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Abstract— Value Difference Metric (VDM) is one of the
widely used distance functions to define the distance between
a pair of instances with nominal attributes only. Many
approaches have been proposed to improve the performance
of VDM. In this paper, we focus on the attribute selection
approach and propose another improved Value Difference
Metric. We call it Selective Value Difference Metric (SVDM).
In order to learn SVDM, we investigate the attribute
independence assumption held by VDM and then single out
two effective attribute selection methods for SVDM. The
experimental results on 36 UCI benchmark datasets validate
the effectiveness of the proposed SVDM.

Index Terms— Value Difference Metric; Attribute Inde-
pendence Assumption; Selective Value Difference Metric;
Attribute Selection; Naive Bayes.

I. INTRODUCTION

Distance-related algorithms generally show good per-
formance because they build different models for different
query instances, and the performance of distance-related
algorithms are closely related with the used distance func-
tions. Therefore, in order to meet different data mining
applications, numerous distance functions have been pre-
sented. Among which, Value Difference Metric (VDM)
[1] is one of the widely used distance functions to define
the distance between a pair of instances only with nominal
attribute values. In order to improve the performance of
VDM, researchers have done some remarkable work, such
as Wilson and Martinez [2] provide nonparametric density
techniques in determining the probability values of VDM.
Our previous work [3] proposes One Dependence Value
Difference Metric by representing the attribute depen-
dence relationships among the attributes.

Distance metric learning is especially sensitive to the
curse of dimensionality problem, and the attribute selec-
tion is one of the useful approaches to overcome it. In this
paper, we focus on the attribute selection approach and
propose an improved Value Difference Metric. We call
it Selective Value Difference Metric (SVDM). To learn
SVDM, a key problem is how to design an appropriate
attribute selection method. Namely, what kind of attribute
selection method is suitable for SVDM? According to our
observation, VDM makes the attribute independence as-
sumption as well as naive Bayes (NB). So our idea is that
the attribute selection method for SVDM should select an
attribute subset among which the attribute independence
assumption is held as well as possible. In this perspective,
we investigate the attribute independence assumption in
VDM and then single out two effective attribute selection
methods for SVDM.

Classification is one of the very important tasks in data
mining. However, in many real-world applications, classi-
fication is not enough. For example, in target marketing,
we may hope to evaluate various offer propositions by the
class probability that a customer will respond to an offer
[4]. For another example, in cost-sensitive learning, the
class probability estimation is used to minimize the condi-
tional risk [5]. Thus, accurate class probability estimation
is required instead of classification in many data mining
applications. For the task of class probability estimation,
the conditional log likelihood (CLL) [6], [7] instead of the
classification accuracy is a more reasonable performance
measure for the built classifiers. Besides, in the paper by
Hall [8], the mean root relative squared error (RRSE) of
the probability estimates is used as a performance mea-
sure to evaluate the probability-based classifiers. Thus,
in this paper, we also use CLL and RRSE to evaluate
the related algorithms. The experimental results on 36
UCI benchmark datasets validate the effectiveness of our
proposed SVDM.

The rest of this paper is organized as follows. In Section
II, we investigate the attribute independence assumption
in VDM in detail. In Section III, we propose Selective
Value Difference Metric (SVDM) and single out two
effective attribute selection methods for SVDM. In Sec-
tion IV, we report the experimental setup and results. In
Section V, we draw conclusions and outline the main
directions for our future work.

II. THE ATTRIBUTE INDEPENDENCE ASSUMPTION

A. The Attribute Independence Assumption in Naive
Bayes

Bayesian networks are a kind of classical probability-
based models which can be used to compute the posterior
probability of class c for a query instance x. In this
paper, an instance x is denoted by an attribute vector
< a1(x), a2(x), · · · , an(x) > and an output class c. A
Bayesian network is a directed acyclic graph, and each
node corresponds to a variable. The arcs between nodes
represent the dependence relations between variables. The
parent nodes of the ith attribute are denoted by πi, then it
estimates the posterior probabilities P (c|x) by Equation
1.

P (c|x) =
P (c)P (x|c)∑
P (c)P (x|c) , (1)

where P (x|c) =
∏n

i=1 P (ai(x)|c, πi).
Therefore, accurate estimation of the conditional prob-

abilities P (x|c) is crucial to estimate the posterior proba-
bilities. Unfortunately, fully estimation of P (x|c) is an
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NP-hard problem [9]. In order to simplify the model,
naive Bayes (NB) makes an unrealistic assumption that
the attributes are independent given the class. In naive
Bayes, each attribute node has the class node as its parent,
but has no parent from attribute nodes. This assumption
is the well-known attribute independence assumption.
Thanks to this assumption, naive Bayes estimates the
probabilities P (x|c) by Equation 2.

