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Abstract—-(Gene expressions measured asing microarrays usually
encounter the problem of missing values. Leaving this unsolved
may critically degrade the reliability of any consequent down-
stream analysis or medical application. Yet, a further study of
microarray data might be impossible with many analysis
methods requiring & complete data set. This paper introduces a
new methodology to impute missing values in mieroarray data.
The proposed algorithm, CKNN impute, is an extension of &
nearest neighbor imputation with local data clustering being
incorporated for improved quality and efficiency. Gene
expression data is typically represented as a matrix whose rows
and columns correspond to genes and experiments, respectively,
CKNN kicks off by finding a complete dataset via the removal of
rows with missing vatue(s). Then, % clusters and their corves-
ponding centroids are obtained by applying a clustering
technique on the compiete dataset. A set of similar genes of the
target gepe (with missing values) are those belonging to the
cluster, whose centroid is the closest the target. Having known
this, the target gene is imputed by applying & mearest neighbor
method with similar genes previously determined. Empirical
evaluation with published gene expression datasets suggest that
the proposed technique performs hetter than the classical &
nearest neighbor method and its extension found in the literature.

Index Terms—missing valie, imputation, micrearray datn,
clustering

1. INTRODUCTION

DNA microarray technology is a method for probing the
expression of thousands of genes under a variety of experi-
menttal conditions. Gene expression data obtained from
microarray experiments has inspired several applications,
including the identification of differentially expressed genes
for molecular studies or drug therapy response [20] and the
creation of classification systems for improved cancer
diagnosis {15]. Traditiona! date mining algorithms such as &-
means and apglomerative hierarchical clustering have proven

-useful for identifying biologically relevant clusters of tissue
samples/experimental conditions and genes [7].

Despite such benefits, gene expression data are frequently
peppered with missing values (MVs) that may occur for a
variety of reasons. These include insufficient resolution, image
corruption, array fabrication error, and experimental error
during the laboratory processing [11]. Therefore, the treatment
of missing values is a critical step in preprocessing as data
quality is a major concern in consequent downstream analysis.
This so-called data cleaning [6] the need for repeating experi-
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ments, which can be expensive and time consuming. Note also
that the repeat of experiments may not guarantee data
compieteness.

The dilemma of missing values is an actual yet chaflenging

issue confronted in many researches in machine learning and
data mining. Missing values may generate bias and negatively
affect the quality of the supervised leaming process or the
performance of data clustering algerithm [22], 23], In
general, dealing with missing values is to find an approach
with the ability to fill in these previously unknown whilst
maintaining (or approximate as closely as possible) the
original distribution of the data under examination. Imputation
is a term that denotes a procedure of replacing the missing
values in a dataset by some plausible values. Many analysis
methods, such as principle component analysis [9] or
clustering analysis, require a complete data matrix, Missing
data are often replaced by zeros or less often, by an average
expression over the row, or ‘row average’ [1]. These statistical
approaches are rarely optimal, since they do not take into
consideration the correlation structure repre-sented within the
data.
Ia response, a number of more iatelligent techniques, such as
k-nearest neighbors (KNN) {18), local least squares (LLS)
[13] and Bayesian principal-component analysis (BPCA) [11],
have been recently introduced in the literature, especially for
microarray data (see [1] for a survey). In many studies that
investigate the effect of missing values on biomarker
discovery and discase classification, the empirical findings
suggest minor differences among KNN, LLS and BPCA with
respect to the classification accuracy [21]. As compared to
KNN, BPCA and LLS are less efficient and not appiicable to a
large dataset [19]. In general, the KNN impute method find k
other genes with expressions most similar to that of target
gene (with missing values). The missing value of target gena
is estimated by the average of corresponding values recorded
for those k closest genes. To boost the performance, several
extensions of KNN, so-called weighted KNN [10], [12], are
put forward with different weighting schemes for nearest
neighbors. Specifically, the contribution of each gene is
weighted by the similarity between its expression and that of
target gene. As such, the higher the similarity is, the greater
the height becomes.

