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Abstract

Imbalanced classification is a challenging problem. Re-sampling and cost-sensitive

learning are global strategies for generality-oriented algorithms such as the de-

cision tree, targeting inter-class imbalance. We research local strategies for the

specificity-oriented learning algorithms like the k Nearest Neighbour (KNN) to

address the within-class imbalance issue of positive data sparsity. We propose

an algorithm k Rare-class Nearest Neighbour, or KRNN, by directly adjusting

the induction bias of KNN. We propose to form dynamic query neighbourhoods,

and to further adjust the positive posterior probability estimation to bias clas-

sification towards the rare class. We conducted extensive experiments on thirty

real-world and artificial datasets to evaluate the performance of KRNN. Our

experiments showed that KRNN significantly improved KNN for classification

of the rare class, and often outperformed re-sampling and cost-sensitive learning

strategies with generality-oriented base learners.
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1. Introduction

In many real-world applications class distribution is highly imbalanced. Typ-

ically the objective of imbalanced classification is to achieve accurate classifica-

tion for each class, especially the rare, or positive class [1, 2]. (Hereafter rare

class and positive class are used interchangeably.) For example, identifying bugs

in source code is of uttermost importance in software development projects, but

typically bugs only occur at a rate of 5-10% [3]. Other examples for skewed

class distribution include oil spills in satellite radar images [1] and fraudulent

calls [4]. Imbalanced classification has been recognised as a challenging and

long-standing problem in data mining research [2, 5].

Existing imbalanced learning strategies can be broadly grouped into three

categories, re-sampling, cost-sensitive learning, and learning algorithm-specific

approaches. Re-sampling is a generic strategy for any base learning algorithm.

It generally over-samples the minority class and/or under-samples the majority

class to re-balance the class distribution [6, 7]. Cost-sensitive learning is also a

generic strategy that generally associates higher misclassification cost with the

rare class so that classification decisions are biased towards the rare class [8,

9, 10]. Re-sampling and cost-sensitive learning involve extra training and often

incur extra computation cost. Directly adjusting the induction bias of specific

learning models is an algorithmic strategy [11, 12, 13, 14, 15].

There are generality-oriented and specificity-oriented learning algorithms [2].

For generality-oriented learners, abstract classification models are inducted (trained)

from the training data. The decision tree and the support vector machine are

examples of generality-oriented learning schemes. For specificity-oriented learn-

ers no explicit models are inferred from training data, and direct classification

decision is reached locally for given data points or their vicinity in the training

instance space [16]. The k Nearest Neighbour (KNN) and instance-based learn-

ing algorithms [17] are representatives for the specificity-oriented scheme. KNN

is a computationally-simple specificity-oriented algorithm.

In addition to inter-class imbalance, imbalanced datasets also have the within-
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class imbalance issue of positive data sparsity [18, 2]. Existing studies have

mostly focused on resampling and cost-sensitive learning strategies for generality-

oriented learning algorithms like the decision tree [6, 7, 8, 9, 10], but they are

ineffective for specificity-oriented algorithms like KNN, as shown in our exper-

iments (Setion 7.2). Such results may be explained by the global nature of

resampling and cost-sensitive learning, which only target inter-class imbalance.

However, these strategies do not address the issue of inaccurate probability esti-

mation due to positive data sparsity [19]. Although re-sampling ensures overall

equal prior class probabilities, it can not improve posterior class probability es-

timation for instances when positive instances are scarce in local regions. Sim-

ilarly, with cost-sensitive learning, posterior class probability estimation is also

important for computing the expected minimal cost, but the issue of positive

data sparsity in local regions is largely ignored.

To address the within-class imbalance issue of positive data sparsity, we pro-

pose local strategies to directly adjust the induction bias of specificity-oriented

learning algorithms. We choose KNN as a representative specificity-oriented

learning algorithm due to its simplicity and low learning cost. We propose the k

Rare-class Nearest Neighbour (KRNN) classification algorithm, where dynamic

local query neighbourhoods are formed that contain at least k positive nearest

neighbours and the positive posterior probability estimation is biased towards

the rare class based on the size and positive distribution in local regions. To

the best of our knowledge, our approach of positive-biased posterior probability

estimation based on local positive distributions is the first of its kind.

We conducted extensive experiments on 14 real-world and 16 artificial imbal-

anced datasets to benchmark KRNN against state-of-the-art imbalanced learn-

ing strategies. KRNN was benchmarked against the widely used SMOTE [7]

re-sampling (synthetic oversampling for the rare class) and MetaCost [8] cost-

sensitive learning strategies with popular generality-oriented learners the deci-

sion tree [20] and the support vector machine [21]. KRNN was also benchmarked

against SMOTE and MetaCost with the specificity-oriented learner KNN and

against recent KNN-based algorithmic approaches, namely Positive-biased Near-
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est Neighbour (PNN) [15], which adjusts the positive probability estimation,

Exemplar-based Nearest Neighbour (ENN) [13]1, which inducts generalised con-

cepts, and Class-Weighted k Nearest Neighbour (CCW-KNN) [14], which com-

putes class weights [14] for each classification decision.

We evaluated the imbalanced classification performance using the receiver

operating characteristic (ROC) curve, which characterises classification per-

formance at varying misclassification costs, including Area Under ROC curve

(AUC) [23] and ROC Convex Hull analysis [24]. Our experiments showed that,

in terms of AUC, KRNN consistently outperformed the KNN family of algo-

rithms, including SMOTE-KNN and MetaCost-KNN. KRNN also consistently

achieved AUC significantly higher than SMOTE and MetaCost with the deci-

sion tree. KRNN often achieved the optimal classification result on the Convex

Hull, especially at low misclassification costs.

We make two main contributions in this paper:

• In contrast to the popular re-sampling and cost-sensitive learning strate-

gies, which are global strategies targeting inter-class imbalance, we pro-

pose local strategies to directly adjust the induction bias of KNN to com-

bat the within-class imbalance of positive data sparsity.

• We propose an intuitive, simple approach to positive-biased posterior class

probability estimation based on the positive distribution in local regions,

which does not quire extra training.