P (x|c) =
n∏

i=1

P (ai(x)|c). (2)

Although this assumption is rarely held in real-world
applications, NB shows surprising classification perfor-
mance. In order to improve the performance of NB,
researchers have presented some techniques including
structure expanding [10], [11], attribute selection [5],
[12], [13], attribute weighting [8] and combining objective
function etc [6], [7], [14].

B. The Attribute Independence Assumption in Value Dif-
ference Metric

In order to decide the difference between each pair
of instances only with nominal attribute values, Stanfill
and Waltz [1] present Value Difference Metric(VDM). In
VDM, the difference between the ith attribute value of
instance x and y is defined as

V DM(ai(x), ai(y)) =
k∑

j=1

|P (cj |ai(x))− P (cj |ai(y))|,
(3)

where k is the number of output classes, P (cj |ai(x))
is the conditional probability that the output class of x
is cj given that the attribute Ai has the value ai(x),
P (cj |ai(y)) is the conditional probability that the output
class of y is cj given that the attribute Ai has the value
ai(y). In VDM, the difference between two values of an
attribute is considered to be closer if they have more
similar correlation with the output classes. Then VDM
defines the distance between instance x and y as the sum
of the value differences across all attributes. A simplified
version of VDM, without the weighting schemes, can be
defined as:

V DM(x, y) =
n∑

i=1

k∑

j=1

|P (cj |ai(x))−P (cj |ai(y))|. (4)

Kasif et al. [15] explain VDM from another perspec-
tive. They point that VDM performs a simple transform
on the space of the attributes, and the transformation
follows from a simple probabilistic model. When the
number of classes is k, a n-dimensional input space
is transformed to kn-dimensional space, i.e., the ith
attribute value ai(x) is transformed to a discrete prob-
ability distribution < P (c1|ai(x)), · · · , P (ck|ai(x)) >,
and accordingly the instance x is transformed to <
P (c1|a1(x)), · · · , P (ck|a1(x)), · · · , P (c1|an(x)), · · · ,
P (ck|an(x)) >.

They call the transformation of nominal attributes into
probability distribution as probability memory based rea-
soning transform (probability MBR transform). Accord-
ing to their observation, the basis of the transformation is
conditional independence assumption of the joint proba-
bility distribution, which can be defined by Equation 5.

P (a1(x), · · · , an(x), c) = P (c)
n∏

i=1

P (ai(x)|c). (5)

III. SELECTIVE VALUE DIFFERENCE METRIC

From Equation 5, the attribute independence assump-
tion in VDM is just same as the attribute independence
assumption in naive Bayes. With regards to naive Bayes,
a large number of attribute selection methods are pro-
posed to improve naive Bayes and have demonstrated
remarkable performance. In addition, the attribute selec-
tion approach is also very important to distance metric
learning, since the distance metric learning is especially
sensitive to the curse of dimensionality problem when
there are a lot of redundant and/or irrelevant attributes. In
this section, we try to improve VDM by conducting an
attribute selection step on the original VDM. We call it
Selective Value Difference Metric (SVDM).

Selective Value Difference Metric (SVDM) is an im-
proved VDM and it only uses the selected attribute subset
from the whole attribute space to compute the distance
between a pair of instances. In other words, SVDM uses
Equation 6 to replace Equation 4.

V DM(x, y) =
m∑

i=1

k∑

j=1

|P (cj |ai(x))−P (cj |ai(y))|, (6)

where m is the number of selected attributes.
To learn SVDM, a key problem is how to design

an appropriate attribute selection method. Namely, what
kind of attribute selection method is suitable for SVDM?
Before answer this question, we first simply look back
the attribute selection approach.

The attribute selection approach has attracted many
researchers and many attribute selection methods have
been presented. These attribute selection methods can
be broadly divided into two main categories: wrapper
methods [5], [12], [16], [17] and filter methods [18]–
[22]. Wrapper methods depend on a learning algorithm
to measure the merit of the selected attribute subsets
(for example, to classification problem, the accuracy of a
classifier is used to evaluate the selected attribute subsets).
John and Kohavi [16] discuss the strength and weakness
of wrapper methods in detail, and their experiments show
that wrapper methods obtain significant improvement in
classification accuracy. As for filter methods, the attribute
selection process is independent of the learning algo-
rithms, i.e., the attribute selection process can be viewed
as a data preprocessing step. Generally, filter methods can
be operated faster, however wrapper methods have higher
accuracy than filter methods. Even so, both filters and
wrappers can be encompassed within a common archi-
tecture [23]. In this architecture, attribute subset search
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and attribute subset evaluation are two most important
parts.

