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practice. Apart from the parameter k, many k-NN classifiers
need options and other parameters. In order to make those
classifiers perform best, those parameters must be fine-tuned.
As the same of choice of k, most parameters can only be
empirically obtained by cross-validation or a similar method,
which is usually a tedious work. Another issue of instancebased classifiers is that they are very sensitive to irrelevant
attributes. If a dataset contains a large number of irrelevant
attributes, the contributions of these attributes to the global
distance will dramatically decrease the performance of
instance-based classifiers [4].
Attempt to deal with the drawbacks of instance-based
learning as mentioned above, a new instance-based learning
algorithm for categorical data, named CRN (Classification
by Rule-based Neighbors), is proposed in this paper. Unlike
conventional instance-based classifiers, we treat “neighbor”
in a rule-like way which is essentially different from distance
metric view: for a test instance I and a labeled instance I′, I′
is a neighbor of I if and only if they agree on a feature set (a
subset of attributes). As a result, CRN does not use any
metric to measure the similarity between a test instance and
its neighbors. Since there are exponential-size subsets of
attributes, a new measure of attributes quality is proposed in
order to learn “high quality” feature sets. Based on the new
quality measure of attributes and the separate-and-conquer
strategy commonly used in rule induction [5], a collection of
feature sets are learned. Then, an unlabeled test instance is
classified by neighbors defined on those feature sets.
The rest of this paper is organized as follows. Section II
presents the CRN algorithm including the definition of the
measure of attributes quality, the training algorithm and the
classification algorithm. Section III reports the experimental
results. We conclude the paper in Section IV.
We use the following notations in the rest of the paper:
D: the training set.
Dc: the subset of D consisting of instances with class c.
n: the number of instances in D.
m: the number of attributes, and the attribute’s name is
A1, A2, …, and Am respectively.
T: the number of total class labels, and the class label
name is 1, 2, …, and T respectively.

Abstract—A new learning algorithm for categorical data,
named CRN (Classification by Rule-based Neighbors) is
proposed in this paper. CRN is a nonmetric and parameterfree classifier, and can be regarded as a hybrid of rule
induction and instance-based learning. Based on a new
measure of attributes quality and the separate-and-conquer
strategy, CRN learns a collection of feature sets such that for
each pair of instances belonging to different classes, there is a
feature set on which the two instances disagree. For an
unlabeled instance I and a labeled instance I′, I′ is a neighbor
of I if and only if they agree on all attributes of a feature set.
Then, CRN classifies an unlabeled instance I based on I's
neighbors on those learned feature sets. To validate the
performance of CRN, CRN is compared with six state-of-theart classifiers on twenty-four datasets. Experimental results
demonstrate that although the underlying idea of CRN is
simple, the predictive accuracy of CRN is comparable to or
better than that of the state-of-the-art classifiers on most
datasets.
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I.

INTRODUCTION

Instance-based learning [1] is an important learning
paradigm. The k-Nearest-Neighbor (abbr. k-NN) [2] is a
representative instance-based classifier that assigns an
unlabeled instance with the most common class among its k
nearest neighbors. Due to its simplicity and effectiveness, kNN classifiers have been widely employed in pattern
classification field.
Most of the instance-based classifiers use a given metric
to measure the similarity between the unlabeled instance and
its neighbors. When attributes are numerical, the normalized
Euclidean distance is a natural metric to measure the
similarity between instances. However, there may not exist
some natural notion of metric for many applications. In this
case, many instance-based classifiers that are designed to
handle numerical attributes will be confronted with difficulty
and typically use much simpler metrics to measure the
distance between values of categorical attributes. Although
those simpler metrics perform well in some cases, they may
fail to capture the inherent complexity of the problem
domains, and as a result may perform badly [3].
One issue of instance-based classifiers is the choice of
parameter k, i.e., the number of neighbors, which is often
chosen empirically by cross-validation or domain experts in
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II.