2. Related Work

In the literature strategies for imbalanced classification mainly fall under

three categories: re-sampling [6, 7], cost-sensitive learning [25, 8, 19, 10, 26],

and directly adjusting the induction bias of learning algorithms [11, 12, 27,

13, 14, 15]. The strategies can also be combined [28]. Common re-sampling

1ENN is different from the Edited Nearest Neighbour algorithm [22].
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techniques include random over-sampling and under-sampling, as well as intelli-

gent re-sampling. Chawla et al. [7] proposed Synthetic Minority Over-sampling

TEchnique (SMOTE) to over-sample the rare class by creating artificial but non-

replicated rare-class samples. Alhammady [29] proposed to over-sample the rare

class by creating artificial rare-class samples based on patterns characterising

differences among classes. In [30] an adaptive synthetic sampling approach was

proposed to generate more rare-class samples that are harder to learn.

Typically the cost-sensitive learning strategy associates higher cost for in-

correctly classifying instances from the rare class, although the specific cost

information is not always available. Domingos [8] proposed a generic re-costing

method called MetaCost. Experiments show that MetaCost reduces costs com-

pared to the cost-blind classifier, using C4.5Rules (a decision tree classifier)

as the base learner. Sun et al. [26] proposed to use boosting techniques for

imbalanced learning, and introduced three cost-sensitive boosting algorithms.

Based on the observation that boosting tends to overweight the minority class

instances, in [10] cost-sensitive learning is combined with feature selection for

effective imbalance learning. It should be noted that the re-sampling and cost-

sensitive learning strategies discussed above all use generality-oriented learning

algorithms like the decision tree [20] and the support vector machine (SVM)

[21] as the base learning algorithm.

There have been comparative studies on the effectiveness of re-sampling

and cost-sensitive learning for imbalanced classification [19, 31]. In [19] Elkan

studied the problem of optimal learning with different misclassification costs

and showed that compared with adjusting cost for each class, re-sampling has

little effect on the decision tree and Bayesian learning algorithms. In [31] Weiss

et al. raised the question “why doesn’t the cost-sensitive learning algorithm

perform better given the known drawbacks with sampling?” In [28], SMOTE

sampling and cost-sensitive learning are combined, using the SVM base learner.

The approach is shown to outperform any separate approach.

Directly adjusting the induction bias of specific learners is a third strategy

for imbalanced classification. One class of studies focus on how to make the
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induction bias of generality-oriented classification algorithms like the decision

tree more specific so as to improve their performance for the rare class. Holte et

al. [11] modified the bias of the decision tree classifier CN2 by using the maxi-

mum generality bias for large disjuncts and a selective specificity bias for small

disjuncts, where a disjunct is a sub-cluster of samples corresponding to a sub-

concept for a class. In another piece of work [12], a hybrid approach is adopted

to address the imbalanced problem – the C4.5 decision tree classifier [20] is used

as the base learner, and an instance-based classifier is used if small disjuncts

are encountered. Similar approaches were introduced [32, 33], combining a ge-

netic algorithm and the C4.5 decision tree. In [34] kernel-based classifiers are

proposed to optimise model generalisation for imbalance classification.

Another class of studies for directly adjusting the induction bias of learn-

ers focus on adjusting the induction bias of specificity algorithms, specifically

KNN [27, 13, 14, 15]. In both [13] and [14] a training stage is introduced to iden-

tify exemplar positives or to derive weights for “signifiant” training instances.

Li and Zhang [13] proposed Exemplar-based Nearest Neighbour (ENN), where

exemplar positives are those that can be safely generalised to a positive region.

Liu and Chawla [14] proposed Class Confidence-Weighted k Nearest Neighbour

(CCW-KNN), where class confidence (probability) for an attribute-value pair

is estimated. Dubey and Pudi [27] proposed weighted KNN by estimating the

class weight for each instance in the training instance space. In all these three

pieces of work an extra training stage is introduced where extra computation is

needed for learning. In contrast, Positive-biased Nearest Neighbour (PNN) [15]

is a simple approach directly adjusting the class probability estimation from

the local neighbourhood for query instances, without extra computation cost

for learning from training instances. The class probability estimation of PNN

however, is somewhat ad hoc, where for a query neighbourhood where positives

are underrepresented, the positive probability is crudely estimated as dk2 e/k.

Notably there have been studies [35] comparing the performance of specificity-

oriented and generality-oriented algorithms for imbalance learning. The per-

formance of KNN for class imbalance is examined in comparison to several
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generality-oriented learning algorithms including C4.5, Naive Bayes, and MLP

and RBF neural networks. It is found that KNN can achieve more accurate

classification for local regions where positives are underrepresented and that

the local imbalance ratio and the local region size are important for the KNN

performance. However the problem of how to improve KNN for imbalance learn-

ing is not addressed.

Orthogonal to imbalance classification, following the seminal work on the

Nearest Neighbour classification [36], there have been extensive studies in the

literature on improving the KNN algorithm: One class of studies, including for

example [22, 17, 37, 38, 39, 40, 41], focus on selecting prototypes (data points)

or learning new prototypes with the purpose of reducing noises in the training

instance space. Another class of studies, for example [42, 43], focus on improving

the posterior probability estimation from nearest neighbours through adjusted

neighbourhoods or weighted distance computation. The purpose of all these

existing studies is to improve the overall classification performance for KNN

rather than class-specific precision in the presence of class imbalance.

3. Classification Decisions for the Rare

The KNN algorithm can be viewed as an empirical Bayes decision rule where

P (Ci|t), the posterior probability of query instance t for class Ci, is estimated

from the k nearest neighbours of t. Instances are classified to the class with

the highest posterior probability. For example for a two-class problem with the

positive class C+ and negative class C−, an instance t is classified to the positive

class if P (C+|t) > 0.5, otherwise t is classified to the negative class. In many

applications, it is also important to rank all instances for a class from the most

probable to the least probable. A ranking function that produces ranking scores

for instances is needed to ideally generate ranking of examples in accordance

with their true class probability.

In the presence of skewed class distribution, negatives are frequent in many

local regions, and the standard KNN classification decision based on posterior
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class probability estimated from query neighbourhoods has an inherent bias

towards the frequent class. To achieve better classification decisions, better

strategies to calibrate the posterior positive probability are needed. Specifically

two research questions need to be addressed:

• How should the local neighbourhood for query instances be decided so

that it has adequate positive presence and is not overly enlarged?