SVDM also employs this architecture to deal with
the attribute selection process. Please note that, in this
paper, we would like to focus more attention on the
different attribute subset evaluation methods. With regards
to the attribute subset search methods, we empirically
employ the well-known greedy search in our forthcoming
experiments. Now, the only question left to answer is what
kind of attribute subset evaluation method is appropriate
for SVDM.

According to our observation, VDM makes the attribute
independence assumption as well as naive Bayes (NB). So
our idea is that the attribute selection methods for SVDM
should select an attribute subset among which the attribute
independence assumption is held as well as possible. In
this perspective, correlation based feature selection (CFS)
[20] may be a good choice for SVDM. CFS employs some
kinds of search methods, such as greedy search, to select
an attribute subset and then uses Equation 7 to evaluate
the merit of the selected attribute subset S containing m
attributes.

Merits =
mrac√

m + m(m− 1)raa

, (7)

where rac is the average attribute-class correlation, and
raa is the attribute-attribute inter-correlation. The heuristic
merit tries to search an attribute subset with bigger rac

by removing irrelevant attributes and smaller raa by
removing redundant attributes. Smaller raa means that the
attribute independence assumption is held approximately
on the attribute subsets.

Besides, the naive Bayes’ performance-based attribute
subset evaluation method may be another good choice
for SVDM. In order to improve naive Bayes, selective
Bayesian classifiers (SBC) [12] is proposed. SBC uses
naive Bayes’ classification accuracy to evaluate alternative
attribute subsets and considers adding each unselected
attribute which can improve naive Bayes’ classification
accuracy at most on each iteration. The attribute subset
evaluation method by SBC maximizes the classification
accuracy of the learned naive Bayes. However, in this
paper, our aim is accurate class probability estimation,
so its improved algorithm called SBC-CLL [5] should be
better. In SBC-CLL, the CLL of naive Bayes is used to
evaluate alternative attribute subsets and considers adding
each unselected attribute which can improve naive Bayes’
CLL at most on each iteration. Therefore, the attribute
subset evaluation method by SBC-CLL maximizes the
CLL of the learned naive Bayes, and so SBC-CLL just
meets our needs. SBC-CLL uses Equation 8 to evaluate
the CLL of the learned selective naive Bayes on a set of
test instances.

CLL =
t∑

i=1

logPG(ci|xi), (8)

where t is the number of test instances, ci is the true class
label of the ith test instance xi.

In the next section, we design a group of experiments to
validate our idea. For detail, we use above CFS and SBC-
CLL as the attribute selection methods to select attribute
subsets for SVDM. The attribute subset search method in
both of them is greedy search. The experimental results
on 36 UCI benchmark datasets validate the effectiveness
of our proposed SVDM.

IV. EXPERIMENTAL METHODOLOGY AND RESULTS

In this section, we design a group of experiments
to validate the effectiveness of our SVDM in terms
of the conditional log likelihood (CLL) and the mean
root relative squared error (RRSE) of the probability
estimates produced by the distance weighted k-nearest
neighbor algorithm (KNNDW). KNNDW is one of the
most representative distance-related learning algorithms,
in which the distance function is used twice. For detail,
KNNDW first uses a distance function to find the k-
nearest neighbors of the query instance, and then each of
the k nearest neighbors is weighted in terms of its distance
to the query instance. KNNDW should be the first test bed
to demonstrate the effectiveness of a distance function.

We implement KNNDW using VDM, SVDM-CFS, and
SVDM-SBC-CLL respectively in Weka platform [24] and
set the number of k to be 10. Where VDM denotes Value
Difference Metric, SVDM-CFS denotes Selective Value
Difference Metric with CFS as the attribute selection
method, and SVDM-SBC-CLL denotes Selective Value
Difference Metric with SBC-CLL as the attribute selec-
tion method.

In our experiments, 36 UCI benchmark datasets pub-
lished on the main web site of Weka platform [24]
are used, which represent a wide range of domains and
data characteristics. In our experiments, we adopted the
following four preprocessing steps, which are totally same
to the preprocessing steps in our previous paper [25], [26].

1) Replacing missing attribute values: We used the
unsupervised filter named ReplaceMissingValues in
Weka to replace all missing attribute values in each
data set. ReplaceMissingValues replaces all missing
values with the modes of the value of nominal
attributes and means of the value of continuous
attributes from the training data.

2) Discretizing numeric attribute values: We used the
unsupervised filter named Discretize in Weka to
discretize all numeric attribute values in each data
set. Discretize discretizes all numeric attribute val-
ues using the unsupervised ten-bin discretization
technique.