THE CRN ALGORITHM

We propose the CRN algorithm based on a simple idea:
if two instances belong to different classes, there is at least
one attribute on which two instances disagree. So, the core of
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CRN is to learn a collection of feature sets such that for each
pair of instances belonging to different classes, there is a
feature set on which two instances disagree.
There are two phases in CRN, i.e., the training phase and
the classification phase. In the training phase, CRN learns a
collection S of feature sets based on a new measure of
attributes quality. In the classification phase, CRN classifies
an unlabeled instance using those feature sets.
A. The Measure of Attributes Quality
Definition 2.1. Given an instance I ∈ Dc, we say that an
instance I′ ∈ D – Dc is discriminated from I by an attribute A
if IA ≠ I′A, where “–” denotes the set subtraction. Given a
feature set V and an instance I ∈ Dc, we say that all instances
in D – Dc are discriminated from I by V if for each instance I′
∈ D – Dc, there is an attribute A ∈ V such that IA ≠ I′A.
Definition 2.2. Given an instance I ∈ Dc, an attribute A
and a subset Dc~ ⊆ D – Dc, we define C(A, Dc~) to be the
number of instances in Dc~ that are discriminated from I by A,
that is, the number of instances which have different class
from c and different values from I on A.
Given an instance I ∈ Dc, CRN learns a feature set by
iteratively selecting an attribute and adding it into the feature
set V until all instances in D – Dc are discriminated from I by
V. The key issue is: which attribute should be selected in
each iteration, about which we have the following two
considerations. First, the selected attribute should have high
classification ability; second, in order to avoid overfitting
and for the sake of comprehensibility, the learned feature set
should be small.
In decision tree and rule induction learning paradigms,
the quality of an attribute is usually measured in terms of the
purity of classes of training instances. A set of instances is
pure if all instances belong to the same class and maximally
impure if the proportion of instances for each class is
uniform. Two well-known and commonly used impurity
measures are entropy, used in ID3 decision tree classifier [6]
and its successor C4.5 [7], and the gini-index, used in CART
system [8]. In this paper, we will define the measure of
attributes quality based on entropy and split information. We
now first review the concept of entropy.
For an attribute A having p distinct values {1, 2, …, p},
let Dci denote the set of instances in D whose attribute A
takes the value i and are labeled class c, and D*i be the union
of Dci over c, i = 1, 2, …, p, c = 1, 2, …, T. The entropy of
the attribute A on D is computed as (1) [6],

| Di |
| D*i | T | Dci |
¦ ( i log 2 ( ci )).
| D* |
i =1 | D | c =1 | D* |
p

E ( A, D ) = − ¦

(1)

Note that in (1), the logarithm of zero is defined to be
zero. The entropy of an attribute A provides a measure of
impurity for the subsets D*i of D, i = 1, 2, …, p. Especially, if
E(A, D) equals zero, then D*i is pure for i = 1, 2, …, p, and
the attribute A can correctly classify all instances in D.
On the other hand, given an instance I ∈ Dc, the problem
“learning the smallest feature set V such that all instances in
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D – Dc are discriminated from I by V” is the classical set
cover problem and is NP-hard [9]. The Johnson’s greedy
strategy [10] is a well-known approximate algorithm to solve
the set cover problem: in each iteration, the attribute A is
selected into V such that C(A, Dc~) is maximum among
unselected attributes. Johnson algorithm achieves the
approximation ratio ln|Dc~| and it is hard to achieve a (1 −
ε)ln|Dc~| approximation ratio for any ε > 0 [11].
Based on the above discussion, when learning a feature
set V for an instance I ∈ Dc, in each iteration we should
select the attribute A such that the entropy of A is minimum
and C(A, Dc~) is maximum among all unselected attributes.
However, it is unlikely that the two maxima can be
simultaneously achieved. Therefore, to make a trade-off
between the impurities of the partitions of D divided by an
attribute and the cardinality of a feature set, it is natural to
propose the measure of attributes quality as described in
Definition 2.3. Now, when learning a feature set V for an
instance I ∈ Dc, the attribute A whose Q(A, Dc~, D) value is
minimum among all unselected attributes is selected into V
in the current iteration.
Definition 2.3. Given an instance I ∈ Dc, and a subset
Dc~ ⊆ D – Dc, c = 1, 2, …, T, the quality of an attribute A
with respect to Dc~ is defined as (2),
+ ∞
if C ( A, Dc~ ) = 0
°
Q( A, Dc~ , D) = ® E ( A, D)
,
× SI ( A, D) else
°
~
¯ C ( A, Dc )