• How to estimate the positive probability for query neighbourhoods to bet-

ter calibrate and rank query instances in terms of their positive propen-

sity? It is desired that the positive probability estimates can reliably rank

query instances in accordance with their likelihood for being positive.

We propose to dynamically decide query neighbourhoods to ensure adequate

positive presence locally. With standard KNN classification, very few or even

zero positives are present in fixed-size regions of k instances. Given a query

instance t, the value of k should be set locally and dynamically so that the

local region has adequate positive frequency and on the other hand includes

only closest neighbours of t that have posterior class probability approximately

equal to that of t. We propose a simple heuristic strategy to set k dynamically

based on local class distribution.

In this paper, different from existing studies [14, 13, 15], we propose to di-

rectly adjust the posterior probability estimation for query instances. With stan-

dard KNN, positive probability for query instances are estimated from their local

neighbourhoods. The frequency-based approach can produce extreme probabil-

ity estimates near zero when positives are very rare, and is not a reliable method

for class probability estimation. Smoothing is a common approach to probability

estimation. A de facto standard smoothing method is the Laplace estimate [44].

For a two-class problem, the positive class probability is estimated as p+1
p+n+C ,

where p and n are numbers positive and negative instances, and C = 2. The

m-estimate [45] is another smoothing approach [46], where the positive class

probability is estimated to be p+b∗m
p+n+m , and m is a parameter that controls how

much scores are shifted towards the positive prior in the training population.
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However setting m needs considerable computation. The smoothing approaches,

either the Laplace estimate or the m-estimate, do not directly address the class

imbalance issue. When positives are scarce, smoothing approaches generate

close probability estimates near the set priors from the terms in the smoothing

functions, and as a result can not distinguish and rank query instances in terms

of their positive propensity.

Different from the smoothing approaches, we focus on obtaining calibrated

positive probability estimates from the rare positives in local regions. We pro-

pose a simple, intuitive strategy based on the positive distribution in local

neighbourhoods to adjust the class frequency terms p and n in the smooth-

ing functions. The strategy results in calibrated positive probability estimation

for query instances and is aimed to distinguish and rank them in terms of their

true positive propensity. Our discussions next will be based on the Laplace

estimate function but the same principle applies to the m-estimate.

4. Forming Dynamic Query Neighbourhoods

In this section we describe our strategy of forming dynamic query neigh-

bourhoods to increase the sensitivity of KNN for the rare class. For ease of

discussions we will be based on the two-class problem, and the rare class is the

positive class. As discussed later, our proposed approach can be easily gener-

alised to multi-class problems.

On imbalanced datasets of within-class imbalance [47], for a standard KNN

classifier, the k(≥ 1) nearest neighbours for a query instance may contain few

or even zero positives in its vicinity due to positive sample sparsity, and as a

result the KNN classifier can not accurately characterise the positive propensity

for the query instance. To rectify this situation, we enlarge the nearest neigh-

bourhood for the query instance such that two conditions are satisfied: (1) the

query neighbourhood contains at least k positive instances. and (2) the query

neighbourhood limit reaches a positive-negative border, As a result, depending

on the positive distribution surrounding the query instance, the query neigh-
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(a) r = 5, k′ = 2

+* +- - +
(b) r = 1, k′ = 1

Figure 1: An example dynamic local neighbourhood for a query instance ( * ) for k = 1.

bourhood has a varying size, and contains a varying number k′ of positives, and

k′ ≥ k. The varying neighbourhood size r and number of positives k′ more

accurately characterise the positive propensity for the query instance:

• If the local region centred at the query instance is sparsely populated with

positives, it is very likely that r is large and k′ is close to k. The query

instance has low positive propensity.

• If the region contains relatively sparsely distributed positives, r is likely

to be of moderate size and k′ is still close to k. The query instance has

moderate positive propensity.

• Otherwise the region is densely populated with positives. It is likely that

r is small and k′ > k. The query instance has high positive propensity.

As discussed in Section 7, experiments show that this dynamic local query

neighbourhood formulation strategy can form dynamic query neighbourhoods

and more accurately characterise the positive probability for the query instance,

which sets the basis for accurate rare-class classification.

Fig. 1 shows an artificial two-class imbalanced problem, where positive (mi-

nority) training instances are denoted as “+”, negative (majority) instances are

denoted as “-”, and “*” denotes the query instances. The diagrams are in one

dimension so that it is easier to show the distance between instances and the

size of different regions. As can be seen, for k = 1 and for a given query instance

t (denoted as *), the query neighbourhood for classification varies depending on
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the distribution of neighbouring positives:

• Fig. 1(a) shows the situation when the nearest neighbour of the query

instance is negative. The neighbourhood for t is expanded to include the

nearest positives until reaches the positive-negative border. As a result the

neighbourhood is indeed the five-instance neighbourhood of t, or r = 5.

Note also that due to the two positive instances are neighbours k′ = 2.

• Fig. 1(b) shows the case when the nearest neighbour of the query instance

is positive. As a result the neighbourhood for t reaches the positive-

negative border, and r = 1 and k′ = 1.

The dynamic query neighbourhoods of varying sizes provide us the benefit to

determine whether to apply adjustment for estimating the positive posterior

probability, as will be discussed in the next section.

5. Adjusting the Positive Posterior Probability Estimation

In this section we discuss our strategies for adjusting the positive posterior

probability estimation for query neighbourhoods.

5.1. Contrasting local to global positive distributions

Let r be the number of instances in the local neighbourhood for a query

instance t. Let q be a random variable of the class label for t, then the prob-

ability of q taking the positive label, or being a “success” follows the binomial

distribution B(r, q). The confidence interval for q based on the observed positive

proportion q̂ = k′/r is

q̂ ± zα/2
√
q̂(1− q̂)/r. (1)

where zα/2 is the z-score for normal distribution corresponding to the confidence

level of 100(1−α)%. When the sample size r is small, which occurs often for local

neighbourhoods, Equation 1 often understates the width of the true interval. A
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correction to the estimation of the confidence interval for q for small sample size

is as follows [48], where z0 = zα/2:

q̂ + z20/2r ± z0
√
q̂(1− q̂)/r + z20/4r

2

1 + z20/r
(2)

Equation 2 is used to estimate the local positive confidence interval for query

regions and Equation 1 is used to estimate the global positive confidence interval

for the training population. We adjust the posterior positive probability estima-

tion for a query instance towards the positive class if the lower endpoint of its

local positive confidence interval is higher than the higher endpoint of the global

positive confidence interval. The confidence level of 100(1−α)% is a parameter

tuning the performance of our proposed approach. Note that when the local

positive interval is comparable to the global positive interval then no adjustment

will be applied to the positive posterior probability, and our algorithm will be

reduced to standard KNN.