3) Removing useless attributes: Apparently, if the
number of values of an attribute is almost equal
to the number of instances in a data set, it is a
useless attribute. Thus, we used the unsupervised
filter named Remove in Weka to remove this type of
attributes. In these 36 data sets, there are only three
such attributes: the attribute “Hospital Number” in
the data set “colic.ORIG”, the attribute “instance
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name” in the data set “splice” and the attribute
“animal” in the data set “zoo”.

4) Sampling large data sets: For saving the time of
running experiments, we used the unsupervised
filter named Resample with the size of 20% in Weka
to randomly sample each large data set having no
less than 5000 instances. In these 36 data sets, there
are only three such data sets: “letter”, “mushroom”,
and “waveform-5000”.

Table I shows the CLL comparisons for KNNDW using
VDM, SVDM-CFS, and SVDM-SBC-CLL. Experimental
results on each dataset is obtained via 10 runs of 10-
fold cross-validation. Runs with the various algorithms
are carried out on the same training sets and evaluated
on the same test sets. In particular, the cross-validation
folds are the same for all the experiments on each data
set. The symbols ◦ and • in the table respectively denote
statistically significant upgradation or degradation over
VDM with a corrected paired two-tailed t-test with the
p = 0.05 significance level [27]. Besides, the average
values and w/t/l values are summarized at the bottom
of the table. Each entry w/t/l in the table means that,
compared to VDM, SVDM-CFS and SVDM-SBC-CLL
win on w datasets, tie on t datasets, and lose on l datasets.

TABLE I.
CLL OF KNNDW COMPARISONS FOR VDM VERSUS SVDM-CFS

AND SVDM-SBC-CLL.

Dataset VDM SVDM-CFS SVDM-SBC-CLL
anneal -48.68±1.66 -24.79± 3.67 ◦ -38.21± 2.44 ◦
anneal.ORIG -53.71±2.57 -42.37± 3.76 ◦ -50.25± 2.71 ◦
audiology -54.87±2.16 -38.68± 3.80 ◦ -49.16± 2.65 ◦
autos -31.98±1.45 -24.91± 2.02 ◦ -25.36± 1.80 ◦
balance-scale -30.73±1.83 -30.73± 1.83 -30.73± 1.83
breast-cancer -16.51±2.04 -16.58± 2.02 -16.90± 2.09
breast-w -13.27±1.55 -13.02± 1.56 ◦ -9.08± 2.76 ◦
colic -17.39±1.79 -17.06± 3.10 -16.32± 3.00
colic.ORIG -18.04±1.85 -17.47± 2.43 -17.72± 2.25
credit-a -25.66±3.29 -27.19± 4.76 -25.57± 3.99
credit-g -52.50±2.72 -54.58± 3.83 • -52.20± 3.32
diabetes -38.17±3.44 -37.90± 4.42 -37.23± 4.10
glass -27.71±1.96 -25.49± 2.30 ◦ -27.68± 2.01
heart-c -28.08±2.16 -19.79± 2.79 ◦ -23.84± 2.40 ◦
heart-h -22.42±2.51 -15.13± 2.92 ◦ -20.24± 2.86 ◦
heart-statlog -11.91±1.41 -11.38± 2.49 -11.23± 1.76 ◦
hepatitis -6.28±1.14 -5.84± 1.43 ◦ -6.15± 1.49
hypothyroid -136.92±4.79 -91.03± 5.74 ◦ -107.27± 5.85 ◦
ionosphere -19.39±0.67 -10.59± 2.97 ◦ -10.91± 2.05 ◦
iris -4.37±1.08 -3.25± 1.24 ◦ -3.28± 1.29 ◦
kr-vs-kp -50.88±3.88 -81.85± 8.45 • -46.91± 4.35 ◦
labor -2.16±0.42 -2.25± 1.31 -2.09± 0.54
letter -986.33±8.97 -822.76±11.45 ◦ -915.05±13.42 ◦
lymph -12.71±1.16 -9.60± 1.82 ◦ -10.80± 1.44 ◦
mushroom -18.10±0.49 -13.06± 5.26 ◦ -11.32± 1.84 ◦
primary-tumor -85.96±2.59 -82.89± 2.99 ◦ -85.76± 2.62 ◦
segment -181.28±4.84 -105.24± 6.32 ◦ -150.70± 5.56 ◦
sick -43.07±4.41 -35.49± 7.81 ◦ -33.83± 7.44 ◦
sonar -13.91±0.32 -11.18± 1.94 ◦ -13.02± 0.54 ◦
soybean -134.29±3.54 -109.07± 4.44 ◦ -109.25±10.72 ◦
splice -289.62±2.94 -89.69± 7.88 ◦ -238.20± 5.55 ◦
vehicle -84.57±2.08 -69.68± 4.59 ◦ -69.57± 3.29 ◦
vote -10.19±1.61 -7.52± 3.53 ◦ -6.42± 2.68 ◦
vowel -167.63±2.83 -138.10± 6.49 ◦ -166.98± 2.87 ◦
waveform-5000 -95.81±1.44 -76.24± 1.97 ◦ -84.99± 2.10 ◦
zoo -8.23±1.03 -5.77± 0.97 ◦ -7.38± 0.95 ◦
Average -78.98 -60.78 -70.32
w/t/l - 26/8/2 26/10/0

