy, and classified several existing
techniques into two classes: global and partition-
discovering. We have thoroughly examined the inner-
workings of some of these existing algorithms and
shown through the development of our variants to
SiMI and final proposed technique MultiSiMI how the
process of making intelligent changes to existing miss-
ing value imputation algorithms provides grounds for
future research and stronger imputation results. Our
proposed algorithm, MultiSiMI, performs better than
the original algorithms it is based on in six out of
seven tested situations and is the major contribution
of the paper. The others perform better on certain
patterns of missingness, and particularly perform well
on the AutoMPG dataset. A comprehensive analy-
sis should be undertaken in the future to see what
exactly makes these algorithms perform to a higher
degree of success on particular datasets. The issue of
parameters having a wildly unpredictable impact on
decision tree based partition-discovering techniques
is addressed and related to this issue. This is an-
other potential field in which further research should
be conducted.

This paper achieves its aim of understanding the
state of the art for missing value imputation and
showing how that understanding can be translated

into successful new algorithms. By examining the
impact on imputation accuracy caused by the pro-
posed changes, we get an even better understanding
of how the state of the art will change in the near-
future. The process of data cleansing is essential in
the field of data analysis, and so it is important that
the processes used are practical and make use of the
most appropriate techniques. We show how altering
the method for partition-discovery in existing algo-
rithms effects the imputation result through k-Means
SiMI, show how using an early imputation step can
be used to increase the quality of the final imputation
result using EKSiMI, and explore the use of multiple
imputation in order to remove any dependencies be-
tween consecutive imputation steps and find a higher
quality overall imputation result, giving us our final
proposed technique. The design philosophy for Mul-
tiSiMI can easily be translated to create many other
novel techniques based on the multiple imputation
paradigm.

In many situations, it will be difficult to ascertain
the correct parameters for missing value imputation
algorithms, so we believe that an important step in
the future is to develop techniques that require as lit-
tle user input as possible. Complexity is also a major
issue which is not addressed in many existing algo-
rithms, with those algorithms instead being focussed
on providing accuracy by any means necessary. Big
data is said to consist of ”three v’s” - velocity, vari-
ety, and volume (Zikopoulos et al. 2011). The issue of
complexity becomes increasingly important when we
consider the volume of the data we are dealing with
and the velocity at which it arrives - which of course
requires it to be cleansed in a timely manner. None
of the existing techniques discussed take this into se-
rious account - so we see this as a strong contender
for future research.

The problem of missing values in datasets is by
no means solved. Extensive changes to the field are
expected to take place over the next few years, as
better techniques are discovered and developed. This
paper demonstrates the huge potential of the field’s
future development and the practicality of employing
these techniques.
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