Generally a large number of samples mean the confidence interval estimation

not very sensitive to confidence level settings. Assuming a sufficiently large

training population, the confidence level for global positive confidence interval

estimation, denoted as cg, is generally set to high (90%) to get loose confidence

intervals, which makes it hard to apply adjustment for classification decision.

Confidence level settings for the query neighbourhood, denoted as cr, from low

to high implies small to large positive confidence intervals. Our experiments

(c.f. Section 7.3) show that on imbalanced datasets higher cr generally leads to

more accurate rare-class classification.

5.2. Positive-biased posterior probability estimation

Given the neighbourhood for a query instance t comprising k′ positive and

n negative training instances respectively, the Laplace smoothing estimate for

the positive probability of t, k′+1
k′+n+2 , tends to be close to the prior of 0.5 when

the query neighbourhood size (k′ + n) is very small. To address this issue, a

modified Laplace estimate for posterior class probability commonly used [49].
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Specifically, the positive posterior probability for t is estimated as:

P (C+|t) =
k′ + 1

|D|

k′ + n+ 2
|D|

(3)

Note that in Equation 3 the class factors 1
|D| and 2

|D| are normalised by the

training dataset size |D| and reduces the strong bias towards 0.5.

On very skewed datasets, many local regions rarely have positives and very

likely their positive probabilities estimated by Equation 3 are all close to the

prior by the constant terms. A strategy is desired to compute the true positive

propensity for these regions so as to distinguish and effectively rank the corre-

sponding query instances. To this end, if the local positive interval for a query

instance t(Equation 2) is higher than the global positive interval(Equation 1),

intuitively it indicates that t has higher posterior positive probability than the

positive prior based on the observed positive frequency in the training popula-

tion. It is then reasonable to decide that t has higher positive propensity than

that observed in the local positive frequency. The positive posterior probability

estimation for t in Equation 3 therefore should be adjusted. Let λ denote the

positive odds (P:N) in the query neighbourhood over the positive odds in the

global population. As an example, if P:N=1:5 in the query region and P:N=1:10

in the global training population, then λ = 2. The positive posterior probability

for query instance t is adjusted according to λ, as follows:

P (C+|t) =
k′ + 1

|D|

k′ + 1
λ ∗ n+ 2

|D|
, (4)

Comparing Equations 3 and 4, λ takes into account the local versus global

class imbalance levels and the positive odds ratio in the local neighbourhood

versus the global population indicates the positive propensity for the query

instance. Equation 4 is able to elegantly handle both imbalanced and balanced

scenarios. When λ is extremely high, which indicates higher the local region has

high propensity for the positive class, P (C+|t) by Equation 4 is much higher

than that by Equation 3. When λ = 1, Equation 4 falls back to Equation 3.

Adjustment to posterior class probability estimation has been proposed in

previous studies [50, 19], but for class probability estimation from the modified
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class distribution after re-sampling. Weiss and Provost [50] proposed to adjust

posterior probability estimation for a decision tree learnt from re-sampled train-

ing data. Specifically for a leaf node with p positive and n negative instances,

the positive probability is estimated as p+1
p+o∗n+2 , where o is the positive over-

sampling ratio. For example, if P:N=1:10 in the natural class distribution, but

P:N=1:1 after re-sampling, then o is 1.0/0.1 = 10, and the positive probability

is estimated as p+1
p+10∗n+2 . In [19], an equivalent probability adjustment strategy

is proposed, based on class fraction rather than class ratio after re-sampling.

Different from these two studies, we aim to bias the posterior probability es-

timation towards the frequent class based on the natural class distribution in

local neighbourhoods. To the best of our knowledge, Equation 4 is the first

attempt to make use of the natural class skewness level of training data to bias

classification decision.

Generally for a multi-class problem where there are one or several rare

classes, the one-versus-others scheme can be applied to decompose the prob-

lem into multiple binary classification problems. For each binary classification

problem, our proposed posterior adjustment approach can be applied to esti-

mate the posterior probability for each rare class. Given the rare occurrences

of rare class instances in any query neighbourhood, the posterior probability

estimation for classes shall not be distorted.

6. The KRNN algorithm

We propose the k Rare-class Nearest Neighbour (KRNN) algorithm (Algo-

rithm 1) that applies all strategies discussed in Section 5. Input for the al-

gorithm includes a given query instance t, the training population T , a given

minimal number of positive nearest neighbours k, the global confidence level

cg and the local confidence level cr. KRNN outputs P (C+|t), the estimated

positive posterior probability for the query instance t.

As discussed in Section 4, for a query instance t, the training instance space is

searched for the local region R centred at t that contains at least k positives. As
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Algorithm 1 The KRNN classification algorithm

Input:

a) Training set D;

b) Query instance t;

c) The minimal number of positive nearest neighbours k;

d) The global confidence level cg and local confidence level cr

Output: Positive posterior probability for t

1: R← the neighbourhood for t with k′ ≥ k positive nearest neighbours

2: r ← |R|

3: Lg ← interval by Equation 1 from D, positive frequency in D, and cg

4: Lr ← interval by Equation 2 from R, positive frequency in R (k
′

r ), and cr

{positive posterior probability estimation adjustment}

5: if (Lr.low-end > Lg.high-end) then

6: λ← P:N in R
P:N in D

7: P (C+|t) is computed using Equation 4 from λ, r, k′, and |D|

8: else

9: P (C+|t) is computed using Equation 3 from r, k′ and |D|

10: end if

there may exist clusters of positive instances of more than one positive instance,

the search may result in that R contains k′ positives, and k′ > k. Given the size

r for the query neighbourhood R, the positive posterior probability estimation

is adjusted according to the positive bias factor λ (Line 7) and Equation 4. For

a given k, the size of dynamic neighbourhood R varies significantly depending

on the positive distribution in R. Our experiments show that, with k = 1,

the query neighbourhood for classification can contain from one instance to

hundreds of instances. The dynamic neighbourhoods accurately characterise the

positive distribution profile in local neighbourhoods for query instances, and is

important for KRNN to achieve good performance in the Receiver Operating

Characteristic (ROC) space (See experiment results in Section 7.3).