◦, • statistically significant upgradation or degradation

Table II shows the RRSE comparisons for KNNDW
using VDM, SVDM-CFS, and SVDM-SBC-CLL. Please

note that, the meaning of the t-test results in this table
is opposite to those in Table I. Because for the RRSE,
a small number is better than a large number, which is
opposite to CLL. For example, • represents statistically
significant better than VDM in terms of RRSE and ◦
represents worse.

TABLE II.
RRSE OF KNNDW COMPARISONS FOR VDM VERSUS SVDM-CFS

AND SVDM-SBC-CLL.

Dataset VDM SVDM-CFS SVDM-SBC-CLL
anneal 72.71± 1.84 56.77± 5.64 • 61.02± 3.05 •
anneal.ORIG 80.50± 2.69 77.11± 5.36 77.56± 3.12 •
audiology 98.95± 0.97 86.42± 3.89 • 95.70± 1.37 •
autos 96.36± 1.69 85.73± 3.15 • 86.27± 2.86 •
balance-scale 65.04± 2.74 65.04± 2.74 65.04± 2.74
breast-cancer 96.53± 7.14 96.32± 6.96 97.69± 7.20
breast-w 43.55± 4.52 43.01± 4.59 36.78± 8.84 •
colic 79.25± 5.85 78.62± 9.43 76.60± 9.15
colic.ORIG 83.92± 5.88 83.72± 7.13 83.47± 6.99
credit-a 66.55± 5.96 69.06± 7.75 66.89± 6.82
credit-g 91.26± 3.07 93.21± 3.90 90.94± 3.65
diabetes 84.69± 4.85 84.58± 5.87 83.62± 5.55
glass 91.45± 2.95 88.91± 3.71 • 91.32± 3.04
heart-c 95.48± 4.21 78.84± 7.10 • 87.22± 5.41 •
heart-h 88.54± 6.11 76.88± 9.07 • 84.28± 7.46 •
heart-statlog 73.84± 6.39 71.54±10.17 71.60± 7.76
hepatitis 86.73±10.35 83.36±12.31 • 86.25±12.73
hypothyroid 101.59± 2.17 89.21± 2.52 • 92.87± 2.65 •
ionosphere 89.02± 2.10 58.74±11.59 • 60.12± 8.59 •
iris 40.17± 9.01 33.64±11.72 • 33.73±11.90 •
kr-vs-kp 35.76± 2.72 55.95± 3.65 ◦ 35.16± 2.95
labor 68.13± 9.71 66.90±26.60 66.70±12.18
letter 94.06± 0.24 88.39± 0.40 • 91.96± 0.42 •
lymph 91.28± 4.96 77.35± 9.18 • 82.80± 6.80 •
mushroom 21.82± 1.08 25.16± 7.79 17.51± 4.32 •
primary-tumor 98.76± 0.87 97.80± 0.98 • 98.70± 0.88 •
segment 63.02± 1.03 47.13± 1.97 • 56.07± 1.35 •
sick 61.36± 6.13 66.24± 6.75 ◦ 61.50± 7.65
sonar 97.73± 0.66 84.53± 9.52 • 93.29± 2.15 •
soybean 90.84± 0.83 83.66± 1.39 • 83.76± 3.28 •
splice 93.06± 0.59 44.52± 3.09 • 82.22± 1.26 •
vehicle 84.04± 1.17 79.28± 2.53 • 76.25± 2.05 •
vote 49.20± 6.12 39.56±13.28 • 37.66±10.47 •
vowel 89.14± 0.59 83.05± 1.65 • 89.00± 0.60 •
waveform-5000 92.36± 0.85 80.47± 1.38 • 85.95± 1.33 •
zoo 67.80± 4.81 54.25± 5.44 • 63.29± 4.73 •
Average 78.46 71.53 73.63
w/t/l - 2/12/22 0/13/23

◦, • statistically significant upgradation or degradation

From our experimental results, we can see that our
SVDM-CFS and SVDM-SBC-CLL significantly outper-
form VDM in terms of CLL and RRSE. Now, the high-
lights are summarized as follows.