Despite its simplicity and the reported success, the acquisi-
tion of nearest neighbors, for both KNN and the weighted
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counterpart, is driven only by proximity. This is effective
when neighbors are spatially distributed, ie., groups/clusters
of neighbors do not exist. Such an assumption and the
consequent selection of neighbors can be sub-optimal with
most datasets in which data clusters normally reside. For the
imputation of gene expression values, this may lead to an
inaccurate estimation, especially for those target genes situate
by the edge of a cluster. Hence, bringing information regard-
ing data clusters into the imputation process may resolve the
aforementioned problem, This paper presents a novel extens-
ion of KNN, Cluster based KNN {(CKNN) impute, which is
based on the discovered clustering model. The 4-means
clustering algorithm is used to obtain clusters of dataset under
examination, Instead of using all available genes, only those
genes in the cluster whose centroid is the closest to the target
gene are candidates for the nearest neighbors. To prove the
underlying intuition, this new method is evaluated on several
published microarray datasets, in comparison with basic
statistical techniques, the traditional KNN and its weighted
variation. The remaining of this paper is organized as follow,
In Section [, details of related work are included to provide
background and basic concepts relating to missing value
imputation. Section HI presents the CKNN imputation
algotithm, while the performance evaluation is explained in
Section 1V. The paper is concluded in Section V with the
perspective of fulure work.

.

A. DNA Microarray

Bioinformatics has been one of the most fast developing
fields in scientific research. As an important tool in bio-
informatics, microarray technology was developed in a great
need. It provides a remarkable methodology to monitor the
expression fevel of a large amount of genes. This tachnology
has created a number of new opportunities to study human
discase. For instance, many microarray studies have dis-
covered clinical subtypes of cancer with different prognoses
trom those identified by other methods [2]. Many biologists
have performed microarray experimenis on various problem
domains, However, the resulting mass of data, oflen as
millions of measurements, can be overwhelming for human
comprehension and pose great challenges on data prepro-
cessing and analysis methodology.

One of the major difficulties with microarray data is the
presence of missing values that are commonly due to & number
of diverse reasons. These include insufficient resolution,
image corruption, dust or scratches on the slide or experiment-
tal error during the laboratory process. Moreover, missing data
may ocour systematically as a result of the robotic methods
used to create them [14]. Generally, missing of data around 1-
10% would affect up to 95% of the genes in any microarray
experiment [4]. Of course, one possible solution to recover the
dataset with missing values is to repeat the experiment, which
is inefficient and sometimes infeasible. Hence, the missing
values in the original data need to be predicted mathema-
tically. For & reliable downstream analysis and application, it

RELATED WORK
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is desirable to develop a proper algorithm fo achieve the
maximum accuracy of imputation for microarray data.

B. K-Nearest Neighbor (KNN) Imputation
KNN is a standard missing value imputation method,

which has been infroduced by [18]. This nearest-neighbor
based technique takes advantage of the correlation structure in
microarray data by selecting a set of genes with expression
profiles similar to the gene of interest to impute missing
values. Accordingly, the imputation process is typically
divided into two steps. In the first step, a set of genes nearest
to the gene with missing vatues (i.e., target gene) are selected.
Lel microarray data be formulated as a gene expression matrix
G with m rows and # columns corresponding to genes and
experiments, respectively. To impute a missing value Xgiof
gene xg, g € {1,...m} and experiment { € {1,...,n}, it is io
find k other genes, each with a known value for experiment
{ and its expression profile (considering all experiments) being
the most similar to that of gene Xy

A number of different measures, namely Pearson correla-
tion, Euclidean distance and variance minimization, have been
investigated in [18] for the determination of gene similarity, In
spite of its sensitivity to outliers, Euclidean distance appears to
be an accurate norm, In principle, Fuclidean distance is
defined as follows.

1

2
Z{xir’ - x;’v) .

p=i

d{'j = diSt(JC,:, xj-) - (1)
where dist(x;, x;) denotes the Euclidean distance between
genes x; and x;, 7 is the number of microarray experiments,
and xg, is the p*" experiment of gene x;.

The second siep involves the prediction of the missing
value using the observed values belonging to the selected
group of genes. At this stage, an average of values in experi-
ment { from the & closest genes is then used as an estimate for
the missing value in gene x5, The estimated value Ty of the
missing x,; can be caleulated by:

g = sy Y @

k

herelN, is the set of £ nearest neighbors of gene xy. In the
weighted variation, the contribution of each gene x, € Nyis
weighted by the similerity of its expression to that of
genexg ntuitively, higher weights are assigned to more similar
gene.
A weighted average of values from k nearest genes is then
used as an estimate for the missing value in target gene. This
weight calculation is defined by:
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where k 13 the number of closest genes and d; is the distance
between i gene and target gene.