Similar to the standard KNN model, the choice of k for KRNN can be
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determined empirically by cross validation. A large k value may lead to a

large nearest neighbourhood containing training instances far from the query

instance that have posterior probability different from the query instance. Due

to the data sparsity associated with imbalanced datasets [18], a large k value for

KRNN often results in extremely large neighbourhoods for classification. Our

experiments show that k = 1..3 typically gives good classification performance.

The default setting is k = 1. Experiments on settings of k are presented in

Section 7.3.

Parameters cg and cr in KRNN are confidence levels for estimating the global

and local positive confidence intervals High confidence levels cg and cr result in

wider confidence intervals and Equation 4 is more likely applied, which generally

leads to high recall for the positive class. On the contrary, low confidence levels

result in tight intervals and Equation 4 are less likely applied, which can lead

to high precision for the positive class. By default cg and cr are set to 0.9.

7. Experiments

We conducted extensive 10-fold cross validation experiments to evaluate the

performance of KRNN. Thirty imbalanced datasets, including 14 real-world and

16 artificial datasets are used for evaluation of classifiers. All classifiers were

developed using the WEKA (Version 3.6.5) data mining toolkit [49].

7.1. Algorithm settings, evaluation metrics and datasets

KRNN is benchmarked against other imbalanced classification algorithms

and strategies, including: a) the specificity-oriented learning algorithm KNN,

or the IBk algorithm in WEKA, and three recent algorithms in the KNN family

for imbalanced classification, namely ENN [13], PNN [15] and CCW-KNN [14];

b) generality-oriented learning algorithms J48, the C4.5 decision tree in WEKA,

and LibSVM [51]; c) oversampling strategy SMOTE [7] and cost-sensitive learn-

ing strategy MetaCost [8], using IBk, J48 and LibSVM (Version 3.18) as base

learners. Settings of the algorithms are as follows:
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• For KRNN, IBk, ENN and CCW-KNN in the KNN family, k = 1. For

KRNN cg = 0.9 and cr = 0.9. For CCW-KNN, the instance weighting is

set as “Weight by class confidence and 1/distance”.

• For the generality-oriented learning algorithms, J48 is set with the “-M1”

option (minimum one instance is allowed for a leaf node without pruning).

LibSVM settings are: the RBF kernel, cost = 10, gamma = 0.001, and

“estimate class probabilities”. These settings ensure LibSVM has good

performance on most datasets.

• Settings for SMOTE and MetaCost imbalanced learning strategies: SMOTE

minority over-sampling of 3 times more instances for the minority class.

With MetaCost [8] mis-classification cost for the positive class is set to

the negative-to-positive ratio in the training population.

The ROC curve [52] has been widely used for evaluating imbalanced classifi-

cation performance, as the curve is irrespective to class distribution. The Area

Under ROC (AUC) as an aggregate metric measuring the overall classification

performance of classifiers for the rare class across different false positive rates.

Precision and recall at a specific classification threshold (typically 50%) are also

widely to evaluate class-specific classification accuracy, which are defined as:

Precision =
TP

TP + FP
, Recall =

TP

TP + FN
, F1 = 2 ∗ Precision ∗Recall

Precision+Recall

where TP, FP, FN represent numbers for true positives, false positives, and

false negatives respectively. The ROC convex hull 2 highlights classification

accuracy at different levels of sensitivity [24, 52] and has been used for evaluating

imbalanced classification [7]. In the ROC space, if a point falls on the convex

hull for a set of points the corresponding classifier is potentially an optimal

classifier for the FP rate.

Fourteen real-world imbalanced datasets from various domains are used in

our experiments, as summarised in Table 1. Datasets range from highly imbal-

2Available at http://home.comcast.net/∼tom.fawcett/public html/ROCCH/.
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Table 1: Fourteen real-world imbalanced datasets, ordered in increasing positive frequency.

Dataset Size #Attr Class (Pos, Neg) P:N (Pos frequency)

Hiva∗ 3844 1617 (1, -1) 135:3709 (3.51%)

Oil 937 47 (true, false) 41:896 (4.38%)

Hypo-thyroid 3163 25 (true, false) 151:3012 (4.77%)

Sylva∗ 13085 217 (1, -1) 805: 12280 (6.15%)

PC1ˆ 1109 21 (true, false) 77:1032 (6.94%)

Glass 214 9 (3, other) 17: 197 (7.94%)

Satimage 6435 36 (4, other) 626: 5809 (9.73%)

CM1ˆ 498 21 (true, false) 49: 449 (9.84%)

KC1ˆ 2109 21 (true, false) 326: 1783 (15.46%)

SPECT F 267 44 (0, 1) 55: 212 (20.60%)

Hepatitis 155 19 (1, 2) 32: 123 (20.65%)

Vehicle 846 18 (van, other) 199: 647 (23.52%)

Ada∗ 4146 49 (1, -1) 1029: 3117 (24.82%)

German 1000 20 (2, 1) 300: 700 (30.00%)

*: Agnostic learning datasets; ˆ : Software engineering datasets.

anced (with a positive frequency of 3.51%) to lowly imbalanced (with a positive

frequency of 30.00%). Seven datasets from the UCI Machine Learning repos-

itory [53] are selected. With multi-class datasets, one class is chosen as the

positive and the others are the negatives, as shown in the fourth column of

Table 1. For the SPECT F dataset the version with numeric attributes is used.

Datasets PC1, CM1 and KC1 are software engineering datasets for predicting

software defects, obtained from the NASA IV&V Facility Metrics Data Pro-

gram (MDP) repository 3. These datasets have been widely used in software

engineering research [3] for software defect prediction. Generally only a mi-

nority of modules (around 10% on average) contain defects. The Oil dataset

was provided by Robert Holte [1], and the task is to predict the oil spill from

satellite images, which generally only occurs in 41 out of 937 samples (4.3%).

The dataset has been widely used in imbalanced learning research. Hiva, Sylva

and Ada are downloaded from the Workshop on Agnostic Learning versus Prior

3http://mdp.ivv.nasa.gov/index.html
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Table 2: Overall AUC results: KRNN versus KNN family of algorithms. Highest AUC in bold

(“<0.001” deemed equal). p-value < 0.05 in bold for statistical significance (versus KRNN).