1) In terms of CLL of KNNDW, SVDM-CFS and
SVDM-SBC-CLL both significantly outperform
VDM with 26 wins and 2 losses, 26 wins and 0
losses, respectively.

2) In terms of RRSE of KNNDW, SVDM-CFS and
SVDM-SBC-CLL both significantly outperform
VDM with 22 wins and 2 losses, 23 wins and 0
losses, respectively.

3) SVDM-CFS and SVDM-SBC-CLL can improve the
performance of VDM in domains that involve corre-
lated attributes without reducing its performance in
domains that don’t. For example, it is observed that
there exist many correlated attributes in the dataset
“vote” [12]. As a result, SVDM-CFS and SVDM-
SBC-CLL significantly outperform VDM on this
dataset.
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4) Generally speaking, in terms of CLL and RRSE,
SVDM-CFS almost ties SVDM-SBC-CLL. How-
ever, when the computational cost is also important,
SVDM-CFS should be considered firstly. From the
latter experimental results, we can see that the
training time complexity of SVDM-CFS is much
lower than that of SVDM-SBC-CLL.

Besides, we also compare VDM with our SVDM-CFS
and SVDM-SBC-CLL in terms of training time and test
time. The training time and test time are the averaged
CPU times in millisecond. Our experiments are performed
on dual-processor 2.93 Ghz Pentium 4 Windows computer
with 2Gb RAM. The detailed compared results are shown
in Table III and Table IV. From the experimental results,
we can see that SVDM-CFS and SVDM-SBC-CLL need
some additional training time to execute the attribute
selection step, compared to the original VDM. However,
they can dramatically reduce the test time with 25 wins
and 1 losses, 26 wins and 0 losses, respectively. Many
distance-related algorithms are lazy learning algorithms,
and so the test time is major indicator to evaluate their
computational cost. In this perspective, our proposed
SVDM-CFS and SVDM-SBC-CLL are more efficient
than the original VDM.

TABLE III.
TRAINING TIME OF KNNDW COMPARISONS FOR VDM VERSUS

SVDM-CFS AND SVDM-SBC-CLL.

Dataset VDM SVDM-CFS SVDM-SBC-CLL
anneal 0.63±3.10 12.72±7.31 ◦ 4109.04± 439.19 ◦
anneal.ORIG 1.74±4.98 8.92±7.79 ◦ 3204.51± 257.32 ◦
audiology 0.79±3.46 5.15±7.38 11071.29± 569.76 ◦
autos 0.15±1.50 3.59±6.61 263.13± 24.14 ◦
balance-scale 0.16±1.60 1.08±3.96 6.83± 7.75 ◦
breast-cancer 0.00±0.00 0.95±3.78 18.87± 6.43 ◦
breast-w 0.00±0.00 3.60±6.62 29.21± 5.77 ◦
colic 0.79±3.46 1.72±4.92 232.55± 15.44 ◦
colic.ORIG 0.47±2.69 3.44±6.51 522.22± 22.01 ◦
credit-a 0.62±3.05 1.26±4.30 129.69± 8.80 ◦
credit-g 1.26±4.30 5.31±7.44 576.85± 14.31 ◦
diabetes 0.61±3.00 1.90±5.17 27.30± 6.90 ◦
glass 0.00±0.00 1.40±4.48 22.68± 7.90 ◦
heart-c 0.48±2.74 1.88±5.12 66.91± 7.69 ◦
heart-h 0.00±0.00 0.78±3.42 66.07± 7.31 ◦
heart-statlog 0.00±0.00 1.08±3.96 48.49± 4.95 ◦
hepatitis 0.00±0.00 2.34±5.60 86.88± 9.50 ◦
hypothyroid 2.51±5.78 20.86±7.38 ◦ 6045.42± 474.04 ◦
ionosphere 0.47±2.69 6.04±7.60 672.02± 71.77 ◦
iris 0.15±1.50 0.15±1.50 1.71± 4.89
kr-vs-kp 2.65±5.89 25.63±7.52 ◦ 11383.94± 385.36 ◦
labor 0.00±0.00 0.94±3.74 36.26± 7.33 ◦
letter 1.72±4.92 27.68±6.60 ◦ 4048.72± 200.11 ◦
lymph 0.00±0.00 0.78±3.42 97.16± 7.26 ◦
mushroom 1.24±4.23 4.73±7.27 698.10± 18.95 ◦
primary-tumor 0.16±1.60 3.29±6.42 383.26± 7.83 ◦
segment 1.56±4.71 14.66±3.75 ◦ 1512.64± 26.38 ◦
sick 2.98±6.19 15.48±3.52 ◦ 3914.53± 226.68 ◦
sonar 0.32±2.25 15.01±5.45 ◦ 6711.73± 277.67 ◦
soybean 0.78±3.42 20.96±7.38 ◦ 4901.26± 340.82 ◦
splice 4.47±7.03 64.40±5.10 ◦ 65066.85±1667.57 ◦
vehicle 1.24±4.23 4.34±7.00 300.61± 13.50 ◦
vote 0.16±1.60 1.24±4.23 71.55± 8.12 ◦
vowel 0.79±3.46 3.13±6.30 332.17± 10.56 ◦
waveform-5000 0.95±3.78 30.95±1.64 ◦ 5753.95± 92.79 ◦
zoo 0.00±0.00 0.96±3.82 65.64± 6.30 ◦
Average 0.83 8.84 3680.00
w/t/l - 11/25/0 35/1/0