(2)

where SI(A, D) is computed as (3), and the meaning of p and

D*i in (3) can be found in the description about (1),
| Di |
| D*i |
log 2 * .
|D|
i =1 | D |
p

SI ( A, D) = − ¦

(3)

Note that in Definition 2.3, E(A, D) and SI(A, D) are
defined on D and are constant in whole training phase.
The term SI(A, D) in (2), proposed by Quinlan in C4.5
[7], is called the split information and used to overcome the
bias that the terms E(A, D) and C(A, Dc~) have: they may be
biased by the attributes that have a great number of values.
B. The Training Phase
In the training phase, CRN learns a collection S of feature
sets such that for each instance I ∈ D, there is a feature set V
∈ S that discriminates I from all instances labeled with
different classes from I’s. The feature sets are learned using
the separate-and-conquer strategy [5], that is, whenever a
feature set is learned for an instance I, it is needless to learn
feature sets for the neighbors (Definition 2.4) of I.
Definition 2.4. Given a training set D, a feature set V, a
labeled instance I′ ∈ Dc, c = 1, 2, …, T, and an instance I, we
say that I′ is the neighbor of I on V with class c if and only if
for each attribute A ∈ V, I and I′ agree on A: IA = I′A.

V; adding V to S if V does not belong to S; deleting all
neighbors of I on V from Temp.
The subroutine Learning_One_Feature_Set learns a
feature set V that discriminates all instances in Dc~ from I.
After initializing Attribute_Set as the set of all attributes and
computing the quality of each attribute in Attribute_Set with
respect to Dc~ using (2), Learning_One_Feature_Set learns a
feature set using the following greedy strategy: selecting the
attribute Amin such that the quality of Amin is minimum among
Attribute_Set; adding Amin into the feature set V and
removing the attribute Amin from Attribute_Set; removing the
instances from Dc~ that are discriminated from I by Amin;
recomputing the number of instances in Dc~ discriminated
from I by A and the quality of A using (2) for each attribute A
∈ Attribute_Set; and repeating the procedure until Dc~ or
Attribute_Set becomes empty.
C. The Classification Phase
In this section, we use Nc(V) to denote the number of
neighbors of an instance I on a feature set V with class c.
Definition 2.5. Let SUM be the sum of Nc(V) over c, i.e.,
the number of all neighbors of I on V. Define the impurity of
neighbors of I on V as (4).

 T N c (V )
N (V )
log 2 c
, if SUM > 0
°− ¦
IP(V ) = ® c =1 SUM
SUM
°+ ∞
else
¯

(4)

Similar to (1), the logarithm of zero is also defined to be
zero in (4). It is obvious that if the impurity of neighbors of
an instance I on a feature set V is zero, then all neighbors of I
on V belong to the same class.
Definition 2.6. Define the candidate label of I on V as (5),
CL(V ) = arg max N c (V ),

(5)

c∈{1 : T }

that is, the candidate label CL(V) is the class label with
which the number of neighbors of I on V is maximum among
all class labels. The corresponding NCL(V)(V) is called the
dominant neighbor count of I on V.
To predict the class of an unlabeled instance I, we have
the following three hypotheses. First, from (4), it is obvious
that if the impurity of neighbors of I on a feature set V is zero,
then all neighbors of I on V belong to the same class.
Therefore, we have the first hypothesis: the less the impurity
of neighbors of I on a feature set V is, the more probable that
I belongs to the candidate label of I on V. Second, according
to the principle of Occam’s razor [12], we have the second
hypothesis: the smaller a feature set V is, the more probable
that I belongs to the candidate label of I on V. Finally, the
third hypothesis is: the greater the dominant neighbor count
of I on V is, the more probable that I belongs to the
candidate label of I on V.
Therefore, CRN predicts the class of I using the impurity
of neighbors of I on V together with the cardinality of V and
the dominant neighbor count of I on V.