Dataset KRNN PNN ENN CCW-

KNN

IBk SMOTE-

IBk

MetaCost-

IBk

Hiva 0.825 0.810 0.670 0.715 0.661 0.674 0.708

Oil 0.875 0.865 0.742 0.849 0.721 0.752 0.750

Hypo-thyroid 0.942 0.932 0.771 0.871 0.789 0.796 0.821

sylva 0.994 0.986 0.949 0.974 0.914 0.957 0.933

PC1 0.840 0.833 0.820 0.821 0.740 0.730 0.791

Glass 0.752 0.750 0.630 0.581 0.603 0.719 0.570

Satimage 0.963 0.954 0.866 0.918 0.829 0.879 0.851

CM1 0.715 0.716 0.600 0.703 0.589 0.602 0.625

KC1 0.771 0.761 0.754 0.824 0.735 0.760 0.775

SPECT F 0.743 0.745 0.669 0.706 0.619 0.739 0.664

Hepatitis 0.801 0.698 0.698 0.850 0.678 0.645 0.698

Vehicle 0.983 0.969 0.897 0.967 0.916 0.934 0.922

Ada 0.826 0.807 0.726 0.784 0.692 0.691 0.712

German 0.736 0.712 0.657 0.734 0.660 0.665 0.660

Average 0.840 0.824 0.746 0.807 0.725 0.753 0.749

p-value – 0.037 <0.001 0.048 <0.001 <0.001 <0.001

Knowledge Challenge & Data Representation 4.

A collection of 16 artificial 2-dimensional datasets of two classes are con-

structed using the experimental settings in [54]. For each dataset, instances are

randomly generated according to the normal distribution. For the positive class

mean and standard deviation are set to 0 and 1 for each dimension, that is,

µ+ = [0, 0] and σ+ = [1, 1]. For the negative class, mean and standard devia-

tion are set to 2 for one dimension, and to 0 and 2 respectively for the other

dimension, that is, µ− = [2, 0] and σ− = [2, 2]. Such settings form overlapping

classes along both dimensions. The imbalance level of the 16 datasets varies

– the positive frequency ranges from 50% to 5.88%. Specifically, the number

of positive instances in all datasets is set to a fixed number of 50, whereas the

number of negatives increases from 50 to 800 in increments of 50.

4http://www.agnostic.inf.ethz.ch/datasets.php
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Table 3: Overall AUC results: KRNN versus generality-oriented models. Highest AUC in bold

(“<0.001” deemed equal). p-value < 0.05 in bold for statistical significance (versus KRNN)

.

SMOTE MetaCost

Dataset KRNN J48 SVM J48 SVM J48 SVM

Hiva 0.825 0.625 0.775 0.656 0.785 0.685 0.802

Oil 0.875 0.685 0.885 0.757 0.917 0.764 0.917

Hypo-thyroid 0.942 0.924 0.980 0.916 0.981 0.937 0.982

sylva 0.994 0.966 0.999 0.971 0.999 0.979 0.999

PC1 0.840 0.789 0.795 0.768 0.777 0.760 0.704

Glass 0.752 0.696 0.697 0.880 0.851 0.864 0.622

Satimage 0.963 0.767 0.919 0.766 0.880 0.816 0.900

CM1 0.715 0.607 0.762 0.638 0.725 0.668 0.710

KC1 0.771 0.640 0.687 0.642 0.793 0.695 0.787

SPECT F 0.743 0.626 0.822 0.622 0.847 0.643 0.806

Hepatitis 0.801 0.753 0.839 0.645 0.862 0.746 0.873

Vehicle 0.983 0.921 0.983 0.924 0.895 0.929 0.873

Ada 0.826 0.756 0.867 0.770 0.870 0.758 0.838

German 0.736 0.608 0.743 0.616 0.708 0.620 0.741

Average 0.840 0.740 0.840 0.755 0.849 0.776 0.825

p-value – <0.001 0.943 0.002 0.602 0.003 0.426

7.2. The overall performance of KRNN

We evaluated the performance of KRNN by ten-fold cross validation exper-

iments in WEKA. Two-tailed paired t-tests were used to test the statistical

difference between results. AUC was used to evaluate the overall classification

performance of KRNN. Table 2 shows the AUC results for KRNN in compar-

ison with other models in the KNN family, namely PNN, ENN, CCW-KNN,

SMOTE-IBk and MetaCost-IBk. For fair comparison k = 1 for all models.

Overall KRNN has the highest average AUC value of 0.840 and this result is

significantly better than all other models consistently (p < 0.05). Especially

KRNN has significantly better average AUC than that for SMOTE-IBk and

MetaCost-IBk — 0.840 versus 0.753 and 0.749. This result highlights that the

local strategies in KRNN are more effective than the global strategies of re-

sampling and cost-sensitive learning for rare-class classification. Table 3 shows

the AUC result of KRNN against popular generality-oriented models the deci-
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Figure 2: AUC results for KRNN vs. other KNN family algorithms on artificial datasets.

sion and support vector machine, and meta-learning strategies with these mod-

els, namely the J48, LibSVM, SMOTE-J48, SMOTE-SVM, MetaCost-J48 and

MetaCost-SVM. KRNN achieves an average AUC (0.840) significantly higher

than that of J48 (AUC = 0.740) , as well as SMOTE-J48 (0.755) and MetaCost-

J48 (0.776) with p < 0.05. KRNN has an average AUC (0.840) comparable with,

or not statistically different from, that for SVM (0.840) , SMOTE-SVM (0.849)

and MetaCost-SVM (0.825).

We further evaluated KRNN against other models in the KNN family on the

16 artificial datasets, and results are plotted in Fig. 2. In the figure, the leftmost

data point has perfect balance where P:N=50:50, whereas the rightmost point

is highly imbalanced with P:N=50:800. It can be seen that in general at all

imbalance levels KRNN and PNN show the best and stable performance among

the six models. KRNN has an average AUC of 0.848 with a range of 0.882

(P:N=50:50) to 0.851 (P:N=50:800) whereas PNN has an average AUC of 0.851

with a range of 0.881 (P:N=50:50) to 0.857 (P:N=50:800). ENN and SMOTE-

IBk also show lower but relatively stable AUC performance across different

imbalance levels. In contrast CCW-KNN and MetaCost-IBk show degrading

performance with increasing imbalance levels: MetaCost-IBk especially shows

oscillating performance with respect to imbalance levels. This partly shows that

the cost matrix setting for MetaCost according to the inverse of class ratio has
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(a) High imbalance: Hiva (3.5% positives)
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(b) Moderate imbalance: CM1 (9.84% positives)
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(c) Low imbalance: German (30.0% positives)

Figure 3: ROC convex hull: KRNN versus other imbalanced classification models.

not been effective when the negative content is extremely high.