◦, • statistically significant upgradation or degradation

In our another group of experiments, we use another
distance-related algorithm, the 5-nearest neighbor algo-

TABLE IV.
TEST TIME OF KNNDW COMPARISONS FOR VDM VERSUS

SVDM-CFS AND SVDM-SBC-CLL.

Dataset VDM SVDM-CFS SVDM-SBC-CLL
anneal 603.55± 7.95 116.07± 14.38 • 295.47± 39.57 •
anneal.ORIG 591.13± 6.38 79.37± 14.57 • 223.87± 19.51 •
audiology 248.12± 8.07 22.21± 7.76 • 81.87± 7.45 •
autos 25.30± 7.58 8.59± 7.82 • 9.36± 7.69 •
balance-scale 21.54± 7.60 21.10± 7.53 21.73± 7.59
breast-cancer 7.42± 7.77 4.18± 6.91 6.28± 7.74
breast-w 41.57± 7.46 40.34± 7.75 17.37± 4.97 •
colic 27.64± 6.62 4.68± 7.19 • 10.26± 7.41 •
colic.ORIG 31.88± 3.13 5.00± 7.33 • 20.94± 7.42 •
credit-a 63.43± 3.73 25.25± 7.55 • 32.15± 6.22 •
credit-g 175.31± 6.52 33.42± 8.59 • 136.08± 10.27 •
diabetes 44.84± 5.33 18.29± 6.30 • 24.36± 7.85 •
glass 10.80± 7.29 6.97± 7.75 10.17± 7.51
heart-c 21.71± 7.69 10.77± 7.27 • 17.62± 6.16
heart-h 21.06± 7.54 4.82± 7.23 • 14.70± 3.76 •
heart-statlog 9.22± 7.73 4.96± 7.27 6.08± 7.65
hepatitis 4.55± 7.16 2.35± 5.63 2.05± 5.33
hypothyroid 5800.47±10.58 4299.28±221.73 • 2999.27±279.29 •
ionosphere 38.76± 7.85 5.30± 7.43 • 10.50± 7.42 •
iris 1.26± 4.30 0.79± 3.46 0.47± 2.69
kr-vs-kp 3139.22± 8.36 1087.49± 29.47 • 2140.95±151.33 •
labor 0.63± 3.10 0.00± 0.00 0.00± 0.00
letter 21606.91±22.57 12313.59± 18.97 • 16702.69±606.25 •
lymph 6.11± 7.69 3.44± 6.51 4.22± 6.98
mushroom 509.21± 7.73 161.25± 8.29 • 174.64± 8.12 •
primary-tumor 134.42± 7.74 92.29± 9.68 • 126.22± 4.16 •
segment 2353.48± 7.70 679.41± 7.84 • 1514.06± 38.18 •
sick 3514.68± 7.66 3891.40± 88.84 ◦ 1684.84± 83.92 •
sonar 23.93± 7.86 3.12± 6.28 • 13.98± 4.71 •
soybean 945.86± 9.09 598.21± 38.83 • 607.34± 54.75 •
splice 7408.22± 5.56 782.64± 5.03 • 4327.74±183.65 •
vehicle 195.23± 7.91 46.47± 12.49 • 90.15± 6.59 •
vote 27.83± 6.50 7.83± 7.88 • 8.65± 7.87 •
vowel 484.08± 3.13 80.47± 5.64 • 408.45± 25.81 •
waveform-5000 489.52± 7.40 171.45± 3.56 • 335.32± 12.01 •
zoo 4.22± 6.98 2.15± 5.36 4.35± 7.02
Average 1350.92 684.30 891.23
w/t/l - 1/10/25 0/10/26

◦, • statistically significant upgradation or degradation

rithm (5NN), to compare VDM with our SVDM-CFS and
SVDM-SBC-CLL in terms of the CLL, RRSE, training
time, and the test time, and almost get same conclusions.
The detailed experimental results can be found from
Tables V - VIII.