C. K-Means Clustering

K-means is one of the simpie and highly efficient unsuper-
vised learning algorithms that solve the well-known clustering
problem. it aims to divide 2 given set of data into a predefined
number of groups or clusters, Having accomplished this, a set
of centroids (i.e., cluster centers) is systematically discovered
and fater used as future reference. For a given gene expression
data G € R™", each x,g=1...m, corresponds to a gene
which can be represented by a profile of n-experiment values,
Le., Xz = (Xg1, ves Xgn). The k-means algorithm searches for
the partition 7 = {Cy, ..., Cg} of genes (xy,..,x,) into %
clusters, such that genes in the same cluster are more similar to
each other than to those in the other clusters. This is achieved
through minimizing the following objective function:

Jinn = k iiun(xi;—zlj)zj

(=1 i=1 j=1

(4)

where Y, uy = 1, U € R™*" is a matiix in which each entry
uy represents a membership degree that object x; € & has with
cluster C; € m(u;; € {0, 1} and uy € [0,1] for crisp and soft
clustering, respectively). In addition, Z = {2y, .., 2} denotes a
set of vectors each representing the centroid of & clusters, i.e.,
Zy = {21, . 2 , V1 = 1 ... k. This algorithm is composed of
the following steps:

» Stepl: randomly select an initial set of & centroids, i.e. Z.

# Step2: assign each object to the cluster whose centroid is

the closest, i.e. update U,
¢ Step3: when all objects have been assigned, recalculate
the positions of the k centroids, i.e. update Z.

e Step4: repeat steps 2 and 3 until the centroids are on

longer changed.

Although it can be proved that the aforementioned proce-
dure will always terminate, k-means does not necessarily find
the most optimal configuration, corresponding te the objective
function J (U, Z}. In addition, the algorithm is also sensitive to
the initial randomly-selected centroids [7].

D. Davies-Bouldin{DB) Measure
The guality of a data partition, i.e. a set of clusters, can be
Jjudged using the validity criterion such as compactness of data
within 2 cluster and separation between clusters [8]. One of
the effective indices is DB measure of [3] that has proven 1o
be a reliable tool for differentiating the clusterings generated
by different methods, or multiple runs of an instable algorithm
like k-means. This measure of a partition p can be defined by
the following.
1 8, + 6y
PEO=% 2 uzy

YCa, CyEpL

()

where & denotes the number of clusters in a partition 7, to
which €, and €, belong. Note that d(z,,z,) is the distance
between centroids z and z,, of clusters Caand Cs, respectively.
Also, 8, is the average of distances between ali objects in
cluster Caand the centroid za. Small values of DB correspond
to clusters that are compact, and whose centroids are far-away
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from each other, Consequently, the number of clusters that
minimizes this DB measure can be taken as the optimal
number of clusters.

I

In this section, the % nearest neighbor imputation that
depends on a clustering model will be introduced. This CKNN
method includes three majors steps of finding a number of
clusters, generating a clustering model that will be used as a
reference, and apply the KNN impute in conjunction with the
discovered clusters. Each of these is described in the following
sections.

PROPOSED METHOD

A. Getting a Number of Clusters

Clustering algorithms is unsupervised learning processes,
i.e., users are usually required 1o set some working parameters.
These algorithmic variables vary from one technique to
another, but most clustering method requires a parameter that
either directly or indirectly specifies the number of cluster,
One of the typical decisions regards the number of clusters {(£).
This is also the case for k-means, which will be emploved in
this research for its simplicity and efficiency. Setting the value
of £ requires either detailed prior knowledge of the invest-
gated data, or time-consuming trial and error. For the latter, a
user must have sufficient domain knowledge to know what a
good clustering looks like. However, il the data set is very
large or of high dimensionality, human verification could
become difficult. it is necessary to have an algorithm that can
efficiently determine a reasonable number of clusters o return
from any clustering aigorithm. The initial step of proposed
algorithm is identified the correct number of clusters returned
by k-means. This procedure can be summarized below,

» First, get the data matrix G’ € R™*® fiom the original
gene expression data G € R™*® by removing rows with
missing values. Having done this, ' is hereafter referred
to as a complete data matrix, withm' < m.