We analysed the convex hull for models in the KNN family, which char-

acterise in details the performance of models. Fig. 3 shows the ROC curves

for KRNN against five other models where the points on the convex hull are

highlighted in circles. For readability curves are plotted in two graphs for three

representative datasets at different imbalance levels: Hiva of high imbalance

(3.5% positives), CM1 of moderate imbalance (9.84% positives) and German of

low imbalance (30% positives).
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Graphs on the left plot KRNN against PNN, and ENN and CCW-KNN. On

the highly imbalanced dataset Hiva (3.51% positives), KRNN dominates the

ROC space at all FP rates, which is consistent with KRNN having the highest

AUC of 0.825 (Table 2). On the moderately imbalanced dataset CM1, CCW-

KNN does not have the highest AUC but has the largest number of points on the

convex hull, mostly at high FP rates. Still at the very low FP rate of 0.02 and

0.08, KRNN and PNN lie on the convex hull. KRNN and PNN are obviously

good choices for those applications where accurate prediction at low FP rate

is highly desirable. In the left graph of Fig. 3(c), on the German dataset of

low imbalance (30% positives), KRNN and CCW-KNN have comparable AUC

results (0.736 versus 0.734), and almost equal appearances on the Convex Hull.

Still at low FP rates, more points from KRNN lie on the ROC convex hull,

which again shows that KRNN is a strong model when low FP rate is desired.

Graphs on the right of Fig. 3 plot KRNN and PNN against SMOTE-IBk

and MetaCost-IBk. Clearly points of the KRNN and PNN dominate the convex

hull at all misclassification costs, and on all datasets from high to low imbalance

levels. For example on the very imbalanced Hiva dataset, KRNN has seven out

of 14 data points on the convex hull. In contrast SMOTE-IBk and MetaCost-

IBk each has only two of eight and two of seven points on the convex hull.

Overall the graphs on the right of Fig. 3 (a)–(c) convincingly demonstrate that

the local query neighbourhood and probability adjustment strategy of KRNN

and PNN significantly outperforms the re-sampling and cost-sensitive learning

strategies for the KNN model.

7.3. The properties and parameters of KRNN

We analysed the properties and parameters of KRNN, including the dynamic

query neighbourhood size r (Section 3), the positive-biased posterior probability

estimation strategy (Section 5.2), the settings of confidence levels cg and cr and

the setting of k.

The dynamic query neighbourhood for classification: We examined the dy-

namic query neighbourhood size r and the number of positive samples k′ for
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(a) Oil (4.38% positives) (b) Vehicle (23.52% positives)
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Figure 4: The distribution of dynamic query neighbourhoods

k = 1 on real-world and artificial datasets of high and low imbalance. Fig. 4

plots distribution of query neighbourhoods of different sizes in the (r, k′) space.

Each point in the (r, k′) space represents a neighbourhood of r instances where

k′ are positives, and the size of the circle at the point represents the number

of local neighbourhoods falling onto the point. Obviously the distribution of

neighbourhoods in Fig. 4 (a) and (c) is very different from that in Fig. 4 (b)

and (d). In Fig. 4(a) and Fig. 4(c), for highly imbalanced datasets Oil and

P50:N800, the circles of different sizes spread along the x-axis (r = 1..297). In

contrast in Fig. 4(b) and Fig. 4(d), for moderately imbalanced dataset Vehicle

and balanced dataset P50:N50, large circles are mainly located on the low end

of the x-axis Indeed 22% of query neighbourhoods for Vehicle and 49% of query

neighbourhoods for P50:N50 have r ≤ 4. We can see that the dynamic query

neighbourhood size r varies significantly on severely imbalanced datasets due to
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within-class imbalance and data sparsity, as reported in [18] and [2].

The distribution of positives k′ in query neighbourhoods also varies. It

can be seen that in Fig. 4(a) and Fig. 4(c), on highly imbalanced datasets,

circles mostly concentrate in the area where k′ = 1. In contrast in Fig. 4(b)

and Fig 4(d), on moderately balanced datasets, circles spread along the y axis

and has a wide range of k′ values. In Fig. 4(a) and Fig. 4(c), on the highly

imbalanced datasets Oil and P50:N800, k′ = 1 for most query neighbourhoods,

even though r varies significantly. On the Oil dataset of 937 training instances,

for 930 neighbourhoods k′ = 1 but r varies in 1..230. In Fig. 4(b) and Fig. 4(d)

on the moderately imbalanced dataset Vehicle and balanced dataset P50:N50,

although a large number of query neighbourhoods typically have small r values

(lying on the low end of the x-axis), for a given r, k′ varies and spreads along

the y-axis. For example on Vehicle, r = 3 for 49 query neighbourhoods, and k′

varies from 1 to 3, for 17, 7 and 25 neighbourhoods respectively.

In summary the varying distribution of k′ within the dynamic query neigh-

bourhoods of KRNN for datasets of different imbalance level forms an accurate

characterisation of the positive distribution profile for query instances. The

strategy of dynamic query neighbourhood of KRNN forms the basis for accu-

rate rare classification performance at different positive sensitivity settings.