Figure 1. The training algorithm.

Now
the
training
algorithm,
named
Learning_Feature_Sets, is described in Fig. 1. First, the
entropy and the split information of each attribute are
computed using (1) and (3) respectively. Then for each class
c, c = 1, 2, …, T, CRN learns a collection of feature sets by
calling
the
subroutine
Learning_One_Feature_Set.
Specifically, after initializing Temp as the subset Dc of D and
Dc~ as D − Dc, then repeating the following procedure until
Temp becomes empty: picking an instance I from Temp and
computing C(A, Dc~) for each attribute A; calling the
subroutine Learning_One_Feature_Set to learn a feature set
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Priority(V) = Prioritymax and the candidate labels of I on VS
are different. To break the ties, let CLS be the set of
candidate labels of I on VS, CRN will return L as the class
label of I such that |DL| is minimum among CLS.
For some instance I, if the number of neighbors of I is
zero, i.e., IPmin = +∞, CRN returns the most common class
among the training set D.
The worst-case time complexity with the number of
instances in the training phase is O(n2), and the time for
classifying an instance is O(n|S||V|), and |V| is usually a small
number. The space complexity in both phases is O(nm),
which is optimum since O(nm) space is required merely to
store the training set D.
III.

THE EXPERIMENTAL RESULTS

The goal of our experiments is to answer the following
questions:
(1) How does the predictive accuracy of CRN compare to
that of popular and state-of-the-art classifiers?
(2) Is CRN sensitive to irrelevant attributes? Is CRN
biased by attributes with a great number of values?
(3) Is CRN efficient compare with state-of-the-art
classifiers?
(4) How big are the number of feature sets and the
number of attributes in a feature set?
However, considering the space limitation, here we only
give the answers to the first two questions.
TABLE I.

Figure 2. The classification algorithm.

Let IPmin be the minimum impurity among all feature sets.
If IPmin ≠ +∞, we define the priority of candidate label of I
on V as (6),

 N CL (V ) (V )
°
Priority (V ) = ®
|V |
°0
¯

if IP(V ) = IPPLQ

.

(6)

else

Now, the algorithm in the classification phase is given in
Fig. 2. For each feature set V ∈ S, CRN counts the number of
neighbors of I on V with class c for c = 1, 2, …, T, and
computes the impurity IP(V) of neighbors of I on V using (4).
If the number of neighbors of I on V does not equal zero,
then finds the candidate label CL(V) of I on V, and the
corresponding dominant neighbor count NCL(V)(V) using (5).
If IPmin ≠ +∞, compute Priority(V) using (6) for each
feature set V and let Prioritymax be the maximum priority
among priorities of candidate labels of I on all feature sets.
Then, the class label of I is decided by all candidate labels of
I on feature sets V such that Priority(V) = Prioritymax. If there
is only one feature set V such that Priority(V) = Prioritymax,
the prediction is simple: return the candidate label CL(V) of I
on V as the class label of I. However, for an instance I, there
may exist a set VS of feature sets such that for each V ∈ VS,
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THE INFORMATION OF BENCHMARK DATASETS

TABLE II.

TABLE III.