Clustering a complete data matrix ¢ using the k-means
algorithm. The objective function of this clustering pro-

cess is
k m' oa
2
U,z = ZZ“H(XU - 7)) (6)
IZ1 Q=1 j=1

Generate a set of data partitions {rm,, g, -, T glusing
different values of k € §2,3, ..., f1. In this research, f=15
is used for efficiency. It is noteworthy that a more general
heuristics like £ = vm of [7] can be applied, however
with more computational time.

Then, find the data partition from {m;, 75, ..., 7 g bwith the
lowest DB measure. Consequently, the number of clusters
k that minimizes DB is taken as the optimal number of
clusters for the next processing stage.

B. Obtaining a Clustering Mode!

Having known a good number of clusters (£), z-means is
again used with ¢’ to derive a clustering model  for the
imputation. Note that the partition  consists of 4 clusters



{Ci,...,Cr }, each of which is represented by a unique
ceniroid 2, £ = 1 ... k. After that, / is to find the cluster with
which any row x; with missing values should be associated.
Note that x; is removed as the complete matrix G’ is created,
ie x; € G,xg € G'. Such a row in gene expression data is
called a target gene whose missing values will be estimated.
Atarget gene x; is assigned to a clusterC, only when

)

whete z, denotes the centroid of cluster C,. To calculate the
distance d(z,, xz), it {s necessary to fill in missing values of
% such that bath vectors are equally of n dimensions. For this
purpose, the row average is applied to make a reasonable
guess. The cluster membership discovered here will later be
utilized {or the imputation of the underlving missing values.

Zg = Qrgming.q .d(z,, xé)'

C. Applying Cluster-Based KNN Imputation

The & nearest neighbor {(KNN) imputation methed has
proven simple and effective in the literature, whilst being
generally competitive to other advanced techniques. I also
requires less computational resources as compared to those
more complex counterparts. Fowever, the efficiency of KNN
is still subjected to the number of genes (m), with the time
complexity of searching for nearest neighbors being around
O (m®). In other words, KNN does not scale up well with a
very large set of data.
In order to increase fo efficiency of imputation missing values
in microarray data, the idea is to reduce biases and increase
correlation of data by clustering method before imputing the
missing vatues. With a clustering model, the neighbor search
is restricted only to the cluster that the target gene is closest
related, Thus, the time complexity would reduce dramatically
to 0(g*), where q is the average size (or number of genes) of
clusters andg <« m. The cluster-based KNN (CKNN) imputa-
tion algorithm is summarized as foliows:

e Stepl: find the complete data matrix G/ € R™ *™ from the
original gene expression data ¢ € R™™ by removing row
with missing values.

Step2: clustering the data matrix G using A-means and
different numbers of £,

Step3: select the optimal value k by finding one of f - 1
partitions from step2, with the lowest DB measure.

Stepd: create a clustering model w = {€}, &5, ..., €} Tor
further analysis, using k-means and the value of k found
in the previous step.

Step5: for target each gene (or row) with missing values,
Xz €G.xg €G"

— Find the closest cluster £, € m to the target gene.

~ Search for the ncarest neighbors x, of the farget gene,

provided that x, € C,.

-~ Apply KNN imputation o estimate the missing value of
the target gene,
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D. Parameter set

In Cluster-Based KNN imputation, the number of nearest
neighbor, &, must be selected. Trovanskayaer af.[18] addressed
this guestion in KNN imputation, with the best result being
observed when k in the range 10-20. This finding is applicable
when finding nearest neighbors from the entire population.
However, smaller k is expected to be effective for CKNN
where the search for nearest neighbors is pursued only in 2
definite cluster or subset of population. Hence, in this paper,
k= 3.5,8,10,13 and 20 are explored.

Iv.

This section presents the empirical study of the proposed

method on several publicly available datasets, in comparison
with related algorithms tound in the lterature.