The adjusted posterior probability estimation strategy: KRNN applies the

adjusted positive probability estimation Equation 4 when the local neighbour-

hood has higher positive content or otherwise the standard Laplacian estimation

Equation 3. This adaptive positive probability estimation strategy can achieve

significantly higher recall than always Equation 3 strategy and higher precision

than the always Equation 4 strategy. Table 4 shows the results for Precision,

Recall and F1 for these three strategies. KRNN significantly improves the recall

for Equation 3 of standard Laplacian estimation (p-value = 0.003), with an aver-

age recall of 0.729 versus 0.657, while maintaining comparable average precision

(0.385 versus 0.436). On the other hand KRNN also significantly improves the

precision for Equation 4 (p-value = 0.024), with an average precision of 0.385

versus 0.381, while maintaining comparable recall (0.729 versus 0.745). We fur-
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Table 4: The Recall, Precision and F1 for posterior probability estimation strategies

KRNN Equation 3 Equation 4

Dataset Prec Recall F1 Prec Recall F1 Prec Recall F1

Hiva 0.188 0.516 0.276 0.282 0.519 0.365 0.158 0.615 0.251

Oil 0.265 0.659 0.378 0.418 0.561 0.479 0.265 0.659 0.378

Hypo-thyroid 0.381 0.755 0.506 0.619 0.689 0.652 0.381 0.755 0.506

Sylva 0.627 0.983 0.766 0.716 0.950 0.817 0.627 0.983 0.766

PC1 0.231 0.701 0.347 0.313 0.532 0.394 0.231 0.701 0.347

Glass 0.250 0.588 0.351 0.250 0.353 0.293 0.250 0.588 0.351

Satimage 0.452 0.917 0.606 0.540 0.843 0.658 0.452 0.917 0.606

CM1 0.215 0.490 0.299 0.189 0.347 0.245 0.195 0.480 0.277

KC1 0.315 0.632 0.420 0.361 0.574 0.443 0.315 0.632 0.420

SPECT F 0.357 0.836 0.500 0.357 0.818 0.497 0.329 0.909 0.483

Hepatitis 0.468 0.688 0.557 0.361 0.574 0.443 0.449 0.688 0.543

Vehicle 0.772 0.970 0.860 0.778 0.970 0.863 0.761 0.975 0.855

Ada 0.486 0.748 0.589 0.488 0.746 0.590 0.482 0.765 0.591

German 0.436 0.727 0.545 0.436 0.727 0.545 0.438 0.760 0.556

Average 0.385 0.729 0.500 0.436 0.657 0.520 0.381 0.745 0.495

p-value 0.057 0.003 0.287 0.024 0.093 0.093

ther evaluated the AUC results for KRNN against the approaches of Equation 3

and Equation 4. We found that the three approaches achieve comparable AUC

results of 0.840, 0.840 and 0.841 respectively. This result can be explained by

that even though KRNN has more accurate estimation for the positive proba-

bility, as evidenced by the higher recall than Equation 3 and higher precision

than Equation 4, it does not significantly change the relative ranking of positive

and negative instances compared to Equation 3 or Equation 4.

The confidence levels cg and cr: In the KRNN algorithm, the confidence

levels cg and cr control the confidence intervals for the estimated positive prob-

ability. We conducted experiments to evaluate how confidence level settings

catch true positive neighbourhoods. Fig. 5 plots the number (normalised by

training population size) of neighbourhoods with probability adjustment and

the proportion of true positive neighbourhoods when cg = 0.9 and cr varies

from 0.1 to 0.9. Generally it can be seen from the figure, on both the real-world

and artificial datasets, that higher cr values results in a smaller number of query
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(a) On the real-world dataset Oil (b) On artificial dataset P50:N800

Figure 5: Confidence level settings and neighbourhoods with posterior probability adjustment

neighbourhoods having positive probability adjustment but a higher proportion

of true positive neighbourhoods. In Fig. 5 (a), on the highly imbalanced Oil

dataset, when cr increases from 0.1 to 0.9, the number of query neighbourhoods

where the probability adjustment is applied significantly decreases from 0.64

(598 of 937 instances) to 0.14 (131 of 937 instances), and the proportion of

true positive query neighbourhoods increases from 0.05 to 0.14. In Fig. 5 (b),

on the extremely imbalanced artificial dataset P50:N800, similar trends are ob-

served. Our experiments confirmed that higher confidence levels lead to more

true positive neighbourhoods have their positive probability adjusted towards

the positive and therefore lead to more accurate rare-class classification.

The setting of k: The setting of k for KRNN specifies the minimal number

of positives in a query neighbourhood for making classification decision. Recall

that the due to dynamic neighbourhood formulation strategy, the final number

of positives in the neighbourhood for classification can be higher, that is k′ > k.

We experimented on six real-world and six artificial datasets of high-, medium-

and low-level of imbalance to evaluate the AUC performance of KRNN for

different settings of k, k = 1, 3, ..., 15, and results are shown in Fig. 6. On the

real-world datasets (Fig. 6 (a)) AUC is more sensitive to the varying k values.

Moreover, AUC shows different trends on datasets of different imbalance levels.

For example on the highly imbalanced dataset Hiva (3.5% positive), AUC ranges
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Figure 6: AUC results with settings of k

from 0.825 (k = 1) to AUC = 0.769 (k = 15), while on the low-imbalance dataset

German (30% positive), AUC increases from 0.733 (k = 1) to 0.762 (k = 15).

Generally for standard KNN classification, the setting of k > 1 for classification

is mainly to reduce variance in class probability estimation so that classification

decision is close to Bayes decision [36]. For KRNN, on imbalanced datasets, the

setting of k = 1 can imply a large query neighbourhood due to severe within-

class data sparsity [47, 2] and k′ > k, and consequently the positive posterior

probability is accurately estimated. So by default k is set to 1 for KRNN.

8. Conclusion and Future Work

Although resampling and cost-sensitive learning can improve the imbalanced

classification performance for generality-oriented learning models like the de-

cision tree, such global strategies do not have profound effect on specificity-

oriented learning models like KNN. Based on this observation, we proposed k

Rare-class Nearest Neighbour, or KRNN, that applies several strategies adjust-

ing the induction bias of KNN in local neighbourhoods: 1) The local neigh-

bourhood for classification decision is dynamically formed. 2) The posterior

probability estimation for query instances is carefully adjusted and biased to-

wards the rare class. These strategies more accurately characterise the rare-
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class distribution for accurate classification. Extensive experiments on real-

world and artificial imbalanced datasets showed that KRNN often significantly

outperformed re-sampling and cost-sensitive learning strategies for imbalanced

classification. KRNN also significantly outperformed recent specificity-oriented

imbalanced classification algorithms in the KNN family.

For future work we will investigate extending KRNN to problems where

there are multiple rare classes. We will also investigate extending our approach

of estimating posterior class probability to applications where it is not enough

to predict only the most likely class but also to rank instances based on class

probability or to correctly estimate the true class probability.
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