V. CONCLUSIONS AND FUTURE WORK

In this paper, we propose an improved Value Difference
Metric by conducting an attribute selection step on the
original VDM. We call it Selective Value Difference
Metric (SVDM). To learn SVDM, we investigate the
attribute independence assumption in VDM and then
find that CFS and SBC-CLL are two effective attribute
selection methods for SVDM.

From the experimental results, we can see that our
proposed SVDM-CFS and SVDM-SBC-CLL significantly
outperform VDM in terms of the conditional log like-
lihood (CLL) and the mean root relative squared error
(RRSE). Although SVDM-CFS and SVDM-SBC-CLL
need some additional training time to execute the attribute
selection step, they dramatically reduce the test time of
the original VDM.

In our current version, for simplicity, we limit the
attribute subset search method to greedy search. In fact,
however, there exist of many other search methods, such
as genetic search, BestFirst search, random search, and so
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TABLE V.
CLL OF 5NN COMPARISONS FOR VDM VERSUS SVDM-CFS AND

SVDM-SBC-CLL.

Dataset VDM SVDM-CFS SVDM-SBC-CLL
anneal -54.94±1.14 -25.14±3.58 ◦ -48.92±2.39 ◦
anneal.ORIG -62.91±2.67 -44.00±4.01 ◦ -59.71±2.77 ◦
audiology -45.37±2.14 -40.30±4.36 ◦ -44.97±2.31
autos -24.06±2.19 -22.55±2.12 ◦ -22.70±2.44 ◦
balance-scale -34.78±1.79 -34.78±1.79 -34.78±1.79
breast-cancer -17.29±1.86 -16.71±2.05 -17.21±1.91
breast-w -12.55±1.87 -12.61±1.94 -10.26±2.59 ◦
colic -16.65±2.68 -17.06±3.10 -17.08±2.88
colic.ORIG -17.99±2.40 -17.09±2.45 -17.93±2.50
credit-a -27.49±3.09 -27.19±4.76 -26.45±3.63
credit-g -54.45±3.67 -54.85±3.86 -54.32±3.41
diabetes -39.78±3.65 -38.73±4.09 -38.95±4.05
glass -26.66±2.17 -26.33±2.29 -27.03±2.26
heart-c -23.66±2.30 -21.75±2.81 ◦ -24.20±2.39
heart-h -23.47±2.34 -16.21±2.80 ◦ -23.08±2.42
heart-statlog -11.56±1.72 -11.78±2.33 -11.55±1.87
hepatitis -6.46±1.44 -6.31±1.55 -6.64±1.64
hypothyroid -169.80±4.76 -91.31±5.73 ◦ -117.15±6.39 ◦
ionosphere -10.63±2.23 -10.86±2.71 -10.63±2.18
iris -5.30±1.05 -3.99±1.14 ◦ -4.02±1.22 ◦
kr-vs-kp -64.61±3.39 -81.85±8.45 • -57.59±5.30 ◦
labor -1.76±0.85 -2.29±1.35 -1.83±0.87
letter -773.79±8.75 -754.47±9.59 ◦ -778.37±9.12 •
lymph -10.20±1.61 -9.98±1.79 -10.16±1.74
mushroom -25.25±0.96 -13.14±5.25 ◦ -14.55±1.83 ◦
primary-tumor -84.01±2.60 -83.56±3.25 -83.93±2.63
segment -173.10±4.26 -116.56±6.46 ◦ -167.54±4.63 ◦
sick -55.62±3.96 -35.56±7.81 ◦ -34.38±7.33 ◦
sonar -9.35±1.86 -11.53±2.42 • -9.35±1.85
soybean -100.88±2.30 -98.10±2.51 ◦ -98.11±3.46 ◦
splice -123.91±5.19 -109.03±7.33 ◦ -122.05±5.29
vehicle -69.29±3.15 -70.39±4.36 -72.94±3.47 •
vote -9.27±1.76 -7.52±3.53 ◦ -6.49±2.65 ◦
vowel -119.94±2.88 -140.12±6.59 • -120.65±3.02 •
waveform-5000 -56.51±3.44 -55.31±3.77 -61.16±4.76 •
zoo -7.11±0.74 -5.43±1.07 ◦ -6.12±0.85 ◦
Average -65.84 -59.29 -62.86
w/t/l - 16/17/3 13/19/4

◦, • statistically significant upgradation or degradation

on. Therefore, thoroughgoingly researching these search
methods is a main direction for our future work.
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