A

PERFORMANCE EVALUTION

Experimental Design

In this evaluation, six datasets from published microarray
experiments are investigated. Four of these is obtained from
the study of cell cycle regulate in Saccharomyces cerevisiae
[16]. The first is generated from a complete data matrix of
4,304 genes and 18 experiments (Alpha). Missing values have
been inserted with the purpose of being used to assess missing
value estimation methods. The second data set is created from
elutriation data presented as a complete matrix of 4,304 genes
and 14 experiments (Elu). The third data set is from 784 cell
cycle regulate genes and consists ol 2,856 genes and 14
experiments (cyc.a). The fourth is of 242 genes and 14
experiments {cyc.b).

The fifth data set is acquired from the study of response to
environmental changes in yeast [5]. 1t contains 5,431 genes
and 13 experiments {Evn). And, the sixth is the cDNA
microarray data set relevant to human colorectal cancer
(ta.cre) [17]. This data set contains 738 genes and 205 primary
CRCs including 127 non-metastatic primary CRCs, 54
metastatic primary CRCs 1o the liver, 24 metastatic primary
CRCs to distance organs exclusive of the liver, and 12 normal
colonic epithelia. Note that, for this evaluation, missing values
are random created for each dataset in accordance with the
prespecified levels of 1%, 2%, 3%, 4%, 3%, 10%, [53% and
20%, For the data matrix with dimension of 6,178 x 18 and
1% missing rate, there will be 1,112 missing values arbitrarily
distributed over the underlying matrix,

The performance of the missing value imputation is evalua-
tion by Normalized Root Mean Square Error NRMSE), which
is defined by:

Jmean(xquess - xans) *

NRMSE =
st (xgns )

®

2

Where Xgyess and Xgns are imputed values and known answer
values presented in the original data matrix, respectively. In
addition, std{xg,,) s the standard deviation of known answer
values. The lower NRMSE is, the better the value estimated by
a computerized method.



B. Experimentel Results

The NRMSE measures of investigated methods on alpha
dataset are shown in Fig 1. These techniques include two
statistical techniques of row average (row) and zero-value
(zero). The conventional & nearest neighbors (knn) and the
weighted extension (wkan) are presented as the base lines. In
addition, cknn and weknn denote two cluster-hased KNN, with
the first using a simple KNN for the imputation step and the
other using the weighted KNN. To generalize this empirical
study, k-mean that denotes the use of the closest centroid
found with cknn as the estimate for missing value, is also
investigated,

As shown in this figure, the cluster-based KNN imputation
methods perform consistently better than the two basic
statistical models., They also improve the quality of their base
line, i.e. KNN and weighted KNN. Also, the weighted version
of CKNN is slightly more efficient than the unweighted
model. This is in line with the behavior of those basic KNN
methods. Again, the proposed models are more effeciive than
the simple use of centroid, presented as k-mean in this figures.
The quality of guess answers degrades as the missing rate
increases, Despite this, the aforementioned observations still
hold true, These results are obtained using the size of nearest
neighbors of 10 and 3, for the classical KNN and CKNN,
respectively. Similar results can also be observed on other
datasets, see details in Figs 2-6,

V.

This paper proposes a novel version of k nearest neighbor
imputation method to estimate the missing values in
microarray data. The practice of k-mean clustering is uniquely
applied 1o the problemt of missing value imputation. The
experimental results demonstrate the strength of this method.
The performance of the proposed algorithm and related
models are gauged based on the widely-used NRMSE
analysis. It is discovered that the KNN imputation algorithm
based on 4-means method oufperforms the normal KNN
impute method, which is a simple and common approach for
missing value imputation.

CONCLUSION

Alpha dataset
v

Missing Rale

Fig.1. Experimental resulis on alpha dataset, NRMSE measures of investi-
gated methods at different missing rates.
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The empirical study also shows that the overall performance
of the KNN based on clustering method is better than the basic
KNN method, especially when the percentage of missing
values is high. An interesting future work is found an effective
weighting scheme to further improve the model introduced
herein, In addition, the use of clustering model to help
identifying nearest neighbors might be useful for other
imputation algorithims that rely on such information for the
calculation of estimated values.

el dataset
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Fig.2. Experimental results on elu dataset, NRMSE measures of investigated
methods at different missing rates,
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Fig 3. Experimental results on cyc.a dataset, NRMSE measures of investi-
gated methods at different missing rates.
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Fig. 4. Experimental results on cyc.b dataset, NRMSE measures of investi-
gated methods at different missing rates.
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