THE MEAN PREDICTIVE ACCURACY AND THE STANDARD DEVIATION ON UCI DATASETS

THE MEAN PREDICTIVE ACCURACY AND THE STANDARD DEVIATION ON SYNTHETIC DATASETS

All datasets used in our experiments are categorical data
and summarized in Table I, among which seventeen datasets
are benchmark datasets for machine learning and publicly
available from UCI machine learning repository [13]. The
others are synthetic data that are used to test the performance
of CRN and other classifiers when many irrelevant attributes
are added into a dataset. Another purpose is to test whether
the quality measure (2) may be biased by attributes with a
great number of values. The detailed information about the
seventeen UCI datasets can be found in [13], so we only
make a further introduction about the synthetic datasets.
The datasets Extended_Monks-1, Extended_Monks-2, and
Extended_Monks-3 are obtained by adding ninety-four
attributes into the UCI datasets Monks-1, Monks-2, and

Monks-3, and the target concept is the same one in Monks-1,
Monks-2, and Monks-3, respectively. All added ninety-four
attributes have 2 to 31 distinct values with identical
probability.
The four datasets RDG* are generated using the Random
Data Generator (abbr. RDG) implemented in the WEKA [14].
The parameters (those are not given in Table I) used to
generate the above four datasets are given as follows: all
attributes are binary, the maximum number of attribute-value
pairs in rules is ten, and the minimum number of attributevalue pairs is one. The difference between RDG10000-200
(RDG3000-1000) and RDG10000-200-50 (RDG3000-1000500) is that the number of irrelevant attributes is zero for the
former and fifty (five hundreds) for the latter.
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We use the WEKA [14] as the workbench for classifiers
compared with CRN (the version is 3.5.8). Since CRN
possesses characteristics of both rule-based classifiers and
instance-based classifiers, and a decision tree can be easily
converted into a set of rules, we compare the following
popular and state-of-the-art classifiers with CRN: the
instance-based classifier IBL [1], the decision tree classifiers
C4.5 [7], LMT [15], and Random Forests [16], and the rulebased classifiers PART [17] and RIPPER [18]. Considering
the space limitation, here we do not give the parameter
settings for those compared classifiers except Random Forest.
For other classifiers, the parameter settings are default values
set in the WEKA.
For Random Forest, the number of attributes to be used
in random selection is the first integer less than log2n + 1, the
number of trees to be generated is set to 250 except dataset
Led-24, and the maximum depth of the trees is unlimited.
Because of the “out-of-memory” error, the number of trees
to be generated is set to 150 for dataset Led-24.
Table II summarizes the predictive accuracy and the
standard deviation for all classifiers on seventeen UCI
datasets, and Table III summarizes the predictive accuracy
and the standard deviation for all classifiers on seven
synthetic datasets. Except for the datasets Monks-1, Monks-2,
Monks-3, Nursery, and Spect, each value in Table II and
Table III denotes the mean and the standard deviation over
ten runs, where each run consists of a ten-fold (n > 400) or nfold (n ≤ 400) cross validation. Since a training set and a test
set have been provided in datasets Monks-1, Monks-2,
Monks-3, Nursery, and Spect, the cross-validation is not
applied to those datasets. The result with bold in each row
indicates the highest one.
For seventeen UCI datasets (Table II), we observe that,
except for LMT and Random Forests, the predictive
accuracy of CRN is comparable to, or better than that of
other classifiers on most datasets. Compared with LMT and
Random Forests, CRN is a bit weak, but with comparable
predictive accuracy in the sense of mean accuracy over
seventeen UCI datasets.
For seven synthetic datasets (Table III), we observe that
CRN and RIPPER significantly outperform other classifiers.
Specifically, the mean accuracy of Random Forests, IBL and
PART decreases about 26%, 20%, and 8% compared with
the mean accuracy on UCI datasets respectively. If we
compare the mean accuracy over UCI datasets with the mean
accuracy over synthetic datasets, we also observed that CRN
and C4.5 performs more stably than other classifiers. At the
same time, Table III demonstrates that CRN is insensitive to
irrelevant attributes and the quality measure (2) is not biased
by the attributes with a great number of values.
IV.

CONCLUSION

In this paper, a new instance-based learning algorithm for
categorical data, named CRN, is proposed based on a rulelike definition of neighbor. CRN is a parameter-free and
nonmetric classifier. CRN together with six state-of-the-art
classifiers implemented in the WEKA workbench are
evaluated on twenty-four datasets. Experimental results

indicate that although the underlying idea is simple, the
performance of CRN is comparable to or better than that of
those state-of-the-art classifiers.
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